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Consciousness and cognition arise from the ongoing interactions between brain regions. Synchronous
fluctuations of fMRI signals may indicate that two brain regions perform similar cognitive functions, but
neural interactions are also constrained by anatomical connectivity and regions’ molecular, cytoarchi-
tectonic, and metabolic profiles. Here we disentangle the respective contributions of ongoing cognition
and multimodal neurobiological constraints in shaping functional connectivity. We jointly contextu-
alise haemodynamic FC against eight distinct multimodal representations of the human connectome:
(i) structural connectivity from diffusion tractography; (ii) spatial embedding; (iii) similarity of tran-
scriptional profiles from gene expression; (iv) similarity of receptor profiles from Positron Emission
Tomography; (v) laminar profile similarity from histology; (vi) correlated electrophysiological activity
from magnetoencephalography; (vii) correlated metabolic activity from PET glucose uptake; (viii) co-
ordinated activation across 123 cognitive operations from the NeuroSynth meta-analytic engine. We
demonstrate that cognitive co-activation is the dominant predictor of inter-regional fMRI synchrony in
the awake human brain, even when quantified using intracranial electrical stimulation. Crucially, this
predominance of cognitive co-activation for shaping functional connectivity is systematically obliter-
ated across five datasets of pharmacological and pathological perturbations of consciousness (chronic
disorders of consciousness; anaesthesia with sevoflurane, propofol, or ketamine) when cognition is
disconnected from the environment or altogether abolished. Altogether, we show that multimodal
predictors of functional architecture shift away from cognitive co-activation and toward anatomical-
molecular constraints during pharmacological and pathological perturbations of consciousness.

INTRODUCTION

How brain organisation enables conscious experience is
a question of enduring neuroscientific interest. Non-
invasive neuroimaging with functional MRI has revealed
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a complex functional architecture, with brain regions
continuously forming and dissolving coalitions of syn-
chronous haemodynamic activity [1–3]. Synchronous
co-fluctuations are taken to indicate that two regions
are involved in similar cognitive functions: hence the
name of ‘functional’ connectivity (FC) [1–3]. Indeed,
patterns of haemodynamic FC bear predictive value for
cognition, behaviour, pathology, and individual identity
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[4–10]. Even in the absence of explicit tasks, FC is
far from random, instead recapitulating task-induced co-
activations [11–16]. Coordinated activity across tasks
reflects which regions are consistently recruited by the
same cognitive operations—such as attention, memory,
emotion or language—thereby indicating similarity of
cognitive function. Further supporting the cognitive rel-
evance of haemodynamic FC, when consciousness is lost
due to general anaesthesia or disorders of conscious-
ness, FC reverts to the underlying scaffold of anatomical
connections between regions [17–22], and information
about individual identity is lost [23].

At the same time, a rich literature has identified over-
lapping macro- and microarchitectural constraints on
functional connectivity [24, 25]. In addition to the role
of direct and indirect structural connectivity [26–36],
functional interactions between regions also depend on
whether they exhibit similar profiles of neurotransmit-
ter receptors [37–40]; similar metabolic demand [41–
43] and preferred neurophysiological frequencies [44–
49]; spatial embedding [50]; and on the similarity of
their broader molecular [51–55] and microarchitectural
fingerprints [24, 56–62]. Each of these features of brain
organisation provides a distinct, complementary way to
understand how brain structure informs and constrains
function [24–26], and how the brain is reorganised fol-
lowing injury [63]. Yet previous studies have not directly
compared these contraposed accounts of FC.

The question arises: What are the respective contri-
butions of brain architecture and ongoing cognition for
shaping functional connectivity? Here we pursue this
question with a two-pronged strategy. To go beyond
conventional univariate comparisons, we adopt a multi-
variate approach to jointly contextualise haemodynamic
FC against eight distinct ways of characterising struc-
tural and functional relationships between cortical re-
gions (Fig. 1). Specifically, we consider: (i) spatial dis-
tance between regions; (ii) the structural white matter
connectome reconstructed from diffusion MRI tractog-
raphy; (iii) covariance of regional gene expression pro-
files from spatial transcriptomics [52]; (iv) similarity of
regional receptor profiles from in vivo Positron Emis-
sion Tomography (PET) in > 1 200 participants [38];
(v) laminar profile similarity from ex vivo histological
cell staining [62, 64]; (vi) correlated electrophysiolog-
ical activity from source-resolved magnetoencephalogra-
phy (MEG) [45]; (vii) correlated metabolic activity mea-
sured with dynamic fluorodeoxyglucose uptake (FDG-
PET) [41]; and finally (viii) co-activation across 123
cognitive operations (Table 1) from NeuroSynth meta-
analysis, aggregated over 14 000 neuroimaging studies
(cognitive co-activations, for short) [12, 14, 15, 65].
These multimodal anatomical and functional networks
[24] provide a comprehensive characterisation of the re-
lationships between human cortical regions (Fig. 1).

Next, we employ general anaesthesia as an experimen-
tal paradigm to disentangle the respective contributions
of anatomy and cognition to haemodynamic FC. General

anaesthesia is an acute pharmacological manipulation
that profoundly alters or altogether abolishes cognition,
as indicated by complete cessation of the organism’s abil-
ity to process and respond to stimuli in the environment.
Crucially, anaesthesia leaves anatomy intact (unlike e.g.
a brain lesion), providing an ideal means to disentan-
gle whether anatomical contributions to haemodynamic
connectivity change in the presence versus absence of
ongoing cognition. Specifically, we consider datasets
of general anaesthesia with propofol [66], sevoflurane
[67], and a high dose of ketamine [68], all inducing
disconnection from the environment with complete loss
of behavioural responsiveness. We then generalise re-
sults beyond pharmacology, in two datasets of patho-
logical perturbation of consciousness due to brain in-
jury (chronic disorders of consciousness) [63, 66]. To
foreshadow our main results, our multimodal approach
reveals that pharmacological and pathological perturba-
tions of consciousness do not only increase the contribu-
tion of anatomical-molecular constraints for predicting
fMRI functional connectivity, but also induce a shift away
from cognitive co-activation as predictor of functional ar-
chitecture.

RESULTS

Cognitive co-activation is the best predictor of
haemodynamic functional connectivity

Here we ask how perturbation of consciousness and
disconnection from the environment induced by injury
or pharmacology - whereby cognition is profoundly per-
turbed or altogether abolished - reshape the relationship
between different types of functional and structural net-
works in the human brain. To disambiguate the con-
tributions of each structural and functional network to
FC, we use dominance analysis, a multivariate approach
that optimally distributes the fit (variance explained) of
a multiple regression model across individual predictors.
This procedure is well suited to the present analysis be-
cause unlike methods based on regression coefficients or
univariate correlations, it estimates predictor importance
while accounting for shared variance among correlated
predictors [69, 70].

The first discovery is that across all datasets, by far the
best predictor of haemodynamic functional connectiv-
ity is the network of regions’ co-activation across cogni-
tive operations, derived from NeuroSynth meta-analysis.
Similarity across NeuroSynth maps consistently accounts
for > 50% of the explained variance in the awake human
brain’s BOLD FC (Fig. 2). It is remarkable that resting-
state coordinated haemodynamics are better recapitu-
lated by task-related co-activations aggregated from the
literature, than by coordinated metabolic activity from
FDG-PET, or coordinated electrodynamics from MEG.
This is surprising because one might have expected that
these alternative functional networks would be the most
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Figure 1. Structural and functional networks of the human brain | (a) Physical relationships between brain regions: Euclidean
distance between regions (mm), and structural connectivity (number of white matter fibers reconstructed from in vivo diffusion
tractography). For visualisation purposes, values are normalised to the maximum. (b) Local biological similarity: correlation of
regions’ receptor expression from Positron Emission Tomography; correlation of regions’ gene expression from spatial transcrip-
tomics; and correlation of laminar profiles from histology. (c) Similarity of function: correlated metabolic activity from FDG-PET;
correlated electrodynamic activity from MEG; and correlation of involvement across 123 cognitive operations from NeuroSynth
meta-analysis. The networks are available at https://github.com/netneurolab/hansen_many_networks/tree/v1.0.0.

relevant predictors of BOLD FC. First, because both FDG-
PET FC and MEG-FC are obtained directly from time-
series of regional activity, like BOLD FC but unlike meta-
analytic co-activation. Second, FDG-PET FC and MEG-
FC both reflect the same kind of process as BOLD FC:
synchronous activity over time, in the absence of any
task. Instead, we find that regions’ propensity for exhibit-
ing spontaneous fMRI co-fluctuations is best predicted by
their propensity for activating together in response to a
variety of tasks. This observation is consistent with ob-
servations that the spontaneous fluctuations of the BOLD
signal are not random, instead recapitulating cognitively-
relevant co-activations [11–16].

Pharmacological and pathological perturbations of
consciousness induce a shift away from cognitive

co-activation

This picture is drastically altered upon pharmaco-
logical or pathological perturbations of consciousness.
Across anaesthesia with propofol, sevoflurane, and a
high dose of ketamine (all inducing complete loss of
behavioural responsiveness) and also in DOC patients,

we find that cognitive co-activations from NeuroSynth
significantly and consistently reduce their relative im-
portance as predictors of FC, compared with baseline
(Fig. 3a-d). This effect is then reversed upon recovery
of responsiveness from both sevoflurane and propofol
anaesthesia (Fig. 3b-d and Fig. S1). In other words,
when behavioural responsiveness is lost, and cogni-
tion is disconnected from the environment or altogether
abolished, we see that the spontaneous co-fluctuations
of human haemodynamics cease to mirror regions’ co-
involvement across cognitive operations (Fig. 3b-d and
Fig. S1). We confirm this by showing that the network
of meta-analytic co-activations is the most impacted by
anaesthesia and DOC, in terms of exhibiting the greatest
magnitude of change in relative importance (Fig. 3e).

Based on the literature, we might expect to observe
an increased contribution from the structural connec-
tome in DOC patients as well as sevoflurane and propofol
anaesthesia [17, 18, 21]—which is indeed what we find.
However, we do not observe this for ketamine anaes-
thesia. The ketamine dose induced complete loss of be-
havioural responsiveness, with Ramsay score of 5-6 [68]
comparable to the propofol and sevoflurane datasets

https://github.com/netneurolab/hansen_many_networks/tree/v1.0.0
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Figure 2. Meta-analytic co-activation is the dominant pre-
dictor of fMRI functional connectivity | Bars indicate the
mean percentage of relative importance of each network for
predicting fMRI functional connectivity, averaged across the
baseline conditions of all datasets. See Fig. 3 for dataset-by-
dataset breakdown.

[66, 67]. However, participants in the ketamine dataset
were not unconscious [68, 71]. Indeed, the present re-
sults are consistent with a recent report in the same ke-
tamine dataset, which also found that unlike propofol
and DOC, ketamine does not increase structure-function
coupling in the human brain [71]. Notably, we also
find that under perturbations of consciousness, haemo-
dynamic FC becomes better predicted by regional co-
expression of genes and receptors, and especially by
the slow metabolic co-fluctuations measured by FDG-
PET (Fig. 3b,c). These observations are consistent across
pharmacological and pathological perturbations, includ-
ing ketamine, and are not driven by differences in head
motion, which we include as covariate of no interest. No
changes in predictive performance are observed for ei-
ther microstructural profile similarity (except in DOC)
or MEG electrodynamic similarity. Spatial distance also
does not exhibit consistent changes. Thus, under pertur-
bations of consciousness we see consistent increases in
the coupling between FC and different aspects of brain
anatomy. In contrast, no significant changes are observed
in a test-retest dataset (Fig. 3d), further confirming that
the relative contributions of different brain networks to
FC are not only highly consistent across datasets, but also
stable over time within the same dataset.

We also ask whether the dominance of meta-analytic
co-activation for predicting fMRI FC, and the impact of
anaesthesia and DOC, are primarily driven by connec-
tions involving specific cortical territories. We divide
the cortex in unimodal and transmodal regions, accord-
ing to the canonical map of [72]. We then repeat the

same analysis using only connections between unimodal
regions; or only connections between transmodal re-
gions; or only connections involving one unimodal and
one transmodal region (Fig. S2). In all three cases,
we find that meta-analytic co-activation is the domi-
nant predictor of haemodynamic FC at baseline (Fig. S2)
and also the predictor most affected by anaesthesia and
DOC (Fig. S3 and Fig. S4). However, both the rela-
tive dominance of meta-analytic co-activation and the ex-
tent to which it is affected by anaesthesia and DOC are
most pronounced for connections involving transmodal
cortex (especially transmodal-transmodal, where results
mostly resemble the whole-brain analysis), and least pro-
nounced for unimodal-unimodal connections (Fig. S2
and Fig. S4). These results indicate that the relevance of
cognitive co-activations for tracking state of conscious-
ness is especially prominent for the cortical types most
involved in higher-order cognition.

Multivariate classification of consciousness and prognosis

To complement the main group-level analysis we show
that the relative contributions of different structural
and functional networks in predicting haemodynamic FC
can be used to classify perturbed versus unperturbed
consciousness at the single-participant level. We train
a machine learning classifier (support vector machine,
SVM) using the subject-wise patterns of networks’ rel-
ative contributions to FC from controls, DOC patients,
and anaesthesia (including pre-anaesthetic baseline and
anaesthesia, but excluding post-anaesthetic recovery).
The SVM is trained to distinguish unperturbed baseline
from perturbed consciousness, using leave-one-out cross-
validation. This machine learning model achieves 91%
accuracy: significantly better performance than chance
(p < 0.001; permutation test with 5,000 repetitions with
shuffled labels; Fig. 4a), comparing favourably with re-
cent DOC classification efforts [63]. The SVM trained
on the relative importance of different networks is also
significantly better than the performance (79% accuracy)
obtained by following exactly the same training regime,
but using the univariate correlations between FC and
each brain network, instead of the relative importance
from dominance analysis (p = 0.002; χ2 = 9.39 from
McNemar test) (Fig. S5).

Finally, we consider out-of-sample validation for the
model. First, we use the trained SVM to classify the re-
covery data from the sevoflurane and propofol datasets,
which were not included in the data used to train the
SVM. In all but one case, individuals (who were all re-
sponsive at this stage) are correctly assigned to unper-
turbed consciousness, despite the lingering presence of
anaesthetic in their bloodstream (Fig. 4b). Then, we
use the same SVM to classify an independent sample of
DOC patients (Paris dataset, N=51 patients). The group
comprises a broader range of DOC patients, including
not only vegetative state/unresponsive wakefulness syn-
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Figure 3. Contribution of cognitively-relevant co-activations to functional connectivity is consistent across datasets but
reduced under perturbed consciousness | (a) Mean percent relative importance from dominance analysis for predicting FC from
structural and functional brain networks, for the baseline scans (pre-anaesthetic wakefulness, post-anaesthetic recovery of respon-
siveness, and healthy controls). (b) Mean percent relative importance from dominance analysis for predicting FC from structural
and functional brain networks, for the perturbed consciousness datasets (anaesthesia and DOC patients). For comparison, the
second scan of the test-retest dataset is also included. (c) Change in percentage of relative importance under anaesthesia. (d)
Change in percentage of relative importance in DOC patients or in a second scan of the same healthy controls. *, p < 0.05 (head
motion is included as covariate of no interest). For (c) and (d), red color-scale indicates perturbed > baseline; blue color-scale
indicates baseline > perturbed. See Tables S1-S2 for statistical reporting. Note that the first scan of the test-retest dataset is used
as the control group for the DOC patients. For the sevoflurane and propofol datasets, the same anaesthetised scan is compared
against both baseline wakefulness and post-anaesthetic recovery of responsiveness. (e) Mean magnitude of change (t-score) across
contrasts from the anaesthesia and DOC datasets.

drome and minimally conscious state (further subdivided
into MCS ‘plus’ and ‘minus’), like the Cambridge dataset,
but also coma and emergence from MCS (EMCS). We
find that using the patients’ patterns of relative impor-
tance from dominance analysis, the SVM classifies 71%
(10/14) of the EMCS and MCS+ patients as being in a
state of perturbed consciousness (i.e., more similar to
anaesthetised than to awake individuals, and therefore
presumed unconscious), and similarly 66% (10/15) of
the MCS-, reaching an even higher proportion (81%,
or 18/22) for the VS/coma patients, whose disorder is

most severe. Further complementing this approach of bi-
nary classification, we apply multiple regression to pre-
dict the Paris DOC patients’ Glasgow Outcome Scale -
Extended (GOSE) scores at 6 months. We find that the
subject-wise patterns of networks’ relative contributions
to fMRI FC can account for 34% of the variance in DOC
patients’ GOSE scores after 6 months, significantly more
than would be expected by chance (p = 0.011; Fig. S6).
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Figure 4. Machine learning classification of consciousness from multimodal network contributions | (a) Confusion matrix for
the classification of pharmacological and pathological perturbations of consciousness using the relative importance of multimodal
networks, achieving 91% accuracy (p < 0.001) after training a support vector machine using leave-one-out cross-validation. (b)
Classification of unseen data: the recovery scans from the sevoflurane and deep propofol anaesthesia datasets; and three different
groups of DOC patients from the Paris dataset: emerged from minimally conscious (EMCS) and MCS+; MCS-; and coma and
vegetative state (also known as unresponsive wakefulness syndrome).

Cross-modal validation with causal functional circuits
from electrical stimulation

The network of meta-analytic co-activations reflects
which regions are consistently recruited by the same cog-
nitive operations: it identifies the macroscale circuits
that support different facets of cognition in the human
brain, indicating similarity of function. However, it is
based on results from functional MRI, the same modal-
ity used to quantify the prediction target of haemody-
namic connectivity. Nonetheless, it should be noted
that NeuroSynth is not based on resting-state fMRI, but
rather task-fMRI. In fact, the NeuroSynth meta-analytic
maps are not directly computed from any task-fMRI
data; rather, each map is obtained by aggregating the
co-occurrence of terms and coordinates across articles
in the published literature [65]. Hence the extent to
which haemodynamic FC and NeuroSynth meta-analytic
co-activation are ‘the same modality’ is at best indirect.

To corroborate this theoretical argument with empir-
ical data, and dispel the possibility that the dominance
of cognitive co-activations may be driven by use of the
same imaging technique, we replicate our main analy-
sis using a different, complementary strategy to quan-
tify similarity of function: elicitation of similar subjective
experiences in response to direct intracranial electrical
stimulation, across a large sample of patients undergoing
pre-surgical mapping [73]. Experiences elicited by direct
electrical stimulation were grouped into eight categories:
somatomotor, visual, olfactory, vestibular, emotion, lan-
guage, memory, and physiological (Fig. 5a). Different
regions elicit these categories with different probabilities
upon direct electrical stimulation, and we obtain a co-
elicitation network by correlating regions’ profiles of elic-
itation probabilities across the eight categories (Fig. 5a).

This co-elicitation approach is complementary to
meta-analytic co-activation in several respects. First, co-
elicitation is based on similarity of effects across direct
experimental manipulations. Second, the direction of
inference between brain regions and cognition is dif-
ferent. Instead of starting from a cognitive operation
(i.e., a term for the term-based meta-analysis) and ask-
ing which regions co-activate in studies that mention this
term, co-elicitation starts from an area of cortex and
asks which subjective experiences it elicits upon direct
intracranial electrical stimulation. Third, the modality
is different: co-elicitation is quantified based on sub-
jective reports following intracranial electrical stimula-
tion, rather than activation from functional MRI tasks.
Fourth, co-elicitation does not rely on meta-analytic
data-aggregation, but rather it is based on the results of
a single study from hundreds of patients–thereby provid-
ing stronger experimental confidence [73, 74].

Despite all these differences with the meta-analytic
approach, use of electrical co-elicitation reproduces our
main findings. First, we find that when defined in terms
of subjective co-elicitation, the network of cognitive sim-
ilarity accounts for 26-37% of the variance in functional
connectivity, thereby remaining the predictor with high-
est relative importance (Fig. S7). Second, we also find
that the relative importance of the network of cognitive
similarity is significantly reduced under pathological and
pharmacological loss of consciousness (Fig. 5b), as low
as 6% in the case of DOC patients (Fig. S7). Also in ac-
cordance with the main analysis, use of the networks’ dis-
tribution of relative importances from dominance analy-
sis allows for high classification accuracy (89%) of con-
scious versus unconscious individuals (Fig. S8). Alto-
gether, similarity of subjective experiences elicited by di-
rect intracranial stimulation reflects regions’ shared cog-
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nitive roles, without use of fMRI. This analysis therefore
allowed us to disentangle whether the network of meta-
analytic co-activations predicts haemodynamic FC due
to its cognitive relevance, or merely due to the shared
modality of fMRI. We found that what matters is the
similarity of regions’ cognitive roles, not the modality
through which they are assessed.

Robustness and sensitivity

We replicate the main results using a different par-
cellation (the Desikan-Killiany atlas [75], which is de-
fined anatomically instead of functionally). We find con-
sistent results for the predominant importance of meta-
analytic co-activation for predicting haemodynamic FC,
and how it is affected by anaesthesia and DOC (Fig. S9
and Fig. S10). Indeed, there is a significant correlation
between the changes in relative importance observed
in the main analysis, and in this replication (Spearman
ρ = 0.70, p < 0.001).

Using the same anatomical atlas, we also replicate
the main results with a different method for quantify-
ing meta-analytic co-activation: using the expert-curated
BrainMap database [12, 76], instead of NeuroSynth
which is an automated tool (Fig. S11). We find that
this alternative meta-analytic approach is less power-
ful than NeuroSynth at recapitulating FC in the awake
healthy brain, accounting for only 25 − 30% of the vari-
ance explained (compared with 45−55% for NeuroSynth,
for both Schaefer and Desikan-Killiany atlases)—possibly
due to the smaller number of studies included, be-
ing a manually-curated database (Fig. S13). Neverthe-
less, meta-analytic co-activation remains the most impor-
tant predictor of haemodynamic FC at baseline, and us-
ing BrainMap we again find that perturbations of con-
sciousness induce prominent reductions in the contri-
bution (relative importance) of cognitively-relevant co-
activation to FC (Fig. S12). This effect fails to meet sta-
tistical significance for the ketamine anaesthesia dataset
and for recovery-versus-propofol, after controlling for
head motion. We also observe that the counterbalancing
increase is primarily observed for gene expression simi-
larity, rather than receptor expression or metabolic simi-
larity, which is what we had observed in the main results.
Despite these minor discrepancies, we find a significant
positive correlation between the changes in relative im-
portance observed in the main analysis with NeuroSynth,
and in the BrainMap replication (Spearman ρ = 0.63,
p < 0.001).

We also replicate the main results using gene expres-
sion data obtained from RNA-seq rather than microar-
ray. The relative importance of gene co-expression for
explaining FC in the awake brain is similar across the
two modalities, around 7-10% (Fig. S14). Consistent
with the main results using microarray data, we also find
that during unconsciousness, the contribution of meta-
analytic co-activation to FC is significantly and consis-

tently reduced, and there is instead an increased con-
tribution of gene co-expression and to some extent re-
ceptor co-expression and metabolic similarity (Fig. S15).
Indeed, we find a significant correlation between the
changes in relative importance observed in the main
analysis with microarray, and in the RNA-seq replication
(Spearman ρ = 0.79, p < 0.001).

As a further robustness check, we replicate the main
results using an alternative approach for revealing the
anatomical connectivity between regions: instead of dif-
fusion tractography (which is non-invasive but also not
causal), we use the amplitude of cortico-cortical evoked
potentials between pairs of regions, as estimated from >
34 354 direct electrical stimulations in 780 patients with
epilepsy from the F-TRACT database [77] (Fig. S16). The
rationale for this approach is that, if direct electrical stim-
ulation in region i induces an electrical evoked poten-
tial in region j (as recorded by stereo-EEG), then this is
causal evidence that region i is directly or indirectly con-
nected to region j. Being predicated on a region’s capac-
ity to exert causal influence on another, this method ar-
guably reflects effective connectivity, as opposed to struc-
tural connectivity [78]. Although this method of esti-
mating anatomical connectivity between pairs of regions
is conceptually very different from non-invasive diffu-
sion tractography, we find highly consistent results be-
tween the two, including a predominant role of the Neu-
roSynth co-activation at baseline (Fig. S17), and a reduc-
tion of its relative importance under loss of consciousness
(Fig. S18). The consistency of results is confirmed quan-
titatively by the significant positive correlation between
the changes in relative importance observed in the main
analysis with diffusion tractography, and in the F-TRACT
replication (Spearman ρ = 0.63, p < 0.001).

We also show that cognitively-relevant co-activation
remains consistently the most dominant predictor of
haemodynamic FC in the healthy brain, when only spe-
cific frequency bands are used for computing electrody-
namic connectivity from MEG: delta (2–4 Hz), theta (5–
7 Hz), alpha (8–12 Hz), beta (15–29 Hz), low gamma
(30–59 Hz), and high gamma (60–90 Hz) (Fig. S19). Re-
sults exhibit some frequency-specificity: MEG connectiv-
ity becomes the second-best predictor when alpha-band
is considered, narrowly outperforming molecular archi-
tecture and anatomical connectivity. It may seem surpris-
ing that the highest performance of MEG connectivity for
predicting haemodynamic FC is observed for frequencies
in the alpha rather than delta band, which is the slowest
(2-4Hz) and therefore closest to the timescale of fMRI.
However, it was already shown at the univariate level
that the correspondence between fMRI and MEG func-
tional connectivity does not peak in the delta-band [45],
which the present multivariate results corroborate.

Through the analysis of subjective experiences elicited
by direct stimulation, we demonstrated that the ca-
pacity of meta-analytic co-activation to predict coordi-
nated haemodynamics is not due to the shared modal-
ity (fMRI), which direct intracranial stimulation does not
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Figure 5. Reduced contribution of meta-analytic co-activation to functional connectivity is replicated with the network of
similarity of subjective experiences elicited by intracranial electrical stimulation | *, p < 0.05 with head motion included as
covariate of no interest. See Tables S3-S4 for statistical reporting. Red color-scale indicates altered > baseline. Blue color-scale
indicates baseline > altered.

share. Rather, what matters is the similarity of regions’
cognitive roles, which NeuroSynth co-activation and di-
rect intracranial stimulation both capture, through very
different avenues. For our final analysis, we show that
the converse also holds: shared modality alone is not the
main predictor of how different regions coordinate their
haemodynamic activity. To do so, we replicate results
after adding an additional predictor network: similarity
of blood perfusion from Arterial Spin Labelling (ASL).
Although the BOLD signal is based on haemodynamics,
which is closely related to blood perfusion, we find that
co-perfusion is only the second-best predictor, account-
ing for approximately 25% of explained variance in fMRI
FC (Fig. S20). In contrast, meta-analytic cognitive co-
activation remains by far the most important predictor
of awake BOLD FC, accounting for 40 − 45% of the ex-
plained variance (Fig. S20). As with the main analysis,
meta-analytic co-activation is also the predictor that is
most affected by anaesthesia and DOC, occurring con-
sistently in each dataset, even when similarity of blood
perfusion is included (Fig. S21).

Altogether, the present findings are observed across
multiple datasets (propofol, sevoflurane, and ketamine
anaesthesia); they remain stable across test-retest; and

they generalise to an unseen cohort of DOC patients. Re-
sults are neither driven by head motion, nor by simple
Euclidean distance between parcels. We also provide ev-
idence that results are robust to the choice of parcellation
(anatomical or functional), to the use of a different gene
expression database (RNA-seq), to the choice of neuro-
physiological frequency band, and to the use of a dif-
ferent method for connectome reconstruction (cortico-
cortical evoked potentials from direct electrical stimula-
tion). We further demonstrate that haemodynamic FC in
the awake brain is better captured by meta-analytic co-
activation across cognitive operations, than by the mere
similarity of regions’ blood perfusion. Finally, the finding
of reduced contribution from the network of cognitively-
relevant co-activation replicates not only when using
an alternative meta-analytic approach (BrainMap), but
also when defining cognitive similarity in terms of sim-
ilar subjective experiences elicited by direct intracranial
electrical stimulation: bypassing the use of fMRI alto-
gether, and ensuring that our results are not driven by
any modality bias but rather by the cognitive similarity
that NeuroSynth and intracranial stimulation both cap-
ture.
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DISCUSSION

Here, we investigated the relationship between spon-
taneous haemodynamic networks (functional connectiv-
ity) and other anatomical and functional networks [24],
in the awake healthy brain and across pharmacological
and pathological perturbations of consciousness. The
present findings are two-fold. First, we show that on-
going cognition is the dominant predictor of how brain
regions spontaneously synchronise on a timescale of sec-
onds. The network of cognitively relevant co-activations
from NeuroSynth meta-analysis is by far the main con-
tributor for predicting the fMRI functional connectivity
of the human brain. While the structural connectome
and molecular architecture of genes and receptors also
make notable contributions in the order of 10% each,
in line with their well established univariate relation-
ships with FC [26, 27, 36, 51, 79], nonetheless cognitive
co-activation alone accounts for equal or more variance
than all the other seven structural and functional net-
works combined. This finding is reproducible across all
datasets, and it is also highly stable over time. Second,
we find that the predominance of cognitively-relevant co-
activations is systematically reduced across pathological
and pharmacological perturbations of consciousness, in-
cluding disorders of consciousness (due to cardiac arrest
or traumatic injury), but also anaesthesia with propo-
fol, sevoflurane, or a high dose of ketamine that ren-
dered participants unresponsive and disconnected from
the environment. This effect is consistently accompanied
by increased contributions from networks of metabolic
co-fluctuation and gene and receptor expression similar-
ity. The result is a coherent pattern of increases and
decreases in the relative contributions of structural and
functional networks to FC.

It is an implicit assumption underpinning rs-fMRI re-
search that synchronous fluctuations should indicate that
two regions are involved in the same cognitive functions:
hence the name of ‘functional’ connectivity. This assump-
tion found support in early studies indicating that even
at ‘rest’, FC is not random, instead recapitulating task-
induced co-activations [11, 13–15]. However, it is also
widely observed that FC retains some structure even dur-
ing sleep or anaesthesia, when cognition is absent, and
is partly determined by the relative distance and physical
connectivity between regions, as well as their molecular
and cytoarchitectonic profiles [26, 27]. Previous studies
have not directly compared these different accounts of
FC.

Here, we used dominance analysis to arbitrate be-
tween these two contraposed accounts of haemodynamic
functional connectivity. Results consistently indicate that
the network of meta-analytic co-activations is the most
dominant predictor of FC—eclipsing the contributions
of spatial distance or even physical connectivity, and
also blood perfusion (which is measured using the same
imaging modality). The network of meta-analytic co-
activations reflects which regions are consistently in-

volved in the same cognitive operations—such as atten-
tion, memory, emotion or language. It identifies the
macroscale circuits that support different facets of cog-
nition in the human brain, indicating sameness of func-
tion. In other words, to know whether regions i and j
will exhibit synchronous haemodynamics, the most rele-
vant piece of information is how consistently i and j are
jointly recruited across the spectrum of human cognition.
While dominance analysis does not establish that ongo-
ing cognition causally determines FC, the present report
indicates that regions’ cognitive co-activation is up to 10
times more important as a predictor of their FC than
knowing how close the two regions are in space, and up
to 5 times more important than knowing whether they
are directly monosynaptically connected.

Notably, the predictors of coordinated haemodynamics
included coordinated electrodynamics from MEG [45],
and coordinated metabolic activity from FDG-PET [41].
One might have expected these modalities to be the most
relevant predictors of BOLD FC, because they reflect the
same kind of process: synchronous activity over time,
in the absence of any task. However, it is worth noting
that the three modalities differ substantially not only in
terms of what signals they reflect, but also in terms of
temporal resolution, spanning several orders of magni-
tude: from millisecond (MEG neurophysiology) to 1-2s
(fMRI haemodynamics) and approximately 15s (glucose
consumption from FDG-PET). Among them, we specu-
late that fMRI may occupy a privileged timescale for cap-
turing spontaneous cognition in the resting state. Intu-
itively, one’s internal monologue is certainly faster than
FDG-PET’s 15s, but for many purposes it may be slower
than the millisecond-level timescale where M/EEG ex-
cels. Indeed, the present results remained robust regard-
less of the chosen MEG frequency. This line of argu-
ment suggests that although electrophysiology remains
the undisputed gold standard for capturing the brain’s re-
actions to external stimuli, and for examining the broad-
est range of temporal scales [80], fMRI may be well-
suited to capturing ongoing, internally-driven cognition.
This would be consistent with the present evidence that
haemodynamic FC bears little resemblance to either elec-
trodynamic or metabolic similarity after other modalities
have been accounted for, and is instead closely related to
regions’ co-involvement across cognitive functions.

Crucially, we also replicated results about cognitive
co-activations using an entirely different data modal-
ity: similarity of subjective experiences elicited by direct
intracranial electrical stimulation [73], as opposed to
meta-analytic aggregation from the fMRI literature. This
drastically different approach provided fully consistent
results with the main NeuroSynth analysis, demonstrat-
ing that the present results do not pertain to a specific
modality (fMRI) but rather to regions’ joint recruitment
across cognitive operations. Convergent evidence comes
from the control analysis with blood perfusion, which is
outperformed by meta-analytic co-activation as a predic-
tor of haemodynamic FC.
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Although a decrease in the relative contribution of
cognitively-relevant co-activations necessitates some in-
crease in the relative contributions of other predictors,
such increase could take many forms. For example, dif-
ferent predictors could increase their contributions het-
erogeneously across individuals, which would not pro-
duce a statistically significant increase at the group level.
Or a different predictor could increase its contribution in
each dataset, which would produce a statistically signif-
icant increase, but without manifesting as a consistent
pattern across different datasets. Alternatively, each pre-
dictor could increase its contribution in approximately
equal amounts. Again such a scenario would not be
in line with the present observation that increases are
both statistically significant within datasets, and consis-
tent across datasets in terms of which predictors are in-
volved. Therefore, the present results of consistent in-
creases in the contribution of specific networks cannot
be simply discounted as a side-effect of the reduced con-
tribution of NeuroSynth meta-analytic patterns.

The present account of functional connectivity being
shaped by ongoing cognition is further corroborated by
the results that we provide about anaesthesia and dis-
orders of consciousness. Both anaesthesia and DOC are
characterised not only by behavioural unresponsiveness,
but also by either the complete cessation of cognition
due to unconsciousness, or its disconnection from the
goings-on in the external environment. In each of these
cases, brain regions cease to coordinate their activity in
a manner that is consistent with the cognitive operations
of the healthy brain. Instead, we find greater contribu-
tions from SC and molecular architecture (genes and re-
ceptors), as well as metabolic similarity. The exception
is ketamine, where in accordance with previous findings
[71] we do not observe an increased contribution of SC–
possibly because participants’ consciousness was discon-
nected from the environment, but not altogether abol-
ished. The traditional account for the increased coupling
between FC and SC observed under loss of conscious-
ness [17, 18, 21, 81] is that the brain loses the flexibility
to visit functional configurations beyond the dictates of
anatomical connectivity. The present results add an im-
portant caveat. It is not just any functional configuration
that becomes less accessible: rather, the brain ceases to
spontaneously self-organise according to cognitively rele-
vant functional patterns.

In addition to this decoupling between FC and cogni-
tion, we also see that increased structure-function cou-
pling between SC and FC is not the full story. Rather,
multiple additional aspects of brain anatomy increase
their hold on FC. Specifically, we consistently observed
greater contributions of gene and receptor co-expression.
Neurotransmitter receptors govern the responsiveness of
neurons to neuromodulatory influences, and gene ex-
pression shapes the cellular and molecular composition
of each region. Together, these properties are major de-
terminants of local circuit dynamics. It is therefore un-
surprising that regions with similar local circuitry, at-

tuned to the same neuromodulatory influences, should
exhibit time-locked fluctuations in their activity. Indeed,
under perturbed consciousness spontaneous haemody-
namics also become more in line with the similarity of re-
gions’ metabolic demands, which are likely to be largely
driven by intrinsic cytoarchitecture, in the absence of
specific cognitive demands imposed on a region.

Altogether, by considering a broader range of struc-
tural and functional networks across different perturba-
tions of consciousness we can see that increased coupling
with the SC is indeed observed (except for ketamine
anaesthesia) in accordance with prior literature, but it is
not the full story. Rather, contextualising BOLD FC with
respect to multimodal anatomical and functional net-
works of the human brain reveals additional, consistent
reconfigurations across pathological and pharmacologi-
cal perturbations of consciousness. The present approach
complements recent efforts that used multiple modalities
for each DOC patient, including functional and diffusion
MRI but also FDG-PET and electrophysiology, showing
the added diagnostic and prognostic value of additional
modalities [63]. Here we used instead a single modal-
ity per individual (fMRI), using multiple modalities to
interpret it. Future work may seek to combine the two
approaches, using patient-specific multimodal networks
to characterise patient-specific BOLD FC.

There are a number of limitations that should be borne
in mind when interpreting the results. All networks
are obtained from different populations of varying ages,
sex ratios, handedness, and sample size (e.g., only 6
donors for gene expression [52], and one donor for his-
tology [62])—which is inevitable since the histology and
gene expression datasets are both post-mortem. Sub-
cortical regions are not included in the present anal-
ysis, due to notable cortical-subcortical differences for
the receptor data [38], and outright unavailability for
the electrical stimulation and electrophysiology datasets
[45, 73]. However, future work should seek ways to ex-
tend the present results to the subcortex, since structures
such as the thalamus, basal ganglia, and brainstem all
play prominent roles in the mechanisms of anaesthesia
and disorders of consciousness [82–92]. Each dataset
also comes with its own specific limitations including in-
stances of false positives and negatives in diffusion trac-
tography [93], nonspecific binding for some PET trac-
ers [94], and heterogeneous levels of signal-to-noise ra-
tio across all imaging types [24]. Spatial and tempo-
ral resolutions also vary. Results may therefore be in-
fluenced by differences in how the data are acquired.
The functionally defined Schaefer atlas [95] used for
all main analyses may reflect functional networks (e.g.,
metabolic connectivity, electrophysiological connectivity,
meta-analytic activation from fMRI) better than anatom-
ical and molecular networks. We sought to mitigate
these challenges by running extensive sensitivity analy-
ses, including use of a different parcellation (Desikan-
Killiany [75], which is anatomically defined). We also
replicated our results using different data modalities: in-
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stead of automated meta-analysis of task-fMRI studies
with NeuroSynth, we used expert-curated meta-analysis
with BrainMap [96], and an entirely different modality,
intracranial electrical stimulation [73]; instead of mi-
croarray gene expression we used RNA-seq [52]; and in-
stead of diffusion tractography for revealing anatomical
connections, we used cortico-cortical evoked potentials
from the F-TRACT database [77]. The anaesthesia and
DOC datasets are also heterogeneous, being acquired at
different sites and with different acquisition parameters
[66–68]. We sought to mitigate this concern by using
uniform procedures for preprocessing and denoising, to
ensure consistency. The fact that we found consistent re-
sults despite this heterogeneity is also a testament to the
robustness of the present findings.

Altogether, this work combined multimodal and multi-
scale perspectives on structure-function relationships be-
tween cortical connectivity networks, including struc-
tural connectivity and geometry but also gene expres-
sion, receptor density, cytoarchitecture, electrodynam-
ics at different frequencies, slow metabolic expenditure,
and meta-analytic activation of cognitive patterns. We
demonstrated that ongoing cognition is the dominant
predictor of inter-regional fMRI synchrony at rest, and
that the contribution of cognitive co-activations to FC is
systematically reduced when cognition is abolished by
pathological and pharmacological perturbations of con-
sciousness.

MATERIALS AND METHODS

Haemodynamic connectivity datasets

Sevoflurane anaesthesia dataset

The sevoflurane data included here have been pub-
lished before [67], and we refer the reader to the origi-
nal publication for details. The ethics committee of the
medical school of the Technische Universitat Munchen
(Munchen, Germany) approved the current study, which
was conducted in accordance with the Declaration of
Helsinki. Written informed consent was obtained from
volunteers at least 48 h before the study session. Twenty
healthy adult men (20 to 36 years of age; mean, 26
years) were recruited through campus notices and per-
sonal contact, and compensated for their participation in
the study. Before inclusion in the study, detailed infor-
mation was provided about the protocol and risks, and
medical history was reviewed to assess any previous neu-
rologic or psychiatric disorder. A focused physical exam-
ination was performed, and a resting electrocardiogram
was recorded. Further exclusion criteria were the follow-
ing: physical status other than American Society of Anes-
thesiologists physical status I, chronic intake of medica-
tion or drugs, hardness of hearing or deafness, absence
of fluency in German, known or suspected disposition
to malignant hyperthermia, acute hepatic porphyria, his-

tory of halothane hepatitis, obesity with a body mass in-
dex more than 30 kg/m2, gastrointestinal disorders with
a disposition for gastroesophageal regurgitation, known
or suspected difficult airway, and presence of metal im-
plants. Data acquisition took place between June and
December 2013.

Sevoflurane concentrations were chosen so that par-
ticipants tolerated artificial ventilation (reached at 2.0
vol%) and that burst-suppression (BS) was reached in all
participants (around 4.4 vol%). To make group compar-
isons feasible, an intermediate concentration of 3.0 vol%
was also used. In the MRI scanner, participants were
in a resting state with eyes closed for 700s. Since EEG
data were simultaneously acquired during MRI scan-
ning [67] (though they are not analysed in the present
study), visual online inspection of the EEG was used to
verify that participants did not fall asleep during the
pre-anaesthesia baseline scan. Sevoflurane mixed with
oxygen was administered via a tight-fitting facemask
using an fMRI-compatible anaesthesia machine (Fabius
Tiro, Drager, Germany). Standard American Society of
Anesthesiologists monitoring was performed: concentra-
tions of sevoflurane, oxygen and carbon dioxide, were
monitored using a cardiorespiratory monitor (DatexaS,
General electric, USA). After administering an end-tidal
sevoflurane concentration (etSev) of 0.4 vol% for 5 min,
sevoflurane concentration was increased in a stepwise
fashion by 0.2 vol% every 3 min until the participant be-
came unconscious, as judged by the loss of responsive-
ness (LOR) to the repeatedly spoken command “squeeze
my hand” two consecutive times. Sevoflurane concentra-
tion was then increased to reach an end-tidal concentra-
tion of approximately 3 vol%. When clinically indicated,
ventilation was managed by the physician and a laryn-
geal mask suitable for fMRI (I-gel, Intersurgical, United
Kingdom) was inserted. The fraction of inspired oxy-
gen was then set at 0.8, and mechanical ventilation was
adjusted to maintain end-tidal carbon dioxide at steady
concentrations of 33 ± 1.71 mmHg during BS, 34 ± 1.12
mmHg during 3 vol%, and 33±1.49 mmHg during 2 vol%
(throughout this article, mean ± SD). Norepinephrine
was given by continuous infusion (0.1±0.01µg kg-1 min-
1) through an intravenous catheter in a vein on the dor-
sum of the hand, to maintain the mean arterial blood
pressure close to baseline values (baseline, 96 ± 9.36
mmHg; BS, 88± 7.55 mmHg; 3 vol%, 88± 8.4 mmHg; 2
vol%, 89±9.37 mmHg; follow-up, 98±9.41 mmHg). After
insertion of the laryngeal mask airway, sevoflurane con-
centration was gradually increased until the EEG showed
burst-suppression with suppression periods of at least
1,000 ms and about 50% suppression of electrical activ-
ity (reached at 4.34 ± 0.22 vol%), which is characteris-
tic of deep anaesthesia. At that point, another 700s of
electroencephalogram and fMRI was recorded. Further
700s of data were acquired at steady end-tidal sevoflu-
rane concentrations of 3 and 2 vol%, respectively (cor-
responding to Ramsay scale level 6, the deepest), each
after an equilibration time of 15 min. In a final step, et-
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Sev was reduced to two times the concentration at LOR.
However, most of the participants moved or did not tol-
erate the laryngeal mask any more under this condition:
therefore, this stage was not included in the analysis.
Sevoflurane administration was then terminated, and the
scanner table was slid out of the MRI scanner to monitor
post-anaesthetic recovery. The participants were man-
ually ventilated until spontaneous ventilation returned.
The laryngeal mask was removed as soon as the patient
opened his mouth on command. The physician regu-
larly asked the participant to squeeze their hand: re-
covery of responsiveness was noted to occur as soon as
the command was followed. Fifteen minutes after the
time of recovery of responsiveness, the Brice interview
was administered to assess for awareness during sevoflu-
rane exposure; the interview was repeated on the phone
the next day. After a total of 45 min of recovery time,
another resting-state combined fMRI-EEG scan was ac-
quired (with eyes closed, as for the baseline scan). When
participants were alert, oriented, cooperative, and physi-
ologically stable, they were taken home by a family mem-
ber or a friend appointed in advance.

Although the original study acquired both functional
MRI (fMRI) and electroencephalographic (EEG) data,
in the present work we only considered the fMRI data.
Data acquisition was carried out on a 3-Tesla magnetic
resonance imaging scanner (Achieva Quasar Dual 3.0T
16CH, The Netherlands) with an eight-channel, phased-
array head coil. The data were collected using a gradient
echo planar imaging sequence (echo time = 30 ms, rep-
etition time (TR) = 1.838 s, flip angle = 75 deg, field of
view = 220 × 220 mm2, matrix = 72 × 72, 32 slices,
slice thickness = 3 mm, and 1 mm interslice gap; 700-
s acquisition time, resulting in 350 functional volumes).
The anatomical scan was acquired before the functional
scan using a T1-weighted MPRAGE sequence with 240 ×
240 × 170 voxels (1 × 1 × 1 mm voxel size) covering
the whole brain. A total of 16 volunteers completed the
full protocol and were included in our analyses; one par-
ticipant was excluded due to high motion, leaving N=15
for analysis.

Propofol anaesthesia dataset

The propofol data were collected between May and
November 2014 at the Robarts Research Institute, West-
ern University, London, Ontario (Canada), and have
been published before [66, 97]. The study received eth-
ical approval from the Health Sciences Research Ethics
Board and Psychology Research Ethics Board of West-
ern University (Ontario, Canada). Healthy volunteers
(n=19) were recruited (18–40 years; 13 males). Vol-
unteers were right-handed, native English speakers, and
had no history of neurological disorders. In accordance
with relevant ethical guidelines, each volunteer provided
written informed consent, and received monetary com-
pensation for their time. Due to equipment malfunction

or physiological impediments to anaesthesia in the scan-
ner, data from n=3 participants (1 male) were excluded
from analyses, leaving a total n=16 for analysis.

Resting-state fMRI data were acquired at different
propofol levels: no sedation (Awake), Deep anaesthe-
sia (corresponding to Ramsay score of 5) and also dur-
ing post-anaesthetic recovery. As previously reported
[66], for each condition fMRI acquisition began after
two anaesthesiologists and one anaesthesia nurse inde-
pendently assessed Ramsay level in the scanning room.
The anaesthesiologists and the anaesthesia nurse could
not be blinded to experimental condition, since part of
their role involved determining the participants’ level of
anaesthesia. Note that the Ramsay score is designed for
critical care patients, and therefore participants did not
receive a score during the Awake condition before propo-
fol administration: rather, they were required to be fully
awake, alert and communicating appropriately. To pro-
vide a further, independent evaluation of participants’
level of responsiveness, they were asked to perform two
tasks: a test of verbal memory recall, and a computer-
based auditory target-detection task. Wakefulness was
also monitored using an infrared camera placed inside
the scanner. Propofol was administered intravenously us-
ing an AS50 auto syringe infusion pump (Baxter Health-
care, Singapore); an effect-site/plasma steering algo-
rithm combined with the computer-controlled infusion
pump was used to achieve step-wise sedation incre-
ments, followed by manual adjustments as required to
reach the desired target concentrations of propofol ac-
cording to the TIVA Trainer (European Society for In-
travenous Anaeesthesia, eurosiva.eu) pharmacokinetic
simulation program. This software also specified the
blood concentrations of propofol, following the Marsh
3-compartment model, which were used as targets for
the pharmacokinetic model providing target-controlled
infusion. After an initial propofol target effect-site con-
centration of 0.6 µg mL−1, concentration was gradually
increased by increments of 0.3 µg mL−1, and Ramsay
score was assessed after each increment: a further incre-
ment occurred if the Ramsay score was lower than 5. The
mean estimated effect-site and plasma propofol concen-
trations were kept stable by the pharmacokinetic model
delivered via the TIVA Trainer infusion pump. Ramsay
level 5 was achieved when participants stopped respond-
ing to verbal commands, were unable to engage in con-
versation, and were rousable only to physical stimula-
tion. Once both anaesthesiologists and the anaesthe-
sia nurse all agreed that Ramsay sedation level 5 had
been reached, and participants stopped responding to
both tasks, data acquisition was initiated. The mean esti-
mated effect-site propofol concentration was 2.48 (1.82-
3.14) µg mL-1, and the mean estimated plasma propofol
concentration was 2.68 (1.92- 3.44) µg mL-1. Mean to-
tal mass of propofol administered was 486.58 (373.30-
599.86) mg. These values of variability are typical for the
pharmacokinetics and pharmacodynamics of propofol.
Oxygen was titrated to maintain SpO2 above 96%. At
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Ramsay 5 level, participants remained capable of sponta-
neous cardiovascular function and ventilation. However,
the sedation procedure did not take place in a hospital
setting; therefore, intubation during scanning could not
be used to ensure airway security during scanning. Con-
sequently, although two anaesthesiologists closely mon-
itored each participant, scanner time was minimised to
ensure return to normal breathing following deep seda-
tion. No state changes or movement were noted dur-
ing the deep sedation scanning for any of the partici-
pants included in the study. Propofol was discontinued
following the deep anaesthesia scan, and participants
reached level 2 of the Ramsay scale approximately 11
minutes afterwards, as indicated by clear and rapid re-
sponses to verbal commands. This corresponds to the
“recovery” period. As previously reported [66], once in
the scanner participants were instructed to relax with
closed eyes, without falling asleep. Resting-state func-
tional MRI in the absence of any tasks was acquired for
8 minutes for each participant. A further scan was also
acquired during auditory presentation of a plot-driven
story through headphones (5-minute long). Participants
were instructed to listen while keeping their eyes closed.
The present analysis focuses on the resting-state data
only; the story scan data have been published separately
[98] and will not be discussed further here.

As previously reported [66], MRI scanning was per-
formed using a 3-Tesla Siemens Tim Trio scanner (32-
channel coil), and 256 functional volumes (echo-planar
images, EPI) were collected from each participant, with
the following parameters: slices = 33, with 25% inter-
slice gap; resolution = 3mm isotropic; TR = 2000ms; TE
= 30ms; flip angle = 75 degrees; matrix size = 64 ×
64. The order of acquisition was interleaved, bottom-
up. Anatomical scanning was also performed, acquir-
ing a high-resolution T1- weighted volume (32-channel
coil, 1mm isotropic voxel size) with a 3D MPRAGE se-
quence, using the following parameters: TA = 5min, TE
= 4.25ms, 240 × 256 matrix size, 9 degrees flip angle
[66].

Ketamine anaesthesia dataset

The anaesthetic ketamine data used here have been
published previously [68], and we refer the reader to
the original publication for further details. The orig-
inal study was approved by the ethics committee of
the Medical School of the University of Liège (Univer-
sity Hospital, Liège, Belgium) and registered at EudraCT
(2010-023016-13). Fourteen right-handed volunteers
were recruited via advertisements on an Internet forum
(5 women; median age [range], 25 [19–31] years). Each
participant provided written informed consent and un-
derwent a medical interview and physical examination
prior to participation.

Volunteers were instructed to fast for at least 6 h
from solids and 2 h from liquids prior to the experimen-

tal session. After acquisition of structural MRI images,
participants were removed from the MRI scanner and
fitted with 64 scalp electroencephalogram (EEG) elec-
trodes to enable simultaneous EEG–fMRI recording. In
the present study, only functional MRI data were ana-
lyzed. An 18-gauge intravenous catheter (BD Insyte-W;
Becton Dickinson Infusion Therapy Systems Inc., USA)
was inserted into a vein of the left forearm and in-
fused with normal saline at a rate of 20 ml/h. This line
was used for ketamine infusion and potential adminis-
tration of rescue medications. Additionally, a 20-gauge
arterial catheter (Arrow International Inc., USA) was
placed in the left radial artery under strict sterile con-
ditions after local anesthesia with 3 ml of 1% lidocaine.
The arterial catheter was connected to a monitoring set
(TruWave, Edwards Lifesciences, Dominican Republic)
for arterial blood sampling and gas analysis. Standard
MRI-compatible anesthesia monitoring equipment (Mag-
nitude 3150M; Invivo Research Inc., USA) was used to
continuously record electrocardiogram, heart rate, blood
pressure, pulse oximetry (SpO2), and respiratory rate
throughout scanning and recovery. Supplemental oxy-
gen was delivered at 5 l/min via a loosely fitting plastic
facemask, while spontaneous breathing was maintained.
One certified anesthesiologist and one neurologist were
present throughout the experiment. After all equipment
and monitoring devices were set up, volunteers were po-
sitioned comfortably in the MRI tray in a supine position
to minimize discomfort or painful stimulation. All partic-
ipants wore earplugs to reduce scanner noise and head-
phones to allow communication with investigators. One
investigator remained in the MRI scan room at all times.

Ketamine was administered using a computer-
controlled intravenous infusion system operated via a
dedicated laptop computer. A 50-ml syringe was filled
with normal saline containing racemic ketamine (Ketalar,
Pfizer Ltd., Turkey) at a concentration of 10 mg/ml. The
infusion pump was driven by the Domino pharmacoki-
netic model, which has demonstrated acceptable predic-
tive performance. The system adjusted infusion rates
to target precise plasma and effect-site ketamine con-
centrations based on biometric parameters. Following
each change in target concentration, a 5-min equilibra-
tion period was allowed to ensure compartmental equi-
libration. Sedation depth was assessed using the Ram-
say Scale (RS) and the University of Michigan Seda-
tion Scale (UMSS), immediately before and after each
fMRI acquisition. Volunteers were instructed to squeeze
the investigator’s hand forcefully, with the command re-
peated twice. An investigator remained inside the MRI
room throughout the experiment to ensure close moni-
toring. An initial fMRI acquisition was performed with-
out ketamine infusion (awake state, W1). Ketamine in-
fusion was then initiated, and target concentration was
increased in steps of 0.5 µg/ml until light sedation was
achieved (RS 3–4 or UMSS 1–2; S1). After the 5-min
equilibration period, an identical fMRI acquisition se-
quence was performed. Target concentration was sub-
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sequently increased in additional steps of 0.5 µg/ml un-
til deep sedation was reached (RS 5–6 or UMSS 4; S2),
followed by another identical acquisition sequence. Due
to ketamine’s long elimination half-life and to limit time
spent in the scanner, the order of clinical states was not
randomized, and a recovery condition was not acquired.
After completion of data acquisition, ketamine infusion
was stopped and participants were removed from the
scanner for recovery. The occurrence of dreaming dur-
ing ketamine infusion was assessed via a telephone in-
terview conducted after the experimental session [68].
In the present analysis, only the awake and deep seda-
tion conditions were considered.

MRI data were acquired on a 3 T Siemens Allegra
scanner (Siemens AG, Germany) using an echo-planar
imaging (EPI) sequence with 32 slices (repetition time
= 2460 ms; echo time = 40 ms; field of view =
220 mm; voxel size = 3.45× 3.45× 3 mm; matrix size =
64×64×32). For each volunteer and condition, 300 func-
tional volumes were acquired. A high-resolution struc-
tural T1-weighted image was obtained at the beginning
of the experiment for coregistration with functional data.
Six participants were excluded from further analysis due
to excessive agitation and movement (5 participants) or
voluntary withdrawal (1 participant), leaving data from
eight participants for final analysis [68].

Cambridge DOC dataset

The disorders of consciousness (DOC) patient data
used in this study have been published previously. For
clarity and consistency of reporting, where applicable we
use the same wording as in our earlier publications us-
ing these data [66, 99]. Briefly, 71 patients with DOC
were recruited from specialised long-term care centres
between January 2010 and December 2015. Ethical
approval was provided by the National Research Ethics
Service (National Health Service, UK; LREC reference
99/391).

Patients were eligible for inclusion if they had a di-
agnosis of a chronic disorder of consciousness, written
informed consent was obtained from their legal repre-
sentative, and they could be safely transported to Adden-
brooke’s Hospital (Cambridge, UK). Exclusion criteria in-
cluded any medical condition rendering participation un-
safe, as judged by clinical personnel blinded to the spe-
cific aims of the study, or any contraindication to the MRI
environment (e.g. non-MRI-safe implants). Patients were
also excluded if they had significant pre-existing mental
health problems or insufficient fluency in English prior to
their injury.

Following admission to Addenbrooke’s Hospital, each
patient underwent a comprehensive programme of clini-
cal and neuroimaging assessments, including task-based,
resting-state, and anatomical MRI scans. Patients spent
a total of five days in hospital, including arrival and de-
parture days. Neuroimaging data were acquired at the

Wolfson Brain Imaging Centre (Addenbrooke’s Hospital,
Cambridge, UK), and all prescribed medications were
maintained throughout scanning.

The Coma Recovery Scale–Revised (CRS-R) was ad-
ministered at least once daily throughout each patient’s
admission. Patients who did not exhibit behavioural evi-
dence of awareness at any assessment were classified as
being in an Unresponsive Wakefulness Syndrome (UWS).
Patients were classified as being in a Minimally Con-
scious State (MCS) if they demonstrated behavioural ev-
idence of awareness, such as simple automatic motor be-
haviours (e.g. scratching or pulling bed sheets), visual
fixation or pursuit, or localisation to noxious stimulation
[100, 101]. Due to the limited sample size, MCS patients
were not further subdivided into MCS− and MCS+.

Because the present study focused on whole-brain
properties, sufficient brain coverage was required. Con-
sistent with our previous studies [66, 99], patients were
excluded prior to analysis if an expert neuroanatomist
blinded to diagnosis judged that there was excessive fo-
cal brain damage (greater than one third of one hemi-
sphere), if brain damage resulted in suboptimal segmen-
tation or spatial normalisation, or if excessive head mo-
tion was observed during scanning (exceeding 3 mm
translation or 3◦ rotation). Forty-one patients were
excluded due to excessive brain damage or distortion
preventing satisfactory segmentation and normalisation,
and a further eight were excluded due to excessive head
motion. The final sample comprised 22 adult patients
(14 males, 8 females; age range 17–70 years; mean time
post-injury: 13 months), including 10 patients diagnosed
with UWS and 12 with MCS due to acquired brain injury
[66].

Resting-state fMRI data were acquired for 10 min (300
volumes; TR = 2000 ms) using a Siemens Trio 3 T
scanner (Siemens, Erlangen, Germany). Functional im-
ages were acquired using an echo-planar imaging (EPI)
sequence with 32 slices and the following parameters:
voxel size 3× 3× 3.75 mm, TR = 2000 ms, TE = 30 ms,
and flip angle = 78◦. High-resolution anatomical images
were acquired using a T1-weighted MPRAGE sequence
(TR = 2300 ms; TE = 2.47 ms; 150 slices; voxel size
1× 1× 1 mm) [66].

Paris DOC dataset

The Pairs DOC dataset has been published before, and
we refer to the original articles for full details [18, 63].
This research was approved by the ethical committee of
the Pitie-Salpetriere under the French label of ‘routine
care research’ (Comité de Protection des Personnes no
2013-A01385-40, Ile de France 1, Paris, France under
the code ‘Recherche en soins courants’, protocol num-
bers NEURO-DoC/HAO-006/20130409 and M-NEURO-
DoC/NCT04534777) [18, 63]. Briefly, in this DOC co-
hort, three MRI modalities were acquired: anatomical
T1-weighted MRI (aMRI) and resting-state functional
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MRI (RS-fMRI), with functional scans lasting approxi-
mately five minutes. Two distinct acquisition protocols
were used to collect structural and functional images.

In the first protocol, imaging was performed using
a 3 T General Electric Signa system (GE HealthCare
Technologies Inc., Chicago, IL, USA). Resting-state fMRI
data consisted of T2∗-weighted whole-brain images ac-
quired using a gradient-echo echo-planar imaging (EPI)
sequence in axial orientation (200 volumes, 48 slices,
slice thickness = 3 mm, TR/TE = 2400/30 ms, voxel size
= 3.4375 × 3.4375 × 3.4375 mm, flip angle = 90◦, field
of view (FOV) = 220 mm2). A T1-weighted anatom-
ical image was acquired during the same session us-
ing a magnetization-prepared rapid acquisition gradi-
ent echo (MPRAGE) sequence (154 slices, slice thick-
ness = 1.2 mm, TR/TE = 7.112/3.084 ms, voxel size =
1× 1× 1 mm, flip angle = 15◦). In the second protocol,
functional data were acquired using a 3 T Siemens Skyra
system (Siemens Healthineers, Erlangen, Germany) with
a gradient-echo EPI sequence (180 volumes, 62 slices,
slice thickness = 2.5 mm, TR/TE = 2000/30 ms, voxel
size = 2× 2× 2 mm, flip angle = 90◦, FOV = 240 mm2,
multiband factor = 2). Structural T1-weighted MPRAGE
images were also collected in the same session (208
slices, slice thickness = 1.2 mm, TR/TE = 1800/2.35 ms,
voxel size = 0.85 × 0.85 × 0.85 mm, flip angle = 8◦).
Patients who had received medications known to signif-
icantly alter vigilance levels (e.g. propofol or benzodi-
azepines) prior to scanning were excluded from the fMRI
analyses [18, 63].

Test-retest dataset

The test-retest data included here have been published
before [99, 102]. Briefly, right-handed healthy partic-
ipants (N = 22; age range, 19–57 years; mean age,
35.0 years; SD, 11.2; female-to-male ratio, 9:13) were
recruited via advertisements in the Cambridge area and
received financial compensation for participation. The
study was approved by the Cambridgeshire 2 Research
Ethics Committee (LREC 08/H0308/246), and all partic-
ipants provided written informed consent prior to inclu-
sion. Exclusion criteria included a National Adult Read-
ing Test (NART) score < 70, Mini-Mental State Exami-
nation (MMSE) score < 23, left-handedness, history of
drug or alcohol abuse, history of psychiatric or neuro-
logical disorders, contraindications to MRI scanning, use
of medications that could affect cognitive performance
or that were prescribed for depression, and any physi-
cal impairment that could interfere with completion of
the experimental procedures. The study comprised two
experimental visits separated by 2–4 weeks.

During each visit, resting-state functional MRI data
were acquired for 5 min 20 s using a Siemens Trio 3 T
scanner (Siemens, Erlangen, Germany). Functional im-
ages were collected using an echo-planar imaging (EPI)
sequence with the following parameters: repetition time

(TR) = 2000 ms; echo time (TE) = 30 ms; flip angle
= 78◦; field of view (FOV) = 192 × 192 mm2; in-plane
resolution = 3.0× 3.0 mm; 32 slices with slice thickness
of 3.0 mm and an inter-slice gap of 0.75 mm. A high-
resolution three-dimensional structural image was also
acquired using a magnetization-prepared rapid acquisi-
tion gradient echo (MPRAGE) sequence with the follow-
ing parameters: TR = 2300 ms; TE = 2.98 ms; flip angle
= 9◦; FOV = 256×256 mm2. Task-based fMRI data were
additionally collected and have been analyzed previously
to address separate experimental questions [99, 102].
Eighteen participants had usable data for both resting-
state fMRI sessions and were included in the present
analysis.

FMRI preprocessing and denoising

For the Cambridge DOC, test-retest, and anaesthesia
datasets, we applied a standard preprocessing pipeline
in accordance with our previous publications with anaes-
thesia and DOC data [66]. Preprocessing was performed
using the CONN toolbox, version 17f (CONN; http:
//www.nitrc.org/projects/conn) [103], implemented in
MATLAB 2016a. The pipeline involved the following
steps: removal of the first 10s, to achieve steady-state
magnetization; motion correction; slice-timing correc-
tion; identification of outlier volumes for subsequent
scrubbing by means of the quality assurance/artifact
rejection software art (http://www.nitrc.org/projects/
artifact_detect); normalisation to Montreal Neurological
Institute (MNI-152) standard space (2 mm isotropic re-
sampling resolution), using the segmented grey matter
image from each participant’s T1-weighted anatomical
image, together with an a priori grey matter template.

Denoising was also performed using the CONN tool-
box, using the same approach as in our previous pub-
lications with pharmaco-MRI datasets [66]. Pharmaco-
logical agents can induce alterations in physiological pa-
rameters (heart rate, breathing rate, motion) or neu-
rovascular coupling. The anatomical CompCor (aCom-
pCor) method removes physiological fluctuations by ex-
tracting principal components from regions unlikely to
be modulated by neural activity; these components are
then included as nuisance regressors [104]. Following
this approach, five principal components were extracted
from white matter and cerebrospinal fluid signals (using
individual tissue masks obtained from the T1-weighted
structural MRI images) [103]; and regressed out from
the functional data together with six individual-specific
realignment parameters (three translations and three ro-
tations) as well as their first-order temporal derivatives;
followed by scrubbing of outliers identified by ART, using
Ordinary Least Squares regression [103]. Finally, the de-
noised BOLD signal timeseries were linearly detrended
and band-pass filtered to eliminate both low-frequency
drift effects and high-frequency noise, thus retaining fre-
quencies between 0.008 and 0.09 Hz. The step of global

http://www.nitrc.org/projects/conn
http://www.nitrc.org/projects/conn
http://www.nitrc.org/projects/artifact_detect
http://www.nitrc.org/projects/artifact_detect
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signal regression (GSR) has received substantial atten-
tion in the literature as a denoising method [105–107].
However, recent work has demonstrated that the global
signal contains behaviourally relevant information [108]
and, crucially, information about states of consciousness,
across pharmacological and pathological perturbations
[109]. Therefore, in line with ours and others’ previous
studies, here we avoided GSR in favour of the aComp-
Cor denoising procedure, which is among those recom-
mended.

Finally, denoised BOLD signals were parcellated into
100 cortical regions-of-interest (ROIs) from the Schae-
fer atlas [95]. We also replicated our results with the
68-ROI anatomical Desikan-Killiany cortical parcellation
[110]. Functional connectivity was estimated for each
individual and each condition, as the Pearson correla-
tion between between pairs of denoised and parcellated
BOLD timeseries.

The Paris DOC dataset was processed as follows using
fMRIPrep version 22.0.2. For participants with visible
lesions on T1-weighted anatomical images, manual le-
sion masks were created and provided as inputs to the
preprocessing pipeline. For each BOLD run identified
per subject (across all tasks and sessions), the follow-
ing steps were applied. First, a reference volume and
its skull-stripped version were generated using a custom
fMRIPrep procedure. Head-motion parameters relative
to the BOLD reference (rigid-body transformation matri-
ces and the corresponding six rotation and translation
parameters) were estimated prior to any spatiotempo-
ral filtering using mcflirt (FSL 6.0.5.1; [111]). BOLD
runs were slice-time corrected to 0.958 s (half of the
slice acquisition range, 0–1.92 s) using 3dTshift from
AFNI. The BOLD time series (including slice-time cor-
rection when applied) were resampled into their origi-
nal native space by applying the estimated head-motion
correction transforms. These data are referred to as the
preprocessed BOLD time series in native space. The
BOLD reference image was co-registered to the T1-
weighted (T1w) anatomical reference using mri_coreg
(FreeSurfer), followed by flirt (FSL 6.0.5.1) employ-
ing the boundary-based registration cost function. Co-
registration was configured with six degrees of freedom.
Several confounding time series were computed from the
preprocessed BOLD data, including framewise displace-
ment (FD), DVARS, and three global signals extracted
from cerebrospinal fluid (CSF), white matter (WM), and
whole-brain masks. FD and DVARS were computed for
each functional run using Nipype implementations fol-
lowing the definitions in [106].

Post-preprocessing steps included regression of 24
head-motion parameters as confounds, removal of the
first four volumes, and temporal bandpass filtering
(0.01–0.1 Hz). Physiological noise regressors were es-
timated using component-based noise correction (aCom-
pCor; [104]). Principal components were extracted af-
ter high-pass filtering the preprocessed BOLD time series
with a discrete cosine filter (128 s cutoff). For aCom-

pCor, probabilistic masks of CSF, WM, and combined
CSF+WM were generated in anatomical space. Unlike
the original implementation by [104], masks were not
eroded in BOLD space. Instead, voxels likely containing
gray matter were excluded by subtracting a gray-matter
partial-volume mask thresholded at 0.05, ensuring that
components were not extracted from voxels containing
even a minimal fraction of gray matter. These masks
were then resampled into BOLD space and binarized at
a threshold of 0.99, consistent with the original imple-
mentation. Components were also estimated separately
within CSF and WM masks. For each CompCor decom-
position, the smallest number of components explaining
at least 50% of variance within the corresponding nui-
sance mask was retained; remaining components were
discarded. Head-motion estimates were included in the
confounds file, and confound time series derived from
motion parameters and global signals were expanded to
include temporal derivatives and quadratic terms [112].
Volumes exceeding thresholds of 0.5 mm FD or 1.5 stan-
dardized DVARS were flagged as motion outliers. Addi-
tional nuisance regressors were estimated using princi-
pal component analysis of signal extracted from a thin
band of voxels surrounding the brain boundary, follow-
ing [113].

The denoised BOLD time series were resampled into
standard space, yielding preprocessed BOLD data in
MNI152NLin2009cAsym space. All resamplings were
performed in a single interpolation step by composing
all relevant transformations, including head-motion cor-
rection, susceptibility distortion correction when avail-
able, and co-registrations to anatomical and output
spaces. Volumetric resampling was performed using
antsApplyTransforms (ANTs) with Lanczos interpola-
tion to minimize smoothing effects. Finally, denoised
BOLD signals were parcellated into 100 cortical regions-
of-interest (ROIs) from the Schaefer atlas [95]. We
also replicated our results with the 68-ROI anatomical
Desikan-Killiany cortical parcellation [110].

Functional connectivity was estimated for each indi-
vidual and each condition, as the Pearson correlation be-
tween between pairs of denoised and parcellated BOLD
timeseries. Pearson correlation is not the only method for
obtaining a network of functional connectivity between
fMRI time-series (or indeed between electrophysiologi-
cal or metabolic time-series). On the contrary, hundreds
of statistical and information-theoretic relationships exist
[10] and may highlight different relationships between
regions. Here, we made the pragmatic choice of using
Pearson correlation as the most widely used definition of
functional connectivity, which also ensures methodolog-
ical consistency with recent work using the same multi-
modal brain networks [24].
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Multimodal anatomical and functional brain networks

Metabolic connectivity from dynamic FDG-PET

Metabolic connectivity indexes how similarly two cor-
tical regions metabolize glucose over time and there-
fore how similarly two cortical regions consume en-
ergy [24]. Here we followed the same procedures as
in [24]. Briefly, volumetric 4D PET images of [F18]-
fluordoxyglucose (FDG, a glucose analogue) tracer up-
take over time were obtained from Jamadar et al. [114].
Specifically, 26 healthy participants (77% female, 18–23
years old) were recruited from the general population
and underwent a 95 minute simultaneous MR-PET scan
in a Siemens (Erlangen) Biograph 3-Tesla molecular MR
scanner. Participants were positioned supine in the scan-
ner bore with their head in a 16-channel radiofrequency
head coil and were instructed to lie as still as possible
with eyes open and think of nothing in particular. FDG
(average dose 233 MBq) was infused over the course of
the scan at a rate of 36 mL/h using a BodyGuard 323
MR-compatible infusion pump (Caesarea Medical Elec-
tronics, Caesarea, Israel). Infusion onset was locked to
the onset of the PET scan. This data has been validated
and analyzed previously in [115, 116].

PET images were reconstructed and preprocessed ac-
cording to [116]. Specifically, the 5700-second PET
time-series for each subject was binned into 356 3D
sinogram frames each of 16-second intervals. The at-
tenuation for all required data was corrected via the
pseudo-CT method [117]. Ordinary Poisson-Ordered
Subset Expectation Maximization algorithm (3 itera-
tions, 21 subsets) with point spread function correction
was used to reconstruct 3D volumes from the sinogram
frames. The reconstructed DICOM slices were converted
to NIFTI format with size 344×344×127 (voxel size:
2.09×2.09×2.03 mm3) for each volume. A 5 mm FWHM
Gaussian postfilter was applied to each 3D volume. All
3D volumes were temporally concatenated to form a 4D
(344×344×127×356) NIFTI volume. A guided motion
correction method using simultaneously acquired MRI
was applied to correct the motion during the PET scan.
225 16-second volumes were retained commencing for
further analyses.

Next, the 225 PET volumes were motion corrected
(FSL MCFLIRT [111]) and the mean PET image was
brain extracted and used to mask the 4D data. The
fPET data were further processed using a spatiotemporal
gradient filter to remove the accumulating effect of the
radiotracer and other low-frequency components of the
signal [118]. Finally, each time point of the PET volumet-
ric time-series were registered to MNI152 template space
using Advanced Normalization Tools in Python (ANTSpy,
https://github.com/ANTsX/ANTsPy), parcellated to 100
cortical regions of the Schaefer atlas [95] (or 68 corti-
cal regions according to the Desikan-Killiany atlas, for
the robustness analyses) and time-series at pairs of cor-
tical regions were correlated (Pearson’s r) to construct a

metabolic connectivity matrix for each subject. A group-
averaged metabolic connectome was obtained by aver-
aging connectivity across subjects.

Neurophysiological connectivity from magnetoencephalogrphy

Electrophysiological connectivity was measured us-
ing magnetoencephalography (MEG) recordings, which
tracks the magnetic field produced by neural currents
[24]. Resting state MEG data was acquired for n =
33 unrelated healthy young adults (age range 22–35
years) from the Human Connectome Project (S900 re-
lease [119]). The data includes resting state scans of
approximately 6 minutes long and noise recording for
all participants. MEG anatomical data and 3T structural
MRI of all participants were also obtained for MEG pre-
processing.

The present MEG data was first processed and used
by Hansen et al. [24], Shafiei et al. [45]. Rest-
ing state MEG data was preprocessed using the open-
source software, Brainstorm (https://neuroimage.usc.
edu/brainstorm/ [120]), following the online tuto-
rial for the HCP dataset (https://neuroimage.usc.edu/
brainstorm/Tutorials/HCP-MEG). MEG recordings were
registered to individual structural MRI images before ap-
plying the following preprocessing steps. First, notch fil-
ters were applied at 60, 120, 180, 240, and 300 Hz, fol-
lowed by a high-pass filter at 0.3 Hz to remove slow-wave
and DC-offset artifacts. Next, bad channels from arti-
facts (including heartbeats, eye blinks, saccades, muscle
movements, and noisy segments) were removed using
Signal-Space Projections (SSP).

Pre-processed sensor-level data was used to construct
a source estimation on HCP’s fsLR4k cortex surface for
each participant. Head models were computed using
overlapping spheres and data and noise covariance ma-
trices were estimated from resting state MEG and noise
recordings. Linearly constrained minimum variance
(LCMV) beamformers were used to obtain the source ac-
tivity for each participant. Data covariance regulariza-
tion was performed and the estimated source variance
was normalised by the noise covariance matrix to re-
duce the effect of variable source depth. All eigenvalues
smaller than the median eigenvalue of the data covari-
ance matrix were replaced by the median. This helps
avoid instability of data covariance inversion caused by
the smallest eigenvalues and regularizes the data covari-
ance matrix. Source orientations were constrained to be
normal to the cortical surface at each of the 8 000 vertex
locations on the cortical surface, then parcellated accord-
ing to the Schaefer atlas [95] (or Desikan-Killiany atlas,
for the robustness analyses).

After preprocessing and parcellating the data, am-
plitude envelope correlations were performed between
time-series at each pair of brain regions, for six canonical
frequency bands separately: delta (2–4 Hz), theta (5–7
Hz), alpha (8–12 Hz), beta (15–29 Hz), low gamma (30–

https://github.com/ANTsX/ANTsPy
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59 Hz), and high gamma (60–90 Hz). Amplitude enve-
lope correlation is applied instead of directly correlating
the time-series because of the high sampling rate (2034.5
Hz) of the MEG recordings. An orthogonalization pro-
cess was applied to correct for the spatial leakage effect
by removing all shared zero-lag signals [121]. The com-
posite electrophysiological connectivity matrix is the first
principal component of all six connectivity matrices, as
per [24].

Co-perfusion networks from Arterial Spin Labelling

The blood perfusion data comes from arterial spin la-
beling (ASL) magnetic resonance imaging (MRI). In this
imaging technique, the magnetization of arterial blood
in the neck is flipped (or “labeled”) using a train of short
block radiofrequency pulses. Images of the brain con-
taining the magnetic “label” are then acquired following
a delay that allows the labeled blood to reach and per-
fuse brain tissue (i.e., post-labeling delay; PLD). In addi-
tion, a “control” image with no magnetization inversion
is also acquired. The difference between the “label” im-
ages and the “control” image is proportional to cerebral
blood perfusion and is not affected by the spins. Through
this imaging, arterial transit time (ATT) which represents
the time it takes for labeled blood to reach brain tissue is
also estimated [122, 123].

Here we include ASL data from a total of 1 305 partic-
ipants in the HCP Lifespan studies (2.0 Release) [124–
126]. Specifically, data from 627 participants (337 fe-
males) from HCP-D (5–22 years) and 678 participants
(381 females) from HCP-A (36–100 years) are included.
All study procedures of the HCP protocol are approved
by the Institutional Review Board at Washington Univer-
sity in St. Louis (HCP-D IRB ID#: 201603135; HCP-A
IRB ID#: 201603117). All HCP Lifespan imaging data
is acquired using a 3.0 Tesla Prisma scanner (Siemens;
Erlangen, Germany) and a 32–channel head coil. In
HCP Lifespan studies, ASL data acquisition is based on
a pseudo-continuous arterial spin labeling (pCASL) and
2D multiband (MB)-echo-planar imaging (EPI) sequence.
Pseudo-continuous ASL data are acquired with labeling
duration of 1 500 ms and five post-labeling delays of 200
ms, 700 ms, 1 200 ms, 1 700 ms, and 2 200 ms, contain-
ing 6, 6, 6, 10, 15 control-label image pairs, respec-
tively. To calibrate perfusion measurements into units of
ml/100g/min, two PD-weighted M0 calibration images
(TR > 8s) are acquired at the end of the pCASL scan. For
susceptibility distortion correction, two phase-encoding-
reversed spin-echo images are also acquired.

The ASL data preprocessing is conducted following
the HCP ASL Pipeline available at https://github.com/
physimals/hcp-asl/ [123]. To run this pipeline we use
QuNex platform (singularity container, version 0.99.1)
[127]. Briefly, raw ASL and calibration images are first
registered to participant anatomical space. This regis-
tration transform is merged with motion correction, sus-

ceptibility distortion, and gradient distortion transforms
and applied simultaneously to the raw ASL and calibra-
tion images using the regtricks library. This approach
minimizes repeated interpolations and thus reduces par-
tial volume effects. Next, intensity bias and banding
corrections are applied to the structurally-aligned ASL
data. In the presence of head motion, voxels travel-
ing between neighboring slices during the acquisition re-
ceive differing intensity scaling during the banding cor-
rections, which can lead to spurious signal after label-
control subtraction. To address this effect, general lin-
ear model (GLM)-based approach for motion-aware sub-
traction of banded and background-suppressed ASL data,
previously introduced by Suzuki et al. [128], is used. The
subtracted time-series data is then used for perfusion es-
timation. Cerebral blood perfusion and arterial transit
time (ATT) are estimated using a variational Bayesian
method via the oxford_asl script [129]. The aslrest
Buxton model with cerebral blood perfusion, ATT and
macrovascular components is used [130, 131]. A normal
distribution prior with a mean of 1 300 ms is imposed
on ATT and an automatic relevancy determination prior
is used on macrovascular perfusion to remove this com-
ponent from non-arterial voxels. Slice-timing correction
is performed by adjusting post-labeling delays in each
voxel according to its slice timing offset, and perfusion is
converted from arbitrary units into ml/100g/min using
the mean signal value of cerebral blood flow in the lateral
ventricles from the calibration image [132]. Lastly, par-
tial volume effect (PVE) is corrected using a spatial varia-
tional Bayes method implemented in oxford_asl [131];
the required partial volume estimates are obtained using
Toblerone operating on the FreeSurfer-derived cortical
surfaces and subcortical segmentations [133, 134]. For
PVE correction, a normal distribution prior with a mean
of 1 300 ms for grey matter ATT and a mean of 1 600 ms
for white matter ATT is used.

Volumetric cerebral blood perfusion and ATT maps
from oxford_asl are produced in both ASL-gridded T1-
weighted space and MNI152–2 mm template space, via
the FNIRT-based registration produced by the HCP struc-
tural processing pipeline. To generate output maps
in greyordinates space (CIFTI format), the volumet-
ric outputs of oxford_asl are projected onto the indi-
vidual’s native cortical surface using the HCP ribbon-
constrained method, registered with MSMAll multimodal
areal-feature-based registration and resampled to a com-
mon surface mesh, and finally smoothed with a 2
mm full-width half-maximum kernel using a surface-
constrained method [135–138]. The surface and MNI
outputs (masked to consider subcortical structures only)
are combined to produce the final CIFTI greyordinates
files, which serve as the input data format for subsequent
analyses in this study. Participant-specific perfusion maps
are originally produced as greyordinates files (including
91 282 vertices/voxels), which we then parcellate them
by averaging all greyordinates belonging to the same
region of our cortical atlas. Subsequently, we z-score

https://github.com/physimals/hcp-asl/
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the data of individual participants and then z-score each
region across individuals. Based on normalised down-
sampled data, we compute the regions-by-regions covari-
ance matrix across participants.

Gene co-expression from microarray transcriptomics

Correlated gene expression represents the transcrip-
tional similarity between pairs of cortical regions [24,
51]. Regional microarray expression data were ob-
tained from 6 post-mortem brains (1 female, ages 24.0–
57.0, 42.50 ± 13.38) provided by the Allen Human Brain
Atlas (AHBA, https://human.brain-map.org [52]). We
followed the same preprocessing as recently described
[139]. Briefly, the Allen Human Brain Atlas (AHBA)
is a publicly available transcriptional atlas containing
gene expression data measured with DNA microarrays
and sampled from hundreds of histologically validated
neuroanatomical structures across six (five male and
one female) normal postmortem human brains. We ex-
tracted and mapped gene expression data to the 68 cor-
tical ROIs of the Desikan-Killiany atlas using the abagen
toolbox (version 0.1.1; https://github.com/rmarkello/
abagen [140]). Data was pooled between homologous
cortical regions to ensure adequate coverage of both left
(data from six donors) and right hemisphere (data from
two donors). Distances between samples were evaluated
on the cortical surface with a 2mm distance threshold.
Only probes where expression measures were above a
background threshold in more than 50% of samples were
selected. A representative probe for a gene was selected
based on highest intensity. 15,633 genes survived these
preprocessing and quality assurance steps. Finally, the
region × region correlated gene expression matrix was
constructed by correlating (Pearson’s r) the normalised
gene expression profile at every pair of brain regions. We
also replicate our main results using human gene expres-
sion data from an alternative modality, RNA-seq, which
was available from 2/6 AHBA donors [52].

Receptor co-expression from Positron Emission Tomography

Receptor similarity indexes the degree to which the re-
ceptor density profiles at two cortical regions are cor-
related [24, 38]. Here we followed the same pro-
cedures as in [24]. Briefly, receptor densities were
estimated using PET tracer studies for a total of 18
receptors and transporters, across 9 neurotransmit-
ter systems, recently made available by Hansen and
colleagues at https://github.com/netneurolab/hansen_
receptors [38]. These include dopamine (D1 [141], D2

[142–145], DAT [146], noradrenaline (NAT [147–150],
serotonin (5-HT1A [151], 5-HT1B [151–156], 5-HT2A
[157], 5-HT4 [157], 5-HT6 [158, 159] 5-HTT [157]),
acetylcholine (α4β2 [160, 161], M1 [162], VAChT [163,
164], glutamate (mGluR5 [165, 166] NMDA [167, 168],

GABA (GABAA [169])), histamine (H3 [170]), cannabi-
noid (CB1 [171–174]) and opioid (MOR [175]). Vol-
umetric PET images were registered to the MNI-ICBM
152 nonlinear 2009 (version c, asymmetric) template,
averaged across participants within each study, then par-
cellated and receptors/transporters with more than one
mean image of the same tracer (5-HT1B, D2, VAChT)
were combined using a weighted average [38]. A region-
by-region receptor similarity matrix was constructed by
correlating (Pearson’s r) receptor profiles at every pair of
cortical regions.

Laminar similarity from BigBrain histology

Laminar similarity is estimated from histological data
and aims to uncover how similar pairs of cortical re-
gions are in terms of cellular distributions across the
cortical laminae. Specifically, we use data from the Big-
Brain, a high-resolution (20 µm) histological reconstruc-
tion of a post-mortem brain from a 65 year old male
[62, 64]. Cell-staining intensity profiles were sampled
across 50 equivolumetric surfaces from the pial surface
to the white matter surface to estimate laminar varia-
tion in neuronal density and soma size. Intensity profiles
at various cortical depths can be used to approximately
identify boundaries of cortical layers that separate supra-
granular (cortical layers I–III) granular (cortical layer
IV), and infragranular (cortical layers V-VI) layers.

The data were obtained on fsaverage surface (164k
vertices) from the BigBrainWarp toolbox [176] and were
parcellated into 68 cortical regions according to the
Desikan-Killianty atlas [75]. The region × region lam-
inar similarity matrix was calculated as the partial cor-
relation (Pearson’s r) of cell intensities between pairs of
cortical regions, after correcting for the mean intensity
across cortical regions. Laminar similarity was first intro-
duced in Paquola et al. [64] and has also been referred
to as “microstructure profile covariance”.

Meta-analytic cognitive similarity from NeuroSynth

Continuous measures of the association between vox-
els and cognitive categories were obtained from Neu-
roSynth, an automated term-based meta-analytic tool
that synthesizes results from more than 14 000 published
fMRI studies by searching for high-frequency key words
(such as “pain” and “attention” terms) that are systemat-
ically mentioned in the papers alongside fMRI voxel co-
ordinates (https://github.com/neurosynth/neurosynth),
using the volumetric association test maps [65]. This
coninuous measure of association strength is the ten-
dency that a given term is reported in the functional neu-
roimaging study if there is activation observed at a given
voxel. Note that NeuroSynth does not distinguish be-
tween areas that are activated or deactivated in relation
to the term of interest, nor the degree of activation, only

https://human.brain-map.org
https://github.com/rmarkello/abagen
https://github.com/rmarkello/abagen
https://github.com/netneurolab/hansen_receptors
https://github.com/netneurolab/hansen_receptors
https://github.com/neurosynth/neurosynth
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that certain brain areas are frequently reported in con-
junction with certain words. Although more than a thou-
sand terms are catalogued in the NeuroSynth engine, we
refine our analysis by focusing on cognitive function and
therefore we limit the terms of interest to cognitive and
behavioural terms. To avoid introducing a selection bias,
we opted for selecting terms in a data-driven fashion in-
stead of selecting terms manually. Therefore, terms were
selected from the Cognitive Atlas, a public ontology of
cognitive science [177], which includes a comprehen-
sive list of neurocognitive terms. This approach totaled
to t = 123 terms, ranging from umbrella terms (“at-
tention”, “emotion”) to specific cognitive processes (“vi-
sual attention”, “episodic memory”), behaviours (“eat-
ing”, “sleep”), and emotional states (“fear”, “anxiety”)
(note that the 123 term-based meta-analytic maps from
NeuroSynth do not explicitly exclude patient studies).
The Cognitive Atlas subdivision has previously been used
in conjunction with NeuroSynth [178–180], so we opted
for the same approach to make our results comparable
to previous reports. The probabilistic measure reported
by NeuroSynth can be interpreted as a quantitative rep-
resentation of how regional fluctuations in activity are
related to psychological processes. NeuroSynth maps
are provided as voxelwise volumetric maps in MNI stan-
dard space; as with the resting-state BOLD data, they
were parcellated into 100 cortical regions according to
the Schaefer atlas [95] (or 68 for the replication with
Desikan-Killiany atlas), by averaging the values of all
voxels belonging to the same parcel. Finally, we obtain a
regions-by-regions matrix of meta-analytic similarity by
correlating each pair of regions’ meta-analytic profiles,
across terms. The full list of terms included in the present
analysis is shown in Table 1.

Alternative meta-analytic similarity from BrainMap

Whereas NeuroSynth is an automated tool, Brain-
Map is an expert-curated repository: it includes the
brain coordinates that are significantly activated during
thousands of different experiments from published neu-
roimaging studies [76, 181]. As a result, NeuroSynth
terms and BrainMap behavioural domains differ con-
siderably. Here, we used maps in the Desikan-Killiany
anatomical atlas, pertaining to 66 unique behavioural do-
mains (the same as in [179]), obtained from 8, 703 ex-
periments. The full list of BrainMap terms included in
the present analysis is shown in Table 2. Experiments
conducted on unhealthy participants were excluded, as
well as experiments without a defined behavioural do-
main.

Similarity of subjective response to intracranial electrical
stimulation

We obtained a matrix of inter-regional similarity of
subjective experiences elicited by direct intracranial elec-
trical stimulation (iES), by analysing a previously pub-
lished dataset of surgical patients (N = 1, 537 cortical
sites in 67 participants) [73]. Briefly, participants under-
going pre-surgical mapping self-reported their subjective
experience upon direct electrical stimulation at different
cortical locations. Integration of the first-person reports
across the sample yields probabilistic maps of how direct
stimulation elicits 8 broad categories of cognitive pro-
cesses, including ‘emotion’, ‘language’, ‘memory’, and ‘vi-
sion’. Based on the intrinsic connectivity network that it
belongs to, each cortical region has a ‘fingerprint’ given
by its probability of eliciting each of the 8 classes of sub-
jective experiences from [73] upon electrical stimulation.
Correlation of these probability fingerprints produces a
matrix of similarity of subjective elicitation between each
pair of cortical regions.

Structural connectivity

We used diffusion MRI (dMRI) data from the same
100 unrelated participants (54 females and 46 males,
mean age = 29.1 ± 3.7 years) of the HCP 900 par-
ticipants data release [182], as described above. The
diffusion weighted imaging (DWI) acquisition protocol
is covered in detail elsewhere [183]. The diffusion
MRI scan was conducted on a Siemens 3T Skyra scan-
ner using a 2D spin-echo single-shot multiband EPI se-
quence with a multi-band factor of 3 and monopolar
gradient pulse. The spatial resolution was 1.25 mm
isotropic. TR=5500 ms, TE=89.50ms. The b-values
were 1000, 2000, and 3000 s/mm2. The total num-
ber of diffusion sampling directions was 90, 90, and
90 for each of the shells in addition to 6 b0 images.
We used the version of the data made available in DSI
Studio-compatible format at http://brain.labsolver.org/
diffusion-mri-templates/hcp-842-hcp-1021 [184].

We adopted previously reported procedures to recon-
struct the human connectome from DWI data. The
minimally-preprocessed DWI HCP data [183] were cor-
rected for eddy current and susceptibility artifact. DWI
data were then reconstructed using q-space diffeomor-
phic reconstruction (QSDR [185]), as implemented in
DSI Studio (www.dsi-studio.labsolver.org). QSDR is a
model-free method that calculates the orientational dis-
tribution of the density of diffusing water in a standard
space, to conserve the diffusible spins and preserve the
continuity of fiber geometry for fiber tracking. QSDR first
reconstructs diffusion-weighted images in native space
and computes the quantitative anisotropy (QA) in each
voxel. These QA values are used to warp the brain to a
template QA volume in Montreal Neurological Institute
(MNI) space using a nonlinear registration algorithm im-

http://brain.labsolver.org/diffusion-mri-templates/hcp-842-hcp-1021
http://brain.labsolver.org/diffusion-mri-templates/hcp-842-hcp-1021
www.dsi-studio.labsolver.org
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action adaptation addiction anticipation anxiety
arousal association attention autobiographical memory balance
belief categorization cognitive control communication competition
concept consciousness consolidation context coordination
decision decision making detection discrimination distraction
eating efficiency effort emotion emotion regulation
empathy encoding episodic memory expectancy expertise
extinction face recognition facial expression familiarity fear
fixation focus gaze goal hyperactivity
imagery impulsivity induction inference inhibition
insight integration intelligence intention interference
judgment knowledge language language comprehension learning
listening localization loss maintenance manipulation
meaning memory memory retrieval mental imagery monitoring
mood morphology motor control movement multisensory
naming navigation object recognition pain perception
planning priming psychosis reading reasoning
recall recognition rehearsal reinforcement learning response inhibition
response selection retention retrieval reward anticipation rhythm
risk rule salience search selective attention
semantic memory sentence comprehension skill sleep social cognition
spatial attention speech perception speech production strategy strength
stress sustained attention task difficulty thought uncertainty
updating utility valence verbal fluency visual attention
visual perception word recognition working memory

TABLE 1. NeuroSynth terms | Terms that overlapped between the NeuroSynth database [65] and the Cognitive Atlas [177] were
included in the analysis.

air-hunger disgust language phonology speech (action)
alcohol emotion learning preparation speech (language)
amphetamines estrogen marijuana psychiatric medications SSRIs
anger execution memory reasoning steroids and hormones
antidepressants explicit motion rest syntax
antipsychotics fear music sadness thermoregulation
anxiety gustation nicotine semantics thirst
attention happiness non-steroidal anti-inflammatory drugs sexuality time
audition humour observation shape vision
bladder hunger olfaction sleep working memory
caffeine imagination opioids social cognition
capsaicin inhibition orthography soma
cognition interoception pain somesthesis
colour ketamine pharmacology space

TABLE 2. BrainMap terms | BrainMap terms are organized by behavioural domain. All 66 unique behavioural domains (excluding
any undefined domains) used in analyses are shown here.

plemented in the statistical parametric mapping (SPM)
software. A diffusion sampling length ratio of 2.5 was
used, and the output resolution was 1 mm. A modified
FACT algorithm [186] was then used to perform deter-
ministic fiber tracking on the reconstructed data, with
the following parameters [187]: angular cutoff of 55◦,
step size of 1.0 mm, minimum length of 10 mm, maxi-
mum length of 400 mm, spin density function smoothing
of 0.0, and a QA threshold determined by DWI signal in
the cerebrospinal fluid. Each of the streamlines gener-
ated was automatically screened for its termination loca-
tion. A white matter mask was created by applying DSI
Studio’s default anisotropy threshold (0.6 Otsu’s thresh-

old) to the spin distribution function’s anisotropy values.
The mask was used to eliminate streamlines with prema-
ture termination in the white matter region. Determinis-
tic fiber tracking was performed until 1, 000, 000 stream-
lines were reconstructed for each individual.

For each individual, their structural connectome was
reconstructed by drawing an edge between each pair of
regions i and j from the Desikan-Killiany cortical atlas
[110] if there were white matter tracts connecting the
corresponding brain regions end-to-end; edge weights
were quantified as the number of streamlines connect-
ing each pair of regions, normalised by ROI distance and
size.
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A group-consensus matrix A across participants was
then obtained using the distance-dependent procedure
of Betzel and colleagues, to mitigate concerns about in-
consistencies in reconstruction of individual participants’
structural connectomes [188]. This approach seeks to
preserve both the edge density and the prevalence and
length distribution of inter- and intra-hemispheric edge
length distribution of individual participants’ connec-
tomes, and it is designed to produce a representative
connectome [188, 189]. This procedure produces a bi-
nary consensus network indicating which edges to pre-
serve. The weight of each non-zero edge is then com-
puted as the mean of the corresponding non-zero edges
across participants.

F-TRACT database of cortico-cortical evoked potentials

As an alternative to diffusion tractography, which
is non-invasive but also not causal, we employ a re-
cently assembled database that reports the amplitude of
cortico-cortical evoked potentials between pairs of cor-
tical regions, from the large multicentric F-TRACT con-
sortium [77, 190, 191]. Briefly, cortico-cortical evoked
potentials were quantified by stereo-EEG (SEEG) As part
of a presurgical evaluation of patients’ drug-resistant
epilepsy. The CCEPs were recorded using local clinical
practice, following 1-Hz stimulations (99.5% of CCEPs),
or rarely 2 or 3 Hz (0.5% of CCEPs), between two con-
tiguous contacts located either in the grey matter (61%
of contacts) or white matter (39% of contacts), using ei-
ther monophasic (20% of CCEPs) or biphasic (80% of
CCEPs) electrical pulses. The number of pulses in a row
were up to 40 and only stimulation runs with at least 3
pulses were considered. On average, the patients were
implanted with 320 contacts (min: 60, max: 618) and
were stimulated 58 times (min: 1, max: 257). The
evoked response was considered significant if its abso-
lute value reached the threshold of z = 5 during the first
200 ms post-stimulation onset. This condition indicated
the presence of a functional link between the stimulation
and the recording sites [77, 190, 191]. Fully processed
data at the group level are available for download on the
atlas page F-TRACT website (f-tract.eu/atlas). In total,
the database comprises data from > 34 354 direct electri-
cal stimulations in 780 patients [77].

Dominance analysis

To consider all networks of inter-regional interac-
tions together and evaluate their respective contribu-
tions, we performed a dominance analysis with the
vectorised brain networks of Euclidean distance, struc-
tural connectivity, gene co-expression, receptor simi-
larity, laminar similarity, electrophysiological similar-
ity, metabolic similarity, and meta-analytic cognitive
co-activation as predictors; and each participant’s vec-

torised network of haemodynamic connectivity from
fMRI as target. Dominance analysis seeks to determine
the relative contribution (“dominance” of each indepen-
dent variable to the overall fit (adjusted R2)) of the
multiple linear regression model (https://github.com/
dominance-analysis/dominance-analysis) [69]. This is
done by fitting the same regression model on every com-
bination of predictors (2p−1 submodels for a model with
p predictors). Total dominance is defined as the average
of the relative increase in R2 when adding a single pre-
dictor of interest to a submodel, across all 2p − 1 sub-
models. The sum of the dominance of all input variables
is equal to the total adjusted R2 of the complete model,
making the percentage of relative importance an intu-
itive method that partitions the total effect size across
predictors.

Subject-wise relative-importance values for each pre-
dictor were then entered into a linear mixed-effects mod-
elling framework to test whether the contribution of each
multimodal network to haemodynamic functional con-
nectivity changed across consciousness states. For each
predictor network, the dependent variable was the rela-
tive importance obtained from dominance analysis. We
modelled these values as a function of experimental con-
dition while controlling for head motion (mean frame-
wise displacement) as a covariate of no interest.

Supportvector machine

To assess whether subject-wise patterns of multi-
modal network contributions could distinguish normal
from perturbed consciousness, we trained a linear sup-
port vector machine (SVM) implemented as MATLAB’s
fitcsvm function with linear kernel, using each partic-
ipant’s dominance-analysis profile as the feature vector.
Each feature corresponded to the relative importance of
one structural or functional predictor network for ex-
plaining that participant’s haemodynamic FC. Training
data included healthy controls and DOC patients, as
well as pre-anaesthetic baseline and anaesthesia scans
from the pharmacological datasets; post-anaesthetic re-
covery scans were excluded from training and reserved
for out-of-sample evaluation. Observations were labelled
as baseline or perturbed consciousness, and classification
performance was estimated using leave-one-subject-out
cross-validation. Statistical significance was assessed by
repeating the same cross-validation procedure after ran-
domly permuting class labels (5,000 permutations). Fi-
nally, the classifier trained on all training data was ap-
plied to unseen recovery scans and independent DOC
subgroups to evaluate model generalisation. McNemar’s
test was used to compare the classification accuracies ob-
tained from the SVM trained with dominance profiles as
features, and the SVM trained with univariate correla-
tions as features.

f-tract.eu/atlas
https://github.com/dominance-analysis/dominance-analysis
https://github.com/dominance-analysis/dominance-analysis
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Data and code availability

The original pharmacological and DOC fMRI data
are available from the corresponding authors of
the original publications referenced herein. Hu-
man networks of metabolic connectivity, electro-
physiological connectivity, and laminar similarity
are available on GitHub at https://github.com/
netneurolab/hansen_many_networks/tree/v1.0.0.
Diffusion MRI data for the Human Connectome Project
in DSI Studio-compatible format are available at
http://brain.labsolver.org/diffusion-mri-templates/
hcp-842-hcp-1021. NeuroSynth meta-analytic maps are
available at https://neurosynth.org/. Maps of subjective
experience probabilities elicited by intracranial electrical
stimulation are available from the supplementary mate-
rials of [73]. The F-TRACT database of cortico-cortical
evoked potentials is available at f-tract.eu/atlas. The Hu-
man PET receptor and transporter maps are available at
https://github.com/netneurolab/hansen_receptors. Hu-
man gene expression data from the Allen Human Brain
Atlas are available at https://human.brain-map.org/.

The abagen toolbox for processing of the AHBA human
transcriptomic dataset is available at https://abagen.
readthedocs.io/. Third-party Python software (version
3.8) for dominance analysis is freely available at https:
//github.com/dominance-analysis/dominance-analysis.
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