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Abstract24

Large-scale functional connectivity (FC) networks are typically treated as discrete neu-25

roanatomical entities, yet their organisation in regions where multiple systems converge26

remains poorly understood. Here we investigate the posterior precuneus (PCu)—a key27

hub of the default mode network (DMN) situated at the interface with the frontopari-28

etal control network (FPCN)—using a spatial-derivative approach that quantifies how FC29

changes along the PCu’s dorsal–ventral axis. Across five pharmacological datasets encom-30

passing psychedelic and anaesthetic states, we demonstrate that the spatial derivative of31

functional connectivity (FC) recovers canonical DMN–FPCN organization with superior32

anatomical specificity compared to FC alone. This functional gradient is systematically33

modulated by consciousness level: its overall magnitude diminishes across all altered34

states of consciousness (ASCs), while its spatial entropy increases under psychedelics but35

decreases under sedation. These e”ects cannot be explained by local smoothing and36

instead suggest that the PCu embeds a continuous, anatomically constrained transition37

between large-scale networks that is sensitive to global brain-state dynamics. Our findings38

motivate a gradient-based perspective on functional network organisation and identify a39

parsimonious neural signature that tracks the brain’s dynamical repertoire across diverse40

ASCs.41
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Introduction42

The search for the neural basis of consciousness has increasingly focused on large-scale43

brain networks and the ways in which they interact. Over the past two decades, functional44

neuroimaging studies have shown that whole-brain activity can be described by a set of45

replicable latent patterns—intrinsic functional connectivity networks (ICNs) [1, 2]. These46

patterns can be identified using dimensionality-reduction methods such as ICA, PCA, and47

nonlinear embedding techniques [3], and they correspond reliably to major anatomical48

features of the cortex. However, this correspondence becomes less clear in regions where49

multiple systems converge, such as the posteromedial cortex. This area contains mixed50

cytoarchitecture [4] and shows overlapping signatures from several ICNs [5, 6]. Adding51

further complexity, functional connectivity patterns dynamically reconfigure over time in52

response to changing cognitive and physiological demands [7–10].53

Despite ongoing debate about the anatomical boundaries of canonical networks [11,54

12], the use of network integrity as a biomarker has grown rapidly across neurological and55

psychiatric research. In these contexts, network integrity is typically evaluated by exam-56

ining the anatomical regions assumed to constitute each network [13]. Yet the ambiguous57

properties of certain key brain areas have contributed to inconsistent findings and occa-58

sional misinterpretations in the literature. More broadly, clarifying how the functional59

roles of brain signals relate to their structural substrates remains a central problem for60

systems neuroscience. While some confusion may stem from measurement noise, prepro-61

cessing choices, interpersonal variability, or inconsistent anatomical terminology, these62

issues also motivate a deeper question: to what extent can ICNs truly be defined or63

dissociated on the basis of anatomical location alone?64

A major source of this uncertainty lies within the posteromedial cortex (PMC)—the65

central hub of the default mode network (DMN) and one of the least understood regions66

of the cerebral cortex. Within the PMC, the precuneus (PCu) in particular has a com-67

plex functional profile and has often been di!cult to delineate clearly [12]. While the68

posterior cingulate cortex (PCC) is unequivocally a DMN node, the PCu is anatomically69

a medial extension of the superior parietal lobule (Brodmann Area 7) and frequently co-70

activates with task-positive regions [14]. This anatomical positioning, together with its71

relatively high metabolic rate, suggests that the PCu may operate as a convergence zone72

for integrating information from multiple large-scale systems [15, 16]. The region is also73

consistently implicated in altered states of consciousness (ASC) [14, 17–19]. Although the74
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posterior PCu is often considered part of the DMN [10], recent evidence indicates that its75

anterior portion does not fall cleanly into either the DMN or the FPCN [20]. For clarity,76

we use PCu in this paper to refer specifically to the posterior precuneus.77

The DMN is known for supporting self-generated and internally oriented cognition,78

and is highly active in the absence of external cues. In contrast, the frontoparietal control79

network (FPCN) is a core task-positive system, activated during demanding, goal-directed80

behaviours. Their activity patterns are often anti-correlated during rest, and this balance81

progressively diminishes with reduced levels of consciousness [21–23]. Understanding how82

these networks interact is therefore highly relevant to theories of conscious processing83

[24]. The PCu—situated between them anatomically, metabolically, and functionally—is84

a natural site in which to probe this interaction.85

Building on our previous work demonstrating that di”erentiation within the pre-86

cuneus supports cognitive flexibility during tasks [25], we hypothesised that: (1) the87

dorsal–ventral axis of the posterior PCu contains a functional gradient reflecting a tran-88

sition between DMN and FPCN connectivity rather than a discrete boundary, and (2)89

this gradient relates systematically to consciousness level. To test these hypotheses, we90

analysed multi-site fMRI data across altered states of consciousness induced by both91

psychedelic and anaesthetic drugs, alongside normal waking state in the same individ-92

uals. This combination provides an e”ective design for sampling a broad spectrum of93

global brain energy—from heightened to suppressed relative to baseline—and allows us94

to assess the behavioural relevance of our functional measure. It also enables us to iden-95

tify system-level alterations common across di”erent forms of ASC, beyond the specific96

e”ects of any single drug.97

To directly assess how functional di”erentiation emerges within a convergence zone,98

we quantified the gradient of functional connectivity relative to the anatomical displace-99

ment of seed locations within the PCu. This approach allows us to examine whether the100

organisation of ICNs within this region follows anatomical boundaries or instead reflects101

more continuous, gradient-like transitions. Our findings challenge the notion that ICNs102

can be fully delineated on the basis of anatomy alone, provide new evidence regarding103

consciousness-specific organisation of functional connectivity in a key region.104
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Results105

The study utilized multisite resting-state fMRI datasets, which included pharmacologi-106

cal interventions in healthy human participants. These datasets were collected by our107

lab and shared by collaborators. The drugs included Lysergic acid diethylamide (LSD),108

psilocybin (PSILO), ketamine (KETA), and propofol. Two propofol groups with di”erent109

sedative e”ects were used, one from the London Ontario site (PPFL-L) which induced110

deep sedation, and another from our Cambridge site (PPFL-C) which induced moderate111

sedation. All datasets similarly employed a within-subject design with randomised fMRI112

scanning conditions: one involving pharmacological induction of one type of altered state113

of consciousness and the other involving a placebo (Fig. 1). In total, a hundred healthy114

participants were involved in this study: n(LSD) = 20, n(PSILO) = 15, n(KETA) =115

21, n(PPFL-L) = 19, n(PPFL-C) = 25. All datasets have been referenced in prior pub-116

lications, with detailed experimental information available in those works. References117

and key parameters of these experiments are included in the supplementary materials.118

To minimise cross-centre variability, we conducted preprocessing on the raw data in the119

exactly same way (see Methods)120

LSD

rest audio

Drug

Control

PSILO

rest

Drug

Control

PPFL
London

PPFL
Cambridge

rest restaudio

Drug

Control

Drug

Control

KETA

rest

Drug

Control

datasets

sessions

conditions

Figure 1: The structure of datasets used in this study. Datasets are indicated by the
drugs (and sites) involved in the previous studies, which are Lysergic acid diethylamide
(LSD), psilocybin (PSILO), ketamine (KETA), propofol from the London Ontario site
(PPFL-L) and propofol from the Cambridge site (PPFL-C). In the LSD and PPFL-L
datasets, sessions are divided into two types as one of them involved audio stimuli, with
music for the LSD study and story narration for the PPFL study. All of the studies have a
within-participant design, with drug administration in one of the participant’s two visits
and placebo administration in another visit.
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PCu’s FC and its gradient along the dorsal-ventral axis121

We first established a baseline for the proposed neural phenomena by confirming their122

replicability in control groups (i.e., drug-free, awake) across all multi-centre datasets. To123

examine FC di”erences relative to the graded spatial displacement along the dorsal-ventral124

axis of the precuneus, we analysed three precuneal subregions: the dorsal (dPCu) and125

ventral (vPCu) PCu from a previous study [25] (Fig. 2a), and a new middle PCu (mPCu)126

situated between them (Fig. 2b). These three adjacent, non-overlapping ROIs provide a127

linear approximation of continuous sampling along the d-v axis.128

As a proof of concept, we examined the seed-based FC of the dPCu, mPCu and vPCu129

during normal awake conscious states. To do so, we conducted a group-level GLM using130

the data from control conditions of all datasets, and corrected the main e”ects of di”erent131

scanning sessions. As predicted, the resting-state FC (rsFC) of the dPCu, mPCu, and132

vPCu showed similar positive correlation patterns, primarily covering the default mode133

network (DMN) (Fig. 2c,d, Fig. S1), in agreement with our previous publication using134

di”erent datasets [25], and consistent with existing literature depicting the posteromedial135

cortex as a unified DMN core.136

Still in the control condition, we next modelled FC changes against d-v seeding posi-137

tion for all brain voxels, with the slope of this linear model representing the rate of FC138

change—the precuneal functional gradient (pFG) (i.e., the derivative of FC: !FC
!displacement

).139

The results supported our hypothesis of a gradual FC transition along the d-v axis (Fig.140

2f: Hypothesis 3). Specifically, the positive and negative slopes essentially mirrored the141

spatial patterns of the DMN and frontoparietal control network (FPCN), respectively,142

and with greater anatomical specificity: the regions showing stronger gradients are more143

constrained and focal to the core parts of the networks. The resemblance between the144

precuneal FC and its spatial derivative provides new information about the brain organ-145

isation: the rest of the DMN regions (such as the orbitofrontal cortex, angular gyrus,146

hippocampus etc.) do not only have strong connectivity with the PCu subregions, but147

their FC also undergo the fastest changes (i.e. the deepest slopes) along the d-v axis of148

the PCu.149

Since we used a linear model, the result also implies a continuous transition between150

the DMN and FPCN. As the seed location shifts along the d-v axis, the FC pattern151

gradually changes from resembling the FPCN to more closely matching the DMN. Quan-152

titatively, positive and negative linear slopes within the DMN and FPCN indicate pro-153
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gressively stronger and weaker FC with these networks, respectively. While abrupt FC154

changes often demarcate functional boundaries [26], we demonstrate that precuneal FC155

exhibits continuous transitions along its d-v axis—an anatomical trajectory bridging the156

FPCN and DMN. These findings suggest that the DMN and FPCN may be inseparable157

systems, anchored by the PCu’s structural organisation (Fig. 2f: Hypothesis 4).158

7



dPCu

vPCu

• Task-related activation

• Structural connectivity

• Resting-state functional connectivity
• Task-state functional connectivity

dPCu

mPCu

vPCu

lateraltop

front

s
 

a b

c

Functional ROIs identified in Chapter 3 with:Functional ROI from (Lyu et al., 2021)

Smith2009 10-RSN ICA maps: DMN

-4.33 9.30

z-score

-5      t-score     5

d    m    v

F
C

-5      t-score     5

FCp map FGp map

spatial 

derivative

d e

v      d

Proposal 1:
discrete systems

Proposal 2:

overlapping systems
*Proposal 3:

gradient transition
Proposal 4:

two facets of one system

f Relationship between DMN and FPCN implicated by the spatial derivatives

c

FC

FC derivative

Figure 2: Spatial derivative of the precuneual FC, i.e., functional gradient of
the PCu (FGp) (a) Derivation of d/vPCu from our previous publication [25]. (b) Vi-
sualisation of d/m/vPCu in a 3-D standardised brain from the front, top and lateral
perspectives. The mPCu is taken as a spherical (radius = 6.5 mm) ROI midway between
the dPCu and vPCu. (c) A canonical spatial map of the DMN (from Smith2009 10-RNS
atlas [27]). (d) A seed-based PCu FC unthresholded spatial map generated with the mul-
tisite datasets for the control condition (adjusted for the main e”ects of di”erent scanning
sessions), averaged across the d/m/vPCu seeds. Group-level t-scores are presented, indi-
cating the main e”ect of the voxel-wise correlation strength, computed with a standard
mixed-design general linear model (GLM) approach (see Methods). Warm colour indi-
cate positive FC and cold colours indicate negative FC. (e) Unthresholded FGp spatial
map, generated with a linear regression using the relative location of the subregions as a
independent variable (x-axis) and each subregion’s FC as a dependent variable (y-axis),
computed on whole-brain voxels. Presented are group-level t-scores of the FGp strength
(i.e., how deep the slope was). Warm colours indicate positive slopes (i.e., increasing FC
along the d-v axis) and cold colours indicate negative slopes. (f) Relationship between
DMN and FPCN implicated by the self-similar pattern of spatial derivatives. Proposal
1&2 are common assumptions in the literature. Our study was motivated by our initial
hypothesis (Proposal 3) that the DMN and FPCN has gradient transitions as these large-
scale networks have a probabilistic entity. However, the observed self-similar patterns
between the precuneal FC and its spatial derivative indicates a more radical hypothesis
(Proposal 4): the DMN and FPCN may be considered as a unified system with inherent
spatial continuity.
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Diminished FGp during altered states of consciousness159

We further asked whether the FGp is functionally relevant; in other words, whether and160

how it is changed in altered conscious states (Fig. 3a). As we previously identified161

FGp to be mainly localised in the DMN and FPCN, we adopted the Regions Of Interest162

approach by using network masks to constrain data extraction for further comparisons.163

In addition, we found group-specific data-driven network discovery (i.e. Independent164

Component Analysis/ICA) approach provided more precise network overlay with the FGp165

maps than predefined networks (i.e., Yeo2011-7Net or Smith2009-10RSN); therefore, we166

used the ICA network masks for the subsequent analyses (Fig. 3b). Specifically, denoised167

control-group data were fed into ICA and dual-regression for each dataset, respectively168

(Fig. S2-S6). Boundary cuto” was set to be 3 or 4 z-score to achieve an ideal known169

pattern of the network for each dataset .170

FGp magnitudes were shown to diminish in the drug conditions comparing to the171

control condition within each dataset. Significant clusters of the FGp for each dataset172

were presented in Fig. 3c, with the red clusters corresponding to positive FGp (i.e., in173

the d-v direction), and blue clusters corresponding to negative FGp (in the v-d direction).174

To formally test the diminished size of the significant FGp clusters, we contrasted the175

group-level FGp (i.e., the values of each voxel in the DMN and FPCN mask) between176

the drug and control conditions. By doing so, the statistical inference was made at the177

network level rather than voxel level. Permutation tests (n = 100,000) were conducted178

against the null hypothesis (i.e., zero di”erence between conditions), with the one-tailed179

test. Family-wise error were controlled with Bonferroni procedure of Holm for the multiple180

comparisons for all the datasets and FC types (including unthresholded FC and the FC181

separating positive and negative correlations, which generating similar results; the main182

figures were based on the unthresholded FC) (see S1).183

As hypothesised, during ASC under the drug e”ect, regardless of the drug type, the184

distribution of FGp in the DMN mask shifted leftwards (i.e., became less positive); while185

the distribution of FGp in the FPCN mask shifted rightwards (i.e., became less negative),186

compared to the control condition (Fig. 3c, Supplementary Table S1). As the FGp is de-187

rived from a linear trend of di”erences across the d/m/vPCu’s seed-based FC, this result188

indicates that during a normal conscious state, there is a stronger stretch of FC di”eren-189

tiation across the d/m/vPCu, while the FC di”erentiation is flattened as consciousness is190

altered by drugs.191
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Figure 3: Functional relevance of FGp indicated by its impairment during ASCs
(a) Hypothesised statistical model of FGp during altered states of consciousness (ASC).
(b) Example of significant FGp clusters in cross-sectional brain views (i.e., the brain
heatmap), superimposed with multiple spatial references of the intrinsic connectivity net-
works (ICN) (coloured contours, red: DMN, blue: FPCN), compared between drug (left)
and control (right) conditions. The presented dataset is LSD. The spatial references of
the ICNs includes published atlases: Yeo2011-7net [28], Smith2009-10RSN [27], and the
network discovery with independent component (IC) analysis on the present control condi-
tion of each dataset. (c) Significance clusters of FGp in surface views, compared between
normal awake condition and the experimental condition of altered states of conscious-
ness induced by di”erent drugs: lysergic acid diethylamide (LSD), psilocybin (PSILO),
ketamin (KETA), propofol (PPFL). Two PPFL datasets were used respectively from Lon-
don (-L) and Cambridge (-C) study sites (see Methods for details). Each column panel
represents the set of FGp results for each dataset. For each set of results, presented are
the FGp maps (thresholded with significance testing of cluster-wise PFWE→corr < 0.05) in
both control (top row) and ASC (middle row) conditions, below which are the histograms
of the unthresholded FGp scores (normalised with t-scores) within either DMN or FPCN
network boundaries. Network boundaries were identified based on the thresholded (z-
score > 3) independent component maps generated from the corresponding cohort during
a normal conscious condition.

Drug-specific e!ects on the spatial entropy of FGp192

With the previous analyses, we have showed a common profile of diminished FGp during193

ASC states, regardless of the di”erences in the experiential contents that are associated194
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with the drugs. However, psychedelic and sedative drugs have distinct e”ects on mental195

states, which have been situated at the opposite ends of a normal waking conscious state196

[29]. We asked whether the FGp is also relevant to the general type of conscious states197

as it may di”er among drug-specific e”ects. We examined the spatial entropy (Fig. S7),198

i.e., how “chaotic” or “unpredictably” the functional gradient of the PCu is distributed199

within the DMN and FPCN masks, across di”erent datasets. According to the Entropic200

Brain Theory (EBT), normal waking consciousness is situated at a closely critical (albeit201

slightly sub-critical) state, which could be shifted into a more disordered and flexible202

state by psychedelic drugs, or switched to a more predictable and stereotypical state203

under sedation [29].204

Consistent with our previous analysis, the averaged FGp within networks showed a205

similar pattern across di”erent drugs, as the interaction e”ect was not significant between206

datasets and conditions, meanwhile the drug-induced main e”ect showed opposite patterns207

between the DMN and FPCN (# = →0.02, padj. = 0.04 for DMN, # = 0.005, padj. = 0.40208

for FPCN) (Fig. a).209

On the other hand, the spatial entropy of the FGp was shown to vary across di”erent210

drugs, as the interaction between datasets and condition was significant for both networks211

(Chisq = 35.71, p = 0.00 for DMN; Chisq = 10.56, p = 0.03 for FPCN). Although the212

post-hoc pair-wise tests were not all significant, the main e”ects of di”erent drugs showed213

hypothesised directions: the psychedelic drugs tend to increase the spatial entropy of214

the FGp, i.e. making the spatial distribution of the FGp within networks more diverse215

(# = 0.02, 0.02, respectively for LSD in FPCN and for PSILO in DMN); while the216

sedative drugs tend to decrease that, i.e. making the spatial pattern more uniform (# =217

→0.38,→0.18, padj. = 0.00, 0.045 respectively in DMN & FPCN for PPFL-L , and # =218

→0.02,→0.03, in DMN & FPCN for PPFL-C).219

We further combined the metrics between the networks to show a general pattern220

of the drug-induced changes. We took (1) the di”erence between DMN and FPCN for221

the mean of FGp, and (2) the sum of the their spatial entropy, as combined network222

measures, and compared their drug-induced changes across di”erent types of ASC (with223

z-scores of their pair-wise changes). Consistent with intra-network statistics, we showed224

that the inter-network gradients were generally diminished in all kinds of altered states of225

consciousness, but the spatial entropy of the gradients varied, with the psychedelic drugs226

generally showing a increased trend (t = 1.91, 2.90, padj. = 0.08, 0.01 for LSD and KETA)227

and the anaesthetic drugs showing a decreased trend (t = →6.82,→1.70, padj. = 0.00, 0.12228
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for PPFL-L and PPFL-C). In addition, we notice that the e”ect sizes of the altered FGp229

and spatial entropy correspond to the relative drug dosages that are varied among these230

datasets.231

The results are in line with previous studies on the spatial domain which found232

Shannon entropy of the degree distribution of networks was increased during Ayahuasca-233

induced ASC [30] and decreased during propofol-induced ASC [31]. However, it should234

also be noted that the distinct drug e”ects on the entropic measure in our study were not235

robustly consistent across di”erent datasets of the same drug type, as the PSILO dataset236

showed a significant opposite pattern to the one hypothesised. This may be caused by237

dosage di”erences or other confounding factors. More independent datasets would be238

needed here to make strong arguments about the EBT.239
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Figure 4: The mean and spatial entropy of the precuneal functional gradient
(FGp) altered by di!erent drugs (a) and (b) respectively show the mean and spatial
entropy (H) of the FGp within the DMN and FPCN masks and how the drug-induced
e”ects (compared to its own control condition) are di”ered or similar across di”erent
drugs/datasets. A short summary of statistics were provided, with the pintr., pdataset and
pcondition respectively indicating the significance of the interaction e”ect between drug
types and conditions, and their own main e”ects. Notably, the main e”ect of datasets is
calculated based on its e”ect on the pair-wise comparisons between control and drug condi-
tions. All the reported significance thresholds have been adjusted with false-discovery-rate
(FDR) correction for multiple comparisons. (c) and (d) showed drug-induced di”erences
with combined network e”ect, respectively for the mean of FGp and the spatial entropy of
FGp. The functional gradients altered in opposite directions for DMN and FPCN in the
drug condition, hence the combined network e”ect took the di”erence of the drug-induced
changes (noted as ”DMN-FPCN”), which amounts to the narrowed angle between the two
slopes illustrated in Fig. 3c. The altered spatial entropy of FGp in the drug conditions
showed similar patterns between DMN and FPCN, hence the combined network e”ect
took the summary of their scores (noted as ”DMN+FPCN”). The drug-induced di”er-
ence was z-scored against the standard deviation of each dataset’s placebo condition. The
error bars indicated standard error.
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Discussion240

In this study, we examined how functional connectivity (FC) varies relative to the anatom-241

ical organisation of the posterior precuneus (PCu). We found that the dorsal–ventral (d–v)242

axis provides a principled anatomical sca”old that di”erentiates the default mode network243

(DMN) from the frontoparietal control network (FPCN): the relative FC di”erences (i.e.,244

the gradient) along the d-v axis revealed these two networks, and with higher anatomical245

specificity than the FC patterns itself. Importantly, the PCu’s functional gradient was246

also systematically modulated across altered states of consciousness (ASC). While ASCs247

reduced overall gradient magnitude, psychedelics and sedatives produced opposite e”ects248

on spatial entropy of the PCu’s gradient: psychedelics increased entropy, whereas anaes-249

thetics decreased it. These indicate that the PCu gradient alone captures key changes250

of the brain’s dynamical repertoire across conscious states, a finding previously shown to251

emerge at the level of network interactions [32–35].252

Taken together, these findings have implications for how large-scale functional connec-253

tivity (FC) networks are defined and interpreted. Although contemporary neuroimaging254

continues to advance toward increasingly fine-grained cortical parcellations, FC networks255

arise from di”erent principles, and their underlying neural mechanisms remain incom-256

pletely understood. They should therefore not be treated as equivalent to parcellation257

schemes grounded in clear physical or anatomical features. As any parcellation scheme258

implicitly reflects a model of how one believes the brain is organised [36], we instead view259

functional networks as dynamic equilibria emerging from ongoing interactions among dis-260

tributed neural populations, for which sharp boundaries may not exist. With the pre-261

sented results, we hope to elucidate this point by focusing on the well-known case of262

DMN-FPCN interactions, and we found at a local scale, how the dorsal PCu systemati-263

cally connects with the whole brain underlies the DMN-FPCN separation. The continuous264

transition we observe within the PCu also highlights how network boundaries may reflect265

gradual changes in anatomical embedding rather than discrete partitions.266

This perspective o”ers clinical implications. Using spatial patterns of large-scale net-267

works as biomarkers can be problematic when atrophy or structural reorganisation is268

present. However, network alterations may reflect shifts in the broader energy landscape269

of whole-brain dynamics, which is a phenomena that can be captured independently of270

the networks’ spatial configurations. This view also carries theoretical implications for271

understanding information integration in the brain. The traditional contrast between the272
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DMN as supporting “internal” processes and the FPCN as supporting “external” ones273

may be overly rigid. Although conceptually distinct, these dimensions of conscious expe-274

rience are tightly intertwined in practice, and recognising their graded relationship may275

help avoid theoretical challenges that arise when they are treated as functionally opposed276

systems.277

Our results suggest that alterations in PCu function during altered states of con-278

sciousness may underlie the observed breakdown of network interactions. Recent rodent279

work has shown that ketamine-induced dissociation-like behaviour is associated with a280

low-frequency oscillation in the homologous region of human PMC (but rodents may not281

have finer functional specialisation of PMC subregions), and that optogenetic stimula-282

tion in this area can reproduce the behaviour [17]. In human neuroimaging studies using283

pharmacologically induced ASCs or clinical cohorts with reduced consciousness, the in-284

tegrity of the DMN FC and its anticorrelations is often particularly sensitive [23, 32,285

34, 37]. Our findings suggest that this network-level e”ect may be more parsimoniously286

explained by altered function of the PCu. The spatial derivatives of PCu FC recovered287

canonical DMN–FPCN organisation with greater anatomical specificity and showed sim-288

ilar—if not better—sensitivity to di”erent conscious states. Since the gradient captures289

changes in FC rather than shared similarity, these e”ects cannot be attributed solely to290

local smoothing. Instead, they suggest that the organisation of whole-brain activity is291

richly structured across both space and time. This interpretation aligns with the studies292

showing that dynamic FC on short timescales recapitulates the spatial organisation and293

behavioural relevance of static FC [30, 38]. Together, these findings suggest that global294

cortical activity has a multidimensional and complex origin, of which FC networks derived295

from signal correlations represent only one observable facet.296

Although this view departs from classical models that treat FC networks as clusters of297

cortical areas with distinct microstructural profiles [26, 39], we recognise that functional298

networks do have structural underpinnings. Previous studies have attributed the DMN299

construction to di”usion tensor imaging (DTI)-based structural connectivity (SC) of its300

subregions [40, 41], though SC and FC do not correspond in a one-to-one manner [42].301

Among the subregions, the PCu was shown to have gradient SC along its dorsal-ventral302

axis in the previous literature. Structural connectivity with virus tracing in macaque303

brains showed that the more ventral regions in the PMC (BA homologous 23 and 31)304

are more reciprocally connected to frontal areas such as the frontal pole and ACC, while305

the dorsal PCu (7m) selectively connects with the back of the brain such as parietal and306
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occipital cortices but lacks connections with the vmPFC/ACC [43, 44]. Similarly, human307

evidence from DTI also showed that from dorsal to ventral parts of the PCu, there is308

a spectrum of increasing connectivity with DMN regions (such as the hippocampus and309

mPFC) and decreasing connectivity with sensorimotor, visual networks, thalamus, and310

cognitive control regions (such as AnG, SPL, prefrontal and premotor areas) [25, 41, 45].311

These anatomical gradients may therefore support the functional gradient reported here.312

Beyond cortico–cortical pathways, subcortical structure may also shape the PCu’s313

gradient. Tracer evidence in macaques demonstrates topographic projections from PMC314

to distinct zones of the dorsal thalamus [43, 46]. Given the extensive PMC–thalamus con-315

nectivity [10, 45], disruptions in thalamocortical gating have been proposed as a common316

mechanism for various ASCs [47, 48]. Correspondingly, altered thalamus–DMN coupling317

has been observed across epilepsy, anaesthesia, and pharmacological manipulations [49–318

51]. Linking PCu gradients to thalamocortical pathways will therefore be an important319

direction for future research.320

Several limitations warrant consideration. First, our study is aimed to find common-321

ality of brain mechanisms for a spectrum of altered states of consciousness. Although we322

found di”erential spatial entropy of pFG that roughly corresponds to the intended direc-323

tions, we only had two datasets for each of the two ends of the spectrum (sedation versus324

psychledic), which did not provide su!cient evidence to claim that the spatial entropy325

of pFG reflects the quality of ASCs. Second, although we focused on the posterior PCu,326

similar continuous transitions may exist elsewhere, such as within the PCC [52] and the327

posterior parietal cortex [53]. Third, our GLM relied on three regions of interest; datasets328

with higher signal-to-noise may allow finer-grained sampling along the d–v axis, where we329

expect the overall pattern to remain robust. Finally, not all functional boundaries may330

be gradient-like: for example, the interface between posterior and anterior PCu appears331

relatively sharp, corresponding to proposed distinctions between the DMN and the “ac-332

tion mode network” [54]. Thus, gradient-based and boundary-based organising principles333

likely coexist across cortex. Future studies should therefore tailor anatomical hypotheses334

to specific regions and scales of organisation.335
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Methods336

Preprocessing337

All of the preprocessing steps were carried out with the toolbox SPM12 (https://www.338

fil.ion.ucl.ac.uk/spm/software/spm12/) based on the Matlab platform. In order to339

maximise the precision of our functional mapping of the multi-site datasets, we conducted340

all the statistics in the individual space, and only sorted to a normalised space when a341

group-level inference was needed. Therefore, the preprocessing steps have a slightly dif-342

ferent order than a default fMRI image processing pipeline. Specifically, the data was343

minimally preprocessed before the step of normalisation, which included the standard344

steps including structural image tissue segmentation, skull stripping, functional image345

realignment, motion scrub, and co-registration to the individual skull-stripped T1 im-346

age. The normalisation was performed with the DARTEL toolbox non-linear algorithm347

(https://www.fil.ion.ucl.ac.uk/spm/ext/) and it was conducted after individual-348

level statistics were obtained.349

For motion detection and correcting for motion-induced artefacts, we used the ArtRe-350

pair toolbox (https://cibsr.stanford.edu/tools/human-brain-project/artrepair-software.351

html). Scanning sessions with more than 20% of the volumes corrupted were excluded352

for further analyses. As a result, the data of 2, 3, 1, 6, 8 participants have been excluded353

respectively from the datasets LSD, PSILO, KETA, PPFL-L and PPFL-C.354

Non-neuronal nuisance signals were extracted with the Component Based Noise Cor-355

rection method using anatomical masking (aCompCor), and were used as covariates in356

the subsequent general linear models.357
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Data analysis358

realignment

coregistration

timeseries extraction

skull stripping & segmentation

WM & CSF masking (native space)

nuisance vectors extraction 

signal denoise

motion scrubbing

seed-based FC

FC gradient along the relative positions of the v/m/d PCu

FC-gradient comparisons between conditions (drug vs. control)

seed derivation (MNI space)

v/dPCu seeds from Chapter 3

v/m/dPCu seeds masking (native space)

normalisation

functional images processing structural images processing

statistical testing

ICA

positive/negative FC filter

v/dPCu seeds from (Lyu et al., 2021)

Figure 5: Illustration of the data analysis pipeline.

ROI analyses359

The d/vPCu seeds were adopted from the previous project. Since they were functional360

ROIs derived from task-associated (de)activations, they do not have a shape as regular as361

the spherical seed mPCu; but the volume of the d/vPCu is comparable to the mPCu. We362

used the canonical ICNs as landmarks to reference the d/m/vPCu’ spatial localisation.363

Specifically, we adopted two network atlases, one thresholded (Yeo2011 7-network atlas)364

and one unthresholded (Smith2009 10-RSN atlas) [27, 28] (Fig. SS1).365

The ROIs were identified first in the standard space, then transformed to the native366

space for signal extraction. Specifically, ROI masks are represented by binary values367

signifying which voxels to extract values from, and the first eigenvalue from the voxels368

(after removing the nuisance signals) were extracted. The ROIs were manually checked369

to ascertain they were correctly co-registered to the native space.370

The dorsal and ventral precuneus ROIs were obtained from our previous study [25].371

To examine the functional gradient along the dorsal to ventral axis in the precunues,372
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we derived the middle point between our previously published two ROIs. To ensure the373

d/vPCu and the middle PCu (mPCu) have about the same cluster size, we used the374

radius of 6.5 mm for making the mPCu (sphere-shaped) ROI. We also excluded voxels375

that overlapped between the ROIs. As a result, the cluster sizes for the d/m/vPCu are376

respectively 150, 135, 168 (voxels), aligned along the d-v axis of the precuneus. The above377

procedures were conducted using the FSL utilities (https://fsl.fmrib.ox.ac.uk/fsl/378

fslwiki/Fslutils).379

Independent component analysis (ICA)380

The Probabilistic Independent Component Analyses (ICA) were carried out independently381

for each dataset and only on the control condition (normal conscious state) in order to382

derive the group-specific functional networks, which is used as an alternative to standard383

network atlases. It was conducted with the MELODIC toolbox (Multivariate Exploratory384

Linear Decomposition into Independent Components) Version 3.14, in FSL (FMRIB’s385

Software Library, www.fmrib.ox.ac.uk/fsl). Data from all participants of each site386

were concatenated together for conducting the group-level ICA. The resulting components387

can be identified as the canonical ICNs for that group. The ICA e!cacy for separating388

the data into conventionally defined ICNs has been manually checked. In line with the389

previous literature [27], 30 components were designated for the algorithm to separate390

from the data, and generated good results, except for the the PPFL-C dataset on which391

we finally specified 40 components to ensure a good separation of the FPCN from other392

task-positive networks. The resulting DMN and FPCN IC components for each dataset393

have been presented in Supplementary Figures S2-S6 For deriving the network masks for394

timeseries extractions, the IC images indicating the DMN and FPCN were threshold with395

Z = 3 and binarised for all datasets.396

Seed-based Functional Connectivity (FC) and functional gradient397

of the PCu (FGp)398

For seed-based FC, a GLM was conducted for each seed, with the main regressor being399

the time-series of the seed signal, as well as the covariates of the 6 movement regressors400

and the 14 nuisance vectors which were the non-neuronal components extracted from the401

WM and CSF. For the datasets (LSD, PSILO and PPFL-L) that have multiple sessions402

for each subject, this GLM was extended with di”erent sessions modelled as di”erent403
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blocks and the confounding covariate included the global session e”ect. The correlation404

coe!cient associated with the time-series of the seed was taken as the FC, which was405

estimated for all brain voxels. For the group level analysis, the coe!cient maps in the406

native space were normalised and grouped together for further analyses. Acknowledging407

the fact that the positive and negative FC may have di”erent characteristics, we also408

separated the coe!cient maps at the individual level into positive and negative ones for409

further analyses. For the PCu gradient analysis, the d/m/vPCu’s relative positions on the410

d-v axis were assigned to a linear vector of -1, 0, 1, and used the independent variable. The411

FC maps of the d/m/v PCu output from the previous step were used as the dependent412

variable. The beta associate to the linear vector of the d-v axis in this GLM is a gradient413

map indicating how the FC linearly varies (i.e. the slope) along the d-v axis of the PCu.414

The group-level inferences were conducted independently for each dataset, using one-415

sample T tests for the baseline seed-based FC maps and the gradient maps (FGp) of the416

PCu’s FC. To compare how the gradient maps vary between conditions, we subtracted417

the gradient maps between the placebo and the drug conditions, and did permutation418

tests on the contrasted gradient maps within network masks. Overlaps between the DMN419

and FPCN, and between the network and seed (d/m/vPCu) masks, were excluded from420

the network masks. By a visual examination, the group-level gradient maps in the drug421

conditions appeared to be less prominent than those in the placebo conditions; therefore,422

in the presented statistical testing, only one-tailed tests were used; i.e., to determine423

whether the gradients in the drug condition are significantly lower than those in the424

placebo condition.425

Shannon entropy, statistical testing and multiple comparison cor-426

rection427

The measure of spatial entropy was meant to capture how variable the values are spread428

within certain area. To do this, Shannon entropy was calculated on the FGp and FC429

distributions among the voxels within network masks: H(X) = →

∑n

i=1 P (xi) lnP (xi),430

with X being a distribution of voxel values, n being the total number of bins for the431

distribution, xi being the ith range/bin, and P (xi) being the probability of a voxel value432

falling in the range of xi. To decide what bin number to use for calculating H, a function of433

H against bin numbers was made from group-averaged FGp and analysed. As a result, a434

bin number of 100 was used because according to H’s first and second derivatives over the435
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bin number, this is when H reaches a stable natural logarithmic increase as the bin number436

keeps increasing (see Supplementary Fig. S8). As a sanity check, other bin numbers (12437

and 500) were also used as alternatives for the subsequent analyses. The fact that they438

yielded consistent patterns of group comparisons suggests that the presented entropy439

result is not contingent on the bin number of 100 chosen (Fig. S9). For delineating440

the relationships between datasets and drug e”ect, subsequent statistics included three-441

way interactions between “Condition”, “Dataset” and “Network”, two-way interactions442

between Condition and Dataset for each network (DMN or FPCN), and a series of main443

e”ect analyses and post-hoc pair-wise comparisons. Given the non-normal distribution of444

the data, all of these statistical models were implemented with non-parametric inferences.445

Significance inferences for nested statistics using the same data were FDR-corrected for446

multiple comparisons.447
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Supplementary Materials625

Datasets626

LSD627

The LSD dataset was shared by a previously published study. The data acquisition628

protocols were described in detail in this publication using the same dataset [55], so629

only a brief report a brief summary is provided here. Twenty healthy participants (4630

female, mean age = 33±9 years, range = 22↑47 years) were scanned in two experimental631

conditions, separated by at least 2 weeks. On one of the visits, they were given a placebo632

(10-mL saline) and on the other they were given an active dose of LSD (75 µg of LSD in633

10-mL saline). The order of receiving LSD or placebo was balanced across participants634

who were blinded to this order. The experiment for each condition consisted of three635

7 min eyes-closed resting-state scanning sessions. In the second session, in-ear auditory636

stimulation (music) was given to the participants while being scanned.637

The session using continuous music stimuli was taken into consideration for the fol-638

lowing reasons. Firstly, we consider the benefit of increasing sample size outweighs the639

cost of increasing the heterogeneity in the data for the purpose of the current study, as640

the study is meant to capture the common (ir)regularities at a large spatiotemporal scale641

across heterogeneous datasets. Secondly, music listening is a variation of resting states,642

because participants in the music sessions also have uncontrolled, spontaneous thoughts,643

expect for being potentially guided by auditory cues. However, the resting-state sessions644

are not deprived of auditory stimuli. Furthermore, previous studies have shown that645

the FC patterns generated by naturalistic stimuli (including music, story narration and646

movie clips) can recapture the resting-state FC patterns while having a higher test-retest647

reliability than the resting state [56].648

All imaging was performed on a 3T GE HDx system. The structural MRI scan was649

obtained in an axial orientation, with field of view = 256 × 256 × 192 and matrix =650

256 × 256 × 192 to yield 1-mm isotropic voxel resolution, with a time-to-repetition651

(TR) of 7.9 ms, time-to-echo (TE) of 3.0 ms, inversion time of 450 ms and a flip angle652

of 20°. Functional images were acquired using a gradient echo planar imaging sequence,653

TR/TE = 2000/35 ms, field-of-view (FOV) = 220 mm, 64 × 64 acquisition matrix, parallel654

acceleration factor = 2, 90° flip angle. Thirty-five oblique axial slices were acquired in an655

interleaved fashion, each 3.4 mm thick with zero slice gap (3.4 mm isotropic voxels). The656
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precise length of each of the BOLD scans was 7:20 min.657

Psilocybin (PSILO)658

The PSILO dataset was shared by a previously published study. The data acquisition659

protocols were described in detail in a previous paper [57], so only a brief summary is660

provided here. Fifteen healthy participants (2 female, mean age = 32 years, SD = 8.9661

years) underwent experiments that were designed in a similar way as the above LSD662

dataset acquisition. On one of the visits, they were given a placebo (10-mL saline) and663

on the other they were given an active dose of psilocybin (2 mg of psilocybin in 10-mL664

saline). The order of receiving psilocybin or placebo was randomised across participants665

who were blinded to this order. Each scanning session lasts for 18 min. Infusions began666

6 min after the start of the scan.667

All imaging was performed on a 3T GE HDx system. For every structural MRI scan,668

an initial 3D FSPGR scan in an axial orientation, with field of view = 256 × 256 ×669

192 and matrix = 256 × 256 × 192 to yield 1-mm isotropic voxel resolution (TR/TE =670

7.9/3.0 ms; inversion time = 450 ms; flip angle = 20°). BOLD-weighted fMRI data were671

acquired using a gradient-echo EPI sequence, TR/TE = 3000/35 ms, field-of-view = 192672

mm, 64 × 64 acquisition matrix, parallel acceleration factor = 2, 90° flip angle. Fifty-673

three oblique-axial slices were acquired in an interleaved fashion, each 3 mm thick with674

zero slice gap (3 × 3 × 3-mm voxels). A total of 240 volumes were acquired. There were675

each 100 volumes during the pre-injection and post-injection periods that were suggested676

to use for data analyses (i.e., 40 volumes during the injection were excluded). Reported677

results in the project were mainly generated from the post-injection dataset.678

Ketamine (KETA)679

The KETA dataset was shared by a previously published study. The data acquisition680

protocols were described in detail in a previous paper [58], so only a brief summary681

is provided here. Twenty-one young healthy participants (11 female, mean age = 28.7682

years, SD = 3.2 years) were recruited to participate in the experiment which involved683

two conditions separated by at least 1 week. On one occasion, they received a continuous684

computer-controlled intravenous infusion of a racemic ketamine solution (2mg/ml) until685

a targeted plasma concentration of 100 ng/ml was reached, on the other occasion, saline686

infusion was administered. Infusion order was randomly counterbalanced across partici-687
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pants. Participants were instructed to close their eyes and let the minds wander without688

going to sleep.689

All imaging was performed on a 3.0 T MRI scanner (Siemens Magnetom, Trio Tim,690

Erlangen, Germany) equipped with a 12-channel array coil located at the Wolfson Brain691

Imaging Centre, Addenbrooke’s Hospital, Cambridge, UK. For every structural MRI scan,692

high-resolution anatomical T1 images were acquired using a three-dimensional magnetic-693

prepared rapid gradient echo (MPPRAGE) sequence. 176 contiguous sagittal slices (1.0694

mm thickness, TR = 2300 ms, TE = 2.98 ms, flip angle = 91°, FOV = 256 mm in 240695

× 256 matrix) were acquired with a voxel size of 1.0 mm3. For functional MRI data,696

T ↑

2 -weighted echo-planar images (3 × 3 × 3.75 mm voxel size, TR = 2000 ms, TE =697

30 ms, flip angle of 78° in 64 × 64 matrix size, and 240 mm FOV) were acquired under698

eyes-closed resting-state conditions. Imaging parameters were. A total of 300 volumes699

comprising 32 slices each were obtained.700

Propofol-London Ontario site (PPFL-L)701

The PPFL-L dataset was shared by a previously published study. The data acquisition702

protocols were described in detail in a previous paper [59], so only a brief summary is pro-703

vided here. Nineteen (6 female, 18–40 years) healthy participants were recruited. During704

scanning, participants were asked to close eyes and not fall asleep, during which, a 5-min705

continuous audio story was presented to the participants. An 8-min resting state scanning706

was also acquired. The audio story and resting state scanning were both acquired while707

participants were awake (non-sedated) and deeply anaesthetised with propofol (Ramsay708

score 5). Both sessions were taken into analyses for the aforementioned reasons (detailed709

in the paragraphs for introducing the LSD dataset). Ramsay level 5 was considered710

achieved once participants stopped responding to verbal commands and were rousable711

only to physical stimulation. The mean estimated e”ect-site propofol concentration was712

2.48 (1.82–3.14) µg/ml, and the mean estimated plasma propofol concentration was 2.68713

(1.92–3.44) µg/ml. Mean total mass of propofol administered was 486.58 (373.30–599.86)714

mg.715

All imaging was performed on a 3 Tesla Siemens Tim Trio system, with a 32-channel716

head coil. Structural MRI scans were obtained using a T1-weighted 3D MPRAGE se-717

quence (32 channel coil, voxel size: 1 × 1 × 1 mm, acquisition time = 5 minutes and 38718

seconds, TE = 4.25 ms, matrix size = 240 × 256 × 192, flip angle = 9°). For functional719

32



MRI, echo-planar images were acquired (33 slices, voxel size: 3 × 3 × 3, inter-slice gap of720

25%, TR = 2000 ms, TE = 30 ms, matrix size = 64 × 64, flip angle = 75°). The audio721

story and resting state scanning had 155 and 256 volumes, respectively.722

Propofol-Cambridge site (PPFL-C)723

We have collected the PPFL-C dataset and published it for a di”erent study in a previous724

paper [60], so only a brief summary is provided here. Twenty-five participants (mean =725

34.62 years, SD = 9.05 years, range = 19-52 years) recruited to the study. During scanning,726

participants were instructed to “keep their eyes closed and think of nothing in particular”.727

Propofol was administered using a computer controlled intravenous infusion aiming to728

achieve three target plasma levels: no drug (awake) and 1.2 µg/ml (moderate sedation).729

At regular intervals between scans, depth of sedation was evaluated by assessing the730

participants’ responsiveness to verbal instructions. Only awake and moderate conditions731

were included for further analyses in this project.732

All imaging was performed on a Siemens Trio 3T scanner (WBIC, Cambridge). T1-733

weighted structural images were also acquired at 1 mm isotropic resolution in the sagittal734

plane, using an MPRAGE sequence with TR = 2250 ms, inversion time (TI) = 900 ms, TE735

= 2.99 ms and flip angle = 9°. Each functional BOLD volume consisted of 32 interleaved,736

descending, oblique axial slices, 3 mm thick with interslice gap of 0.75 mm and in-plane737

resolution of 3 mm, field of view = 192 × 192 mm, repetition time = 2 s, acquisition time738

= 2 s, time echo = 30 ms, and flip angle = 78°. A total of 150 volumes of resting state739

fMRI were acquired at each level of sedation in a period of 5 min.740
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Spatial localisation of the regions of interest741
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Figure S1: Spatial localisation of the regions of interest (dPCu, mPCu, vPCu). (a) The
coronal, sagittal and horizontal view of the ROIs, overlapped with network atlases. The
upper panel shows the ROIs’ spatial localisation overlapped with the Yeo2011 7-network.
The lower panel shows the ROIs spatial localisation overlapped with the Smith2009 10-
RSN atlas (probabilistic). The red regions in both panels indicate the DMN. (b) Seed-
based FC of d/m/vPCu. Resting-state FC in healthy awake participants revealed that the
d/m/vPCu have similar positive connectivity patterns, which all mainly cover the DMN
territory; however, as we move from the dorsal to the ventral sections of the PCu, the
di”erences among their FC patterns showed a spatial continuity, such that the connected
area in the posterior parietal cortex seemed to “migrate” from the upper to the lower
sulcus of the angular gyrus (AG), and the ventro-medial prefrontal cortex (vmPFC) and
the anterior cingulate cortex (ACC) get progressively more connected.
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Supplementary figures for the group-specific ICA components742

(a) DMN (b) lFPCN (c) rFPCN

Figure S2: Independent components identified as the DMN and FPCN in the LSD
(placebo) dataset

(a) DMN (b) lFPCN (c) rFPCN

Figure S3: Independent components identified as the DMN and FPCN in the PSILO
(placebo) dataset

(a) DMN (b) FPCN

Figure S4: Independent components identified as the DMN and FPCN in the PSILO
(placebo) dataset
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(a) DMN (b) FPCN

Figure S5: Independent components identified as the DMN and FPCN in the PPFL-
London (placebo) dataset

(a) DMN (b) FPCN

Figure S6: Independent components identified as the DMN and FPCN in the PPFL-
Cambridge (placebo) dataset
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Spatial entropy743

MEAN1 < MEAN2

H1 > H2

Figure S7: Illustration of spatial entropy (H). The first distribution compared to the
second distribution of data has a smaller mean but a bigger H (i.e., spatial entropy). As
visualised by the coloured pixels corresponding to the data, the first cartoon image looks
more patchy and scattered than the other one. We hypothesise that psychedelic ASC is
di”erent than sedative ASC for having higher spatial entropy, despite similarly having
reduced FGp.

Figure S8: Shannon entropy over di”erent bin numbers to use. The distribution of data
was averaged FGp across participants from all datasets.
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Figure S9: Group comparisons of the spatial entropy using di”erent bin numbers. Bin
numbers of 12 and 500 were used as alternatives to show that the presented results about
spatial entropy is not contingent on the chosen bin number 100. 12 was chosen as a lower
bound because with this bin number, the bin size is equivalent to a unit of standard
deviation of the group-averaged FGp distribution in both networks.

Significance testing results744

Table S1: Significance table for the statistical testing of the di!erences in the
precuneal functional gradient (FGp)) between drug and control conditions for
all the datasets.The null hypothesis is that there is no di”erence of FGp between con-
ditions, while the alternative hypothesis is that the FGp in the DMN or FPCN mask are
diminished under the drug-induced altered states of consciousness. One-tailed permuta-
tion tests were performed independently for each dataset, each FC type and each network.
P values for statistical inferences were family-wise corrected for the multiple comparisons.
The auditory stimuli for the LSD dataset was music, while that for the PPFL-L dataset
was story narration.

Dataset Session(s)
FC

type
Network T crit. T Pcorr Sig. DF

LSD rest+audio a DMN -36.94 -2.34 0.00 1 27003

LSD rest+audio a FPCN -50.07 -2.31 0.00 1 19833

LSD rest+audio + DMN -35.66 -2.34 0.00 1 27003

LSD rest+audio + FPCN -40.12 -2.31 0.00 1 19833

LSD rest+audio - DMN -8.98 -2.34 0.00 1 27003

LSD rest+audio - FPCN -52.96 -2.31 0.00 1 19833

LSD rest a DMN -87.84 -2.34 0.00 1 27003

LSD rest a FPCN -19.42 -2.31 0.00 1 19833

LSD rest + DMN -72.78 -2.34 0.00 1 27003

LSD rest + FPCN -48.58 -2.31 0.00 1 19833

LSD rest - DMN -64.33 -2.34 0.00 1 27003

LSD rest - FPCN -7.50 -2.31 0.00 1 19833

Continued on next page
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Table S1 – continued from previous page

Dataset Session(s)
FC

type
Network T crit. T Pcorr Sig. DF

LSD audio a DMN 44.39 -2.34 1.00 0 27003

LSD audio a FPCN -47.16 -2.31 0.00 1 19833

LSD audio + DMN 37.66 -2.34 1.00 0 27003

LSD audio + FPCN -27.18 -2.31 0.00 1 19833

LSD audio - DMN 23.35 -2.34 1.00 0 27003

LSD audio - FPCN -53.61 -2.31 0.00 1 19833

PSILO rest a DMN -17.88 -2.35 0.00 1 28701

PSILO rest a FPCN -69.38 -2.36 0.00 1 16933

PSILO rest + DMN -8.78 -2.35 0.00 1 28701

PSILO rest + FPCN -54.37 -2.36 0.00 1 16933

PSILO rest - DMN 12.17 -2.35 1.00 0 28701

PSILO rest - FPCN -69.38 -2.36 0.00 1 16933

KETA rest a DMN -13.39 -1.97 0.00 1 39032

KETA rest a FPCN -22.21 -2.00 0.00 1 18844

KETA rest + DMN -9.80 -1.97 0.00 1 39032

KETA rest + FPCN -46.04 -2.00 0.00 1 18844

KETA rest - DMN -37.46 -1.97 0.00 1 39032

KETA rest - FPCN 0.96 -2.00 0.71 0 18844

PPFL-L rest+audio a DMN -120.59 -2.38 0.00 1 26745

PPFL-L rest+audio a FPCN -130.64 -2.31 0.00 1 12058

PPFL-L rest+audio + DMN -134.78 -2.38 0.00 1 26745

PPFL-L rest+audio + FPCN -46.38 -2.31 0.00 1 12058

PPFL-L rest+audio - DMN -18.59 -2.38 0.00 1 26745

PPFL-L rest+audio - FPCN -140.74 -2.31 0.00 1 12058

PPFL-L rest a DMN -62.76 -2.38 0.00 1 26745

PPFL-L rest a FPCN -85.81 -2.31 0.00 1 12058

PPFL-L rest + DMN -99.23 -2.38 0.00 1 26745

PPFL-L rest + FPCN 31.16 -2.31 1.00 0 12058

PPFL-L rest - DMN 89.15 -2.38 1.00 0 26745

PPFL-L rest - FPCN -152.64 -2.31 0.00 1 12058

PPFL-L audio a DMN -126.13 -2.38 0.00 1 26745

Continued on next page
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Table S1 – continued from previous page

Dataset Session(s)
FC

type
Network T crit. T Pcorr Sig. DF

PPFL-L audio a FPCN -134.32 -2.31 0.00 1 12058

PPFL-L audio + DMN -119.33 -2.38 0.00 1 26745

PPFL-L audio + FPCN -101.69 -2.31 0.00 1 12058

PPFL-L audio - DMN -72.02 -2.38 0.00 1 26745

PPFL-L audio - FPCN -103.23 -2.31 0.00 1 12058

PPFL-C rest a DMN -45.14 -1.96 0.00 1 22533

PPFL-C rest a FPCN -5.40 -1.95 0.00 1 21377

PPFL-C rest + DMN -57.73 -1.96 0.00 1 22533

PPFL-C rest + FPCN 1.75 -1.95 0.93 0 21377

PPFL-C rest - DMN -21.10 -1.96 0.00 1 22533

PPFL-C rest - FPCN -9.21 -1.95 0.00 1 21377

a: all; +: positive; -: negative ;

crit. T: critical T-value for 95% confidence;

Pcorr: Family-wise error rate corrected P value;

Sig.: significance decision;

DF: degrees of freedom;
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