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a b s t r a c t 

Background: Psilocin, the neuroactive metabolite of psilocybin, is a serotonergic psychedelic that induces an 
acute altered state of consciousness, evokes lasting changes in mood and personality in healthy individuals, 
and has potential as an antidepressant treatment. Examining the acute effects of psilocin on resting-state time- 
varying functional connectivity implicates network-level connectivity motifs that may underlie acute and lasting 
behavioral and clinical effects. 
Aim: Evaluate the association between resting-state time-varying functional connectivity (tvFC) characteristics 
and plasma psilocin level (PPL) and subjective drug intensity (SDI) before and right after intake of a psychedelic 
dose of psilocybin in healthy humans. 
Methods: Fifteen healthy individuals completed the study. Before and at multiple time points after psilocybin 
intake, we acquired 10-minute resting-state blood-oxygen-level-dependent functional magnetic resonance imag- 
ing scans. Leading Eigenvector Dynamics Analysis (LEiDA) and diametrical clustering were applied to estimate 
discrete, sequentially active brain states. We evaluated associations between the fractional occurrence of brain 
states during a scan session and PPL and SDI using linear mixed-effects models. We examined associations be- 
tween brain state dwell time and PPL and SDI using frailty Cox proportional hazards survival analysis. 
Results: Fractional occurrences for two brain states characterized by lateral frontoparietal and medial fronto- 
parietal-cingulate coherence were statistically significantly negatively associated with PPL and SDI. Dwell time 
for these brain states was negatively associated with SDI and, to a lesser extent, PPL. Conversely, fractional 
occurrence and dwell time of a fully connected brain state partly associated with motion was positively associated 
with PPL and SDI. 
Conclusion: Our findings suggest that the acute perceptual psychedelic effects induced by psilocybin may stem 

from drug-level associated decreases in the occurrence and duration of lateral and medial frontoparietal connec- 
tivity motifs. We apply and argue for a modified approach to modeling eigenvectors produced by LEiDA that 
more fully acknowledges their underlying structure. Together these findings contribute to a more comprehensive 
neurobiological framework underlying acute effects of serotonergic psychedelics. 
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. Introduction 

Psilocybin is a psychedelic compound that has gained significant
nterest over the last decade with promising evidence for therapeutic
fficacy in treating several neurological and neuropsychiatric disorders,
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ncluding depression ( Carhart-Harris et al., 2021 , 2018 ; Davis et al.,
021 ), anxiety ( Vargas et al., 2020 ), substance abuse ( Bogenschutz
t al., 2022 ; Garcia-Romeu et al., 2019 ), migraine ( Schindler et al.,
021 ), and cluster headache ( Madsen et al., 2022 ; Sewell et al., 2006 ).
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hrough stimulation of the serotonin 2A receptor (5-HT2AR), psilocin,
he neuroactive metabolite of psilocybin, potently and acutely induces
n altered state of consciousness ( Griffiths et al., 2006 ; Hasler et al.,
004 ; Madsen et al., 2019 ; Stenbæk et al., 2021 ). Psilocybin also induces
apid and lasting positive effects on mood, well-being, and personality
 Carhart-Harris et al., 2018 ; Erritzoe et al., 2018 ; MacLean et al.,
011 ; Madsen et al., 2020 ). These intriguing effects precipitate the
eed to resolve associated and perhaps mediating neurobiological
echanisms. Such information can potentially inform future drug
evelopment programs and identify patient subgroups that may benefit
rom psychedelic therapy or predict potential adverse drug effects. 

Previous studies have characterized distributed functional brain con-
ectivity and macroscale cerebral networks acutely affected by a single
dministration of a serotonin psychedelic compound such as psilocy-
in with resting-state functional magnetic resonance imaging (rs-fMRI)
 McCulloch et al., 2022 ; Vollenweider and Preller, 2020 ). Studies sug-
est modulation of distributed connectivity patterns includes alterations
n thalamic connectivity ( Preller et al., 2019 ), whole-brain connec-
ivity ( Madsen et al., 2021 ; Preller et al., 2020 ), decreased segrega-
ion and integration of canonical resting-state networks ( Madsen et al.,
021 ; Mason et al., 2020 ), and macroscopic measures such as entropy
 Carhart-Harris et al., 2014 ). However, most studies have focused on
static ” functional connectivity, estimated as the correlation between
airs or across sets of areas over the duration of the scan session. This
pproach assumes signal stationarity for the entirety of the 5–10-minute
s-fMRI scan session, which may neglect relevant and observable neural
ynamics arising from, e.g., mind-wandering or ephemeral experiences.

Time-varying functional connectivity (tvFC) has emerged as a
ethod for extracting informative, time-varying brain connectivity pat-

erns ( Lurie et al., 2020 ; Preti et al., 2017 ). Unsupervised machine
earning methods are employed to cluster instantaneous or small time-
indow connectivity metrics into discrete groups of distinct coactiva-

ion. Such metrics are usually model-based and include lagged and zero-
ag correlation coefficients and various estimates of interregional func-
ional synchrony ( Bastos and Schoffelen, 2016 ; Glerean et al., 2012 ).
n appealing aspect of tvFC strategies is that they attempt to model dy-
amics of connectivity processes that occur within a resting-state scan
ession, which is particularly relevant to the evaluation of psychedelics,
hich induce a dynamically evolving psychological experience. 

Acute psychedelic effects on time-varying functional brain connec-
ivity have been previously examined in only two separate datasets
 Lord et al., 2019 ; Luppi et al., 2021 ; Tagliazucchi et al., 2014 ). Lord
nd colleagues applied Leading Eigenvector Dynamics Analysis (LEiDA)
 Cabral et al., 2017 ) to rs-fMRI data acquired before and after a single
ntravenous dose of psilocybin in nine subjects. The authors reported
hat the probability of occurrence ( “fractional occurrence ”) of a dis-
rete brain state comprising frontoparietal network elements was sig-
ificantly lower after psilocybin infusion ( Lord et al., 2019 ). Notably,
lasma psilocin levels were not measured, which we have shown is
ightly coupled to 5-HT2AR drug occupancy ( Madsen et al., 2019 ) at
he time of functional brain imaging. Moreover, there was only par-
ial agreement between the discrete brain states identified and canoni-
al resting-state networks, suggesting that acute psilocin effects may be
nformatively characterized by approaches that group sets of regions
n a data-driven manner (e.g., clustering) as opposed to a priori de-
ned network structures. It is critical to evaluate whether similar find-

ngs are observed in an independent sample and to evaluate this effect
ollowing oral psilocybin administration, as this is how it is adminis-
ered clinically. During oral administration, the psychedelic effects are
rotracted over approximately six hours. Examining psilocybin effects
n functional connectivity in alignment with an assessment of plasma
silocin levels and subjective effects throughout this period provides a
ovel perspective on its dynamic effects on the brain. 

Furthermore, we see an opportunity to improve LEiDA and associ-
ted statistical evaluations. Typically, LEiDA clusters leading eigenvec-
ors of instantaneous phase coherence maps using Euclidean k-means.
2 
rior to clustering, eigenvectors are flipped so that the majority of ele-
ents are negative. However, eigenvectors are, in practice, normalized

o have unit length and have arbitrary sign, attributes not acknowledged
y Euclidean k-means nor preserved by the aforementioned flip proce-
ure (see Supplementary Figure S1). Further, in the case of an eigen-
ector with similar numbers of positive and negative loadings, slight
ariations can result in sign flips that place otherwise similar eigen-
ectors in different areas of this region space, which can affect clus-
ering results when antipodal symmetry is not considered. This leads
o sub-optimal clustering. More recent approaches to address the is-
ue of spherical distribution of eigenvectors include “k-medoids ”, which
abels observed data points as centroids ( Farinha et al., 2022 ). How-
ver, this leaves unresolved the limitation of the sign-flip procedure.
irectional statistics is a branch of statistics that deals with data where

he direction holds more information than the amplitude, typically rep-
esented as normalized vectors distributed on some geometric man-
fold ( Mardia and Jupp, 1999 ). Specifically, the Watson distribution
 Watson, 1965 ) models data distributed on the antipodally symmet-
ic ( 𝑃 − 1 ) -dimensional unit hypersphere, corresponding to the distribu-
ion of independent and identically distributed eigenvectors. Diametri-
al clustering ( Dhillon et al., 2003 ) is the k-means equivalent of Watson
ixture models ( Sra and Karp, 2013 ) and may offer more suitable clus-

ering of eigenvectors in LEiDA by respecting the spherical manifold and
ign ambiguity of orthonormal eigenvectors ( Jensen et al., 2022 ). 

In addition to fractional occurrence, the average duration of brain
tate occurrences ( “dwell time ”) can complementarily inform the na-
ure of connectivity dynamics. Previously, studies have analyzed mean

well time using simple t-tests, which do not account for the exponen-
ial decrease in state activation probability as a function of the num-
er of consecutive active time points. We suggest modeling dwell time
sing survival analysis, which more appropriately captures the condi-
ional dependence of state probability on the previous length of active
ime ( Cox, 1972 ). 

Here we evaluated acute psilocybin effects on tvFC with blood-
xygen-level-dependent (BOLD) rs-fMRI in 15 healthy participants, each
f whom completed one 10-min rs-fMRI scan session before intake of a
sychedelic dose of psilocybin and multiple 10-min rs-fMRI scan ses-
ions after psilocybin intake (approximately 40, 80, 140 and 300-min
ost-administration). We applied LEiDA with diametrical clustering to
ccount for the intrinsic spherical geometry and antipodal symmetry
n the distribution of eigenvectors. We investigated a range of number
f clusters 𝑘 ∈ { 2 , … , 20 } to analyze the stability of our findings across
artitions of the data space, similar to previous studies ( Cabral et al.,
017 ; Figueroa et al., 2019 ). To establish the association between tvFC
haracteristics and the psychopharmacological effects of psilocybin, we
etermined the association between the fractional occurrence of discrete
rain states, defined by clustering, and both plasma psilocin level (PPL)
nd subjective drug intensity (SDI), which we have shown are coupled to
-HT2AR occupancy and baseline 5-HT2AR ( Madsen et al., 2021 , 2019 ;
tenbæk et al., 2021 ). We determined associations between PPL and SDI
nd discrete brain state dwell time using Cox regression frailty models.

. Methods 

A brief description of experimental procedures is provided here; a
ull description can be found elsewhere ( Madsen et al., 2021 ). 

.1. Experimental procedures 

Fifteen healthy participants (age 34.3 ± 9.8 years, six females) with
o or limited prior experience with psychedelics were recruited for a
rain imaging study, including a single psilocybin intervention. All par-
icipants provided written informed consent and were healthy, including
creening for neurological, psychiatric, or somatic illnesses. Two psy-
hologists prepared participants and supported them at all stages of the
ntervention. 
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Psilocybin was taken orally in multiples of 3 mg psilocybin capsules,
osed according to body weight (total dose: 0.24 ± 0.04 mg/kg) in
 single-blind cross-over study design. Within each cross-over, partici-
ants received either psilocybin or a non-psychedelic drug (ketanserin),
.e., there is not a placebo condition; only the psilocybin data (pre-
nd post-drug) are reported here. Functional neuroimaging data were
cquired once before and at regular intervals (approximately 40, 80,
30, and 300 min) after administration. Immediately after each rs-fMRI
cquisition, participants were asked to rate their perceived SDI on a
ikert scale from 0 to 10 (0 = “not at all intense ”, 10 = “very in-
ense ”). Following each subjective rating, a blood sample was drawn
rom an intravenous catheter to determine the concentration of uncon-
ugated psilocin in plasma ( Kolaczynska et al., 2021 ; Madsen et al.,
021 ). The study was approved by the ethics committee for the cap-
tal region of Copenhagen (journal identifier: H-16,028,698, amend-
ents: 56,023; 56,967; 57,974; 59,673; 60,437; 62,255) and the Danish
edicines Agency (EudraCT identifier: 2016–004,000–61, amendments:

017,014,166; 2017,082,837; 2018,023,295). 

.2. Neuroimaging data acquisition 

MRI data were acquired on a 3T Siemens Prisma scanner (Siemens,
rlangen, Germany) with a 64-channel head coil. A structural T1-
eighted 3D image was acquired at the pre-drug imaging session (in-
ersion time = 900 ms, TE/TR = 2.58/1900 ms, flip angle = 9°, matrix
56 × 256 × 224, resolution 0.9 mm isotropic, no gap). BOLD fMRI
ata were acquired using a T2 ∗ -weighted gradient echo-planar imag-
ng sequence (TE/TR = 30/2000 ms, flip angle = 90°, in-plane ma-
rix = 64 × 64 mm, in-plane resolution = 3.6 × 3.6 mm, 32 slices, slice
hickness = 3.0 mm, gap = 0.75 mm). 300 vol (10 min) were acquired in
ach imaging session. Participants were wearing noise-cancelling head-
hones, which were powered off, and were instructed to close their eyes
nd let the mind wander freely without falling asleep. In total, 74 scan
essions were acquired across the 15 participants. 

.3. fMRI data preprocessing 

fMRI data preprocessing was performed separately for each of the
0-minute rs-fMRI scan sessions. The data were preprocessed in SPM12
 http://www.fil.ion.ucl.ac.uk/spm ). Steps included 1) slice-timing cor-
ection, 2) spatial realignment and field unwarping, 3) co-registration of
he T1-weighted structural image to the first functional volume, 4) seg-
entation of the T1-weighted image into gray matter, white matter, and

erebrospinal fluid (CSF) maps, 5) normalization of the 𝑃 = 90 dimen-
ional Anatomical Automatic Labeling (AAL) atlas (excluding cerebel-
um) ( Tzourio-Mazoyer et al., 2002 ) to the co-registered structural im-
ges, and 6) smoothing of functional images (4 mm FWHM Gaussian ker-
el). Motion and signal variance artifacts were identified using Artifact
etection Tool (ART, https://www.nitrc.org/projects/artifact_detect ).
s significant motion is to be expected ( Carhart-Harris et al., 2012 )
nd something we have acknowledged previously with these data
 Madsen et al., 2021 ), we excluded individual scan sessions where more
han 50% of volumes exceeded the ART threshold (global threshold = 4
tandard deviations, motion threshold = 2 standard deviations). Based
n this criterion, two scan sessions from a single participant were ex-
luded, resulting in 21,600 rs-fMRI volumes included in subsequent
nalyses. We later provide an analysis of the dependence of our main
ndings on motion parameters. fMRI time-series were denoised using
ONN ( https://www.nitrc.org/projects/conn ) ( Whitfield-Gabrieli and
ieto-Castanon, 2012 ) by voxel-wise nuisance regression of 1) three

ranslation and three rotation parameters from realignment and their
rst-order derivatives, and 2) anatomical component correction using
he first five principal components and their first-order derivatives from
hite-matter and CSF time-series ( Behzadi et al., 2007 ). Time-series
ata were bandpass filtered between 0.008 and 0.09 Hz. We used the
3 
AL atlas to parcellate the denoised functional images into 90 cortical
nd subcortical regions. 

.4. Leading eigenvector dynamics analysis 

LEiDA attempts to summarize instantaneous (i.e., for every acquired
ample) functional brain connectivity through an assessment of inter-
egional phase coherence. The processing steps are 1) separation of am-
litude and phase from every regional signal, 2) establishing instanta-
eous phase coherence matrices as the cosine of pairwise phase differ-
nces, and 3) reducing dimensionality by extracting the first eigenvector
or every phase coherence matrix (see Fig. 1 ). The result is an eigenvec-
or for every time point with the same dimensionality as the input data,
hich represents the main direction of variation of the corresponding
hase coherence matrix. Thus, nodes with the same sign are said to be
oherent, and their size represents the strength of coherence with all
ther nodes. 

The Hilbert transform can be used to decompose a signal 𝑠 ( 𝑡 ) into am-
litude 𝑎 ( 𝑡 ) and phase 𝜃( 𝑡 ) through the relation 𝑠 ( 𝑡 ) = 𝑎 ( 𝑡 ) cos 𝜃( 𝑡 ) . Specif-
cally, for each scan session, the analytic signal 𝑧 ( 𝑡 ) = 𝑠 ( 𝑡 ) + 𝑖 𝑠 ℎ ( 𝑡 ) is con-
tructed, where 𝑖 is the imaginary unit and 𝑠 ℎ ( 𝑡 ) = 𝑠 ( 𝑡 ) ∗ 1 

𝜋𝑡 
is the Hilbert

ransform, where ∗ represents the convolution operator (see Fig. 1 ). The
nalytic signal represents a complex extension to the real signal where
scillations in the real signal become circular evolutions in the complex
lane, and signal magnitude becomes a distance from the origin (see
ig. 1 B). The complex analytic signal can be described in polar coordi-

ates 𝑧 ( 𝑡 ) = 𝑎 ( 𝑡 ) 𝑒 𝑖𝜃( 𝑡 ) with instantaneous amplitude 𝑎 ( 𝑡 ) = 

√ 

𝑠 ( 𝑡 ) 2 + 𝑠 ℎ ( 𝑡 ) 2

nd phase 𝜃( 𝑡 ) = 𝑎𝑟𝑐𝑡𝑎𝑛 ( 𝑠 ℎ ( 𝑡 ) 
𝑠 ( 𝑡 ) ) . The instantaneous phase is the angle from

he positive x-axis to z(t) and the series is a sawtooth curve with a dis-
ontinuity at the jump from − 𝜋 to 𝜋 (see Fig. 1 A, 2nd panel). The phase
enerally contains the oscillatory information in 𝑠 ( 𝑡 ) , while 𝑎 ( 𝑡 ) encom-
asses (potentially spurious) amplitude information, which is discarded
n LEiDA. Instantaneous phase coherence between brain region pairs
 𝑗, 𝑘 ) ∈ { 1 , … , 𝑃 } 2 , where 𝑃 = 90 is the number of regions in the AAL
tlas, is described using the symmetric phase coherence map 𝑨 𝑡 for ev-

ry time point 𝑡 with elements 𝐴 𝑡,𝑗,𝑘 = 𝑐𝑜𝑠 ( 𝜃𝑡,𝑗 − 𝜃𝑡,𝑘 ) . Since 𝑨 𝑡 has 𝑃 
2 − 𝑃 
2 

nique elements, we may be well served by describing its information
n lower dimensions using the eigendecomposition. Due to the angle
ifference identity cos ( 𝜃𝑗 − 𝜃𝑘 ) = cos 𝜃𝑗 cos 𝜃𝑘 + sin 𝜃𝑗 sin 𝜃𝑘 , for any two
egions 𝑗 and 𝑘 , 𝑨 𝑡 can be fully decomposed into two P-dimensional or-
hogonal eigenvectors, which are each a linear combination of the vec-
ors 𝒄 = cos 𝜃𝑡 and 𝒔 = sin 𝜃𝑡 . For each time point, we retained only the
igenvector 𝒗 1 ,𝑡 corresponding to the largest eigenvalue, thereby captur-
ng the dominant instantaneous connectivity pattern. 

.5. Clustering 

Eigenvectors are generally normalized to unit length and have ar-
itrary sign, and are thus distributed on the surface of the antipodally
ymmetric (two points located exactly opposite represent the same en-
ity) unit hypersphere (see Fig. 1 D). The (Dimroth-Scheidegger)-Watson
istribution models such data ( Sra and Karp, 2013 ; Watson, 1965 ) and
s thus preferable to, e.g., the Gaussian distribution, which assumes Eu-
lidean distance between samples (see Figure S1). If we assume that
igenvectors can be described by a mixture of independent Watson dis-
ributions, we can disentangle clusters by estimating a Watson mixture
odel. Diametrical clustering is derived from mixture modeling of mul-

ivariate Watson distributions where only the mean direction is mod-
led, disregarding cluster variance and covariance structures, simplify-
ng the analysis of brain states ( Dhillon et al., 2003 ; Sra and Karp, 2013 ).
iametrical clustering can be regarded as the standard k-means algo-

ithm where centroid locations are updated according to the squared

earson correlation similarity measure: si 𝑚 𝑡,𝑐 = ( 𝒗 𝑇 1 ,𝑡 𝝁𝑐 ) 
2 
, where 𝝁𝑐 is the

entroid of cluster c , and 𝒗 1 ,𝑡 the leading eigenvector of the phase coher-
nce map for any time point t or scan session. Importantly, this approach

http://www.fil.ion.ucl.ac.uk/spm
https://www.nitrc.org/projects/artifact_detect
https://www.nitrc.org/projects/conn
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Fig. 1. Methodological pipeline for leading eigenvector dynamics analysis (LEiDA) and diametrical clustering for the extraction of phase coherence brain states from 

data. (A): The LEiDA pipeline consists of extraction of session and region-wise instantaneous BOLD phases (angle to the positive real axis) via the Hilbert transform (B) 
to retain information on the signal’s oscillatory nature and discard amplitude information. Subsequently (C), region-to-region phase coherence is evaluated for every 
time point in the instantaneous coherence map, which is decomposed using an eigenvalue decomposition, where only the leading eigenvector is retained. Diametrical 
clustering, which is the k-means-type framework that most optimally models unit norm data with arbitrary sign, is applied to the set of leading eigenvectors across 
all scan sessions and subjects to derive discrete brain states (D). Every volume is hard-assigned to the closest brain state, generating the network activation sequence 
(A, lower panel), after which session-specific brain state descriptors such as fractional occurrence or dwell time may be calculated. 
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ddresses two limitations of previously applied clustering techniques,
amely 1) the ability to group correlated and anticorrelated unit norm
ectors into the same cluster and 2) constraining the optimization to the
urface of the associated hypersphere. The squared Pearson correlation
s equivalent to the squared cosine similarity for normalized vectors and
hus equivalent to finding the squared cosine of the angle between unit
ectors. We initialized our algorithm using k-means ++ rewritten for di-
metrical clustering ( Arthur and Vassilvitskii, 2007 ). For each k , 200
eplications of the clustering algorithm were run, where the best of the
00 replications (in terms of the sum of squared Pearson correlation to
he nearest centroid) was chosen as the output. 

To retrieve recurrent interregional phase coherence patterns, we
rouped the 21,600 leading eigenvectors concatenated across all scan
essions into k clusters, which we denote “brain states ” (see Fig. 1 D).
he optimal number of brain states is not known or well-defined; there-
ore, we produced models for k ranging from 2 to 20, with higher k re-
ealing more fine-grained patterns ( Cabral et al., 2017 ; Figueroa et al.,
019 ). 

.6. Brain network state occurrence 

To identify associations between brain state dynamics and PPL and
DI, we calculated the fractional occurrence (FO) for each brain state,
s defined by the fraction of time points in a scan session assigned to
hat brain state. For each state, this produced 72 FO estimates, one for
ach scan session. We modeled the association between FO and PPL (or
DI) with a random intercept linear mixed-effects model to account for
4 
nter-subject variability and a variable number of post-administration
can sessions. The models were fitted using maximum likelihood, and
e used the likelihood ratio to test for significance of the fixed effect
nd generate confidence intervals unadjusted for multiple comparisons
CI unadj ). To account for multiple testing across a set of k states, we per-
ormed permutation testing with max-T adjustment and 100,000 per-
utations by scrambling the normalized residuals of the linear mixed-

ffects model ( Lee and Braun, 2012 ; Westfall and Young, 1993 ). The
nitially observed statistical estimates (likelihood ratios) were then com-
ared to the distribution of maximum statistics across the k models for
very permutation, and a corresponding p-value was calculated as the
umber of permutations where the initial likelihood ratio exceeded the
aximum statistic. Permutation testing and Max-T correction were per-

ormed within- k and separately for the models with PPL and SDI as fixed
ffects, respectively. 

.7. Brain network state dwell time 

We employed survival analysis to model state dwell time, i.e., the
ime spent in a brain state before switching. Survival analysis explic-
tly models the exponential decrease in (state) survival probability as
 function of the survival time, making it preferable to, e.g., average
well time using group-wise statistical tests. We looped through all time
oints, and, whenever the brain state changed within a scan session,
e noted the number of preceding samples t and the corresponding

ubject, PPL, and SDI. The first and last active state from a scan ses-
ion was excluded since we cannot estimate the true dwell time in this
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ase. We modeled the dwell time of a brain state using a Cox propor-
ional hazards model, including a frailty element z to account for inter-
ubject variability: 𝜆( 𝑡 |𝑥 𝑛𝑙 , 𝑧 𝑛 ) = 𝑧 𝑛 𝜆0 ( 𝑡 ) exp ( 𝑥 𝑛𝑙 𝛽) , where 𝑛 = 1 , … , 𝑁 de-
otes subjects 𝑙 = 1 , … , 𝐿 𝑛 denotes sessions for subject n , and 𝑥 𝑛𝑙 the
orresponding PPL or SDI ( Cox, 1972 ; Vaupel et al., 1979 ). We report
he estimated hazard ratio 𝐻𝑅 = 𝑒 𝛽 = 

𝜆( 𝑡 |𝑥 =1) 
𝜆( 𝑡 |𝑥 =0) , which is proportional in

he covariate level (PPL or SDI). The associated confidence interval is
efined as 𝑒 𝛽±1 . 96 𝑠𝑒 ( 𝛽) , where 𝑠𝑒 ( 𝛽) is the estimated standard error of the
oefficient estimate. 𝜆0 ( 𝑡 ) represents the common baseline hazard irre-
pective of subject or covariate level. We could not find any existing
ermutation test specifically for frailty Cox proportional hazards mod-
ls. Therefore, we controlled the FWER using Bonferroni-Holm correc-
ion ( Holm, 1979 ) applied within- k . 

.8. Identification of recurrent brain states 

The diametrical clustering algorithm returns k unordered cluster di-
ections and labels of volumes assigned to each model according to the
quared Pearson correlation. To match brain states across k , the esti-
ated centroids for k were assigned to the closest centroid for 𝑘 − 1 ,
ithout replacement. To match specific centroids across different k , we

elected a template k , and, for all other k , found the centroid that most
losely matched the template centroid in terms of squared Pearson cor-
elation. To analyze clustering stability, we ran diametrical clustering
000 times with five replications each for all 𝑘 ∈ { 2 , … , 20 } , and iden-
ified, for each k , the state most closely matching the relevant template
tates. If the Pearson correlation coefficient between the identified states
nd the template was negative, the sign of the identified state was in-
erted. We also compared diametrical clustering output to that of Eu-
lidean k-means, where the output centroids from the latter were nor-
alized to unit length before matching. 

.9. Visualizations, code, and data availability 

We have published the MATLAB (The MathWorks, inc.) and R code
sed to generate the results presented in this study at ( https://github.
om/anders- s- olsen/psilocybin _ dynamic _ FC ). We used BrainNet Viewer
 Xia et al., 2013 ) ( https://www.nitrc.org/projects/bnv/ ) to generate
onnectivity visualizations. The datasets generated and/or analyzed
uring the current study can be made available upon completion of a
ormal data-sharing agreement. 

. Results 

21,600 leading eigenvectors defined by LEiDA were clustered into k
iscrete brain states defined by centroids (average eigenvectors across
ime within cluster) determined with diametrical clustering (see Fig. 1 ).

e explored a range of 𝑘 ∈ { 2 , … , 20 } centroids, aligned with previous
tudies ( Cabral et al., 2017 ; Figueroa et al., 2019 ; Kringelbach et al.,
020 ). Generally, specific centroid locations were stable across contigu-
us values of k ; 90-dimensional projections of all centroids for all values
f k can be found in Supplementary Video S2. See Fig. 2 for a visualiza-
ion of estimated brain states for k = 7. 

For all values of 𝑘 ≥ 4 , we observed a “global ” brain state charac-
erized by all centroid elements having the same sign (see state 1 in
ig. 2 ). All other brain states were characterized by coherence load-
ngs in both directions. For example, for k = 7, brain state 2 showed
trong coherence between areas related to visual processing (red nodes)
nd regions related to the salience network (blue nodes). Brain state 4
howed coherence between regions related to the frontoparietal, or cen-
ral executive network, including the dorsolateral prefrontal cortex and
osterior parietal cortex. Anti-coherent elements were observed in cin-
ulate (anterior, medial, and posterior) and parietal regions. Coherence
ay be understood as a parallel to synchronization. Put another way,

wo nodes of the same sign are synchronous with each other, i.e., their
hase differences are between [ − 

𝜋 ; 𝜋 ] , and will have a positive edge. 
2 2 

5 
.1. Psilocybin effects on brain state fractional occurrence and dwell time 

All p-values are presented along their corresponding centroid in Sup-
lementary Video S2. All centroids across all values of k showing a sta-
istically significant association between either PPL or SDI and either
O or dwell time are listed in Supplementary Table S3. 

Figs. 3 A and 3 C summarize FWER-controlled p-values of linear
ixed-effects models estimates of the association between fractional oc-

urrence (FO) of individual brain states and PPL or SDI, respectively.
cross multiple values of 𝑘 ≥ 4 , we observed one brain state ( “fron-

oparietal state 1 ″ , green triangle symbols in Fig. 3 , see also brain
tate visualization in Fig. 4 ) for which the FO was statistically signif-
cantly negatively associated with both PPL ( k = 7 : slope = − 0.0064
O per 𝜇g/L PPL, 95% CI unadj = [ − 0.0091; − 0.0036]; p FWER-maxT <

.001) and SDI ( k = 7 : slope = − 0.013 FO per SDI rating, 95%
I unadj = [ − 0.017; − 0.009]; p FWER-maxT < 0.001). Specifically, the as-
ociation between brain state FO and PPL was significant for the inter-
al 𝑘 ∈ { 4 , … , 8 , 10 } , whereas for SDI, this association was significant
or all 𝑘 ≥ 4 except 𝑘 = 17 . Put another way, the average total time the
rain occupies this frontoparietal state during the course of a 10-min
s-fMRI scan was negatively related to PPL and SDI. For 𝑘 ≥ 8 , we ob-
erved a second brain state ( “frontoparietal state 2 ″ , red star symbols
n Fig. 3 , see also Supplementary Figure S4) for which the FO was also
tatistically significantly negatively associated with both PPL ( k = 11 :
lope = − 0.0045 FO per 𝜇g/L PPL, 95% CI unadj = [ − 0.0064; − 0.0026];
 FWER-maxT < 0.001) and SDI ( k = 11 : slope = − 0.0089 FO per SDI rat-
ng, 95% CI unadj = [ − 0.011; − 0.0065]; p FWER-maxT < 0.001). For PPL,
his association was significant for all 𝑘 ∈ { 8 , … , 19 } except 𝑘 = 9 . For
 ≥ 4 , we observed a third brain state ( “fully connected state ”, blue
iamond symbols in Fig. 3 , see also Supplementary Figure S5) for
hich the FO was statistically significantly positively associated with
DI for all 𝑘 ≥ 5 ( k = 7 : slope = 0.0078 FO per SDI rating, 95%
I unadj = [0.0027;0.013]; p FWER-maxT = 0.026). We did not observe any
tatistically significant associations between the fully connected state
nd PPL ( k = 7 : p FWER-maxT = 0.284). 

Fig. 3 B and 3 D summarize Bonferroni-Holm corrected p-values of
ox proportional hazards models of the effect of PPL and SDI on dwell
ime, respectively. Frontoparietal state 1 dwell time was negatively
ssociated with PPL across several values of k ( k = 7 ; Hazard ratio
HR) = 1.018, 95% CI unadj = [1.006;1.028]; p FWER-BH = 0.012) and SDI
 k = 7 ; HR = 1.037, 95% CI unadj = [1.019;1.055]; p FWER-BH < 0.001).
pecifically, the association between brain state dwell time and PPL was
tatistically significant for 𝑘 ∈ { 4 , … , 9 } , whereas for SDI, this associa-
ion was statistically significant for 𝑘 ∈ { 4 , … , 11 , 13 } . In other words,
he higher the PPL and SDI, the larger the hazard ratio, i.e., the less aver-
ge continuous time spent in frontoparietal state 1. For 𝑘 ≥ 8 , frontopari-
tal state 2 also showed a negative association with both PPL ( k = 11 ;
R = 1.022, 95% CI unadj = [1.009;1.036]; p FWER-BH = 0.011) and SDI
 k = 11 ; HR = 1.047, 95% CI unadj = [1.025;1.069]; p FWER-BH < 0.001).
verall, frontoparietal state 2 was significantly inversely associated to
PL for 𝑘 = { 10 , … , 13 } and to SDI for 𝑘 ∈ { 10 , … , 15 , 17 } . For 𝑘 ≥ 4 we
bserved that dwell time of the fully connected state was positively as-
ociated with both PPL ( k = 7 ; HR = 0.982, 95% CI unadj = [0.971;0.994];
 FWER-BH = 0.022) for 𝑘 = { 6 , … , 9 } and SDI ( k = 7 ; HR = 0.970, 95%
I unadj = [0.953;0.987]; p FWER-BH = 0.005) for 𝑘 ∈ { 4 , … , 9 , 12 , 13 , 20 } . 

.2. Stability of highlighted states 

To identify the three brain states across k , we defined template cen-
roids ( k = 7 for frontoparietal state 1 and the fully connected state,
 = 11 for frontoparietal state 2, see Supplementary Figures S6–8). For
very k , the brain state most closely matching each of these three tem-
lates were marked. In Supplementary Figure S9, between- k correla-
ion coefficients indicate that the three states had very similar centroids
cross the range of k . The between- k similarity can also be confirmed vi-
ually in Supplementary Figures S6-S8. Frontoparietal state 2 appeared

https://github.com/anders-s-olsen/psilocybin_dynamic_FC
https://www.nitrc.org/projects/bnv/
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Fig. 2. Brain states estimated using LEiDA and diametrical clustering with k = 7 with spatial connectivity representation (A), coherence maps defined as the outer 
product of the cluster centroid (B), and surface rendering of the cluster centroid (C). Only edges above the 75th percentile of absolute edge strengths are shown. In 
(A), all positive edges are shown in red and negative edges in blue, while nodes are colored according to the sign of their element in the respective cluster centroid. 

Fig. 3. Summary statistics linking brain state fractional occurrence and dwell time with plasma psilocin level (PPL) and subjective drug intensity (SDI). (A): Linear 
mixed-effects models of the association between PPL and brain state fractional occurrence. (B): Cox proportional hazards frailty models of the association between PPL 
and brain state dwell time. (C): Linear mixed-effects models of the association between SDI and brain state fractional occurrence. (D): Cox proportional hazards frailty 
models of the association between SDI and brain state dwell time. Horizontal red line denotes family-wise error rate (FWER) threshold for statistical significance. 
Fractional occurrence p-values were corrected using 100,000 permutations and max-T correction applied within-k (see Methods). Where an observed statistic exceeded 
all permuted values, the p-value was set to 10 −5 (i.e., − log 10 ( 𝑝 ) = 5 ). Dwell time p-values were corrected using Bonferroni-Holm applied within-k. For every k, points 
were identified as one of the three brain states by matching all the corresponding centroids to the templates ( k = 7 for frontoparietal state 1 and the fully connected 
state, k = 11 for frontoparietal state 2). 

6 
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Fig. 4. Frontoparietal state 1 and statistical associations for k = 7. (A): 90-dimensional centroid, where region pairs with the same sign are said to be coherent. Many 
frontal regions, superior and inferior parietal regions, and inferior temporal lobe showed coherence with each other (red). Likewise, areas around the parieto-occipital 
sulcus, cingulum, and medial orbital frontal cortex were coherent (blue). (B): Functional connectivity representation and surface rendering of the brain state. Edges 
are shown if their strength exceeds the 75th percentile of absolute edge strengths. In the connectivity visualization, negative edges are blue and positive edges are red, 
while nodes are colored according to the sign of their centroid element in (A). (C): Associations between the expression of frontoparietal state 1 and plasma psilocin 
level and subjective drug intensity using linear mixed-effects models for fractional occurrence (left, each point is a scan session) and frailty Cox proportional hazards 
models for dwell time (right). For dwell time, the marginal survival curves for pre-specified covariate levels are shown. Colors in plots of fractional occurrence (C, 
left) denote individual participants. 
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nitially at k = 8 and qualitatively became more associated with PPL
nd SDI than frontoparietal state 1 (see Fig. 3 ). Likewise, estimated frac-
ional occurrence slopes for the association between frontoparietal state
 and PPL and SDI approximately halved at the transition from k = 7 to
 = 8 (Supplementary Table S3), suggesting that frontoparietal state 2
as incorporated within frontoparietal state 1 for k < 8. 
7 
.3. Diametrical clustering stability and comparison to k-means 

Like most clustering algorithms, diametrical clustering is initialized
andomly. To quantify the variation in brain state centroid location be-
ween initializations, we ran diametrical clustering 1000 times with five
eplications and extracted the two frontoparietal states and the fully con-
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ected state. Supplementary Figure S10 shows the histogram of Fisher’s
-to-z scores of the Pearson correlation coefficients across all initializa-
ion pairs, including a fitted Gaussian curve. Generally, we see high clus-
ering stability regardless of initialization. The average correlation co-
fficient between initializations is numerically higher for the fully con-
ected state, followed by frontoparietal states 1 and 2. As expected, sta-
ility decreases with increasing 𝑘 . 

We compared brain state-specific differences in centroid locations
etween those obtained using the diametrical clustering method pre-
ented here and Euclidean k-means used in previous LEiDA-studies. No-
ably, at k = 7, the “fully connected state ” is not identified when using
he Euclidean k-means approach for clustering (Supplementary Figure
11). Although there are clear similarities across the brain states paired
etween the two clustering methods, the magnitudes of these similarities
re variable. To understand this variability more comprehensively, we
an both diametrical clustering and Euclidean k-means without replica-
ions using 1000 initializations and computed the correlation coefficient
or all 1000 × 1000 combinations between the two methods for each of
he extracted centroids for frontoparietal state 1, frontoparietal state 2,
nd the fully connected state. The mean, 𝜇𝜌, and standard deviation, 𝜎𝜌,
f these correlation coefficients are described in Supplementary Table
12. Although often highly correlated, these results show variability in
he correlation between these two clustering methods, suggesting they
o not always produce convergent results. 

Finally, we evaluated the effect of motion on our results by evaluat-
ng the association between brain state fractional occurrence and per-
can-averaged framewise displacement of the motion correction transla-
ion and rotation time series using a linear mixed effects model with sub-
ect as the random effect (see Supplementary Figure S13 for p-values).
otably, the fully connected state was significantly associated with mo-

ion for many of the evaluated 𝑘 . Both frontoparietal states showed a
ignificant association with motion for a few 𝑘 . 

. Discussion 

Here we evaluated acute psilocybin effects on dynamic functional
rain connectivity in healthy individuals. Most prominently, the higher
he subjective experience intensity and plasma psilocin level, the lower
he fractional occurrence of two discrete frontoparietal-like brain states.
imilarly, the dwell time of these brain states was inversely related to
lasma psilocin level and subjective drug intensity. We observed an in-
rease in the fractional occurrence and dwell time of a “fully-connected ”
rain state where all elements have the same sign, although the statisti-
al associations for this state were weaker. Together, these findings pro-
ide a novel mapping of drug availability and perceptual intensity of a
linically relevant psilocybin-induced psychedelic experience onto dis-
ributed whole-brain functional connectivity dynamics. We propose an
lternative method for clustering LEiDA-tvFC estimates that more faith-
ully respects the spherical manifold and sign ambiguity of orthonormal
igenvectors ( Dhillon et al., 2003 ; Sra and Karp, 2013 ). Taken together,
hese findings implicate dynamic neural processes underlying the acute
sychedelic effects of psilocybin, an important contribution to under-
tanding the effects of this rapidly emerging clinical therapeutic. 

The highlighted frontoparietal states 1 and 2 were both character-
zed by phase coherence between areas commonly assigned to a network
escribed as, e.g., the “frontoparietal ” network, “central executive ”, “ex-
cutive control ”, or “dorsal attention ” network ( Witt et al., 2021 ). Sim-
larly, these brain states expressed phase coherence between regions in
he cingulum, ventromedial prefrontal cortex, and some regions around
he parieto-occipital fissure, sporting some overlap with default mode
etwork regions (see Fig. 4 and Supplementary Figure S4). The regions
ith strong “negative ” loadings were remarkably similar between the

wo states. The two states mostly differed in the centroid loadings for
lements in the temporal lobe and the Rolandic operculum. A previous
tudy applying LEiDA to model dynamic functional connectivity follow-
ng psilocybin administration reported a similar brain state for models
8 
n the range 𝑘 ∈ { 5 , … , 10 } ( Lord et al., 2019 ). Despite methodological
ifferences between the studies, e.g., we administered psilocybin orally,
easured PPL, scanned participants multiple times after administration,

nd applied diametrical clustering; it is encouraging that our findings
ffer convergent evidence that decreased frontoparietal connectivity is
 critical neural characteristic of the psilocybin-induced drug experi-
nce. Notably, the networks with which these frontoparietal states more
rominently aligned are so-called “higher-order ” or “transmodal ” net-
orks, which are thought to support complex cognitive processes, e.g.,
bstract stimulus representation and manipulation ( Margulies et al.,
016 ). Although speculative, this may reflect the profoundly affected
houghts generated as well as interpretation of thoughts and external
timuli that characterize psilocybin and other psychedelic compounds.
e show here, for the first time, that these changes are proportionally

elated to PPL and SDI across the duration of the psychedelic experi-
nce. Contributing to our mechanistic understanding of the neurobio-
ogical mechanisms that shape psilocybin effects, our findings implicate
 systems-level neural correlate (frontoparietal state prevalence) to the
elation between available psilocin, which we have previously shown to
e associated with 5-HT2AR occupancy and subjective intensity of the
sychedelic experience ( Madsen et al., 2019 ). 

Consistent with the observed effects on fractional occurrence, we
bserved some evidence that dwell time, i.e., average time spent in the
tate before switching, of the frontoparietal states were similarly nega-
ively associated with PPL and SDI. However, this effect was statistically
ignificant for only a subset of the evaluated number of brain states, k .
otably, the integral of the subject-specific survival function for which
azard ratios were estimated is proportional to fractional occurrence.
his means that dwell time models not merely the (instantaneous) prob-
bility of being in a given state but also the exponential decrease of that
robability over consecutive time points. We infer that the numerically
onsistent associations with fractional occurrence and dwell time reflect
 psilocybin-induced “bias shift ” away from the observed frontoparietal
rain states. Previous studies examining brain state switching mecha-
isms have typically evaluated transition probability matrices and spe-
ific state-to-state transition probabilities conditioned only on the cur-
ent state. Although dwell time is related to the diagonal elements of
he transition matrix, modeling it as a hazard ratio informs state sur-
ival across a broader time window, giving a more complete perspec-
ive on brain state dynamics. Modeling dwell time using survival analy-
is does not model all state-to-state transition probabilities individually.
owever, many of these transitions occur only rarely, and the set of sta-

istical tests squares with the number of brain states, 𝑘 , both of which
onstrain associated statistical estimates. In this way, we view the Cox
roportional hazards model as a valuable trade-off for evaluating state
well time and switching probability. 

Previous studies applying LEiDA have reported alterations in a “fully
onnected ” brain state, characterized by all elements having the same
ign ( Cabral et al., 2017 ; Escrichs et al., 2021 ; Farinha et al., 2022 ;
igueroa et al., 2019 ; Larabi et al., 2020 ; Lord et al., 2019 ; Stark et al.,
021 ; Vohryzek et al., 2020 ). Here we also observed this fully connected
tate and report an increase in fractional occurrence significantly associ-
ted with SDI, but not PPL. Interestingly, however, Supplementary Fig-
re S11 shows that we would not have identified this fully connected
tate if we applied LEiDA using the Euclidean k-means clustering method
or 𝑘 = 7 described previously. The observed slope estimates for the fully
onnected state are similar, and opposite to those for the two frontopari-
tal states for 𝑘 ≥ 8 , and approximately half that of frontoparietal state
 for 𝑘 < 8 . Similarly, dwell time for the fully connected state was signif-
cantly positively associated with both PPL and SDI. Here, hazard ratio
stimates were similar for all three highlighted brain states regardless
f k . These results indicate that while psilocin induces a decrease in the
ractional occurrence and dwell time of frontoparietal connectivity dy-
amics, only approximately half of the corresponding increase in brain
ctivity can be explained by a shift toward the fully connected state. We
bserved that the FO of the fully connected state was associated with
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otion (Supplementary Figure S13). The sometimes very significant as-
ociation between the fully connected state and motion suggests that
erhaps this state encapsulates some noise-related signal. Interestingly,
his is related to the ongoing discussion of the global signal potentially
eing partly explained by noise factors such as motion. As fractional
ccurrences must sum to one across all states, these findings suggest
dditional increases are spread across other states below the statistical
ignificance threshold, given the current data. 

Here we have presented the application of diametrical clustering,
hich we view as a fundamentally more appropriate clustering method

han k-means based on Euclidean distance because eigenvectors are, in
ractice, normalized to unit length. As such, the 21,600 points to be
lustered exist on a ( 𝑃 − 1 )-dimensional spherical manifold, with P = 90
eing the number of regions in the specified AAL atlas. The cluster cen-
roids should be estimated respecting this geometry, which is not the
ase with Euclidean k-means (Supplementary Figure S1). Additionally,
iametrical clustering acknowledges the antipodal symmetry along both
irections of a given eigenvector. The classical LEiDA approach seem-
ngly addresses this axial symmetry by flipping the 90-dimensional lead-
ng eigenvector for every time point, 𝑡 , if the number of positive elements
xceeds the number of negative elements, which we show can lead to
ub-optimal clustering (see Supplementary Figure S1). By acknowledg-
ng that the points are distributed on an antipodally symmetric unit
ypersphere using diametrical clustering, we obviate the need for ar-
itrary eigenvector sign flips. Supplementary Table S12 highlights that
lthough these two strategies can and do produce convergent centroids
n some circumstances, there are instances where the two methods di-
erge (e.g., see State 6 in Supplementary Figure S11). We view diamet-
ical clustering as a technically more appropriate method for clustering
igenvectors since it explicitly models vectors with unit length and arbi-
rary sign. Therefore, we suggest it is used in future studies investigating
vFC using LEiDA. 

In this study, we did not address the question of the optimal num-
er of brain states (i.e., cluster centroids). Rather, we explored a range
f k , 2 to 20, consistent with previous studies ( Cabral et al., 2017 ;
igueroa et al., 2019 ). We believe such an approach to be less arbi-
rary than selecting a single 𝑘 based on heuristics such as elbow criteria.
owever, the number of statistical tests increases substantially. Here we
orrected p-value thresholds for multiple comparisons only within-k and
resented results for brain states that showed significant associations
ith PPL or SDI across multiple contiguous values, leading us to believe

hat such effects are less likely to be random. In a hard class assignment
odel like diametrical clustering and other k-means models where clus-

er variance is disregarded, the addition of states will generally shift
he location of all other states, thus changing the state-allocation of
ome samples. Thus, brain state centroids and, correspondingly, statis-
ical tests will vary slightly over the range of 𝑘 . An encouraging sign of
he robustness of our observations is that cluster centroids were robust
o initialization (Supplementary Figure S10) and stable across 𝑘 (Sup-
lementary Figure S9). 

Opportunities remain for developing the methodology surrounding
he clustering of dynamic BOLD time series. Like other k-means meth-
ds, diametrical clustering applies a hard class assignment. Probabilistic
stimates of cluster assignment for points on a spherical manifold can be
stimated using the Watson mixture model, and non-circular cluster out-
ines can be estimated using the Bingham distribution ( Bingham, 1974 ;
ra and Karp, 2013 ; Watson, 1965 ). Beyond cluster centroids, direc-
ional archetypal analysis may be used to determine representative cor-

ers (archetypes) of the data cloud and thus modeling brain traversal
etween archetypes ( Olsen et al., 2022 ). These methods are not com-
only used, and their development may assist in clustering dynamic

unctional connectivity data structures and more objectively estimating
ow many brain states to include. Finally, retaining only the first eigen-
ector from the eigenvalue decomposition of the phase coherence matrix
ay remove meaningful information. The rank of a matrix with cosine

ntries is always two since the angle difference identity allows us to
9 
onstruct two linearly independent vectors, cosine and sine of the input
ector, respectively, that fully characterize all information in the input
atrix. The instantaneous leading eigenvector constructed as part of the

EiDA pipeline is thus some linear combination of those two trigonomet-
ic identities. We observed that, on average, 58% of the variance was
xplained by the first eigenvector. Future methodological studies should
onsider whether modeling a multivariate Hilbert phase series without
xplicitly computing coherence maps and their eigenvectors is possible.

We have previously reported a negative association between static
unctional connectivity within a priori defined resting-state networks,
s well as clusters of brain regions showing increased global functional
onnectivity as a function of PPL and SDI using rs-fMRI data evaluated
ere ( Madsen et al., 2021 ). Although the orientation of those and the
urrent findings are conceptually convergent, there are differences. The
rain states resolved here by our clustering method are not easily trans-
ated to canonical resting-state networks. The frontoparietal states ob-
erved here share some regional overlap with default mode network el-
ments (blue nodes; precuneus, posterior cingulate cortex, and to some
xtent ventromedial prefrontal cortex) and executive control network
red nodes; lateral anterior prefrontal cortex, posterior parietal cortex),
ut notable regions are absent, such as the angular gyrus from the de-
ault mode network. Further, some areas related to visual processing
re encompassed by the frontoparietal states (blue nodes; lingual gyrus,
alcarine sulcus, cuneus). Together, our studies present complementary
erspectives on the associations between resting-state connectivity and
PL and SDI. 

The current study examined only acute psilocybin effects on dynamic
unctional connectivity, while previous studies indicate that psilocybin
nduces lasting changes in clinical symptoms, mood, and core personal-
ty traits. Four studies have examined long-term psilocybin effects on
unctional brain imaging, all primarily examining static connectivity
easures ( Barrett et al., 2020 ; Carhart-Harris et al., 2017 ; Doss et al.,
021 ; McCulloch et al., 2021 ), see ( McCulloch et al., 2022 ) for a recent
eview. Two of these studies analyzed dynamic conditional correlation
 Engle, 2002 ) as a variance measure of edge-specific correlation coeffi-
ients ( Barrett et al., 2020 ; Doss et al., 2021 ). Further evaluation of last-
ng modulation of connectivity dynamics will provide complementary
nsight into the neurobiological mechanisms underlying lasting behav-
oral and clinical effects of psilocybin. 

Our model estimates that a plasma psilocin level of 20 μg/L, corre-
ponding to 70% neocortex 5-HT2AR occupancy ( Madsen et al., 2019 ),
esults in a more than 50% decrease in the fractional occurrence of
rontoparietal state 1 (for k = 7). Although this indicates a pronounced
hange in this brain state, the fact that two participants showed low
ractional occurrence values at baseline indicates individual variability
n these connectivity motifs that needs to be understood more thor-
ughly. The absence of a brain state identifiable only before or af-
er drug administration suggests that even marginal changes in con-
ectivity dynamics may encompass profound perceptual alterations in-
uced by psychedelics. It is likely that alternative methods for measur-
ng or quantifying functional connectivity dynamics or brain function
ill provide complementary insights into the neural mechanisms un-
erlying psychedelics. For example, a magnetoencephalography study
eported pronounced alterations in resting-state network activity fol-
owing psilocybin administration ( Muthukumaraswamy et al., 2013 ).
indings across the field to date suggest that relevant acute neural ef-
ects of psychedelics remain to be fully explored. 

Our study is not without its limitations. Our study was without a
lacebo condition, instead evaluating pre- and post-drug scans. This
imits our ability to control for some confounds, e.g., the effect of lay-
ng in the scanner for a long time. Pulse and breathing rate data were
ot available, and therefore, we could not directly regress physiolog-
cal noise from our data. To overcome this limitation, we attempted
o model noise sources via the anatomical component correction algo-
ithm ( Behzadi et al., 2007 ). Head motion was more prevalent during
rain scans following psilocybin administration ( Madsen et al., 2021 ).
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his is an inherent challenge to scanning participants during peak pe-
iods of the psychedelic experience. We performed image realignment
nd regressed out motion parameters and their first derivatives. Ad-
itionally, we excluded two full scan sessions, where motion artifacts
ere pervasive. Significant motion during brain scans acquired at peak
sychedelic effects is to be expected; we observed that the FO of the
ully connected state, and at some 𝑘 the frontoparietal states was associ-
ted with motion. Notably, the fact that only the highlighted states were
ffected during periods of motion, and not all states, suggests that pe-
iods of motion, perhaps corresponding to peak psychedelic effects, co-
ncides with periods of altered fractional occurrence of states. Notably,
s discussed above, “frontoparietal ” is an incomplete description of the
rain states observed. This incompleteness reflects the challenge in nam-
ng brain states identified through data-driven analytic strategies such
s LEiDA, which need not necessarily conform to canonical networks.
onversely, this "trans-network ” structure may more fully reflect that
silocybin effects relatedly extend across canonical networks. Further-
ore, despite intriguing convergent evidence of psilocybin effects on

onnectivity dynamics, our sample size is small ( 𝑁 = 15 ) . Clustering in
 high-dimensional space exposes risk to the “curse of dimensionality ”,
here most points in space are equally far away from each other, which

an hinder the performance of clustering strategies. Here we modeled
1,600 points, approximately 12x as many points as used in a previous,
elated study ( Lord et al., 2019 ). Our convergent findings and the stabil-
ty of our centroids (Supplementary Figures S9–10) support the validity
f our findings. Nevertheless, replication in this emergent field is criti-
al, and thus, our results would greatly benefit from replication in other
ata sets ( McCulloch et al., 2022 ). Finally, subject-specific brain states
haracteristics are difficult to estimate with such low temporal resolu-
ion (sample rate = 0.5 Hz) and may be better explored using faster
maging strategies. 

In conclusion, we report that acute psilocybin-induced modulation
f brain connectivity dynamics is significantly associated with PPL and
DI. These findings implicate distributed functional motifs in the acute
nd possibly lasting effects of this drug. Methodologically, we propose
n alternative method for clustering eigenvectors that more closely re-
ects their spherical manifold and sign ambiguity. We also highlight a
umber of important and relevant analyses of data-driven brain states,
ncluding survival analysis of dwell time and assessment of clustering
tability. 
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