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Mind blanking (MB) is a mental state of seem-
ingly no reportable thought content. The ques-
tion of how we can entertain no thoughts while
awake is challenging for the study of spontaneous
thinking. By combining EEG—fMRI with experience
sampling during task performance, we categorised
changes in mental content and self-reported vigi-
lance to map the neurophysiological signatures of
MB. We demonstrate that fMRI connectivity around
MB reports is characterised by a "rich" pattern of
long and short-range signal anticorrelations. At
the same time, sleepiness reports are linked to
a "simpler" hyperconnected fMRI pattern, charac-
terised by overall positive connectivity. Put to-
gether, an interaction appears: when people report
being alert, connectomes around MB reports re-
semble the hyperconnected pattern, indicating that
the neuronal correlates of MB depend on self-rated
vigilance. The hyperconnected pattern also corre-
lated with EEG slow-wave activity, tying MB’s topol-
ogy to sleep-like electrophysiology during wake-
fulness. Collectively, we show that distinct corti-
cal events underlie the shared phenomenology of
a thought-free mind. We conclude that MB’s neuro-
physiological correlates vary across perceived vig-
ilance levels and that more refined characterisation
of the neuronal correlates of thought-less mental
states exist. Our findings build on the quest to
bridge mental content and its absence with measur-
able brain activity and provide insights into how on-
going thinking is maintained during wakefulness.
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Introduction

Wakeful life is experienced as being full of thoughts.
The content of these thoughts can reflect either exter-
nal demands and goal-oriented tasks, such as problem-
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2*These authors contributed equally to this work.

solving or responding to the environment, or can arise
spontaneously in the absence of external cues, as seen
in daydreaming, mind-wandering, or internally gener-
ated thoughts(Christoff et al., 2016; Smallwood et al.,
2021; Stawarczyk et al., 2011). Considering this afflu-
ence in mental content people often assume that their
mind is perpetually "thought-full", continuously alternat-
ing between externally and internally generated con-
tents. Yet, this view is challenged by occasional reports,
such as "l have no thoughts", "I am not sure what | was
thinking about", and "l forgot what | had in mind", among
others. These types of episodes are known as mind
blanking (MB) (Andrillon et al., 2025; Boulakis and De-
mertzi, 2025; Ward and Wegner, 2013).

Our understanding of how MB episodes emerge has
only now started to get illuminated (Andrillon et al.,
2025). So far, experimental work indicates that MB
stands in behavioural and neuronal contrast to mental
states associated with reportable thought content (An-
drillon et al., 2021; Boulakis et al., 2023, 2025; Kawa-
goe et al., 2019; Mortaheb et al., 2022). During wake-
fulness, MB reports occur infrequently ( 5-10% of the
time), both in resting conditions (Boulakis et al., 2025;
Mortaheb et al., 2022) and during task-engagement
(Andrillon et al., 2021; Robison et al., 2019; Stawar-
czyk et al., 2020). At the same time, the frequency
of MB reports also seems to depend on arousal lev-
els, as they increase after sleep deprivation (Boulakis
et al., 2025) and during subjectively felt lower vigilance
(Andrillon et al., 2021; Stawarczyk and D’Argembeau,
2016).

The indication that low arousal is linked to the absence
of reportable thought content is further supported by
neuroimaging and electrophysiological findings. Using
fMRI, we previously examined how functional connectiv-
ity organises around contentful mental state reports and
MB (Mortaheb et al., 2022). We found that, under task-
free conditions, MB was associated with a connectivity
pattern characterised by a global inter-areal synchro-
nisation. Considering that similar increases in whole-
cortex functional connectivity have also been reported
during NREM sleep in humans (El-Baba et al., 2019)
and under isoflurane anaesthesia in animals (Aedo-Jury
et al., 2020), this overall positive connectivity has been
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interpreted as an indication that low cortical arousal un-
derlie MB reports. The low arousal stance was further
supported by the finding that the amplitude of the fMRI
global signal (GS) was higher around the time of MB re-
ports (Mortaheb et al., 2022). The GS refers to the av-
erage signal intensity across all voxels in the grey mat-
ter (Power et al., 2018). As the amplitude of the GS was
shown to positively correlate with delta oscillations in the
EEG frequency band and to decrease after ingestion of
caffeine (Wong et al., 2013), it was considered a proxy
of cortical arousal. Therefore, with regard to MB, the
co-occurrence of fMRI hyperconnectivity and increased
GS amplitude points to the possibility of low neurophys-
iological arousal during MB reports. A direct correlation
between fMRI and electrophysiology could strengthen
this interpretation.

Indeed, what we know so far about MB’s EEG sub-
strate comes from a separate piece of work, where
we have shown that MB reports are preceded by the
presence of slow-wave-like (SW) activity during wake-
fulness, known as “local sleeps” (Andrillon et al., 2019,
2021; Vyazovskiy et al., 2011; Vyazovskiy and Harris,
2013). Combining EEG with experience sampling dur-
ing a sustained attention to response task (SART), we
found that attentional lapses were associated with the
presence of transient sleep-like SWs, and the prop-
erties of these SWs differentiated the two mental re-
ports: steeper SW over posterior electrodes was as-
sociated with MB, larger and steeper SW in frontal
electrodes was associated with mind-wandering reports
(Andrillon et al., 2021). A replication and re-analysis of
this paradigm revealed that MB was further associated
with higher power in the EEG delta and alpha bands,
lower power in beta and gamma, and reduced parietal
complexity, all indicative of a reduced cortical arousal
mode (Munoz-Musat et al., 2025). It should be noted,
though, that the low spatial resolution of EEG limits the
identification of the precise networks involved in sleep-
like SW and MB.

In the present study, we combined simultaneous fMRI-
EEG recordings with experience sampling to determine
the spatio-temporal profile of MB, as measured by mul-
timodal brain activity. We hypothesised that MB-related
fMRI connectivity would be organised in an overall pos-
itive inter-regional pattern and that this hyperconnected
pattern would correlate with EEG SW-like activity. By
taking reported vigilance levels into account, we were
also open to the possibility that distinct MB fingerprints
would emerge, in line with our recent theory that dif-
ferent forms of empty-mindedness may exist (Andrillon
et al., 2025).

Methods

Participants

Thirty-nine participants were recruited for the study
(mean age = 26.4, sd = 4.5, range = [18-32]; females
= 24). All participants reported normal or corrected-to-
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normal vision and no neurological or psychiatric disor-
ders. One participant was excluded due to subsequent
changes in the experimental paradigm, resulting in a to-
tal sample size of n = 38. Participants received mon-
etary compensation. The project was approved by the
Monash University Human Resources Ethics Commit-
tee (Project ID 17674).

Experimental design and Stimuli

During a SART (Robertson et al., 1997), participants
were asked to pay attention to a series of pictures of
human faces (Figure 1). In every trial, face stimuli (one
male face, or eight different female faces, extracted from
the Radboud Face Database (Langner et al., 2010))
were presented for 500 ms, followed by a blank screen.
The trial duration was between 1000—-1500 ms (random
uniform jitter). Participants were instructed to indicate
the presence of a female face (GO trials) by pressing a
button on a keypad placed under their dominant hand
and to withhold button presses (NOGO trials) for the
male face. The order of the face stimuli was randomised
before the onset of every session. Participants com-
pleted four blocks of the task, with self-paced breaks in
between, each block lasting approximately 12-15 min-
utes and totalling approximately 50 minutes.
Intermittently during the SART, we utilised experience
sampling to probe reports of participants’ mental states
and vigilance levels throughout the session. The mental
state options were explained to participants both orally
and in writing before the experience-sampling session.
Specifically, every 30-70s (uniformly jittered), we inter-
rupted the SART and displayed the word "STOP" on the
screen. Following the probe, participants were asked:
"Just before the interruption, where was your attention
focused?" Possible responses were a) On-Task (de-
fined as entirely focused on the task), b) Off-Task (de-
fined as thinking about something other than the task),
Blank (defined as not thinking of anything), and d) |
cannot recall. If participants selected the Off-Task op-
tion, they were additionally presented with the following
question: "Just before the interruption, what distracted
your attention from the task?". Available options were:
b1) Something in the room, b2) Something personal,
and b3) Something about the task. After reporting their
mental states, participants were asked: "Over the past
few trials: How alert have you been?" Available levels
were: a) Extremely alert, b) Alert, c) Sleepy, and d) Ex-
tremely Sleepy. Each block included 10 sets of probes.
Each participant responded to 40 probes across four
blocks.

Behavioural Analysis

Reaction times were defined as the difference between
the onset of the probe screen and the button press, and
they were contrasted across mental states and vigilance
levels. Reaction times <.25 s or >8 s were discarded
following our previous analysis protocol (Boulakis et al.,
2025). Overall, we removed 8% of the total probes
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Figure 1. Experimental design of the sustained attention to report task (SART) combined with experience-sampling probes for reporting mental states and
vigilance levels. Across four experimental blocks ( 12 min each), participants were presented with a sequence of female or male faces. Participants were instructed
to press a button when a female face was presented (GO stimulus) and to avoid pressing a button when male faces were presented (NOGO stimulus). At random
intervals, participants were presented with probes that invited them to report their mental content and their level of vigilance. First, participants indicated their thoughts
by choosing amongst a) ONTASK thoughts, b) MW thoughts, ¢) BLANK, or d) | cannot recall my thoughts. If participants selected the MW thought option, they were
further probed to report whether this related to the task, the experimental room or personal content. Finally, participants indicated their vigilance levels by choosing
amongst a) Very Alert, b) Alert, c) Sleepy or d) Very Sleepy. In every block, 10 probes were presented, leading to a total of 40 probes per participant. Images of male
and female faces were extracted from the Radboud Face Database (Langner et al., 2010).

(118/1515).

EEG

EEG acquisition parameters. EEG data were acquired
using the BrainAmp MR plus system (Brain Products,
Munich, Germany), equipped with a 64-channel EEG
Cap (64Ch Standard BrainCap-MR with multitrodes).
Electrode placement followed the international 10-20
system. The ground electrode was positioned in the
location of AFz, and the reference was in the loca-
tion of FCz. The electrodes were prepared with con-
ductive gel to reduce impedance levels to <5 kQ. The
data were recorded with the BrainAmp MR plus DC and
bipolar BrainAmp ExG MR amplifiers and the BrainVi-
sion Recorder (Version 2.2) software with a resolution
of 0.5 uV/bit at 5000 Hz and with a hardware bandpass
filter (0.01-250 Hz). The EEG and fMRI data acquisition
were synchronised using the Brain Products SyncBox.

EEG preprocessing. Gradient artifacts were removed via
subtraction of a mean template in each channel, accord-
ing to the average artifact subtraction (AAS) methodol-
ogy, utilising the software BrainVision Analyzer 2 (Ver-
sion 2.2, Brain Products GmbH, Gilching, Germany).
A sliding moving-average window implementation of
21 epochs of a full gradient artifact (1.56 s time win-
dow) was used for the construction of the average ar-
tifact template. The reason for using 21 epochs was
based upon the default settings of the BrainVision An-
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alyzer. After this step, the data were downsampled
to 500 Hz. Cardioballistic artifacts were also removed
using the AAS method: R-peaks were identified via
a semi-automated pipeline, then they were visually in-
spected and corrected when necessary. Further prepro-
cessing was done using the EEGLAB MATLAB toolbox
(v2021.1). Data were split into 25 s pre-probe epochs
and filtered using a 100 Hz high-cut-off Hamming fil-
ter. Next, the data were visually inspected for bad elec-
trodes and epochs. Eye- and cardiac-related artifacts
were detected and removed using ICA. At that stage,
as we noticed that residual cardioballistic artifacts were
still present in the frontal and temporal channels, we ap-
plied denoising source separation (DSS) on heartbeat-
evoked potentials and removed the time-locked activity
from every channel (de Cheveigne et al., 2008).

Extraction of slow waves. We followed a previously val-
idated method to detect slow-wave activity (Andrillon
et al.,, 2021). First, data were re-referenced to the
average of mastoid electrodes and band-pass filtered
within a [1,10] Hz range with a Chebyshev filter. Then,
slow waves were defined in each electrode separately
by identifying two consecutive zero-crossings (start and
end of the slow waves). For each wave, we extracted
its peak-to-peak amplitude, that is, the amplitude be-
tween the positive and negative peaks of the slow wave.
Waves with extreme amplitudes (>75 uV positive peak,
and >150 uV peak-to-peak differences) and with dura-
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tion corresponding to larger than 7 Hz activity were ex-
cluded. Finally, we selected the top 10% of the largest
waves in each electrode and extracted their timings, as
well as their downward and upward slopes. Slow wave
markers were eventually extracted from a 10 s window
before each probe.

fMRI

fMRI acquisition parameters. Participants were in-
structed to lie still in the MRI scanner with their eyes
closed, minimizing eye movements and muscle arti-
facts. Data were collected using a Siemens Skyra
3T MRI system, equipped with a Siemens 20-channel
Head/Neck coil, allowing for simultaneous EEG and
ECG recordings. The participants’ heads were stabi-
lized with foam pillows placed between the cap and
the MR coil. Anatomical images were acquired using
a T1-weighted MPRAGE sequence with a voxel size of
1.00 mm3, repetition time (TR) = 2.3 s, echo time (TE)
=2.07 ms, and a slice thickness of 1.00 mm. Functional
images were obtained using an Echo Planar Imaging
(EPI) sequence with the following parameters: TR =
1.56 s, TE = 30 ms, slice thickness = 3 mm, and flip
angle = 70°.

fMRI preprocessing. Before preprocessing, fMRI data
were converted to BIDS (Gorgolewski et al., 2016). Pre-
processing was performed using fMRIPrep 23.2.1 (Es-
teban et al. (2018, 2019), RRID:SCR 016216), based
on Nipype 1.8.6 (Gorgolewski et al. (2011, 2018),
RRID:SCR 002502) and the AFNI software 24.3.00
(Cox and Hyde, 1997). We are reporting the prepro-
cessing output text of the fMRIPrep software as pro-
vided.

Anatomical data preprocessing. A total of 1 T1-
weighted (T1w) images were found within the input
BIDS dataset. The T1w image was corrected for in-
tensity non-uniformity (INU) with N4BiasFieldCorrection
(Tustison et al., 2010), distributed with ANTs 2.5.0
(Avants et al. (2008), RRID:SCR 004757), and used
as T1w-reference throughout the workflow. The T1w-
reference was then skull-stripped with the antsBrainEx-
traction.sh workflow (from ANTSs), using OASIS30ANTs
as target template. Brain tissue segmentation of cere-
brospinal fluid (CSF), white-matter (WM) and gray-
matter (GM) was performed on the brain-extracted T1w
using fast (FSL (6.0.7.14), RRID:SCR 002823, Zhang
et al. (2001)). Volume-based spatial normalisation to
one standard space (MNI152NLin2009cAsym) was per-
formed through nonlinear registration with antsRegistra-
tion (ANTs 2.5.0),using brain-extracted versions of both
T1w reference and the T1w template. The following
template was selected for spatial normalisation and ac-
cessed with TemplateFlow (23.1.0, Ciric et al. (2017)
: ICBM 152 Nonlinear Asymmetrical template version
2009c [Fonov et al. (2009), RRID:SCR 008796; Tem-
plateFlowlID: NI152NLin2009cAsym].

Functional data preprocessing. For each of the 4 BOLD
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runs per participant (across all tasks and sessions), the
following preprocessing was performed. First, a refer-
ence volume was generated, using a custom method-
ology of fMRIPrep, for use in head motion correction.
Head-motion parameters with respect to the BOLD ref-
erence (transformation matrices, and six correspond-
ing rotation and translation parameters) are estimated
before any spatiotemporal filtering using mcflirt (FSL,
Jenkinson et al. (2002)). The BOLD reference was
then co-registered to the T1w reference using mri coreg
(FreeSurfer) followed by flirt (FSL, Jenkinson and Smith
(2001)) with the boundary-based registration (Greve
and Fischl, 2009) cost-function. Co-registration was
done using conFig.d with six degrees of freedom. Sev-
eral confounding time series were calculated based on
the preprocessed BOLD: framewise displacement (FD),
DVARS and three region-wise global signals. FD was
computed using two formulations following Power (ab-
solute sum of relative motions, Power et al. (2014)
and Jenkinson (relative root mean square displace-
ment between affines, Power et al. (2014)). FD and
DVARS are calculated for each functional run, both us-
ing their implementations in Nipype (following the defi-
nitions by Power et al. (2014)). The three global signals
are extracted within the CSF, the WM, and the whole-
brain masks. Additionally, a set of physiological re-
gressors were extracted to allow for component-based
noise correction (CompCor, Behzadi et al. (2007)). Prin-
cipal components are estimated after high-pass filter-
ing the preprocessed BOLD time series (using a dis-
crete cosine filter with 128s cut-off) for the two Com-
pCor variants: temporal (tCompCor) and anatomical
(aCompCor). tCompCor components are then calcu-
lated from the top 2% variable voxels within the brain
mask. For aCompCor, three probabilistic masks (CSF,
WM and combined CSF+WM) are generated in anatom-
ical space. The implementation differs from that of Be-
hzadi et al. (2007) in that instead of eroding the masks
by 2 pixels on BOLD space, a mask of pixels that likely
contain a volume fraction of GM is subtracted from the
aCompCor masks. This mask is obtained by thresh-
olding the corresponding partial volume map at 0.05,
and it ensures components are not extracted from vox-
els containing a minimal fraction of GM. Finally, these
masks are resampled into BOLD space and binarised
by thresholding at 0.99 (as in the original implementa-
tion). Components are also calculated separately within
the WM and CSF masks. For each CompCor decom-
position, the k components with the largest singular val-
ues are retained, such that the retained components’
time series are sufficient to explain 50 percent of vari-
ance across the nuisance mask (CSF, WM, combined,
or temporal). The remaining components are dropped
from consideration. The head-motion estimates calcu-
lated in the correction step were also placed within the
corresponding confounds file. The confound time series
derived from head motion estimates and global signals
were expanded with the inclusion of temporal deriva-

bioRxiv | 4


https://doi.org/10.1101/2025.10.14.681984
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.14.681984; this version posted October 15, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

tives and quadratic terms for each (Satterthwaite et al.,
2013). Frames that exceeded a threshold of 0.5 mm FD
or 1.5 standardised DVARS were annotated as motion
outliers. Additional nuisance time series are calculated
by means of principal components analysis of the signal
found within a thin band (crown) of voxels around the
edge of the brain, as proposed by Patriat et al. (2017).
All resamplings can be performed with a single interpo-
lation step by composing all the pertinent transforma-
tions (i.e. head-motion transform matrices, susceptibil-
ity distortion correction when available, and coregistra-
tions to anatomical and output spaces). Gridded (volu-
metric) resamplings were performed using nitransforms,
conFig.d with cubic B-spline interpolation.

Apart from the fMRIPrep pipeline, we additionally ap-
plied a Gaussian kernel of 6 mm full width at half-
maximum using the 3dmerge function from AFNI. Fol-
lowing smoothing, denoising was performed using a lo-
cally developed Nipype pipeline. In this pipeline, we fit-
ted a GLM to the fMRI BOLD voxel time series. The
GLM modelled a) the effect of six movement parame-
ters (translation in x, y, and z directions, and rotation
in yaw, roll, and pitch directions) and their first deriva-
tive, b) constant and linear trends using zero-th-order
and first-order Legendre polynomials, c) principal com-
ponents of signals in the WM and CSF masks, and d)
outlier data points. Then, a bandpass filter in the range
of 0.008 - 0.09 Hz was applied on the residuals of the
model to extract low-frequency fluctuations of the BOLD
signal. Finally, we utilised the Schafer 100 ROI parcel-
lation (Schaefer et al., 2018)and 19 subcortical ROls
to extract the averaged BOLD signals inside each ROI
(Supplementary Figure S1a,b). To ensure generaliz-
ability and robustness of the pipeline, we varied the re-
gression of the global signal and the regression of task
events (Supplementary Material).

Global signal amplitude analysis. We extracted the in-
stantaneous global signal amplitude by applying the
Hilbert transformation at each ROI timepoint as:

N 1

Birlt) = () #0110
where x indicates a convolution operator. Using this
transformation, we produced an analytical signal for
each regional time series as:

xi () =m0 (t) + 25 (1)

where j = +/—1. For each mental report and vigilance
level, we extracted the last 6 TR (~10s) preceding the
probes of the real component of the analytical signal. To
account for the potential lag of the BOLD response, we
also reanalysed the shifted global signal amplitude time
series by 1 and 2 TR (Supplementary Material).

Functional connectivity estimation.We used phase-

based coherence analysis to extract ROI-ROI functional
connectivity (FC) at each TR of the scanning session.
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For every participant 7, we z-scored each of the ROI r
time series and applied a band-pass filter of 0.1-0.4 Hz
to isolate the low-oscillatory BOLD signal of interest.
Then, we calculated the Hilbert transformation. From
the Hilbert analytical signal, the instantaneous phase of
each time series can be estimated as:

_m)
Zl,r(t)

¢i7T(t)

To ensure that the phase time series were accurately
represented and free from artefacts, we applied Empir-
ical Mode Decomposition (EMD) to each voxel phase
time series. EMD is a signal processing technique that
decomposes a signal into its underlying frequency com-
ponents, known as intrinsic mode functions (IMFs). At
each iteration of the algorithm, EMD identifies the lo-
cal extrema of the original signal, from which upper and
lower envelopes are constructed using spline interpola-
tion. The mean of these envelopes is calculated and
subtracted from the original signal to extract the first in-
trinsic mode function (IMF). This procedure is iterated
until the extracted signal meets the criteria for being an
IMF. Therefore, at each iteration, the algorithm produces
an IMF and the residual trend of the signal after the IMF
is subtracted. As such, we kept the first oscillation and
discarded the remaining IMFs.

Then, we warped the denoised phase signal ¢; ,-(t) to
the [—m, ] interval and, naming the obtained signal as
6;.(t), we calculated a connectivity measure for each
pair of regions as the cosine of their phase difference.
For example, the connectivity measure between regions
r and s in subject i was defined as:

conng . s(t) 2 cos (0;.-(t) — 0; 5 (t))

By this definition, completely synchronised time series
lead to a connectivity value of 1, completely desyn-
chronised time series produce a connectivity value of
zero, and anticorrelated time series produce a connec-
tivity measure of -1. Using this approach, we created a
connectivity matrix of 119 x 119 (Supplementary Figure
S1c), representing the sum of cortical and subcortical
parcels, at each time point ¢ for each subject ¢ yjay we
called C;(t):

Ci(t) = [conni,r s (1)),
Functional connectivity estimation. We applied cluster-
ing to identify representative connectivity patterns that
summarise the dominant modes of variation in time-
varying functional connectivity. First, given that the con-
nectivity matrices described above are symmetrical, we
extracted the upper triangular part of the matrix for ev-
ery participant at every TR. By aggregating all con-
nectivity vectors, we created a new matrix where each
row represents the phase-based connectivity at a single
time point (TR) for a participant, and each column rep-
resents the phase-based connectivity values between
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different ROIs (Supplementary Figure S1d). We ap-
plied k-means clustering to the resulting connectivity
matrix, using the Manhattan distance as the distance
metric (Supplementary Figure S1e). To assess the gen-
eralizability of the connectivity patterns to the distance
choice, we also clustered the data using cosine and
Euclidean distance (Supplementary Material). Clus-
tering produced k distinct centroids that represented
brain connectivity matrices, along with the occurrence
frequency of each configuration for every participant.
To ensure the generalizability of the centroids, we var-
ied the number of centroids from k=3 to k =8. We
initialised clusters using the "K-means++" method and
applied clustering 200 times (Arthur and Vassilvitskii,
2007). Finally, we ordered the patterns by their standard
deviation and estimated the frequency of each centroid
by counting the number of matrices assigned to each
centroid for each participant.

Then, we estimated the optimal number of centroids by
calculating the inter-pattern correlation variance across
all k. We further assessed centroid similarity across k&
by correlating all patterns with the first and last centroid
obtained at k = 5. If the centroids were stable when or-
dered, the first centroid at £k = 5 is expected to exhibit
the strongest correlation with the first centroid across
k =3 —8. Similarly, the last centroid at £ = 5 should
have shown the strongest correlation with the last cen-
troid across the same range of k.

Coupling between connectivity patterns and experience
sampling. To assess the relationship between each of
the connectivity patterns created by our clustering ap-
proach and the experience-sampling reports, we ex-
tracted the upper triangular parts of the connectivity
matrices 6 TR (~10s) preceding each report. As the
goal of this study is to eventually link electrophysiology
with time-varying connectivity, the choice of the win-
dow (10 s) was motivated by previous results show-
ing that mental states correlated with distinct neuronal
and electrophysiological activity from that window (An-
drillon et al., 2021; Boulakis et al., 2023; Mortaheb et al.,
2022). For every distance metric used during k-means
clustering (Euclidean, Manhattan or cosine), we esti-
mated the distance of the extracted connectivity vec-
tors with each of the k centroids (Supplementary Fig-
ure S1f-g). Higher values suggest that, during that TR,
the connectome is organised into a configuration dis-
similar (or more distant) to the examined connectivity
pattern. Inversely, lower values indicate larger similarity
(or proximity) to the examined connectivity pattern. In
the main text, we present results originating from k£ = 5,
as that number of clusters showed the highest inter-
pattern correlation covariance. To ensure generalizabil-
ity, we replicated our analysis across all clustering & (3-
8) (Supplementary Material). Additionally, to account
for a potential effect of the hemodynamic response, we
re-analysed our data using the shifted versions of the
connectivity matrices with time lags ranging from zero
(four TRs before the probe) to two (two TRs pre-probe
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and two TRs post-probe matrices) (Supplementary Ma-
terial). Across all analyses, model significance was cor-
rected for the total number of & clusters examined using
the Bonferroni correction.

Coupling between connectivity patterns and SW-like ac-
tivity. To understand how SW-like activity would corre-
late with connectivity patterns, we utilised Canonical
Correlations Analysis (CCA). CCA is a multivariate sta-
tistical technique used to identify the relationships be-
tween two sets of variables (hae, 2007; Wang et al.,
2020; Zhuang et al., 2020). CCA reduces two sets of
variables, X and Y, into lower-dimensional representa-
tions called canonical components. These components
are created as linear combinations of the original vari-
ables. The method then selects the combinations in
such a way that the canonical components from X and Y
are maximally correlated with each other. To put it sim-
ply, CCA uncovers correlations in latent representations
of sets of variables.

In our dataset, one set of variables refers to the SW
markers per EEG channel (X3!, where M represents
SW activity at every EEG channel, averaged over 10 s
preceding probes, and N represents the total number of
experience-sampling reports across participants), and
the other set refers to the distances of the connectivity
matrix of the underlying fMRI patterns (Y]{]D, where P
represents the average distance of a connectivity matrix
from each of the k identified patterns and N represents
the total number of experience-sampling reports across
participants) (Figure 6a-b).

A regularisation penalty cap L1 and cap L2 were added
to each set of variables, respectively, to ensure numer-
ical stability and avoid multicollinearity. To assess the
significance of each canonical component, a permuta-
tion approach was adopted (Zhuang et al., 2020). We
permuted the EEG variable 5,000 times and refitted the
CCA model, extracting an empirical null distribution for
the correlations. The resulting empirical p-values were
FDR-corrected for the number of centroids tested per
model. Finally, to assess the contribution of each vari-
able to the canonical component, we estimated the cor-
relations between the canonical components and each
variable.

Statistical analysis

Statistical analysis was performed using generalised
mixed-effects models and non-parametric tests. For the
mixed-effects models, the family used to model the de-
pendent variable varied depending on the distribution of
the dependent variable. For a binary variable, the data
were modelled using a Binomial distribution with a logit
link function. In case of positive variables, data were
modelled using a Gamma distribution. Finally, the re-
maining tests were conducted using a Gaussian distri-
bution with an identity function. We allowed intercepts
and slopes to vary freely, using subject ID as a random
effect. In the case of a singular fit, we first iteratively
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removed slopes and subsequently intercepts. Models
containing main effects of mental states and vigilance
levels, as well as their interactions, were contrasted with
null models that included only random intercepts. Model
comparison was conducted using a chi-square differ-
ence test, with model evidence further quantified via
Bayes factors (relative evidence based on Bayesian In-
formation Criterion). Pairwise multiple contrasts of sig-
nificant models were corrected using FDR correction.
Since confidence limits are not estimated using the FDR
correction, we provide the Bonferroni-corrected confi-
dence limits. For all analyses, descriptive statistics of all
fixed parameters are included to ensure transparency
and facilitate replication based on our own distribution
parameters.

Results

The frequency of MB reports increases along with
reports about sleepiness

Following our previous analysis (Andrillon et al., 2021),
we aggregated Blank and No Recall reports, as well as
reports about sleepiness (Sleepy and Very Sleepy) and
vigilance (Alert and Very Alert). For transparency, the
pre-aggregation descriptive statistics for all vigilance re-
ports and mental states are also provided (Supplemen-
tary Table S1).

Overall, participants were engaged with the task
(Mean proportions of reports +SD: On-Task=.49+.25,
MW=.39+.21, MB=.13+.14) and reported an alert state
of vigilance (Mean proportions £SD: Alert=.57+.3,
Sleepy=.43+.3). Participants reported MB (Kruskal
chi=43.81, df=2, p=3.1e-10, eta squared=.38,
C.1.=[0.28,1]) and sleepiness (Kruskal chi=4.1, df=1,
p=4.2e-2, eta squared=.04, C.I.=[0,1]) significantly less
frequently (Figure 2a-b; Supplementary Table S2 for all
pairwise contrasts across reports).

To examine whether mental state reports were associ-
ated with vigilance, we fitted a binomial mixed-effects
model for each mental state, with vigilance levels as
the predictor. Our results showed that On-Task reports
increased when participants reported being generally
alert (very alert + alert), while MW and MB reports
increased when participants reported being generally
sleepy (very sleepy + sleepy; Figure 2c; Supplementary
Table S3 for detailed pairwise contrasts).

Finally, we examined whether mental states and vig-
ilance levels affected reaction times to probes (Chi
squared=50.47, df=5, p=1.11e-09, BF10=1245.62). A
contrast analysis of the main effects of mental states
showed that MB tended to be reported slower com-
pared to the other mental states. Yet, there were no
statistically significant differences across vigilance lev-
els. (Figure 2d-e; Supplementary Table S4 for descrip-
tive statistics of reaction times across mental states and
alertness levels; Supplementary Table S5 for all main
and interaction pairwise contrasts).
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MB and sleepiness reports are associated with
higher GS amplitude

We estimated the global signal amplitude as the real
part of the Hilbert transform of the BOLD global signal.
A gamma mixed-effects model using global signal am-
plitude as the dependent variable and containing both
main effects (mental states, vigilance levels) and their
interactions showed greater evidence compared to a
null model of random intercepts (Chi squared=106.32,
df=5, p=2.45e-21, BF10=1.85e13): Both MB reports
and sleepiness were associated with increased global
signal amplitude (Figure 3; Supplementary Table S6 for
descriptive statistics of global signal amplitude across
mental states and vigilance levels; Supplementary Ta-
ble S7 for all main and interaction pairwise contrasts).
When participants reported feeling alert, both MB and
MW showed an increased global signal amplitude com-
pared to On-Task thoughts; at the same time, dur-
ing sleepiness, MB scans showed higher global signal
amplitude only compared to MW thoughts (Figure 3).
These results were replicated across various analysis
lags (Supplementary Figure S2). When we regressed
out task effects, the relationship between MB and global
signal amplitude did not reach statistical significance
(Supplementary Figure S3). For the sake of compara-
bility with our past works (Mortaheb et al., 2022), we
also performed the analysis by regressing out the GS.
We found that after GS regression, the relationship be-
tween sleepiness and global signal amplitude did not
reach statistical significance, but MB was associated
with significantly lower global signal amplitude, inverting
the relationship (Supplementary Figures S4 and S5).

Time-varying functional connectivity self-organises
in distinct and replicable brain patterns

We estimated how functional connectivity self-
organises into distinct connectivity patterns during
task engagement. Specifically, we estimated time-
varying phase-based connectivity matrices using
coherence as the connectivity measure. We then
aggregated the matrices at every TR and every subject
and applied K-means clustering (Manhattan distance)
to generate k representative patterns. The number of k&
centroids varied from 3 to 8. Here, we focus on k = 6,
as it showed the largest inter-pattern covariance. Effec-
tively, this suggests that at lower k, clusters were not
that well defined, while at higher k, clusters contained
redundant information (Supplementary Figure S6).

Overall, we found that functional connectivity during
task decomposed into a) a pattern of complex inter-
areal interactions, containing positive and negative
phase coherence values, with higher coherence be-
tween the DMN and the limbic network (P1), b) a pattern
of anticorrelations primarily between the visual network
and the other networks (P2), c) a pattern of complex
inter-areal interactions, containing positive and nega-
tive phase coherence values, with higher coherence be-
tween the DMN and the visual, control and limbic net-
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Figure 2. Characteristics of experience-sampling reports during the SART. a) Across the whole task, participants reported MB statistically less frequently
compared to On-Task and MW. There was no significant difference between On-Task and MW reports. b) Across the whole task, participants tended to report being
Alert more often than Sleepy. ¢) Perceived vigilance levels affected how frequently people experienced different mental states. When participants reported sleepiness,
they were more likely to report MW and MB. When participants reported feeling alert, they were more likely to report On-Task thoughts. Black dots indicate logistic
regression odds ratio beta estimates. Error bars indicate the confidence limits around the odds-ratio estimates. The red, dotted line indicates equal probability between
sleepiness and alertness (no effect). d) When probed to report their thoughts, MB was reported the slowest.e) There was no statistically significant difference in report
times across vigilance levels. Notes: Violin plots indicate data dispersion. Point plots indicate single-subject mean estimates. Whisker plots indicate 95% confidence
intervals around the median estimate. All contrasts were FDR-corrected for multiple comparisons. Mixed-effects models included subject ID as a random effects
intercept. ON = On-Task thoughts, MW = mind wandering thoughts, MB = mind blanking.

works (P3), d) a pattern of primarily low inter-areal co-
herence, but between the visual and the somatosensory
networks (P4), and e) a pattern of overall high inter-
areal coherence (P5) (Figure 4a). Critically, patterns P1,
P2 and P5 were reproduced irrespective of clustering
algorithm (Euclidean or cosine distance) or denoising
parameters (task regression, global signal regression),
while P3 and P4 showed variations across clustering
schemes (Supplementary Figures S6 to S9 for Manhat-
tan distance; Figures S10 to S13 for cosine distance;
Figures S14 to S17 for Euclidean distance).

The examination of pattern occurrence frequency sug-
gested that P5 was the most frequent, followed by
P1 (Figure 4b; Supplementary Table S8 for descriptive
statistics of connectivity pattern occurrence frequen-
cies; Supplementary Table S9 for pairwise contrasts).
Importantly, regressing out the global signal led P5 to
be one of the least frequently occurring patterns (Sup-
plementary Figures S8 and S9). This trend was also
present in the clusters generated by cosine distance
(Supplementary Figures S10 to S13). However, using
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Euclidean distance, a low-connectivity pattern tended
to dominate the frequency space, instead of the high-
connectivity one (Supplementary Figures S14 to S17).
This potentially indicates algorithm-specific effects on
the identified clusters. Finally, it should be noted that
for Euclidean distance at k£ = 7, the algorithm did not
assign any time points to one connectivity pattern when
both global signal and task information were regressed
out.

Neurobehavioral coupling associates MB and vigi-
lance reports with distinct brain configurations

Overall, mental states and vigilance levels were asso-
ciated with different connectivity patterns. P1 had a
higher proximity (lower distance values) to MB reports
as well as reports about being alert (Figure 5; Manhat-
tan distance from P1). Simple effects analysis further
indicated that the link between P1 and MB was present
only when participants reported being alert. Proximity to
P2 differentiated both attentional lapses (MW thoughts
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Figure 3. MB and sleepiness are accompanied by increased global sig-
nal (GS) amplitude (main effects - red shade and interactions - blue shade).
Specifically, MB was characterised by higher GS amplitude relative to On-Task
and MW (light red shade), and sleepiness was associated with increased GS
amplitude compared to alertness (dark red shade). Simple-effect analyses indi-
cated that during sleepiness, MB showed higher GS amplitude than MW (dark
blue shade). In contrast, during alertness, both MB and MW were accompanied
by increased GS amplitude compared to On-Task reports (light blue shade).
Notes: Red points and error bars indicate statistically significant contrasts.
Point plots and error bars indicate contrast means and 95% confidence limits.
The x-axis represents marginal mean contrast estimates of global signal ampli-
tude. All contrasts were FDR-corrected for multiple comparisons. Mixed-effects
models included subject ID as a random effects intercept. All statistical models
were compared with null models containing only random intercepts. ON = on-
task thoughts, MW = mind wandering thoughts, MB = mind blanking. For the
complete list of descriptive statistics and model parameters, see Supplementary
Tables S6 and S7.

and MB reports) from On-Task reports (Supplementary
Figure S18); MW thoughts further differed from On-
Task only during sleepiness, yet MB differed from both
On-Task and MW thoughts during alertness. Proximity
to P3 was associated with MB reports (Supplementary
Figure S18), and this was consistent across vigilance
levels. P4 correlated with sleepiness (Supplementary
Figure S18), with no statistically significant relationship
between mental states, either in terms of main effects
or the simple effects.

Importantly, there was a higher proximity of the hyper-
connected P5 to sleepiness reports (Figure 5; Man-
hattan distance from P5). However, no mental state
showed a statistically significant relationship with P5.
By stratifying mental states by vigilance levels, though,
we showed that, during alertness, MB reports were in-
deed associated with higher proximity to P5, compared
to On-Task and MW thoughts. No significant relation-
ship was observed for self-reported sleepiness (See
Supplementary Table S10 for descriptive statistics of
the relationship between mental states, vigilance, and
connectivity patterns, and Supplementary Table S11 for
pairwise contrasts). Taken together, our initial hypoth-
esis that the overconnected pattern would be linked to
MB holds true, but only when participants report being
alert.

To validate our analysis, we systematically varied the
number of k clusters, GS regression, task regression,
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clustering algorithm and the lag of the BOLD signal (216
distinct permutations of analysis parameters) across
all k clusters (Supplementary Figures S18 to S21 for
Manhattan distance, k = 5; Dataverse: https://doi.
org/10.58119/ULG/4ALEKOM for all results dataframes
across parameterisation). Overall, we demonstrate that
our analysis is replicated across task regression and dif-
ferent BOLD lags. Regarding GS regression, we found
that it abolished or inverted the relationship of vigilance
reports across P1 and P5. Finally, different clustering
algorithms produced similar main effects, with MB be-
ing related to the anticorrelations pattern (94/108 pa-
rameter permutations when excluding global signal re-
gression), while sleepiness was associated with hyper-
connectivity (106/108 parameter permutations when ex-
cluding global signal regression). Critically, the relation-
ship between MB and hyperconnectivity during alert-
ness was statistically significant only when using Man-
hattan distance as the clustering algorithm. For cosine
and Euclidean distance, we note that MB’s proximity
to P5 was consistently but non-significantly lower com-
pared to on-task and MW thoughts (54/72 parameter
permutations when excluding global signal regression
and results from Manhattan distance).

EEG SW-like activity and fMRI hyperconnectivity are
linked to one another

Having validated that the hyperconnected pattern is re-
lated to decreased vigilance and MB reports during
alertness, we investigated whether we could link the
fMRI brain patterns and EEG SW-like activity, by means
of Canonical Correlation Analysis (CCA; see Methods
for details, Figure 6a,b).

Overall, we observed that proximity to the hypercon-
nected pattern correlated with the amplitude and the
downslope of the SWs in a subset of 25 participants
containing complete EEG and fMRI sessions. For the
SW amplitude, the fMRI component positively corre-
lated with distance from hyperconnectivity, while the
EEG component negatively correlated with SW ampli-
tude. These results suggest that, as SW amplitude
decreases, functional connectivity moves further away
from the high-coherence pattern (P5) (Figure 6¢; SW
Amplitude). Regarding the SW downslope, a frontal-
temporal-central SW component showed anticorrelation
with proximity to P5. Similarly to SW amplitude, as the
downslope of the SW increased, functional connectivity
organised in a manner more similar to the fMRI hyper-
connectivity (Figure 6¢; SW Downslope). No statistically
significant relationship was observed between SW den-
sity and upslope and the brain patterns.

A replication of our analysis by varying task regression,
GS regression, and clustering algorithm showed that
frontal-central-temporal SW amplitude, upslope and
downslope were consistently related to the hypercon-
nectivity brain pattern. Visual inspection showed simi-
lar canonical components across clustering algorithms
(Supplementary Figures S22 to S25 for Manhattan dis-
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Figure 4. Time-varying functional connectivity during task engagement self-organises into five connectivity patterns. a) Data-driven clustering identified a
pattern dominated by anticorrelations, with higher coherence between the DMN and the limbic network (P1), visual network anticorrelations pattern (P2), a pattern
dominated by anticorrelations, with higher coherence between the DMN and the visual, control, limbic networks (P3), a lower overall coherence pattern (P4), and
a cortex-wide high coherence pattern (P5). b) Patterns occurred at different frequencies, with P5 being the most frequent, followed by P1. The remaining patterns
did not show a statistically significant difference in frequencies. Notes: Patterns are ordered based on decreasing standard deviation of the connectivity within a
connectivity pattern. Colour bars and brain renders indicate the strength of coherence. Positive values indicate higher phase synchronisation. Values approaching
zero indicate the absence of a systematic phase relationship. To facilitate visualisation onto brain renders, a 0.3 coherence edge threshold was applied. DN = default
network, DA = dorsal attentional network, VA = ventral attentional network, CN = control network, LM = limbic network, SM = somatosensory network, VS = visual

network, SC = subcortical network, *p<.05, **p<.01, ***p<.001.

tance; Dataverse: https://doi.org/10.58119/ULG/
4LEK9M for all canonical correlations across paramettri-
sation).

Discussion

We combined simultaneous fMRI-EEG during experi-
ence sampling to uncover nuanced modes of MB re-
ports. We specifically sought to understand how MB
relates to levels of perceived vigilance and how multi-
modal imaging helps unravel associated neural profiles.
The underlying hypothesis was that MB’s overall posi-
tive fMRI functional connectivity would be mediated by
EEG slow-wave (SW) like activity, hence shedding light
on the role of reduced arousal in the reportability of
seemingly content-less experiences.

Behaviourally, we show a link between MB reports and
experienced low arousal. First, MB was reported less
frequently compared to mental states with thought con-
tent (i.e., On-Task, MW), in accordance with past find-
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ings about the sparse prevalence of MB reports (An-
drillon et al.,, 2021; Mortaheb et al., 2022). At the
same time, MB report frequency increased as partici-
pants became sleepy. These results replicate previous
work showing that lower vigilance levels accompany MB
(Andrillon et al., 2021; Stawarczyk and D’Argembeau,
2016) and align with recent findings showing more fre-
quent MB reports at lower arousal states, such as af-
ter sleep deprivation (Boulakis et al., 2025). The addi-
tional finding that MB had the slowest report time further
corroborates the reduced vigilance scope (Philip et al.,
2003; Wiodarczyk et al., 2002).

At the brain level, we replicated that MB is differentiated
from content-oriented mental states based on a higher
amplitude of the fMRI GS (Mortaheb et al., 2022). At
the same time, we show, for the first time, that GS am-
plitude increased as participants became sleepier. Al-
though the interpretation of the GS and what it rep-
resents remains an open question (Uddin, 2017), it is
generally assumed that the variance it introduces can
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Figure 5. The link between brain patterns around thought reports and
MB varies based on the levels of self-reported vigilance (main effects - red
shade and interactions - blue shade). P1 had higher proximity (lower distance
values) to MB reports and to reports about being alert. Simple effects analy-
sis further indicated that the relationship between P1 and MB was present only
when participants reported being alert. Consistent with our hypothesis, prox-
imity to P5 was higher during self-reports of sleepiness; importantly, when we
stratified mental states across vigilance levels, we observed that connectomes
around MB reports were closer to P5 during alertness compared to On-Task and
MW thoughts, suggestive of the presence of two distinct modes of MB. Notes:
Areas shaded in light red indicate the main effects of mental states. Areas
shaded in dark red indicate the main effects of self-reported vigilance. Areas
shaded in dark blue indicate simple effects when people reported being alert.
Areas shaded in light blue indicate simple effects when people reported being
sleepy. The x-axis represents marginal mean contrast estimates of distance to
the accompanying pattern. Point plots in bold and error bars indicate contrast
means and 95% confidence limits. Red points indicate statistical significance.
All contrasts were FDR-corrected for multiple comparisons. Mixed-effects mod-
els included subject ID as a random effects intercept. All statistical models were
compared with null models containing only random intercepts. ON = on-task
thoughts, MW = mind wandering thoughts, MB = mind blanking. For the full list
of descriptive statistics and model parameters, see Supplementary Tables S10
and S11.

be accounted for by artifacts, such as motion and phys-
iology, like heart rate and respiration (Bolt et al., 2025;
Power et al., 2017). However, GS was also shown to co-
vary with electrophysiological (Schélvinck et al., 2010)
and metabolic markers (Turchi et al., 2018) of ongoing
neuronal activity, implying that it reflects neurophysio-
logical activity as well. Pertinently to this study, arousal
fluctuations during wakefulness (Bolt et al., 2025; Wong
et al., 2013; Zhang and Northoff, 2022) and sleep (Bolt
et al., 2025; Ozbay et al., 2019) were shown to modu-
late the amplitude of the GS, leading to the formulation
that arousal propagation across the cortex elicits corti-
cal synchronisation and subsequent GS amplitude in-
creases. Our results build upon this literature and show
that fluctuations in the GS amplitude not only track phys-
iological arousal and sleepiness but could also carry in-
formation about experiential mental states.

Having shown that the amplitude of the GS is linked to
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MB and subjective levels of sleepiness, we then set out
to examine how ongoing mental states and vigilance re-
ports related to whole-brain activity. As thinking is in-
herently a dynamic process, an approach that describes
how thoughts evolve might be better situated when con-
sidering their underlying brain dynamics (Christoff et al.,
2016). The biological and theoretical motivation behind
such a dynamics approach is that functional connec-
tivity varies over time, organising itself across consis-
tent and robust connectivity patterns that show gener-
alizability across species (Barttfeld et al., 2015; Hudetz
et al., 2015; Uhrig et al., 2018), suggesting that they
represent a fundamental mode of cortical organisation
(Castro et al., 2024; Demertzi et al., 2019; Mortaheb
et al., 2022). Pertinently to ongoing thinking, the reper-
toire of dynamic brain states appears to vary with con-
sciousness level (Castro et al., 2024; Demertzi et al.,
2019) and task engagement (Tirker et al., 2023), pro-
viding a time-resolved approach of mapping brain states
to subjective phenomenology (Mortaheb et al., 2022,
2024). Following this rationale, we examined how time-
varying functional connectivity organises itself during
task engagement. We found that functional connectivity
can be optimally summarised into five patterns, ranging
from complex inter-areal anticorrelations to globally syn-
chronised modes. The patterns elicited during the task
bear resemblance to those previously reported during
rest (Mortaheb et al., 2022; Tlrker et al., 2024) and at
different levels of consciousness (Demertzi et al., 2019),
suggesting that across various conscious states and
cognitive demands, the brain explores a similar space.

We consistently replicated three previously observed
patterns (Demertzi et al., 2019; Mortaheb et al., 2022,
2024; Turker et al., 2023, 2024), namely the complex
anticorrelations pattern (P1), the pattern driven by the
visual network (P2), and the pattern with an overall high
positive coherence (P5). The overall positive coherence
pattern was further found to be the most frequent, fol-
lowed by the complex anticorrelations pattern. A sig-
nificant deviation from previous works is that the low-
coherence pattern, marked by reduced functional con-
nectivity was here clearly defined only at higher & clus-
ters (>6). During rest, the low-coherence pattern ap-
pears to dominate the clustering space (Demertzi et al.,
2019). We believe these results can be accounted for
by the fact that we directly estimated connectivity pat-
terns from task time-varying FC. Indeed, while rest and
task connectivity produce similar whole-brain network
structure (Cole et al., 2014), the functional properties
of rest and task connectivity differ, with task producing
weaker connectivity and less variable neuronal dynam-
ics (Cole et al., 2021; Ito et al., 2020). Despite sim-
ilar network organisation, task connectivity, compared
to rest, also shows altered within-network (Betti et al.,
2013) and between-network interactions (Shine et al.,
2016; Spadone et al., 2015), and increased connectiv-
ity across task-relevant cortical sites (Shine et al., 2016;
Spadone et al., 2015). Overall, our results support the

bioRyiv | 11


https://doi.org/10.1101/2025.10.14.681984
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.14.681984; this version posted October 15, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

a) fMRI variable set c) CCA b) EEG variable set

/Pre-probe SW (105)\

@e-probe distance (6TR) SW Amplitude
Pattern CC

S,Pry SW CC &  SiPry
PLE
axima
P2- Correlation
P3 - —
P4 -

P>

P1 P2 P3 P4 PS

SPry 1

fMRI dataset

SW Downslope

o Pattern CC SW CC =z
g )
% L ... g
2 Maximal °
S Correlation 3
8 — 3
2 g
N &
2 )
e =
5 == a
g 1 1 Sl o
= F=a A <
\ P1 P2 P3 P4 ps/ Correlation K EEG Channels ~</

Figure 6. fMRI hyperconnectivity is linked to slow-wave-like (SW) activity. CCA is a multivariate statistical technique designed to identify latent relationships
between two sets of multivariate variables. In this study, it was used to uncover shared variance between time-varying fMRI connectivity patterns and EEG-derived
slow-wave-like (SW) markers. a) For each probe, we first extracted the functional connectivity profile from the six TRs (approximately 10 s) immediately preceding the
probe. Then, we computed the Manhattan distance of functional connectivity at each TR relative to the five canonical brain connectivity patterns identified through
clustering. These pre-probe distances were then averaged to yield a single distance measure per connectivity pattern, for each probe. By concatenating these
measures across all subjects and probes, we constructed an fMRI dataset of size (Nsubj * Nproves) X 5, where each row represents the pre-probe connectivity
profile expressed in terms of similarity to the five patterns. b) In parallel, SW activity was quantified for the same pre-probe period. From the 10 seconds of EEG
preceding each probe, we extracted markers of SW activity. These features were likewise concatenated across all subjects and probes, yielding an EEG dataset of
size (Nsubj * Nprobes) X 63. CCA was then applied to these paired datasets to identify canonical components (linear combinations of EEG and fMRI variables) that
maximally correlate across the two modalities. ¢) SW Amplitude: The distance to brain patterns P1,3,4 showed a negative correlation with the first fMRI canonical
component, while the distance to brain pattern P5 showed a positive correlation to the component, indicating that fMRI hyperconnectivity is linked to EEG slow-wave
like activity. SW Downslope: The first canonical component was correlated with time-varying functional connectivity that was more similar to brain pattern P5 and
less similar to P1, 3, and 4. The SW upslope EEG component showed a fronto-centro-temporal orientation, suggesting that a stronger SW upslope is linked to fMRI
hyperconnectivity. Notes: Heatmaps illustrate the correlation between the fMRI canonical components and the Manhattan distance of the connectivity matrices from
brain patterns (P1-5). EEG topomaps depict the correlation between the EEG canonical components and SW activity in each brain channel. Colour bars represent
correlation values ([-1,1]) for both the fMRI and the EEG canonical components. Statistical significance of each canonical correlation was evaluated by estimating an
empirical null distribution of canonical correlations using permutations of one of the datasets. CCA = canonical correlation analysis, CC = canonical component, Corr
= correlation, SW = slow-wave-like

idea that, while the brain explores similar connectivity
repertoires during rest and task engagement, the dy-
namics of this exploration are determined by the task
demands.

To relate the brain patterns with the ongoing vigilance
and mental states, we estimated the distance of all
connectivity matrices to each of the brain patterns pro-
duced, as in our previous work (Mortaheb et al., 2022).
Overall, different patterns captured nuanced interac-
tions with mental states. Analysing the complex anticor-
relations patterns P1 and P3, we found that they bore
a greater relationship to how the connectome around
MB reports was organised. These results were contrary
to our original hypothesis, i.e. that MB would be linked
to fMRI hyperconnectivity. Similar anti-correlated pat-
terns were previously associated with enhanced stimu-
lus perception at threshold levels (Turker et al., 2024).
We recently proposed that probes during MB might cap-
ture moments of transitioning (either successful or un-
successful) between different content, and this phe-
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nomenologically translates as “no thought” as content
is not yet (Boulakis and Demertzi, 2025). As such, a
potential interpretation is that the predominantly anti-
correlated brain pattern might reflect moments where
reportable content is not yet established. This interpre-
tation is supported by the fact that spontaneous thought
initiation is accompanied by increased connectivity be-
tween the default mode network, the limbic and the con-
trol network, regions with positive correlations in both
P1 and P3 (Bartoli et al., 2024; Girn et al., 2017; Kim
et al., 2022). However, since the connectivity patterns
in the study here were generated from task-BOLD mea-
surements, pre-probe periods inherently contain a mix-
ture of overlapping cognitive processes associated with
the task, such as perceptual discrimination, inhibition
and motor processing. Therefore, this interpretation
about thought transitions remains to be further explored.

Following our main line of inquiry, we set out to ex-
amine how the hyperconnected P5 relates to different
electrophysiological and experiential events. Although
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the main effects did not provide evidence for a rela-
tionship between MB and the hyperconnected pattern,
an interesting interaction emerged when vigilance levels
were taken into account: by comparison to other men-
tal states, MB-related connectivity were more similar to
P5 when participants reported being alert. This find-
ing offers partial support for our hypothesis that MB is
linked to the hyperconnected brain pattern as previously
shown during a task-free fMRI investigation of MB (Mor-
taheb et al., 2022). To gain some insights about this in-
teraction, we can turn to our recently proposed physio-
cognitive model of thought reportability, which hypothe-
sises that mental content results from the interplay be-
tween cognitive mechanisms and physiological arousal
(Andrillon et al., 2025). In that model, arousal changes
shape cortical activity patterns, which in turn influence
how MB can be reported. In other words, we hypothe-
sised that arousal functions as a neuronal background
(Boly et al., 2017; Koch et al., 2016). By modulating the
strength of dynamic neural assembilies, it alters our ca-
pacity to introspect and report our thoughts (Andrillon
et al., 2025; Boulakis and Demertzi, 2025). This ac-
count permits different types of MB to emerge, asso-
ciated with discrete functions and neuronal correlates.
Indeed, the idea of a unified blank has been criticised
(Boulakis et al., 2023; Kaufmann et al., 2024). As prox-
imity to patterns is not necessarily mutually exclusive,
every connectome retains a modicum of similarity to ev-
ery identified connectivity pattern. Therefore, a poten-
tial reconciliatory approach would be that, across vigi-
lance levels, MB approaches P1, as it potentially reflects
cortical mechanisms associated with thought transition.
However, during alertness, this might also be accompa-
nied by overall changes to cortical arousal (as indicated
by the proximity to P5).

When looking into the properties of the hyperconnected
P5, we identified a correlation with increased amplitude
in the EEG in the form of SWs. Particularly, SW mark-
ers during wakefulness (amplitude, downslope) corre-
lated with functional connectomes more proximal to the
hyperconnected P5 and were more distant to the an-
ticorrelated patterns P1-4, hence directly relating MB
whole-brain topology with sleep-like electrophysiologi-
cal activity. The notion about the link between the fMRI
hyperconnectivity and sleep is consistent with previous
works (El-Baba et al., 2019; Li et al., 2020). We re-
cently hypothesised that such globally high synchroni-
sation may also result from the presence of SW-like ac-
tivity during wakefulness (Andrillon et al., 2025; Morta-
heb et al., 2022). Indeed, SW activity originates from al-
ternating patterns of neuronal firing (up states) and neu-
ronal silencing (down states) at a slow scale (1-4 Hz)
in both sleep (Steriade et al., 1993) and wakefulness
(Sheybani et al., 2023). While SWs represent local-
ized cortical events, they are not static and propagate
across the cortex as a travelling wave (Massimini et al.,
2004; Menicucci et al., 2009). Subsequently, propaga-
tion may elicit long and short-range neuronal synchrony
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(Tononi and Cirelli, 2014), taking the form of cortex-wide
increases in functional connectivity (Aedo-Jury et al.,
2020; Schwalm et al., 2017).

Our study is not without limitations. To improve statisti-
cal power, we aggregated different blank reports (blank
and no recall). While these reports point to the same
phenomenology of MB, it should be noted that they
propose different cognitive mechanisms (metacognitive
awareness of empty moments vs memory failure). As
such, it remains to be further evaluated whether they
share commonalities in their underlying cognitive mech-
anisms. Another limitation is that functional connectiv-
ity cluster estimates rely on a series of methodological
choices, including preprocessing parameters, the se-
lection of connectivity metrics, and the details of algo-
rithmic implementation. To address the combinatorial
issue of our different decision-making processes, we
opted for a systematic characterisation of our cluster-
ing approach across global signal regression, task re-
gression, clustering algorithm, analysis lag, and cluster-
ing k. While this aims to ameliorate the issue of multi-
ple potential pipelines, we noted some discrepancies in
pattern frequency across the clustering metric. When
Euclidean distance was used, the low-connectivity pat-
tern emerged as the most frequent one. Therefore, our
analysis could also capture effects elicited by clustering
parameters, rather than properties of time-varying cor-
tical organisation.

Overall, we show that the previously reported hypercon-
nected brain pattern and sleep-like intrusions that cor-
relate with MB reports might represent two sides of the
same coin. We show that, while MB and sleepiness
both relate to fMRI hyperconnectivity, their interaction
uncovers dissociable cortical correlates of MB, based
on how participants evaluate their vigilance level. Our
work builds on the quest to bridge mental content and
its absence with measurable brain activity, and provides
insights into how ongoing thinking is maintained during
wakefulness. In conclusion, our findings elaborate on
how experienced and cortical arousal lead to subjective
mental content, providing a more refined characterisa-
tion of the neuronal correlates of “thought-less” mental
states.

Data availability

All behavioural dataframes, ROI time courses, global
signal dataframes, k-means models, connectome dis-
tance dataframes and Canonical Correlations models
across all our analysis parameters can be found in
https://doi.org/10.58119/ULG/4LEKIM.

Code availability

All analysis was conducted in Python and R. An
archived version of the code at the time of submis-
sion can be found at https://gitlab.uliege.be/
poc/mind-blanking-monash-collab.
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Figure S1. Schematic representation of time-varying functional connectivity clustering. a) Nineteen subcortical parcels
were appended to the Schaefer 100 cortical regions of interest (ROls), yielding a combined cortical-subcortical parcellation. b)
For each subject S, the mean BOLD timeseries was extracted from every ROI, resulting in an N7 R x 119 matrix, where each row
corresponds to the mean BOLD signal per ROI. ¢) The Hilbert transform was applied to obtain an analytic representation of each
ROI timeseries, from which instantaneous phase coherence was computed between all ROI pairs at every BOLD acquisition. d)
Given that phase coherence matrices are symmetric, only the upper triangular elements were retained for each subject and time-
point. These matrices were concatenated across subjects and time to generate a comprehensive dataset representation of phase
coherence. e) To identify representative connectivity patterns that capture the temporal organization of functional connectivity, we
applied K-means clustering using the Manhattan distance metric. This procedure yielded five recurring connectivity patterns that
describe the observed functional connectivity across time. f) For each timepoint, we quantified the similarity to each of the five
connectivity patterns by computing the Manhattan distance. Effectively, this informed us as to how similar the brain looks to each
of the connectivity patterns at every TR. g) Finally, to investigate probe-specific functional connectivity, we extracted the last six
TRs (approximately 10 s) preceding each probe P, capturing their distances to the identified connectivity patterns. The y-axis of
each heatmap represents distances from ¢, — 6 up to ¢, — 1 BOLD scans before each probe. Each participant had approximately
40 probes.
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Figure S2. Replication analysis of the relationship between global signal amplitude, mental states and alertness levels. Analysis
parameters: task regression = False, Global signal regression = False. Across 3 different lags (shifting the analysis windows by 1
TR relative to the auditory probe to report content and alertness), participant consistently indicate higher global signal amplitude

during MB and sleepiness. GSA = global signal amplitude
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Figure S3. Replication analysis of the relationship between global signal amplitude, mental states and alertness levels. Analysis
parameters: task regression = True, Global signal regression = False. Across 3 different lags (shifting the analysis windows by 1
TR relative to the auditory probe to report content and alertness), participant consistently indicate higher global signal amplitude

during MB and sleepiness. GSA = global signal amplitude
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Figure S4. Replication analysis of the relationship between global signal amplitude, mental states and alertness levels. Analysis
parameters: task regression = True, Global signal regression = False. Across 3 different lags (shifting the analysis windows by 1
TR relative to the auditory probe to report content and alertness), participant consistently indicate higher global signal amplitude

during MB and sleepiness. GSA = global signal amplitude
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Figure S5. Replication analysis of the relationship between global signal amplitude, mental states and alertness levels. Analysis
parameters: task regression = True, Global signal regression = True. Across 3 different lags (shifting the analysis windows by 1
TR relative to the auditory probe to report content and alertness), participant consistently indicate higher global signal amplitude

during MB and sleepiness. GSA = global signal amplitude
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Figure S6. Supplementary Figure S6. Recurrent and consistent brain configurations emerge under different clustering dimen-
sionalities during task engagement. Clustering parameters: Metric = Manhattan distance, Global Signal Regression: False, Event
Regression: False. Heatmaps: For each value of k , patterns are ordered based on the standard deviation of their connectome,
from the most variant (left) to the least (right). Bottom row — Left: To examine whether patterns produced across different values
of k presented correspondence, we estimated the distance of pattern 1 for k = 5 with respect to all patterns obtained for k = 3 to
k = 8. Similarly, we estimated the distance of pattern 5 for k£ = 5 with respect to all patterns obtained for £ = 3 to k = 8. Bottom
row — Right: For each selection of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation
variability (IPVC) between all the upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns
found by the clustering procedure is maximal with k£ = 5 clusters.
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Figure S7. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = Manhattan distance, Global Signal Regression: False, Event Regression: True. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Figure S8. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = Manhattan distance, Global Signal Regression: True, Event Regression: False. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Metric: Manhattan, Parcel: 100, Regress task: True, Regress GS: True
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Figure S9. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = Manhattan distance, Global Signal Regression: True, Event Regression: True. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Metric: Cosine, Parcel: 100, Regress task: False, Regress GS: False
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Figure S10. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = cosine distance, Global Signal Regression: False, Event Regression: False. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Figure S11. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = cosine distance, Global Signal Regression: False, Event Regression: True. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Figure S12. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = cosine distance, Global Signal Regression: True, Event Regression: False. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Metric: Cosine, Parcel: 100, Regress task: True, Regress GS: True
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Figure S13. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = cosine distance, Global Signal Regression: True, Event Regression: True. Heatmaps: For
each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to k£ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure

is maximal with £ = 5 clusters.
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Metric: Euclidean, Parcel: 100, Regress task: False, Regress GS: False
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Figure S14. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task en-
gagement. Clustering parameters: Metric = Euclidean distance, Global Signal Regression: False, Event Regression: False.
Heatmaps: For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant
(left) to the least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented corre-
spondence, we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly,
we estimated the distance of pattern 5 for k = 5 with respect to all patterns obtained for k£ = 3 to k = 8. Bottom row — Right: For
each selection of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC)
between all the upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the

clustering procedure is maximal with k£ = 5 clusters.
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Metric: Euclidean, Parcel: 100, Regress task: True, Regress GS: False
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Figure S15. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = Euclidean distance, Global Signal Regression: False, Event Regression: True. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Figure S16. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = Euclidean distance, Global Signal Regression: True, Event Regression: False. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Figure S17. Recurrent and consistent brain configurations emerge under different clustering dimensionalities during task engage-
ment. Clustering parameters: Metric = Euclidean distance, Global Signal Regression: True, Event Regression: True. Heatmaps:
For each value of k , patterns are ordered based on the standard deviation of their connectome, from the most variant (left) to the
least (right). Bottom row — Left: To examine whether patterns produced across different values of k presented correspondence,
we estimated the distance of pattern 1 for £ = 5 with respect to all patterns obtained for £ = 3 to £ = 8. Similarly, we estimated
the distance of pattern 5 for k = 5 with respect to all patterns obtained for k = 3 to £ = 8. Bottom row — Right: For each selection
of the number of clusters in the K-means algorithm, we computed the inter-pattern correlation variability (IPVC) between all the
upper triangular parts of the resulting centroids. The variability of dynamic coordination patterns found by the clustering procedure
is maximal with k£ = 5 clusters.
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Figure S18. Replication analysis of the relationship between brain patterns, mental states and alertness. Analysis parameters:
distance=Manhattan, k clusters = 5, task regression = False, Global signal regression = False, N ROI = 100.
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Brain-behavioral coupling: Metric manhattan, k 5, Parcel 100, Regress GS False, Regress Events True
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Figure S19. Replication analysis of the relationship between brain patterns, mental states and alertness. Analysis parameters:
distance=Manhattan, k clusters = 5, task regression = False, Global signal regression = True, N ROl = 100.

Boulakis etal. | EEG-fMRI mind blanking Supplementary Information | 35


https://doi.org/10.1101/2025.10.14.681984
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.14.681984; this version posted October 15, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

Brain-behavioral coupling: Metric manhattan, k 5, Parcel 100, Regress GS True, Regress Events False
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Figure S20. Replication analysis of the relationship between brain patterns, mental states and alertness. Analysis parameters:
distance=Manhattan, k clusters = 5, task regression = True, Global signal regression = False, N ROl = 100.
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Brain-behavigral coupling: Metric manhattan, k 5, Parcel 100, Regress GS True, Regress Events True
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Figure S21. Replication analysis of the relationship between brain patterns, mental states and alertness. Analysis parameters:
distance=Manhattan, k clusters = 5, task regression = True, Global signal regression = True, N ROI = 100.
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Figure S22. Replication analysis of the relationship between brain patterns and SW-like activity. Analysis parameters
tance=Manhattan, k clusters = 5, task regression = False, Global signal regression = False, N ROI = 100.
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Figure S23. Replication analysis of the relationship between brain patterns and SW-like activity. Analysis parameters
tance=Manhattan, k clusters = 5, task regression = False, Global signal regression = True, N ROl = 100.
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Figure S24. Replication analysis of the relationship between brain patterns, mental states and alertness. Analysis parameters:

distance=Manhattan, k clusters = 5, task regression = True, Global signal regression = False, N ROI = 100.
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Figure S25. Replication analysis of the relationship between brain patterns, mental states and alertness. Analysis parameters:
distance=Manhattan, k clusters = 5, task regression = True, Global signal regression = True, N ROI = 100.
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Supplementary Tables

Table S1. Descriptive statistics of mental state and alertness level report frequencies

Report Mean Median Min Max SD IQR1 IQR3 Skewness Kurtosis
ONTASK 0.486  0.462 0 1.000 0.253 0.288 0.644 0.294 -0.694
MW 0.389  0.404 0 0.800 0.217 0.229 0.534 0.082 -0.781
BLANK 0.100  0.065 0 0.444 0.115 0.000 0.135 1.235 0.682
NO RECALL 0.025  0.000 0 0.176 0.043 0.000 0.032 2.281 5.1
EXSLEEPY  0.133 0.046 0.000 0.675 0.181 0.000 0.199 1.306 0.605
SLEEPY 0295 0.275 0.000 0.639 0.186 0.175 0.425 -0.051 -1.152
ALERT 0.484 0478 0.075 1.000 0.261 0.283 0.628 0.411 -0.791
EXALERT 0.088 0.050 0.000 0.350 0.104 0.000 0.138 1.134 0.005

SD = standard deviation; IQR1 = interquartile range — 25% percentile; IQR3 = interquartile range — 75% percentile

Table S2. MB and Sleepiness were reported less frequently compared to other reports

Contrast Statistic pFDR  Rank-biserial r Cl
ONTASK-OFFTASK -1.34 1.8e-01 0.21 [-0.05,0.44]
ONTASK-BLANK -6.28 9.9e-10 0.8 [0.69-0.88]
OFFTASK-BLANK -4.94 1.1e-06 0.69 [0.53-0.8]
SLEEPY-ALERT 2.02 4.2e-02 -0.27 [-0.49,-0.02]

Cl = confidence intervals 95%; FDR = false discovery rate

Table S3. MB and OFFTASK reports increase during sleepiness, while ONTASK reports increase during alertness

Contrast Odds Ratio SE  Zratio CL pFDR
ONTASK: SLEEPY / ALERT 0.15 0.02 -11.67 [0.11,0.21] 5.7e-31
OFFTASK: SLEEPY/ALERT 2.64 0.4 6.5 [1.7-3.53] 7.9e-11
BLANK: SLEEPY / ALERT 8.03 21 7.96 [4.8-13.4] 1.7e-15

SE = standard error; CL = confidence limits 95 %; FDR = false discovery rate

Table S4. Descriptive statistics of mental state and alertness level reaction times to probes

Report Mean Median Min Max SD IQR1 IQR3 Skewness Kurtosis
ONTASK 1.649 1.143 0.272 7.690 1.397 0.687 2.053 1.732 2.759
OFFTASK  1.980 1.614 0.295 7.826 1.322 1.035 2.583 1.491 2.436
BLANK 2793 2330 0325 7.886 1.760 1.501 3.567 1.087 0.676
SLEEPY 2.202 1.837 0.295 7.886 1.468 1.133 2.876 1.338 1.772
ALERT 1.713 1213 0272 7.690 1.424 0.723 2.201 1.762 3.039

SD = standard deviation; IQR1 = interquartile range — 25% percentile; IQR3 = interquartile range — 75% percentile
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Table S5. Main effects and interaction contrasts describing the relationship between reaction times, mental states, and alertness
levels

Contrast Estimate SE Zratio CL p-value
ONTASK - OFFTASK 0.03 0.02 1.25  [-0.03,0.08] 2.13e-01
ONTASK - BLANK 0.18 0.03 7.1 [0.12,0.25] 3.55e-12
OFFTASK - BLANK 0.16 0.02 6.35 [0.10,0.22] 3.21e-10
SLEEPY - ALERT 0.03 0.02 1.51 [-0.01,0.07] 1.31e-01
SLEEPY: ONTASK - OFFTASK 0.00 0.03 0.03 [-0.08,0.08] 9.79e-01
SLEEPY: ONTASK - BLANK 0.09 0.04 259 [0.01,0.18] 1.45e-02
SLEEPY: OFFTASK - BLANK 0.09 0.03 3.27 [0.02,0.16] 3.22e-03
ALERT: ONTASK - OFFTASK 0.05 0.03 1.92  [-0.01,0.12] 5.47e-02
ALERT: ONTASK - BLANK 0.28 0.04 7.24 [0.18,0.37] 1.38e-12
ALERT: OFFTASK - BLANK 0.22 0.04 5.44 [0.12,0.32] 8.18e-08

SE = standard error; CL = confidence limits 95 %; FDR = false discovery rate

Table S6. Descriptive statistics of global signal amplitude across mental states and alertness levels

Report Mean Median Min Max SD IQR1 IQR3 Skewness Kurtosis
ONTASK  0.514  0.441 0.003 4.030 0.363 0.264 0.661 1.981 7.237
OFFTASK 0.538 0.465 0.005 3.468 0.370 0.278 0.709 1.888 6.988
BLANK 0.599 0.509 0.030 2.369 0.398 0.327 0.781 1.347 2.224
Sleepy 0.597 0.512 0.005 3.468 0.421 0.299 0.781 1.695 4.734
Alert 0.488  0.421 0.003 4.030 0.323 0.262 0.638 1.830 7.268

SD = standard deviation; IQR1 = interquartile range — 25% percentile; IQR3 = interquartile range — 75% percentile

Table S7. Main effect and interaction contrasts describing the relationship between global signal amplitude, mental states and
alertness levels

Contrast Estimate SE Zratio CL p-value
ONTASK - OFFTASK -0.00 0.02 -0.17 [-0.04,0.04] 8.68e-01
ONTASK - BLANK -0.09 0.03 -3.02 [-0.15,-0.02] 4.43e-03
OFFTASK - BLANK -0.08 0.03 -297 [-0.15,-0.02] 4.43e-03
SLEEPY - ALERT 0.12 0.02 5.71 [0.08,0.17] 1.13e-08

SLEEPY: ONTASK - OFFTASK 0.04 0.03 1.66 [-0.02,0.11]  1.46e-01
SLEEPY: ONTASK - BLANK -0.04 0.03 -1.31 [-0.12,0.03] 1.91e-01
SLEEPY: OFFTASK - BLANK -0.09 0.03 -3.13 [-0.15,-0.02] 5.29e-03
ALERT: ONTASK - OFFTASK -0.05 0.02 -2.40 [-0.10,0.00] 2.49e-02
ALERT: ONTASK - BLANK -0.13 0.05 -2.78 [-0.24,-0.02] 1.61e-02
ALERT: OFFTASK - BLANK -0.08 0.05 -1.64 [-0.19,0.04] 1.01e-01
SE = standard error; CL = confidence limits 95 %; FDR = false discovery rate

Table S8. Descriptive statistics of brain pattern occurrence frequency

Brain Pattern Mean Median Min Max SD IQR1 IQR3 Skewness Kurtosis
Pattern 1 0.209 0.184 0.094 0.410 0.071 0.167 0.256 0.961 0.679
Pattern 2 0.162 0.155 0.061 0.313 0.055 0.120 0.188 0.489 0.012
Pattern 3 0.166 0.161 0.071 0.392 0.062 0.114 0.192 1.190 2.539
Pattern 4 0.132 0.126 0.049 0.293 0.051 0.091 0.158 0.798 0.772
Pattern 5 0.331 0.320 0.134 0.679 0.132 0.228 0.427 0.532 -0.409

SD = standard deviation; IQR1 = interquartile range — 25% percentile; IQR3 = interquartile range — 75% percentile
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Table S9. Contrast analysis of the differences in brain pattern occurrence frequencies

Contrast Estimate @SE Zratio CL p-value
Pattern 1 - Pattern 2 0.05 0.02 254 [-0.01,0.10] 2.05e-02
Pattern 1 - Pattern 3 0.04 0.02 2.33 [-0.01,0.09] 3.05e-02
Pattern 1 - Pattern 4 0.08 0.02 4.18 [0.02,0.13] 9.96e-05
Pattern 1 - Pattern 5 -0.12 0.02 -6.71 [-0.17,-0.07] 9.69e-10
Pattern 2 - Pattern 3 -0.00 0.02 -0.21 [-0.06, 0.05] 8.36e-01
Pattern 2 - Pattern 4 0.03 0.02 1.64 [-0.02,0.08] 1.14e-01
Pattern 2 - Pattern 5 -0.17 0.02 -9.24 [-0.22,-0.12] 1.20e-15
Pattern 3 — Pattern 4 0.03 0.02 1.85 [-0.02,0.09] 8.25e-02
Pattern 3 - Pattern 5 -0.17 0.02 -9.04 [-0.22,-0.11] 2.74e-15
Pattern 4 — Pattern 5 -0.20 0.02 -10.89 [-0.25,-0.15] 1.20e-19

SE = standard error; CL = confidence limits 95 %; FDR = false discovery rate

Table S10. Descriptive statistics of distances of time-varying FC during mental states and alertness levels from the brain patterns

Pattern Report Mean Median Min Max SD IQR1 IQR3 Skewness  Kurtosis
P1 ONTASK  4440.301 4430.541 3910.006 6244.807 190.954 4333.560 4519.712 1.568 7.870
P1 OFFTASK  4432.874 4425496 3960.780 5655.372 176.840 4335.004 4509.746 1.184 5.047
P1 BLANK 4424426 4417.706 3893.356 5190.178 176.026 4321.109 4516.312 0.492 1.428
P1 Sleepy 4438.984  4427.483 3981.135 5401.561 174.620 4337.988 4519.839 0.946 2.860
P1 Alert 4433.034 4426.717 3893.356 6244.807 190.201 4328.146 4512.897 1.543 8.131
P2 ONTASK  4473.548 4453.604 3934.488 6072.208 174.012 4379.748 4536.416 1.949 9.536
P2 OFFTASK  4463.692 4449.971 3959.624 5601.975 156.508 4376.045 4530.844 1.180 4.998
P2 BLANK 4463.822 4445.065 4129.599 5156.260 139.840 4377.811  4533.040 0.866 1.870
P2 Sleepy 4464.524  4448.148 3959.624 5312.159 154505 4373.013 4534.082 0.934 2.488
P2 Alert 4471.441 4453587 3934488 6072.208 169.743 4382.107 4534.557 1.991 10.330
P3 ONTASK 4460.675 4435.260 4045.824 6133.537 178.734 4362.456 4520.920 2.075 9.415
P3 OFFTASK  4456.744  4437.679 4033.137 5587.687 159.734 4365.919  4523.906 1.436 5.230
P3 BLANK 4445873 4429.600 4057.406 5195.973 155.860 4349.987 4522.042 0.890 2.293
P3 Sleepy 4464.324 4442391 4052.211 5387.385 163.552 4368.209 4535.896 1.176 3.071
P3 Alert 4452.404  4430.101 4033.137 6133.537 172.568 4359.073 4512.238 2141 10.519
P4 ONTASK 4472174  4441.831 4051.184 6232.415 169.202 4380.343 4528.024 2.470 12.697
P4 OFFTASK  4461.935 4436.054 4077.725 5640.300 157.344 4371.709 4521.159 1.952 7.975
P4 BLANK 4460.362 4438.273 4127.010 5278.435 149.941 4375.651 4527.183 1.130 3.347
P4 Sleepy 4460.565 4434.407 4051.184 5456.137 159.473  4369.433 4522.228 1.536 4.883
P4 Alert 4471.223  4443.381 4110.607 6232.415 164.525 4381.617 4527.515 2.585 13.847
P5 ONTASK 4414449 4462178 3455.978 5676.460 243.877 4296.275 4566.336 -0.610 1.626
P5 OFFTASK  4416.752 4465.423 3529.340 5583.751 239.234  4292.084 4571.685 -0.617 0.978
P5 BLANK 4425492 4468.797 3587.530 5212.208 226.461 4315.341 4565.511 -0.680 1.397
P5 Sleepy 4407.826  4462.825 3455.978 5290.038 247.382 4277.344  4566.728 -0.699 0.859
P5 Alert 4422.983  4465.291 3477.422 5676.460 234.479 4308.900 4570.062 -0.549 1.769

SD = standard deviation; IQR1 = interquartile range — 25% percentile; IQR3 = interquartile range — 75% percentile
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Table S11. Main effect and interaction contrasts describing the relationship between patterns, mental states and alertness levels

Pattern Contrast Estimate SE D.F. CL T-statistic P-value
P1 ONTASK - OFFTASK 7.24 51 8122.91 [-4.97, 19.46] 1.42 1.56e-01
P1 ONTASK - BLANK 48.1 8.31 8370.65 [28.19, 68.00] 5.79 2.24e-08
P1 OFFTASK - BLANK 40.85 8.17  8402.03 [21.30, 60.41] 5 8.70e-07
P1 Sleepy - Alert 15.38 6.37  7630.23 [2.89, 27.88] 2.41 1.58e-02
P1 Sleepy:ONTASK - OFFTASK 1.5 7.86  8337.07 [-17.31,20.31] 0.19 8.48e-01
P1 Sleepy:ONTASK - BLANK 18.02 9.39 8258.42 [-4.47, 40.50] 1.92 8.26e-02
P1 Sleepy:OFFTASK - BLANK 16.51 8.02  8380.86 [-2.68, 35.71] 2.06 8.26e-02
P1 Alert:ONTASK - OFFTASK 12.98 6.06 8332.72 [-1.53, 27.49] 2.14 3.22e-02
P1 Alert:ONTASK - BLANK 78.18 13.64 8432.54 [45.53,110.83] 5.73 3.05e-08
P1 Alert:OFFTASK - BLANK 65.19 14.21 8412.95 [31.16, 99.23] 4.59 6.84e-06
P2 ONTASK - OFFTASK 11.27 4.56 7474.49 [0.35, 22.20] 2.47 2.03e-02
P2 ONTASK - BLANK 241 7.45 8102.02 [6.27, 41.94] 3.24 3.65e-03
P2 OFFTASK - BLANK 12.83 7.32  8190.08 [-4.70, 30.36] 1.75 7.97e-02
P2 Sleepy - Alert 0.96 5.69 6474.61 [-10.19, 12.11] 0.17 8.66e-01
P2 Sleepy:ONTASK - OFFTASK 18.69 7.04 8017.14 [1.84, 35.53] 2.66 2.38e-02
P2 Sleepy:ONTASK - BLANK 16.07 8.41 7810.65 [-4.06, 36.20] 1.91 8.39e-02
P2 Sleepy:OFFTASK - BLANK -2.61 7.18 8131.38  [-19.81, 14.58] -0.36 7.16e-01
P2 Alert:ONTASK - OFFTASK 3.86 5.43 7996.57 [-9.14, 16.85] 0.71 4.78e-01
P2 Alert:ONTASK - BLANK 32.14 12.23 8286.69 [2.86, 61.41] 2.63 2.58e-02
P2 Alert:OFFTASK - BLANK 28.28 12.74 8223.13 [-2.23, 58.79] 2.22 3.97e-02
P3 ONTASK - OFFTASK 9.01 4.7 7900.14 [-2.24, 20.27] 1.92 5.53e-02
P3 ONTASK - BLANK 33.95 7.67  8284.66 [15.59, 52.30] 4.43 2.89e-05
P3 OFFTASK - BLANK 24.94 7.53  8335.84 [6.90, 42.97] 3.31 1.40e-03
P3 Sleepy - Alert 11.33 5.87 7201.78 [-0.17, 22.83] 1.93 5.35e-02
P3 Sleepy:ONTASK - OFFTASK 2.9 7.24 823228  [-14.44, 20.24] 0.4 6.89e-01
P3 Sleepy:ONTASK - BLANK 24.12 8.65 8108.38 [3.39, 44.84] 2.79 8.01e-03
P3 Sleepy:OFFTASK - BLANK 21.22 7.39 8301.42 [3.52, 38.92] 2.87 8.01e-03
P3 Alert:ONTASK - OFFTASK 15.12 5.59  8223.29 [1.74, 28.50] 2.71 1.02e-02
P3 Alert:ObNTASK - BLANK 43.78 12,58 8388.43 [13.66, 73.89] 3.48 1.51e-03
P3 Alert:OFFTASK - BLANK 28.65 13.11  8354.27 [-2.73, 60.04] 2.19 2.89e-02
P4 ONTASK - OFFTASK 7.87 452  8006.77 [-2.95, 18.69] 1.74 1.23e-01
P4 ONTASK - BLANK 15.66 7.37  8326.79 [-1.98, 33.31] 2.13 1.01e-01
P4 OFFTASK - BLANK 7.79 7.24  8368.55 [-9.55, 25.13] 1.08 2.82e-01
P4 Sleepy - Alert -16.42 5.65 7401.84 [-27.48,-5.35] -2.91 3.64e-03
P4 Sleepy:ONTASK - OFFTASK 7.05 6.96 8283.23 [-9.62, 23.72] 1.01 4.67e-01
P4 Sleepy:ONTASK - BLANK 9.81 8.32 8180.78 [-10.11,29.74] 1.18 4.67e-01
P4 Sleepy:OFFTASK - BLANK 2.76 711 8340.42 [-14.25, 19.78] 0.39 6.97e-01
P4 Alert:ONTASK - OFFTASK 8.69 5.37 8276.6 [-4.17, 21.55] 1.62 1.59e-01
P4 Alert:ONTASK - BLANK 21.51 12.09 8410.49 [-7.44, 50.46] 1.78 1.59e-01
P4 Alert:OFFTASK - BLANK 12.82 12.6  8383.37 [-17.35, 42.99] 1.02 3.09e-01
P5 ONTASK - OFFTASK 4.3 6.52  8430.99 [-11.32,19.91] 0.66 5.10e-01
P5 ONTASK - BLANK 20.57 10.61  8468.31 [-4.84, 45.98] 1.94 1.58e-01
P5 OFFTASK - BLANK 16.28 10.42 8470.95 [-8.68, 41.23] 1.56 1.78e-01
P5 Sleepy - Alert -18.17 8.16  8323.18 [-34.17,-2.17] -2.23 2.60e-02
P5 Sleepy:ONTASK - OFFTASK 5.15 10.03  8464.31 [-18.86, 29.17] 0.51 6.50e-01
P5 Sleepy:ONTASK - BLANK -5.44 11.99 8453.41 [-34.16, 23.28] -0.45 6.50e-01
P5 Sleepy:OFFTASK - BLANK -10.59 10.23 8469.26  [-35.09, 13.90] -1.04 6.50e-01
P5 Alert:ONTASK - OFFTASK 3.44 7.74 8464.12 [-15.08, 21.97] 0.45 6.56e-01
P5 Alert:ONTASK - BLANK 46.59 17.39 8472 [4.94, 88.23] 2.68 2.22e-02
P5 Alert:OFFTASK - BLANK 43.14 18.13  8471.54 [-0.28, 86.56] 2.38 2.61e-02

SE = standard error; CL = confidence limits 95 %; FDR = false discovery rate; D.F. = degrees of freedom
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