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ABSTRACT

Sleep deprivation leads to significant impairments in cognitive performance and changes to the interactions between large scale cortical networks, yet the hierarchical
organization of cortical activity across states is still being explored. We used functional magnetic resonance imaging to assess activations and connectivity during
cognitive tasks in 20 healthy young adults, during three states: (i) following a normal night of sleep, (ii) following 24hr of total sleep deprivation, and (iii) after
a morning recovery nap. Situating cortical activity during cognitive tasks along hierarchical organizing gradients based upon similarity of functional connectivity
patterns, we found that regional variations in task-activations were captured by an axis differentiating areas involved in executive control from default mode regions
and paralimbic cortex. After global signal regression, the range of functional differentiation along this axis at baseline was significantly related to decline in working
memory performance (2-back task) following sleep deprivation, as well as the extent of recovery in performance following a nap. The relative positions of cortical
regions within gradients did not significantly change across states, except for a lesser differentiation of the visual system and increased coupling of the posterior
cingulate cortex with executive control areas after sleep deprivation. This was despite a widespread increase in the magnitude of functional connectivity across
the cortex following sleep deprivation. Cortical gradients of functional differentiation thus appear relatively insensitive to state-dependent changes following sleep
deprivation and recovery, suggesting that there are no large-scale changes in cortical functional organization across vigilance states. Certain features of particular
gradient axes may be informative for the extent of decline in performance on more complex tasks following sleep deprivation, and could be beneficial over traditional

voxel- or parcel-based approaches in identifying realtionships between state-dependent brain activity and behavior.

1. Introduction

The brain requires regular and recurrent sleep to maintain opti-
mal functioning. While the precise reasons that explain the inevitable
requirement for sleep are still being explored, the behavioural conse-
quences of sleep deprivation (SD) are well-known and substantial. Acute
total SD in particular has been observed to impair performance in cog-
nitive domains such as visuomotor skills (Van Dongen et al., 2003), de-
cision making (Blatter et al., 2005; Killgore et al., 2006; Linde et al.,
1999), attention (Gevers et al., 2015; Kendall et al., 2006), logical rea-
soning (Drummond et al., 2004), fine motor skills (Ayalon and Fried-
man, 2008), and memory recall (Drummond et al., 2000; Forest and
Godbout, 2000). However the most striking and replicated findings
are impairments in vigilance (Doran et al., 2001; Muto et al., 2016;
Drummond et al., 2005; Karakorpi et al., 2006; Rupp et al., 2012;

Van Dongen et al., 2003; Yeo et al.,, 2015) and working memory
(Chee et al., 2006; Choo et al., 2005; Forest and Godbout, 2000;
Gevers et al., 2015; Lim et al., 2007; Rupp et al., 2012).

While studies have shown decreased task-evoked activations in re-
gions of interest (ROIs) following SD, most commonly in fronto-parietal
regions (Bell-McGinty et al., 2004; Chee and Tan, 2010; Chuah et al.,
2006; Drummond et al., 2005, 2000; Lim et al., 2007; Muto et al.,
2016; Tomasi et al., 2009), their magnitude have not always been pre-
dictive of behavioural impairment (Bell-McGinty et al., 2004; Lim et al.,
2007). Additionally, increased activations have also been reported
in other regions following SD (Bell-McGinty et al., 2004; Chee and
Tan, 2010; Drummond et al., 2000; Tomasi et al., 2009). Indeed,
task-evoked responses may display different patterns following SD de-
pending on the task used and its difficulty, or the brain ROIs as-
sessed. Thus, focusing on a dampening of specific task-evoked brain
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responses due to fatigue is unlikely to explain cognitive impairments
in isolation.

Instead, the coordination of regions in large-scale networks, which
can be non-invasively mapped using functional Magnetic Resonance
Imaging (fMRI), may play a prominent role in determining the effects
of prolonged wakefulness on cognitive function. However, few studies
have attempted to bring into light associations between cognitive per-
formance following sleep deprivation and functional connectivity, par-
ticularly during tasks. One study attempted to do so with seed-based
functional connectivity but did not detect significant associations with
behavior (De Havas et al., 2012). Later, other studies using resting-state
functional connectivity detected that SD was associated with a loss of
integration within large-scale functional networks and a reduced segre-
gation between networks (Ben Simon et al., 2017; Yeo et al., 2015), as
well as an increase in the fluctuation of the global signal (Wong et al.,
2013; Yeo et al., 2015). These findings suggests that sleep deprivation
may result in a reduction of order (i.e., increased entropy) in the brain.
Importantly, in one of these studies subjects who were more resilient to
lapses in vigilance following sleep deprivation exhibited a larger extent
of highly segregated cortical networks, such as attention and default
mode networks (DMN), when they were well rested (Yeo et al., 2015).
This was only observed after accounting for the increase in the global
signal fluctuation, however recent reports indicate that global signal
regression (GSR) improves behavioral prediction accuracies taken from
functional connectivity (Li et al., 2019a2019b). Nevertheless, this is sup-
ported by other findings showing that inter-individual differences in per-
formance decline following sleep deprivation are trait-like (Dennis et al.,
2017; Lim et al., 2007; Rupp et al., 2012; Van Dongen et al., 2003) and
therefore may depend on individual characteristics of cortical organiza-
tion.

Emerging analytical techniques that capture core axes of cortical or-
ganization open new avenues to explore individual differences related
to extended wakefulness and resilience to sleep deprivation. These prin-
ciple axes of variation in cortico-cortical functional connectivity are re-
flected in large-scale functional gradients, where the relative positioning
of all cortical regions along a functional gradient inform upon the sim-
ilarity of their connectivity profiles (i.e. the profile of their functional
connectivity to all other cortical regions) and defined by maximally vari-
ant regions at either end (Margulies et al., 2016; Lariviere et al., 2020;
Haak et al., 2018; Bethlehem et al., 2020; Paquola et al., 2019). Func-
tional gradients, estimated using a multivariate statistical framework,
provide a low-dimensional representation of global cortical organization
of functional connectivity patterns. Moreover, although these gradients
are decomposed from functional MRI data, they recapitulate hierarchi-
cal organization of information processing streams derived from inva-
sive tract-tracing and histology (Margulies et al., 2016; Mesulam 1998;
Paquola et al., 2019). Furthermore, those gradients are assumed to be
important for constraining cognitive processes in the brain (for review,
see (Huntenburg et al., 2018).

Alongside detailing patterns of activity in specific regions of in-
terest during a cognitive task, probing the hierarchy of cortical func-
tion would serve to provide more comprehensive and detailed insight
into impairments in behavior. In that context, cross-referencing task-
related activations to their position along those functional gradients
(Murphy et al., 2018; Murphy et al., 2019) can be used to demonstrate
the core axes of functional organization that are relevant for the cog-
nitive processes in question. Recent work demonstrating age-related in-
dividual differences in functional gradients are relevant for cognitive
decline (Bethlehem et al., 2020), suggests that this framework may be
optimally suited to probe the significant impacts of sleep deprivation on
cognition.

Thus, the aims of this study are: 1) to identify which functional axes
reflect brain activation patterns across cognitive tasks of attention, vig-
ilance, and working memory; 2) to understand if, how, and to what
extent these axes of functional organization change following SD and
recover after an opportunity to nap, and; 3) determine whether individ-
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ual characteristics of this organization might predict the impairments in
cognition experienced following SD and their recovery after a nap.

We expect task activation patterns will adequately reveal that spe-
cific gradient axes are relevant for ongoing cognitive processes. Also,
if functional gradients constitute an inherent coordinate system of the
human cerebral cortex, then they will provide an opportunity to test the
extent of disordered functional connectivity caused by sleep deprivation.
It is unlikely however that this general organization will be severely dis-
torted following sleep deprivation, because core cognitive processes are
still achievable and individual traits are still noticeable. Based on previ-
ous findings that higher segregation of large-scale cortical networks at
rest may be partially protective against the performance decline follow-
ing sleep deprivation (Yeo et al., 2015), and that the technique of situat-
ing cortical activity in a gradient space attempts to highlight the extent
of differentiatied brain regions, it was hypothesised that the range (dis-
tance from one end to the other) of certain gradient distributions, or the
dispersion of networks within this gradient space, may result in effective
low-dimensional predictors of resilience to state-dependent changes in
cognition, such as following sleep deprivation.

Finally, given the debate around the use of GSR in functional con-
nectivity analyses, and the fact that previous results looking at these
analyses after sleep deprivation reported significant results only after
GSR, we performed our analyses both without and with GSR. This al-
lowed us to explore the effects of GSR on gradient distribution, their
state-dependent changes, and the relationship with performance.

2. Methods
2.1. Participants

Participants were recruited using advertisements posted online and
within Concordia University, Montreal. A semi-structured interview was
conducted to assess their eligibility. Participants were required to be
aged between 18 and 30 years and considered good sleepers (>6 h of
sleep per night) with an absence of any sleep disorders (participants with
insomnia, sleep apnea syndrome with an apnea-hypopnea index >5/hr,
central disorders of hypersomnolence, restless legs syndrome, periodic
limb movements during sleep with an index >15/hr, and parasomnias
were excluded). Participants were also excluded for neurological or psy-
chiatric conditions (e.g. epilepsy, migraine, stroke, chronic pain, major
depression, anxiety disorder, psychotic disorder) and current use of psy-
chotropic medications or cannabis. Subjects were also asked to refrain
from smoking tobacco for the entire duration of the study. All subjects
provided informed consent prior to the start of the study that was ap-
proved by the Central Research Ethics Committee of the Quebec Ministry
of Health and Social Services.

2.2. Study procedure

The study protocol is outlined in Fig. 1A. Participants made three
visits to the laboratory. On the first visit, they were briefed on the study
protocol and completed an overnight polysomnography to adapt to the
environment and to screen for any sleep disorders. To monitor their
sleep pattern between this visit and the remaining visits, each partici-
pant was given a wrist actiwatch (Actiwatch, Philips Respironics, USA)
that had to be worn until they completed the experiment. Only subjects
with a good sleep habit (slept for > 6 hr per night with a consistent
schedule) were invited to participate in the subsequent sessions.

The second and third visits were well-rested (WR) or sleep depri-
vation (SD) sessions. The WR and SD sessions were separated by a
minimum of one week and the order of test sessions was counterbal-
anced across participants. During the WR session, participants arrived
at 7:00pm and were given a 9-hour sleep opportunity in a dark, quiet
room. During the SD session, participants arrived at 8:00 pm and stayed
awake the entire night in the laboratory. They were free to do as they
wish, but were constantly monitored and prevented from consuming
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Fig. 1. Study design and behavioural results. A. Participants made 3 visits to the lab: a habituation night, followed by a counterweighted design of either another
full-night opportunity to sleep (blue), or a night of total sleep deprivation. In the morning following each night, participants completed cognitive tasks inside the
MRI scanner. In the sleep deprived state (red), participants also had a recovery nap opportunity (yellow) and then recompleted the tasks inside the MRI scanner. B.
The cognitive tasks encompassed domains that have been shown impaired following sleep deprivation: Attention - the Attention Network Task (Fan et al., 2002);
Working memory - the N-back Task (Kirchner 1958); and Vigilance - the Mackworth Clock Task (Lichstein et al., 2000). C. The percentage of correct responses and
mean reaction time on all tasks was significantly impaired following sleep deprivation, and improved following a recovery nap.

any stimulants or performing anything too stimulating (e.g. exercising
or watching horror films). Light levels were set at a constant level for
all subjects throughout the entire night.

In both sessions, subjects were taken to the MRI at 7:00am to be
prepared for scanning, including the application of an MRI compatible
high-density EEG cap for objective monitoring of wakefulness. Scanning
began at 8:00am. In the WR state, the session involved two resting state
sequences (a fixation cross (5 min) and the Inscapes video (7 min); Van-
derwal et al., 2015), followed by three cognitive tasks: the Attentional
Network Task (ANT), the N-back task, and the MCT; an anatomical T1w
scan, and a diffusion weighted imaging scan. In the SD state, the first
session also involved the same two resting state sequences, followed by
the three cognitive tasks. Then subjects were provided a 60-minute nap
opportunity inside the MRI scanner. After 60 min, the participant was
woken and during the final session (post recovery nap, PRN), subjects re-
completed all of the cognitive tasks, as well as one resting state sequence

(fixation cross). At the completion of the study, subjects were debriefed
and were advised not to drive home if they had just completed the SD
session.

2.3. Cognitive tasks and other sequences

The cognitive tasks (Fig. 1B) were chosen to reflect different types
of cognitive processing due to the known sigificant effects of sleep de-
privation in these cognitive domains:

Mackworth Clock Task: The version of this vigilance task used in this
study consisted of a circular stimuli presented on screen spatially similar
to a ticking clock. A node sequentially traversed the circumference of
the circle in discrete steps. The participants were asked to press the
trigger when the stimuli skipped or ‘jumped’ a step (Lichstein et al.,
2000; Loh et al., 2004). The task lasted 5 min in duration, with each
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block lasting 18 s and rest period between blocks was 15 s. Therefore,
this task resembles a simple attention task.

Attentional Network Task (ANT): This task probes different attentional
processes, such as alerting, orienting and executive control (Fan et al.,
2005, 2002). The ANT consists of a series of trials in which the partic-
ipant is required to identify the direction (left or right) of the middle
arrow in an array of five arrows within an upper or lower panel of the
screen. The arrow is either congruent or incongruent to the direction of
all other arrows. Different cues are displayed immediately prior to the
appearance of the arrows, including both panels flashing (double cue;
alerting), or either panel flashing (valid or invalid cues; orienting). For a
subset of trials, no cue precedes the appearance of the arrows (no cue).
The ANT lasted 13 min in duration, with each trial lasting 1 s with a
random jitter (range = 2-12, mean = 5 s) between each trial.

N-back task: This working memory task consisted of a sequence of let-
ters presented one at a time in the center of the screen (Kirchner 1958;
Sweet 2011). The participant was required to respond depending on the
difficulty level of each block of trials. At level 0-back, the participant
responded on every trial in the block. This served as a control condition
for investigating activations related to higher level processing. At level
1-back, the participant responded whenever the letter of two subsequent
trial was the same. At level 2-back, the participant responded whenever
the letter presented was the same as the letter presented 2 trials previ-
ously. The N-back lasted 8 min in duration, with each block lasting 38 s
with 10 s between each trial.

All tasks were run on a laptop computer using Inquisit software
(Millisecond Software LLC, 1998), displayed to the participant via a pro-
jector screen behind the MRI scanner. The participant responded to all
tasks via button presses made using a response pad attached to the fin-
gers of the left hand. For all tasks, outcomes of reaction time (ms), accu-
racy (%; correct trials/number of trials), and lapses (number of missed
responses) were measured.

2.4. Monitoring of wakefulness and sleep

Participants were monitored for wakefulness during scanning
through a live video recording of the eyes. They were given a wake-
up call if their eyes were closed for more than 10 s during the resting-
state or cognitive tasks to prevent them from falling asleep. When there
was uncertainty surrounding wakefulness inside the scanner, post-hoc
confirmation of wakefulness and sleep was verified using the electroen-
cephalography (EEG) that was acquired simultaneously.

2.5. EEG acquisition and preprocessing and scoring

EEG was acquired using an MR compatible 256 high-density geodesic
sensor EEG array (Electrical Geodesics Inc (EGI), now Philips Neuro, Ore-
gon USA). The EEG cap included 256 sponge electrodes referenced to
Cz that covered the entire scalp and part of the face. EEG data were
recorded using a battery-powered MR-compatible 256-channel ampli-
fier shielded from the MR environment that was placed next to the
participant inside the scanning room. The impedance of the electrodes
were initally maintained below 20kQ and kept to a maximum of 70kQ
throughout the recording. Data were sampled at 1000 Hz and trans-
ferred outside the scanner room through fiber-optic cables to a com-
puter running the Netstation software (v5, EGI). The recording of EEG
was phase-synchronized to the MR scanner clock (Sync Clock box, EGI),
and all scanner repetition times (TRs) and participant responses were
recorded in the EEG traces. Electrocardiography (ECG) was also col-
lected via two MR compatible electrodes placed between the 5th and 7th
ribs and above the heart close to the sternum, and recorded at 1000 Hz
through a bipolar amplifier (Physiobox, EGI).

The EEG data were preprocessed using the Brainvision Analyzer
(Brain Products Inc, Gilching Germany). Firstly, the EEG data were cor-
rected for MR gradient artefacts using a 21 s sliding window template.
Ballistocardiographic pulse-related artefacts were separated from the
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signal using a template time-locked to the detected QRS peaks in the
ECG channel and then removed from the EEG signal. The MR-denoised
EEG signal was bandpass filtered between 1 and 20 Hz to remove low-
frequency drift and high-frequency noise, down-sampled to 250 Hz, and
re-referenced to the linked mastoids.

The task- and resting-wake EEG recordings were scored post-hoc to
confirm participant wakefulness during these sessions. Scoring of the
sleep session was performed in conjunction by two trained scorers (NC &
AP) using the wonambi toolbox (https://github.com/wonambi-python/
wonambi) (using the channels Fz, F3, F4, C3, C4, O1 and O2) in order
to obtain measures of sleep including total sleep time, and the duration
of sleep stages.

2.6. MRI acquisition

MRI scanning was acquired with a 3T GE scanner (General Elec-
tric Medical Systems, Wisconsin, US) using an 8-channel head coil.
Functional scans were all acquired using a gradient-echo echo-planar
imaging (EPI) sequence (TR = 2500 ms, TE = 26 ms, FA = 90°,
41 transverse slices, 4-mm slice thickness with a 0% inter-slice gap,
FOV = 192 x 192 mm, voxel size = 4 x 4 x 4mm?® and matrix
size = 64 x 64). High-resolution T1-weighted structural images were
acquired using a 3D BRAVO sequence (TR = 7908 ms, TI = 450 ms,
TE = 3.06 ms, FA = 12°, 200 slices, voxel size = 1.0 x 1.0 x 1.0 mm,
FOV = 256 x 256 mm).

During all EEG-fMRI sessions, the helium pump was switched off in
order to reduce noise artefacts infiltrating the EEG signal. To minimize
movement-related artefacts during the scaning, MRI-compatible foam
cushions were used to fix the participant’s head in the head coil.

2.7. MRI preprocessing

Preprocessing of fMRI data was performed using fMRIPrep 1.3.1
(Esteban et al., 2019); RRID:SCR_016216), which is based on
Nipype 1.1.9 (Esteban et al.,, 2020; Gorgolewski et al., 2011);
RRID:SCR_002502). Firstly, the T1-weighted (T1w) image was corrected
for intensity non-uniformity (ANTs v2.2.0) and used as T1w-reference
throughout the workflow. Then a reference volume of the EPI image and
its skull-stripped version were generated using a custom methodology
of fMRIPrep. The BOLD reference was then co-registered to the T1w ref-
erence using bbregister (FreeSurfer v6.0) which implements boundary-
based registration (Greve and Fischl, 2009). Co-registration was con-
figured with nine degrees of freedom to account for distortions re-
maining in the BOLD reference. Head-motion parameters with respect
to the BOLD reference (transformation matrices, and six correspond-
ing rotation and translation parameters) were estimated (mcflirt, FSL
v5.0.9; (Jenkinson et al., 2002) before slice-timing correction (AFNI,
(Cox, 1996)). The BOLD time-series (including slice-timing correction
when applied) were resampled onto their original, native space by ap-
plying a single, composite transform to correct for head-motion and sus-
ceptibility distortions. Transforms are concatenated and applied all at
once, with one interpolation (Lanczos) step, so as little information is
lost as possible. Frame Displacement and the spatial standard devia-
tion of successive difference images (DVARS) were calculated for each
functional run, both using their implementations in Nipype. Brain tissue
segmentation of cerebrospinal fluid (CSF), white-matter (WM) and gray-
matter (GM) was performed on the brain-extracted T1w using FAST (FSL
v5.0.9, RRID:SCR_002823, (Zhang et al., 2001). The average timeseries
of the cerebrospinal fluid (CSF), white matter (WM), and whole-brain
were also extracted. After sampling the BOLD time-series onto their orig-
inal, native space, these were then resampled via nonlinear transforma-
tion to the MNI152NLin2009cAsym standard volumetric space for all
subjects for subsequent processing and analysis, keeping the original
resolution of the BOLD data.

The BOLD data timeseries in standard space were further denoised
using a 36-parameter stream of the xcpEngine (Ciric et al., 2017). First,
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a temporal filter (0.01-0.08 Hz) was applied to the data. Then, six re-
alignment parameters, the mean WM and CSF time series (extracted
from fMRIPrep), as well as derivative and quadratic expansions, were
all regressed out from the BOLD timeseries. The residuals were kept
as processed data for subsequent analyses. Due to previous reports of
the significant increase in global signal following sleep deprivation and
reduced arousal levels (Ben Simon et al., 2017; Wong et al., 2013;
Yeo et al., 2015), preceding steps were repeated with and without global
signal regression (GSR).

The final preprocessed BOLD time series for each subject was pro-
jected onto the cortical surface (white matter boundary, default) us-
ing the fsaverage5 template from the Freesurfer package (mri volZsurf;
FreeSurfer v6.0), and smoothed along the surface space using a 6 mm
smoothing kernel. The BOLD timeseries for each vertex on the fsaver-
age surface was then assigned to one of 400 cortical parcels from a pre-
determined standardised template of functionally similar cotical regions
(Schaefer et al., 2018), where each parcellation is also assigned to one
of 17 functional resting state networks (Yeo et al., 2011). The timeseries
for all the vertices corresponding to each parcel were averaged to give
one mean timeseries per parcel, resulting in a total of 400 timeseries
across both cortical hemispheres.

All MRI preprocessing was performed on the Compute Canada
servers Cedar and Graham (https://www.computecanada.ca/research-
portal/accessing-resources/available-resources/).

2.8. Task activations

The timing of each stimulus and participant response for all tasks
were obtained from the Inquisit output files and EGI marker files. These
times were modeled with a finite impulse response to transform them
into a timeseries. The modelled task timeseries was downsampled to
match the TR sampling rate (0.4 Hz), and convolved with a hemody-
namic response function (canonical HRF; SPM 12), for the HRF only but
no derivatives. The timeseries was then entered into a design matrix.
The matrix formulation allowed for the calculation of the least square
fit for the line:

Y= X+«B+E

Where Y is the data matrix, X is the design matrix (each condition per
task and a constant), B is the parameter matrix (the beta and the y-
intercept of the regressor, denoted as a constant C), and E is the error
matrix (residuals). This is the statistical formula for a simple regression
that most major neuroimaging pipelines implement, and follows the as-
sumption that the BOLD data at timepoint t comprise of a linear effect
of X (beta * X; + C) and random fluctuations (E,).

To calculate activations specific to task related performance (i.e. to
express hypotheses about the effects defined by the design matrix) a con-
trast weights vector was created, which when multiplied by B, returned
the numerator of the t-statistic of comparing task-conditions. The con-
trasts vectors were designed specifically for each task. For the MCT, a
block design was implemented, such that activity during the task-blocks
was compared to the null hypothesis. For the N-back task, a block de-
sign was also implemented. Activations for blocks of 0-back, 1-back and
2-back were calculated against the null-hypothesis, then contrasted be-
tween the 0-back and 1- and 2-back task-condition blocks. As a condition
for working memory, only the 2-back vs. 0-back contrast was included
in these analyses. For the ANT, a trial design was used. Activations for
each task-cue (no cue, alerting cue, orienting cue) were modelled sepa-
rately and compared to the null hypothesis to obtain a general activation
during the entire task.

The BOLD timeseries was modelled with the design matrix for each
of the 400 cortical parcels separately, for each subject, at the first level.
At the second level, each of the 400 modelled beta statistics across sub-
jects for each of the experimental-conditions (WR, SD and RN) were
compared to the null hypothesis, and also contrasted against each other
(i.e. WR vs SD, SD vs RN). The significance at the second level was set at
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p < 0.05, and corrected for multiple comparisons using a false-discovery
rate (FDR) method (Benjamini and Hochberg, 1995). A repeated mea-
sures linear model was applied to assess changes in activations between
the 3 states (WR, SD, PRN), FDR corrected across the 400 parcels, fol-
lowed by pos-hoc t-tests to detect specific state-level changes.

2.9. Functional connectivity analysis

For each subject and session, the preprocessed BOLD timeseries were
first concatenated across all tasks, as previously implemented for study-
ing the underlying core of general cognitive processing in the human
brain (Elliott et al., 2019; Shine et al., 2019; Zhu et al., 2017). The
general HRF task-specific activity (i.e. for all trials for the ANT and all
blocks for the MCT and N-back tasks) was regressed out from the BOLD
timeseries to reduce the influence of task-evoked coactivation in the con-
nectivity analyses (De Havas et al., 2012; Wang et al., 2016). Such an
approach has been shown to be comparable to resting state functional
connectivity studies and used to extract information about the intrin-
sic properties of cortical connectivity (Elliott et al., 2019). Task-based
sequences were used over resting-state sequences because: 1) several
subjects fell asleep during the SD resting-state session; 2) the use of con-
catenated task sequences provided a much longer timeseries (23 min
vs 5 min) allowing for greater spatial dimensionality (400 parcels) and
more consistent gradients, and; 3) because the extracted BOLD time-
series reflects the brain state at the time of the task performances. Nev-
ertheless, consistent with previous studies, in the WR state, the task-
regressed correlation matrix was actually significantly correlated with
the resting state correlation matrix (r = 0.91, p<0.001). The resulting
resampled BOLD timeseries were finally correlated between all 400 par-
cellations, resulting in a 400 x 400 correlation matrix, with 79,800 (=
400 x 399 / 2) unique Pearson’s correlation values. A Fisher’s r-to-z
transformation was applied to the correlation values to encourage nor-
mality prior to the transformation of functional connectivity into corti-
cal gradients of functional similarity.

2.10. Generation of functional gradients and comparison with task
activation patterns

Baseline functional gradients were first derived from the group-
average functional connectivity matrix estimated from the WR ses-
sion. Following methodology used previously (Bethlehem et al., 2020;
Margulies et al., 2016; Lariviere et al., 2020; Paquola et al., 2019), the
functional connectivity matrix was proportionally thresholded at 90%
per row, then the similarity of regional connectivity profiles were calcu-
lated using row-rise cosine similarity (to ensure symmetry) and rescaled
to 0.5-1 (to ensure non-negative values). This normalised angle matrix
was then subjected to diffusion map embedding, a non-linear dimension-
ality reduction technique (Lafon et al., 2006; Vos de Wael et al., 2020).
In this new space, cortical nodes that are strongly interconnected by ei-
ther many suprathreshold edges or few very strong edges are closer to-
gether, whereas nodes with little or no intercovariance are farther apart.
With diffusion map embedding, a random walker is initialised to approx-
imate the likelihood of transition between nodes, illuminating the local
geometry of the normalised angle matrix. The name of this approach,
which belongs to the family of graph Laplacians, derives from the equiv-
alence of the distance between points in the low-dimensional embed-
ding space and the diffusion distance between probability distributions
at those points. The form of the input matrix, which is subjected to
90% row-wise thresholding and row-rise cosine normalization of edges
between 0.5 and 1, reduces the likelihood of outlier regions. Outliers
weren’t observed in the projection. This results in a transition matrix,
across which a Markov chain is run forward in time linking the local ge-
ometries into a set of global axes. These global axes are represented as a
set of eigenvectors of the diffusion map embedding, commonly referred
to as gradients in neuroimaging practice. All cortical parcels could thus
be projected on each gradient. The relative value of regions projected
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along a functional gradient inform upon the similarity of their functional
connectivity profiles (i.e. normalized connectivity profile with all other
cortical regions), in relation to that axis of cortical organistion. Each
gradient can be described by its anchor points - i.e. the regions that are
projected at each extreme end of the gradient, and which have there-
fore maximally variant functional connectivity profiles. Regions in the
center of a gradient express functional connectivity profiles that are less
distinguishable. The first three gradients were selected for subsequent
analysis, as they account for approximately 50% of the total variance
and have been previously well characterised (Bethlehem et al., 2020;
Margulies et al., 2016). The above was repeated for the group average
connectivity matrices in the SD and PRN conditions, which were then
aligned to the baseline (WR) functional gradients via Procrustes rotation
(Langs et al., 2015; Wang and Mahadevan, 2008).

To compare task activations patterns to the functional gradients,
once the 400 parcellations were arranged along a gradient, they were
then discretized (i.e., grouped) into 50 equally sized bins (i.e., spatial
clusters across the entire gradient), following a recent approach to strat-
ify task-based fMRI data using connectome topographies (Murphy et al.,
2018; Murphy et al., 2019). This was performed for each gradient sepa-
rately. In each subject, t-statistics task-activations (per task) were then
averaged within each bin, and values were smoothed with a 10-bin
Gaussian kernel. T-statistic values within each bin were then contrasted
between states at a second level and corrected for multiple comparisons
using a FDR of p<0.05.

2.11. Distance metrics in the functional gradient space

Gradients were also calculated (using the same diffusion map em-
bedding procedure as described above) from the connectivity matrix for
each individual in each three states. Individual functional connectiv-
ity matrices from the SD and PRN sessions were then aligned to their
baseline (WR) individual functional gradients via Procrustes rotation.
To estimate the impact of sleep deprivation and a recovery nap on seg-
regation of cortical function, we calculated a set of measures to quantify
the dispersion within and between functional communities in a multi-
dimensional connectivity space, bounded by all three gradients simulta-
neously. These measures were: (i) the numerical range of each functional
gradient; (ii) the centrality of all cortical parcels in this 3D space; (iii)
the dispersion of functional networks (Yeo et al., 2011) in the 3D gradi-
ent space, and; (iv) the pairwise Euclidean distance between all cortical
parcels in the 3D gradient space. Specifically, the range of each gradi-
ent was calculated as the distance from the minimum to the maximum
gradient eigenvector values, and indicates a segregation (i.e. different
conectivity profile) of the gradient extremes as well as an increased con-
nectivity pattern within the extremes. For each parcel, centrality was
calculated as the average Euclidean distance to all other parcels in the
3D gradient space (accounting for the full 3D space and not one gra-
dient only). In this context, high centrality refers to the smallest dis-
tance to all other parcels in space (i.e. towards the center of the 3D gra-
dient space), and thus indicates a functional connectivity profile that
isn’t differentiated across all three gradients. Within-network disper-
sion was calculated as the sum of the squared Euclidean distances in
the 3D gradient space of all parcels within that network to the net-
work centroid (i.e., the mean coordinates in 3D gradient space of all
parcels belonging to that network). A small dispersion value could be
interpreted as a highly integrated network, segregated from other net-
works. These multi-dimensional gradient metrics are motivated by prior
related work on network integration and segregation, are assumed to re-
flect segregation of functional networks, and have been demonstrated
to be comparable with other approaches of measuring network changes
such as clustering, as well as within-network connectivity and segrega-
tion (Bethlehem et al., 2020). Particularly, Euclidean distance in the 3D
gradient space reflects the similarity of connectivity profiles between
cortical parcellations, across multiple axes of differentiation. The met-
rics were compared across states (WR, SD and PRN) using a repeated-
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measures linear model with post-hoc t-tests between states. Finally, the
range of gradients were compared before and after applying GSR with
paired-sample t-tests p<0.05.

2.12. Comparisons of cognitive performances across states

To compare cognitive performances across the three states we first
performed a repeated measures ANOVA to check for the effect of state.
Then a Tukey’s post-hoc (q) test was used to compare performances
between each state, which controls for multiple comparisons.

2.13. Prediction of state dependent changes in cognitive performance with
functional connectivity during the well-rested state

We aimed to test the predictive utility of vulnerability to sleep de-
privation and the recovery following a nap using the distance metrics
of the three gradients. Firstly, the ranges of each gradient at the WR
state were together entered into stepwise linear regression models as
predictors. Then, the change in accuracy of correct responses from WR
to SD (as% of score in the WR sate) and from SD to PRN on the MCT,
ANT and 2-back were entered separately as dependent variables, result-
ing in 6 stepwise regression models. In each, starting from a constant
model, a forward and backward stepwise regression was used to de-
termine a final model. The initial model contained an intercept, linear
term for each predictor, and all products of pairs of distinct predictors
(no squared terms).

To assess the relationship between cognition and measures of net-
work dispersion in the 3D gradient space (i.e. network level segrega-
tion), we used a partial least squares (PLS) model. This was chosen over
a linear regression model due to a) the number of predictors, and b)
the high collinearity between network dispersion metrics making them
unsuitable for multiple linear regression. PLS analysis is a multivari-
ate statistical technique that finds weighted patterns of variables in a
predictor set (X) and response set (Y) to achieve maximum covariance
across all variables (Krishnan et al., 2011; McIntosh and Lobaugh, 2004;
McIntosh and Misic, 2013). We entered the range of the 3 gradients and
dispersions of 17 functional networks in 3D gradient space into a Nx20
matrix X and the cognitive measures at the WR state (RT and accuracy
for all three tasks) into a Nx6 matrix Y (where N is the number of sub-
jects). A covariance matrix was created from these two variable sets and
subjected to singular value decomposition (Eckart and Young, 1936):

XY = uav?

to identify latent gradient-cognition variables U and V, where U and V
are matrices of left (predictor) and right (response) singular vectors, and
A is a diagonal matrix with singular values along the diagonal.

Statistical significance of these resulting latent variables (i.e. their
predicitive utility) was assessed by 10,000 permutations, determining
how these latent variables compared to a null distribution of singu-
lar values. Permutation tests were conducted by randomly reordering
the rows of the original data matrix X, generating a set of permuted
data matrices where the original ordering of individual participants had
been shuffled. The reliability of singular weights (i.e., weights of specific
network dispersion variables) were assessed using bootstrap resampling
(10,000 repetitions), which was performed by randomly resampling par-
ticipants with replacement (i.e., the rows of data matrices X and Y). This
allowed patterns derived from the analysis to be cross-validated. Boot-
strap ratios were calculated as the ratio of each variable’s weight to
its bootstrap-estimated standard error, as has been employed in other
studies (Kirschner et al., 2020; Misi¢ et al., 2016). We first performed
the PLS analysis with just the performance measures at the WR state,
to determine if these network dispersion metrics in gradient space were
relevant for cognition generally. This was repeated for the change in cog-
nitive measures from the WR to the SD state, as well as from SD to PRN,
to determine whether dispersion of networks informs state-dependent
changes in cognitive performance.
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Fig. 2. Cortical gradients of functional organization. A. The topographic profile of each gradient along the cortex. B. The distribution of gradient eigenvector
loading values (boxplot representation) for parcels belonging to the 17 functional networks (Yeo et al., 2011) along each gradient demonstrates the clear distinction
of somatomotor to visual regions in gradient one, transmodal to sensory regions in gradient two, and multiple-demand to paralimbic regions in gradient three. The
y-axes are in arbitrary units, however are the same scale across the three gradients. C. The three gradients projected in a 3-dimensional gradient space, with rotations
of the space for visualization. This axes of this 3D space represent each gradient, and separate distinct functional poles of cortical organization. When the three
gradient axes are projected simultaneously onto the cortical surface, they show an organised spatial pattern.

2.14. Code and data availability

All code used in this manuscript is available from https://github.
com/nathanecross/sleep-deprivation/tree/master/Gradients

3. Results

Thirty-four participants were recruited for the study. Six participants
were excluded due to the presence of sleep disorders (sleep apnea syn-
drome, restless legs syndrome) during the habituation night, 1 subject
was excluded due to excessive motion and 1 due to artefacts during
scanning, and six withdrew before the completion of the study. During
the SD session, all participants included in the final sample remained
awake throughout the tasks. Only one subject consistently dozed during
cognitive testing, and this subject was removed from the final analyses
due to excessive head motion artefact caused by dozing (0.58 mm aver-
age, compared to a group average of 0.19 + 0.09 mm). The final sample
consisted of twenty participants (mean age of 21.2 + 2.5 years, 12 fe-
males). Average framewise displacement was not significantly different
between the three sessions (F = 2.36, p = 0.109).

3.1. Task-related brain activation patterns across cortical gradients during
rested wakefulness

Fig. 2 depicts three large-scale gradients that explained ~50% of the
variance in the task-regressed functional connectivity matrices across
the cortex. The first axis (gradient 1) depicts a gradient running from the
somatomotor cortex to the visual areas (18.3% of variance explained).
The second axis (gradient 2) depicts a gradient ranging from the trans-
modal cortex (Mesulam 1994) (e.g. frontoparietal and DMN) to the uni-
modal primary sensory areas (visual and somatosensory) (16.5% vari-
ance). The final axis (gradient 3) depicts a gradient running from ar-
eas commonly implicated in multiple-demands (executive control) to
the paralimbic cortex (overlapping with part of the DMN) (13.5%).

These gradients are in agreement with what have been reported pre-
viously in the literature (Bethlehem et al., 2020; Margulies et al., 2016;
Paquola et al., 2019; Vos de Wael et al., 2020).

Activation patterns during the MCT were the most widespread of the
3 tasks (Fig. 3A). The largest magnitude activations were observed in the
left and right frontal eye fields (5 parcels, t = 6.6-9.1, all p<0.001 FDR
corrected), left and right superior parietal lobule (13 parcels, t = 5.3
7.8, p = 0.001-0.004 FDR corrected), left and right inferior parietal sul-
cus (8 parcels, t = 3.6-5.0, p = 0.006-0.025 FDR corrected), left and
right extrastriate cortex (11 parcels, t = 3.4-5.2, p = 0.003-0.035 FDR
corrected), and the left and front medial frontal gyrus (6 parcels, t = 4.0-
9.3, p = 0.001-0.025 FDR corrected). There were also significant deac-
tivations within the left and right superior extrastriate cortex (9 parcels,
t=—8.6-3.6, p = 0.001-0.025 FDR corrected) and left and right poste-
rior cingulate cortex (7 parcels, t=—5.9-3.3, p = 0.002-0.045 FDR cor-
rected). A full list of significant parcels are listed in Supplementary Table
1.

When the cortical parcellations were represented in the 3D gradi-
ent space, the activations appeared to congregate in approximately one
third of the space. Specifically, when the task activations were dis-
cretized along the functional gradient in bins, a large number of ac-
tivations occurred at the bottom third of Gradient 3, regions that are
commonly implicated in attentional processing (Fig. 3B). This downsam-
pling approach led to higher t-values in Gradient 3 (multiple-demand to
paralimbic) than on the other gradient axes, as the regions specifically
active in the task were grouped together and averaged along this gra-
dient axis. However, there were also significant activations in the third
quadrant of gradient 1 (bins 28-38).

The greatest magnitude of activations during the 2-back task (con-
trasted against 0-back) were observed in the dorsolateral prefrontal cor-
tex (2 parcels, t = 3.3-9.1, p = 0.001-0.022 FDR corrected), frontal
eye fields (6 parcels, t = 3.0-6.9, p = 0.001-0.034 FDR corrected), lat-
eral prefrontal cortex (9 parcels, t = 2.99-4.85, p = 0.003-0.033), infe-
rior parietal sulcus (8 parcels, t = 3.1-3.99, p = 0.005-0.027 FDR cor-


https://github.com/nathanecross/sleep-deprivation/tree/master/Gradients

N. Cross, C. Paquola, F.B. Pomares et al.

Neurolmage 226 (2021) 117547

A | MCT activations at Well-Rested condition

I oo
. °

Gradient 3
s
o
o
o
N
°
o
.
oo
o
S o

Gradient 1

B | MCT activations across 3 primary gradients per state

e @ ¢o

Gradient 1 Gradient 2 Gradient 3
=%
28 i PRN
£ / N TN~
u CEE T Y .

C| 2-back activations at Well-Rested condition

e .
- . 00’0
§ 08 ° 8 &
3 o o8
& oo o000 o ~-.§
Poo ® o e %
3 L4 0o 2%, o
LY Fo> ° g
o 0 S, i
o B0 o
S 8% e
o L3y -3
°f
Y —— o

Gradient 1

D | 2-back activations across 3 primary gradients per state

$E @D ¢

Gradient 1 Gradient 2 Gradient 3
WR
- SD
/‘\ } \)_// 2 // "
. . - : A
- \V ’\7’/ X
[ = | [ = | [ |

Fig. 3. Task evoked activations during tasks of vigilance and working memory. A. Task activations along the cortical surface and the 3D gradient space in the WR
state during the Mackworth Clock Task (MCT). Each point in the scatterplot represents a parcel, and coloured (non-shaded) points represent significant activations
after correction for comparisons across the cotex (FDR p<0.05). Each axis of the 3D space is colored to represent the direction of each gradient. B. Task activations
in all parcels were averaged across 50 bins after being ordered along each gradient for each state (WR, SD, PRN). Lines represent mean activation per bin across
subjects, and shading represents standard deviation. gray shading blocks indicate a statistically significant state-dependent change in activation (F-test, FDR corrected
for multiple comparisons across gradient bins). Colours along each x-axis represent the direction of each gradient, as illustrated on the cortical surface representation
above each graph. C. Task activations along the cortical surface and the 3D gradient space in the WR state during the 2-back vs 0-back task. Each point in the
scatterplot represents a parcel, and coloured (non-shaded) points represent significant activations after correction for comparisons across the cotex (FDR p<0.05).
Each axis of the 3D space is colored to represent the direction of each gradient. D. Task activations in all parcels were averaged across 50 bins after being ordered
along each gradient for each state (WR, SD, PRN). Lines represent mean activation per bin across subjects, and shading represents standard deviation. Colours along

each x-axis represent the direction of each gradient.

rected), and superior parietal lobule (8 parcels, t = 2.7-4.87, p = 0.003-
0.049 FDR corrected; Fig. 3C). There were also significant deactivations
within the left and right somatomotor cortex (17 parcels, t = —5.3-2.7,
p = 0.003-0.045 FDR corrected), posterior cingulate cortex (6 parcels,
t= —5.2-2.8, p = 0.003-0.045 FDR corrected), and superior extrastriate
cortex (6 parcels, t= —4.8-3.4, p = 0.003-0.019). A full list of significant
parcels is shown in Supplementary Table 2. Similar to the MCT, parcels
with significant task activations appeared to congregrate in a third of
the 3D gradient space, while deactivations were spread across the top
half of the space. Again, when the task activations were discretized along
the functional gradient in bins, the most substantial activations occurred
at one end (multiple-demand) of gradient 3 (Fig. 3D). However, there
were also activations present at one end (transmodal) of gradient 2, and
a peak towards the center of gradient 1. Activations for the contrast
1-back vs 0-back are presented in Supplementary Fig. 1A and 1B).

During the ANT task, there were activations in the superior parietal
lobe (SPL, Dorsal Attention Network), extrastriate cortex (Central Visual
Network), left inferior parietal sulcus and insular cortex (small activa-
tion patterns, all uncorrected for multiple comparisons at p<0.05, Sup-
plementary Fig. 1C). Additionally there were deactivations in the PCC
(Default Mode Network), left auditory cortex, and extensive deactiva-
tions in the left somatomotor cortex (all uncorrected for multiple com-
parisons at p<0.05). Two parcels survived correction for multiple com-
parisons across all cortical parcels: left somatomotor cortex (t = —4.78,
p = 0.026) and right SPL (t = 5.33, p = 0.016; Supplementary Table 3).
Despite reduced power, the trends were similar for the ANT compared
to the MCT and 2-back task when discretizing the task activations into
50 gradient bins (Supplementary Fig. 1D), with the greatest activations
occuring at the end of gradient 3.

3.2. Changes in cortical activations following sleep deprivation and
recovery nap

Changes in cortical activations during the MCT are shown in Sup-
plementary Fig. 2A. Uncorrected for multiple comparisons, there were
significant reductions in activity in parcellations belonging to the cen-
tral visual, dorsal attention and tempoparietal networks after SD com-
pared to WR (Supplementary Table 4, Cohen’s d,yerage = 0.64). One par-
cel, located within the dorsal attention network, survived correction for
multiple comparisons (across significantly active parcels at baseline).
Following the PRN, there was an increase in activation in the same re-
gion. Investigating differences across the gradient bins however yielded
a wider area of difference - the increased sensitivity arising due to clus-
tering of regions into a reduced number of regions basd on their simi-
lar profile of functional connectivity (Fig. 3B). Specifically, there were
significant reduced activations during the SD state compared to the WR
state in gradient 1 in the middle (bins 30:36, t= —3.4-2.9) and increased
deactivations toward the visual end (bins 5:7, t = —3.0-3.2). Addition-
ally, there were significant reduced activations following SD compared
to the WR state the end of gradient 3 (multiple-demand) that exhibited
the greatest task-evoked activations in the WR state (20 bins, t= —3.39-
2.63, p<0.05 FDR corrected). Following the PRN, activations recovered
only in the regions at the visual end of gradient 1 (all t = 3.4-3.9). No
other changes in bins were signficant between states.

For the 2-back task, there were slight reductions in very focal areas
on the cortical surface, including the left supraparietal lobule, and left
and right medial parietal lobe (Supplementary Table 5, Supplementary
Fig. 2B, dayerage = 0.61), however these did not survive multiple com-
parison correction. When discretized into bins along each gradient, we
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found no significant state-dependent differences in activations during
the 2-back task (Fig. 3D).

Changes in cortical activations during the ANT are shown in Supple-
mentary Fig. 2C (daverage = 0.69). No parcels survived multiple com-
parison correction between any of the states. When discretized into
bins, there were no significant state-dependent differences in activation
across the gradient bins for all three gradients.

3.3. Changes in functional gradients following sleep deprivation and
recovery nap

There were no significant state-dependent changes in the range of
gradient 1 (F1g; = 2.85, p = 0.071), gradient 2 (F19 ; = 1.28, p = 0.289)
or gradient 3 (F19; = 1.79, p = 0.180; Fig. 4A). Between WR and
SD states, the range of gradient 1 (0.23+0.03 vs 0.21+0.03; t= —1.83,
p =0.083, d =0.52) and gradient 3 (0.18+0.02 vs 0.16+0.03; t= —1.85,
p = 0.080, d = 0.55) trended towards a decrease, but not gradient 2
(0.17+0.02 vs 0.17+0.02; t= —0.17, p = 0.969, d = 0.04). There were
no significant differences in the range of any gradient between the SD
and PRN states. Furthermore, the distribution of parcels along each gra-
dient did not significantly change across diferent states (Fig. 4B).

Parcels that were the furthest distance away from all others (i.e. ex-
hibited the lowest centrality) in the 3D gradient space (Fig. 4C) also
showed the greatest state-dependent shifts in centrality (r = 0.65, p <
0.001, dayerage = 1.03); Fig. 4D). This mostly incorporated parcels in
the visual areas, but also included the posterior cingulate cortex (PCC).
Specifically, the visual areas moved down gradient 1 (toward the so-
matomotor end) and gradient 2 (toward the transmodal end), while
the parcels in the PCC moved down gradient 3 (toward the multiple-
demand end; Fig. 4E). These parcels all shifted back in the opposite
direction from the SD to the PRN state, indicating partial recovery of
these changes.

Compared to the WR state, following SD there was a significant in-
creased dispersion of the Visual B network (t = 3.56, p = 0.036 FDR
corrected), but no other network. In addition, as whole communities,
the two visual networks increased their mean centrality in the entire 3D
gradient space, in the SD compared to the WR state, shifting towards all
other networks (t = —3.3-4.1, p<0.05 FDR corrected). At the PRN state
the centrality of these two networks did not significantly change. There
were no other significant shifts in centrality of any other functional net-
work. The pairwise distance between all parcels in the 3D gradient space
demonstrated that parcels within the visual networks moved towards all
other parcels following SD compared to the WR state (Fig. 5C). Notably,
parcels within the somatomotor and dorsal attention B networks also
moved away from all other parcels in the 3D gradient space.

To further investigate the correspondence between the functional
gradients across vigilance states, we compared the three primary gra-
dients between each state omitting alignment with Procrustes rota-
tion. Spearman rank correlations between gradients from different states
were on average 0.89 (range 0.82 - 0.98), demonstrating a high degree
of similarity in these gradients across states.

3.4. The effect of global signal regression

Based on previous reports that the global signal fluctuation increases
after SD, the global signal (GS) was compared across states. Consistent
with this earlier work, we defined GS to be the mean time series obtained
by averaging the preprocessed BOLD time courses across all cortical gray
matter parcels, and the GS fluctuation as the temporal standard devia-
tion of the GS (Orban et al., 2020; Wong et al., 2013). Indeed, the global
signal fluctuation was significantly greater in the SD compared to the
WR state (average standard deviation = 2.5 (SD) vs 1.9 (WR), t = 3.54,
p = 0.002, d = 0.95). The global fluctuation did not significantly de-
crease following PRN (sd = 2.4, t= —0.82, p = 0.422, d = 0.12).

After performing GSR on the BOLD timeseries, we repeated all the
analyses reported above. GSR had a significant impact on the changes
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observed in functional connectivity (Fig. 5A). Specifically, while a
widespread increase in functional connectivity was observed between
the WR and SD states when GSR was omitted, there was instead a mix
of both increases and decreases in functional connectivity when GSR
was applied, as expected by the positive and negative correlations usu-
ally observed after GSR. At the network level, there was an increase in
functional connectivity between certain networks (such as the DMN and
attentional networks), and a decrease in functional connectivity within
certain networks (such as the DMN, ventral attention, and visual net-
works).

Performing GSR resulted in an overall reduction in the range of gra-
dient 3 at the WR state (t= —2.9, p = 0.009; Fig. 5B). However it did not
significantly alter the observed changes in the three gradients after sleep
deprivation. Reductions in the range of the gradients followed the same
trends as when GSR was omitted (Supplementary Fig. 3A). Regarding
the shift in centrality of cortical parcels in the 3D gradient space, per-
forming GSR resulted in the same observed shifts in centrality, however
the movement of parcellations in the posterior cingulate cortex along
Gradient 3 was more extensive (Supplementary Fig. 3C).

GSR reduced the largest changes in the pairwise distance in 3D gradi-
ent space between the WR and SD states (Fig. 5C). While parcels within
the visual networks moved toward all other parcels, the magnitude of
this distance was reduced following GSR. Similar trends were observed
for parcels in the somatomotor networks moving away from all other
parcels. Furthermore, GSR emphasised other specific changes, such as
the DMN moving closer to the attention and fronto-parietal control net-
works.

3.5. Task performance before and after sleep deprivation and post recovery
nap

Mean performance scores during each task are depicted in Fig. 1C
and reported in Supplementary Table 6. As expected, across all tasks
outcomes were significantly impaired following sleep deprivation, and
improved following the recovery nap. In the MCT, mean reaction time
increased from the WR to the SD state (q = 5.41, 95%CI = —43.6 to —8.8,
p =0.003, d = 0.48), and decreased from the SD to PRN state (g= —5.82,
95%CI = 11.2 to 47.3, p = 0.004, d = 0.57), but there were no differ-
ences between the WR and PRN states (q = 0.62, 95%CI = —14.5 to 20.5,
p=0.673;F; 19=10.71, n? = 0.056; p<0.001, d = 0.05). Accuracy on the
MCT also decreased from the WR to the SD state (g=—4.73, 95%CI = 2.8
to 20.9, p = 0.009, d = 0.60), and increased from the SD to PRN state
(q = 4.59, 95%CI = —19.2 to —2.3, p = 0.011, d = 0.59), but there were
no differences between the WR and PRN states (q = 0.63, 95%CI = —-5.5
to 7.8, p = 0.606; F; 19 = 8.45, n* =0.078, p = 0.002, d = 0.06). In the
ANT, there were mean reaction time differences between the WR and
SD states (g = 5.66, 95%CI = —111.4 to —24.9, p = 0.002, d = 1.29),
and between the SD and PRN states (q= —5.45, 95%CI = 18.9 to 91.9,
p = 0.003, d = 0.78), but not between the WR and PRN states (g = 1.26,
95%CI = —49.3 to 23.8, p = 0.654; F; 19 = 11.19, n* = 0.093, p<0.001,
d = 0.15). Accuracy decreased from the WR to the SD state (¢ = 5.43,
95%CI = 7.1 to 34.6, p = 0.003, d = 0.71), and decreased from the SD
to PRN state (g= —5.03, 95%CI = —25.4 to —4.2, p = 0.006, d = 0.56),
but there were no differences between the WR and PRN states (q = 2.13,
95%CI = —4.1 to 16.2, p = 0.309; F; ;19 = 10.99, n? =0.204, p<0.001,
d = 0.46). In the 2-back task, mean reaction time increased between
the WR and SD states (¢ = 5.31, 95%CI = —366.1 to —70.6, p = 0.004,
d = 1.06), and decreased between the SD and PRN states (g= —4.42,
95%CI = 27.5 to 267.0, p = 0.015, d = 0.61), but did not significantly
change between the WR and PRN states (q = 2.78, 95%CI = -163.1 to
20.8, p = 0.148; F; 14 = 10.76, #* = 0.161, p<0.001, d = 0.44). Accu-
racy decreased from the WR to the SD state (g = 5.02, 95%CI = 3.2 to
19.5, p = 0.005, d = 1.33), and decreased from the SD to PRN state (g=
—4.73, 95%CI = -13.7 to —1.9, p = 0.009, d = 0.76), but there were no
differences between the WR and PRN states (g = 2.88, 95%CI = —0.9 to
8.1,p = 0.13; F; 14 = 10.77, #* =0.226, p = 0.001, d = 0.66).
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3.6. The relationship between functional gradients and behavior

The magnitude of task-evoked activations in any cortical parcel dur-
ing the WR state were not significantly related to any reductions in per-
formance on the MCT, ANT or 2-back task (for either reaction time or
accuracy). The reduction in activations observed within the bins of gra-
dient 1 or at the end of gradient 3 during the MCT in the SD state were
not correlated with changes in either reaction time or accuracy on this
task.

A stepwise linear regression model used to assess the relationship
between gradient ranges and the decline in performance following SD,
showed that the range of gradient 1 (Somatomotor-Visual) and gradi-
ent 3 (multiple-demand to paralimbic) in the WR state were together
significant predictors of the decline in accuracy on the 2-back task
(Fy,16 = 5.17, R2 = 0.49, p = 0.011) (Fig. 6). Similarly the range of
these two gradients also predicted the extent of improvement in accu-
racy at the 2-back task following the PRN (F ;4 = 3.08, R? = 0.52,
p = 0.045) (Fig. 6). There was no relationship between the range of
gradients and changes in performance on the MCT, or performance re-
lated to the Alerting or Orienting stages of the ANT. The association
with the Executive stage of the ANT was weak (F; g = 4.39, R? = 0.20,
p = 0.051), with only the range of the third gradient as a variable in the
model.

Multivariate PLS analysis identified two statistically significant la-
tent variables (LVs) representative of shared covariance between gradi-
ent dispersion metrics (dispersion of networks within the 3D gradient
space) and cognitive performance at the WR state. The first LV (per-
muted P = 0.008) accounted for 75% of the cross-block covariance. The
strongest contributors to the first LV were the range of gradient 1, and
the dispersion of the Ventral Attention B, Dorsal Attention B, and De-
fault Mode C networks. However, there were no significant relationships
between the dispersion of large-scale networks within the 3D gradient
space and the change in performance on any of the tasks relating to SD.
The first latent variable from the PLS analysis was the only variable that
approached significance (permuted P = 0.067), despite accounting for
73% of the covariance between gradient dispersion metrics and cogni-
tive function.

4. Discussion

By decomposing functional connectivity across the entire cortex into
primary axes of differentiation, we were able to further probe the effects
of sleep deprivation on cognitive and functional processes in the brain.
The emerging approach of situating the activity of the cortex along gra-
dients of differentiation was used under the assumption that it consti-
tutes a basic structure of brain organization that constrain cognitive pro-
cesses, and thus may be informative for exposing features of this orga-
nization that are related to brain states (Karapanagiotidis et al., 2019).
This technique extends upon the idea of capitalizing on intrisinic coor-
dinate systems - naturally occurring axes based on function rather than
those in physical space - to study the organization of the human cortex.
By using the normalized cosine angle between rows in the functional
connectivity matrix, this approach is actually sensitive to the shape of
the functional connectivity profiles rather than to the variations in am-
plitude. Such an approach makes it possible to compare the shapes of
connectivity profiles, providing an analysis of the underlying structure
of statistical dependencies among cortical regions.

Here, we leveraged three primary gradients relevant for hierarchical
information processing in the brain, in line with what has been pre-
viously reported (Bethlehem et al., 2020; Karapanagiotidis et al., 2019;
Margulies et al., 2016; Murphy et al., 2019). In particular, we found that
the third gradient, extending from regions in frontoparietal and atten-
tion networks (multiple-demand) to paralimbic areas, was relevant for
the cognitive processes involved in both vigilance and working memory
tasks, which was validated by the task-evoked activations.

4.1. Cortical gradients represent cognitive processes

When cortical activations during attention and working memory
tasks were averaged across bins of each gradient, clearly discernable sec-
tions of gradients exhibited significant elevated activity related to either
task. This pattern of task activation assisted with conceptually defining
the gradients within a cognitive framework. Relevant to both the atten-
tion and working memory tasks was activity at the end of the third gradi-
ent, which corresponded to fronto-parietal regions and is consistent with
previous evidence that activity in these regions is linked with executive
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control (multiple-demand) and goal-oriented cognition (Harding et al.,
2015; Spreng et al., 2010). Specifically relevant to the 2-back task of
working memory was activity at the very extreme end of the second
gradient. These reflect transmodal regions previously shown to serve
higher order functions such as the manipulation of incoming sensory
information for integration with internal knowledge (Margulies et al.,
2016; Murphy et al., 2019). While activations for the ANT were statisti-
cally weaker, this was likely due to the use of a trial-based design over
a block-design for this task (Maus et al., 2010). Overall, these findings
directly support the notion that functional gradients are relevant for ac-
tivity patterns underlying ongoing cognitive processes.

We also found that averaging across bins of the functional gradi-
ents provided greater sensitivity in detecting state dependent changes
in task-evoked cortical activations. On the MCT task in particular,
while reduced activity was observed in key ROIs that have been
specifically studied previously (Bell-McGinty et al., 2004; Chee and
Tan, 2010; Chuah et al., 2006; Drummond et al., 2005; Lim et al., 2007;
Tomasi et al., 2009), very few of the changes in activations survived
corrections for multiple comparisons across the entire 400 cortical par-
cellations, indicating the limited magnitude of these changes in the con-
text of whole cortical activity. However, when these activations were
averaged across gradient bins, significant reductions following SD were
observed in a consistent range of bins - given their functional similar-
ity defined by this gradient. This highlights another potential benefit
of using gradients for dimensionality reduction in task-based analysis
of brain activity, especially when it is not feasible to recruit large co-
horts (i.e. in certain clinical populations or using complex multi-modal
imaging) to detect subtle, yet meaningful changes.

4.2. Functional gradients express minor state dependent changes following
sleep deprivation

Despite observing a general widespread increase in functional con-
nectivity following sleep deprivation, the functional gradients displayed
a relatively high degree of stability (Fig. 4), i.e. the shape of the overall
functional connectivity structure was preserved even if the overall am-
plitude was modulated. The visual system exhibited the greatest state
dependent shifts, suggesting the functional connectivity profile of the
visual regons became less independent following SD. This is likely due
to its extreme position in the gradient space at rested wakefulness. The
characteristic pattern of information processing in the visual system fol-
lows a very ordered hierarchy (Mishkin et al., 1983), tightly correspon-
dant with microstructure (Rosenke et al., 2018) and gradients of gene
expression (Gomez et al., 2019), and thus can be notably distinguished
from the rest of the cortex. There was also a significant state-dependent
shift in the centrality of the posterior cingulate cortex, particularly to-
wards executive centres. The relatively strong connections between the
PCC and the rest of the DMN are decreased during light sedation (i.e. a
reduced level of waking consciousness; (Greicius et al., 2008), as well
as disconnecting from anterior nodes of the DMN (i.e. ACC, MPFC) as
sleep deepens (Horovitz et al., 2009). Furthermore, the PCC specifically
displays significantly lower cerebral blood flow (Carhart-Harris et al.,
2012) and higher desynchronisation (Muthukumaraswamy et al., 2013)
during psychedelic states. In the context of these findings, the current re-
sults implicate the PCC as a region potentially susceptible to the quality
of conscious states.

It was noticed that the range of gradient 1 (somatomotor-visual) and
gradient 3 (multiple-demand to paralimbic) displayed a trend towards
a decrease following sleep deprivation, even if this was not statistically
significant. While reductions in these gradients following sleep depri-
vation would be consistent with an increase in global connectivity (i.e.
reduced differentiation of function), the vulnerability of these axes to
state-dependent changes needs to be confirmed in a larger sample be-
fore any conclusions could be made. More subtle differences in func-
tional connectivity may have occurred that could not be observed with
the power of the current sample, like as has been shown for network seg-
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regation (Yeo et al., 2015).. Nevertheless, these gradients are presumed
to be a fundamental organizing principle of the brain, and here we pro-
vide evidence that they do not undergo major state dependent changes
following sleep deprivation. The relative stability of the gradients across
states is not surprising, if the view is held that these gradients encompass
a general architecture of brain function. This is also supported by the
ordered arrangement of well-defined cortical networks within the gra-
dient space (Fig. 5B). While an increase in connectivity means regions
become more similar in their function, if this happens globally in a rela-
tively uniform manner, then the relationship of specific cortical parcels
or networks to each other would become more uniform but should not
rearrange.

We have therefore provided evidence that there are no large-scale
changes in the functional organizing gradients of the cortex following
sleep deprivation. This is an important aspect for consideration in future
studies examining differences in functional gradients across clinical dis-
orders, as changes, especially in the primary gradients, would be less
dependent on state and therefore may be more reliable measures of un-
derlying cortical architecture.

4.3. Gradients of cortical differentiation as predictors of vulnerability to
sleep deprivation

A previous study reported that resilience to impaired vigilance fol-
lowing SD may be partially related to the range of segregation between
certain cortical networks within some individuals (Yeo et al., 2015).
We have extended this by showing that individual changes in working
memory and executive attention are associated with the range of cer-
tain functional gradients, precisely gradients describing the differenta-
tion of somatomotor and visual regions, and multiple-demand to paral-
imbic regions. These findings suggest that the extent of differentiation
across axes of cortical organization may be important traits for preserv-
ing cognitive processes following SD, when widespread cortical activity
becomes more similar. While promising, these results are only prelimi-
nary given the current sample size and require further confirmation.

The dispersion of functional networks within the gradient space was
significantly predictive of cognitive performance at the WR state. While
cross-validation for out of sample prediction was not feasible given the
sample size, this nevertheless suggests that these metrics of network seg-
regation may be relevant for constraining cognition in the brain. How-
ever, the dispersion of functional networks in gradient space was not a
significant predictor of declining performance following SD. The major
difference between the range of gradients and the dispersion of func-
tional communities within the multidimensional gradient space, is that
the former represents differentiation of the entire cortex along a partic-
ular axis, while the latter reflects the clustering of separate functional
systems in a hierarchical framework. Recent work has shown that disper-
sion of functional networks within a similar 3D gradient space is associ-
ated with age-related cognitive decline (Bethlehem et al., 2020). While
aging is linked with considerable changes in brain structure, cognitive
changes due to sleep deprivation are likely not, which may explain why
they did not inform state-dependent cognitive changes in this sample of
healthy younger adults.

Another possible explanation for this may be that reducing data from
connectivity matrices to the primary axes of variance removes informa-
tion that is instructive to accurately classify vulnerable individuals. It
is plausible that gradients (particularly the primary axes) provide the
scaffold for cognition to arise generally (Karapanagiotidis et al., 2019),
and the variation among young, healthy individuals is not great enough
to sufficiently detect (the notably variable) state dependent changes
in cognition. It is plausible that additional functional gradients might
be informative in this regard, however as yet the robustness and con-
sistency of other functional gradients is yet unknown. Gradients have
been extracted from data averaged over very large cohorts in young
(Margulies et al., 2016) and older adults (Bethlehem et al., 2020), as
well as newborns (Lariviere et al., 2020), showing some differences
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in overall gradient organization, yet how consistent the gradients are
across healthy individuals of the same age has not been extensively
characterised. However, the fact that we have recreated very similar
gradients in a smaller, independent sample suggests that these are in-
herent features of connectomes. Characteristics of gradients may be
more suitable to explain cognitive processes in neurological or psychi-
atric conditions, where these deviations might be greater (and depen-
dent on detectable variations in structure), rather than state dependent
changes in healthy individuals. In support of this, an increasing body
of studies in humans and non-human animals have suggested overlap-
ping gradient configurations in the functional domain and those based
on microstructural neuroimaging measures, including myelin sensitive
MRI (Burt et al., 2018; Huntenburg et al., 2017; Paquola et al., 2019;
Vos de Wael et al., 2018) and structural wiring features more generally
(Paquola et al., 2020; Vazquez-Rodriguez et al., 2019) together with
transcriptomic studies suggesting gene expression gradients that under-
pin macroscale functional hierarchies (Burt et al., 2018; Fulcher et al.,
2019; Huntenburg et al., 2020).

The relative stability of functional gradients across the cortex across
different arousal states offers important insight into the functional
changes within the cortex following total sleep deprivation and the im-
pact this has for cognition. Apart from dimensionality reduction, the
gradient approach comments on the shape of functional connectivity
profiles. While these profiles appear important for constraining cogni-
tive processes generally, sleep deprivation does not seem to impair cog-
nition through any alterations to the shape of these profiles. It does
however appear to significantly impact the amplitude of connectivity in
a widespread manner, although some edges between networks might be
slightly more influenced (e.g. between visual networks and all other net-
works, DMN and attention networks). This is consistent with previous
work, such that modularity of brain networks is decreased (Ben Simon
et al., 2017), and subtle effects between similar networks are only ob-
served following GSR (Yeo et al., 2015).

This notion of sleep deprivation affecting the amplitude and not the
shape of functional connectivity profiles is supported by the widespread
increase in functional connectivity, and the increased in the amplitude
of the global signal fluctuation in the SD state. Here we replicated find-
ings that fluctuations of the global signal of brain activity are increased
following sleep deprivation (Yeo et al., 2015). Whilst relatively preserv-
ing the 3D gradient space at the WR state, performing GSR did have
an effect on state-dependent changes in the gradients. It particularly
emphasised different aspects in the state-dependent movement of corti-
cal parcellations in the Euclidean gradient space (which can be alterna-
tively viewed as regions becoming more or less similar in their profile
of functional connectivity). The substantial shifts of the somatotomo-
tor networks (away from other networks) and visual networks (towards
other networks) were dampened by GSR. This is also consistent with
previous findings that GSR has the strongest effect on somatomotor and
visual connectivity, which has been proposed to be due to high signal
fluctuations in these regions (Xu et al., 2018), and would likely be accen-
tuated during tasks. Furthermore, GSR highlighted parcellations within
the DMN undergoing state-dependent shifts towards the attentional net-
works following SD (Fig. 5C), consistent with previous findings that the
DMN and attention networks become more connected following sleep
deprivation (De Havas et al., 2012; Yeo et al., 2015), and may be re-
lated to the deficits in cognitive performance.

Despite evidence suggesting that global signal is likely related to neu-
ral activity and cognitive function (Li et al., 2019; Liu et al., 2017), these
findings contribute to the discussion surrounding the use of GSR in fMRI
analyses, and imply that it should be considered depending on the con-
text and research question. Subtle or localized changes in functional con-
nectivity might only become apparent once GSR is applied to the data
(Li et al., 2019; Yeo et al., 2015), and this was corroborated in these
findings as the association between gradients and changes in behavior
were only evident once GSR was performed. Nevertheless changes in
the global signal still appear to be an important aspect of sleep depriva-
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tion. Why this occurs and the relevance for sleepiness and arousal levels
generally is yet to be determined.

4.4. Limitations

A few considerations must be acknowledged when interpreting these
findings. Firstly, the sample size is relatively limited, although consis-
tent with sample sizes previously reported for studies with complex
methodologies during sleep (De Havas et al., 2012; Jegou et al., 2019).
While it is possible that the lack of any significant state-dependent dif-
ferences in the functional gradients could be related to statistical power,
power analyses suggest that the current study was powered to observe
moderate-large effects (d > 0.6), as demonstrated by the reported mod-
erate to large effects in behavior, task activations, functional connectiv-
ity and global signal fluctuations. We thus still conclude that changes
to the characteristics of functional gradients are minimal and less sen-
sitive to sleep deprivation than the other reported measures. This study
was designed to test multiple aspects of cognitive function deficits at-
tributed to sleep deprivation, however the use of multiple tasks required
a trade-off of a shorter task duration per task, which reduced the power
of the task activation detection and could account for why the activa-
tions did not clear multiple comparison testing. The improvements in
performance following the recovery nap could also be attributed to a
practice effect, as repeated testing was not conducted on the WR visit.
Counterbalancing the order of task presentation could have overcome
limitations affecting fatigue on the tasks that were always presented last.
However, given the small sample size, true randomization would not
have been achievable with enough power and confidence. Furthermore,
the functional connectivity was estimated from sequences acquired dur-
ing performance of these cognitive tasks, and not resting state. Although
the task-evoked responses were regressed from the BOLD timeseries,
and connectivity estimates were highly correlated to those in the rest-
ing state of the WR condition, this was not equal to a resting state se-
quence. Therefore, this may explain some differences between the gra-
dients reported in this study and those previously reported in studies
using resting state sequences (Bethlehem et al., 2020; Hong et al., 2019;
Margulies et al., 2016). In particular, the variance explained by each
functional gradient differs amongst individuals (Bethlehem et al., 2020)
and further research is necessary to assess the stability of functional gra-
dients across individuals and datasets.

5. Conclusions

This study harnessed an emerging technique to explore the state-
dependent brain activity changes following sleep deprivation and a re-
covery nap, and to further identify markers that may predict interindi-
vidual vulnerability to impaired cognitive performance. These findings
contribute to a growing body of research indicating that cortical gradi-
ents of functional differentiation constitute low-dimensional organizing
principles within the cerebral cortex that are relevant for the emergence
of cognitive processes, demonstrated here by effectively representing
brain activation patterns during tasks of attention and working memory.
However, we show that these gradients do not exhibit major state depen-
dent changes following sleep deprivation. This suggests that they may be
trait-like characteristics of cortical organization, potentially related to
properties of brain structure, however further research into the stability
of gradients within individuals over time is needed in larger samples.
Consistent with previous findings, we have shown that sleep depriva-
tion results in a widespread increase in cortico-cortico functional con-
nectivity and the fluctuation of the global signal, which might conceal
subtle inter-individual differences that are predictive of state-dependent
changes in cognition. Particularly, the range and extent of certain func-
tional gradients within individuals might be important for constraining
state-dependent changes in cognitive performance, but these perhaps
need to be used in combination with other physiological measures to
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determine a more comprehensive model of the effects of sleep depriva-
tion on brain function.
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