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Abstract

Reports of slegp-specific brain activity patterns have been constrained by ng brain
function as it related to the conventional polysomnographic sleep stages. Thislimits the variety
of slegp states and underlying activity patterns that one can discover. The current study used all-
night functional MRI sleep data and defined sleep behaviorally with auditory arousal threshold
(AAT) to characterize sleep depth better by searching for novel neural markers of sleep depth
that are neuroanatomically localized and temporally unrelated to the conventional stages.
Functional correlation values calculated in afour-min time window immediately before the
determination of AAT were entered into alinear mixed effects model, allowing multiple arousals
across the night per subject into the analysis, and compared to models with sleep stageto
determine the unique relationships with AAT. These unique relationships were for
thalamocerebel lar correlations, the relationship between the right language network and the right
"default-mode network dorsal medial prefrontal cortex subsystem," and the relationship between
thalamus and ventral attention network. These novel neural markers of sleep depth would have
remained undiscovered if the data were merely analyzed with the conventional sleep stages.

Keywords: functional MRI, arousal thresholds, conventional sleep stages, linear mixed

effects.
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Significance Statement

The original classification of sleep into distinct stages used behavioral characteritics.
With the proliferation of new techniques, the first experiments might have been to perform
correlations with arousal threshold. These experiments have never been performed, either with
functional MRI or with any other modern technique. The amount of communication between
brain regions as measured by all-night functional magnetic resonance imaging was correlated
with arousal threshold. This revealed novel neural markers of sleep depth that would have
remained undiscovered if the data were merely analyzed with the conventional stages. This
expands our understanding of sleep and its functions beyond the constraints imposed by the

conventional stages.
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Introduction

Sleep research and slegp medicine have benefited from the advent of
el ectroencephalography (EEG) but have also suffered from an overreliance on the conventional
EEG deep stages (e.g., Decat et a., 2022; Himanen & Hasan, 2000; Kay et al., 2017). Functional
magnetic resonance imaging (MRI) can localize brain activity with much better spatial fidelity
than scalp EEG. Neuroanatomical localization isimportant because it enables the detection of
local deep (e.g., Jang et al., 2022) and facilitates the linkage of the various brain states that occur
during sleep to the functions of sleep (Maguet et al., 1997). Functional MRI can thus provide a
parallel avenue of research to complement EEG sleep research. Slegp stages are defined with
polysomnography (PSG), but the term EEG will be used because it is the most important
measure in PSG.

The conventional sleep stages are defined with EEG, but sleep is not. Sleep is defined by
behavioral characteristics (Flanigan et al., 1973; Kleitman, 1963; Piéron, 1913). When EEG was
invented, researchers (Blake & Gerard, 1937) discovered a strong correlation between scalp EEG
0.5-3.0 Hz waves and auditory arousal threshold (AAT). Thus, the EEG isasurrogate for the
behavioral definition of sleep. The continued importance of the behavioral definition is best
demonstrated when investigators must define sleep in novel model organisms or at early
developmental stages (e.g., Blumberg et al., 2005; Hendricks et al., 2000). When other
techniques were invented to measure the brain during sleep, the first experiments should have
been to perform correlations with arousal threshold. These experiments have never been
performed, either with functional MRI or with any other modern technique.

Many have measured brain function during sleep with modern techniques (Maquet, 2000;

Picchioni et al., 2013; Tarokh et a., in press). However with few exceptions, these studies
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reported sleep-specific brain activity/functional correlation patterns constrained by the
conventional sleep stages. This limitsthe variety of sleep states and underlying activity patterns
that one can discover.

If undiscovered spatiotemporal patterns of activity/functional correlations exist during
sleep, one would make the following prediction: when studying one conventional stage,
investigators should observe different brain and behavioral results within this stage or between
new subdivisions for it. This has been found with arousal thresholds between tonic and phasic
stage rapid eye movement (REM) sleep (Ermis et al., 2010; Price & Kremen, 1980), with unique
theta fluctuations across stage REM slegp in mice and humans accompanied by uniquely
patterned cortical wavesin mice (Bueno-Junior et al., 2023; Dong et al., 2022), with unique
thalamic and cortical substatesin stage REM sleep that do not correspond with the conventional
tonic versus phasic REM substates (Bastuji et al., 2024), with changes in autonomic nervous
system tone within stage nonrapid eye movement (NREM) 2 sleep (Brandenberger et al., 2005),
with anew NREM dleep stage characterized by ponto-geniculo-occipital waves occurring
immediately before the transition to stage REM sleep in rats (Datta, 2000), and with differing
neuroimaging brain activity/functional correlation patterns within the same stage (Guo et al.,
2023; Picchioni et al., 2008; Stevner et a., 2019; Watanabe et al., 2014; Wehrle et al., 2007;
Yang et al., 2024). A conventional sleep stage is defined as a pattern of scalp electrical activity
associated with arousal thresholds higher than wakefulness. If this definition is expanded to
include any neuroanatomically specific pattern of brain activity/functional correlations available
from advanced methods, the above results are unsurprising and warrant a continued and vigorous

search for new sleep states unconstrained by the conventional sleep stages.
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The current study used all-night functional MRI sleep data (Moehlman et al., 2019) and
defined sleep behaviorally with AAT to characterize sleep depth better by searching for novel
neural markers of sleep depth that are neuroanatomically localized and temporally unrelated to
the conventional stages. Functional correlation values calculated in a four-min time window
immediately before the determination of AAT were entered into alinear mixed effects mode,
allowing multiple arousals across the night per subject into the analysis, and compared to models
with sleep stage to determine the unique relationships with AAT.

Materialsand Methods
Overview

A description of the general method, its feasibility, and its validation has been published,
along with a detailed description of the subjects, screening procedures, home-monitoring period,
adaptation night, functional MRI data collection, simultaneous EEG data collection, and sleep
staging (Moehlman et al., 2019). Briefly, all-night functional MRI data were analyzed from 12
subjects. The basic inclusion screening criteriawere: able to understand the procedures and
requirements and give informed consent, fluent in English, 18-34 years of age, and in good
genera health. The basic exclusion criteria were neurological disorder; seizures; central nervous
system surgery; current diagnosis of any psychiatric disorder; lifetime diagnosis of a psychatic,
bipolar, or depressive disorder; pregnant or nursing; severe medical problem such as
uncontrolled hypertension; contraindications for MRI; or subjective hearing problems. The
following screening procedures were also used: a custom questionnaire designed to detect sleep
disorders, night shift work, and regular use of drugs known to affect sleep; amedical history

evaluation and physical examination; an objective audiology examination; structural MRI brain
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scans; a 14-day home-monitoring period with wrist actigraphy immediately before sleeping in
the scanner; and an adaptation night.

Procedure

An active noise cancellation system was used (OptoActive, OptoAcoustics) to attenuate
the scanner acoustic noise and deliver the auditory tones. Sets of tones were delivered
approximately eight times throughout the night to collect AAT as a behavioral measure of sleep
depth. Tones were generated and delivered with Presentation (NeuroBehavioral Systems). Tones
were 1.25 kHz, which was chosen to be similar to the 1.0 kHz frequency typically used while
avoiding harmonics of the 0.5-kHz functional MRI acoustic noise fundamental frequency. Each
tone set consisted of a sequence of five 0.1-s stimuli, separated by 0.5-sintervals.

The method of limits was used. A tone was delivered and, if the subject did not arouse,
another tone was delivered 21 s later with a5 dBA increasein volume. This continued until
subjects gave a specific, arranged verbal response: "1'm awake." If subjects did not arouse to 120
dBA, athreshold of 125 dBA was assigned as the finding, an approach that mirrors prior work.

The intensity of the first tone was customized for each subject and each night. Thiswas
determined during wakefulness before lights-off by administering a hearing test with subjectsin
the MRI while replicating the same experimental procedures that would occur during sleep,
including the use of insert ear plugs and functional MRI data collection. AAT was defined as
dBA above thiswaking perceptual threshold.

We used eight randomly scheduled arousals, prevalence-weighted towards stage NREM
3 dleep. This number was chosen to be in the range (2-16) of the number of arousals used in
previous studies. Using randomly scheduled arousals to move beyond the conventional EEG

sleep stages is novel but not unprecedented. Others have used randomly scheduled arousals, for
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example, in the context of studying the high-density EEG correlates of dreaming (Siclari et al.,
2017) and summarized the importance of this approach by saying investigators need "to move
beyond the REM-NREM sleep dichotomy and beyond traditional sleep staging” (Nir & Tononi,
2010, p. 95).

Functional MRI data were collected as previously described (Moehlman et al., 2019) with
arepetition time = 3 sand aresolution = 2.5 x 2.5 x 2.0 mm?®. Recording of peripheral signals
was synchronized with functional MRI data collection with avolume trigger provided by the
scanner. Concurrently acquired peripheral signalsincluded a chest respiratory effort belt (to
calculate respiratory flow rate) and a finger skin photoplethysmograph (to calculate peripheral
vascular volume). They were acquired using AcgKknowledge with TSD200-MRI and TSD221-
MRI transducers and an MP150 digitizer sasmpling at 1.0 kHz (Biopac).

Sleep scans varied in length between 5 min and approximately 3 hr, and they were
terminated by either a break request from the subject or an experimental arousal with an AAT
determination. The 4 min of data before the first tone of each arousal was used for all analyses.
Windows as small as 30 s can be used in studies of dynamic functional correlations during sleep
(Wilson et al., 2015). Using the dataimmediately before the first tone ensured the functional
correlations would be tightly associated with the functional state that led to the AAT without
being influenced by ascending state transitions or evoked activity. Only runs from the second
night with ample, good-quality functional MRI and peripheral datawere analyzed. This resulted
in 77 four-min segments across the 12 subjects.

Using anearly identical approach compared to our prior work on cerebrospinal fluid
pulsations (Picchioni, Ozbay, et al., 2022), the functional MRI data were processed using AFNI

Version 21.1.07 or later with its afni_proc.py function (Reynolds et al., 2024) in the following
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order. Outliers, polynomial trends, and two harmonics of the cardiac and respiratory signals from
amodified "retrospective correction of physiological motion effects’ model (Glover et a., 2000)
were removed. Slice-timing correction; motion registration, regression, and censoring;
anatomical skull stripping; and nonlinear alignment to the Talairach template were performed.
Nonlinear alignment to template space and anatomical skull stripping were performed with
AFNI's @SSwarper function prior to running afni_proc.py (Saad et al., 2009). The final
volumetric element (voxel) size from this processing was 2.0 mm isotropic.

The "retrospective correction of physiological motion effects’ modelling aimsto remove
fast, pulsatile artifacts in the functional MRI data; it does not remove artifacts caused by slower
changes in autonomic nervous system tone. These were removed by calculating and separately
regressing out two additional peripheral measures (Duyn et al., 2020). These variables were
calculated from the respiratory effort and finger photoplethysmography signals asfollows. To
remove artifactual spikes from the data, time points exceeding four SD above the mean were set
to the mean. Low-pass filtering was performed on the respiratory effort and
photoplethysmography signals at 30 and 10 Hz, respectively. From the photoplethysmography
signal, an indicator of peripheral vascular volume was created by calculating the SD of the signal
in 3-s segments (the MRI volume repetition time); thisis a measure of the excursion amplitude
caused by the heart beat and is proportional to the volume of blood detected by the sensor (Allen,
2007). Thefiltered respiratory signal was used to derive a measure of respiratory flow rate,
which previously was found to affect the functional MRI signal throughout the brain (Birn et al.,
2008), albeit not significantly (Tu & Zhang, 2022). This was done by taking the derivative of the
low-pass filtered signal, rectifying it, and applying a second low-pass filter at 0.13 Hz. To

regress out the respiratory flow rate and peripheral vascular volume signals, two time-shifted
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versions were used for each. Shiftsof 12 and 15 swere used for respiratory flow rate, and O and
3 swere used for peripheral vascular volume. These values were expected to be effective in
accounting for peripheral contributions to the functional MRI signal (Ozbay et a., 2019). To
reduce the effect of outliers, the regression was performed in five-minute segments by zero-
padding the regressors at five-minute intervals.

Simultaneous EEG data were collected and sleep staged using standard procedures as
previously described (Moehlman et al., 2019). The modal sleep stage in the four minutes prior to
the first tone was assigned as the sleep stage for that arousal. If one stage did not obtain a
majority, the sleep stage immediately before the first tone was used.

Experimental Design and Statistical Analysis
Analysis1

Correlation matrices were created where every pairwise correlation between predefined
networks can be presented. In this context, a network is defined as a group of regions. This
allowed examination of multiple relationships without the mental indigestion that would arise
from using individual voxels or regions. A custom Talairach-space atlas was created by
beginning with the Eickhoff-Zilles atlas (Eickhoff et al., 2005). The original atlas had 116
cortical and subcortical regions, which were created using both cytoarchitectural data and
multiple task-based functional-activation maps. The cerebellar vermis regions were divided into
left and right regions. The total was 124 left and right regions of interest.

These regions were manually categorized into 26 |eft- and right-hemisphere networks. In
contrast to creating networks based solely on resting-state intrinsic correlation networks, this
approach facilitated the inclusion of subcortical networks, allowed the potential analysis of both

networks and regions, and had fewer assumptions because the regions were created from
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anatomy and activations associated with specific, ecologically relevant tasks. The manual
categori zations were based on well-established networks (Menon, 2011; Raichle, 2011; Yeo et
al., 2011) and reasoned categorizations by others (Andrews-Hanna et al., 2010; Mesulam, 1998;
Vernet et al., 2014). For example, primary sensory and motor cortices were classed into a
unimodal cortical network because functional correlations are anchored by regions serving
primary sensory/motor functions at one end of a principal gradient of cortical hierarchical
organization (Margulies et a., 2016). The resulting networks were labelled as (1) default-mode
network posterior cingulate cortex-anterior medial prefrontal cortex core, (2) default-mode
network dorsal medial prefrontal cortex subsystem, (3) default-mode network medial temporal
lobe subsystem, (4) dorsal attention, (5) ventral attention, (6) executive control, (7) language, (8)
salience, (9) heteromodal misc, (10) unimodal cortical, (11) thalamus, (12) basal ganglia, and
(13) cerebellum. Although it is allocortex, as others have done, the hippocampus was categorized
with neocortical regionsin the "default-mode network medial temporal lobe subsystem” because
its activity has a strong positive correlation with other regionsin this subsystem (Andrews-
Hanna et a., 2010). Although the amygdalaistypically not included in this subsystem, it was
added because others have grouped it with the hippocampus (Bastuji et al., 2024) and because it
has a tight association with the functions of this subsystem.

The spatial mean of time points for the voxels in a network was calculated at each time
point. This resulted in one functional MRI time series per network per run. No spatial smoothing
was used. Spatial smoothing can be considered moot in this approach because voxels are
averaged across a large spatial extent for each network. This took the place of spatial smoothing,
provided similar statistical advantages, and provided a similar control for the residual geometric

distortion that is present in all functional MRI data.
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All pairwise correlations between network time series were calculated with AFNI's
3dNetCorr (Taylor & Saad, 2013). The function was used to output the Fisher z-transformed
correlation values. The absolute value for each transformed correlation was computed because a
strong positive correlation and a strong negative correlation would both indicate the same
magnitude of assumed neural communication/information exchange between two brain networks
(e.g., Picchioni et al., 2014; Zaesky et al., 2010). This approach is particularly appropriate when
considering that activity in all regions of the brain can be evoked with atask, including default-
mode network regions (e.g., Gusnard et al., 2001; Spreng et al., 2009).

Separately for each correlation, the transformed absolute correlation values were entered
into alinear mixed effects analysis whereby each subject can contribute more than one pair of
observations (i.e., acluster of observations for each subject). The variabilities in the slopes and
intercepts across the clusters are modeled with linear mixed effects by including both the
individual and cluster intercepts and dopes in the regression. The fixed effects were one
continuous, within-subject variable (AAT). The random effects were AAT and the intercept
across subjects. The criterion variable was the correlation between any two networks. In a
preliminary analysis, another fixed effects variable was included: the discrete, within-subject
variable of condition with approximately six levels representing arousals across the night (i.e.,
Arousal 1, Arousal 2, etc). This proved unnecessary because its effects were not examined, so it
was removed for the final version of the analysis.

The linear mixed effects analysis was performed with the fitime functionin MATLAB
R2022a or later (The Mathworks. Multiple testing correction was performed with the fdr_bh

function. The effect size used was Cohen'sf 2. Its estimate was calculated by subtracting the
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proportion of variance explained by R? in a reduced model without AAT from afull model with
AAT. R? was ordinary and conditional.

Correlation matrices are important but are limited because they are constrained by the
specific topology of the preselected networks. Three exemplar regions were chosen to create
seed-region correlation maps of the correlation with AAT: bilateral hippocampus, thalamus, and
posterior cingulate cortex. The hippocampus was chosen given its relevance to sleep-dependent
memory consolidation (e.g., Rasch et al., 2007), the thalamus was chosen given its relevance to
sleep regulation (e.g., Steriade & McCarley, 2005), and the posterior cingulate cortex was chosen
given its putative role in dreaming (e.g., Picchioni, Abdollahi, et al., 2022).

The spatial mean for the voxelsin a seed region was calculated at each time point. The
whole-brain data were then spatially smoothed to 4 mm full width at half maximum. The vectors
representing each seed region's spatial mean across time were then correlated with all voxelsin
the brain. Identical to the network approach, absolute values of the resulting Fisher z-transformed
correlations were fed into a linear mixed effects analysiswith AAT. In contrast to the network
approach, AFNI's 3dLMEr (Chen et d., 2013) was used to enter the whole-brain maps as the
inputs into the linear mixed effects mode.

Multiple testing correction was performed on the group-level results as follows. After the
correlations with the seed regions were calculated, the residuals were computed and the total
extent of spatial smoothnessin the residuals for each subject was calculated using non-Gaussian
filtering (Cox et al., 20173, 2017b). This obviates the minor problem associated with assuming
normality in the smoothness of neuroimaging data (Eklund et al., 2016). These smoothness
estimates in the residuals were averaged across all subjects and fed into AFNI's 3dClustSim

function, which uses Monte Carlo simulations to estimate the size of false-positive clusters. The
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following parameters were used: a two-sided test, an individual-voxel « = 0.05, acluster-size o
= 0.05, and a clustering technique of nearest neighbor with 26 face, edge, and cornerwise
neighbors. This gave a minimum cluster size of 1,226, 1,195, and 1,203 voxels for the
hippocampus, thalamus, and posterior cingulate cortex, respectively. All statistical testsin this
analysis were two-sided.

Analysis 2

In this analysis, the AAT-based model was directly compared to a model based on
conventional EEG sleep stages. Separate statistics were calculated for AAT and stage. A spatial
conjunction analysis was then performed to compare the significant results. The endpoint of
interest was picture elements (pixels) in the correlation matrices and voxels in the brain maps.
One color was assigned to pixels/'voxels only significant for the model with the discrete variable
of stage, another color was assigned to pixels/voxels only significant for the model with the
continuous variable of AAT, and athird color was assigned to overlapping pixels/voxels.

For the network approach, two linear mixed effects models were created: one with the
continuous variable of AAT and the second with a set of 4 (the 5 conventional stages— 1)
dummy-coded predictor variables coding the discrete variable of stage. The type of dummy-
coding used was effects coding where the reference level is coded as—1. These results from
MATLAB's fitime function were fed directly into MATLAB's anova function with an approach
that is specific to analyzing the main effects from alinear mixed effects model
(https://mww.mathworks.com/hel p/stats/linearmixedmodel .anova.html). A very similar approach
was used for the seed-region approach with AFNI's 3dLMEr. The main effects of stage and AAT
were calculated with chi-square with two degrees of freedom, whereas F-tests were used in the

network approach using the Satterthwaite approximation for the degrees of freedom. Most other
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parameters were identical to the analyses from Analysis 1. One-sided tests were instead used for
AAT and stage because directionality was not of interest. Calculating the significance of the
overall variance explained by AAT and stage and then comparing those results spatially was the
outcome of interest in thisanalysis.
Statistical Conventions

Data are presented as M = SD. Probability thresholds () were 0.05. To facilitate a better
gpatial interpretation, some have recommend using o = 0.001 as the primary threshold (i.e.,
before multiple testing correction) in neuroimaging analyses so that clusters of statistically
significant voxels do not span multiple neuroanatomical regions (Woo et a., 2014). Asan
orthogonal and better solution, unthresholded results were prepared to complement thresholded
results to minimize the practice of dichotomizing data (Cohen, 1994; Taylor et a., 2023).
Unthresholded statistical brain maps were masked to exclude voxels in white matter and
cerebrospinal fluid. For asimilar reason, effect sizes are presented to complement null
hypothesis testing (Chen et al., 2017; Keppel, 1991).

Results

Descriptive Results

All-night functional MRI data were analyzed from 12 subjects. The mean age was 24.0
(SD =3.5), and 33.3% were male. An adaptation night was used to acclimate subjects to sleeping
in the scanner. Auditory tones of increasing intensity were administered randomly on both nights
to determine AAT as a behavioral measure of sleep depth. Only runs from the second night with
ample, good-quality functional MRI and peripheral data were analyzed, and the 4 min of
functional MRI data before the first tone were extracted. This resulted in 77 four-min segments

across the 12 subjects. The amount of excluded data due to motion within each of the 77 four-
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min segments was 12.0 + 22.0 s. Though arousals were delivered randomly to search for new
sleep states temporally unconstrained by the conventional sleep stages, it is still prudent to
examine the stages present in the four-min segments. Table 1 shows the amount of each
conventional sleep stage, and Figure 1 shows a standard box plot of AAT for each Sleep stage. It
is clear from thisfigure that much variability exists within each stage, so AAT is capturing
variance missed by the conventional sleep stages, and this variability should provide unique
information about sleep depth.

Analysis1

AAT-dependent correlation metrics are presented in Figures 2-4. Figure 2 displays
unthreshol ded statistical tests, thresholded statistical tests, and effect sizes for the correlation
between AAT and the correlation between pairs of networks. The most salient featureisthe
negative corticocortical correlations. This means that as AAT/sleep depth increased,
corticocortical functional correlations decreased. Negative thalamocerebellar correlations are
also clear from the thresholded matrix as were negative associations with AAT and functional
correlations between the thalamus and executive control network.

Exemplar seed-based, AAT-dependent correlation metrics are shown in Figures 3 and 4.
Decreases in corticocortical correlations observed at the network level can be observed for the
posterior cingulate cortex seed region. For the hippocampus, similar results were found, and this
isnot surprising given that the hippocampus is often considered part of the default-mode network
(Andrews-Hanna et al., 2010). There were some positive correlations between AAT and the
relationship between the thalamus with itself. This result was seen in the unthresholded network
approach, but it did not survive statistical thresholding. More broadly, as AAT/sleep depth

increased, thalamic correlations with the neocortex decreased, aresult that replicates prior work
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with adifferent dataset (Picchioni et a., 2014). This was seen in the thresholded network
approach for the relationship between the thalamus and the executive control network.

A possible concern for this study is the effect of stage REM sleep. One of the primary
goals of performing all-night functional MRI sleep studies was to obtain the full spectrum of
slegp stages, conventional or undiscovered, during a night of human sleep, but to compare the
current results to prior studies, the majority of which did not have any stage REM sleep, and to
simplify the analysisin terms of restricting it to NREM sleep processes, the network approach
was repeated while excluding the four arousals from this stage. Figure 5 recreates Figure 2 with
the only difference being the exclusion of these four arousals. Aside from afew negative
thalamic pixels that now passed the threshold mask, the results were very similar.

Analysis2

Comparison of functional MRI correlation patterns specific to AAT versus sleep stage are
presented in Figures 6-8. In the brain maps, for example, stage was uniquely related to the
functional correlations in the precuneus/posterior cingulate cortex for the thalamic seed region.
In the correlation matrix in Figure 6, relationships between basal gangliaand nearly all regions
showed a unique relationship with the conventional sleep stages. Pixels with overlapping
significance between AAT and slegp stage congtituted most of the matrix. However, many pixels
in Figure 6 and voxelsin Figure 7 were uniquely significant for AAT. In the brain maps, clusters
that were significant for both stage and AAT were commonly surrounded by larger clusters that
were uniquely significant for AAT. In the matrix, unique relationships for AAT included
thalamocerebellar correlations, the relationship between the right language network and the right
"default-mode network dorsal medial prefrontal cortex subsystem," and the relationship between

thalamus and ventral attention network. Focusing on the cerebellum, correl ations between
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bilateral thalamus and bilateral cerebellum showed a unique relationship with AAT. Thisis seen
in the lower-right portion of Figure 6. Thisis also observed in the brain maps for the thalamic
seed region. Figure 8A shows the same result from Figure 3 from Analysis 1 for the thalamic
seed region but at a more-inferior slice through the cerebellum. The thalamocerebellar
relationship with AAT is clearly seen. Figure 8B does the same for the conjunction analysis from
Figure 7, and it is again clearly observed that the thalamocerebellar relationships were mostly
unique for AAT. Thus, thisresult was highly consistent. All the points for it are given in Figure
8C. Altogether, the findings of unique functional correlation relationshipswith AAT in this
analysis support theideathat AAT provides unique information above and beyond the
conventional EEG sleep stages.
Discussion

Summary

The current study used all-night functional MRI sleep data and defined sleep behaviorally
with AAT to characterize sleep depth better by searching for novel neural markers of slegp depth
that are neuroanatomically localized and temporally unrelated to the conventional stages.
Functional correlation values calculated in afour-min time window immediately before the
determination of AAT were entered into alinear mixed effects model, allowing multiple arousals
across the night per subject into the analysis, and compared to models with sleep stage to
determine the unique relationships with AAT. These unique relationships were for
thalamocerebellar correlations, the relationship between the right language network and the right
"default-mode network dorsal medial prefrontal cortex subsystem,” and the relationship between
thalamus and ventral attention network. These novel neural markers of sleep depth would have

remained undiscovered if the data were merely analyzed with the conventional sleep stages.
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Comparisonswith Existing Literature

It isfirst important to note the finding of a decrease in corticocortical correlations with
decreases in consciousness (i.e., increases in AAT) replicates other studies using the
conventional sleep stages or similar methodol ogy, including those that do not rely on blood flow
as aproxy for neural activity. Examples include human studies of natural sleep using low-density
scalp EEG (De Gennaro et al., 2001), high-density scalp EEG (Titone et al., 2024), intracranial
EEG (Bastuji et al., 2021), functional MRI (Picchioni et al., 2013), and simultaneous EEG-
transcranial magnetic stimulation (Massimini et al., 2005). These results have been extended to
human studies of coma and anesthesia (Noirhomme et al., 2010), human research on
intracerebellar-cortex correlations (Liu et al., 2023), and nonhuman animals (Olcese et al., 2016;
Tueta., 2021).

Arousal threshold was uniquely related to the relationship between bilateral cerebellum
and bilateral thalamus. Thalamocerebellar connectivity isjust asimportant for understanding
sleep as thalamocortical connectivity (Steriade et al., 1971). It was found that thalamocerebel lar
functional MRI correlations were significantly higher in wakefulness than stage N2 and N3 sleep
(Liu et al., 2023), and sleep spindles, which are phasic bursts of 11-16 Hz oscillations, were
found to cooccur with a directionally specific flow of information from the cerebellum to the
thalamus to the motor cortex (Xu et al., 2021). Sleep spindles are the first marker of substantial
increases in arousal threshold during sleep onset (Bonnet & Moore, 1982), and this novel
connection between sleep spindles, the cerebellum, and sleep depth would have been | eft
undiscovered if one had analyzed the data according to the conventional stages.

Language is avital part of cognition; cognition isavital part of consciousness; and

consciousness isavital part of the self. Many definitions of consciousness incorporate an
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awareness of self. This contextualizes another unique relationship for AAT: the relationship
between the right language network and the right "default-mode network dorsal medial
prefrontal cortex subsystem,” which is commonly labelled as the self-referential subsystem
(Molnar-Szakacs & Uddin, 2013). One would expect both stage and AAT to be important for
correlations between these networks. However, it was only significant for AAT.

Animals must be able to maintain sleep in the face of disturbing stimuli to absorb its
functions and, simultaneously, must be able to attend to relevant stimuli in the environment.
Children can dleep through sounds equivalent to ablender or garbage disposal (e.g., Busby et al.,
1994), yet hearing one's name can penetrate the veil of sleep and cause brain and behavioral
responses (Perrin et al., 1999; Voss & Harsh, 1998). This comes into play when measuring sleep
depth via arousal threshold. One would expect a relationship between thalamus and ventral
attention network because, like the thalamus acts as a gatekeeper generally, ventral attention
network acts as a bottom-up attentional gatekeeper for salient stimuli, but this relationship was
only significant for AAT.

The use of arousal threshold in the context of the behavioral definition of sleep is not the
only way to characterize sleep with functional neuroimaging. Others have searched for novel
gpatial brain states during sleep using a Hidden Markov Model (Stevner et d., 2019; Yang et al.,
2024). This model is a data reduction technique and characterizes unique brain states based on
time series and infers the transitions between those states. Although the investigators used the
conventional stages to validate the results, the models were blind to stage when the states and
transition probabilities were determined. This method identified 21 recurring brain states (Y ang

et a., 2024) and their transition probabilities, beyond PSG-defined sleep stages. This synergizes
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with the current work because important results are always found to be reproducible across
different approaches to the same problem.

Weaknesses and Strengths of the Current Study

It is possible that blood flow was affected by other factors such as autonomic nervous
system tone (Duyn et al., 2020). This was addressed in the current study by removing the
variance associated with measures of autonomic tone, but these measures are only
approximations.

It cannot be said that the sample size in this study was small. It can be said that the
necessary sample size to detect the effect of interest was not known because an a priori statistical
power analysis was not performed. With the data from larger studies, other analyses can be
performed, such asincluding both stage and AAT in the same model to measure the unique
variance explained by AAT. Thiswould complement the spatial conjunction analysis reported in
the current study.

Common to all studies that use linear correlations, curvilinear relationships between AAT
and functional correlations could have been missed. Future studies should include alternative
techniques such as polynomial regression, entropy (Watanabe et al., 2014), information-theory
measures (Olcese et al., 2016), or distance correlations (Bolt et al., 2024). However, each of
these measures have limitations of their own, so they must be considered as complementary to
their linear equivalents.

With very few exceptions (Picchioni, Ozbay, et al., 2022; Yang et al., 2024), analyses
performed on all-night functional MRI data do not exist. Moreover, most similar studies used
sleep deprivation, scanned for short durations, and/or began scanning at times that would cause

circadian misalignment. These methods and the amounts of sleep obtained with them restrict the
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generalizability of the results, limiting it to diurnal sleep, alimited number of sleep stages
(conventional or otherwise), the recovery sleep that occurs after sleep deprivation, the specific
stages that occur at different parts of the night, and/or a single sleep cycle. The current analyses
were performed on data without these limitations. By using arousal thresholds, the current work
also avoided the circularity associated with studying brain activity/functional correlations
associated with the conventional stages.

Further Research

Searching for sleep states that are independent from the conventional stages (Nir &
Tononi, 2010) and associated with dreaming would also be important. This could be done with
an analysisthat is like the current study's but with dream recall rather than AAT in the model.
The current study focused on the four minutes before the first tone to ensure the functional
correlations would be tightly associated with the brain state that led to the arousal threshold.
Further research and analyses should capitalize on the full amount of data, for example, to search
for novel statesin adata driven way across the entire night. In addition to data reduction
techniques that consider the entirety of the data at once, a sliding window could be used to match
atemplate of a pattern-of-interest across the night. This has been successfully employed during
sleep onset (Chang et al., 2016) but could be employed across a night of sleep.

A personalized network is a network that resembles the group average but displays
differences along its borders for one subject, and these differences can have clinically significant
outcomes (Fair, 2024) and reliably correlate with differences in cognition between individuals
and within individuals across development (e.g., Cui et al., 2020). The canonical resting-state
networks found during wakefulness have been spatially correlated with networks from sleep

(Houldin et al., 2019). The idea was that networks with low spatial correlations would represent
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novel resting-state networks that are unique to sleep. No such networks were found, but low-
correlation networks consisting of smaller constituent regions of the canonical networks existed.
Perhaps this change in spatial extent is linked to the functions of sleep such as memory
representations that are being refined and optimized for more efficient storage (Tononi & Cirelli,
2014). Searching for neural patterns relevant for memory consolidation during sleep would
generally be important because the conventional EEG sleep stages were formed without regard
to sleep function.
Conclusion

Because sleep was defined with arousal threshold independently from the conventional
dleep stages, the current study was a novel approach to studying the neuroanatomical correlates
of sleep with high spatial resolution. This resulted in discoveries of novel neural markers of sleep
depth that are more neuroanatomically localized and temporally unrelated to the conventional
stages. This represents a single step towards a neuroanatomically localized sleep scoring system
and expands our understanding of sleep and its functions beyond the constraints imposed by

PSG-defined stages.
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Tables

Table 1l
Descriptive Statistics of the Conventional Stages Present in the Four-min Functional MRI Segments
Stage M 5D Modal

(s) (s) Stege

(%)

w 48.9 83.1 20.8
N1 22.7 44.0 52
N2 83.1 86.9 41.6
N3 72.9 94.3 27.3
R 12.4 49.5 52

Note: Though arousals were delivered randomly to search for new sleep states temporally unconstrained by the conventional sleep
stages, it is il prudent to examine the stages present in the four-min functional magnetic resonance imaging (MRI) segments. n =77.
W = stage wakefulness; N1 = stage nonrapid eye movement 1 sleep; N2 = stage nonrapid eye movement 2 sleep; N3 = stage nonrapid
eye movement 3 sleep; R = stage rapid eye movement sleep.
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Figure 1. Standard box plot of auditory arousal thresholds (AAT) for each conventional sleep stage. It is clear from thisfigure that
much variability exists within each stage, so AAT is capturing variance missed by the conventional sleep stages, and this variability
should provide unigue information about sleep depth. W = stage wakefulness (n = 16); N1 = stage nonrapid eye movement 1 sleep (n
= 4); N2 = stage nonrapid eye movement 2 sleep (n = 32); N3 = stage nonrapid eye movement 3 sleep (n = 21); R = stage rapid eye
movement sleep (n = 4).
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Figure 2. Unthresholded and thresholded linear mixed effects correlations between auditory arousal thresholds and pairs of network
correlations for al arousals (n = 77). Thresholded results use an individual-pixel probability threshold of 0.05 plus a false-discovery
rate multiple testing correction. The most salient feature is the negative corticocortical correlations. This means that as AAT/sleep
depth increased, corticocortical functional correlations decreased. t = t-test. f > = Cohen's f 2 effect size. DMN PCC aMPFC = defaullt-
mode network posterior cingulate cortex-anterior medial prefrontal cortex. DMN dMPFC = default-mode network dorsal medial
prefrontal cortex. DMN MTL = default-mode network medial temporal lobe.
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Figure 3. Thresholded linear mixed effects correlations between auditory arousal thresholds (AAT) and seed-region correlations for
three exemplar seed regions. Decreases in corticocortical correlations observed at the network level can be observed for the posterior
cingulate cortex seed region. Moreover, as AAT/d eep depth increased, thalamic correlations with the neocortex decreased. A two-
sided test, an individual-voxel probability threshold of 0.05, a cluster-size probability threshold of 0.05, and a clustering technique of
nearest neighbor with 26 face, edge, and cornerwise neighbors were used. This gave a minimum cluster size of 1,226, 1,195, and
1,203 voxels for the hippocampus, thalamus, and posterior cingulate cortex, respectively.
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Figure 4. Unthresholded linear mixed effects correlations between auditory arousal thresholds and seed-region correlations for three
exemplar seed regions with a white matter plus cerebrospinal fluid mask. These results were prepared to complement thresholded
results to minimize the practice of dichotomizing data with arbitrarily strict probability thresholds.
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Figure 5. Unthresholded and thresholded linear mixed effects correlations between auditory arousal thresholds and pairs of network
correlations for the arousals (n = 73) not classified as stage rapid eye movement (REM) sleep arousals. One of the primary goals of
performing all-night functional MRI sleep studies was to obtain the full spectrum of sleep stages, conventional or undiscovered,
during a night of human sleep, but to compare the current study to prior studies, the majority of which did not have any stage REM
deep, and to simplify the analysisin terms of restricting it to nonrapid eye movement sleep processes, the network approach was
repeated while excluding the four arousals from this stage. This figure recreates Figure 2 with the only difference being the exclusion
of these four arousals. Aside from a few negative thalamic pixels that now passed the threshold mask, the results were very similar.
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Figure 6. Network results of the spatial conjunction analysis of significant pixels for the continuous variable of AAT and the discrete
variable of stage, represented in a separate model as a set of 4 (the 5 conventional stages — 1) dummy-coded predictor variables. Blue
represents pixels only significant for the model with the discrete variable of stage, red represents pixels only significant for the model
with the continuous variable of AAT, and yellow represents overlapping pixels. AAT = auditory arousal threshold. Conj =
conjunction.
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Figure 7. Seed-region results of the spatial conjunction analysis of significant voxels for the continuous variable of AAT and the

discrete variable of stage, represented in a separate model. Blue represents voxels only significant for the model with the discrete

variable of stage, red represents voxels only significant for the model with the continuous variable of AAT, and yellow represents
overlapping voxels. AAT = auditory arousal threshold. Conj = conjunction.
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Figure 8. A) The negative correlations with auditory arousal threshold for the thalamic seed region. Thisis the same result from
Figure 3 at a more-inferior slice through the cerebellum. B) The uniquely significant relationships with auditory arousal threshold for
the thalamic seed region. Thisisthe sameresult from Figure 7 at amore-inferior slice. C) Scatterplot of the negative relationship

between absolute z-transformed functional correlations (r z) in a cerebellum region of interest and auditory arousa threshold (AAT)
for the thalamic seed region. Conj = conjunction.
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