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Coupled electrophysiological, hemodynamic, and
cerebrospinal fluid oscillations in human sleep

Nina E. Fultz'?, Giorgio Bonmassar?®3, Kawin Setsompop?>, Robert A. Stickgold*®, Bruce R. Rosen®>,

Jonathan R. Polimeni?3, Laura D. Lewis"%*

Sleep is essential for both cognition and maintenance of healthy brain function. Slow waves in neural
activity contribute to memory consolidation, whereas cerebrospinal fluid (CSF) clears metabolic

waste products from the brain. Whether these two processes are related is not known. We used accelerated
neuroimaging to measure physiological and neural dynamics in the human brain. We discovered

a coherent pattern of oscillating electrophysiological, hemodynamic, and CSF dynamics that appears
during non-rapid eye movement sleep. Neural slow waves are followed by hemodynamic oscillations,
which in turn are coupled to CSF flow. These results demonstrate that the sleeping brain exhibits waves
of CSF flow on a macroscopic scale, and these CSF dynamics are interlinked with neural and

hemodynamic rhythms.

leep is crucial for both high-level cogni-

tive processing and also basic mainte-

nance and restoration of physiological

function. During human non-rapid eye

movement (NREM) sleep, the electro-
encephalogram (EEG) exhibits low-frequency
(<4 Hz) oscillatory dynamics that support
memory and neural computation (7-8). In
addition, functional magnetic resonance imag-
ing (fMRI) studies measuring blood oxygen
level-dependent (BOLD) signals have demon-
strated widespread hemodynamic alterations
during NREM sleep (9-15). Sleep is also asso-
ciated with increased interstitial fluid volume
and clearance of metabolic waste products
into the CSF (16), and clearance is stronger
in sleep with more low-frequency EEG oscil-
lations (Z7). Why these diverse physiological
processes co-occur in this state of low arousal
is not known. In particular, it remains unclear
how CSF dynamics change during sleep and
how they relate to the major changes in neural
activity and hemodynamics.

We simultaneously measured BOLD fMRI
dynamics, EEG, and CSF flow during human
sleep. To achieve high-temporal-resolution
imaging, we acquired fMRI data at fast rates
[repetition time (TR) < 400 ms]. While fMRI is
often used to detect local oxygenation changes,
fast acquisition paradigms also enable detec-
tion of fluid inflow: Fresh fluid arriving at the
edge of the imaging volume has high signal
intensity because it has not yet experienced
radiofrequency pulses (fig. S1). By placing the
boundary edge of the imaging volume at
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the fourth ventricle (Fig. 1A), CSF flow into the
brain was detected as increased signal in the
lower slices (Fig. 1B), allowing us to measure
dynamics of CSF flow simultaneously with
BOLD fMRI. We combined this imaging with
simultaneous EEG (n = 13 participants) and
identified continuous segments of clear stable
wake or NREM sleep with low motion (fig. S2
and materials and methods) to enable analysis
of continuous low-frequency dynamics.

We first investigated whether sleep was
associated with distinct CSF flow dynamics
(Fig. 1, C to E). During wakefulness, the CSF
signal exhibited a small-amplitude rhythm syn-
chronized to the respiratory signal at ~0.25 Hz
(Fig. 1, E and G), consistent with previous
studies (I8, 19). By contrast, during NREM
sleep, we observed a large oscillation in the
CSF signal at 0.05 Hz (Fig. 1, E and G). We
analyzed this CSF signal across all sleep seg-
ments, confirming that identified sleep seg-
ments exhibited low-frequency EEG signatures
of NREM sleep (Fig. 1F). We found a 5.52-dB
increase in the CSF signal peaking at 0.05 Hz
during sleep (Fig. 1, G and H, and fig. S2) [95%
confidence interval (CI) = (2.33, 7.67); P = 0.003,
signed-rank test], suggesting that large waves
of CSF inflow occur approximately every 20 s.
We additionally analyzed nearby non-CSF re-
gions of interest (ROIs) with matched slice
positioning and saw no such effect [change =
-0.03 dB, CI = (-2.7, 1.3); P = 0.003 for dif-
ference, signed-rank test], suggesting that this
sleep-associated pattern was specifically driven
by physiological signals in the ventricle (Fig. 1I).

Because inflow signals are caused by fluid
flowing into the acquisition volume, CSF flow
signals should be brightest in edge slices and
decay as fluid passes into central slices (Fig. 2,
A and B, and fig. S1). We indeed observed a
gradient of signal amplitudes across the slices
(Fig. 2, C and D). Some large inflow events
exhibited equally bright amplitudes across
the lower slices (Fig. 2D), suggesting the CSF
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flow velocity had exceeded the imaging crit-
ical velocity (11.4 mm/s for slice 2). Together,
these results identified a large-amplitude pul-
satile flow of CSF at 0.05 Hz that appears
during NREM sleep.

We next examined whether these slow mac-
roscopic CSF oscillations were linked to he-
modynamic signals. Previous studies have
proposed microscopic arterial pulsation, corre-
sponding to the ~1-Hz cardiac cycle, as a
mechanism for driving interstitial fluid flow
(20-23). To test what might generate the much
slower macroscopic CSF rhythm we observed,
we analyzed the changes in BOLD signal
during sleep. We observed an increase in
BOLD signal amplitude in the cortical gray-
matter fMRI signal during sleep, as compared
with wakefulness (Fig. 3A versus B and C)
[mean = 3.28 dB; CI = (0.09, 6.54); P = 0.032,
signed-rank test], consistent with previous
reports of low-frequency BOLD fluctuations
during sleep (9, 10, 24). Furthermore, the CSF
signal was tightly temporally coupled to the
cortical gray-matter BOLD oscillation during
sleep (Fig. 3, A and B), exhibiting a strong
anticorrelation (fig. S3) (maximal r = —0.48 at
lag 2 s, P < 0.001, shuffling).

This anticorrelation suggested a possible al-
ternation of blood flow and CSF flow during
sleep. We hypothesized that the BOLD oscil-
lations corresponded to an oscillation in cere-
bral blood volume and that, because of constant
intracranial volume, more CSF flows into the
head when less volume is occupied by the blood
(25, 26). This hypothesis predicts that the CSF
signal should approximately match the nega-
tive derivative of the BOLD oscillation, after
setting negative values to zero (materials and
methods). Consistent with this hypothesis, the
CSF time series and the thresholded derivative
BOLD signals were strongly correlated (Fig. 3,
D and E) (maximal = 0.59 at lag -1.8 s; P <
0.001, shuffling).

We next examined whether neural activity
was linked to these coupled hemodynamic and
CSF oscillations during sleep. In conventional
fMRI, the BOLD response is elicited by neural
activity, which drives flow of oxygen-rich blood
(27, 28), and EEG oscillations are associated
with hemodynamic signals (29-32). We there-
fore hypothesized that the large, slow-delta
(0.2 to 4 Hz) electrophysiologic oscillations
characteristic of NREM sleep could be coupled
to oscillations in blood volume and, in turn,
displacement effects on CSF flow. We analyzed
the instantaneous amplitude of slow-delta EEG
relative to the peak of the CSF waves and
found that neural, BOLD, and CSF waves were
coupled (Fig. 4, A to C, and fig. S4). The neural
waves preceded the CSF waves, with a peak in
slow-delta EEG occurring 6.4 s before the CSF
peak (peak amplitude = 21%, P < 0.001, shuf-
fling). We calculated the best-fit impulse re-
sponse between the EEG and CSF (Fig. 4D)
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Fig. 1. Large oscillations in CSF signals appear in
the fourth ventricle during sleep. (A) Example scan
positioning. Thick yellow line: position of

the functional image relative to the anatomy.

The bottom edge intersects with the fourth ventricle
(red arrow), allowing CSF inflow to be measured.

A subset of the 40 acquired slices are displayed.

(B) Example functional image from the bottom

slice. Inflow through the ventricle is detected as
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Fig. 3. CSF flow oscillations are anticorrelated to a hemodynamic oscillation in the cortical gray
matter that appears during sleep, with CSF flow increasing when blood volume decreases.
(A) Example time series of the cortical gray-matter BOLD signal and the mean CSF signal from one

participant. During wake, signals are low-amplitude and synchronized to respiration (0.25 Hz). (B) During

sleep, a large-amplitude BOLD oscillation appears, and its time course is coupled to the ventricle

CSF signal (~0.05 Hz). (C) Mean cortical gray-matter BOLD signal power increases during sleep

(n = 11 participants for pairwise test). (D) Mean cross-correlation between the zero-thresholded negative
derivative of BOLD and CSF signals shows strong correlation (n = 176 segments, 13 participants). The
shaded blue region indicates the standard error across segments; the black dashed line denotes the
95% interval of shuffled distribution. (E) Example time series showing the correlation, suggesting that
CSF flows up the fourth ventricle when cerebral blood volume decreases.
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Fig. 4. EEG slow-delta waves are coupled to and precede BOLD and CSF oscillations. (A) Mean
amplitude envelope of slow-delta EEG, (B) mean derivative of BOLD signals, and (C) mean CSF signal,
all locked to the peaks of CSF waves during sleep. The shaded region represents the standard error
across peak-locked trials (n = 123 peaks). (D) Calculated impulse response of the CSF signal to the EEG
envelope shows a time course similar to that of previously established hemodynamic models. Shading
indicates standard deviation across model folds. (E) Diagram of model linking the time course of neural
activity to CSF flow. Variables include CBF and cerebral blood volume (CBV).
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constructed a computational model using es-
tablished models of hemodynamic coupling
(Fig. 4E and fig. S6). We extracted the enve-
lope of slow-delta EEG, expected to correlate
with decreases in cerebral blood flow (CBF)
signal because of its associated suppression
of neural activity (2). The neural oscillation
was then used to predict the time courses
of blood flow, blood volume, and CSF (33, 34).
The model first used previously reported phys-
iological parameters (35), with no additional
parameter fitting, to test whether our obser-
vations were consistent with established bio-
physical coupling between these signals. This
model performed as well as the best-fit im-
pulse response [zero-lag R = 0.22; CI across
segments = (0.16, 0.27); P < 0.001, shuffling]
(fig. S6 and S7). The model prediction was
significantly larger than the maximal correla-
tion between the original EEG envelope and
CSF across all lags (maximal 7 = 0.15, P < 0.05),
demonstrating that our data were consistent
with biophysical coupling between neural ac-
tivity, hemodynamics, and CSF.

‘We conclude that human sleep is associated
with large coupled low-frequency oscillations
in neuronal activity, blood oxygenation, and
CSF flow. Although electrophysiological slow
waves are known to play important roles in
cognition (I), our results suggest that they may
also be linked to the physiologically restorative
effects of sleep, as slow neural activity is fol-
lowed by brain-wide pulsations in blood vol-
ume and CSF flow.

These results address a key missing link in
the neurophysiology of sleep. The macroscopic
changes in CSF flow that we identified are
expected to alter waste clearance, as pulsatile
fluid dynamics can increase mixing and diffu-
sion (20, 21, 36). Neurovascular coupling has
been proposed to contribute to clearance (37),
but why it would cause higher clearance rates
during sleep was not known. Our study sug-
gests slow neural and hemodynamic oscillations
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as a possible contributor to this process, in
concert with other physiological factors. Studies
in animals could next test for causal relation-
ships between these neural and physiological
rhythms.

Our identification of sleep-associated CSF
fluid dynamics also suggests a potential bio-
marker to be explored in clinical conditions
associated with sleep disturbance. Memory
impairment in aging is associated with sup-
pressed slow waves (38); our model suggests
that this slow-wave loss would, in turn, be
associated with decreased CSF flow. Further-
more, our results hint at a potential bridge
between recent findings that tau CSF levels
and amyloid beta depend on sleep and neural
activity (39-4I) and that oscillatory neural
activity leads to reduced tau (42)—coherent
neural activity might signal higher protein
aggregate clearance. Taken together, our re-
sults identify waves of CSF flow that appear
during sleep and show that slow rhythms in
neural activity are interlinked with these CSF
waves, with hemodynamic oscillations as an
intermediate mechanism through which these
processes are coupled.
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Fluid dynamics during sleep

During non-rapid eye movement sleep, low-frequency oscillations in neural activity support memory consolidation
and neuronal computation. Sleep is also associated with increased interstitial fluid volume and clearance of metabolic
waste products. It is unknown why these processes co-occur and how they are related. Fultz et al. simultaneously
measured electrophysiological, hemodynamic, and flow signals in the human brain (see the Perspective by Grubb and
Lauritzen). Large oscillations of fluid inflow to the brain appeared during sleep and were tightly coupled to functional
magnetic resonance imaging signals and entrained to electroencephalogram slow waves. Slow oscillatory neuronal
activity thus leads to oscillations in blood volume, drawing cerebrospinal fluid into and out of the brain.
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