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Abstract

The theory on the glymphatic convection mechanism of cerebrospinal fluid holds that cardiac pulsations in part pump
cerebrospinal fluid from the peri-arterial spaces through the extracellular tissue into the peri-venous spaces facilitated by
aquaporin water channels. Since cardiac pulses cannot be the sole mechanism of glymphatic propulsion, we searched for
additional cerebrospinal fluid pulsations in the human brain with ultra-fast magnetic resonance encephalography.
We detected three types of physiological mechanisms affecting cerebral cerebrospinal fluid pulsations: cardiac, respira-
tory, and very low frequency pulsations. The cardiac pulsations induce a negative magnetic resonance encephalography
signal change in peri-arterial regions that extends centrifugally and covers the brain in ~ | Hz cycles. The respiratory
~ 0.3 Hz pulsations are centripetal periodical pulses that occur dominantly in peri-venous areas. The third type of
pulsation was very low frequency (VLF 0.001-0.023 Hz) and low frequency (LF 0.023-0.73 Hz) waves that both propagate
with unique spatiotemporal patterns. Our findings using critically sampled magnetic resonance encephalography open a
new view into cerebral fluid dynamics. Since glymphatic system failure may precede protein accumulations in diseases
such as Alzheimer’s dementia, this methodological advance offers a novel approach to image brain fluid dynamics that
potentially can enable early detection and intervention in neurodegenerative diseases.
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Introduction

Recently, the lymphatic draining system of the brain
tissue, also called glymphatic system, was described as
convection of cerebrospinal fluid (CSF) between the
peri-arterial and peri-venous spaces."> The driving
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motor of the convective flow was in part related to the
cardiac-induced blood flow pulsations along the arteries.**
Arterial pulsations propulse water through aquaporin
channels and support solute transport from the peri-
arterial Virchow—Rubin spaces into the extracellular
brain tissue.'” Then, convective flow pulses migrate
through the brain tissue and flush fluid into peri-venous
space. The peri-venous spaces conduit waste products
from the brain into the lymphatic system. Outside the
brain parenchyma, a recent study has demonstrated the
existence of regular lymph vessels in meningeal mem-
branes that then conveys debris along effluxed CSF
from the glymphatic system.’

Iliff et al. have shown that the propulsive energy of
arterial pulsation in part drives the glymphatic CSF con-
vective system.* However, the cardiac pulsation provides
no more than 15-25% of the propulsive energy and
other pulsation mechanisms must contribute to the con-
vective CSF fluid dynamics.® Early functional magnetic
resonance imaging (fMRI) scans and other modalities
have shown that there may be several sources of pulsa-
tions in the brain.”'" The spectrum of susceptibility-
weighted blood oxygen level dependent (BOLD) signals
shows a 1/f frequency profile with most pulsatile power
in very low frequencies ( < 0.1 Hz) and distinct respira-
tory rate (0.2-0.3 Hz) and cardiac frequency (0.8-1.2 Hz)
peaks.” The brain also experiences a jerk from the
arteries during cardiovascular pulsations, which induces
movement in the brain.''

Previously, the different pulsations have been mostly
regarded as noise obscuring the targeted neurovascular
activation responses in the BOLD signal and great
efforts have been taken in order to minimize their
effects.'”>'> BOLD signal fluctuations <0.1 Hz have
been linked to functional connectivity of brain networks
and vasomotor waves.”®!"'” Much of the interactions
and mechanisms of these pulsations affecting the cere-
bral BOLD signal still remain unclear. One reason for
the uncertainty of BOLD signal pulsations is the fact
that whole-brain fMRI studies sample data slowly, i.e.
one brain volume in 2-3s. This results in aliased pulsa-
tions from faster frequencies to slower ones. Motion
occurring between subsequent magnetic resonance
(MR) image slices induces spin-history changes that
are difficult to correct.”® The combined effects of aliasing
with motion-related spin-history issues prevent the direct
visualization of the spatiotemporal characteristics of pul-
sations with whole-brain BOLD scans.

Recent ultra-fast 3D k-space undersampling techniques
like magnetic resonance encephalography (MREG) can
image the whole brain in 100ms. This enables a critical
removal of cardiorespiratory aliasing and inherently the
3D measurement helps to avoid spin-history artifacts
that otherwise occur in sequential 2D acquisitions due to
bulk head motion across 2D slices.”’** MREG with

synchronous electro- and cardiorespiratory monitoring
can thus image the temporal evolution of all physiological
pulsations with 3D whole-brain coverage.”> Animal
experiments even with dedicated scanners currently
cannot perform this due to the fast frequency of cardio-
respiratory pulsations compared to the image sampling
rate. Novel image analysis algorithms can further effect-
ively separate periodic pulsations of the brain in order to
characterize their spatiotemporal patterns over a wide
range of frequencies.'”!

In this study, a collaborative effort was undertaken to
comprehensively monitor the spatiotemporal effects of
physiological pulsations in brain tissue with novel multi-
modal ultra-fast MREG technology. This technology
removes aliasing and minimizes motion-induced spin-
history effects and offers increased statistical power for
analysis. We hypothesized that low-frequency vaso-
motor waves are not merely aliased cardiorespiratory
pulsations but rather form their own spatiotemporal pat-
tern. We show for the first time distinct patterns of car-
diac, respiratory, and vasomotor pulsation patterns and
follow how these propagate in the human brain. New
results and ideas with regards to physiological pulse
quantitation are presented and discussed with respect
to glymphatic mechanisms as a primary model for
CSF flow dynamics during resting state.

Methods

The ethical committee of the Ostrobothnia district
approved the study. Written informed consent of the
healthy subjects was obtained according to the declar-
ation of Helsinki. Nine healthy subjects were imaged (5
females, 25.67 £4.52 years).

Magnetic resonance imaging scanner

Subjects were scanned using a Siemens 3T SKYRA with
a 32-channel head coil. We utilize an MREG sequence
obtained from Freiburg University. Briefly, the sequence
excites a 192mm thick slab, thus covering the entire
brain, and uses a single-shot stack-of-spirals trajectory
to cover 3D k-space in an undersampled fashion in less
than 100ms and at a resolution of 3 x 3x3mm? (3D
matrix size 64 x 64x64).> Undersampling is then
resolved by expressing the data acquired by each single
coil element as a non-uniform Fourier transform of the
original image and inverting the resulting parallel ima-
ging problem using a conjugate gradient algorithm. This
resulted in the following scanning parameters: TR
100 ms, TE 36ms, flip angle 25°, and offers thus about
20-25 times faster scanning than conventional fMRI.
The subjects were scanned for 10min, i.e. 5822 3D
brain volumes were obtained after removal of initial
Tl-saturation effects. Also note that due to the high
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sampling rate, this amount of MREG data from nine
subjects yields as many data points as in 173 subjects
recorded with a classical TR =2s for the same 10 min
period in 3 mm voxels. 3D MPRAGE (TR 1900 ms, TE
2.49ms, TI 900ms, flip angle 9°, FOV 240, 0.9 mm)
cubic voxel images were used to register the MREG
data onto 4mm Montreal Neurologic Institute space
(MNI). The magnetic resonance imaging (MRI) scanner
t-pulses and optic pulse were used as to synchronize all
scanned signals. Respiratory data were acquired using
the scanner’s pneumatic respiratory monitoring belt to
discriminate the frequency bands related to respiration.
Other physiological data were obtained using a MRI-
compatible synchronous multimodal neuroimaging
system fitted to the 3T Skyra imaging room.>

Cardiovascular and respiratory signal
processing

The cardiac cycle information was detected from the
brain products MRI-compatible electrocardiographic

(ECG) lead signal to identify the heart beat rhythm.*’
MREG imaging-induced gradient and ballistocardio-
graphic artefacts were removed using Brain Analyser
software. This was followed by removal of linear and
quadratic trends. Cardiac R-peaks from the filtered
ECG data were used as subsequent triggers since they
proved most robustly detectable after band-pass filter-
ing from the ECG signal obtained during scanning.
The subject-specific ECG data were used to get cardiac
frequency bands (Cardy..q ~ 0.8-1.2 Hz) for subsequent
band-pass filtering of each subject’s MREG data, see
also Figure 2. The filtered ECG signal was then
analyzed with the Matlab findpeaks-algorithm to
obtain the timing of individual cardiac R-peaks for
initiating pulsation analysis of the band-pass filtered
MREG data.

Subject-specific respiratory signal data recorded by
the scanner’s pneumatic respiratory monitoring belt
were also corrected for linear and quadratic trends.
Individual window length (WL) was also calculated
for each subject according to his or her respiratory

Preprocessed MREG data
]

Chosing a initial spatiotemporal
template with given window length

WL=WL+1, ISP is a random peak

(WL) and initial starting point (ISP)
L]

Calculating sliding correlation (r)
between preprocessed MREG data |«
and template

v
Seeking the local maxima of r lager
than threshold (t), when the initial
Iterations (i), t=0.001, for the
subsequent iterations (i), t=0.002

v
Updating template by averaging
all segments of MREG data which
begin at each local maxima with
length equal to WL

v

Calculating the correlation
coefficient (cc) of r between two
successive iterations (i)

v

No

for cardiac and respiratory QPP or
random point for LF and VLF QPP

Yes

'|> 20 && cc=cc_I;;t__-:_','_'_'f::::-

R

No

—— cc>0.0000 ——

s

!

Geting the individual QPP with the original WL through cutting the first part of template

Figure 1. lllustration of the iterative QPP algorithm procedure in the detection of both periodic and quasi-periodic physiological

brain pulsations.
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rate (Respgeq & 0.15-0.35Hz), c.f. Figure 2. Finally,
the averaged respiration periods were used as WL,
and initial respiratory peak points identified from
MNI coordinates (0, —36.14) in MREG data were con-
sidered as the initial starting point (ISP) for periodic
pulse averaging in the quasi-periodic pulsation (QPP)
algorithm. Individual averaged MREG images at each
phase of the cardiac and respiratory cycles were nor-
malized to subject # 9’s respective data and presented as
averaged maps of cardiac (Card,,,) and respiratory
(Respmap) pulsations. As a validation, the ICA compo-
nents of arterial and CSF pulsations, MRI-compatible
Aestiva/5 MRI, Datex Ohmeda anesthesia monitor
data, and MCFLIRT head motion parameters were
used to verify correct cardiac and respiratory rhythms
in MREG data from the multimodal data.

Low-frequency signal processing

The very low frequency (VLF; 0.01-0.027 Hz) and low-
frequency (LF; 0.027-0.073 Hz) time vectors were iden-
tified from the MREG data resting state ventromedial
prefrontal part of the default mode network
(DMNympp) IC component. The DMN,,,r was detected
from the MREG data with FSL 5.0 Melodic using
group PICA as previously described.”® We separated
100 IC’s and used dual regression to derive the
DMNypr signal from the MREG data for minimizing
autocorrelation effects. VLF and LF ranges were chosen
since they have differential effects on the blood flow
physiology of the brain.?*?® Based on the minimum
frequencies of 0.027Hz and 0.01 Hz, WL of 37s for
LF and 100s for VLF were chosen, respectively. Low-
frequency blood pressure wave analysis was based on
non-invasive blood pressure (NIBP) data collected in
synchrony with MREG.?

MREG data pre-processing

The MREG data were anatomically registered onto
individual T1-weighted structural images with the func-
tional data registration tool FLIRT available from the
Oxford University fMRIB Software Library (FSL:
www.fmrib.ox.ac.uk/fsl). Most of the MREG data
pre-processing steps for periodical pulsation data were
performed using AFNI-software.””?® After removing
the first 100 volumes, the first 3000 volumes (5 min)
of MREG data were utilized in this study in order to
reduce the amount of calculation. Motion correction
was performed with FSL MCFLIRT-software, fol-
lowed by spatial smoothing with a 6 mm Gaussian
kernel (3dBlurlnMask). The 3-4% signal slow drift
due to scanning-induced warming effects present in all
scanners was removed by regression of linear and quad-
ratic temporal trends performed on all the datasets.?

Then, based on subject-specific Cardgeq, Respyreq, and
general LF and VLF bands, temporal band-pass filters
(3dbandpass) were applied in order to get four individ-
ual MREG datasets for each subject that contained
only the targeted physiological pulsation frequencies.
The filtered data were analyzed for periodic pulsations
separately with the averaging algorithm described
below. The percent signal change ((Smin—Smax )/Smean)
of each pulse was calculated from each ROI individu-
ally and averaged on a group level.

Detection of periodic and
QPP maps - The QPP .,

Periodic cardiac (Cardp,p) and respiratory (Respmap),
as well as QPP spatial pattern maps in the LF (LF )
and VLF (VLF,p) bands of the brain were detected
using a similar QPP algorithm as Shella Keilholz’s
group previously.'” " The QPP algorithm uses a
data-driven and correlation-based approach to find
high SNR (quasi-) periodic, repeating spatiotemporal
patterns (like cardiac impulse, respiratory rhythms
and LF/VLF fluctuations) from the band-passed
MREG brain data, c.f. Figure 2.

The algorithm iteratively seeks QPPy,,p,s, which have
the maximum spatial correlation with a prior of the
periodic event in the data. In our study, the QPP algo-
rithm was given a predefined WL that was identified
from the measured physiological data as described
above. The QPP algorithm parameters are as follows:
correlation coefficient (cc) >0.9999, the threshold of
correlation for the initial three steps is 0.001, followed
by 0.002 for the subsequent steps. However, there were
some modification within iteration: if cc cannot get a
value larger than 0.9999 (cc_last =cc, or 20 times’ iter-
ation), WL will perform a self-add operation, and then
restart a iteration with new WL until cc > 0.9999, then
we cut these QPP’s results with original WL as the tar-
geted QPP. The QPP algorithm is presented in Figure 2.

Physiological triggers

In contrast to previous studies,'” our initial cardiac
cycle QPP prior started from a synchronized R-peak
based on the ECG physiological measurements, which
was synchronized with the MREG scan. This way we
were able to synchronize our averaged cardiac MREG
maps (Cardp,,p) to each individual’s systolic phase in
the cardiac cycle. From thereon, the QPP algorithm
finds successive heart impulses and averages them
together as a map. For Respy,, period detection, we
selected a voxel with clear respiratory pulsation in
MREG signal peak in the corpus callosum (2mm
MNI coordinates 0, —36.14) near ventricles. The
MREG signal peak from corpus callosum was verified
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Figure 2. lllustrates two blue MREG Fast Fourier Transform (FFT) power spectra of a ventromedial DMN,my¢ MREG time signal
after PICA-dual regression. The upper presents power till 5 Hz (cut-off 3.2-4.8 Hz) and below between 0-0.2 Hz. Respiratory fre-
quency clusters around 0.37 Hz and cardiac frequency peaks at 1.08 Hz in MREG data, which are identical to pneumatic respiratory
monitoring belt and FFT power spectra of ECG data shown in black. The cardiorespiratory pulsations have harmonic peaks at higher
frequencies both in MREG and physiological verification data. VLF (0.01-0.027 Hz) and LF (0.027-0.73 Hz) bands present highest
power peaks in the spectrum. NIBP data are shown to illustrate VLF/LF spectral power of the mean arterial blood pressure waves. The
filtered MREG time domain signals are presented (blue), cardiorespiratory signals with 10 x shorter window than the VLF/LF signals.
Individual QPP are presented next to corresponding physiological signals.
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to be time locked to expiratory trough using a scanner
pneumatic respiratory monitoring belt signal synchro-
nized with the MREG sequence. For the LF and VLF
waves, we detected periodic LF and VLF activity from
the first peak from ICA time series of DMNyp,,r. We
then used the QPP algorithm to automatically find high
SNR events that spatiotemporally correlated in order
to produce the respective LF,,, and VLF,,,, images.

Averaging and phase locking
of pulsation maps

The resulting averaged pulsation maps from the QPP
analysis were then normalized into MNI coordinate
space by using the FSL FLIRT transformation matrix
that was obtained from initial anatomical registering. A
whole-brain  mask (MNI152 _T1 2mm_brain_mask)
was then used to exclude the signal outside of the brain.

The WL time courses of averaged pulsation maps in
the brain were temporally normalized to the averaged
WL amongst nine subjects with spline interpolation on
a voxel-by-voxel basis. Then, z-scores were calculated
on the series. Moreover, to match the data in phase, the
QPP’s Z maps of subjects one to eight were circularly
phase shifted to match subject # 9’s data (Matlab’s
code: circshift), finding the time lag with maximum
Pearson correlation coefficient r with subject # 9.
Finally, we obtain group QPPs that were contributed
by cardiac pulsations, respiratory pulsations, and spon-
taneous VLF/LF fluctuations among all nine subjects
by averaging individual shifted Z-score maps.

Results

MREG signal dynamics were studied in relation to
physiological triggering, i.e. heart, respiration, and
VLF fluctuations using the QPP maps described above.

Cardiovascular pulse effect
in brain - Card,,,,,

On average, the cardiac pulse induces a 5.5 (std 1.3) %
signal change in the brain, c.f. Figure 3. The spatial
distribution of the signal change is not uniform and
the highest signal changes occur in the vicinity of the
major blood vessels and near the ventricles reaching up
to 13% signal change. The signal change in cortex
drops to 1.4-4%.

In general, ultra-fast BOLD scans like MREG have
mean and maximal signal amplitudes on motor tasks
shown to be 1.2-3 times higher in MREG than gradi-
ent-echo EPI. On our calibration motor task, the
MREG signal increase was 3% and for visual task
the signal increase was 4% on average (data not
shown).***! Our calibration MREG measures indicate

a maximum averaged 2.4% signal change during 30s
breathold task (data not shown). The cardiac cycle
effects were validated from MREG data arterial ICA
time courses and individual ROIs. Both ECG data and
scanner SpO; fingertip monitor (SpO, data not shown)
present identical cardiac frequencies matching with the
MREG data, c.f. Figure 1.

The R-peak locked Card,,,, MREG signal change
over the whole cardiac cycle is presented in Figure 3.

Similar to Posse et al.,*” we also detected a negative
cardiovascular pulse effect some 200-300 ms after the
systolic R-wave in the vicinity of major cerebral arterial
branches, c.f. Figure 4. The Card,,,, presents an oppos-
ite positive MREG signal in the brain cortex compared
to the arteries during the arrival of the cardiovascular
impulse. The opposite MREG signal changes between
the peri-arterial areas and brain parenchyma prevail
throughout the cardiac cycle in the Cardp,ps.

After the arrival of the cardiovascular impulse
the MREG signal decrease extends into ventricles
and areas around fourth ventricle in the brain stem
and cerebellum. Then, the signal change propagates
centrifugally from the third and lateral ventricles into
the adjacent basal ganglia, caudate, thalamic nuclei,
and cerebellum at around 7-800 ms. Then, the cardio-
vascular impulse effect continues at 900 ms, spreads
from periventricular structures like the cingulate
cortex towards the brain cortex and reaches its max-
imum spread around 1000 ms following systole. The
cardiovascular MREG signal impulse extends from
dorsal regions towards the frontal parts of the brain.
After reaching the cortical edge, the cardiac cycle-
related MREG signal change reduces in power while
spreading over the entire brain cortex.

A positive counterbalancing MREG signal change
follows the route of the initiating signal decrease in a
cyclic manner every heartbeat. The counterbalancing
positive change spreads from the arterial regions begin-
ning around 8-900ms and becomes the dominant
signal change over the whole cortex some 1500ms
following the previous heart beat. During this time,
the heart has already undergone a new systole and
starts the cycle again. The time domain MREG signals
changes representing cardiac pulses in various parts of
the brain are presented in Figures 4 and 5. (see also
Supplemetary S1 for dynamic 3D video of the cardiac
impulse)

Respiratory pulsation effect on Respy,p

The respiratory cycle induces on average a signal change
of 5.9 (std 1.2) % in the MREG data. The most marked
pulsation occurs in the brain stem with a 14.4 (std 2.7)%
change on average, c.f. Figure 3. The respiratory-related
signal in the ventricles is also between 7-9% and ranges
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Figure 3. Group averaged time domain z-score signal change in the selected ROI's in 2mm MNI space (coordinates in brackets)
with in-plane Tl-weighted image showing each ROI. Percent MREG signal change (= std) of the average regional pulse wave amp-
litude is shown in black. The cardiac impulse (top left) locked with the cardiac systole induces a markedly symmetric pulse
between hemispheres and in the anterior—posterior direction but alters in phase in periarterial areas and in basal CSF areas

near the circle of Willis. The respiratory (top right) pattern of the brain averaged into a 3.7 s cycle shows the slower effect to

be more pronounced in cortical areas than in the white matter. The highest amplitudes were detected in pons and CSF areas. Quasi-
periodic LF (37s) and VLF (100s time window) waves show the lack of temporal periodicity in basal areas and CSF areas but

have more repeating pulsations in the cortex. Also note that all data are averaged and phase corrected to match subj # 9’s

QPP,,,, data.

between 3-6% in the brain cortex. The respiratory cycle
MREG signal change map was triggered from a ROI in
the corpus callosum (MNI 2 mm coordinates 0, —36, 14)
since this area showed stable respiratory pulsations in
individual respiratory frequencies around 0.25-0.4 Hz.
There are also harmonic spectral power peaks in
MREG data, e.g. the 1st harmonic frequency around
0.5-0.8 Hz, c.f. Figure 1. Synchronous scanner pneu-
matic respiratory monitoring belt data, as well as
Aestiva/S MRI monitor data (not shown) both validate
the observed respiratory frequencies, c.f. Figure 1. Also
note that the averaged respiratory effects are matched

to the subject # 9’s relatively fast respiratory cycle of
3.7s.

The respiratory cycle effects start to propagate
centripetally at the beginning of the inspiration in per-
ipheral brain regions as a positive MREG signal
and alter into a negative one at the latter half of the
cycle during exhalation. Similar to the cardiovascular
impulse effect, the respiratory signal change also pro-
pages from the back of the brain towards the front. The
sagittal views in Figures 4 and 5 depict how the changes
dominate around both below the sagital sinus in the
frontal brain and above the sinus rectus in the occipital
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Cardiac cycle

LF waves
0.027-0.073 Hz

VLF waves
0.01 -0.027 Hz

Figure 4. 3D time lapsed group averaged and phase-matched QPP of physiological pulsations of the human brain. The cardiac
impulse triggered by systole (ECG R-peak) shows a negative impulse starting from arteries and extending via ventricles into brain
parenchyma. Next to cardiac is the respiratory cycle presenting a positive MREG signal change during inspiration. The LF and VLF
waves are shown in 37 s and 100 periods matching DMN, ¢ signal sources, respectively. The color encoding represents normalized z-
score from 0.05 to | yellow (negative in blue) in FSL MNI 152 2 mm space (x, y, z coordinates 0, 36, —14). For a better view of the
dynamical nature of the pulsations, c.f. supplementary material S| for 3D Nl-video.

areas over the cerebellar tentorium, different from the
cardiac cycle effect. Supplementary 3D video S1 pre-
sents the respiratory pulsations in a dynamical way.
The effects of respiration on the MREG data
exhibit a cycle of positive changes followed by counter-
balancing negative signal changes along the same
spatial propagation direction. Spatially, the respiratory
effect is clearly distinct from the cardiac cycle effect, c.f.
Figures 3 and 4. The spatial effects of the respiratory
cycle on MREG signal are more diffuse and global in
the brain cortex than cardiovascular effects. The
respiratory signal amplitudes are bigger in cortex of
the brain than cardiovascular effects. Also the

cardiovascular changes have more of an impulse effect
in nature with faster dynamics stemming from the
arterial areas. The respiratory effect does not have the
arterial changes preceding the cortical changes and
moreover the arterial areas do not differentiate at all
in Respmaps-

During exhalation, the MREG signal is positive in
white matter and ventricles in a quite symmetrical fash-
ion between hemispheres. The MREG signal change in
white matter is inverted compared to most of the
cortex. Also the cerebellar hemispheres have an oppos-
ing MREG signal change compared to the cerebral
cortex. However, areas adjacent to cerebellar vermis
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M 500-600 ms

fr

700-1000 ms

Cardiac impulse propagation

Figure 5. Anatomical MNI image with arrows pointing to the propagation direction of the first pulse effect, blue indicates negative
and red-orange positive MREG-signal change. The cardiac impulse on top has timed negative post-systolic changes, which are cyclically
followed by positive counter pulse effect in the same direction. The inspiration effects introduce a positive centripetal pulsation

marked with double headed arrows. The LF waves induce wider and more uniform patterns extending to white matter. At the bottom,
the VLF waves have both uniform, widespread pulses that intermittently mix with resting-state network patterns. Moreover, the VLF
waves move in opposing directions compared to other pulses, c.f. initial blue wave going towards occipital areas followed by positive

yellow direction towards the front.

and both thalami are in the same phase as the cere-
bral cortex. The respiratory signal change in the cere-
bellum seems to rotate in the sagittal plane in a
clockwise manner, similar to cerebral sagittal changes
as it advances towards the front. Both cerebral and
cerebellar hemispheres present a draining type of
signal change towards the sagittal sinus in posterior
regions.

Vasomotor wave effects LF,,,,
(0.027-0.073 Hz) and VLF,,,,
(0.01-0.027 Hz)

The LF and VLF waves were individually triggered from
random peaks but they were then phase corrected to match
the waves originating from the first MREG signal peak
from the anterior DMN,,,,¢ in subject # 9, c.f. Figure 1.
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The averaged MREG percent signal change in the LF,,,
was 3.5 (std 0.7)% and VLF .5, 2.4 (0.5)%, which is lower
than the amplitude % change of the cardiorespiratory pul-
sations, c.f. Figure 3. The most marked changes in these
frequencies can be depicted in the brain stem and ventricu-
lar areas, where the maximal average signal change is 7%
in LF,,,, and 5% in VLF,,,,, In the cortex, the LF,,, and
the VLF,,,, signal change amplitude ranges from 1.7-4 %
to 1-3%, respectively. The mean blood pressure fluctu-
ations detected by MRI-compatible NIBP measurement
data present specific spectral power peaks within both
the LF and VLF ranges, similar to MREG spectral
power changes c.f. Figure 2. In this study, we only analyzed
the LF and VLF waves over a range of frequencies, but
more specific analyses of the peak frequencies may bring
more interesting results in the future.

The LF waves are spatially more widespread and tem-
porally more complex than the more periodical cardio-
respiratory pulsations, see also Figures 3 to 5 (dynamics
of the LF waves in supplemetary material S1). The LF
MREG signal changes dominantly start from the par-
ieto-occipital areas extending towards the frontal areas.
Thereafter, the LF waves induce a positive MREG
signal change covering symmetrically both hemispheres.
Notably, the LF waves propagate more into the white
matter than the cardiac and respiratory effects. The LF
wave covers uniformly almost the whole brain.

The VLF pulsations are most complex in spatiotem-
poral dynamics. Initially, the VLF waves averaged to
subject # 9’s data are characterized by a very slow nega-
tive midline wave moving from frontal areas towards
the back midline in the first 20-30s. In contrast to all
other physiological pulsations, the VLF wave then
shows a reversed positive change going back from the
occipital regions towards the front beneath the initial
negative wave. All other pulsations have a cyclic behav-
ior, where one change follows the other towards the
same rotational direction after the previous change.
The VLF waves also present intermittent resting state
network configurations like salience, executive and
default mode, and task positive networks mixed with
global waves washing over the entire cortex.

Discussion

Our analysis based on ultra-fast MREG imaging shows
that the human brain exhibits several distinct types of
physiological pulsations. The cardiovascular pulsation
induces a negative MREG signal centrifugal impulse fol-
lowed by a positive change along the same route towards
the cortex. Secondly, respiration-induced signal changes
dominate in the cortex of the brain along the peri-venous
collection system cycling centripetally towards the center
of the brain. The third kind of pulsation of the brain are
the VLF and LF waves that exhibit spatiotemporally

differential patterns; the LF waves have homogenous
widespread repeating patterns, while the VLF waves
are more quasi-periodic with complex RSN patterns
repeatedly mixed with widespread waves. Of note, our
analysis confirms and extends the previous fMRI obser-
vation of LF (quasi-periodic) pulsations slowly moving
in the brain. The VLF/LF waves are indeed real inde-
pendent phenomena and not aliased cardiorespiratory
pulsations of fast cardiac activity that theoretically
might have been aliased in previous studies.!” '

The physiological pulsations shown in this paper are
in agreement with glymphatic dynamics of CSF in the
brain. The glymphatic draining system may be dysfunc-
tional in clearing out protein debris in neurodegenera-
tive diseases. A clinical platform capable of evaluating
glymphatic pulsation mechanisms such as ultra-fast
MREG in this study might open new possibilities in
understanding the pathophysiological mechanisms
behind glymphatic decline and protein accumulations
in aging.*

Cardiovascular brain impulse propels
CSF centrifugally

The cardiovascular pulse induces a negative centrifugal
MREG signal impulse in the brain. Posse et al.’*:*3
also detected a negative signal in an arterial ICA com-
ponent with another ultra-fast MRI VEPI sequence.
The negative change is strong in CSF and thus
cannot be solely a classical BOLD susceptibility
change. Moreover, in-flow effects would rather result
in positive in signal changes®® and would in any case
not be expected given the 3D MREG excitation. The
negative signal changes are more likely due to a disrup-
tion of steady-state precession caused by CSF impulses,
which lead to incomplete T2 relaxation.>*3

Pulsation-related de/accelerations of CSF are likely
to contribute to the MREG signal, since the CSF con-
vection within the glymphatic system exceeds normal
water diffusion rates.! Near peri-arterial CSF areas,
the MREG signal changes are large exceeding 10%,
while in the cortical areas the amplitude of the cardio-
vascular impulse effect reduces to a level more typical of
classical BOLD signal, i.e. to 2-5%. This implies a
reduction in the CSF impulse effect in the tissue
towards the periphery. This may be due to absorption
of impulse effect by the glymphatic system in the brain
tissue. Moreover, the oxygenation-related susceptibility
changes might start to dominate in the MREG signal in
the cortex. Also note the 3D videos that best illustrates
the impulse type fast MREG change in the brain, c.f.
supplementary S1.

Concomitant near-infrared spectroscopy (NIRS)
measurements from the frontal brain cortices confirm
an oxygenation impulse in the brain®® and
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differentiation of deoxy and oxyhemoglobin effects
from CSF pulsations effects can be made in the
future. The cardiac effects on grey matter BOLD
signal have been monitored in the past mostly via ana-
lyzing the slow changes in the heart rate envelope with
respect to classical 2s TR BOLD signal.” **!*3¢37 Qur
findings from ultra-fast MREG signal provide a new
platform for the use of critically sampled ultra-fast
MRI signal, to directly study fast cardiovascular pulsa-
tion dynamics in the human brain tissue beat by beat.?

Respiration induces a centripetal coun-
terpulsating MREG signal change

The venous flow of the brain is governed by two mech-
anisms; arterial perfusion modulations and by counter-
pulsation effects formed by the respiratory pressure
changes within the thoracic cavity.”® The respiratory
rhythm-related MREG signal pulses are several times
slower and lack the inverted arterial initialization that
the cardiovascular impulse has. In fact, the respiratory
pulsation initiates from peri-venous drainage areas in
the cortical regions and propagates in a centripetal dir-
ection towards the brain center, which is opposite to the
cardiovascular impulse effect. As only 15-20% of the
propulsive energy of the glymphatic system originates
from the cardiovascular pulsation, our results indicate
that a counter-pulsation mechanism may occur during
the respiratory cycle.”® The respiratory pulsation acts as
a low-pressure counter pulsating system that propels
fluid and may act against debris accumulations in the
peri-venous areas. In essence, glymphatic fluid efflux
will drive accumulation of waste products into the
peri-venous areas and subsequently out of the brain.

Inspiration increases and exhalation reduces venous
outflow from the brain in the low-pressure venous
drainage system.*® Inspirium reduces blood volume in
veins, increases peri-venous space, and opens room for
glymphatic CSF outflow from the interstitial tissue.
Inspiration also reduces venous deoxyhemoglobin
levels due to out-flow, which in part may explain the
related MREG signal increases. Exhalation reverses
these effects; intra-thoracic pressure increases, veins dis-
tend increasingly, and peri-venous space closes leading
to diminished glymphatic system drainage of CSF into
peri-venous space. Furthermore, deoxygenated blood
accumulates and by a combined effect of the previous
events, the respiratory exhalation is correlated with a
reduction in MREG signal.

The whole-brain BOLD signal effects of the respira-
tory cycle have not been previously addressed breath to
breath due to technical limitations. However, it is widely
accepted that slow changes in respiration volume and
COs-levels have a strong effect on the BOLD signal espe-
cially in areas most metabolically active in resting

conditions, i.e. within the DMN.'**% Furthermore,
in line with our results, another recent ultra-fast, high-
resolution MRI imaging also suggests that respiration
indeed forms a major source of CSF flow.*!

VLF/LF waves form complex
and dynamic spatiotemporal effects

The original theories on the physiological background
of the spontaneous BOLD signal fluctuations in low
frequencies resting state suggest a strong link with vaso-
motor waves.”®1%* However, currently the widest
agreement for the source of LF BOLD fluctuations in
functionally connected brain regions (or networks) is
electrophysiological activity coupled with neurovascu-
lar activity.!?2343 4

The previously detected quasi-periodic pulsations
seem to be reminiscent of VLF/LF vasomotor waves
that in theory could influence glymphatic convection
of CSF. As the arterial wall pressure clearly affects
the convection of CSF into the brain,*® slow waves in
vasomotor tone, i.e. in the contractibility of the vessel wall
smooth muscle cells, affects the glymphatics CSF pulsa-
tion as well. These baseline slow waves can be also
detected as slow drifts in the cortical artery’s diameter.**?

Vasomotor waves are known to have two different
frequency ranges with an exchange power peak around
0.03 Hz.>**>*7 The slower vasomotor activity < 0.03 Hz
is related to both parasympathetic and sympathetic
activity, while the faster component is quite exclusively
related to parasympathetic activity of the autonomous
nervous control of the brain circulation.*” The LF
seems to induce global uniform changes throughout
the brain also incorporating white matter more than
cardiorespiratory pulsations. The VLF waves have
both widespread global changes mixed with alternating
resting state network patterns and unique waves travel-
ling in opposing directions. The temporal fluctuations
of the LF and VLF waves are smoother in the brain
cortex and more complex in the basal CSF areas.

However, as the neuronal activity itself is tightly
coupled to vascular events, the sources of the BOLD
signal power < 0.3 Hz can also be electrophysiological
in origin. Interestingly, simultaneous MREG and DC-
EEG measurements of the same subject indicated that
the DC-EEG potential is fluctuating markedly in VLF
range.'>2*#44 The DC-EEG potential has a strong
contribution from non-neuronal potential over the
blood-brain barrier (BBB).!”2*#4849°51 1t js unlikely
that the permeability of the BBB oscillates in a healthy
brain at even low frequencies, as its function is to provide
a stable barrier between the brain cells and blood. We
propose that fluctuation in the glymphatic fluid fluxes in
the perivascular space surrounding the BBB could con-
tribute to the slow DC-EEG potential oscillations.
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Vasomotor waves alter arterial diameter and perivascular
space volume, which in term modulate perivascular space
electrical conductance between interstitium and perivas-
cular space. This hypothesis is supported by studies in
animals showing a close link between very low-frequency
electrical activity and the quasi-periodic BOLD pat-
terns.'”>? Additional in-depth multimodal analysis on
VLF brain fluctuations is clearly needed to establish
their origin and potential functions in humans.

Conclusion

Based on novel ultra-fast MREG brain scans, we present
evidence suggesting that three distinct pulsation mechan-
isms of the human glymphatic system co-exist. The fastest
mechanism is the cardiovascular pulsation that originates
from basal peri-arterial spaces around the circle of Willis
and extends centrifugally out towards the brain cortex. The
second mechanism is the respiration that dominates peri-
venous spaces near the cortex in a centripetal fashion.
Thirdly, the slow vasomotor wave fluctuations both in
VLF and LF frequencies have distinct spatiotemporal pat-
terns. We document that these three types of pulsations can
be separated using ultra-fast MRI techniques. The capabil-
ity to image glymphatic pulsation mechanisms may pro-
vide early information in neurodegenerative disease
mechanisms.
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