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ABSTRACT

While magneto- and electroencephalography studies typically focus on signals above 1 Hz,
processes with frequencies below 0.2 Hz remain largely unexplored. Here, we systematically
characterized Monochromatic Ultra-Slow Oscillations (MUSO)—a narrow-band activity
centered at approximately 0.1 Hz—in a large cohort (n=175). Using two reference schemes
and a modified relative periodic power (rPP) metric, we accurately quantified its periodicity.
MUSO was invariant to eyes-open versus eyes-closed conditions but displayed significant
demographic differences: female participants presented elevated rPP compared with males,
and older adults (55—75 years) presented marked rPP reductions relative to younger cohorts
(20-35 years), predominantly in the parietal and occipital regions. Cross-frequency coupling
further distinguished MUSO from conventional infraslow fluctuations (ISFs), despite overall
sparse phase—amplitude coupling with standard neuronal rhythms (1—45 Hz). Collectively, our
results establish the MUSO as a distinct electrophysiological phenomenon separate from
aperiodic background activity. Because its properties are inconsistent with those of global
respiratory or systemic blood pressure artifacts, we propose the MUSO as a noninvasive
electrical readout of localized cerebral vasomotion. These results provide a framework for
tracking neurovascular coupling and suggest that MUSO dynamics could serve as a functional
biomarker of age-related cerebrovascular remodeling.

Keywords: MUSO, cross-frequency coupling, EEG, vasomotion, neuronal oscillations.
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1. INTRODUCTION

Infraslow EEG activity: conceptual advances and technical challenges

Neural dynamics operate on many timescales, reflecting distinct mechanisms, and previous
research has focused primarily on neuronal signals above 0.2 Hz. However, a number of
studies using electroencephalography (EEG) have revealed that brain activity occurs at longer
timescales and is characterized by frequencies below 0.2 Hz [1—4]. Diverse terminology has
been used for electrophysiological activity below 0.2 Hz, such as “infraslow fluctuations” (ISF)
for the range of <0.1 Hz [5] or 0.01-0.1 Hz [6] and the term “infraslow oscillations” (ISO) for
frequencies in the range of 0.02—-0.2 Hz [7], <0.1 Hz [8], <0.02 Hz [9], or 0.05-0.099 Hz [10]
and “very low frequency oscillations” (VLFO) for the range of <0.2 Hz [11]. Despite growing
interest in these slow oscillations [6,12—14], their analysis remains challenging because of the
need for longer recording durations and their sensitivity to artifacts such as head movement,
eye blinking, and electrode—skin impedance issues [4]. These challenges in methodology and
signal processing make it difficult to study signals below 0.2 Hz, thereby hindering our
understanding of the physiological basis of these oscillations.

Contrasting Scale-Free and Periodic Dynamics in Infraslow EEG Signals

EEG signals have been reported in two primary types of activities, aperiodic and periodic,
each with distinct functional implications and underlying mechanisms [15,16]. On the one
hand, irregular, arrhythmic brain activity often follows scale-free dynamics, meaning that it
lacks a characteristic timescale and a peak in the frequency domain. Such activity is usually
quantified by fitting a power-law function to the power spectrum of the data [17-21]. On the
other hand, for periodic activity of EEG signals below 0.2 Hz, reports and estimates have been
inconsistent. In theory, periodic activity is expected to show a salient peak at power spectra
for considerable time intervals. Periodic, nearly sinusoidal infraslow oscillations were first
observed by Aladjalova et al. [22] in rabbits via invasive cortical recordings. These activities
were found both in frontal and occipital areas and were characterized by a periodic pattern
(e.g., rhythmic oscillations) with 1-2 cycles/min and 7-9 cycles/min corresponding to 0.016—
0.032 Hz and 0.11-0.15 Hz, respectively. Similar ~0.1 Hz rhythms have been anecdotally
described in human electrophysiology [23—25], but these observations were largely based on
visual inspection rather than systematic spectral analysis, whereas others emphasize the
absence of prominent peaks in EEG spectra below 0.5 Hz [5,17,26]. Nikulin et al. [27] used
multimodal measurements, including EEG, functional near infrared spectroscopy (fNIRS),
continuous arterial blood pressure, respiration, and skin laser Doppler recordings, to
comprehensively describe EEG oscillations with a pronounced peak in the range of 0.07-0.14
Hz. Because they occur in a very narrow frequency range, these oscillations were termed
“‘Monochromatic Ultra-Slow Oscillations” (MUSO). The MUSO term emphasizes their
pronounced, narrow spectral peak, which translates to near-perfect sinusoidal signals in the
time domain and separates them from the relatively broadband fluctuations typical for signals
with a 1/f spectrum. Nikulin et al. [27] characterized these oscillations and linked them to
diverse hemodynamic signals, fNIRS and arterial blood pressure signals and concluded that
MUSO most likely reflects an electrical counterpart of cerebral vasomotion.

Regardless of the debate in terms of the periodicity, rhythmicity or terminology of slow EEG
oscillations (for reviews, see [2—4]), EEG signals of approximately <0.2 Hz have been
associated with the amplitude of faster neuronal activities in sleeping adult participants [7,28],
in task-performing participants [5], and in patients in postanoxic coma [29]. These results
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relate infraslow EEG signals to cortical excitability, which in turn influences diverse neuronal
processes in the healthy and pathological brain, including sleep (or consciousness),
perception, cognition, and motor control [2]. In addition, infraslow EEG signals have been
shown to be correlated with resting-state network dynamics (BOLD fMRI), suggesting a role
in synchronizing network activity across distributed areas of the neocortex [6,30].

Unresolved origins of MUSO and relation to aging

Despite accumulating evidence for rhythmic infraslow oscillations, fundamental questions
remain regarding their origin, reproducibility, and physiological significance. A key challenge
is distinguishing MUSO from arrhythmic infraslow fluctuations below 0.2 Hz, which reflect the
broadband 1/f activity [5,31]. The source of MUSO observed in noninvasive recordings
remains unresolved — they could arise from neuronal dynamics, extraneuronal processes
such as vasomotion, or even extracranial sources (e.g., skin vasomotion). Importantly,
cerebral vasomotion exhibits rhythmicity within the same frequency range and produces near-
sinusoidal oscillations remarkably similar to those of MUSO [32,33]. Because vasomotion
influences microvascular tone and blood flow, it may also modulate blood—brain barrier (BBB)
dynamics, which in turn can affect slow electrical potentials. Through this pathway, vascular
rhythmicity could contribute to slow potential shifts such as MUSO detectable at the scalp [34—
36], offering a plausible vascular-based framework for their generation. Furthermore, the
substantial overlap between the frequency ranges of ISF and MUSO highlights the need for a
mechanistic distinction between these signals. Studying healthy aging provides a unique
opportunity to test hypotheses about the origin of MUSO, as age-related changes in vascular
compliance, endothelial function, and BBB integrity [37—39] could amplify nonneuronal
contributions relative to those of neuronal. Notably, while previous research on age-related
neurophysiological changes has focused on faster neuronal oscillations above 1 Hz [40-45],
the potential impact of aging on below 0.2 Hz electrophysiological signals remains largely
unexplored.

In this study, we address these open questions by (1) identifying and validating MUSO in a
large cohort via the open-access “Leipzig Study for Mind—Body—Emotion Interactions”
(LEMON) [46] and characterizing their dependence on age, sex, and conditions (i.e., eyes-
open/closed state) and (2) investigating the relationship between the MUSO and faster
neuronal oscillations to assess its potential coupling with neuronal processes.

2. MATERIALS AND METHODS

2.1 Participants

We selected 175 participants across two age cohorts—younger (20-35 years) and older (55—
75 years)—from an open resting-state EEG dataset collected at the Max Planck Institute for
Human Cognitive and Brain Sciences [46]. While all individuals underwent rigorous medical
and psychological screening before the study, we excluded 40 participants from the original
dataset: 19 due to missing or inconsistent data (e.g., mismatched headers, varying sampling
rates, or missing event info) and 21 due to poor signal quality (e.g., severe artifact bursts or
extreme peak-to-peak deflections). The final sample comprised 113 younger adults (25.1£3.3
years, 38 females) and 62 older adults (67.5+4.83, 31 females). This research adhered to the
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Declaration of Helsinki and was approved by the University of Leipzig ethics committee
(reference number 154/13-ff).

2.2 Procedure

The recordings consisted of 16 minutes of resting-state EEG data, which were divided into 16
alternating 1-minute blocks of eyes-closed (EC) and eyes-open (EQO) conditions (8 blocks
each), beginning with an EC block. An acoustic cue before each block indicated the required
state. The participants were instructed to stay awake and remain still throughout the recording;
during the eyes-open blocks, they were further directed to fixate on a low-contrast cross.

2.3 EEG setup

EEGs were recorded via a Brain Products active cap system (ActiCAP, Brain Products GmbH,
Germany) equipped with 62 channels. Of these, 61 active electrodes followed the international
10-20 configuration, whereas one channel was dedicated to tracking vertical eye movements
from an infraorbital position below the right eye. We used FCz as the online reference point
and fixed the ground to the sternum. Data acquisition was performed with a BrainAmp MR
plus amplifier (Brain Products GmbH) with a 2500 Hz digitization rate, a 0.1 yV resolution, and
a wide online bandpass filter spanning 0.015 Hz to 1 kHz.

2.4 EEG data analysis

EEG preprocessing. EEG preprocessing was conducted in MATLAB (MathWorks, Inc.,
Natick, MA, USA) via custom code integrated with EEGLAB v14.1.1b functions [47]. First, the
continuous recordings were downsampled to 125 Hz. To prevent aliasing, we applied a low-
pass filter with a 60 Hz cutoff (0.8 x Nyquist frequency) and a 12.5 Hz transition bandwidth
(0.2 x Nyquist frequency). We then ran an independent component analysis (ICA) via the
Infomax algorithm within EEGLAB to identify and strip out nonneural artifacts, including ocular
blinks, eye movements, cardiac interference, and muscle activity.

Spatial Laplace filter. MUSO were shown to be particularly pronounced after spatial high-
pass filtering [27]. To increase spatial specificity, we applied a spatial Laplacian filter, in which
the mean of 4 adjacent electrodes was subtracted from the activity in a given electrode,
resulting in 35 channels. By estimating how different the signal at one electrode is from the
average of its neighboring electrodes, this method leads to spatially localized neuronal activity
while reducing common activity [47]. Here, Laplace-filtered EEG data are referred to as EEG-
L. In addition, for the later comparative analysis, we also used the original reference to FCz in
which EEG data are referred to as EEG-FCz.

MUSO Measures and Time—Frequency Analysis. Spectral decomposition was performed
with Welch’s method via 60-second segments (Hanning window) with a 90% overlap. To
quantify the relative periodic power (rPP) of the ~0.1 Hz oscillation, we applied a systematic
method to characterize the spectral peak and separate it from the underlying 1/f noise. First,
the frequency with the maximum value (Fmax) of the spectrum was identified by analyzing the
derivative of the frequency spectrum and locating the zero-crossing point in the range of 0.065-
0.17 Hz. If no positive rPP could be found in the MUSO range (which was the case for only ~
2.4% of all channels and participants), a mean of the pooled channels was used instead. To
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estimate the 1/f noise floor, a cubic interpolation was performed using four key points: the first
point of the spectrum, Fmax - 0.05 Hz, where Fmax was the frequency bin with the maximal
power in 0.065-0.17 Hz, the dip point preceding the spectral peak (Fdip), and Fmax + Af
(Af=Fmax-Fdip as the characteristic half-bandwidth of the oscillation). The peak frequency
(Pf) was then determined as the maximum vertical deviation between the interpolated 1/f noise
line and the original spectrum. The rPP was calculated as the ratio of the signal amplitude,
defined as the difference between the spectral value at Pf and the noise value from the
interpolated line at the same point to the noise amplitude. Supplementary Fig. 1 shows an
example of an rPP calculation. This approach provides a robust measure of the prominence
of the 0.1 Hz oscillation relative to the underlying noise. Additionally, the absolute periodic
power (aPP) was calculated as the signal difference between the spectral (in dB) value at the
peak frequency and the interpolated noise value.

Source analysis. We used forward volume conduction via the finite element method following
the approach outlined by Huang et al. [48]. The geometry of the finite element method model
was derived from the extended MNI/ICBM152 standard anatomy. The source space was
restricted to the cortical surface and divided into 96 regions of interest (ROIls) using the
Harvard—Oxford atlas [49]. To estimate the cortical electrical distribution from scalp EEG
recordings, we employed eLORETA (exact low-resolution brain electromagnetic tomography)
implemented in the M/EEG Toolbox of Hamburg (METH) [50,51]. The lead field matrix was
computed for 2004 voxels distributed across the cortical surface. We subsequently applied
singular value decomposition to the time series across voxels within each ROI to extract the
component explaining the largest variance.

Statistical analysis of the effects of referencing, age group and sex. To investigate
differences in rPP, aPP and Pf between the rereferencing methods (EEG-L and EEG-Fcz) and
conditions (EO and EC), we conducted two-way repeated-measures analysis of variance (rm-
ANOVA), with reference (EEG-L and EEG-Fcz) and conditions (EO and EC) as the
independent variables and rPP, aPP, and Pf as the dependent variables. Linear regression
analyses were conducted to examine the effects of age and sex on key spectral metrics,
including rPP, aPP, and Pf. For each dependent variable, age was modeled as a continuous
predictor, and sex was included as a categorical factor (with females as the reference group).
Full model comparisons, including interaction terms, are provided in the Supplementary
Material. Although the method we used removes the additive component of the 1/f background
activity, its influence may still persist [15]. In particular, commonly used methods remove only
the additive portion of the 1/f signal [16,52], leaving multiplicative components intact. As a
result, residual aspects of the power-law structure may still bias spectral estimates, specifically
by reducing rPP at higher peak frequencies. To address this potential confound, peak
frequency was included as a covariate to isolate age and sex effects from frequency-related
variability. Details regarding model improvements and statistical comparisons associated with
the inclusion of peak frequency are provided in the Supplementary Material.

Regional MUSO Topography. To characterize the spatial distribution of MUSO activity, the
35 scalp electrodes (after Laplacian filtering) were grouped into six anatomical regions: frontal
(AF3/AF4, F5-F6, F3/F4, F1/F2), frontocentral (FC5/FC3/FC4/FC6), central (C5-C6, C1-C4),
centroparietal (CP5-CP6, CP1/CPz/CP2), parietal (P5-P6, P1/Pz/P2), and occipital
(PO3/P0Oz/PO4) regions. For each subject, the mean MUSO rPP was computed within each
region, yielding six regional values.



205
206
207
208
209
210
211

212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227

228
229

230
231

232

233

234
235

236
237

238
239

240
241

242

Statistical analysis for MUSO Topography. Regional differences in MUSO rPP were
assessed via repeated-measures ANOVA with region as a six-level within-subject factor. Post
hoc pairwise comparisons (Bonferroni-corrected) were performed to determine which regions
exhibited significantly higher or lower rPP. Potential influences of demographic factors on the
spatial distribution of MUSO were tested with mixed-design ANOVAs that included region as
a within-subject and sex (male/female) and age group (younger/older) as between-subject
factors as well as region-by-sex and region-by-age group interactions.

Cross-frequency coupling between MUSO and fast EEG oscillations. Phase—Amplitude
Coupling. To determine whether the phase of slow activity modulates the amplitude of faster
EEG oscillations and to directly compare MUSO with a broader infraslow reference signal, we
computed the modulation index [53] for two slow frequency ranges: (1) the subject-specific
MUSO, defined as the individual peak frequency # its bandwidth, that is, the pooled mean
bandwidth across channels plus one standard deviation, and (2) the infraslow fluctuation
range, defined as 0.02-0.1 Hz. The MUSO and ISF phase signals were extracted using a 2nd-
order Butterworth filter with cutoff frequencies Fmax * bandwidth for MUSO and 0.02-0.0.1
Hz range for ISF. Filtering was performed using Matlab’s filtfilt function to avoid phase
distortion. The analytic representation of each filtered signal was obtained via the Hilbert
transform, and the instantaneous phase served as the slow-oscillatory reference for cross-
frequency coupling analysis. Amplitude envelopes for the five neuronal frequency bands were
subsequently extracted using standard bandpass filtering (2nd-order Butterworth filter)
followed by the Hilbert transform. We used the phase signal of MUSO/ISF and the amplitude
envelopes to compute the Modulation Index (Ml). We implemented the following multistep
workflow:

1) Phase Binning: The continuous phase signal was discretized into 18 equal intervals (bins)
of 20° each, spanning from —180° to 180°.

2) Mean Amplitude Normalization: Within each phase bin j, the mean magnitude of the
corresponding amplitude envelope was computed (( ;). These values were then normalized

across all N bins to generate an empirical probability distribution vector p:
a-
=1 %%

(1)

where k is the running bin index and N = 18 represents the total number of phase bins.

3) Shannon Entropy Estimation: To evaluate the flatness of this normalized amplitude
distribution, Shannon entropy (H) was calculated as:

H(p)=-X}..  p(Dlogp()
(2)

4) Kullback-Leibler (KL) Divergence: The disparity between the observed amplitude
distribution (X) and a perfectly uniform distribution (U) was quantified via the KL distance:

KL(U,X) = logN — H(p) (3)
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where logN acts as the theoretical entropy of a uniform distribution.

5) MI Scaling: Finally, the raw KL distance was normalized by dividing it by the uniform
entropy (logN), yielding the bounded Modulation Index metric:

KL(U.X)
M=
logN
(4)
Statistical analysis for cross-frequency analysis. To detect the coupling between
MUSO/ISF and faster oscillations robustly, we applied nonparametric permutation tests
following the approach outlined by Maris and Oostenveld [54]. Additionally, a control analysis,
as suggested by Aru et al. [55], was employed to validate the significance of phase—amplitude
coupling values, ensuring robust measurements. Specifically, we generate 1000 surrogate
datasets by permuting the phase time series. Surrogate data were created by dividing the
original phase-MUSO (or phase-ISF) time series into 45-second segments and shuffling them
in a random order. The null hypothesis assumes that the cross-frequency coupling values of
the original data and the surrogate datasets are from the same distribution. We then computed
the p value for the original signal pairs by comparing their coupling values against the
distribution of surrogate values. To account for spatial dependencies induced by spatial
Laplace filtering, we applied the FDR correction method of Benjamini & Hochberg [56], with a
significance threshold of a = 0.05. FDR was applied for each subject separately such that 35
channels and 5 bands were combined.

Statistical analysis for cross-frequency coupling comparison between MUSO and ISF.
To directly compare the strength of slow—fast coupling between MUSO and ISF, we used
surrogate-normalized modulation indices (Mls). For each band, the MUSO and ISF Ml values
were compared across subjects via paired t tests (N = 175). The resulting five p values were
corrected for multiple comparisons across bands via the Benjamini—-Hochberg false discovery
rate (FDR) procedure (q = 0.05).

3. RESULTS

3.1 MUSO occurrence and rPP

Our results show that MUSO exist in two distinct temporal forms: first, they can be present
during the entire recording (16 min) with highly stable power over time, and second, or MUSO
may appear only in certain segments varying between 1 minute and several minutes (Fig. 1:
MUSO are present for the whole duration of the recordings; Fig. 2: MUSO are present in short
segments). Further analysis indicated that 97.6% of the channels (pooled) presented positive
rPP values (i.e., threshold rPP > 0, Laplace reference). In 11.6% of the channels, we detected
a second peak, and in 0.4%, 3 peaks were indicated by rPP > 0 in the frequency range of
0.065-0.17 Hz. For the following analysis, if more than one peak was present, we focused on
the peak with the largest rPP. However, there was a considerable decrease in the number of
channels as the rPP threshold increased (Fig. 3).
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Figure 1. Representative 16-minute EEG recordings from five participants exhibiting persistent MUSO. (A) Broadband (0.015-125 Hz) Laplace-filtered EEG (EEG-L) signals showing
pronounced oscillations across the entire 16-minute recording, sorted by relative periodic power (rPP). (B) Bandpass-filtered (0.04—5 Hz) EEG-L signals. This filtering, however, is still sufficiently
broad not to produce MUSO by the filtering itself. (C) Power spectral density (PSD) of the EEG-L signals for each participant, demonstrating distinct monochromatic peaks near ~0.1 Hz. C. The
graphs show the power spectral density (PSD) of the EEG-L. Monochromatic peaks at approximately 0.1 Hz can be clearly observed. Each EEG recording is selected from different subjects (indicated
in each spectrum).

Figure 2. Representative 16-minute EEG recordings from five participants exhibiting transient Monochromatic Ultra-Slow Oscillations (MUSO). (A) Broadband (0.015-125 Hz) Laplace-
fitered EEG (EEG-L) signals showing transient episodes of MUSO. (B) Bandpass-filtered (0.04-5 Hz) EEG-L signals highlighting segment-specific oscillatory activity. (C) Power spectral density



EEG-L
20

10

EEG-L BandPass-Filter (0.04-5 Hz)

20
10

-10 -

-20 +
10

uV

-10

-20

i

40 -
20
0

-20 |

-40 i

0 2 4 6 8 10 12 14 160 2

Time {min)

288
289

shown for representative channels from five distinct subjects.

4 6 8 10 12

Time (min)

14

10

-10

-20
20

10

-10

-20

nY

Log Power (dB)
(=]

-40
10

-10

-20

16

20

o
o

IS
=)

N [N
S o oo o

N
o

¥
o

-40
40

20

-20

-40
40

20

-20

-40

C

PSD

Sub-91 P2
PP = 4.92
PF = 0.141Hz

Sub-9 FC4
PP = 2.06
PF = 0.119Hz

Sub-100P1
PP = 1.82
= 0.111Hz

Sub-41 P2
PP =172
= 0.08Hz

Sub-7 C1
PP =1.23
PF = 0.1Hz

107t 10° 10t

Frequency (Hz)

(PSD) of the EEG-L signals. Spectral estimations corresponding to the highlighted MUSO segments (red) show prominent monochromatic peaks compared to non-MUSO segments (black). Data are



301
302

303
304
305
306
307
308
309
310
311
312
313
314
315

20N Figure 3. Percentage of MUSO occurrence for

Presence-rPP participants and channels related to relative periodic

1005+, +Subjects power (rPP). The circles represent the percentage of
OChannels  channels (pooled) above the given level (x-axis). The
80 - crosses represent the percentage of participants who have
—~ 60 % at least one channel above the given level of rPP.
X 0 T Participants who had at least one channel above the
ke 40 - My, corresponding rPP level on the x-axis were included in the
TTHy percentage count at the subject level.
20 2
0 B DL
0 2

300 3.2 Effects of the spatial Laplace
(-L) filter and eyes-open (EO) and eyes-closed (EC) conditions on the
MUSO parameters

For these analyses, we first averaged the spectra across all electrodes. Two-way rm-ANOVA
with factors condition (EO, EC) and reference (EEG-L, EEG-Fcz) revealed a significant main
effect of reference on the rPP (F(1,174) = 22.152, p = 5.1x107°), and post hoc analysis further
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16 min of recording) to obtain more reliable estimates for further comparisons. Crucially, owing
to the stronger rPP of MUSO achieved with the Laplace filter than with the EEG-FCz reference,
therefore we used EEG-L for subsequent statistical analyses.
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Figure 4. Effects of the conditions and reference scheme on the MUSO metrics. Boxplots illustrate the distribution of
subjectwise average values for three MUSO metrics: (A) relative periodic power (rPP), (B) absolute periodic power (aPP), and
(C) peak frequency (Pf). For each metric, the data are shown separately for the Laplace-referenced and FCz-referenced EEG
(grouped on the x-axis) and for the eyes-closed (blue) and eyes-open (yellow) resting-state conditions. Boxes indicate the
interquartile range (IQR), with the median marked by the central horizontal line; whiskers extend to the most extreme nonoutlier
values. The black circles denote the means, with vertical error bars indicating +1 standard deviation across subjects. All values
represent within-subject averages across channels (for EEG-FCz data restricted to the subset mapped to Laplace channels). The
horizontal brackets and asterisks indicate significant differences between reference schemes (p < 0.05).

3.3. Topography of MUSO

The grand average across all the subjects revealed that the rPP and aPP of MUSO was most
prominent in the parietal, occipital, and temporal areas, as shown in Fig. 5A. We further
performed source modeling via eLORETA for rPP and aPP across all the subjects (N = 175).
Confirming the results from the sensor space, the sources for MUSO (in the grand average)
were most prominently located in parietal areas (Fig. 5C). In addition, the repeated-measures
ANOVA revealed a significant effect of region on MUSO rPP (F(5,870) = 10.75,
p=4.83x10719), indicating robust topographic differences. Post hoc comparisons revealed that
the centroparietal, parietal and central regions presented significantly greater rPP than did the
frontal and frontocentral regions (all p < 0.01) (Supplementary Figure 2).
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Figure 5. Topography of MUSO. (A) Heatmaps presented as the average relative periodic power (rPP) across all participants.
The parietal, occipital, and temporal areas presented the highest rPP values, suggesting that these regions are particularly active
in generating MUSO. (B) The average absolute period power (aPP) of MUSO. Similar to the rPP heatmap, the areas with the
highest aPP coincided with those with the highest rPP, supporting the idea that the parietal, occipital, and temporal regions are
key loci for MUSO activity. (C) Cortical maps of average rPP from source space analysis reveal that the sources of MUSO are
predominantly located in the parietal areas of the left hemisphere. (D) Cortical maps of the average aPP show that the aPP is
distributed similarly to the rPP, such that it is located in the parietal areas.

3.4 Age and sex differences in the MUSO (sensor space EEG-L)

A linear regression model including age (as a continuous variable) and sex as predictors
revealed significant effects of both variables on relative periodic power (rPP). Older age was
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associated with reduced rPP (8 = -0.0051, p = 0.0019), and males presented lower rPP than
females did (8 = -0.26, p = .00018). Similarly, both age (B =-0.0099, p = .001) and sex (B = —
0.50, p = 8.2x10~°) significantly predicted absolute periodic power (aPP), with males and older
individuals showing lower values. We also observed that the peak frequency was lower in
females and in younger individuals. Older subjects had a higher peak frequency ( = 0.00012,
p =.0021). In addition, males had a greater peak frequency than females did (8 = 0.0061, p =
.00022) (Fig. 6C). To account for potential residual power-law influences (where a 1/f shape
can lead to lower peak frequencies being associated with higher values), we conducted a
separate analysis including peak frequency as a covariate. When peak frequency was added
to the model predicting rPP, larger peak frequencies were associated with lower rPP (B = —
17.3, p = 2.1x1078), yet age (B = —0.003, p = .048) and sex effects (B = -0.16, p = .017)
remained significant with the same directionality as in the former model. Likewise, in the aPP
model, peak frequency again showed a strong negative association with rPP (3 = -31.4, p =
1.9x1078), yet age (B = —0.0061, p = .029) and sex (B = —-0.31, p = .0097) continued to have
significant effects. These additional models suggest that age and sex remain significant
predictors even when their shared variances with peak frequency, potentially reflecting the
residual influence from the 1/f, are taken into account by the model. Interaction effects
between age and sex were initially tested but found to provide limited explanatory benefit;
therefore, only main-effect models are reported in the main text.
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Figure 6. Age and sex MUSO differences. (A) Average relative periodic power (rPP) represents the average rPP of MUSO
across different age groups and sex groups. The analysis revealed significant main effects of age group and sex on rPP, with
younger participants exhibiting higher rPP than older participants and female participants showing higher rPP than male
participants did, suggesting that age and sex are important factors for the detectability of MUSO in EEG recordings. (B) Average
aPP displays violin plots of the average aPP of MUSO across age and sex groups. Similar to the peak frequency, the average
aPP was calculated by including only the channels exhibiting rPP > 0 in the frequency range of interest (0.065--0.17 Hz). The
plots reveal that younger participants have higher aPP than older participants do. (C) Average peak frequency featuring the peak
frequency of MUSO across the same age and sex groups. The average peak frequency was calculated by including only the
channels that exhibited rPP > 0 within the frequency range of interest (0.065-0.17 Hz). The vertical range highlighted with a black
bar represents the interquartile range (25%-75%). The median is highlighted with a white dot.
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3.5 Age and sex differences in topography of the MUSO rPP (sensor
space EEG-L)

A mixed ANOVA including sex as a between-subject factor revealed that the region x sex
interaction was not significant (F(5,865) = 1.80, p = 0.11) for rPP, indicating that the
topographic pattern was comparable across sexes. Similarly, age showed a nonsignificant
region x age interaction effect (F(5,865) = 0.36, p = 0.88). Thus, neither sex nor age altered
the spatial distribution of MUSO activity, and posterior—central enhancement was consistently
observed across all groups (Fig. 7).
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Figure 7. Age and sex differences in regional MUSO rPP. Mean relative peak power (rPP) of the monochromatic ultraslow
oscillation (MUSO; ~0.1 Hz) plotted across six canonical scalp regions, separated by age group (left) and sex (right). Compared
with older adults, young participants presented greater MUSO rPP, particularly over the centroparietal and parietal regions,
indicating an age-related decline in ultraslow oscillatory power. Compared with males, females presented greater MUSO rPP
across all regions, with the largest differences observed over central and centroparietal sites. The error bars denote the standard
error of the mean (SEM). Together, these results suggest that both age and sex modulate the amplitude of slow cortical
oscillations across the entire cortex.

3.6 Relationships between the MUSO and genuine neuronal oscillations

We conducted cross-frequency coupling analyses to investigate the relationships between the
MUSO and neuronal oscillations in conventional delta (1-4 Hz), theta (4—7 Hz), alpha (7-15
Hz), beta (15-25 Hz) and low gamma (25-45 Hz) bands via phase—amplitude coupling. Across
subjects, MUSO exhibited extremely sparse significant phase—amplitude coupling with
conventional neuronal frequency bands. Before correction, 8.1% of the MUSO channel x band
combinations exceeded the surrogate-based significance threshold, and this proportion was
reduced to 0.4% after controlling for multiple comparisons via the FDR correction. Thus, only
a very small fraction of the MUSO-derived coupling estimates reached statistical significance.
For ISF, the same analysis yielded a similar coupling incidence. Prior to FDR correction, 8.2%
of the ISF channel x band pairs were significant, and only 0.5% remained significant after FDR
correction. Importantly, this low incidence of absolute significance likely reflects the highly
conservative nature of our single-channel correction approach, which substantially reduces
the statistical power for detecting subtle, localized effects. An example from a single subject
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and channel is shown in Supplementary Figure 4, where the empirical phase—amplitude curve
is displayed together with its surrogate distribution. While individual traces occasionally
exhibited mild deviations from surrogate fluctuations, these effects were generally small and
did not extend systematically across channels or subjects. To evaluate whether infraslow
fluctuations and MUSO exhibit distinct baseline relationships with faster neuronal activity, we
compared band-specific modulation index (MI) values averaged across channels for delta,
theta, alpha, beta, and gamma amplitude envelopes. Across all frequency bands, ISF
consistently presented higher baseline Ml values than MUSO did, even though neither
reached robust absolute significance. As illustrated in Supplementary Figure 5, the Ml values
were greater for ISF than for MUSO in each band, with nonoverlapping or minimally
overlapping standard error margins, indicating robust differences. These observations were
confirmed statistically using paired t tests across participants (n = 175), with multiple-
comparison correction across the five frequency bands. As summarized in Supplementary
Table 2, all comparisons reached high statistical significance after false discovery rate (FDR)
correction (all g < 1071? ), with large standardized effect sizes (Cohen’s dz values ranging
from 0.79-1.41).

4. DISCUSSION

In this study, we investigated the characteristics of MUSO by analyzing resting-state EEG data
to better understand the mechanisms underlying these oscillations. We observed MUSO in
many participants, where MUSO appeared as nearly sinusoidal oscillations in the time domain
and as a prominent peak at approximately 0.1 Hz in the frequency domain. Compared with
the FCz reference, spatial Laplace filtering significantly increased the relative periodic power
(rPP) and absolute periodic power (aPP), with no effect on the peak frequency. Spatially, rPP-
MUSO were most pronounced in the occipito-parietal areas in both the sensor space and the
source space. Age and sex also influenced MUSO characteristics: younger participants and
females presented higher rPP and aPP than older and male participants did. Importantly, we
found no effect of eyes-open (EO) or eyes-closed (EC) conditions on any of the parameters,
including rPP, aPP, or Pf. Finally, we found no evidence of cross-frequency coupling between
MUSO and faster neural oscillations.

4.1 MUSO characteristics

Our main finding is a confirmation of MUSO in an independent large dataset of participants,
thus building on earlier observations from a study with only nine participants [27]. We also
identified differences in the MUSO parameters depending on the rereferencing schemes. The
spatial Laplace filter produced higher rPP and aPP values, which aligns with earlier findings
from Nikulin et al. [27] and suggests that MUSO may originate from focal sources. MUSO were
present in two distinct patterns across participants: some exhibited stable oscillations that
persisted throughout the entire recording, whereas others displayed intermittent oscillations
appearing only in a few segments. These patterns were observed consistently, irrespective of
behavioral conditions such as eyes opening or closing.

4.2 Insensitivity to eyes-open eyes-closed conditions

An early study [24] reported that various stimuli, including tactile and visual inputs, as well as
mental activities such as arithmetic calculations, meditation, and memory recollections, failed
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to induce rhythmic infraslow activity below 0.16 Hz. Consistent with these findings, our study
demonstrated that the MUSO were not sensitive to eyes-open or eyes-closed conditions in
any brain region, including the occipitoparietal areas, which are typically responsive to
significant changes in visual input [57,58]. Given that the MUSO are predominantly observed
in occipitoparietal areas, this lack of sensitivity to visual sensory manipulation suggests that
the MUSO may not be associated with neuronal processes traditionally associated with visual
input (e.g., eyes closing as a strong modulator). Moreover, the lack of cross-frequency
coupling between the MUSO phase and alpha-band amplitude, an oscillatory feature well
known to vary with eyes-open and eyes-closed states, further supports the notion that the
MUSO likely reflects extraneuronal sources (see below).

4.3 MUSO and their relation to conventional neuronal oscillations

Some previous EEG studies have demonstrated a coupling of the phase of infraslow
fluctuations with the amplitude of higher-frequency neuronal oscillations [5,7,12,29]. Although
the specific ISF frequency range varied across studies (typically 0.01-0.1 Hz or 0.02-0.2 Hz),
these findings suggest that a certain portion of infraslow activity is coupled to neuronal
oscillations in higher-frequency ranges during sensory stimulation [5], sleep [7], rest in
postanoxic coma patients [29], and during resting-state transcranial magnetic stimulation in
healthy subjects [12]. Furthermore, invasive cortical recordings in monkeys [59] and humans
[60,61] demonstrated that oscillations spanning from delta (1-4 Hz) to high-gamma (100-150
Hz) frequency bands exhibit pronounced amplitude modulation in the infraslow range.
Importantly, many of the abovementioned studies relied on a small number of electrodes or
group-level statistical approaches, and several examined non-resting-state conditions where
neuronal coupling is known to increase. In contrast, our analyses were performed at rest,
across a 35-channel Laplace-filtered montage, and with conservative statistics at the single-
channel level. Under these conditions, MUSO and ISF exhibited only modest coupling,
considerably weaker than what has been reported under task [5] or sleep paradigms [7].
Despite the very low occurrence of coupling between MUSO/ISF and faster signals in our
dataset, ISF displayed a systematic increase in the normalized modulation index across the
theta—gamma bands compared with MUSO. Taken together, our findings demonstrate that
while both infraslow phenomena exhibit minimal absolute coupling to faster rhythms at rest,
they display highly consistent numeric separation in their baseline modulation index (Ml)
values. This clear statistical separation suggests that MUSO and ISF arise from distinct
underlying processes, with MUSO reflecting a mechanism that is even more thoroughly
isolated from ongoing synaptic networks than broad-band ISF.

4.4 Linking vasomotion and Blood—-Brain Barrier electrochemistry to
MUSO generation

Nikulin et al. [27] reported that MUSO were coherent with arterial blood pressure and fNIRS
signals. They concluded that MUSO might reflect cerebral vasomotion. Further evidence
supporting a nonneuronal contribution to MUSO comes from early observations of the near-
DC potential of several millivolts between cerebrospinal fluid and blood, arising from the partial
permeability of plasma solutes across the blood—brain barrier (BBB) [34,35]. Voipio et al. [36]
proposed that the BBB functions as a voltage source, generating a volume current through
distributed resistance. In line with Nikulin et al. [27], we believe that this voltage source is not
mechanically static but is dynamically influenced by rhythmic vascular activity, particularly
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vasomotion—the slow, periodic dilation and constriction of blood vessels. Vasomotion
imposes oscillatory shear stress on endothelial cells, and shear stress produced by
microvascular blood flow serves as a fundamental signal that governs vasomotor responses
through the stimulation of endothelial mechanotransduction pathways [62]. The activation of
these pathways can modulate BBB permeability and ion transport [63,64], leading to
fluctuations in ionic gradients and transendothelial resistance. Through these mechanisms,
vasomotion-driven shear forces may periodically modulate the near-DC potential across the
BBB, thereby linking vascular dynamics directly to the slow electrical activity observed in the
brain. Our findings support this interpretation and align with previous evidence of ~0.1 Hz
coherence between hemodynamic signals and EEG signals [27], suggesting that MUSO may
emerge from the dynamic interplay between vascular activity, endothelial
mechanotransduction, and the electrochemical properties of the BBB. This mechanism of
modulating the voltage gradient across the BBB requires periodic mechanical modulation at
approximately 0.1 Hz. In fact, several previous studies have reported spontaneous slow
hemodynamic oscillations in oxy-deoxyhemoglobin signals, which share frequencies similar
to those of MUSO [32,33] and exhibit strikingly similar spectral properties. These oscillations
have been linked to local vasomotor processes and are characterized by nonsystemic, highly
localized patterns. Notably, spontaneous slow hemodynamic oscillations and MUSO both
occur within the same frequency range (0.04-0.18 Hz), suggesting that MUSO could represent
the electrical counterpart of local vasomotion-related BBB potential changes described above.
This alignment further strengthens the earlier hypothesis that the MUSO may be driven
primarily by vascular mechanisms [27], particularly cerebral vasomotion, rather than neural
activity alone. Further evidence for nonneuronal contributions comes from studies
investigating neurovascular coupling. For example, research assessing the visual thalamus of
cats revealed spontaneous slow sinusoidal hemodynamic oscillations at 0.14 Hz, which
disrupted the relationship between local neuronal activity and blood flow [65]. Similarly, laser
Doppler spectroscopy in rats revealed strong sinusoidal hemodynamic fluctuations at
approximately 0.1 Hz following sharp changes in blood pressure, which diminished the
correlation between neuronal and hemodynamic signals during isoflurane-induced neuronal
bursting [66]. Additionally, Mitra et al. [67] demonstrated in mice that infraslow oscillations
(<0.1 Hz) exhibit dynamics distinct from those of higher-frequency oscillations, suggesting that
they should be considered separate physiological processes. These findings align with our
results, indicating a lack of coupling between the MUSO and faster neuronal oscillations.

4.6 Effects of age and sex on the MUSO

With respect to slow oscillations <0.2 Hz, a recent study with concurrent fNIRS and EEG
measurements revealed that elderly subjects exhibit reduced coherence between EEG and
fNIRS signals in the 0.052-0.145 Hz range compared with younger participants [14]. The
authors suggest that this association stems from vascular changes that occur with healthy
aging. In line with these findings, our study also revealed pronounced age-related differences
in MUSO-rPP and aPP, with older participants exhibiting lower rPP and aPP. This reduction
may be attributed to age-related vascular changes, such as diminished vessel elasticity [37],
which could lead to weaker vasomotor activity and reduced variations in BBB potential, as
explained above. Research has shown that age significantly impacts BBB permeability, with
younger individuals having lower permeability than older adults do [39], and that aging is
associated with ion imbalances, leakage of plasma proteins, and other consequences of BBB
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breakdown [38]. These changes likely reduce the electromotive force across the BBB and
consequently may contribute to the lower MUSO rPP and aPP observed in older adults.

Similarly, sex had a notable influence on MUSO, with females displaying higher MUSO rPP
and aPP values than males. The observed sex differences in MUSO characteristics may be
attributed to variations in BBB permeability, as females have been shown to exhibit lower BBB
permeability [68,69]. Additionally, shear stress has been reported to be greater in adult
females [70], and vasodilation is more robust in female cerebral arteries than in male cerebral
arteries in vivo [71]. These factors may contribute to the stronger MUSO observed in female
participants. Another factor potentially influencing MUSO rPP/aPP alterations could be arterial
compliance, which is generally greater in females [72] and younger [73] individuals than in
males and older individuals. Consequently, lower vascular compliance can reduce variations
in BBB potential due to weak vasomotion, resulting in lower MUSO-rPP. These findings are
consistent with the hypothesis that the MUSO may represent the electrical counterpart of slow
sinusoidal hemodynamic oscillations, further linking MUSO characteristics to vascular and
endothelial factors that modulate BBB function such that lower permeability results in greater
potential differences at the BBB. Finally, when we consider the peak frequency of MUSO, we
find it to be on average approximately 0.12 Hz with a standard deviation of 0.023 Hz, indicating
that most peak MUSO frequencies (i.e., 69% of the channels) are above 0.1 Hz. This
observation is crucial, as it highlights a potential oversight in some infraslow EEG studies that
fail to account for frequencies above 0.1 Hz, leading to either disregard or partial inclusion of
MUSO and potentially resulting in inconsistent results. Therefore, slow cortical and scalp
potentials may also involve nonneuronal mechanisms. Specifically, they could be influenced
by the electrical potential difference across the BBB.

4.7 Potential clinical implications

EEG-based monitoring of the MUSO s clinically relevant, as alterations in the frequency and
amplitude of these oscillations may serve as sensitive, noninvasive biomarkers for
neurovascular and metabolic diseases. In stroke, disruptions in both neurovascular coupling
and BBB integrity are central pathological features [74], and MUSO characteristics may
provide early indicators of ischemic damage for timely intervention. Similarly, in migraine,
cortical spreading depolarizations drive transient BBB permeability and localized
hemodynamic changes that align with MUSO’s frequency range [75], suggesting applications
in diagnosis. Metabolic disorders such as type 2 diabetes are associated with impaired
vasomotion and increased BBB permeability, which may alter MUSO [76]. In aging and
neurodegenerative disorders such as Alzheimer’s disease and Parkinson’s disease, reduced
vasomotion and BBB dysfunction accelerate disease progression [77,78], and the MUSO
could capture these changes noninvasively. Thus, EEG MUSO analysis may enable targeted
monitoring and assessment of disease states and therapeutic responses across diverse
clinical contexts.

4.8 Limitations

A key limitation of this study is the absence of simultaneous intraoperative multispectral optical
intrinsic signal imaging (MS-OISI) and electrocorticography (ECoG) recordings, which would
have allowed us to directly assess whether the MUSO originates from local cortical activity or
extracranial sources. While scalp EEG is well suited for capturing ultraslow dynamics, the lack
of ground truth data from invasive recordings limits our ability to definitively attribute these
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oscillations to vascular or neuronal processes. Additionally, in the LEMON dataset, there were
no concurrent peripheral physiological measurements, such as peripheral vasomotion,
simultaneous blood pressure oscillations, or autonomic rhythms (i.e., heart rate), which might
have provided valuable insight into the potential systemic contributions to the MUSO. Future
work combining EEG with multimodal recordings, including ECoG, peripheral sensors, or even
MS-OISI, would help clarify the origin and mechanism of MUSO.

5. CONCLUSION

This study further characterizes MUSO as a robust and distinct feature of human EEG, with
clear topographical patterns and significant modulation by age and sex. Unlike faster neuronal
oscillations, the MUSO is not sensitive to the behavioral state or clear cross-frequency
coupling, suggesting that it might reflect extraneuronal processes tied to cerebral vasomotion
and blood—brain barrier dynamics. These findings underscore the importance of considering
nonneuronal sources in EEG research and suggest that MUSO could serve as a promising
biomarker for neurovascular function. Future work integrating multimodal imaging and clinical
studies will be critical to fully realize the diagnostic and translational potential of MUSO in
neurological disorders.
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