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Abstract—Studies of electrophysiological oscillations of the brain during the change of vigilance states have
a long history in somnology and cognitive neuroscience. However, in modern literature, more and more
attention is being paid to aperiodic electrophysiological activity co-existing with oscillations. The purpose of
this study is to evaluate the relationship between the oscillatory/aperiodic components of the magnetoen-
cephalogram and the performance of a monotonous psychomotor test that causes multiple episodes of short-
term falling asleep. 25 subjects underwent a monotonous psychomotor test for 1 hour with simultaneous reg-
istration of a magnetoencephalogram. The performance dynamics of the psychomotor test correlated with the
dynamics of the aperiodic exponent, as well as the oscillation power in the theta, alpha and beta bands. We
found that in the majority of subjects (17 out of 25), the aperiodic exponent is the 1st or 2nd most significant
predictor and tracks the subjects’ current vigilance state more precisely than oscillatory activity. We also
found that the aperiodic exponent has a more consistent relationship with behavioral activity. We make a pre-
liminary conclusion that the aperiodic exponent can be a reliable indicator of the change of vigilance states
and a useful tool for studying them in cognitive sciences.
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INTRODUCTION
Vigilance research has important practical benefits

in the context of operator activity, and is also directly
relevant to a number of cognitive processes related to
attention and executive control [1, 2]. Physiological
oscillations of electro/magnetoencephalography
(MEEG) of low frequency bands (delta, theta, alpha)
play a special role among objective ways to assess the
current vigilance state [3] – and the analysis of MEEG
oscillations in general is an important area of modern
cognitive neuroscience, both theoretical [4] and prac-
tical [5]. Oscillations also play a significant role in the
field of somnology – a number of criteria that distin-
guish the stages of sleep are based on the dynamics of
rhythmic EEG activity [6]. Because of this, research-
ers commonly use spectral analysis methods based on
Fourier transform, a mathematical procedure that
represents a signal as a sum of sinusoids and is sensitive
to its rhythmic characteristics.

Recently, an alternative indicator closely related to
spectral analysis – aperiodic activity – has appeared in
the toolkit of cognitive neuroscientists [7]. Although
the classical use of spectral analysis assumes that all
changes in the periodogram reflect changes in oscilla-
tions, in fact, it may also exhibit signal characteristics
that do not have a rhythmic structure. At the same
time, it is important to understand that aperiodic
activity in itself is not a process devoid of physiological
meaning: the most popular model relates its charac-
teristics to the balance of excitation and inhibition in
the structures of the brain, as well as the overall decay
of synaptic currents [8, 9]. There are already a number
of studies describing the dynamics of the aperiodic
component in the context of cognitive processes,
especially those related to working memory and infor-
mation processing speed [10–12]. It is also used in
studies of nighttime sleep, demonstrating clear stage-
related changes [13–15].
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However, in the context of short–term, local epi-
sodes of falling asleep (for example, against the back-
ground of prolonged monotonous activity), aperiodic
activity has not been studied yet – and this aspect
seems to us to be the most relevant for those processes
that may be of interest to cognitive science. We assume
that explicit consideration of aperiodic activity in the
analysis of short-term wake-sleep transitions will pro-
vide a more accurate description of the dynamics of
physiological processes associated with the change of
vigilance states. The aim of the current study is to ana-
lyze the dynamics of periodic and aperiodic magneto-
encephalogram (MEG) activity during monotonous
behavioral activity with multiple episodes of falling
asleep and waking up.

METHODS

Subjects. The sample consisted of 25 volunteers
(18 females and 7 males, the average age was 22.6 ±
2.1 years).

Procedure. The data were recorded in collaboration
with the Institute for cognitive neuroscience of the
National Research University Higher School of Eco-
nomics using Elekta VectorView Neuromag MEG
detector array (Helsinki, Finland). The array contains
306 sensors, of which 102 are magnetometers, and
204 are planar gradiometers. The signal was recorded
with a sampling rate of 1000 Hz. 5-minute empty
room recordings were also included to assess non-
physiological noise.

The study lasted 60 minutes, during which the sub-
ject had to silently count from 1 to 10 with his eyes
closed at a frequency of approximately 1 time/s,
simultaneously pressing the button 10 times with each
count, first with his right hand and then with his left
hand alternately. Button presses were recorded via
mechanogram – a pressure-sensitive button was
attached to each hand of the subject [16].

MEG preprocessing. The MEG data was prepro-
cessed using the MNE-Python v1.7.0 software [17]. In
order to reduce file size and simplify calculations, the
sampling rate was lowered to 200 Hz. The contribution
of non-physiological activity outside the helmet was
reduced using the temporal signal-space separation
method (tSSS) [18]. For this purpose, noisy channels
were pre–marked – the primary marking was carried
out using the mne.preprocessing function.find-
_bad_channels_maxwell() function, the result of
which was then additionally checked by manually
examining the records. After that, the mne.preprocess-
ing.maxwell_filter() function was used with the default
parameters, except for two – the minimum correlation
of the selected activity components with activity out-
side the helmet, as well as the value of the sliding win-
dow. Namely, the components with a 0.9 or higher
correlation with external activity were subtracted in a
10-second windows.
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The same procedure was performed for recordings
of empty rooms on the same day as the subject’s data.
After that, noise covariance matrices were estimated
using the mne.compute_raw_covariance() function; to
ensure stability of this matrix, regularization using the
shrunk method was used, namely the Ledoit–Wolf
algorithm with the selection of the optimal regulariza-
tion parameter based on cross-validation [19].

The signal-space projection (SSP) method was
also used on the data to reduce electrocardiographical
(ECG) artifacts [20]. For this purpose, the main com-
ponents from the ECG channels were extracted,
which were then “projected out” from the signal of
gradiometers and magnetometers.

Due to the computational inefficiency of working
with the original magnetometers and gradiometers,
the data was transformed into source space. For this,
the sLORETA algorithm was used, which reconstructs
activity in the form of a set of distributed dipoles [21].
The fsaverage template was used as the head model,
and the empty room covariance matrices described
above were used as the noise covariances. The lamb-
da2 regularization parameter was set as 1.0 according
to the recommendations in the MNE documentation
for reconstructing sources based on raw data.

The sources obtained were parcellated according to
the Desikan–Killiany atlas, which includes 68 cortical
zones (34 for each hemisphere) [22]. For this, the
pca_flip option was used, which processes sources in
each zone using the principal component analysis and
uses the component with the highest eigenvalue as the
most representative for activity in this region.

Spectral parameterisation. The sources obtained
were divided into 10-second epochs with 50% overlap.
In each epoch, the signal spectrum from 1 Hz to 45 Hz
was calculated for each source using the multitaper
method, which was then divided into periodic and
aperiodic components using the fooof v1.1.1 software
[7]. The aperiodic activity is modeled by this equation:

where F is frequency (Hz), L is spectral power
(W/Hz),  – intercept,  – slope of relationship
between frequency and its power (exponent), k –
spectral “knee” (Hz).

In turn, the periodic component is represented by a
set of peaks modeled using Gaussians:

where  is a specific peak, a is a peak height (=oscil-
lation power), c is a peak central frequency (=oscilla-
tion frequency), w is a peak bandwidth.

The fooof algorithm works roughly as follows:
1. The parameters of aperiodic activity are esti-

mated based on a log-log transformed spectrum;
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Table 1. Summary of the ordinal regression model esti-
mated on full sample (fixed effects only). _mean suffix indi-
cates that this predictor represents the mean value of this
parameter across sources, while _std suffix indicates stan-
dard deviation

*Threshold (intercept) values for ordinal regression

Parameter Estimate SE z p

Correct|Error* –0.642 0.280 –2.295 0.022
Error|Sleep* 0.865 0.280 3.092 0.002
alpha_mean –0.491 0.023 –21.048 <0.001
exponent_mean 1.154 0.015 79.508 <0.001
theta_mean 0.524 0.032 16.139 <0.001
beta_low_mean 0.053 0.028 1.887 0.059
beta_high_mean –0.067 0.022 –3.074 0.002
alpha_std 0.042 0.021 2.015 0.044
exponent_std –0.846 0.012 –68.660 <0.001
theta_std –0.170 0.020 –8.430 <0.001
beta_low_std –0.172 0.026 –6.646 <0.001
beta_high_std 0.043 0.023 1.844 0.065
2. The estimated aperiodic activity is subtracted
from the spectrum;

3. The highest oscillatory peak is modeled on the
residual spectrum;

4. The simulated peak is subtracted from the resid-
ual spectrum, after which the next peak is modeled;

5. Steps 3–4 are repeated until the minimum
allowable peak height is reached;

6. The modeled periodic activity is subtracted from
the original spectrum;

7. The parameters of aperiodic activity are evalu-
ated again on the remaining spectrum (without oscil-
lations).

A more detailed description of the above formulas
and of the fooof algorithm in general is given in the
article [7].

For each source at a given time, the following mea-
sures were calculated: 1) the amplitudes of the oscilla-
tory peaks 2) the value of the aperiodic exponent –
higher values mean higher power of low frequencies
relative to high frequencies.

For oscillations we considered peaks in the follow-
ing frequency bands:

1. 4–7.5 Hz («theta»);
2. 8–11 Hz(«alpha»);
3. 15–21 Hz («low beta»);
4. 21–28 Hz («high beta»).
Analysis. Further data wrangling and visualization

were carried out using the R v4.5.1 software. The
dynamics of the behavioral task was encoded in three
ordered categories: a) correct performance of the task
(“Correct”), b) performance with errors (excessive or
incomplete buttons taps, “Error”), c) “Sleep”
(absence of activity for 10 seconds or more). All indi-
cators (behavioral and physiological) were interpo-
lated to a time resolution of 1 second. For physiologi-
cal indicators (aperiodic exponent, theta, alpha, low
and high beta) linear interpolation was used; for
behavioral categories, the preceding category was used
(for example, if the task was performed correctly at 10
seconds (“Correct”), at 11 seconds there were no taps,
and at the 12th second the erroneous tapping sequence
started (“Error”), then at the 11th second the value
“Correct” is interpolated). For all physiological indi-
cators, the mean and standard deviation of the sources
at a given time were estimated. Thus, we got 10 time
series, the dynamics of which were correlated with the
dynamics of the behavioral task.

The example of behavioral and aperiodic dynamics
for one participant is shown in Fig. 1.

RESULTS
We approached statistical modelling in two differ-

ent ways: a) a full model fitted to joint temporal data of
all 25 participants, b) individual regression models for
each participant separately. For a) we used a mixed-
HERALD OF THE RUSSIA
effects ordinal regression model (cumulative logit)
using the ordinal R package v12.4-1; for b) we used an
ordinal generalized additive model using the mgcv
R package v1.9-4. The behavioral categories (“Cor-
rect”, “Error”, “Sleep”) were used as a target variable.
The 10 indicators described above were used as predic-
tor variables; we also included participant-level ran-
dom intercept in the “full” model and the time vari-
able in individual models (in order to account for
changes in the temporal dynamics of behavior that
were not described by other predictors). Since the
dynamics of vigilance state changes are non-mono-
tonic, the relationship between time and behavioral
categories was modeled using a thin plate spline. All
independent variables (except time) have been z-stan-
dardized so that the sizes of the model coefficients
could be compared directly.

A summary of the “full” model is presented in
Table 1. The two most important predictors in terms of
coefficient value and z-value were exponent mean
(β = 1.154, 95% CI = [ 1.13, 1.18], p < 0.001) and expo-
nent standard deviation (β = –0.846, 95% CI =
[–0.87, –0.82], p < 0.001). The next in order of impor-
tance were alpha mean (β = –0.491, 95% CI = [–0.54,
–0.45], p < 0.001) and theta mean (β = 0.524, 95% CI
= [0.46, 0.59], p < 0.001), respectively.

After estimating each individual model, all coeffi-
cients with a p-value of >0.001 were excluded; the
remaining coefficients (except for intercept and time)
were sorted in descending order of z-statistic to assess
the importance of each coefficient for predicting the
current vigilance state.

Ranking of independent variables by degree of
importance showed that in 17 of the 25 models, the
N ACADEMY OF SCIENCES  Vol. 95  No. 6  2025
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Fig. 1. An example of one participant performing the psychomotor task. The X-axis on all panels shows the time in seconds. Top
panel: behavioral data presented as a pseudohypnogram. From top to bottom, there are three states of task performance: correct
performance, performance with errors, and inactivity (“sleep”). Bottom panel: the dynamics of aperiodic exponent, averaged
over all sources. The Y-axis represents the values of exponent (log(W/Hz)). The gray line indicates the “raw” values, the black
line indicates their smoothed version constructed using the GAM algorithm (generalized additive model). This plot was created
using ggplot2 v4.0.1.
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aperiodic exponent indicators (mean and standard
deviation) were either in first or second place. In 13 cases,
both aperiodic exponent indicators took 1st and
2nd place at once. Oscillatory indicators came out on
1–2 place in 12 cases, with the indicators of theta
activity being the most common (6 cases).

A visualization of the most “popular” indicators,
which appear in 1–2 places, is shown in Fig. 2.

The exponent also proved to be the most consistent
in terms of the estimated direction of the relationship;
in 22 cases out of 25 (88%), the mean value of the
exponent showed a positive relationship (mean log
odds = 0.767), and the standard deviation showed a
negative one (mean log odds = –0.446). The next
most consistent indicators were the mean value of
theta activity with a positive relationship (21 out of 25,
mean log odds = 1.09), the standard deviation of theta
activity with a negative relationship (19 out of 25,
mean log odds = –0.280) and the mean value of alpha
activity with a negative relationship (19 out of 25,
mean log odds = –0.282).

DISCUSSION
Our data are consistent with both existing data on

the dynamics of oscillatory activity and data on the
dynamics of aperiodic activity with a decrease in vigi-
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lance level. An increase in the exponent value during
the transition to sleep has been observed in a number
of full-night sleep studies [13–15] and it coincides
with the interpretation of aperiodic exponent as the
excitation/inhibition balance index [23, 24]. The
dynamics of theta and alpha activity are also consistent
with the current knowledge base – the power of alpha
activity decreases during the transition to sleep, while
the power of theta activity increases [6].

It is noteworthy that the standard deviation of ape-
riodic and theta activity decreases with the transition
to a lower vigilance state, indicating a more uniform
distribution of activity across the scalp. Figure 3 illus-
trates this for aperiodic activity – while high exponent
values in increased vigilance states are more confined
to occipital and temporal regions, in decreased vigi-
lance states they tend to be more widespread, most
notably in parietal regions. This may indicate a transi-
tion from localized activity to global cortical inhibi-
tion; in the article by Hebron et al [25] the authors
come to a similar hypothesis by observing statistically
significant differences in the aperiodic exponent
between sleep stages across all EEG channels (in con-
trast to the more localized and less stable differences in
oscillatory power). However, in the case of theta activ-
ity (and any oscillations), a decrease in the standard
deviation can be interpreted ambiguously. This may
 Vol. 95  No. 6  2025
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Fig. 2. The barplot representing the importance of predictors across individual models. The X-axis represents predictors,
the Y-axis respresents the number of models where a specific predictor was either the most important (top panel) or second most
important (bottom panel). _mean prefix indicates that this predictor represents the mean value of this parameter across sources,
while _std suffix indicates standard deviation. This plot was created using ggplot2 v4.0.1.
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mean either the spread of uniform theta activity across
the scalp or a transition to more local sources (if there
is no activity at all, then the standard deviation will be
zero). However, given the consistent increase in theta
HERALD OF THE RUSSIA
power correlated with a decrease in vigilance level, the
first interpretation seems to be more correct.

Why did alpha and theta activity in most cases turn
out to be less important for tracking the vigilance state
N ACADEMY OF SCIENCES  Vol. 95  No. 6  2025
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than the aperiodic exponent, and also less consistent
in the direction of the estimated relationship? A possi-
ble explanation can be found in the article by Snipes
et al. [26]; despite the use of alpha and theta oscilla-
tions in the staging of somnograms, the relationship
between their power and the vigilance state is not as
clear and depends on the global level of vigilance at the
start of recording. Thus, the authors show that with a
high global level of vigilance, alpha bursts correlate
with a higher quality of task performance, but with a
reduced level of vigilance, they also correlate with epi-
sodes of inactivity.

The results of the study lead us to the conclusion
that the aperiodic exponent may be a more reliable
and unambiguous indicator of vigilance state than
oscillatory activity, and it is also less tied to specific
frequency ranges, which may vary between subjects for
oscillations [27]. In the future, it will be useful to study
in more detail the psychometric characteristics of ape-
riodic activity from the standpoint of reliability and
robustness to variations in recording methods, record-
ing time range, and sensor positions. Perhaps the rest-
ing-state assessment of aperiodic activity can serve as
an objective analogue of the Karolinska Sleepiness
Scale and other subjective methods for assessing vigi-
lance state [28, 29].

It is important to understand that the aperiodic
exponent cannot completely replace the oscillations in
vigilance state research. Firstly, although in our study
the exponent turned out to be the most consistent
indicator in terms of the direction of communication,
this consistency is not ideal, which means that there
are borderline cases in which the aperiodic exponent
does not track the level of vigilance so well (even
accounting for measurement inaccuracies related to
behavior measurement and the ordinal nature of the
data). Secondly, in 12 cases, oscillatory activity (espe-
cially theta) nevertheless turned out to be no less and
even more important for distinguishing vigilance states
than the aperiodic exponent, which may also mean the
presence of such features of vigilance states that the
exponent is not sensitive to. Finally, the study of oscil-
lations may still be useful for studying those vigilance
phenomena that may be local in nature. For example,
Andrillon and Windt describe two phenomena related
to vigilance lapses: mind wandering and mind blank-
ing [30, 31]. Although both are accompanied by pro-
nounced behavioral dissociation, they are different in
terms of phenomenal experiences: mind wandering is
experienced as a spontaneous f low of thoughts, and
mind blanking as the absence of memories of experi-
ences. In a later study [32] the authors show that such
episodes coincide with the appearance of short–term
slow waves, while the localization of the wave reflects
the nature of the episode: the frontal regions were
associated with episodes of mind wandering (as well as
an increase in the proportion of false alarms when per-
forming a cognitive task), and the posterior regions
were associated with episodes of mind blanking (as
HERALD OF THE RUSSIAN ACADEMY OF SCIENCES 
well as an increase in the proportion of lapses). If the
aperiodic exponent is more sensitive to global changes
in the vigilance state, then it may not track the occur-
rence of such phenomena.

It is worth noting an important limitation of this
study – we did not inspect the dynamics of processes
in individual sources, instead relying on their aggre-
gated values (mean and standard deviation). Perhaps a
more detailed study of the spatial characteristics of
oscillatory and aperiodic processes will provide a more
specific understanding of how the local and global
aspects of the vigilance states shift manifest them-
selves.

CONCLUSIONS

The aperiodic exponent proved to be a reliable
indicator of the shift in vigilance states – the dynamics
of its average values and spatial variability turned out
to be among the most important predictors of the
behavior of subjects when performing a psychomotor
test, while showing the highest consistency in the cor-
relation direction (with lower vigilance, the average
exponent increases and its spatial variability
decreases). At the same time, in a number of records,
oscillatory indicators (especially theta) turned out to
be no less and sometimes more important predictors,
which means that they still need to be taken into
account in the cognitive neuroscience of vigilance
states.
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