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1 Introduction

Since the invention of electroencephalography and the first observations made by
Hans Berger, through modern classics like Rhythms of the Brain (Buzsaki, 2006),
oscillations have been in the foreground of the study of electric brain activity. Yet
neural activity comprises an ever-present stochastic, wide-band component in the
background of discrete oscillations, observable on multiple scales, from fluctuations
of membrane potentials to the scalp EEG, which had been termed as background
activity or neural noise. However, recently there is a rapidly growing interest in
this background component, as evidence accumulated that it carries physiologically
meaningful information, spanning a set of not completely equivalent, but overlapping
terminologies like scale-free, fractal, aperiodic or 1/f neural activity. (Making a quick
search on PubMed, National Library of Medicine on articles that include one of the
above terms in their title or abstract together with the term "EEG”, 1002 results
were found, more than half of which have been published in the last 5 years.)
Despite the differences in naming, a uniting feature is the power-law spectra of
the signals, more precisely a relationship between the power-spectral density (PSD)

P and frequency f such that:

P(f)=c-J*

where x is the spectral exponent, which in this context usually takes a negative
value, as spectral power decays with increasing frequency. Transforming both axes

to the log-domain, we can get a linear relationship:

I[P(f)] = In(c) + = - In(f)

where z is the spectral slope and C' := In(c) is the spectral intercept.

1.1 Power-law spectra in neural signals

One of the earliest studies regarding the log-log spectra of the EEG (Matthis et
al., 1981) considered the spectral slope as a potential indicator of cerebral changes
in a child with brain stem tumor, another analysis (Feinberg et al., 1984) already
observed the linear relationship between log amplitude and log frequency, stating
effects of aging on the spectral slope in NREM sleep, namely the slope flattening in
the older population. Still in an early study, the removal of the power-law trend of
the spectrum had been proposed as a preparation step in the analysis of oscillations
(Dumermuth and Molinari, 1987, S6rnmo and Laguna, 2005). In Pritchard, 1992 the



spectral slope of resting state EEG of 10 healthy adults was systematically analyzed,
revealing effects of topography on the spectral exponent. Furthermore, the lack of
a characteristic time-scale of the EEG background was pointed out, identifying the
signal as a fractal with respect to time.

Power-law spectra were identified also in subdural ECoG recordings in the high
frequency range of 80 — 500 Hz, with the exponent of —4 being stable between
subjects, brain region and local neural activity level (Miller et al., 2009). A crossover
was detected in the spectra at around 75 H z indicating the presence of multiple time-
scales in brain activity, below this frequency the exponent of —2.5 was fitted.

Task-related modulations and regional variations in the aperiodic activity were
found in ECoG recordings (He et al., 2010). In order to test the functional sig-
nificance of scale-free activity, a visual cue detection task was performed, which
revealed spectral slope differences between rest and different task types in multiple
recording locations, in each case spectra became flatter during task performance.
Locations where significant differences were found included the primary motor cor-
tex of the hand, Broca’s area, lateral occipital cortex and lateral temporal lobe.
Resting state fMRI BOLD signals also show power-law spectra and region specific,
regional differences were observed for the spectral exponents, with steepest spectra
in the visual regions and the default network, and flattest spectra in the cerebellum
and hippocampus.

Flattening of the spectrum was observed with aging and with increasing task
difficulty as well. In addition the slope of the 1/f neural noise mediated age-related
visual working memory decline, and flatter spectra was associated with longer reac-
tion times in a visual working memory task (Voytek et al., 2015).

The spectral slope has also proved to be sensitive to different disorders. It
was shown that children with attention-deficit /hyperactivity disorder (ADHD) show
significantly steeper EEG power-spectra compared to typically developing children,
and that after medication these effects disappear, suggesting that the spectral slope
also reflects atypical brain activity present due to the disorder (Robertson et al.,
2019). Another study proposed that the aperiodic component of the power spectrum
is a better marker of schizophrenia, than the traditionally used power-bands or task-
based assessment, which is a major finding, as behavioral measurements are the

standard in the clinical setting (Peterson et al., 2023).

1.1.1 Possible sources of scale-free activity in the brain

The scale-invariant property of power-spectral distributions in the EEG also raised

the question, whether it is a sign of criticality, as 1/f noises commonly appear



in complex systems near a critical point. Here multiple aspects of neural activity
support the hypothesis, as EEG, MEG, ECoG and LFP spectra all exhibit scale-free
properties, furthermore the avalanche-like propagation of firing in in-vitro neuronal
populations exhibited power-law distributions in multiple regards, like avalanche
size, duration. In addition, the power-law like distributions of the neural activity
appeared to be an inherent property, as the system arrived into the state without any
external input, thus the hypothesis of self-organized criticality had been proposed.
In this view, brain organization and activity is self-tuned to a critical point that has
optimizes properties like information propagation and network stability, which were
also demonstrated in simulated neuronal networks (Beggs and Plenz, 2003).

Spectral slope differences were found between sleep and awake states in LFP
recordings in cats, with steeper slopes in slow wave sleep than in wake, however, it
was also pointed out that power-law like spectra do not necessarily imply criticality,
and some evidence against the theory was also put forward, namely inter-spike-
interval distributions recorded in the cat parietal cortex didn’t exhibit long term
correlations, and avalanche distributions were not confirmed in-vivo in this case
(Bédard et al., 2006).

Another mechanism that could generate power-law spectra in the ECoG signals
was suggested in Freeman and Zhai, 2008, by the simulation of mutually excited
pyramidal cells in the cortex, accurately modeling changes in the spectral slope of
the ECoG in wakefulness and sleep. Here the response of a neuron to a unit impulse
was modeled by the summation of two exponential processes, a rapidly rising and
a slower decaying function, which was then convolved with a Poisson point process,
creating a signal similar to the ECoG in the frequency domain. The spectral slope
of the simulated signals is dependent on the rise-time of the exponential term in
the response function of the neuron. They theorize that the homeostatic regulation
of refractory times of excitatory neurons is the explanation for the variation in the
spectral slopes.

A similar modeling approach was presented by Gao et al., 2017 proposing that
alterations in the spectral slope reflects changes in the excitation/inhibition (E/I)
balance of neural circuits. The sum of exponentials model was used, as before, to
represent the response of individual neurons, with the difference that two types of
neuron populations were defined. Excitatory neurons had shorter rise and decay
times, while inhibitory neurons rose and decayed more slowly, but the response was
of the opposite sign. The total excitatory and inhibitory currents were calculated as
the convolution of a Poisson process with these response functions, finally summed to

create the simulated LFP series. As the rise times were different for the excitatory



and inhibitory currents, the spectral slope were different as well (steeper for the
inhibitory). As the balance between the contributions of the two currents was varied,
representing the alteration of excitation and inhibition ratio, a change was reflected
in the spectral slope of the total simulated LFP. The hypothesis that a link between
micro and macro scale phenomena has been made seems intriguing, however, the E/I
ratio had been significantly correlated with the spectral slope only in the 30-50 Hz
range, while empirical measurements show much power-law like spectra in a much
wider band.

In another attempt (Milstein et al., 2009) to explain the 1/f scaling of LFP
power spectra, a shot noise model was adopted, known from the field of electronics,
more precisely in the noise in an electric resistors, first described by Schottky. In
an analytical model, the loose assumptions were made that each neuron has its own
stereotypic extracellular contribution profile to the total potential, and that this spe-
cific profile is repeated by each neuron according to a point process that corresponds
to its spike train. In addition, it was required that the system is in a stationary
state, so that its autocorrelation is independent of time and, as observed in practice,
that the power-spectrum respects a power-law. Two solutions were proposed for the
problem, first, that the extracellular field of neurons are characterized by a much
slower decay time than rise time, thus given a Poisson-like spike train of independent
activations, the PSD of the local field could have the observed shape of P(f) oc f72,
similar to Brownian noise. The second possibility was that the extracellular field
of the neuron is has the shape of a sharp peak, and the point process of the spike
train is not a simple Poisson process, more exactly the spike timing correlations are
linear. Such a process is the so-called telegraph process, which consists of periods
of sustained rapid activity, followed by intervals of inactivity, which can be similar
to the alternation of UP-DOWN states in the cortex.

1.1.2 The spectral slope reflects arousal level and sleep stages

Among other non-linear parameters, the sleep stage specificity of the EEG spectral
exponent had been observed, with flattest spectral slopes in wake (z =~ —1.5) and
steepest in slow-wave sleep (z ~ —3) (Pereda et al., 1998). Consistent with dif-
ferences found in ECoG data between awake and slow wave sleep states (Zempel
et al., 2012). Chemically induced alterations in arousal was also pointed out, as the
effects of certain anesthetics produced significantly steeper spectra. The steepening
of the spectral slope coincided with the loss of consciousness, which was the case for
propofol and xenon, but not for ketamine, where both the wake-like spectral slope

and conscious experiences persisted (Colombo et al., 2019). The spectral slope was



proposed as an accurate marker of arousal levels (Lendner et al., 2020), as it did not
only delineate between wake from deep sleep and states of anesthesia, but also REM
sleep, which in other aspects had more wake-like features. Age-specific changes in
sleep are also reflected in the spectral exponent, as sleep depth deteriorates with
the progression of age, EEG spectra become flatter in NREM sleep (Bédizs et al.,
2021b, Bodizs et al., 2024), see Figure 1A. Changes in successive sleep cycles in the
spectral slope show a flattening over the course of the night, also suggesting that the
aperiodic component reflects accumulated sleep pressure (G. Horvath et al., 2022).

Shallower EEG spectra in N2 and N3 were found characteristic of insomnia and
sleep state misperception (Bédizs et al., 2024), possibly explained by increased high
frequency activity present in insomnia. When comparing pooled overnight spectral
slopes from a control group and insomnia patients (11 participants for each group),
a bimodal distribution could be noticed. In the control group the dominant mode
of the spectral slope distribution was below —2, corresponding to sleep, while in
the insomnia group this peak was diminished and values above —2 and closer to —1
were most frequent, see Figure 1C. Patients with NREM parasomnias (sleepwalking,
sleep-related eating disorder, confusional arousals or sleep terrors) were characterized
by steeper spectral slopes than patients with sleep-related hypermotor epilepsy in
N3 sleep stage, which is a significant finding, as the differential diagnosis of the
two has been a challenging task for sleep physicians and epileptologists (Pani et al.,
2021).

We showed that the spectral slope of the EEG is different for sleep stages (Schnei-
der et al., 2022) and reflects sleep homeostasis in general, as it showed clear re-
bound effects after accumulated sleep pressure during a sleep deprivation experiment
(G. Horvath and Bddizs, 2025, Bédizs et al., 2024).

1.2 Methods for separating the oscillatory and aperiodic

components

In the following we present two methods that aim to separate the oscillatory and
aperiodic components in time-series, which can be useful for two reasons. First,
the broadband aperiodic neural activity can be studied, parameters like the spectral
slope, intercept or knee extracted. Second, after removing the aperiodic background,
or 'whitening’ the spectra, oscillations will not be confounded with changes in back-
ground activity offset of rotation, a pitfall that traditional frequency band-based

methods do not avoid (Donoghue, Dominguez, and Voytek, 2020).
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Figure 1: Effects of aging and insomnia on the spectral parameters: A) distribution
of spectral slopes per age group, B) distribution of spectral peak frequencies per age
group in the Budapest-Miinchen database of 251 healthy subjects. Correspondingly,
C) distribution of spectral slopes and D) peak frequencies in insomnia patients vs.
control group, 11 subjects per group. (Adopted with permission from Bédizs et al.,
2024)
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1.2.1 FOOOF

Probably the most popular algorithm for the parametrization of neural spectra is
the Fitting oscillations € one over f (FOOOF) method (Donoghue, Haller, et al.,
2020, recently renamed to Specparam). It is a physiologically informed model of the
power spectrum that can be fitted to different electrophyisiological signals including
EEG, MEG, ECoG and LFP.

The model is based on the assumption that neural activity is composed of two

distinct functional processes:
e An aperiodic background, reflected in the spectrum as a decaying power-law

e A variable number of oscillations, represented by gaussian peaks in the power-

spectrum.

Mathematically the FOOOF model (Eq. 1) describes the observed power-spectra
as the sum of the an aperiodic [L(f)] and oscillatory [G(f)] component in the log,,
power domain. The aperiodic component is defined as a power-law defined by the
spectral exponent (z) and intercept (b), optionally a knee (k) parameter that de-
fines a frequency under which the aperiodic component flattens to a slope of 0, see
Equation 2. The oscillatory component is a sum of a custom number of Gaussian
functions (G,,), each described by a peak amplitude (a), peak center frequency (f.)
and peak bandwidth (w), Equation 3.

logsolP()] = LU + X G, ()
L(f) = b—logio(k + f*) (2)
G(f)o = a-exp(L I Q

The FOOOF method iteratively approximates the aperiodic and oscillatory com-
ponents, by first fitting a power-law, which is subtracted from the original spectrum
to achieve a whitened PSD. The whitened version is fitted with multiple Gaussians,
until no peaks are found above a predefined peak threshold, establishing the oscil-
latory component. Next, the oscillatory component is subtracted from the original
PSD to remove the spectral peaks and the aperiodic component fitted again. Fi-
nally, the oscillatory components are added to the last aperiodic fit resulting in the

final model.
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1.2.2 TRASA

Another well-known method is the Irreqular-Resampling Auto-Spectral Analysis (IRASA,
Wen and Liu, 2016) which also aims to separate the fractal and oscillatory compo-
nents, with one of the differences being that it utilizes the time-domain signals as
its input, not the pre-calculated power-spectra.

Given the time domain signal y(t), the method aims to separate the fractal f(¢)

and z(t) oscillatory processes, that are part of the additive model:

y(t) = f(t) + (1)

Assuming that f(t) is a fractal in the time-domain, the self-affine property of fractals
can be used, stating that after resampling a fractal series f(t) by a factor of h, the
statistical properties of the new signal f,(¢) is the same as that of the original scaled
by the factor of h', (where H is the Hurst exponent) (Mandelbrot and Van Ness,
1968). In the frequency domain this means that the resampled time-series has the

same amplitude spectrum as the original one, only rescaled by h:
Fi(w) = b F(w)

where F'(w) and Fj(w) are the amplitude components at specific frequencies w of
the Fourier transform of time-domain signals f(t) and fj(t) respectively. The above
rescaling holds in the frequency domain only if F'(w) takes the form of a power-law.
In contrast the resampling of the oscillatory component that is non-zero only at
sparse number of frequencies causes a frequency shift in the amplitude and power
spectra. Based on the above assumptions and properties, an estimate of the fractal
power-spectrum F?(w) can be made by taking the median of multiple rescaled ver-
sions of the geometric means Sy, (w) calculated from up- and down-sampled observed

spectra by factor pairs of h and 1/h:

Sh<w> = \/Syhyh (w) ’ Syl/hyl/h(w)

F?(w) = median,{S,(w)}

In order to irregularly resample the signals, the scaling factors of 0.9 < h < 1.1
are used with a step of 0.05, ensuring that possible harmonics of the oscillatory
component do not overlap after the resampling, and get eliminated in the fractal

spectrum estimate.
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2 Objectives

Based on observations that in addition to neural oscillations, the electric activity
of the brain includes an aperiodic, fractal background component, which reflects
meaningful information about states of arousal and consciousness, we adopted a
model of the EEG frequency spectrum that captures the aperiodic component using
a power-law linking the frequency and power spectral density, then assessed how
parameters of this model reflected different aspects of sleep.

First, we aimed to assess the effects of sleep stage, sex, age and brain region on
the spectral parameters of the EEG during sleep in a healthy population, in search
of mathematically well-defined markers of objective sleep depth.

Second, to provide an algorithm for sleep cycle detection utilizing the overnight
dynamics of the spectral slope, and compare the newly defined cycles to classical,
manually annotated ones. Besides testing the cycle detection algorithm on a healthy
sample, sleep data from major depression disorder patients was included in our anal-
ysis, in an attempt to test our method’s sensitivity to alterations in sleep structure
present due to the disorder and different types of antidepressant medications.

Overall, the objectives of our work had been to explore the behavior of fractal
parameters during sleep in more detail, and at the same time to lay the foundations
of a more objective, quantitative methodology of sleep depth and structure mea-
surement, alternative to time-consuming and potentially subjective sleep staging

and cycle annotation.
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3 Methods

3.1 Study 1 - Scale-free and oscillatory spectral measures

of sleep stages in humans
3.1.1 Materials and Equipment

In the study Schneider et al., 2022, EEG recordings from the Budapest-Miinich
polysomnographic database were used that included 251 healthy subjects (122 fe-
males) from a wide age range (4-69 years). Age groups were adopted as defined
in a previous study (Bddizs et al., 2022): children (4-10 years, N = 31), teenagers
(1020 years, N = 36), young adults (20-40 years, N = 150), and middle-aged adults
(40-69 years, N = 34). Ten EEG channels (Fpl, Fp2, F3, F4, P3, P4, C3, C4, O1,
02; see Figure 2) were analysed with placements according to the 10-20 standard
(Bédizs et al., 2022).

The database is a result of a multi-laboratory study, as such, some technical
parameters of the EEG recording equipment differed (precision, sampling rate, fil-
ter settings), however they all captured a whole night of undisturbed sleep after
an adaptation night. The adaptation nights were part of the procedure to decrease
possible first-night effects on sleep, and not included in the database. In order to
eliminate differences in the recording hardware, the amplitude reduction of the EEG
amplifiers were measured in the 0.05-100 Hz frequency range and used to correct
the power-spectral densities (see Materials and Methods in Ujma et al., 2017). The
recordings were mathematically re-referenced to a linked-mastoid setup before pro-
cessing. Hypnograms were available from the database as recordings were previously
scored according to the American Academy of Sleep Medicine (AASM) rules (Berry
et al., 2018), however a 20s epoch length was employed from the Rechtschaffen
& Kales methodology (Rechtschaffen A, 1968), furthermore visual annotations of

artifacts were also at our disposition with a higher, 4s resolution.

3.1.2 Power spectrum calculation

The power-spectral densities (PSDs) were calculated for each sleep stage, subject
and electrode. The signals were segmented into windows of 4s length with 2s overlap,
windows that contained any artifacts were excluded, than a Hanning-window was
applied, and the squared absolute values of the FFT evaluated. As the window
length was fixed (and the NFFT sample numbers equal to 4 times the sampling
frequency), a common frequency resolution of 0.25 Hz was achieved in the PSDs,

irrespective of differences in original sampling rates. Average PSDs for each subject,
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Figure 2: Schematic outline of the fitting process: a) EEG is recorded with elec-
trodes placed according to the 10-20 system, out of which 10 are used, covering
5 brain regions on both left and right hemispheres. b) Time domain signals are
segmented into 20 s windows and grouped by sleep stages for each EEG channel.
c¢) Average power-spectral density is calculated for each sleep stage per channel. d)
The FOOOF model is fitted to the average power spectra, and the model parame-
ters are extracted: spectral slope [z = tan(«)], intercept (b), peak central frequency
(f.), and peak power (p,). (From Schneider et al., 2022 with permission.)
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electrode and sleep stage were created using Welch’s method.

3.1.3 Model fitting

The spectral slope and intercept along with spectral peaks parameters were extracted
from each PSD using the " Fitting of Oscillations and One Over F” (FOOOF) method
(Donoghue, Haller, et al., 2020).

The fitting was applied to the 2-48 Hz frequency range, resulting good fits in gen-
eral (with R? coefficients of determination min.:0.6401, mean: 0.9908, max.:0.9999).
The range was chosen as it is the widest stable region of the power-law in the spec-
trum during sleep. Part of the EEG signals were hardware filtered at 0.5 Hz, thus
low frequency oscillations < 1Hz could not always be fully resolved, which could
be confused with aperiodic activity by the FOOOF fitting method, a common chal-
lenge of current methods, also discussed in the literature (Gerster et al., 2022). The
upper boundary of 48 Hz was chosen in order to avoid the 50 Hz power line peak,
and regardless, no significant scalp EEG activity is expected above this frequency
during sleep. Some parameters of the method were altered in order to avoid over-
and underfitting, to get a better resolution of spectral peaks the peak bandwidth
range was set to 0.7-4 Hz and the peak threshold to 1.

3.1.4 Statistical analysis

The parameters included in the statistical analyses were: the spectral slope, center
frequency and power of the dominant peak. Assessing the relationship between the
spectral slope and intercept, a strong correlation was revealed. To eliminate this
dependence an alternative definition of the intercept was used, namely the power of
the aperiodic component at the frequency of the dominant peak, as it was pointed
out before, this is the frequency location at which the aperiodic power shows the
least correlation with the spectral slope (Bédizs et al., 2021a).

Considering each spectral parameter as the dependent variable, general linear
model analysis (repeated measures ANOVA with sigma restricted parametrization)
was carried out while considering factors of sex and age group, and within-subject
effects of sleep stage: WAKE, NREM1, NREM2, SWS, REM (corresponding AASM
stage codes: W, N1, N2, N3, R), brain region (frontopolar, frontal, central, parietal,
occipital) and laterality (left, right).

16



3.2 Study 2 - Fractal cycles of sleep, a new aperiodic activity-

based definition of sleep cycles

In Study 2 (Rosenblum, Jafarzadeh Esfahani, et al., 2025) a novel sleep cycle
detection method had been introduced, based on the overnight dynamics of the
spectral slope of the fractal EEG component. The newly defined ’fractal cycles’
were compared to classical, manually annotated sleep cycles, assessing correlations
of cycle durations between the two methods, as well as the detection of skipped
REM stages in a population of healthy subjects and a group of patients with major
depressive disorder (MDD).

3.2.1 Materials

A total of 337 polysomnographic recordings were used to compare the two methods,
combined from six datasets, that included 205 healthy adults from a wide age range
of 18-75 years (mean: 36.7 £ 15.0 years), 118 females (Datasets 1-5) and 21 healthy
children and adolescents between the ages of 8 and 17 years (mean: 12.4 4+ 3.1
years), (Dataset 6). Datasets 1-3 also included 111 patients with MDD. Out of the
six datasets five were recorded in a sleep laboratory (Dataset 1,2,3,5,6) and one
at the participants’ home (Dataset 4) using polysomnographic devices, for more
detailed information about the datasets and recording devices see Table 1. EEG
electrodes F3 and F4 were used as these were common in all datasets except one (in

Dataset 1 channel C3 and C4 were analysed in lack of frontal electrodes).

Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Dataset 6
- Rosenblum et al., Jafarzadeh Rosenblum et al., Furrer, 2019
Original study 2023 Esfahani et al., 2024 Volk, 2019
2023 Jaramillo, 2020

Healthy participants 38 39 33 34 62 21
MDD patients 40 38 33 0 0 0
Recording environment Lab Lab Lab Home Lab Lab
Nr. of channels 4 128 32 24 16 128
Sampling rate [Hz] 250 200 250 256 250 500
Analyzed electrodes C3, C4 F3, F4 F3, F4 F3, F4 F3, F4 F3, F4
Epoch length (] 30 30 30 30 30 20

Table 1: Specifications of the datasets used in the analysis. (Adapted from Rosen-
blum, Jafarzadeh Esfahani, et al., 2025.)

3.2.2 Classical definition of sleep cycles

Given the hypnograms from two independent scorers, the classical cycles were estab-
lished manually based on the original definition of sleep cycles (Feinberg and Floyd,

1979), and some minor alterations. The beginning of a cycle could be N1, N2, in
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some cases wake, succeeded by at least 20 min of N2 or slow-wave (SWS) sleep, fi-
nally, the cycle is terminated at the following REM stage’s end, with possible short
interruptions by wake or NREM sleep. In a few instances, the cycle end was set to
a NREM or wake stage. The last cycles toward the end of the night not terminated
by REM were removed if shorter than 50 minutes, kept otherwise.

Cycles with skipped REM stages at the end and with longer durations than 110
minutes were manually split into two cycles during visual inspection and flagged

"skipped’ if:

e The cycle contained lightening of sleep (wake, N1 or N2) in the middle instead
of REM.

e There was a period of uninterrupted wake, N1, N2 or movement longer than

12 minutes preceded and succeeded by SWS.

o If lighter sleep (or wake) clearly separated two episodes of SWS.

3.2.3 Fractal activity-based cycles of sleep

The proposed method, ’fractal cycles’ for short, aims to give an objective, auto-
matically computable definition of sleep cycles based on the fractal (or aperiodic)
activity of the brain, more precisely the local extrema in the overnight dynamics of
the spectral slope of the electroencephalogram.

The offline analysis of the EEG signals was executed with MATLAB (vR2021b),
using the Fieldtrip toolbox and custom scripts. After averaging the time domain
signals of the two electrodes, F3 and F4, (C3 and C4 in the case of Dataset 1),
the power spectra were calculated for each epoch and the fractal component sepa-
rated from the oscillatory spectral component using the Irregular-Resampling Auto-
Spectral Analysis (IRASA) method (Wen and Liu, 2016). The spectral slopes were
then calculated in the log-log domain, using the logfit function in the 0.3 — 30 Hz
frequency range. The 0.3-30 Hz and 30-48 Hz region was considered separately, the
latter didn’t distinguish sleep stages as consistently, so the 0.3-30 Hz was adopted
for cycle detection. Another comparison was made with the 1-30 Hz range as well,
however after applying the Savitzky-Golay filtering it yielded the same slope time
series as the 0.3-30 Hz band. We would like to note that the spectral slopes calcu-
lated in the two studies are comparable despite the differences in the fitting method
and range. Assuming that he power-law spectra underline a scale independence be-
tween frequency and power, the spectral slope is not expected to be dependent on

the fitting range in general, so this might be considered a technical detail.
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Figure 3: Steps of the ’fractal cycles’ method: spectral slopes are calculated from the
power spectral data for each epoch, then smoothed and z-normalized. The fractal
cycles are defined as the interval between two consecutive local maxima that exceed
the amplitude of 0.9 z and are at least 20 minutes apart. Aslocal minima correspond
to deeper stages of sleep and local maxima are reached during REM or lighter sleep,
the cyclic nature and correspondence with the hypnogram of the spectral slope time-
series are visually evident. (From Rosenblum, Jafarzadeh Esfahani, et al., 2025 with
permission. )

The time-series of slope values were normalized by converting them into a series
of z-scores per recording, then a 5th order Savitzky-Golay filter was applied with a
frame length of 101. Next, a peak detection algorithm (Matlab’s findpeaks function)
was employed to find the local minima and maxima of the smoothed series, with 20
minute minimal distance between peaks and peak prominence of |z| > 0.9. Having
detected the local extrema this way, fractal activity-based cycles were defined then
as the period between two consecutive local maxima of the normalized and smoothed

spectral slope series, see Figure 3.
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3.2.4 Statistical analysis

Non-parametric tests were used as the normality assumption of the classical and frac-
tal cycle durations did not hold according to the one-sample Kolmogorov-Smirnov
test (p < 0.05). Spearman’s correlations were assessed between the classical and
fractal cycle durations for each dataset separately and for the pooled data as well.
The number of cycles detected by the two methods didn’t always match, the mean
number of the classical cycles was 4.7 4+ 0.9, for the fractal cycles 4.6 + 1.0 cycle
per night, while the prevalence of cycle number mismatch was 34-55%, depending
on dataset. In the cases where cycle numbers were equal between the two methods,
the durations of the corresponding cycles were correlated. In case of cycle number
difference between the methods, the cycle durations were averaged per participant
and the average classical and fractal cycle durations were correlated.
Mann-Whitney U tests were used to make comparisons between the pediatric
and young adult groups, MDD patients and controls, MDD patients with REM-
suppressive versus REM-non-suppressive antidepressent treatments. Paired samples

Wilcoxon test was applied to compare medicated and unmedicated states in MDD.

20



4 Results

4.1 Study 1 - Scale-free and oscillatory spectral measures

of sleep stages in humans
4.1.1 Spectral slope

The spectral slope of the EEG showed a strong main effect of sleep stage, see Figure 4
[Flaseay = 770.29,p < 107°, 72 = 0.788], with highest slope values (flattest PSDs)
during wakefulness, then decreasing throughout non-REM sleep, reaching the lowest
values (steepest spectral slopes) in slow wave (N3) sleep, and increased again in the
REM stage. Age group also showed a significant main effect, revealing a general
flattening of the EEG spectrum in sleep with the progression of age [F(3206 =
6.47,p < 107%, 72 = 0.086]. A main effect of topography was observed [Fiysos =
113.33,p < 107°, 72 = 0.355] with decreased slope values in the more anterior EEG
channels. Interaction effects were strongest in the case of stage-region [F{i63206) =
55.23,p < 10*5,772 = 0.211] and stage-region-age [Fl4s32) = 4.95,p < 10*5,7712) =
0.067], see Figure 4, where flattening of the spectral slope in SWS with aging can be

especially nicely noted, indicating the deterioration of sleep quality in older subjects.

Child Teenager Young adult Middle-aged adult

Spectral slope
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Figure 4: Spectral slopes as functions of sleep stage, brain region, and age group.
Note the gradual decrease of slope values (decreasing spectral exponents, increasing
steepness) during the course of deepening of NREM sleep, as well as a relatively
increased slope in REM sleep (but still below the NREM1 values). Vertical bars
denote 95% confidence intervals. (From Schneider et al., 2022.)

4.1.2 Spectral intercept

As intercept values provided by the FOOOF method were significantly correlated
with the spectral slopes, the average Pearson’s correlation coefficient was: (r) = 0.47
(correlations between the spectral slope and intercept were calculated separately for

each sleep stage and EEG channel, then Fisher-z transformed, averaged, and inverse
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transformed). However, after adopting the alternative definition of the intercept as
the power of the aperiodic component at the frequency of the dominant peak (Bédizs
et al., 2021a) the correlation was eliminated, the average correlation reduced to
(ry = —0.03, thus statistical independence between the aperiodic parameters was
ensured.

The main effect of sleep stage on the intercept parameter was still present
[Flassey = 35.73,p < 107°, 7 = 0.15] with highest intercept values in SWS. The
spectral intercept was increased in children in general (see Figure 5), contributing
to the main effect of age [Fis200) = 26.37,p < 10*4,7];,2, = 0.27], in addition an in-
teraction of sleep stage and brain region was also significant [F(163314) = 9.18,p <
10_5,77]3 = 0.004], with intercept increases more dominant in the frontopolar and
frontal electrodes. There was a significant effect of sex on the spectral intercept
[Fl1,13) = 31.45], showing increased values in women, a known general difference in

EEG amplitudes, a result of skull-thickness dimorphism.
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Figure 5: Modified spectral intercepts as functions of sleep stage, brain region,
and age group. Note the particularly high intercepts in children, indicating high
overall EEG amplitude values. Furthermore, the modified intercepts of SWS stage,
especially the ones measured over the frontopolar recording regions, exceed other
stages and regions. Vertical bars denote 95% confidence intervals. (From Schneider
et al., 2022.)

4.1.3 Central peak frequency

Observing the central frequency of the dominant peak, a strong main effect of brain
region was revealed [F4g24) = 58.138,p < 1077, 7]72, = 0.22], with increased frequen-
cies in the frontal and frontopolar derivations. Significant effects of age [Fi3206) =
17.2,p < 107°, 72 = 0.2] and sleep stage [Fl45) = 15.584,p < 107°, 7> = 0.07] were
found, the peak frequencies converging to sleep spindle frequencies in the non-REM

stages, see Figure 6.
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Figure 6: Central peak frequencies as functions of sleep stage, brain region, and
age group. Note the high intersubject variability of central peak frequencies in
WAKE, NREM1, and REM stages, as compared to NREM2 and SWS frequencies.
This pattern indicates the presence of multiple oscillators with individually variable
dominance in WAKE, NREM1, and REM stages, as well as a reliable dominance
of sleep spindle waves (11-16 Hz) in NREM2 and SWS. Vertical bars denote 95%
confidence intervals. (From Schneider et al., 2022.)

4.1.4 Peak power

The power of the dominant spectral peak also was significantly different between
sleep stages [Flyg24) = 88.765,p < 107°, 72 = 0.301] and brain regions [Fysos) =
97.645,p < 1072, 775 = 0.321]. Some additional interaction effects were also revealed,
for more details see supplemetary material of Schneider et al., 2022. It is worth to
note the inverted U-shape of peak power with aging in NREM2 sleep, being most
prominent in teenagers and young adults, yet diminished in children and middle-

aged adults, see Figure 7.
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Figure 7: Power of the largest spectral peak as function of sleep stage, brain region,
and age group. Note the high peak power in wakefulness and NREM2 sleep, known
to be characterized by prominent alpha and sleep spindle oscillations, respectively.
In addition, peak power is lower in children and in middle aged adults, as compared
to teenagers and young adults. This pattern coheres with the ontogeny of sleep
spindle oscillation in humans. Vertical bars denote 95% confidence intervals. (From
Schneider et al., 2022.)
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4.1.5 Adjusted spectral slope

It has been demonstrated that the parameters of the aperiodic spectral component of
the EEG can be highly subject-specific (Demuru and Fraschini, 2020). In addition,
we found that spectral slopes were significantly correlated between all sleep stages
within subjects, the effect being more pronounced between subsequent sleep stages,
see Figure 8. Assessing all possible pairings of (non-identical) sleep stages, correla-
tion coefficients (Pearson’s r) were in the range of 0.2 < r < 0.8, mean (r) = 0.49,
with significances: 107 < p < 1072

In order to reduce the subject specificity of the spectral slope and increase the
stage specificity, we propose a new measure termed the "adjusted spectral slope”
that is defined as the deviation from the spectral slope measured during wakeful-
ness before sleep in each individual. The index achieved this way indeed provided a
slightly stronger sleep stage effect [F(3 607 = 1198.56,p < 107°, 12 = 0.85], further-
more stage-region interaction [F122508) = 62.99,p < 107°, 72 = 0.23], see Figure 9.
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Figure 8: Correlation of spectral slopes between different sleep stages. a) Covariance
plot of spectral slopes between different sleep stages, each point corresponding to a
subject. b) Pearson correlations of spectral slopes between sleep stages in the case
of the Fpl channel. It can be noted that the values closer to the main diagonal are
higher, suggesting that there is more correlation between subsequent sleep stages.
(From supplementary material of Schneider et al., 2022.)
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Figure 9: Adjusted spectral slopes as functions of sleep stage, brain region, and
age group. Slopes were expressed as deviations from individual-, sleep stage-, and
recording location-specific deviations from corresponding resting wakefulness values.
a) Overall group mean, (b) age-group-specific means. Note the particularly reliable
steepening of spectral slopes from NREM1 through NREM2 to SWS (indicated by
decreasing slope values), as well as a considerable flattening in REM sleep, slightly
above NREM2, but below NREM1-specific values. Vertical bars denote 95% confi-
dence intervals. (From Schneider et al., 2022.)
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4.2 Study 2 - Fractal cycles of sleep, a new aperiodic activity-

based definition of sleep cycles
4.2.1 Fractal cycles in healthy adults

After visual inspection of overnight dynamics of the spectral slope of the EEG, it
could be noted that the series usually peaks during REM episodes, and is locally
minimal during non-REM sleep, see Figure 10A.

Furthermore, upon simple quantified inspection, known features of sleep were
instantly revealed in the series. More specifically that the spectral slope alternated
between peak-trough-peak 4-6 times during a night, and the duration of a cycle was
around 90 minutes. The pooled average across cycles in all datasets of the fractal
cycle duration was 89 + 34 min, while for classical cycles 90 & 25 min. Correlations
between the per participant averaged durations of classical and fractal cycles were
significant in all six datasets (r = 0.4-0.5), see Figure 10C and Table 2.

4.2.2 Correspondence between fractal and classical cycles

The 81% of fractal cycles could be matched with classical cycles upon visual in-
spection, 763 out of 940 cycles in all datasets, (and in 77-88% when datasets were
analyzed separately). The number of fractal cycles matched classical cycles in 54%
of all participants (111 out of 205), and the correlation of the durations of corre-
sponding cycles was between r = 0.5 — 0.8, p < 0.001, see Table 2. In participants
with fractal and classical cycle number mismatch, the average cycle number differ-
ence (fractal-classical) was —0.23 £ 1.23 cycles, ranged between -2 and 2, in these
cases lower correlations were found between the cycle numbers (r = 0.28, p = 0.006)
and cycle durations (r = 0.278,p = 0.006), see such an example in Figure 10B. It
should be noted that despite the fact that the total number of cycles differ, some

fractal cycle timings still matched the classical ones.

4.2.3 Fractal cycles in children

In the following, a child group (n=21, Dataset 6) in the age range of 8-17 years
(mean: 12.4 £ 3.1 years) was compared to young adult participants selected from
the rest of the datasets (n=24) in the age range of 23-25 years (mean: 24.8 £+ 0.9
years), by the age at which the brain maturation process is supposedly complete.
Children manifested significantly shorter fractal cycle durations of 76 4+ 34 min,
while for young adults cycles were around 94 £ 32 min (p < 0.001, Cohen’s d=-

0.57), there was a similar difference in the classical cycles as well with 80 £ 23 min
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Figure 10: Fractal cycles in healthy adults, cycle turning points are the local maxima
of the z-normalized and smoothed spectral slope series. Individual examples of A)
matching and B) mismatching classical and fractal cycles. C) Correlation of average
fractal and classical cycle durations per participant. D) Cycle-to-cycle dynamics of
cycle durations, fractal descents and ascents (the amplitude difference from peak
to through (and through to peak) within a cycle). (From Rosenblum, Jafarzadeh

Esfahani, et al., 2025.)
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Dataset 1 Dataset 2 Dataset 3 Dataset 4 Dataset 5 Pooled dataset

Nr. of participants 38 39 32 34 62 205

TST [min] 394 £ 55 430 £ 26 434 + 37 445 + 62 467 = 38 438 £ 51

Classical cycle 86.2+233 90.0+21.3 89.04+227 9224237 91.9429.0 90.1+24.9
duration [min]

Fractal cycle

. . 86.44+35.2 90.0+255 864+31.2 94.7£37.1 89.9+37.1 89.1+34.0
duration [min]

Classical-fractal
cycles duration 0.407 0.485 0.498 0.548 0.481 0.488
correlation, r

Classical-fractal
cycles duration 0.011 0.002 0.004 0.001 1075 10718
correlation, p

Match between

classical and fractal

cycles duration 78 88 82 87 7 81
and timing,

% cycles

Participants with

all classical

and fractal 53 62 66 53 45 54
cycles matching

% participants

Nr. of fractal cycles 167 171 152 152 298 940

Nr. of classical cycles 171 180 146 161 303 961

Table 2: Classical and fractal cycle descriptives of healthy adults. TST - total sleep
time. (Adopted from Rosenblum, Jafarzadeh Esfahani, et al., 2025.)
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in children and 90 £ 22 min in young adults (p < 0.001, Cohen’s d=-0.42), see
Figure 11C,D.

Using slightly more complex (ANCOVA) models separately for both cycle dura-
tions as the dependent, the group as the independent variable and age as a covariate,
the differences were more pronounced in the fractal cycle durations (Fi;43) = 4.5,
7712, = 0.18) between the two age groups, compared to differences in the classical cycle
durations (F(1 43 = 3.1, 17 = 0.13).

When comparing the durations cycle-by-cycle overnight, a reduction in classical
cycle duration was found only in the fourth cycle in children compared to young
adults (Cohen’s d=-1.0), while fractal cycle durations significantly differed between
the two groups in the first two sleep cycles (Cohen’s d=-0.61-0.72), see Figure 11E.

4.2.4 Age and fractal cycles

The effect of age on sleep cycle duration was also investigated in the pooled healthy
adult dataset in the age range of 18-75 years (mean:33.5 years). A reduction of
mean fractal cycle duration was associated with the progression of age (r=-0.19,
p = 0.006), in order to rule out intra-sleep awakenings as a confounding factor
the correlation between wake after sleep onset (WASO) and fractal cycle duration
was assessed and found to be non-significant (r=0.01, p = 0.969). In addition, the
relationship between fractal cycle duration and age was reevaluated in a partial
correlation analysis, while controlling for WASO, which proved to be still significant
(r=-0.16, p = 0.011).

Similarly, REM latency was also considered as a possible confounding factor, as
it is know to be correlated with age. Nevertheless, the partial correlation between
average fractal cycle duration and age was significant when adjusting for REM
latency (r=-0.16, p = 0.025), however correlation between cycle duration and REM
latency was not, when controlling for age (r=0, p = 0.746).

It should be noted, however, that the above effects were only significant for the
pooled datasets and disappeared when including the dataset of children (Dataset 6).
Furthermore in contrast to the findings in the fractal cycle durations, the average
classical cycle duration didn’t correlate with age in the pooled or in the separate

datasets.

4.2.5 Fractal cycles in MDD

In order to evaluate the clinical applicability of the method, fractal cycle durations

were compared between healthy controls and patients with major depressive disorder

(MDD).
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Figure 11: Comparison of fractal cycle duration between the age groups of children
and young adults: A) classical (top) and fractal cycles (bottom) in a participant
from the child group. B) comparison of classical (top) and fractal cycles (bottom)
in a young adult participant. C) distributions of cycle durations with the two
different methods (subplots) and age groups (colors). D) whisker plot of fractal
cycle durations by age group. E) cycle-by-cycle comparison of age effects in the
classical (left) and fractal cycle durations (right). (* marks a significant statistical
difference between the groups.) (From Rosenblum, Jafarzadeh Esfahani, et al.,
2025.) 31
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Figure 12: Associations between mean fractal cycle duration, age, wake after sleep
onset (WASO) and REM latency. While both WASO and REM latency were signif-
icantly correlated with age, partial correlations remained significant between mean
fractal cycle duration and age even after adjusting for these. (From Rosenblum,
Jafarzadeh Esfahani, et al., 2025.)
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Dataset Group N  Cycles Duration [min] p d

1 HC 38 167 84 + 35 - -
MDD, long-term med. 40 143 97 £ 43 0.001 0.3

2 HC 39 171 90 + 26 - -
MDD, unmed. 38 155 92 4+ 38 n.s. -
MDD, 7d med. - 133 107 + 51 0.0001 0.5
REM-non-suppr. 17 63 95 + 44 - -
REM-suppr. 21 70 121 & 55 0.003 0.5

3 HC 32 154 88 + 32 - -
MDD, 7d med. 33 122 107 + 48 0.0001 0.5
MDD, 28d med. - 100 106 + 51 0.001 04

Table 3: Fractal cycle statistics in healthy controls (HC) and patients with major
depressive disorder (MDD) under different treatments. (Adopted from Rosenblum,
Jafarzadeh Esfahani, et al., 2025.)

An increase in fractal cycle duration was found in both short- and long-term
medicated MDD patients relative to controls. Dataset 1 included long-term medi-
cated patients, their fractal cycle durations were significantly longer (97 + 43 min)
than those of healthy controls (84 £35 min, p = 0.001, Cohen’s d=0.3). In Dataset 3
a significant slowing of fractal cycles was present after 7 days of medication (107448
min, p < 0.001, Cohen’s d=0.5) and persisted after 28 days (106451 min, p = 0.001,
Cohen’s d=0.4) when compared to the baseline unmedicated states of the same in-
dividuals (88 4 32 min), see Table 3 and Figure 13B.

In Dataset 2, it was also revealed that the type of antidepressant medication
(REM-suppressive vs REM-non-suppressive) is also and important factor when com-
paring sleep cycles of MDD patients. Fractal cycles in patients taking REM-suppressants
were significantly longer (95 + 44 min, p = 0.003, Cohen’s d=0.5) than in those un-
der REM-non-suppressive treatment (121 + 55 min). Differences between healthy
controls and unmedicated MDD patients were non-significant, see Table 3.

When grouping all three datasets MDD patients under medication exhibited
slower fractal sleep cycles (104 £ 49 min, p < 0.001) compared to controls (88 +
31 min), see Figure 13C which effect was most prominent in the first sleep cycle
(Figure 13D).
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Figure 13: Comparison of classical and fractal cycles in healthy controls (HC)
and major depressive disorder patients (MDD): A) under different medication sta-
tuses, B) pooled distributions of cycle durations by method and disorder group,
C) overnight dynamics of cycle parameters by cyles. (* marks a significant statisti-
cal difference between the groups.) (From Rosenblum, Jafarzadeh Esfahani, et al.,

2025.)
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5 Discussion

Both above presented studies have demonstrated that the fractal component of the
EEG carries meaningful information about sleep, and that the parametrization of
the power-spectral density can provide a basis for a more objective assessment of

sleep. In the following we discuss these findings in a wider context of the literature.

5.1 The spectral slope of EEG reflects sleep depth

The analyses in Study 1, have shown that most of the variance in the spectral
slope can be explained by sleep stages, and that deeper sleep stages are reliably
associated with more steep spectral slopes (more negative spectral exponents), with
values around and slightly above -2 in wakefulness, then decreasing in NREM sleep
until reaching the minimal value of -3 in SWS, and increased again in REM sleep
to above -2.5.

Known effects of sleep deterioration associated with aging were also reflected
in the fractal component, as there was a noticeable increase in the spectral slopes
in older age groups in NREM2 and SWS sleep. In addition the recording region-
dependency of the slope was also reproduced, with steeper spectra in more anterior
electrodes (Voytek et al., 2015, Bddizs et al., 2021b, Pathania et al., 2022).

The observation that the fractal component of brain activity is distinct in wake-
fulness and sleep has been demonstrated before, for example the fractal exponent
calculated via coarse graining spectral analysis was shown to differ between wake
and sleep EEG (Pereda et al., 1998), or in studies exploring the fractality of EEG
signals in sleep through the Hurst-exponent (Weiss et al., 2011), which is known
to be correlated with the spectral exponent in fractional noises. It was also shown
before that the spectral slope can differentiate between states of wake, sleep and
anesthesia (Colombo et al., 2019, Lendner et al., 2020). Nevertheless, the methodi-
cal assessment of all spectral parameters on a large sample size with focus on sleep
stage differences presented in Study 1 was a novelty. The importance of the spectral
slope in the context of sleep and arousal is also demonstrated by the vast literature
that studied it since.

It was shown that after sleep deprivation, under accumulated sleep pressure,
the spectral slopes had been significantly steeper during the first four sleep cycles,
backing the hypothesis that the spectral slope reflects objective sleep depth and
sleep/wake homeostasis. Furthermore, that inter-individual differences were smaller
when using the spectral slope compared to the traditional indicator of sleep depth,
slow-wave activity (SWA). (G. Horvath et al., 2022, G. Horvath and Bédizs, 2025).
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In another approach (Kozhemiako et al., 2022) the spectral slope had been con-
sidered in the gamma frequency range (35-45 Hz) and its reliability to differentiate
between sleep stages confirmed on a very large sample (N=10255), here effects of
age and sex were also revealed, furthermore the importance of EEG reference choice
highlighted.

A systematic analysis of developmental effects on the fractal EEG component
during wakefulness and sleep was made in Favaro et al., 2023 on a sample of 160
subjects, children and adolescents in the age range of 2-17 years. Fitting the power-
law in the 1-20 Hz range it was evidenced that while the spectral slope is reduced
as sleep deepens, similar to our findings in Study 1, their values are increased both
in sleep and wakefulness along maturation. Moreover, both deep (N2, N3) and light
(N1) sleep and wakefulness presented gradually more distinct spectral slopes with the
progression of age, suggesting a differentiation of vigilance states with maturation.

Our results were also replicated by a study (Hohn et al., 2024) that compared
the broadband (1-45 Hz) and the gamma band spectral slopes across sleep stages,
emphasizing that the choice of the fitting frequency range is important. It was shown
that while the broadband spectral slopes in REM were flatter and more similar to
values of wakefulness, the gamma band slopes are steeper in this stage, making REM
a heterogenous state in this perspective.

A more detailed analysis of aperiodic activity in REM sleep (Rosenblum, Bogdany,
et al., 2025) revealed that the tonic and phasic REM states also show distinct spec-
tral slope values. While phasic REM sleep is generally characterized by bursts of eye
movement and a state of sensory detachment from the environment, phasic REM
exhibits increased responsiveness to external stimuli and lowered arousal thresholds.
Broadband (2-30 Hz) spectral slopes were steeper in the phasic state, while high-
band (30-48 Hz) slopes were flatter, further suggesting the ability of the spectral

slope to reflect arousal states.

5.2 Spectral slope dynamics track sleep cycles

As the spectral slope of the EEG proved to be a robust indicator of arousal and
sleep stages, taking a further step, the overnight evolution of the spectral slope was
utilized in Study 2 to track dynamical changes in sleep and to identify the basic
building blocks of sleep structure: sleep cycles. The hypothesis that the alteration
of NREM and REM stages would be also reflected as cyclicity in the spectral slope
time-series was confirmed, furthermore by detecting local extrema of the series a
above a threshold, a new definition of sleep cycles could be made automatically, a

process that traditionally requires cumbersome manual scoring.

36



It was observed that the fractal cycle durations were significantly correlated
with classical cycles determined by manually scored hypnograms in the healthy and
MDD patients as well. Shorter fractal cycle durations were revealed in children and
adolescents compared to adults, furthermore a negative correlation between fractal
cycle duration and age in the healthy adult group. Overall 81% of the fractal cycles
corresponded to classical cycles, moreover cycles with skipped REM stages could
also be detected by the new method.

We would like to note however that fractal cycles are inherently different in
some aspects, and are supposed to provide a data-driven alternative definition of
sleep cycles. The first difference being that while classical cycles are based on a
set of categorical values (discrete sleep stages assigned by a human scorer), fractal
cycles utilize the continuous real-valued series of the fractal slopes, which is more
information rich and objective. Furthermore, the delineation of cycles is not always
straightforward based on the hypnogram, for example with interrupted or skipped
REM sleep, in contrast fractal cycles offer a straightforward definition, based on the
local maxima of the spectral slope in time. A second difference is that the turning-
point of classical cycles is defined as the end of a REM period, in contrast, the
turning-point of fractal cycles is defined at a local maximum of the spectral slope,
which usually occurs during REM, as a consequence longer REM periods can cause
mismatches between the fractal and classical cycles.

The practical effectiveness of the newly defined method has been analyzed so
far, and while the study of underlying mechanisms is out of the scope of the study,
some hypotheses regarding the functional significance of fractal cycles can be made,
based on the literature.

In the framework of the reciprocal-interaction model (Pace-Schott and Hobson,
2002), the cyclic alternation of NREM and REM sleep is generated by a complex
bidirectional interaction of REM-on and REM-off neurons located in the pons and
modulated by several neurotransmitters, however the cyclical fluctuation of acetyl-
choline is considered to be responsible for the periodic reoccurrence of REM sleep
(Hobson et al., 2000, Nir and Tononi, 2010), furthermore it was shown that in rats
cholinergic stimulation was associated with flatter spectral slopes (Park and We-
ber, 2020). According to this, the local maxima of the spectral slope correspond to
peaking cholinergic activation, while minima reflect dominant aminergic activity.

Alternatively, noradrenergic locus coeruleus (LC) neurons are proposed as mod-
ulators of the NREM-REM transition, more precisely that while periods of high
LC activity promote arousal, low LC activation is necessary for entry into REM.

In this view, the ascending branch of the fractal cycles correspond to periods of
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low noradrenaline release, thus allowing the transition from NREM to REM sleep
(Osorio-Forero et al., 2024).

According to the neuronal transition probability (NTP) model, spectral patterns
of moving towards and away from deep sleep are a result of firing rate transitions
in neurons that activate the brainstem. With the deepening of sleep, beta power
decreases, delta power increases up to a saturation point, during which sigma reaches
a maximal point, then the reverse happens when moving away from deep sleep
(Merica and Fortune, 2011). In terms of the spectral slope high delta-beta ratio
means a steeper slope, as such, descents in the slope time series correspond to the
deepening of sleep, and vice-versa.

From a higher-level perspective sleep has two antagonistic aspects: sensory de-
tachment from the environment during which the restorative functions of sleep take
effect and transient restorations of arousal maintaining the monitoring of the envi-
ronment (Simor et al., 2022). In this context, we hypothesize that steeper slopes
reflect states of increased sensory detachment and restorative sleep, while flatter
slopes mean increased levels of alertness necessary for external monitoring. Another
duality of sleep can be formulated in terms of reactive and predictive homeostasis
of sleep. As homeostasis in general is defined as the ability to maintain an optimal
internal state of the organism in the face of external or internal perturbations. Re-
active homeostatic processes are ones that aim to restore this optimal state after a
change already occurred, while predictive homeostasis refers to processes that initi-
ate compensation in advance for anticipated perturbations. In this framework the
restorative functions of sleep that dominate the first part of the night are termed
reactive homeostatic processes that are a response to previously accumulated sleep
pressure. After the dissipation of sufficient sleep pressure, processes for the an-
ticipation of wakefulness take over, including dreaming, which prepares the brain
for future challenges, make predictions about future rewards and punishments, and
identify pieces of new information (Simor et al., 2023). We propose that this is
reflected in the fractal cycles as local minima of the spectral slope become shallower

overnight.

5.3 Effect of major depressive disorder on fractal cycles

In the last part of Study 2 the fractal cycles method was applied to a sample of
major depressive disorder (MDD) patients, including subsamples of unmedicated
and medicated states with different types of antidepressants, REM-suppressants vs.
REM-non-suppressants.

Sleep disturbances and abnormal sleep architecture are between the main symp-
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toms of MDD, manifesting reduced periods of SWS, dysregulated REM sleep with
early onset, increased duration and density. It is also important to note that the
vast majority of antidepressant medications reduce sleep related symptoms, while
suppressing the REM phase, delaying the onset and shortening the duration of REM
sleep (Palagini et al., 2013).

In Study 2, no significant cycle legnth differences were observed between unmed-
icated MDD patients and healthy controls. An increase in fractal cycle duration was
found in medicated states of MDD patients relative to their unmedicated states and
to healthy controls, these differences being more pronounced in the first sleep cycles.
The effect of medication type was also significant, REM-suppressive antidepressants
significantly prolonged fractal cycle durations, while REM-non-suppressive medica-
tions didn’t present any cycle duration alterations compared to unmedicated states.
Given the definition of a fractal cycle that is the interval between two consecutive
peaks of the spectral slope intercept, usually coinciding with REM stages, we con-
clude that most alterations in the cycle durations were present due to the suppression
and delayed onset of REM phases caused by antidepressants. Alternatively, a gen-
eral flattening of spectral slopes due to medication could also lead to the detection
of longer cycles, as the peak detection threshold in the fractal cycles method had
been established on a healthy population, thus fewer threshold crossings in a given

time could lead to longer cycles (Rosenblum et al., 2023).

5.4 Oscillatory parameters of EEG spectra

Besides the spectral slope of aperiodic brain activity, neural oscillations were also
investigated in Study 1 as spectral peaks. The most dominant peak was selected
and described by the parameters of center frequency, power and bandwidth.

When considering the periodic component of sleep EEG, we expected to identify
some of the well-known, state-specific oscillation frequencies in different sleep stages:
alpha waves (8-12 Hz) in resting wakefulness, sleep spindle activity (11-16 Hz) in
NREM sleep, theta (4-8 Hz) and beta (16-30 Hz) activity during REM sleep. We
also attempted to test whether topographic differences were present in the spindle
oscillatory peak frequencies, as anterior spindles tend to be faster than posterior
ones. After initial testing, some readjustments in the control parameters of the
FOOOF fitting methods were found necessary, as the standard parameters didn’t
make the separate resolution of two nearby peaks possible. After the correction,
effects of sleep stage, recording region and age were evaluated.

Significant stage, region and interaction effects were found. Stable alpha frequen-

cies were revealed in the child group, however, the activity of the subjects while
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awake had not been controlled during the recording procedure, which could have
been the source of the variability. Sleep stages NREM2 and SWS were dominated
by sleep spindle frequencies, in addition antero-posterior differences were observed,
corresponding to the topographic gradient of frequency in fast vs. slow sleep spin-
dles. Despite REM sleep being most associated with theta activity, the dominant
peaks after removing the aperiodic component were distributed over the beta range,
with frequencies decreasing in the anterior-posterior direction. Increased beta ac-
tivity in REM had been reported before, especially frontally in the tonic phase of
the REM sleep (Simor et al., 2019, Jouny et al., 2000), during which alpha and
mu rhythms (6-12 Hz) could also emerge, then get desynchronized in phasic REM,
paralleling patterns of waking motor cortex activity during resting vs. voluntary
movement execution (De Carli et al., 2016). When comparing the mean values and
the spatial distribution of peak center frequencies in NREM1 and REM, some sim-
ilarities can be recognized, which could be explained by the so-called covert REM
hypothesis, according to which elements of REM sleep can appear during wake-sleep
transition (Nielsen, 2000). Evidence had been found previously in support of the
hypothesis, suggesting that spectral properties similar to REM sleep emerge in the
EEG during the transition to sleep, more precisely after alpha dropout and before
spindle activity (Bddizs et al., 2008).

Comparing the spectral powers of the dominant peaks across stages, wakefulness
and NREM2 were most eminent, with lower powers in REM and NREM1 being
similar in this respect as well. An interesting age effect was discovered in the peak
power of the NREM2 stage, rising and waning over the as age increases, reaching its
maximum in young adulthood. As pointed out before, peaks in NREM2 reflected
sleep spindle activity, which is known to increase in amplitude from early childhood

until maturation then decrease with the progression of age (Purcell et al., 2017).
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6 Conclusions

Based on the results presented in the previous sections the following conclusions

could be drawn:

e Aperiodic neural activity carries meaningful information about brain states in
sleep, more precisely the spectral slope of the EEG is distinct in each sleep

stage, thus a reliable indicator of objective sleep depth.

e As the overnight dynamics of the spectral slope reflected sleep architecture,
it was possible to construct a mathematically formulated definition of sleep

cycles based on the fractal activity.

e Fractal cycle length and timing coincided with manually annotated classical
cycles in the majority of cases, furthermore it could detect cycles with of

skipped or interrupted REM sleep.

e Known effects of aging on sleep were identified both in the aperiodic and oscil-
latory spectral parameters. Flattened spectral slopes reflected the shallowing
of sleep with the progression of age, fractal cycle length increased in children
and decreased in adults with age, peak power corresponding to spindle ac-
tivity also followed an inverted U-curve, being maximal around the age of

maturation.

e Having observed that fractal cycle durations were significantly increased in
medicated patients with major depressive disorder, suggests the method could
as a tool in the analysis of the effects of antidepressants on sleep, and poten-

tially other clinical settings.
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7 Summary

Besides neural oscillations manifested as spectral peaks in the power-spectral den-
sity (PSD) of the electroencephalogram (EEG), the brain constantly generates an
aperiodic, fractal-like background activity that can be described by a power-law
in the frequency domain. Several methods emerged recently that aim to separate
the oscillatory and fractal components of electrophysiological signals and to give a
parametric description at the same time.

In Study 1, we assessed how spectral parameters depended on sleep stages, age
and brain region in a healthy population. Average PSDs were calculated for each
sleep stage and EEG electrode per subject. Using the FOOOF method, the aperiodic
and oscillatory spectral components were fitted and parameters of spectral slope and
intercept, peak center frequency, peak power and peak bandwidth were extracted.

The spectral slope showed the most consistent and specific sensitivity to sleep
stages, being the highest in wake and decreasing with the deepening of sleep, being
minimal in slow-wave sleep, then increasing again in REM sleep. Significant effects
and interactions with age and brain region were also revealed. Oscillatory parame-
ters also showed sleep stage dependence, peak central frequencies being in the alpha
band in wake, spindle range in NREM2 and SWS as expected, but some novel sim-
ilarities were revealed between REM and NREMI1 sleep, being dominated by beta
activity after the removal of the aperiodic background. Furthermore, spindle peak
power showed a non-linear effect, being lower in children and middle-aged adults,
and most prominent in young adults.

In Study 2 the overnight dynamics of the slope reflected sleep structure, based
on which a new definition of sleep cycles had been proposed. After smoothing and
normalizing the slope time-series, local maxima were considered as markers of cycle
turning points. The newly defined fractal cycles were compared to classical, man-
ually annotated ones on datasets of healthy adults, children and major depressive
disorder (MDD) patients, in most cases the cycles matching both in timing and dura-
tion. Fractal cycle durations showed significant effects of age, increasing in children
and decreasing in healthy adults, even after controlling the possible confounding
effects of wake after sleep onset and REM latency. Fractal cycle durations differed
in medicated MDD patients from their own unmedicated state and healthy controls.
The effect of medication was significant only for REM-suppressing antidepressants.

Overall, the parametric description of EEG spectra showed potential to serve as a
basis for the objective characterization of sleep states, paving the way toward a data-
driven, biologically plausible evaluation of human sleep, providing an alternative to

rule-based, manual scoring, furthermore, suggesting clinical applicability.
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