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A B S T R A C T

Growing evidence suggests that neuronal electrical activity, the neurodynamics, contains specific signatures for 
distinct cortical parcels of the brain, potentially enabling cortex classification based on it, even in resting states. 
However, existing algorithms for extracting specific characteristics may succeed only in specific cases, or well 
selected groups, but often fail to identify stable features across the general populations. Our study examines 
intracranial stereotactic-electroencephalographic (sEEG) recordings, assessing power-law behavior in power 
spectral density during wakefulness and sleep stages across three gyri: precentral, postcentral and superior 
temporal, in 55 subjects. Results indicate the presence of a power-law behavior, implying scale-free dynamics in 
investigated areas. Notably, power-law exponent in high frequency range distinguishes cortical parcels both in 
wakefulness and sleep and suggests a stable scale-free pattern within each region possibly regardless of the state. 
This insight offers valuable guidance for evaluating physiological aspects of local neurodynamics and supports 
population-level functional cortex parceling.

1. Introduction

Many natural phenomena are often considered complex systems 
including those with structure and dynamics that follow a power-law, 
systems at the critical point and/or systems exhibiting scale-free 
behavior or fractal properties due to a statistical self-similarity [1,2]. 
In this framework, particularly relevant is the study of fractal properties 
of electroencephalographic time series (EEG) [3] that have been largely 
investigated with various methods for diseases diagnosis as well as in 
order to point out the variation of complexity across different brain 
areas [4]. In this work we will focus on the free-scale and power-law 
properties of local neurodynamical signals as a measure of complexity. 
However, some systems have only seemingly scale-free behavior ending 
up in a skew probability distribution, that is log-normal instead of true 
power-law [5–7]. Moreover, some signals might exhibit a single 
power-law in the whole frequency domain, such as Brownian noise. In 
contrast, multifractal or multi-scaling time series exhibit heterogeneity 
and self-similarity only within some local ranges of the structure [8,9] 
and show a cascade of different power-law behaviors in different fre
quency ranges (meaning at different time scales) such as for example in 
cosmic rays [10], seismic activity [11] or tornadoes [12], heartbeat 

dynamics [13], fractal distribution of avalanches in neuronal recordings 
[14], and 1/f noise associated with basic aspects of human cognition 
[15,16]. In general, fractality is not always evident, especially in envi
ronmental [17] or physiological time series, and the methods to measure 
it should be well assessed in order to avoid misleading claims [5,8,18]. 
The existence of different power-law regimes in the EEG spectrum is 
particularly challenging due to the overlap of well-known harmonics 
and broad band components [19]. However, the analyses of possible 
multi-scaling behavior of neurodynamics from intracranial electroen
cephalographic recordings with the purpose of looking for the differ
ences across different brain areas are rather sparse and need further 
study.

The investigation of amplitude and frequency of typical oscillations 
in the power spectral density (PSD) of the neuronal signals was always 
around in the study of cognitive, behavioral and motor processes as well 
as in clinical research [20,21]. These spectrum-based methods primarily 
focus on periodic features and assume the stationarity of the signal over 
time (that means, that the unconditional joint probability distribution of 
signal does not change when shifted in time). On the contrary, the 
evaluation of the aperiodic activity is not always given special attention 
in the study of brain neurodynamics. This might be because the 
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non-oscillatory components present in EEG signals, sometime called 
noise [22], is often referred to as an artifact or a result of an ensemble of 
narrow band overlapping periodic oscillations [23] or reconciled with 
some frequency band damped activity [24], and is many times removed 
or “averaged-out”. However this aperiodic component can allow cate
gorizing the non-specific and less predictable elements in the recorded 
brain signals possibly related to the cognitive or physiological processes 
[25]. Many structures, from various electronic devices [25,26] to the 
most complex systems, such as human brain neural activity, show to 
have aperiodic components, that can be seen as scale-free features and 
expressed as a power law behavior in frequency domain: PSD(f) ~ 1/f β, 
with β exponent [22,27–29]. While some authors claim that 1/f fluctu
ations in neural signals are noisy activity, other suggest that these 
non-oscillatory components are the uncorrelated noise that can enhance 
coherent dynamic brain activity [30], consolidate memories during 
sleep [31], acts as information transfer channel [32] can indicates the 
excitation and inhibition balance [33] or even show a possible relation 
between scale-free behavioral dynamics and scale-free cortex activity 
[16]. All of this supports the importance of studying such phenomena.

In order to estimate the scale-free or fractal features of the neural 
recordings a wide variety of fractality and complexity measures were 
adopted such as entropy [34], correlation dimension [35], detrended 
fluctuation analysis [36], Hurst exponent [37], normalized compression 
distance [38,39], Higuchi fractal dimension [40,41] and others [28,42,
43]. However, these non-linear estimates might have different range of 
values in findings due to the algorithm dependences on various pa
rameters, such as embedding dimension in the correlation dimension 
estimate [44], kmax value in the Higuchi’s algorithm [45], and length of 
the window of the time series in the Hurst exponent or DFA [46,47]. This 
seems to be not only due to the intrinsic properties of the signals [47], 
the need of a better control of external/environmental variables and the 
limitations of possibly reduced datasets, but also to the need of a more 
rigorous mathematical approach of the adopted analysis tools [18].

In this work, we analyze intracranial stereotactic- 
electroencephalography (sEEG) recordings provided by the Montreal 
Neurological Institute (MNI) [48] from three gyri (superior temporal, 
postcentral and precentral), in physiological conditions, while subjects 
stay in resting wakefulness, REM, N2 and N3 sleep stages (Table S1). We 
analyzed the scaling properties of the PSD of the investigated areas 
looking for their distinguishing features. The aims of this study are: i) to 
verify if the difference of the mean PSD of sEEG recordings in certain 
frequency bands between cortical parcels and in a given wake/sleep 
stage allows distinguishing cortical areas; ii) to identify the power-law 
behavior of PSD across areas in wake/sleep stages and to measure the 
related β index; iii) to assess differences between the values of β expo
nent in high frequency range across cortical parcels in each single stage 
and across the four stages within a parcel.

2. Materials and methods

2.1. Datasets

The MNI dataset of intracranial stereotactic-EEG recordings, avail
able at https://mni-open-ieegatlas.research.mcgill.ca/main.php, con
sists of recordings from 38 brain regions, of 1 min long each, and artifact 
free, detected at rest with closed eyes and in three sleep states (REM, N2 
and N3) from 106 patients (13–68 years old, 48 females) investigated 
with cortical surface strip/grid electrodes [48]. Even though the subjects 
involved in the data acquisition were diagnosed with refractory focal 
epilepsy, the data provided by MNI was only from the regions not 
affected by the disease [48,49]. During the data taking period, medi
cations have not been reduced [48]. The number of channels and sub
jects of dataset is non-homogenous in each area for wake and for sleep 
conditions due to the channel’s exclusion criterion, that ensures the data 
analyzed in this study are only from regions not affected by epilepsy, and 
thus in physiological conditions.

Recently, Armonaite et al. [41,50], and other authors [4] by using 
the same MNI recordings, have shown how the measures of fractality, 
through the Higuchi procedure, can reveal the signature of cortical 
areas, however in a well selected population. Following them, here, we 
investigated the power-law properties of PSD for superior temporal 
gyrus (79 channels from 26 subjects), postcentral gyrus (64 channels 
from 21 subjects) and precentral gyrus (141 channels from 34 subjects) 
in wakefulness [49] (Fig. 1). The number of channels and subjects were 
reduced in the analysis during sleep, since, as mentioned, not all re
cordings were available in sleep stages [49].

2.2. Finding PSD characteristic harmonics

In order to analyze neurodynamical activity of the three investigated 
cortical parcels, we estimated the PSD (that is the squared spectral 
amplitude divided by the frequency) of each channel by applying a Fast 
Fourier Transform (FFT) with Hamming windowing, on sequences of 
256 samples each (about 1.28 s long), that corresponds to a frequency 
resolution of ~0.78 Hz, with a sliding window no overlap. Due to the 
pre-processing low-pass filtering applied to the whole of MNI database 
in order to remove artefacts [48,49], the maximum frequency available 
is 80 Hz. For each channel, the PSD is normalized so that the area under 
each curve is equal to 1. We divided the frequency spectrum in the 
conventional 7 bands: delta (≤ 4 Hz), theta (4 – 8 Hz), alpha (8 – 12 Hz), 
low-beta (12 – 26 Hz), high-beta (26 – 33 Hz), low gamma (33 – 49 Hz) 
and high-gamma (49 – 80 Hz). We averaged the PSD of each channel 
within a subject and then across subjects for each cortical parcel, in 
order to obtain the normalized PSD within each band.

2.3. Fitting the PSD power-law exponent

On a double logarithmic scale, the PSD exhibits two approximately 
linear trends in the lower and higher portions of the spectrum, charac
terized by at least two (approximately) constant and different slopes 
(Fig. 2, right panel). Based on this observation and previous studies [22,
27,51], we hypothesize that the neural activity contains different scaling 
regimes, and thus exhibit a cascade trend of different slopes. Since there 
are evidence that oscillatory activity can impact the slope of the PSD 
function on log-log scale, we first applied a low- (high-) pass Butter
worth filter on each signal, (Fig. 2, left panel) with cut-off value of 4 Hz 
(33 Hz) for low (high) frequency range to eliminate the evident har
monic peaks. After, we estimated the PSD of each channel using 2048 
FFT lines and then, for each i-frequency, we calculated the PSD(fi) 
average and the standard deviation (σi) across population, which is the 
global average across all channels and subjects. Since the variability 
between the subjects is higher than within-subject across channels, we 
adopted the most conservative approach and used the greater error, 
which is the global one across all channels and subjects. Then we 
calculated the linear fit by (separately in the low and high frequency 
range) by using the weighted least square method [52], where to each 
ordinate yi = log(PSD(fi)) is associated the weight wi = 1/Δyi

2 with Δyi 
the uncertainty on yi. In the low frequency range, we excluded the first 
values of PSD (below about 0.29 Hz), which might be less reliable due to 
the residual contributions of delta and theta peaks, and evaluated the fit 
in 0.29 – 4 Hz range. Then, for the high frequency range, we estimated 
the power-law β exponent by fitting the mean PSD in the 34 – 80 Hz 
range. In order to assess the goodness of linear fit we evaluated the 
Pearson’s r correlation test.

2.4. Evaluating the impact of tuneable parameters on fitting power-law 
exponent

The evaluation procedure of the linear fit of the PSD function in
cludes some tunable parameters such as the spectral resolution, the low 
(high) cut-off frequency and the order of the filter. Thus, we selected 
various configurations of these parameters to find out how they impact 

K. Armonaite et al.                                                                                                                                                                                                                             Physica D: Nonlinear Phenomena 477 (2025) 134733 

2 

https://mni-open-ieegatlas.research.mcgill.ca/main.php


the final result. For the low- (high-) frequency range, we tested cut-off 
value of 4 Hz and 8 Hz (33 Hz and 50 Hz) for the low- (high-) pass 
Butterworth filter. In both cases we tested the filter order n = 5 and n =

7, together with various frequency resolution values by changing the 
length of the FFT window (between 256, 1024 and 2048 samples). The 
results of fitting with various combination of tunable parameters are 

Fig. 1. The spatial distribution of the positions of all electrodes for sEEGs recordings in resting wakefulness available in the MNI dataset in the superior temporal 
gyrus (green, 79 channels), postcentral gyrus (blue, 64 channels) and precentral gyrus (red, 141 channels). Data comes from 55 subjects in total.

Fig. 2. The normalized PSD of all the 64 sEEG channels of the postcentral gyrus in wakefulness is given. In the left panel, several peaks in different frequency bands 
can be observed. In the right panel, the same plot is given on a double-logarithmic scale: two linear trends (suggesting multiple power-law behaviors) can be observed 
in the lower (below few fractions of Hertz) and higher (for f ≳ 30 Hz) frequency ranges. A qualitatively similar trend of PSD (including peaks and power-law 
behavior) is observed in the sEEG channels for the precentral and superior temporal gyri of MNI data.

Table 1 
Here we provide the post-hoc Tukey-HSD test Qtest, that is the difference of the mean band PSD between couple of areas (postcentral (PostG), precentral (PreG) and 
superior temporal (STG) gyri), separately in seven frequency bands and for each wake/sleep stage. The Qtest and p values are bolded if p ≤ 0.05. Values are italicized if 
one cortical parcel has greater PSD than the other two. Qtest is positive (negative) according with the sign of the difference between the mean band PSD of two 
compared areas. Zero p means value lower than 0.001.

δ θ α lβ hβ lγ hγ

Wake PreG-PostG Qtest ¡0.0094 − 0.0019 ¡0.0118 0.0053 0.0022 0.0005 0.0001
p 0.018 0.856 0.000 0.001 0.003 0.024 0.504

STG-PostG Qtest 0.0183 0.0005 0.0003 ¡0.0043 ¡0.0023 ¡0.0005 − 0.0001
p 0.000 0.993 0.994 0.024 0.005 0.023 0.229

STG-PreG Qtest 0.0277 0.0024 0.0121 − 0.0096 − 0.0044 − 0.0010 ¡0.0002
p 0.000 0.759 0.000 0.000 0.000 0.000 0.005

REM PreG-PostG Qtest − 0.0073 − 0.0042 − 0.0006 0.0024 0.0019 0.0003 0.0000
p 0.313 0.226 0.954 0.019 0.008 0.206 0.917

STG-PostG Qtest 0.0130 ¡0.0099 − 0.0003 − 0.0005 − 0.0006 − 0.0003 − 0.0001
p 0.044 0.001 0.992 0.842 0.665 0.221 0.146

STG-PreG Qtest 0.0203 ¡0.0058 0.0003 − 0.0030 − 0.0025 ¡0.0006 ¡0.0001
p 0.000 0.027 0.981 0.001 0.000 0.000 0.017

N2 PreG-PostG Qtest ¡0.0186 0.0031 0.0089 0.0025 0.0005 0.0001 0.0000
p 0.000 0.402 0.000 0.000 0.005 0.058 0.445

STG-PostG Qtest − 0.0071 0.0060 0.0049 − 0.0005 − 0.0002 − 0.0001 0.0000
p 0.305 0.050 0.096 0.710 0.521 0.585 0.983

STG-PreG Qtest 0.0115 0.0029 − 0.0040 − 0.0030 − 0.0007 ¡0.0002 0.0000
p 0.010 0.344 0.092 0.000 0.000 0.000 0.237

N3 PreG-PostG Qtest ¡0.0181 0.0065 0.0090 0.0016 0.0002 0.0001 0.0000
p 0.000 0.012 0.000 0.003 0.148 0.015 0.045

STG-PostG Qtest − 0.0054 0.0061 0.0015 − 0.0003 − 0.0001 0.0000 0.0000
p 0.432 0.030 0.753 0.817 0.638 0.999 0.739

STG-PreG Qtest 0.0127 0.0004 − 0.0075 − 0.0019 ¡0.0003 − 0.0001 0.0000
p 0.001 0.980 0.000 0.000 0.003 0.003 0.145
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provided in Table S2 and Table S4 for low and high frequency range 
respectively.

2.5. Investigating independence of power-law exponent from subject 
features

The population in the dataset was highly variable with respect to age. 
Thus, we also evaluated if the β slope could vary with respect to age and 
to sex. We performed the estimate of Pearson’s correlation only for the 
high frequency range, since a more reliable linear tendency is visible in 
this range.

2.6. Statistics

For every channel, after having computed the normalized PSD, we 
calculated its mean value in each of the seven conventional frequency 
bands. We investigated the differences of the mean band PSD between 
the cortical parcels in wake, REM, N2 and N3 sleep stages separately. To 
assess the statistical significance of the differences between parcels in 
each band, we used the post-hoc Tukey-HSD test [53] of the analysis of 
variance (ANOVA). We deployed the test on the group of interest; the 
three cortical parcels in each band and each state. We provide the dif
ferences between the two parcels as a Qtest and a corrected p-value with 
a scaler equal to 3 (Table 1).

Fig. 3. The normalized PSD (averaged across all sEEG channels) compared between the superior temporal (green), postcentral (blue) and precentral (red) gyri is 
shown in the panels (from top to bottom) for wakefulness, REM, N2 and N3 sleep stages respectively. On the left column, the PSD in each area with the standard 
deviation (represented by the colour filled region) is plot vs frequency. The y-scale is cut at the amplitude equal to 0.4 in order to avoid a compression of the graphs. 
On the right column, we provide the PSD mean and standard deviation evaluated in each of the 7 frequency bands investigated. The statistical results, about the 
significance of the differences between the PSD in the three parcels compared in each band, are given in the Table 1.
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For the power-law β exponent - estimated in low- and high-frequency 
ranges from the fit of the PSD averaged on all channels, in each wake/ 
sleep state separately - we carried out a similar comparative analysis 
between the pairs of cortical parcels and across states by deploying a T- 
test. The test was carried out on each couple of regions given the mean, 
standard deviation and number of observations in the two compared 
groups (see Table 3). In low frequency range, the study was carried out 
only in wakefulness.

3. Results

3.1. Band PSD across areas during wakefulness and sleep

We investigated whether, in a specific frequency band, the mean PSD 
of sEEG measured in one of the three investigated cortical parcel is 
significantly higher/lower than in the other two, indicating a spectral 
signature of a cortical area. After having performed the post-hoc Tukey- 
HSD test, we observed that the PSD of superior temporal gyrus is the 
highest in delta frequency band (p ≤ 0.05), instead precentral gyrus 
prevails in low beta (p ≤ 0.01) band, both in wakefulness and REM sleep. 
Postcentral gyrus shows more prominent activity than precentral gyrus 
(p ≤ 0.01), but not significantly more than superior temporal gyrus, in 
alpha band, only in wakefulness. We also observed that precentral gyrus 
expressed higher activity than the other two gyri in high beta and low 
gamma frequency bands (p ≤ 0.02) in wakefulness. An evident transit 
from higher frequencies to the lower ones is seen in N2 and N3 sleep 
stages in precentral gyrus, where the prevalent frequencies are low beta 
in N2 stage and alpha as well as low beta in N3 sleep stage (p ≤ 0.01). In 
the other two regions, the PSD peaks are more ubiquitous and indis
tinguishable in about all frequencies. The results are depicted in Fig. 3
and Tukey-HSD statistics (Qtest) with associated p values are summa
rized in Table 1.

3.2. Power-law β exponent across areas in wakefulness

We looked for power-law behavior in PSD of sEEG recordings in 
wakefulness in the lower frequency range (below about 4 Hz, mainly in 
delta band) and in the higher frequency range (above about 30 Hz, 

mainly in high-beta and gamma bands). In low frequency range, the 
steepest slope is observed in superior temporal gyrus followed by post
central and precentral gyri. However, the linear fit indicated by Pear
son’s correlation |r| < 0.9 is not optimal, being probably still affected by 
residual contributions of delta and theta peaks, and consequently the 
estimation of β suffers of a larger uncertainty. In fact, the statistical er
rors on the β values for different parcels in low frequency range overlap 
and do not allow to distinguish the parcels in this frequency range 
Therefore here we focus only on results for the high frequency range. 
However, for the sake of completeness, we provide also the results of 
fitting in the low-frequency range in the supplementary materials 
(Table S2, Table S3 and Fig. S1, Fig. S2). Instead in the range between 33 
and 80 Hz, for all combination of the tunable parameters, the fitting 
showed almost perfect linearity with |r| > 0.9 (Table S4). In the Fig. 4A, 
we show the linear fit in the high frequency range for the three cortical 
parcels for wakefulness. We found statistically significant differences 
between the three areas (p < 0.001), with an inverted order with respect 
to the lower frequency range fitting value β, where the steepest slope, 
thus highest β value, was observed in precentral gyrus, following post
central gyrus and then superior temporal gyrus (Fig. 4B and Table 2). In 
both frequency ranges, we have verified that changing the specific 
values of tunable parameters the linearity of the spectrum - that is the 
power-law behavior - is quite stable and the estimated value of β does 
not change significantly within the errors of measurement (Fig. S3).

3.3. Scale-free activity during sleep

Having assessed the β values in wakefulness we performed the same 
analysis during sleep stages. In low frequency range, during REM, N2 
and N3 sleep stages the estimation of β is less reliable than during 
wakefulness as shown in the case of N2 in Fig S4). One of the reasons 
might be that during sleep stages, the amplitude of delta PSD peak is 
particularly high, and thus overwhelms the scale-free behavior in the 
low frequency range (Fig. S4). Instead, in the high frequency range (such 
as high-beta and gamma bands), the linearity of the PSD behavior is 
evident also during all sleep stages (Fig. 5A.). Moreover, we found that 
in this frequency range the β values in sleep stages are statistically 
different across parcels (Table 3A.) and have the same relationship 

Fig. 4. A. Estimation of the power-law exponent β of PSD on a double logarithmic scale for wakefulness in the three gyri: superior temporal (green), postcentral 
(blue), and precentral (red). The inset figures represent each signals PSD after having used Butterworth filter of order 7 with cut-off at 33 Hz, 2048 FFT lines and in 
range 33 - 80 Hz. B. Comparison of the value of the power-law β exponents (evaluated in wakefulness in the high (34 – 80 Hz) frequency range) between the three 
gyri (STG - superior temporal in green, PostG - postcentral in blue and PreG - precentral in red). The values of β with the estimated error are summarized in Table 2.
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between the areas pointed out in wakefulness: precentral gyrus has 
higher β value than postcentral gyrus and both higher than superior 
temporal gyrus (Fig. 5B and Table 2). This is one of the main results of 
our analysis: the β value estimated in the high frequency range might 
indicate the possibility to distinguish the areas, beyond the fitting error, 

in each wake/sleep stage.
Then we investigated how in each fixed cortical parcel, the β value 

changes from wakefulness across sleep stages. It is notable that, while β 
value varies between the regions within each fixed state, it stays rather 
stable across states in each single region (Fig. 5B and Table 3B). On the 

Table 2 
Comparison of slope (β) and intercept values of the linear fit of PSD, across parcels and in four wake/sleep states for the high-frequency range having used Butterworth 
filter of order 7, with cut-off at 33 Hz, and 2048 FFT lines.

Wake REM N2 N3

β Intercept β Intercept β Intercept β Intercept

STG 2.68 ± 0.10 4.24 ± 0.40 2.71 ± 0.09 4.38 ± 0.38 2.71 ± 0.09 4.38 ± 0.36 2.65 ± 0.09 4.13 ± 0.36
PostG 3.09 ± 0.10 5.82 ± 0.41 2.96 ± 0.09 5.34 ± 0.38 3.01 ± 0.09 5.52 ± 0.37 2.84 ± 0.09 4.86 ± 0.37
PreG 3.50 ± 0.11 7.40 ± 0.45 3.10 ± 0.10 5.87 ± 0.40 3.28 ± 0.10 6.57 ± 0.39 3.05 ± 0.09 5.67 ± 0.38

Fig. 5. A. Estimation of the power-law β exponent β of PSD in sleep. We present the linear fit of the mean PSD vs frequency in a log-log scale, in the high frequency 
range, for superior temporal (left panel), postcentral (central panel) and precentral (right panel) gyrus during REM, N2 and N3 sleep stages. B. The β values of the PSD 
fit in the frequency range 34 - 80 Hz are compared across the three gyri (superior temporal (green), postcentral (blue) and precentral (red)) separately in the wake/ 
sleep stages. In each stage, the difference between β values allows distinguishing the investigated regions beyond the error bars. Moreover, in each stage the relation 
between the β values of the three areas shows stably that βSTG < βPostG < βPreG.
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other hand, it seems that there is a reduction of the dispersion of the β 
values between the three areas, from wake (largest spread) up to N3 
(minimum spread). This reduction is questionable because it would be 
essentially driven by the β value of precentral gyrus in wake (one value 
of β over the twelve measured in 4 states of 3 areas). Analyzing 

separately the areas, we observed that the β values are almost inde
pendent from the wake/sleep stage in postcentral gyrus (p = 0.02) and 
about constant (p = 0.07) in superior temporal gyrus. On the contrary a 
variability of β across wakefulness and three sleep states is visible (p <
10–6) in precentral gyrus, which corresponds to a primary motor cortex; 
this might happen due to micro movements during resting wakefulness 
and movement related potentials involvement during sleep [54]. 
Moreover, in N2 the β of precentral gyrus is higher than in REM, that 
could not confirm the “smooth” reduction of power-law exponent from 
wake to deep sleep (N3) suggested by some authors [19].

In order to further investigate this point, in Fig. 6, we analyzed the 
variation of β values versus the PSD mean in delta band (<PSD>δ), that 
is a good indicator of wakefulness activity and the depth of sleep [55]. 
We also tested the hypothesis of a linear dependence of β from <PSD>δ 

Table 3 
Statistical T-test (Ttest) for the comparison of the β values evaluated in high 
frequency range, between couple of regions in each of the four wake/sleep states 
(panel A.) and vice versa between pairs of states in each region (panel B.). We 
use abbreviations PostG, PreG and STG for postcentral, precentral and superior 
temporal gyri respectively. Ttest is positive (negative) when the β value of the 
first region is higher (lower) than that of the second one. Zero p means value 
lower than 0.001. The areas are distinguishable between them in each wake/ 
sleep state.

A. Wake REM N2 N3

​ PostG-PreG Ttest 26.35 6.98 15.76 12.70
​ p 0.00 0.00 0.00 0.00
​ PostG-STG Ttest 24.38 11.95 17.16 10.87
​ p 0.00 0.00 0.00 0.00
​ PreG-STG Ttest 56.27 21.91 38.20 28.10
​ p 0.00 0.00 0.00 0.00

B. PreG PostG STG

​ Wake-REM Ttest 26.57 6.36 − 1.72
​ p 0.00 0.00 0.09
​ Wake-N2 Ttest 15.92 4.31 − 1.92
​ p 0.00 0.00 0.06
​ Wake-N3 Ttest 34.40 13.47 1.92
​ p 0.00 0.00 0.06
​ REM-N2 Ttest − 11.47 − 2.36 0.00
​ p 0.00 0.02 1.00
​ REM-N3 Ttest 3.33 5.66 3.50
​ p 0.00 0.00 0.00
​ N2-N3 Ttest 16.66 8.76 3.92
​ p 0.00 0.00 0.00

Fig. 6. Comparisons of β values across wake/sleep states, in each cortical region. The β values of the PSD’s fit in the high frequency range, for the three gyri (superior 
temporal (top panel, green); postcentral (central panel, blue) and precentral (panel, red)), are presented as a function of the mean of PSD amplitude in delta band 
<PSD>δ. In general, we observe a large variability of mean PSD in delta, expressed by the horizonal error bars. In superior temporal gyrus (bottom panel), the β 
values in the all wake/sleep stages are indistinguishable between them within the vertical error bars. In postcentral gyrus (central panel), only β values in “farthest” 
conditions - that is with lowest/highest PSD in delta (corresponding to wake and N3 respectively) - are distinguishable beyond the vertical errors. Finally, in pre
central gyrus (top panel), the β value in wake is different from values in REM, N2 and N3, that instead are not (or not completely) distinguishable between them.

Table 4 
Test of the hypotheses of constancy or linear dependence of β exponent from the 
wake/sleep stage, in a fixed cortical area. We show the ANOVA Ftest between the 
estimations of β in the 4 wake/sleep stages and the results of the linear regres
sion (β = β0 + λ <PSD>δ). The β values seem independent from wake/sleep 
stages in superior temporal gyrus and barely dependent in postcentral gyrus, 
while in precentral gyrus both the hypotheses of constancy and linearity are 
rejected. The eventual stability of the β value in some regions, across wake/sleep 
stages, could imply that the scale-free activity component that we are pointing 
out is about independent from the wake/sleep conditions or at least not signif
icantly affected by them.

Hypothesis of 
constancy

Hypothesis of linear dependence

Ftest p-value β0 λ r p-value

STG 6.1 0.07 2.74 ± 0.20 − 0.45 ± 1.83 − 0.36 0.64
PostG 61.2 0.02 3.19 ± 0.14 − 2.15 ± 1.33 − 0.85 0.15
PreG 291.4 < 10–6 3.60 ± 0.15 − 4.29 ± 1.61 − 0.80 0.20
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(Table 4) obtaining that it can be excluded in all parcels. Even though 
further analyses are needed, the stability of the β value in two regions, 
across wake/sleep stages - together with the “instability” in the pre
central gyrus - could imply that in these two cases the component of the 
scale-free activity, that our procedure is pointing out, is about inde
pendent from the wake/sleep conditions or at least not significantly 
affected by them, while the apparent “instability” in motor cortex could 
be compatible with the reduction reported in literature.

In order to represent the spatial distribution of scale-free activity 
across the areas, in Fig. 7 we provide a map of β, suitably normalized 
over brain parcels and sleep stages, in several brain projections. We 
focus only on β calculated in higher frequency range. The investigated 
areas are colored on the basis of the ratio Δβij defined as: 

Δβij =

(
βij − βmin

)

(βmax − βmin)
(1) 

where βij indicates the power-law exponent in the i-area (i = superior 
temporal, postcentral and precentral gyrus) and j-state (j = wake, REM, 
N2, N3). In panel A of Fig. 7, βmin (βmax) stands for the relative minimum 
(maximum) value of β computed over the three areas, separately for 
each wake/sleep stage. Instead in panel B of Fig. 7 we use the absolute 
minimum (maximum) of β evaluated over the three areas and the four 
states all together. In both cases, the Δβij value ranges between 0 and 1. 
The graphic representation of panel A confirms that the map (i.e., the 
color contrast) of the investigated areas is stable in the different stages, i. 
e., β is reliable in distinguishing them; while panel B shows that with the 
normalization of Δβij over all stages and areas the ability to distinguish 
(resolve) areas slightly improved in wakefulness and N2.

3.4. Independence of power-law exponent from age and sex

Since the population analyzed in this work come from different age 
groups, we verified if the β value estimated in high frequency range for 
each investigated cortical parcel correlate with age. By evaluating the 
Pearson’s test on the ensemble of β vs age, we obtain (r = 0.37, p = 0.86) 
for superior temporal gyrus; (r = − 0.09, p = 0.71) for postcentral gyrus 
and (r = - 0.09, p = 0.63) for precentral gyrus. Therefore, we can 
conclude that not statistically significant correlations are found between 
β and age in each of the three parcels mentioned. We have also inves
tigated the existence of a possible dependence of β exponent from sex: by 
separating population in male and female groups we do not observe any 
statically significant cluster separation with respect to β value.

4. Discussion

4.1. Spectral and fractal features of local neurodynamics

It is known that brain is organized in hierarchical structures so that 
the smaller units, that serve specific functions, interact within the 
broader context of large-scale networks, connecting distant regions 
throughout the brain [56]. While the whole brain regions clustering 
from resting state functional imaging is rather well assessed [57], 
looking for the features from the instantaneous neural recordings in 
different brain parcels is also emerging [58]. Keitel and Gross [59], 
using the magnetoencephalographic (MEG) recordings from healthy 
subjects, clustered the PSD functions, and found significant spectral 
features characteristics of different cortical parcels. Alpha components 
prevail in anterior brain regions, delta in the temporal region, whereas 
beta and gamma in more posterior region. Furthermore, Frausher et al., 
[48], by analyzing the neurodynamics from intracranial EEG recordings, 
found characteristic oscillations, such as the alpha rhythms in the oc
cipital lobe, parietal lobe and temporal lobes; lower beta in the post
central gyrus; higher beta and gamma oscillations in precentral gyrus. 
Further research of features of the neural activity in the different brain 
parcels was performed with fractal measures. Primary motor and 

primary somatosensory cortices were evaluated from the scalp EEG, 
where the higher fractality was observed in primary motor cortex within 
each subject [60]. Thus, our findings are in line with previous studies.

4.2. Oscillatory versus non-oscillatory neural activity

The PSD of each of the sEEG channels in the three investigated gyri 
shows relevant peaks at certain typical frequencies,(such as mainly in 
the delta, theta, alfa and beta bands) (Fig. 2, left panel) and a linear 
trend of PSD vs frequency in a log-log scale mainly in gamma band 
(Fig. 2, right panel). However, there are claims, that the PSD slope in a 
double – logarithmic scale would not represent a power-law behavior 
but is a mere effect of the damped periodic oscillations of neural activity 
[24]. In Fig. S5 we show an example of such mechanism. It has been also 
shown that high PSD peak in alpha band correlates with high power law 
exponent measured at higher frequencies [61]. On the other hand, He 
et al. [22] arguments that rhythmic, recurring patterns of brain activity 
in a certain range of frequencies, and arrhythmic activity (with no 
prevailing frequency) are distinct and the latter indicates scale-free 
dynamics. The same authors also pointed out that, however, periodic 
oscillations (such as those prevailing in 8 – 12 Hz frequencies in resting 
state) can generate “hills” in the log-log scale representation of the 
power spectral density versus frequency, that will artificially surge the 
slope β at higher frequencies. Therefore, in order to verify the existence 
of power-law behavior of PSD and estimate its β index, it is necessary to 
pre-process data in order to eliminate the periodic components.

Several methods have been proposed in literature to assess the scale- 
free activity of neurophysiological recordings. One of them is the 
detrended fluctuation analysis (DFA) [62], in which the time series is 
subdivided into m equal length sub-sets, where in each the signal is 
approximated with a fixed-order polynomial. Then the fluctuation 
around the trend is computed through the root mean square evaluated 
for each segment and eventually averaged for different m sub-set 
lengths, which means considering different scales. Another adopted 
method requires to identify the low-frequency components of PSD and to 
remove them before computing a detrended time series by the inverse 
Fourier transform [63]. Not to mention the widely used coarse graining 
spectral analysis (CGSA) [64] based on similar technique as DFA. 
Finally, a recently suggested technique to extract scale-free features is 
the parametrizing of the power spectrum into periodic and non-periodic 
oscillations [29].

Most of mentioned procedures are based on the resampling or a 
polynomial approximation of whole or portions of the signal. In this 
work, instead we removed the oscillations in sEEG signals below (above) 
a certain frequency threshold ωc by applying a Butterworth filter of 
order n with transfer function H: 

|H(n, jω)| = 1
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1 +

(
ω
ωc

)± 2n
√ (2) 

where the ± sign refers to the low/high pass filter that flattens the 
spectral content above/below the cut-off value ωc. The sharpness of the 
filter depends on its order. The filtering procedure is well assessed in 
literature, with few parameters (only the filter’s order and cut-off fre
quency) and is robust, being independent from the specificity of the 
signals. Therefore, we consider that our approach is preferable being the 
most conservative one. Moreover, differently from the others tech
niques, the filtering procedure allows to regulate the frequency 
threshold up to or from which we are seeking to remove the oscillations.

4.3. Different scaling trends in neurophysiological time series

In a previous study [65], authors found that β estimated in the fre
quency range 3 - 100 Hz in wakefulness and sleep was 2.02 ± 0.30 and 
3.19 ± 0.31 respectively. Another study, performed in different 
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Fig. 7. Map of the brain in four spatial projections, shown from top to bottom for wakefulness, REM, N2, N3 states, for β calculated by fitting PSD in high frequency 
range. The investigated areas are coloured on the basis of the value of ratio Δβij of the power-law exponent. See text for details. In panel A the Δβij ratio is normalized 
only over the three areas, while in panel B the ratio is normalized over both the areas and the wake/sleep states. In both cases, the Δβij values range between 0 and 1.
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frequency ranges, found that β ≥ 4 above 80 Hz; whereas below 80 Hz β 
≈ 2.5 [66].

Several previous studies have evaluated the different scaling regions 
in the neurophysiological recordings. Miller et al. [66] analysed 
power-law scaling in subdural electrocorticographic recordings from the 
surface of human cortex and observed a “knee” in the PSD at about 75 
Hz, which would indicate a characteristic different time scales. The 
analysis was performed in two frequency ranges; where they found 
power-law exponent β = 4 above 80 Hz; whereas below 80 Hz β ≈ 2.5. 
Importantly, they observe that this index remains stable across subjects.

He et al. [27] also investigated the behavior of PSD vs frequency of 
the electrocorticogram (ECoG) in wakefulness. As in the mentioned 
study, also these Authors found a “shoulder” behavior in the spectrum 
which they associate with the oscillatory activity. To eliminate the 
harmonic contributions, authors used a CGSA procedure. They fit 
separately the lower (< 0.1 Hz) and the higher frequency range (1–100 
Hz). For the lower frequency range, they found that the value of the β 
exponent were: 2.2 and 1.60 in wakefulness and sleep respectively. 
These results are not compatible with our findings in low frequency 
range, but this might be because of rather different frequency range and 
other parameters for fitting procedure. On the other hand, the large 
variability of the estimations of PSD slope in low frequency range is also 
supported by the results of the investigation in patients with migraine 
via fMRI scan, that indicated that the value of the power-law exponent 
calculated at ultralow frequency range (up to 1 Hz) can vary from 0.5 to 
1 [67]. These results are compatible with our findings in low frequency 
range. Even though, the low frequency range fit is generally less reliable, 
we still observe that the slope is not zero (as would be in the case of pure 
Gaussian noise). That supports the hypothesis that also the investigated 
low frequency range could show some scale-free properties in agreement 
with the literature, that is in partial numerical agreement with published 
reports obtained in similar measurement conditions [22,27,28]. In the 
higher frequency range, the PSD shows a more stable power-law 
behavior, as in the study that He et al. [27] has conducted obtaining β 
to be 2.44 and 2.87 respectively in wakefulness and slow wave sleep. At 
high frequencies, our results of β are comparable with this and other 
studies, where, in general, β is found to be in the range 2 ≤ β ≤ 4.

Instead, Frauscher et al. [48] have also evaluated the non-linear 
component of the sEEG time series in different brain regions. They 
applied a CGSA pre-processing technique, and estimated β in the 10 - 40 
Hz frequency range. They haven’t found significant differences of β 
across all lobes, but only among fusiform and para-hippocampal gyri, 
middle frontal gyrus as well as inferior occipital gyrus and occipital pole.

The scaling properties has also been studied from the scalp EEG, with 
the scope to investigate the changes in the schizophrenia [68], where 
authors found that the slope of the PSD in schizophrenic patients was 
significantly steeper compared to controls. Similar study was conducted 
in Alzheimer’s disease, where authors find significantly decreased β 
slope in Alzheimer’s disease for every EEG scalp electrode [69].

All of this shows the importance of the scale-free neural activity, but 
also the debate about the existence of power-law behavior, the estima
tion procedure, the variability of computed β exponent and the multiple- 
power law components, and that proper measures to look for non- 
oscillatory brain electrical activity are yet to find. Despite that, our re
sults suggest that in the neurophysiological time series there might be a 
scale-free activity component that might differ from one cortical parcel 
to another (such as a feature allowing to distinguish them) and is 
possibly stable to the change of the wake/sleep state. This supports our 
hypothesis that power-law exponent can constitute a suitable parameter 
for cortical parceling.

4.4. Possible origin of the scale-free activity and the scaling stability 
across wake/sleep stages

The origin of the scale-free activity is highly debated. There are 
claims that the scale-free and fractal nature of brain dynamics and 

power-law behavior could occur merely due to the superposition of 
random components acting on multiple time scales [70] or that the 
power-law is an artefact due to many averaged narrow-band periodic 
oscillations of different amplitudes and frequencies [71]. Other authors 
proposed that the power-law behavior would be due to the rapid 
exponential rise and slow exponential decay of dendritic response to an 
impulse input convolved with Poissonian process pulses [65]. Evertz, 
Hicks, and Liley [24] in a recent paper suggested a model that the 
power-law property originates from the overlap of several independent 
damped oscillations in alpha band that would modulate the power 
spectrum in that band.

Another source of scale-free fluctuations could be self-organizing 
phenomena. Self-organizing criticality implies that neural networks 
naturally arrange themselves to a state where small events, like a single 
neuron firing, can lead to large-scale cascades of activity [72]. This state 
is believed to optimize information processing, allowing the brain to 
efficiently respond to stimuli and adapt to changing conditions. The 
criticality in neural activity refers to the balance between stability and 
flexibility that enables the brain to respond rapidly to new information 
while maintaining some level of stability [51]. This idea can indicate 
that neural cell holds, as a general property, the ability to adapt being at 
the critical point. Thus, without external stimuli, this property might 
remain stable that could explain the stability of the power-law exponent 
across wake/sleep stages.

Another hypothesis suggests that 1/f fluctuations may stem from the 
biophysical properties of cells and the extracellular filtering property, 
due to the complex arrangement of electrical impedance of the inho
mogeneous extracellular media [73]. In the absence of stimuli, the 
properties of the cellular media might remain unchanged. Furthermore, 
the scale-free component in the brain may connect temporal scales in the 
dynamics of neural activity, rather than be expressed as an amplitude, as 
seen in oscillatory activity. This might explain why spectral exponents in 
wake/sleep states remain unaltered, as scale-free fluctuations appear to 
be independent of amplitude [74]. It’s noteworthy that Bedard, Kröger, 
and Destexhe [74] also observed a stable scale free effect in the higher 
spectrum range during wakefulness and slow wave sleep.

5. Conclusion

Our results suggest that at high frequency the local neurodynamics of 
different cortical parcels might hold different scale-free signatures 
despite the state. However, we still do not have complete control of the 
various factors that may impact the manifestation of the power-law 
behavior and the estimation of its exponent, especially in the low fre
quency range, possibly due to the overlap with high delta oscillatory 
activity [74]. Also, the fitting range has a further necessity for investi
gation, as it might slightly impact the β value. Furthermore, there is a 
need to evaluate and compare various methods to detrend the periodic 
oscillations before estimating the power-law exponent, as the technique 
for deletion of the oscillatory activity could also affects the linearity and 
thus the β value. The analysis presented could also be applied to further 
brain areas investigated from both intracranial and scalp EEG re
cordings. Such study is particularly relevant for the future studies of 
local neurodynamics from the scalp EEG/MEG, because there are pos
sibilities to separate the source of the signal with methods such as 
Functional Source Separation (FSS) [75], and therefore analyze the 
fractal neurodynamics activity in a specific cortical area from outside 
the scalp. Such study could give incentives for classification of cortical 
areas according to the local ongoing neuronal activity.

Glossary

Neurodynamics – resting state spontaneous ongoing electrical ac
tivity of the neural networks sets.

Intracranial stereotactic electroencephalography – neuronal ac
tivity recordings directly from the cortex and subcortical areas 
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registered with electrode grids and strips.
Oscillatory neural activity – the periodic component of the 

neuronal electrical activity detected from the scalp or intracranial 
electroencephalographical recordings with typical peaks between 8 and 
12 Hz, in healthy subjects, resting state wakefulness.

Coarse graining spectral analysis – a signal processing technique 
based on spectral signal analysis in order to point out the relationships 
between different signals.

Power law of power spectral density – the linear dependence of 
the logarithm of the power spectral density as a function of the loga
rithm of frequency, where the power spectral density decreases as the 
frequency increases showing the property of scale invariance.

Scale – free (scale invariance) – the property of a system whose 
behaviour remains unchanged regardless of the time scale or the scale of 
other variables. This also implies a self-similar or fractal structure.

Fractal – a complex geometric shape that at different scales main
tains an exact or similar structure and often have non integer dimension.

Abbreviations

PSD – power spectral density
sEEG – intracranial stereotactic electroencephalography
CGSA – coarse graining spectral analysis
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