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Abstract: A coarse-graining procedure, which involves averaging time series in non-overlapping
windows followed by processing of the obtained multiple data sets, is the initial step in the multiscale
entropy computation method. In this paper, we discuss how this procedure can be applied with
other methods of time series analysis. Based on extended detrended fluctuation analysis (EDFA), we
compare signal processing results for data sets with and without coarse-graining. Using the simulated
data provided by the interacting nephrons model, we show how this procedure increases, up to 48%,
the distinctions between local scaling exponents quantifying synchronous and asynchronous chaotic
oscillations. Based on the experimental data of electrocorticograms (ECoG) of mice, an improvement
in differences in local scaling exponents up to 41% and Student’s t-values up to 34% was revealed.

Keywords: fluctuation analysis; scaling exponent; electrical brain activity; signal processing; diagnostics

1. Introduction

Complex signals are usually decomposed into quite simple components to easier ana-
lyze them and understand the underlying dynamics. There are various ways to implement
such a decomposition. One of them is to perform the transition from the time domain to
the frequency domain using the Fourier transform and consider a set of harmonic functions
whose interpretation in terms of magnitudes, frequencies, and phase shifts is clear. Another
way is the Hilbert transform, which separates the amplitude and phase (or frequency)
information about a non-harmonic narrowband signal and provides an approach to unam-
biguously determine the instantaneous amplitude and frequency. In the case of time series
with several oscillatory components, an extension of this transform is applied, namely,
the Hilbert–Huang transform [1], which uses decomposition of the signal into a set of
empirical modes at the first stage [2]. The latter approach is a kind of filtering, where the
empirical modes represent a number of filtered (i.e., simpler) signals analyzed instead of
the original data.

Other variants of filtering performed within different numerical techniques can also be
treated as an opportunity to simplify data analysis by introducing data sets containing re-
duced information about the complex structure of the signals under study. This is especially
true for systems with a large number of independent or weakly interacting mechanisms
involved. A typical example is the electrical activity of the brain [3], characterized by
electroencephalograms (EEG), which include a number of rhythmic contributions reflecting
various features of the dynamics [4]. Thus, the amplitudes of α, β, and other EEG waves
make it possible to clearly characterize the electrical activity of the brain, and their study
can be carried out independently. A common practice in neurophysiological researches is
to separate these rhythmic contributions by means of band-pass filtering, with the cutoff
frequencies of the respective filters clearly defined. The software used in such studies
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identifies waves of the brain electrical activity for diagnostic purposes, and this procedure
simplifies the study of EEG by a transition to processes with restricted information about
brain dynamics.

The choice of cutoff frequencies is motivated for the EEG, where the typical rhythmic
contributions and their scale ranges are well established over a long history of neurophys-
iological studies and have physiological explanations. A similar analysis can be carried
out for other systems in which signal processing has a background of mechanism-based
studies and knowledge about the origin of rhythmic dynamics in various frequency ranges.
However, even in the latter case, the distinction between independent (or almost indepen-
dent) oscillatory components can be ambiguous due to incompletely separated frequency
ranges, time-varying dynamics, etc. From a formal point of view, these circumstances can
be ignored and signals can be processed without preliminary established filter parameters.
Often this is provided within the framework of multiresolution wavelet-analysis [5] with
subsequent study of signal features at different resolution levels [6,7]. Such approach is
popular in physiology [8] and is also useful for other diagnostic purposes [9]. Its possible
disadvantage is a dependence on the choice of the basic wavelet, i.e., on the experience
of the researcher in setting up this mathematical tool for data analysis. Nevertheless,
even in the case of a non-optimally selected basic function, the method can give a reliable
characterization of changes in the signal structure.

Another kind of filtering has been proposed in [10], called the “coarse-graining”
approach. Within this procedure, time series are averaged inside non-overlapping windows,
and the resulting datasets are used for signal processing [11]. This procedure was applied
to estimate the multiscale entropy, i.e., the entropy as a function of the scale parameter.
However, this idea has wider applications for signal processing. It does not require selection
of algorithmic parameters or prior knowledge of signal features in the frequency domain
and hence the experience of the researcher does not influence the results. In contrast to
“floating” window averaging, it reduces the length of the coarse-grained datasets for each
window length τ as N/τ, where N is the length of the original time series. The aim of
this study is to show that coarse-graining is able to improve the diagnostic capabilities of
conventional techniques for signal processing by simultaneously analyzing data at multiple
resolution levels. We explore whether the application of the coarse-graining procedure can
provide a more complete characterization of complex signals compared to their processing
using only the original time series. For this purpose, we compare the results of extended
detrended fluctuation analysis (EDFA) proposed in [12] for the cases of signal processing
with and without coarse-graining. Our research is based both on simulated data sets
produced by a fairly complex model of paired nephrons [13] and on experimental data of
cortical electrocorticograms (ECoG) in mice during artificial sleep.

The paper is organized as follows. Section 2 briefly describes the coarse-graining pro-
cedure and a recently proposed modification of detrended fluctuation analysis (DFA) [14]
that takes into account variations in the nonstationary behavior of the time series. It also
includes descriptions of the time series analyzed in this work, namely simulated datasets
produced by a model of coupled functional units of the kidney and experimental recordings
of ECoG in mice. Section 3 contains the main results and discussion of the comparison of
EDFA for coarse-grained time series. Section 4 summarizes the concluding remarks.

2. Methods and Experiments
2.1. Coarse-Grained Time Series

For signal u(i), i = 1, . . . , N, coarse-grained time series vτ(j) are introduced according
to the following procedure [15]

vτ(j) =
1
τ

jτ

∑
i=(j−1)τ+1

u(i), 1 ≤ j ≤ N/τ. (1)



Diagnostics 2023, 13, 93 3 of 10

This procedure means that the values u(i) are averaged inside non-overlapping time
windows of duration τ. Each data point is used only once at each scale, so the created data
set is significantly reduced with growing τ and contains N/τ samples.

2.2. EDFA Approach

The DFA method proposed by Peng et al. [14,16] and widely used in various stud-
ies [17–19] can be treated as a variant of signal correlation analysis when it is necessary
to take into account the effects of power-law long-range correlations. According to this
method, the profile of the original signal x(j), j = 1, . . . , N

y(k) =
k

∑
j=1

[x(j)− 〈x〉], 〈x〉 =
N

∑
j=1

x(j), k = 1, . . . , N (2)

is introduced and it is separated into non-overlapping segments of length n. In this study
we use coarse-grained time series vτ(j) as x(j). Within each segment, the local trend yn(k)
is fitted by the least squares algorithm. The standard deviations of the signal profile from
the local trend are computed for each n to obtain the following relationship

F(n) =

√√√√ 1
N

N

∑
k=1

[y(k)− yn(k)]
2. (3)

In the presence of power-law correlations, this dependence has the form

F(n) ∼ nα. (4)

where the scaling exponent α can be constant over a wide range of n or vary with the scale
depending on the signal features. In particular, the pioneering paper [16] describes the
distinctions in α between short-range and long-range correlations in heart rate dynamics.

Nonstationarity affects the performance of the method, and signal preprocessing (filter-
ing) is important to reliably characterize system behavior from experimental data [20–22].
Nevertheless, it is not always possible to eliminate the effects of nonstationarity at the stage
of signal preprocessing. Moreover, this nonstationarity can vary throughout the signal
under study. The consequence of this circumstance are different values of fluctuations of
the signal profile from the trend in distinct segments. The paper [12] gives some examples
when few segments make a decisive contribution to the values of F(n), and the role of
the main part of the signal becomes insignificant. The latter can lead to incorrect conclu-
sions about the underlying dynamics. To characterize the impact of nonstationarity, it was
proposed to use an additional measure, namely the standard deviation of the local mean
fluctuations Floc(n) of the profile from the trend [23], which is often a power-law function

σ(Floc)(n) ∼ nβ. (5)

The values Floc(n) are evaluated for each segment of length n, and σ(Floc)(n) quantifies
the width of the distribution of these quantities. The scaling exponent β takes negative
values for processes that are close to stationary, and positive in the case of time-varying
behavior of natural systems. Both α and β exponents can provide useful information for
diagnosing system behavior based on experimental data.

2.3. Simulated Time Series

To conduct simulated studies based on rather complex mathematical models of bio-
logical oscillators, we chose a model of two interacting nephrons [13], which was proposed
to describe the dynamics of paired functional units of the kidney. It was shown in [24]
that this physiologically motivated model describes important features of real nephron
dynamics, including bimodal oscillations, near-periodic dynamics for normal physiological
states, and the transition to chaos provoked by renal hypertension [25]. In addition, the
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model describes various types of intra- and inter-nephron synchronization, e.g., full and
partial synchronization, in-phase and anti-phase complex oscillations, etc. [26]. We consider
this model as an intermediate stage between simple systems that describe the behavior
of biological oscillators and natural systems. Such a consideration allows studying the
complex behavior of physiological models in order to better understand the capabilities
and limitations of signal processing tools for diagnostic purposes. At the same time, the
simulated data sets do not contain many features of real physiological time series (random
fluctuations, artifacts, various types of nonstationary dynamics, etc.).

An individual nephron produces bimodal oscillations that can be detected, e.g., in the
proximal intratubular pressure or chloride concentration in the loop of Henle. Two mecha-
nisms are responsible for such dynamics: tubular-glomerular feedback, which produces
oscillations with a typical frequency of about 0.03 Hz (see experimental studies on rats [27]),
interpreted as a slow mode, and the myogenic response of the afferent arteriole (fast mode
with a frequency 0.1–0.2 Hz). Slow oscillations are significantly more pronounced, while
the fast mode has a smaller amplitude. Because both mechanisms control the behavior
of the afferent arteriole, they are not independent and affect each other, which leads to
adjustment of nephron oscillations.

The single functional unit of the kidney is modeled by the following equations [13]

dPt

dt
=

1
Ctub

{
Ff (Pt, r)− Freab − (Pt − Pd)/RHen

}
,

dr
dt

= vr,

dvr

dt
=

1
ω

{
Pav(Pt, r)− Peq(r, Ψ(X3, β))−ωdvr

}
,

dX1

dt
=

1
RHen

(Pt − Pd)−
3
T

X1, (6)

dX2

dt
=

3
T
(X1 − X2),

dX3

dt
=

3
T
(X2 − X3).

which include many nonlinearities and parameters. Due to the complex organization of the
model, we do not give here its thorough description (it takes several pages and is provided
in [13]). Briefly, Pt denotes the proximal tubular pressure, Ff is the glomerular filtration rate,
Ctub characterizes the elastic compliance of the tubule. Pd defines the distal tubular pressure,
Freab—reabsorption, and RHen—flow resistance. The second and third equations simulate
the arteriolar dynamics in terms of radius r and its rate (vr) of changes. The parameters d
and ω define the damping factor and the measure of relative mass. Pav and Peq describe
the mean arteriolar pressure and its equilibrium value; Ψ is the muscular activation. Ff ,
Pav, and Peq are computed from the numerical solution of algebraic equations. X1, X2, and
X3 are intermediate variables in the delay chain, and the rest of the equations describe
the time delay T of the tubuloglomerular feedback mechanism. T strongly influences the
dynamical regime of the nephron model. Another important parameter is the strength η of
the feedback control.

The interaction of two paired nephrons can be simulated by taking two models (6)
and including the coupling between them [26]. The latter is described taking into account
how the activation levels Ψ1,2 are interconnected in both units

Ψ∗1,2 = Ψ1,2 + γΨ2,1, (7)

where Ψ1,2 are the activation levels for uncoupled, and Ψ∗1,2—for coupled units, γ is the
strength of coupling. We used the parameters γ = 0.005, η = 27.3. For a separate study
of fast and slow oscillations in each unit, the sequences of return times into the Poincaré
secant planes Pt = 1.6 kPa (slow dynamics) and vr = 0 (fast dynamics) were estimated.
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The transition between synchronous and asynchronous chaotic oscillations was modeled
by taking T1 = 13.5 s, and changing T2 from 13.5 s to 13.4 s.

2.4. Experimental Signals

Experimental studies were carried out on 7 male mice according to the standard Guide
for the Care and Use of Laboratory Animals and the protocol approved by the Institutional
Review Board of the Saratov State University (Protocol 9, 26 June 2022). The mice were
housed at 25 ± 2 ◦C, 55% humidity, and 12:12 h light–dark cycle. Food and water were
given ad libitum.

A two-channel cortical EEG (Pinnacle Technology, Taiwan) was recorded. Then, two
silver electrodes (tip diameter 2–3 µm) were implanted at a depth of 150 µm in coordinates
(L: 2.0 mm and P: 2 mm) from Bregma on either side of the midline under inhalation
anesthesia with 1% isoflurane at 1 L/min N2O/O2—70:30. The head plate was mounted
and small burr holes were drilled. Afterward, EEG wire leads were then inserted into the
burr holes on one side of the midline between the skull and underlying dura. EEG leads
were secured with dental acrylic. Ibuprofen (15 mg/kg) for the relief of postoperative pain
was provided in their water supply for two to three days prior to surgery and for three
days post-surgery. The animals were allowed 10 days to recover from surgery prior to
beginning the experiment.

The experiments were performed in awake animals (1 h) and after anesthesia with
an injection of 4% Isoflurane (i.e., under conditions of artificial sleep) (2 h). The sampling
frequency was 2 kHz. The pre-processing of the signal included the removal of artifacts
according to the method [28].

3. Results and Discussion
3.1. Simulated Time Series

The complex organization of time series, which may contain multiple rhythmic contri-
butions and various types of noise, often leads to a rather complex dependence F(n), whose
characterization cannot be provided by one (global) scaling exponent. Instead, different
scaling features take place for distinct ranges of scales. This circumstance is quite typical for
multifractal processes requiring a spectrum of scaling exponents to describe the behavior of
week and strong fluctuations. The considered example of the dynamics of paired nephrons
also demonstrates multiscale dependence of lg F on lg n (Figure 1a). To perform a reliable
characterization of such a dependence, the local scaling exponents can be estimated, and
the latter is also valid for the second measure, which describes the power-law behavior of
lg σ(Floc) as a function of lg n (Figure 1b).

1.0 1.4 1.8 2.2 2.6 3.0

lg n

−0.5

−0.3

−0.1

0.1

0.3

0.5

lg
 F

1.0 1.4 1.8 2.2 2.6 3.0

lg n

−1.6

−1.2

−0.8

−0.4

0.0

lg
 σ

(F
lo

c
)

(a) (b)

Figure 1. Examples of dependences F(n) (a) and σ(Floc)(n) (b) on a double logarithmic plot for the
model of paired nephrons in the case of synchronous chaotic oscillations.

Within the framework of the considered coarse-graining procedure, which produces
the time series vτ(j), the EDFA algorithm can be applied to each of them. In order to better
visualize the estimated quantities, we propose to show them on a 3D plot, where local
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scaling exponents α and β are given on a plane (τ, lg n). Let us discuss the results of this
analysis for the case of fast oscillations produced by the first unit in the model of paired
nephrons. According to Figure 2a, the local α-exponents vary with the scale factor τ, and
the results for τ = 4, e.g., are clearly different from the case τ = 1 associated with the
original time series. This may be explained by a kind of filtration provided within the
coarse-graining [10]. Typically, slow and fast dynamics in the nephron model show 1:4 or
1:5 intra-nephron synchronization [29], and averaging over the period of the fast mode can
better visualize the slow mode, which is characterized by different scaling exponents [30].
For the slow mode (Figure 2b), differences in α-exponents with a scale factor appear, but
they are less pronounced. Analogous conclusions can be drawn for the β-exponent of the
extended method Figure 2c,d). Again, distinctions between the cases τ = 4 and τ = 1 are
observed in the behavior of the fast mode, but they are less expressed for the slow mode.
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Figure 2. Local scaling exponents α and β for fast (a,c) and slow (b,d) oscillations in the model of
paired nephrons (the case of asynchronous chaotic oscillations).

Changes in the control parameters of the model, leading to transitions between syn-
chronous and asynchronous chaotic oscillations [26], affect the values of the scaling ex-
ponents. Figure 3 shows the differences ∆α in the local scaling exponents between syn-
chronous chaotic dynamics (T1 = T2 = 13.5 s) and asynchronous chaotic oscillations
(T1 = 13.5 s, T2 = 13.4 s) for the case of the fast mode in the first nephron, where the
distinctions are more pronounced. Note that these distinctions are clearer for the scale
factor τ = 4, i.e., the coarse-graining procedure makes it possible to better identify changes
in the signal structure than the consideration of the original time series with its conventional
analysis (∆α increases by 48% for τ = 4 compared to τ = 1).
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Figure 3. Differences ∆α in local values of α for synchronous and asynchronous chaotic oscillations
studied for the fast mode of the first nephron.

When dealing with the synchronization phenomenon, the diagnostics of entrainment
of complex systems with self-sustained oscillations is provided by studying interacting
units from related time series. In addition to adjustment of the instantaneous frequencies or
phases of the oscillations, synchronization often results in the similarity of various measures
of the complex dynamics of coupled subsystems [24]. With regard to the model of paired
nephrons, we can state the similarity of the local scaling exponents for the fast mode in each
nephron (Figure 4a). In the asynchronous case, the distinctions in the dynamics of both
units are stronger (Figure 4b). Note that these distinctions are mainly observed not for the
original time series, but for the coarse-grained data set with scale factors τ = 2 and τ = 6.
Therefore, coarse-graining seems to be a useful approach to better identify distinctions in
system behavior caused by the synchronization phenomenon.
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Figure 4. Differences ∆α in local values of α for both interacting units (fast mode) for synchronous (a)
and asynchronous (b) chaotic oscillations.

3.2. Experimental Signals

The ECoG signals were analyzed by analogy with the simulated data sets. Figure 5
shows an example of differences in local scaling exponents in wakefulness and artificial
sleep states for a typical animal. These results do not demonstrate clear advantages in the
choice of the scale factor (Figure 5a), but they show that the consideration of the original
signal (i.e., the case τ = 1) does not provide the best diagnosis of emerging changes in
the brain dynamics. Thus, when estimating the α exponent, we observe the strongest
distinctions in the range near lg n = 3.0, and these distinctions increase with the growth of
τ. The use of the β exponent also leads to a similar conclusion that consideration of coarse-
grained time series can be useful for characterizing the state of the system (Figure 5b).
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Figure 5. A typical example of differences ∆α and ∆β in local scaling exponents α (a) and β (b)
between waking and artificial sleep states. Improvements by 32% (a) and 41% (b) compared to τ = 1
are observed.

Statistical analysis carried out on a group of animals confirms these findings. In
particular, the Student’s t-test provided the largest t-values at τ = 7 for α-exponent,
although significant (p < 0.05) distinctions also occur in a wide range of τ and lg n
(Figure 6). This exponent provided clearer inter-group differences in the considered range
of lg n. For β-exponent, significant distinctions were also detected, although the obtained
results are more dependent on the selection of lg n. The results of this study demonstrate
that the application of the coarse-graining procedure followed by processing of the related
time series can improve the analysis of complex systems from recorded time series for
diagnostics purposes and the detection of changes in system dynamics.

1.15
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3.26

4.30

1
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5

7

9

0

2

4

6

lg n
τ

t

Figure 6. Statistical analysis of differences in local α values by Student’s t-test. Improvement by 34%
compared to τ = 1 is observed.

Thus, the coarse-graining approach [10,11] is a kind of signal transformation in the
frequency domain that introduces a number of data sets associated with different values of
the scale factor. This approach provided an informative characterization of various types of
complex signals as a part of the method for multiscale entropy computing, which showed
clear advantages over traditionally used techniques dealing with scalar time series. In
addition to complexity analysis, the same procedure is useful in other applications to study
system behavior in more detail. It is carried out without prior knowledge of the signal
features and the presented frequency components, what makes the analysis independent of
the experience of the researcher, i.e., subjective factors do not essentially affect the results
and conclusions.

4. Conclusions

In this study, we compared the results of processing both simulated and experimental
data with and without coarse-graining based on the EDFA method. The advantages
of this procedure over traditional data analysis can be qualitatively described by 3D
presentation of the results with visual identification of changes and quantified by differences
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in local scaling exponents and t-values of the Student’s test. Using a model of two paired
nephrons, it is shown that the results for coarse-grained time series can be superior to the
results for the original data set, and the latter is valid for both transitions between the
regimes of synchronous and asynchronous chaotic oscillations studied from time series
relating to only one and both interacting subsystems. In particular, improvements in the
quantification of differences in local scaling exponents of up to 48% between synchronous
and asynchronous chaotic oscillations studied for the fast mode of one nephron were
identified. In experimental studies of ECoG signals during wakefulness and artificial
sleep, these findings were confirmed, and advantages in the detection of changes in system
dynamics for coarse-grained time series were shown and verified by Student’s t-test. The
related improvement takes up to 41% in local scaling exponents and up to 34% in t-values.
These results confirm that the coarse-graining procedure can provide wider abilities in
diagnostic-related studies compared to conventional signal processing of the original
data set.

Author Contributions: Authors contributions are as followed: Conceptualization, A.N.P. and O.V.S.-
G.; methodology, A.N.P.; data curation, I.A.B.; software, A.A.K.J.; formal analysis, A.A.K.J. and I.A.B.;
investigation, A.V.D., M.A.T., T.V.M. and I.V.E.; writing—original draft preparation, A.A.K.J., A.N.P.
and O.V.S.-G.; writing—review and editing, A.N.P. and O.V.S.-G.; visualization, A.A.K.J.; supervision,
A.N.P. and O.V.S.-G.; project administration, O.V.S.-G.; funding acquisition, O.V.S.-G. All authors
have read and agreed to the published version of the manuscript.

Funding: This work was supported by the Russian Science Foundation (Agreement 19-12-00037) in
the part of theoretical and numerical studies. Physiological experiments were carried out within the
framework of the grant from the Government of the Russian Federation No. 075-15-2022-1094.

Institutional Review Board Statement: The study was carried out in accordance with the Guide for
the Care and Use of Laboratory Animals (8th ed., The National Academies Press, Washington, 2011),
and approved by the Institutional Review Board of the Saratov State University (Protocol No. 9, 26
June 2022).

Informed Consent Statement: Not applicable.

Data Availability Statement: The data that support the findings of this study are available from the
corresponding author upon reasonable request.

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations
The following abbreviations are used in this manuscript:

DFA Detrended fluctuation analysis
EDFA Extended detrended fluctuation analysis
EEG Electroencephalogram
ECoG Electrocorticogram

References
1. Huang, N.E.; Shen, Z.; Long, S.R.; Wu, M.C.; Shih, H.H.; Zheng, Q.; Yen, N.-C.; Tung, C.C.; Liu, H.H. The empirical mode

decomposition and the Hilbert spectrum for nonlinear and non-stationary time series analysis. Proc. R. Soc. Lond. A 1998, 454,
903–995. [CrossRef]

2. Huang, N.E.; Wu, M.C.; Long, S.R.; Shen, S.S.P.; Qu, W.; Gloersen, P.; Fan, K.L. A confidence limit for the empirical mode
decomposition and Hilbert spectral analysis. Proc. R. Soc. Lond. A 2003, 459, 2317–2345. [CrossRef]

3. Cohen, M.X. Analyzing Neural Time Series Data: Theory and Practice, 1st ed.; MIT Press: Cambridge, MA, USA, 2014.
4. Niedermeyer’s Electroencephalography: Basic Principles, Clinical Applications, and Related Fields, 7th ed.; Schomer, D.L., Lopes da Silva,

F.H., Eds.; Oxford University Press: New York, NY, USA, 2017.
5. Mallat, S.G. A theory for multiresolution signal decomposition: The wavelet representation. IEEE Trans. Pattern Anal. Mach. Intell.

1989, 11, 674–693. [CrossRef]
6. Daubechies, I. Ten Lectures on Wavelets, 1st ed.; Society for Industrial and Applied Mathematics: Philadelphia, PA, USA, 1992.
7. Meyer, Y. Wavelets: Algorithms and Applications, 1st ed.; Society for Industrial and Applied Mathematics: Philadelphia, PA,

USA, 1993.

http://doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1098/rspa.2003.1123
http://dx.doi.org/10.1109/34.192463


Diagnostics 2023, 13, 93 10 of 10

8. Thurner, S.; Feurstein, M.C.; Teich, M.C. Multiresolution wavelet analysis of heartbeat intervals discriminates healthy patients
from those with cardiac pathology. Phys. Rev. Lett. 1998, 80, 1544–1547. [CrossRef]

9. Dremin, I.M.; Furletov, V.I.; Ivanov, O.V.; Nechitailo, V.A.; Terziev, V.G. Precursors of stall and surge processes in gas turbines
revealed by wavelet analysis. Control Eng. Pract. 2002, 10, 599–604. [CrossRef]

10. Costa, M.; Goldberger, A.L.; Peng, C.-K. Multiscale entropy analysis of physiologic time series. Phys. Rev. Lett. 2002, 89, 062102.
[CrossRef]

11. Costa, M.; Peng, C.-K.; Goldberger, A.L.; Hausdorff, J.M. Multiscale entropy analysis of human gait dynamics. Physics A 2003,
330, 53–60. [CrossRef]

12. Pavlov, A.N.; Dubrovsky, A.I.; Koronovskii, A.A., Jr.; Pavlova, O.N.; Semyachkina-Glushkovskaya, O.V.; Kurths, J. Extended
detrended fluctuation analysis of electroencephalograms signals during sleep and the opening of the blood-brain barrier. Chaos
2020, 30, 073138. [CrossRef]

13. Barfred, M.; Mosekilde, E.; Holstein-Rathlou, N.-H. Bifurcation analysis of nephron pressure and flow regulation. Chaos 1996, 6, 280.
[CrossRef]

14. Peng, C.-K.; Buldyrev, S.V.; Havlin, S.; Simons, M.; Stanley, H.E.; Goldberger, A.L. Mosaic organization of DNA nucleotides. Phys.
Rev. E 1994, 49, 1685–1689. [CrossRef]

15. Costa, M.; Goldberger, A.L.; Peng, C.-K. Multiscale entropy analysis of biological signals. Phys. Rev. E 2005, 71, 021906. [CrossRef]
16. Peng, C.-K.; Havlin, S.; Stanley, H.E.; Goldberger, A.L. Quantification of scaling exponents and crossover phenomena in

nonstationary heartbeat time series. Chaos 1995, 5, 82–87. [CrossRef]
17. Kantelhardt, W.; Koscielny-Bunde, E.; Rego, H.H.A.; Havlin, S.; Bunde, A. Detecting long-range correlations with detrended

fluctuation analysis. Physics A 2001, 295, 441–454. [CrossRef]
18. Frolov, N.S.; Grubov, V.V.; Maksimenko, V.A.; Lüttjohann, A.; Makarov, V.V.; Pavlov, A.N.; Sitnikova, E.; Pisarchik, A.N.; Kurths,

J.; Hramov, A.E. Statistical properties and predictability of extreme epileptic events. Sci. Rep. 2019, 9, 7243. [CrossRef]
19. Pavlov, A.N.; Pitsik, E.N.; Frolov, N.S.; Badarin, A.; Pavlova, O.N.; Hramov, A.E. Age-related distinctions in EEG signals during

execution of motor tasks characterized in terms of long-range correlations. Sensors 2020, 20, 5843. [CrossRef]
20. Hu, K.; Ivanov, P.C.; Chen, Z.; Carpena, P.; Stanley, H.E. Effect of trends on detrended fluctuation analysis. Phys. Rev. E 2001, 64,

011114. [CrossRef]
21. Chen, Z.; Ivanov, P.C.; Hu, K.; Stanley, H.E. Effect of nonstationarities on detrended fluctuation analysis. Phys. Rev. E 2002, 65,

041107. [CrossRef]
22. Shao, Y.H.; Gu, G.F.; Jiang, Z.Q.; Zhou, W.X.; Sornette, D. Comparing the performance of FA, DFA and DMA using different

synthetic long-range correlated time series. Sci. Rep. 2012, 2, 835. [CrossRef]
23. Pavlov, A.N.; Dubrovskii, A.I.; Pavlova, O.N.; Semyachkina-Glushkovskaya, O.V. Effects of sleep deprivation on the brain

electrical activity in mice. Appl. Sci. 2021, 11, 1182. [CrossRef]
24. Mosekilde, E. Topics in Nonlinear Dynamics: Applications to Physics, Biology and Economic Systems, 1st ed.; World Scientific: Singapore,

1996.
25. Holstein-Rathlou, N.-H.; Leyssac, P.P. TGF-mediated oscillations in the proximal intratubular pressure: Differences between

spontaneously hypertensive rats and Wistar-Kyoto rats. Acta Physiol. Scand. 1986, 126, 333–339. [CrossRef]
26. Postnov, D.E.; Sosnovtseva, O.V.; Mosekilde, E.; Holstein-Rathlou, N.-H. Cooperative phase dynamics in coupled nephrons. Int. J.

Mod. Phys. B 2001, 15, 3079–3098. [CrossRef]
27. Leyssac, P.P.; Holstein-Rathlou, N.H. Tubulo-glomerular feedback response: Enhancement in adult spontaneously hypertensive

rats and effects of anaesthetics. Pflügers Arch. 1989, 413, 267–272. [CrossRef] [PubMed]
28. Castellanos, N.P.; Makarov, V.A. Recovering EEG brain signals: Artifact suppression with wavelet enhanced independent

component analysis. J. Neurosci. Methods 2006, 158, 300–312. [CrossRef] [PubMed]
29. Sosnovtseva, O.V.; Pavlov, A.N.; Mosekilde, E.; Yip, K.-P.; Holstein-Rathlou, N.-H.; Marsh, D.J. Synchronization among mecha-

nisms of renal autoregulation is reduced in hypertensive rats. Am. J. Physiol. Ren. Physiol. 2007, 293, F1545–F1555. [CrossRef]
30. Pavlov, A.N.; Sosnovtseva, O.V.; Ziganshin, A.R.; Holstein-Rathlou, N.-H.; Mosekilde, E. Multiscality in the dynamics of coupled

chaotic systems Physics A 2002, 316, 233–249. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1103/PhysRevLett.80.1544
http://dx.doi.org/10.1016/S0967-0661(02)00005-9
http://dx.doi.org/10.1103/PhysRevLett.89.068102
http://dx.doi.org/10.1016/j.physa.2003.08.022
http://dx.doi.org/10.1063/5.0011823
http://dx.doi.org/10.1063/1.166175
http://dx.doi.org/10.1103/PhysRevE.49.1685
http://dx.doi.org/10.1103/PhysRevE.71.021906
http://dx.doi.org/10.1063/1.166141
http://dx.doi.org/10.1016/S0378-4371(01)00144-3
http://dx.doi.org/10.1038/s41598-019-43619-3
http://dx.doi.org/10.3390/s20205843
http://dx.doi.org/10.1103/PhysRevE.64.011114
http://dx.doi.org/10.1103/PhysRevE.65.041107
http://dx.doi.org/10.1038/srep00835
http://dx.doi.org/10.3390/app11031182
http://dx.doi.org/10.1111/j.1748-1716.1986.tb07824.x
http://dx.doi.org/10.1142/S0217979201007233
http://dx.doi.org/10.1007/BF00583540
http://www.ncbi.nlm.nih.gov/pubmed/2717373
http://dx.doi.org/10.1016/j.jneumeth.2006.05.033
http://www.ncbi.nlm.nih.gov/pubmed/16828877
http://dx.doi.org/10.1152/ajprenal.00054.2007
http://dx.doi.org/10.1016/S0378-4371(02)01202-5

	Introduction
	Methods and Experiments 
	Coarse-Grained Time Series
	EDFA Approach
	Simulated Time Series
	Experimental Signals

	Results and Discussion 
	Simulated Time Series
	Experimental Signals

	Conclusions 
	References

