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We propose an extension of the detrended cross-correlation analysis (DCCA) for signals with highly inhomoge-
neous structure. The proposed approach evaluates two scaling exponents, one of which characterizes the
detrended covariance, and the second exponent quantifies the effects of nonstationarity caused by the distribu-
tion of local fluctuations of signal profiles from the trend. Using simulated datasets produced by a system of
coupled Lorenz models, we describe entrainment phenomena associated with chaotic synchronization and the
role of nonstationarity in their description. The processing of experimental data related to cerebral blood flow
in neighboring vessels of different size confirm the general conclusion of this study and shows the possible ad-
vantages of the proposed extension of the DCCA-method for diagnosing changes in cooperative dynamics in
physiological systems, where the combined effects of dynamics, nonstationarity and noise may occur.
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1. Introduction

Cross-correlations occur in the dynamics of various systems [1–3],
especially if such systems consist of interacting units, and the analyzed
data sets reflect the temporal behavior of these units. Networks are
good examples of objects, whose cross-correlations carry important in-
formation about their complex organization that can be used tomonitor
or predict expected dynamics. One of themost promising areas of appli-
cation for cross-correlation analysis is the recently proposed network
physiology [4–8]. When dealing with physiological systems, it is neces-
sary to take into account several features of the acquired signals. In ad-
dition to measurement noise and artifacts, time-varying dynamics
produces various types of nonstationary behavior, which limits the ap-
plicability of traditional correlation analysis. This problem can be par-
tially solved by filtering procedures, including removing a trend.
However, the latter does not guarantee that the resulting signal will be-
come stationary, because other reasons can affect the performance of
themethod, such as intermittent behavior, nonstationarity in the ampli-
tude or energy of the signal. Another problemwith the classical correla-
tion function consists in its reduction for random processes, which
complicates the characterization of long-term power-law correlations.
To improve this characterization, a variant of the root-mean-square
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(rms) analysis of random walk, the detrended fluctuation analysis
(DFA) was proposed [9,10] and widely used in many areas of natural
science [11–17]. Its main idea consists of the building an increasing
function for quantifying the fluctuations in the signal profile around
the local trend, depending on the segment length. This method was
also modified for the case of two nonstationary time series within the
detrended cross-correlation analysis (DCCA) [18,19].

Despite successful applications of DFA in various fields of natural sci-
ence, this approach assumes a fairly homogeneous structure of data
sets, when the fluctuations of the signal profile around the local trend
are comparable for individual segments. The latter allows us to provide
time-averaging of the rms fluctuations for these segments in order to
obtain a scaling exponent that quantifies long-range power-lawcorrela-
tions, although correlations at short or middle ranges can also be esti-
mated. Inhomogeneity of the signal profile for transients or
intermittent behavior can seriously affect the performance of the DFA
and lead to misinterpretations of computational results. In an effort to
account for such inhomogeneity, when the impact of some segments
significantly exceeds the impact of other parts of the data, we proposed
an extended DFA (EDFA) [20]. This method evaluates how the differ-
ences between rms fluctuations vary with segment length and intro-
duces an additional scaling exponent to characterize the effect of
nonstationarity in the signal. EDFA has recently been illustrated using
both simulated and experimental data [21]. In particular, it allowed to
reveal significant distinctions in the responses of macro- and
microcerebral vessels to abrupt changes in peripheral arterial pressure
[20], to improve the separation of groups of rats with different
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permeability of the blood-brain barrier [22,23] and to characterize the
effects of non-rapid eye movement (NREM) sleep [24]. When dealing
with fairly homogeneous processes, EDFA does not provide new infor-
mation compared to the traditional DFAmethod. However, for inhomo-
geneous processes characterized by a wide distribution of local rms
fluctuations of the signal profile around a local trend, EDFA can improve
the separation of processeswith different types of nonstationary behav-
ior.

DFA-based methods are well suited to describe the power-law be-
haviors of natural systems and, in particular, biological systems where
experimental data are noisy due to the existence of internal noise
caused by the interaction of each biological unit with all the others pres-
ent in the system (for example, simple cells or neurons in the brain) and
external noise coming from the environment. Even if the system is con-
sidered within the framework of a deterministic description (e.g., chaos
theory), various sources of noise, internal and external, are always pres-
ent in biological and physical systems. These systems are naturally noisy
and sometimes even chaotic, but alwayswith stochasticity due to exter-
nal and internal noise sources. Moreover, noise often plays a construc-
tive role in the dynamics [25–29]. To take this circumstance into
account, the analysis of such systems should be based, e.g., on stochastic
differential equations (SDEs) with additional noise terms. The latter can
produce small changes in dynamics if the system is considered far from
bifurcation points, etc. However, noise often has a positive role, espe-
cially multiplicative one, which always occurs in physical and biological
systems. In particular, themultiplicative noise sourcemodels the strong
interaction of the population system (as neurons, cells, etc.) with the
environment, which directly affects the population species density. Re-
cent investigations have shown the constructive role of noise in nonlin-
ear systems of interdisciplinary physics that are far from equilibrium,
e.g. [30–37].

In this paper, we propose a modification of the EDFA for cross-
correlation analysis of signals with inhomogeneous structure, namely,
extended detrended cross-correlation analysis (EDCCA). This approach
evaluates two scaling exponents, one related to detrended covariance
as in the original work [18], and the second one describes the effects
of nonstationarity caused by the distribution of local rms deviations of
signal profiles from simple linear or polynomial functions describing
local trends.We illustrate the EDCCAmethod for both simulated and ex-
perimental datasets. The paper is organized as follows. In Section 2, we
describe the extended approach for detrended cross-correlation analy-
sis and simulated/experimental data. The main results describing the
potential of EDCCA in studying the nonstationary dynamics of nonlinear
systems are given in Section 3. Section 4 summarizes the conclusions of
the study.

2. Methods and experiments

2.1. DFA and its extended version EDFA

Detrended fluctuation analysis (DFA) [9,10] has been proposed to
characterize long-range power-law correlations in various natural pro-
cesses, especially, if the time series acquired are nonstationary, and
the applicability of traditional correlation analysis becomes question-
able. Besides nonstationarity, DFA improves the quantitative assess-
ment of the features of power-law statistics in the region of long-
range correlations for random processes, in which the correlation func-
tion decreases rapidly. The method evaluates the profile yk of the time
series xi, i = 1,…, N as

yk ¼ ∑
k

i¼1
xi−〈x〉
� �

, ð1Þ

where 〈x〉 is themean value. Retrieving of 〈x〉 is not required at this stage
and can be omitted, since this value will be taken into account during
the trend removal procedure.
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The profile yk is then separated into segments of length n, and the
linear local trend zk is estimated in every segment according to the
least-squares approach. Fluctuations of the profile often show a
power-law dependence with the scaling exponent α

FDFA nð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
k¼1

yk−zk½ �2
vuut � nα : ð2Þ

Some distinctions in the algorithmic procedure can be taken into ac-
count, e.g., accounting for overlapping segments, non-linear fitting of
the local trend, etc., but they are not decisive for the performance of
the method. The relationship between α and other characteristics de-
scribing the features of a signal is discussed in many studies, e.g. [14,
15]. Using α, differences in the signal structure are quantified, in partic-
ular, thepresence of anti-correlations (α<0.5), positive power-lawcor-
relations (0.5 < α < 1), uncorrelated behavior (α = 0.5), etc.

Let us now discuss the case when the nonstationarity properties dif-
fer significantly throughout the signal, and the role of some segments
considerably exceeds the influence of other parts of the data. This is ob-
served, e.g., for intermittent dynamics or transients. Thus, Fig. 1 shows
two examples of significant distinctions between profile segments,
where local standard deviations Floc(n) estimated inside segments of
length n, have a broad distribution. According to Fig. 1a, the first type
of nonstationarity (trend) is characterized by the largest value of Floc
for the first segment, and the related Floc exceeds the sum of local
standard deviations for the remaining parts. For the second type of
nonstationarity (switching between different random processes) Floc
for the first segment is 30 times more than for the second.

The dominant role of several segments produces essential differ-
ences in the estimated quantities for cases when some parts of the
data are included or removed. For transients, the given problem can
be solved by detrending procedures (filtering low-frequency compo-
nents). For other types of nonstationary behavior (intermittency,
nonstationarity in amplitudes), the ways to solve the problem are
more complicated. If the origin of nonstationarity is associated with
the complex dynamics of the system under study, it is not always obvi-
ouswhether some data segments should be excluded from the analysis.

To take into account the distinctions in local fluctuations, we pro-
posed to consider an additionalmeasure representing the difference be-
tween the maximum and minimum local standard deviation of the
signal profile from the trend [20]

dFEDFA nð Þ ¼ max Floc nð Þ½ �−min Floc nð Þ½ � ð3Þ

or thewidth of the distribution of local standard deviations [38].We call
this approach extended DFA (EDFA) and analyze the power-law behav-
ior of measure (3)

dFEDFA nð Þ � nβ : ð4Þ

An example showing that α and β exponents are different quantities
is illustrated in Fig. 2. Both these quantities can be useful diagnostic
tools, and their simultaneous estimation can improve the analysis of
physiological data sets [20,24,38].

2.2. DCCA and its extension EDCCA

In [18], a method was proposed for describing long-range cross-
correlations in the nonstationary dynamics of various systems, called
the detrended cross-correlation analysis (DCCA). Itsmain idea is the fol-
lowing generalization of the DFA approach. Consider two interrelated
time series {xi} and exif g, i=1,…, N, which exhibit time-varying behav-
ior and do not satisfy the stationarity property. Their profiles (random
walks) are introduced as



a b

Fig. 1. Two examples of profiles for nonstationary signals xi: floating mean value (trend) (a) and switching between white noise and noise with anticorrelations (α = 0.1) (b). Local
standard deviations are shown in each segment for n = 10,000.
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yk ¼
Xk
i¼1

xi; ~yk ¼
Xk
i¼1

~xi: ð5Þ

Further, each profile is divided into N–n overlapping segments of n
− 1 values, and the local trend in each segment (i ≤ k ≤ i + n) is esti-
mated according to the linear least squares fit.

The detrended cross-correlation is assessed for every segment

f 2DCCA n, ið Þ ¼ 1
n−1

∑
iþn

k¼i
yk−zkð Þ eyk−ezk� � ð6Þ

where zk and ezk are the related local trends, and then averaged over all
available parts of data

F2DCCA nð Þ ¼ 1
N−n

∑
N−n

i¼1
f 2DCCA n, ið Þ: ð7Þ

When dealing with one time series (xi ¼ exi), the algorithm becomes
analogous to the standard DFA. In the case of long-range cross-
correlations, the FDCCA(n) dependence exhibits a power-law behavior
with the scaling exponent λ

FDCCA nð Þ � nλ: ð8Þ

In this paper, we propose an extension of the DCCAmethod by anal-
ogy with the EDFA approach. For two interrelated time series, in which
Fig. 2. An example of computing the exponents α and β for a random process with anti-
correlations (derivative of 1/f-noise).
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the properties of nonstationarity vary significantly, we will take into ac-
count the variability of local fluctuations of the profiles. To do this, we
propose to estimate the difference between the maximum and mini-
mum local standard deviation of each signal profile from the trend

dF nð Þ ¼ max Floc nð Þ½ �−min Floc nð Þ½ �,
deF nð Þ ¼ max eFloc nð Þ

h i
−min eFloc nð Þ

h i
,

ð9Þ

and introduce a measure describing the effects of nonstationarity

dFEDCCA nð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
dF nð Þ∗deF nð Þ

q
: ð10Þ

Thismeasure has often a power-lawdependence, which is described
by a scaling exponent other than λ

dFEDCCA nð Þ � nμ : ð11Þ

For stationary processes, the measures dF(n) and deF nð Þ tend to zero,
i.e., dFEDCCA(n) takes small values. In such case, the scaling exponent μ
does not provide an informative characteristic of the signals, but this
exponent distinguishes interrelated processes with varying degrees of
inhomogeneity, which is useful in many diagnostic-related problems.

Alternatively, we can consider thewidths of the probability distribu-
tions, characterized by the standard deviations

dFEDCCA nð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ Floc nð Þð Þ � σ ~Floc nð Þ

� �r
� nμ : ð12Þ

Both definitions (11) and (12) are similar, however, the latter ap-
proach canprovidemore stable resultswhen dealingwith inhomogene-
ous data sets containing, e.g., artifacts or extreme events. In Section 3we
describe examples of using the μ measure to characterize both simu-
lated and experimental data.

2.3. Simulated data

We will consider simulated datasets produced by a system of two
coupled Lorenz models. The Lorenz equations are the benchmark
model that is widely used to study chaotic oscillations and the mecha-
nisms of their development [39]. Cross-correlation analysis can be ap-
plied to reveal synchronization features in interacting units described
by the following six ordinary differential equations



Fig. 3. An example of a speckle image of cerebral blood vessels of different sizes.
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dx1;2
dt

¼ s y1;2−x1;2
� �þ γ x2;1−x1;2

� �
;

dy1;2
dt

¼ r1;2x1;2−x1;2z1;2−y1;2;

dz1;2
dt

¼ x1;2y1;2−z1;2b;

ð13Þ

where theparameters s=10, r1=28.8, r2=28, and b=8/3 govern the
dynamics of each subsystem, and γ is the coupling strength. The
analysis of the system (13) will be carried out on the basis of series of
return times into the Poincaré sections introduced as x1

2 + y1
2 = 30

and x2
2 + y2

2 = 30. The effects of nonstationarity will be considered by
adding a trend to these series, which is modeled by a segment (1/4 of
the period) of the cosine function. We will also consider SDEs by
adding a noise term to the first equation of the second subsystem
(additive white noise).

A quite atypical phenomenon demonstrated by Eq. (13) consists in
the initial desynchronization [40] in the range γ ∈ [0.0,2.0]. With a fur-
ther increase in the coupling strength, the oscillation frequencies of
a

Fig. 4. Dependencies (8) and (11) in the lg–lg plot for synchronous and asynchronous dynamic
and dotted lines show how these dependencies change when a trend is added. The insets con
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both subsystems tend to be adjusted that is in accordancewith the com-
monly expected behavior of interacting units with self-sustained oscil-
lations.

2.4. Experimental data

As experimental data we shall consider the velocity of relative cere-
bral blood flow (CBF) measured in rats by means of the laser speckle
contrast analysis [41–43]. The experiments were done in 8 adult male
rats according to the “Guide for the Care and Use of Laboratory Ani-
mals”. Before the experiment, the rats were adapted to environmental
conditions for 1/2 h and then a background recording (control state)
was done. Further, an injection of mesaton (Sigma) was performed at
a dose 0.5 μg/kg, which produced a growth in peripheral arterial pres-
sure, and the related recordings were done (10 min after the injection).
According to physiological assumptions, such changes are not reflected
in CBF due to the existing protecting mechanisms, although some reac-
tions in the capillary network may be observed. To study these reac-
tions, the cerebral cortex was illuminated with a He-Ne laser
(Thorlabs HNL210L, 632.8 nm). Speckle patterns were acquired using
a Basler acA2500-14gm CMOS camera with the sampling rate of 40
frames/s. The contrast was estimated as K = S/〈I〉, where S and 〈I〉 are
the standard deviation and mean intensity, averaged over 5 × 5 pixels
window. The velocity of the relative CBF was estimated as a value in-
versely proportional to K [44] (Fig. 3). The speckle image enables to
choose a focusing point inside a large vessel for temporal dynamics
analysis. To study microcirculation in small surrounding vessels and
measure the velocity of relative CBF in capillaries, an integral assess-
ment of a speckle image fragment near a large vessel is carried out
[45,46].

3. Results and discussion

3.1. Simulated data

Cross-correlation analysis of datasets related to both units of the
system (13) makes it possible to distinguish between the states of
their synchronous and asynchronous dynamics. The presence of addi-
tional nonstationarity complicates this analysis, since the behavior of
the power-law dependencies (8) and (11) differs significantly from
the expected results. This is illustrated in Fig. 4, where the open symbols
refer to stationary chaotic oscillations, and the dotted lines show
changes in the lg–lg dependencies provoked by variations in the mean
value (trend) at the beginning of both datasets. According to Fig. 4,
the effects of nonstationarity prevail in the region of long-range correla-
tions (lgn > 2.8 for asynchronous chaos and lgn > 2.3 for synchronous
chaotic oscillations), where the slopes of the dependencies become
b

s of system (13). Open symbols indicate associated dependencies for stationary processes,
tain signals with a trend for synchronous (a) and asynchronous (b) oscillations.



Fig. 6. Cross-correlation analysis of the relative CBF velocity in adjacent large vessels
branched fromthe sagittal sinus aftermesaton injection. The inset shows the related signal
for one vessel.
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equal. Moreover, in this range of scales, we clearly obtain significantly
higher scaling exponents that do not reflect the dynamical changes in
return times caused by synchronization. Slope changes define the
upper limit of the available scale range that can beused to study dynam-
ical changes in system behavior which do not relate to nonstationarity
effects. If this range is sufficient to estimate the scaling exponents,
i.e., the distinctions in dynamics are due to short- or middle-range cor-
relations, the datasets can be processed without pre-filtering, assuming
that the slopes are estimated in a restricted region of lgn. Otherwise, if a
wider range of scales is to be considered, a preliminary trend removal
procedure becomes mandatory. Note, that this a separation of ranges
is better provided based on the exponent μ, since dependencies (11)
or (12) are oftenmore sensitive to nonstationarity than (8) and changes
in slopes of lgFDCCA vs lgn may be relatively weaker. In relation to the
considered case of synchronization in system (13), the region lgn <
2.2 allows one to analyze the changes in cross-correlations that occur
with an increase in the coupling strength (Fig. 5). Here, for γ > 6, both
interacting units show synchronous chaotic oscillations, and a further
increase in γ does not change the scaling exponents. Moreover, even
for the stationary dynamics of system (13) (open symbols in Fig. 4),
consideration of the region of long-range correlations, e.g., lgn>3.0, be-
comes less informative for studying the effects of entrainments of
interacting units. The considered types of oscillations are quite stable
to noise, added to the system (13). Thus, for noise intensity I~10−4,
the results are very close to those for the deterministic system (13).

3.2. Experimental data

Analysis of physiological processes confirms the conclusions of
Section 3.1. Thus, Fig. 6 shows the results of cross-correlation analysis
for two adjacent vessels branched from the sagittal sinus after an
acute increase in peripheral blood pressure. The inset shows an example
of a time series which contains several types of nonstationary behavior.
In addition to the low-frequency variation in the mean value, there are
changes in amplitude (energy) and the appearance of short-term im-
pulses or extreme events which are not observed in the beginning
part of this time series. Such nonstationarity affects the power-law de-
pendencies shown in Fig. 6 in the lg–lg plot. Again, we can clearly see
changes in the slopes at lgn = 2.3 that are better expressed for the
lgdFEDCCA vs lgn dependency. The λ-exponent changes from 0.57 to
1.0, while μ increases from −0.25 to 1.85. Due to this we could expect
that dynamical changes in cerebral blood vessels do not associating
with the nonstationarity could be related to the region lgn < 2.3. Note
that changes in the dynamics of physiological systems can also be
found in the region of long-range correlations, and the properties of
nonstationarity can differ between distinct physiological states. Fig. 6
Fig. 5. Changes in the λ- and μ-exponents with increasing coupling strength in the model
(13).
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shows that to characterize the dynamics of the system, it is incorrect
to use a single exponent, estimated over the entire range of scales.
Based on the DCCA extension, we clearly see that at least two ranges
need to be considered separately, namely, lgn < 2.3 and lgn > 2.3.
Prefiltering can reduce the effects of nonstationarity, but it does not al-
ways perform a transition to stationary datasets, especially if
nonstationarity is different from trend. Therefore, consideration of the
behavior of lgdFEDCCA vs lgn is important to choose an appropriate
range of scales for comparing differences in physiological states.

After this preliminary study, let us consider in more detail the cross-
correlation analysis of the dynamics of macro- and microcerebral blood
flow in adjacent vessels of different sizes. The interest to this problem is
caused by recent studies [47,48],whichhave shown that the response to
abrupt changes in peripheral blood pressure can differ between large
cerebral vessels and capillaries. Due to the protection mechanisms of
the brain, large vessels usually do not demonstrate clear changes in
their dynamics, but the reaction of the capillary network can be de-
tected. The latter enables to expect changes in cross-correlations be-
tween the relative CBF in neighboring vessels of different sizes. Fig. 7
confirms this assumption for a group of animals. Here we considered
the lgn < 2.3 region and compared the cross-correlations based on the
λ-exponent and two variants for computing the μ-exponent. According
to Fig. 7, these exponents decrease in the considered range of scales
after the injection of mesaton and the related “jump” of peripheral arte-
rial pressure. In particular, λ changes from 0.92 ± 0.05 to 0.8 ± 0.05 (p
<0.05 according to theMann-Whitney test), and μ reduces from 0.45±
0.09 to 0.17 ± 0.07 when considering definition (11) and from 0.53 ±
0.08 to 0.23 ± 0.08 (p < 0.01, the Mann-Whitney test) when using
definition (12). Regardless of the definition, the μ exponent shows
stronger changes compared to λ, confirming that the proposed exten-
sion of the DCCA-method can be a useful tool for diagnostics changes
in physiological regulatory mechanisms caused by varying functioning
conditions. The observed distinctions exceed those in the region of
long-range correlation, where nonstationarity affects the estimates
and pre-filtering does not improve the separation of groups compared
to the results given in Fig. 7. In our opinion, the EDCCAmethod provides
a more thorough analysis of data, taking into account the features of
their structure.

4. Conclusion

Nonstationary dynamics of complex systems affects their reliable
characterization from experimentally recorded datasets. In this regard,
extensions of signal processing tools are often a required task to im-
prove their diagnostic capabilities. Here, we address the problem of



Fig. 7. Estimation of the λ and μ-exponents according to definitions (11) and (12), respec-
tively for two states: control state and after injection of mesaton.
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modifying cross-correlation analysis based on the DCCA-method. By
analogy with the recently proposed EDFA, we suggest to estimate two
scaling exponents, one of which is associated with DCCA and quantifies
cross-correlations in interrelated time series, and the other exponent
takes into account the effects of nonstationarity. The latter measure is
less informative for stationary datasets and increases for processes
with inhomogeneous structure. Analysis of the dependence of local
rms deviations of signal profiles from trend gives an opportunity to se-
lect a suitable range of scales where power-law statistics are observed,
and to avoid combining rangeswith distinct scaling properties. Such ap-
proachwas used to characterize the entrainment phenomena in the dy-
namics of coupled Lorenz models that produce chaotic oscillations. In
addition to quantifying the transition from asynchronous to synchro-
nous chaos with increasing coupling strength, we analyzed the effects
of nonstationarity on this characterization. Further, we applied this ap-
proach to study cross-correlations in the dynamics of adjacent cerebral
vessels and their changes caused by abrupt growth in peripheral blood
pressure. The results obtained confirm the conclusions for the simulated
datasets and illustrate the advantages of the proposed DCCA extension
in the numerical description of pharmacologically induced changes in
CBF dynamics. We hope that this tool can be useful in various studies
of interactions of physiological systems, where combined effects of dy-
namics and nonstationary behavior are observed, e.g., in network phys-
iology.
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