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For non-stationary complex dynamic systems, a standardized algorithm is developed to compute time correlation
functions, addressing the limitations of traditional methods reliant on the stationary assumption. The proposed algorithm
integrates two-point and multi-point time correlation functions into a unified framework. Further, it is verified by a practical
application in complex financial systems, demonstrating its potential in various complex dynamic systems.
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1. Introduction
Understanding the dynamics of complex systems remains

a fundamental challenge in many scientific disciplines, largely
due to the absence of a principled mathematical framework
and the intractability of their equations of motion.[1–4] Tem-
poral and spatial correlation functions have proven invaluable
for exploring dynamic behaviors in such systems. In station-
ary or equilibrium states, these functions provide robust char-
acterizations of the underlying dynamics. Nevertheless, for a
wide range of dynamic systems, temporal correlations tend to
be either negligible or zero if the non-stationary effects are not
considered.[5–13]

Complex dynamic systems are often non-stationary, or
at least with features of non-stationary states.[14–16] A typi-
cal characteristic of non-stationary states is the strong auto-
correlation in dynamic variables that evolve significantly over
time.[17–22] Such a phenomenon hinders the computational
analysis of temporal and spatial correlation functions under
the stationary assumption.[12,23–26] Detrended fluctuation anal-
ysis allows for the identification of auto-correlations even
when non-stationary trends are present,[27–31] and it can be
extended to examine the cross-correlations between multiple
time series.[32–36] However, developing a systematic approach
to compute time correlations in non-stationary complex sys-
tems remains a critical open problem.

Recently, a novel methodology has been proposed for the

computation of time correlation functions based on the histor-
ical big-data, considering dynamic effects of non-stationary
states.[10–12] In particular, the two-point time correlation func-
tion has been computed in Ref. [10], and a non-zero correla-
tion is observed in different dynamic systems. This is crucial
for both theory and applications, particularly in financial sys-
tems, where it relates to the long-debated volatility-feedback
effect.[37,38] In stock markets, however, this correlation is typ-
ically below 1%–2% and subject to fluctuations, posing chal-
lenges for risk management in investment strategies based on
such correlations.

In general, multi-point time correlations provide a more
comprehensive characterization of dynamic behaviors. No-
tably, empirical models of complex systems, such as ARCH
models, minority games, and agent-based models,[39–44] of-
ten incorporate multi-point interactions. Nonetheless, calcu-
lating multi-point correlations is significantly more complex,
and identifying corresponding physical effects is challeng-
ing. Reference [11] introduces an effective method to simplify
multi-point time correlations, extending significantly beyond
the two-point framework.

Although considerable progress has been achieved in in-
vestigating non-stationary time correlation functions, there is
currently a lack of standardized algorithms in practical appli-
cations, which restrains the widespread dissemination of those
theoretical results. In this paper, we formulate a standardized
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algorithm for calculating two-point and multi-point time cor-
relation functions in non-stationary states, providing an effi-
cient framework for investigating complex dynamic systems.

2. Methods
2.1. Two-point time correlation function

Given two dynamic variables in a complex system, A(t ′)
and B(t ′), where t ′= 1,2, . . . ,T . Let A(t ′) represent the driving
force of the dynamic system, and B(t ′) the corresponding re-
sponse. To investigate the dynamic behavior of B(t ′), one can
define the two-point time correlation function between A(t ′)
and B(t ′) as

C(t) = 〈A(t ′)B(t ′+ t)〉−〈A(t ′)〉〈B(t ′+ t)〉, (1)

where 〈· · · 〉 denotes the average over time t ′. The correlation
function C(t) measures the impact of the past dynamic variable
A(t ′) on the future dynamic variable B(t ′+ t). Notably, A(t ′)
may represent either an internal driving force, such as dynamic
fluctuations in various systems,[10] or an external one, such as
external information in complex financial systems.[12] Mean-
while, B(t ′) could stand for various dynamic variables, such as
changes in stock prices,[11] atmospheric temperature,[13] and
so on.

From the perspective of statistical physics, the compu-
tation of C(t) typically assumes that the dynamic system re-
sides in a stationary state. However, complex dynamic systems
are usually non-stationary or exhibit features of non-stationary
states.[14–16] In such cases, a direct calculation of C(t) can be
hindered by non-stationary dynamics, resulting in correlations
that fluctuate around zero (see Fig. 1(a)).

A typical example of non-stationary states arises from the
strong auto-correlation of dynamic variables, indicating that
these variables undergo significant temporal evolution, even
when averaged over long time scales. Assuming the auto-
correlation time of such variables as Tb, the system can be ap-
proximated as being in a quasi-stationary state within the time
window Tb. As time evolves, however, it switches among dif-
ferent quasi-stationary states. To consider the dynamic effects
of such non-stationary states, and following the methodology
outlined in Refs. [10–12], we first subtract the background val-
ues of A(t ′) calculated over the time window Tb from its instan-
taneous values within the time window T

Ã(t ′) = AT (t ′)−ATb(t
′), (2)

where AT (t ′) = 1
T ∑

T−1
i=0 A(t ′− i), and ATb(t

′) is defined simi-
larly. Using this background-subtracted variable, we redefine
Eq. (1) as

C̃(t) = 〈Ã(t ′)B(t ′+ t)〉−〈Ã(t ′)〉〈B(t ′+ t)〉. (3)

In contrast to C(t) in Eq. (1), the modified correlation function
C̃(t) above is non-zero for a broad class of dynamic systems,
as illustrated in Fig. 1(b).

2.2. Multi-point time correlation function

Due to the presence of noise interference and intricate in-
teractions, the two-point time correlation function defined in
Eq. (3) may not sufficiently capture the complexities of dy-
namic systems. To address this limitation, the two-point time
correlation is generalized to a multi-point correlation function,
allowing for a more comprehensive characterization of the sys-
tem’s dynamics,

C̃mp(t) =
〈
Ã(t ′− t +1) · · · Ã(t ′)B(t ′+1)

〉
, (4)

which quantifies the relationship between a past configuration
of the dynamic variable, expressed as Ã(t ′− t +1), Ã(t ′− t +
2),. . . , Ã(t ′), and a future dynamic variable B(t ′+ 1). How-
ever, the computation of such multi-point time correlations is
significantly more complex than calculating a two-point one.
As suggested in Ref. [11], an efficient approach has been de-
veloped to simplify the calculation of multi-point time corre-
lations, comprising the following four sequential steps.

Step 1: Simplification of Ã(t ′) To reduce computational
complexity, Ã(t ′) is simplified to its sign function sgn(Ã(t ′)),
where sgn(x) indicates the sign of x. For a given t, the possible
micro-state configurations of the past states {sgn(Ã(t ′− i))},
with i = t− 1, . . . ,0, grow exponentially as 2t , making calcu-
lations intractable for large t.

Step 2: Micro-state configuration classification To ad-
dress this, a multi-point time variable is introduced,

Ã(t ′; t) =
t−1

∑
i=0

sgn
(
Ã(t ′− i)

)
, (5)

which maps the micro-state configurations to discrete values
η(t) =−t,−t+2, . . . , t−2, t. This reduces the number of pos-
sible micro-state configurations to t + 1, significantly simpli-
fying the calculation.

Step 3: Correlation of micro-state configurations For
a fixed micro-state configuration Ã(t ′; t) = η(t), the time cor-
relation function between Ã(t ′; t) and B(t ′+1) is defined as

C̃mp(t,η(t)) = 〈sgn
(
Ã(t ′; t)|η

)
·B(t ′+1)〉

−〈sgn
(
Ã(t ′; t)|η

)
〉 · 〈B(t ′+1)〉, (6)

where Ã(t ′; t)|η refers to the subset of data with Ã(t ′; t) = η(t).
The occurrence frequency of each micro-state configuration
is described by nη = Nη/N, where Nη is the number of data
points with Ã(t ′; t) = η(t), and N is the total number of data
points.

Step 4: Overall multi-point correlation The total multi-
point time correlation function is obtained by summing over
all η(t):

C̃mp(t) = 〈sgn(Ã(t ′; t)) ·B(t ′+1)〉

038904-2
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−〈sgn(Ã(t ′; t))〉 · 〈B(t ′+1)〉, (7)

where C̃mp(t) = ∑η C̃mp(t,η(t)). This function differs funda-
mentally from the two-point time correlation function C̃(t) in

Eq. (3) (see Fig. 1(b)). The ratio C̃mp(t)/C̃(1) quantifies the

enhancement of the multi-point correlation compared to the

two-point case.

′

′

′

′

( ′)

Correlation in non-stationary stateCorrelation in stationary state

Two-point

= ( ′) ( ′ + )

Subtract non-stationary
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= ( ′) ( ′ + )

≈ 0

0

(a) (b)
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Fig. 1. Diagram of the proposed approach for calculating time correlation functions in (a) stationary and (b) non-stationary states. (a) For two
time series, where A(t ′) exhibits strong auto-correlation and B(t ′) is uncorrelated with itself, a direct computation of C(t) may be hindered by the
non-stationary effects of A(t ′), causing the correlation to fluctuate around zero. (b) To address this, the non-stationary effect is explicitly taken
into account in the computation of the two-point time correlation function C̃(t) and the multi-point correlation function C̃mp(t). First, Ã(t ′) is
derived by subtracting the background values of A(t ′) over the time window Tb from its instantaneous values over the time window T , as defined
in Eq. (2). Second, C̃(t) and C̃mp(t) are calculated across different time window pairs of T and Tb. Third, effective and optimal time window
pairs are identified based on specific criteria (see Subsection 2.3). Finally, the non-zero correlation functions C̃(t) and C̃mp(t) are obtained at the
optimal time window pair.

2.3. The effective pairs of time windows T and Tb

Following the methods described in Refs. [10,11], two
criteria are proposed to identify the effective time window
pairs T and Tb for both two-point and multi-point time correla-
tion functions. The schematic representation of these criteria
is illustrated in Fig. 2, with the detailed steps outlined below.

(I) Criterion for two-point time correlation functions
C̃(t)

(i) For each time window pair T and Tb, calculate C̃(t) and
apply a 3-day moving average to smooth the data and reduce
fluctuations.

(ii) Identify t1, the first time where C̃(t) changes its sign.
Define C̃(t) over the range 1 ≤ t ≤ t1 as the first sector, and
t1 ≤ t ≤ t1 + t2 as the second sector. In the first sector, C̃(t)

should consistently remain either positive or negative, while
in the second sector, it should fluctuate around zero.

(iii) Compute the average absolute values of C̃(t) in the
first and second sectors, denoted as AC1 and AC2, respectively.
For non-zero C̃(t), the criteria require that |C̃(t)| > AC2 for
1 ≤ t ≤ t0 and t0 > 10, and |C̃(t)| < AC1 in the second sector
for all t. To further quantify the deviation of C̃(t) from zero,
compute the average value of C̃(t) over the interval 1≤ t ≤ t0,
denoted as AC0.

(iv) The pair of T and Tb that maximizes |AC0| is defined
as the optimal time window pair. The sign of AC0 indicates
whether the correlation is positive or negative.

(II) Criterion for multi-point time correlation func-
tions C̃mp(t)

(i) For each time window pair T and Tb, calculate C̃mp(t)
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and apply a 3-day moving average to smooth the data and re-
duce fluctuations.

(ii) Define C̃mp(t) over the range 1 ≤ t ≤ t1 as the first
sector, and t1 < t ≤ t2 as the second sector. Identify the time
window pair T and Tb such that C̃mp(t) does not change its
sign for t ≤ t2.

(iii) Compute the average absolute values of C̃mp(t) in the
first and second sectors, denoted as AC1 and AC2, respectively.
For the first sector, |C̃mp(t)|<AC2 must hold for all t, while for
the second sector, |C̃mp(t)| > AC1 must be satisfied. To char-
acterize the deviation from zero, calculate the average value of
C̃mp(t) over t ≤ t2, denoted as Cmp.

(iv) The pair of T and Tb that maximizes |Cmp| is defined
as the optimal time window pair. The sign of Cmp indicates
whether the correlation is positive or negative.

3. Results
3.1. Methodological framework

The primary objective of this paper is to present a
standardized algorithm for calculating two-point and multi-
point time correlation functions in non-stationary states. The
methodological framework is illustrated in Fig. 1. First, the
non-stationary effects are considered by subtracting the back-
ground values of dynamic variables, as defined in Eq. (2).
Next, the two-point time correlation function C̃(t) and the
multi-point one C̃mp(t) are computed across different pairs of
time windows T and Tb. Subsequently, effective and optimal
time window pairs are identified based on specific criteria (de-
tails provided in Subsection 2.3 and Fig. 2). Finally, the non-
zero correlation functions C̃(t) and C̃mp(t) are obtained at the
optimal time window pair.

Second sector

First sector

Second sector

AC2

AC2

First sector

AC1
AC1

C↼t↽

Cmp



t t
t

t t
t

~

Cmp↼t↽



~

(a) (b)

Fig. 2. A schematic representation of the criteria for identifying the non-zero (a) two-point time correlation function C̃(t) and (b) multi-point
time correlation function C̃mp(t). The solid curves depict that C̃(t) and C̃mp(t) are divided into two sectors: the first sector spans 1≤ t ≤ t1, while
the second sector spans t1 < t ≤ t2. The average absolute values in these sectors are denoted as AC1 and AC2, respectively. Additionally, in (b),
Cmp denotes the average value of C̃mp(t) over the range t ≤ t2.

Algorithm 1: Pseudo code to compute the two-point time correlation function in non-stationary states.

Inputs:
• A(t ′) and B(t ′): Normalized time series data.
• Tpara: Time windows parameters [T start,T step,T stop,T start

b ,T step
b ,T stop

b ].
• t: Length of the two-point time correlation function.

Outputs:
• C̃(t): Two-point time correlation function at the optimal time windows pair of T and Tb.
• Effective and optimal time window pairs for the two-point time correlation function.

Steps:
1. For each time window pair (T,Tb) in Tpara:

(i) Compute the background-removed time series:
Ã(t ′) = removeBG func(A(t ′),T,Tb).

(ii) Calculate the two-point correlation:
C̃(t) = correlationTP func(Ã(t ′),B(t ′), tc).

2. Identify effective time window pairs based on the criterion:
[T eff,T eff

b ,T opt,T opt
b ] = window selection TP func(C̃(t)).

3. Select the optimal (T opt,T opt
b ) pair based on the maximum absolute value of AC0.

4. Using the optimal (T opt,T opt
b ), calculate the two-point correlation:

C̃(t) = correlationTP func(removeBG func(A(t ′),T opt,T opt
b ),B(t ′), t).

Functions:
• removeBG func: Remove background values to compute a new time series.
• correlationTP func: Compute two-point correlation function.
• window selection TP func: Select effective and optimal time windows for two-point correlation.
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Algorithm 2: Pseudo code to compute the multi-point time correlation function in non-stationary states.

Inputs:
• A(t ′) and B(t ′): Normalized time series data.
• Tpara: Time windows parameters [T start,T step,T stop,T start

b ,T step
b ,T stop

b ].
• t: Length of the multi-point time correlation function.

Outputs:
• C̃mp(t): Multi-point time correlation function at the optimal time window pair.
• C̃mp(t,η(t)): Micro-state multi-point time correlation function at the optimal time window pair.
• Effective and optimal time window pairs for the multi-point time correlation function.

Steps:
1. For each time window pair (T,Tb) in Tpara:

(i) Compute the background-removed time series:
Ã(t ′) = removeBG func(A(t ′),T,Tb).

(ii) Calculate the two-point correlation:
C̃mp(t) = correlationMP func(Ã(t ′),B(t ′), t).

2. Identify effective time window pairs based on the criteria:
[T eff,T eff

b ,T opt,T opt
b ] = window selection MP func(C̃mp(t)).

3. Select the optimal (T opt,T opt
b ) pair based on the maximum absolute value of Cmp.

4. Using the optimal (T opt,T opt
b ) to calculate the micro-state multi-point correlation C̃mp(t,η(t)) for fixed η(t):

C̃mp(t,η(t)) = correlationMPmicro func(removeBG func(A(t ′),T opt,T opt
b ),B(t ′), t).

5. Using the optimal (T opt,T opt
b ) to calculate the multi-point correlation:

C̃mp(t) = correlationMP func(removeBG func(A(t ′),T opt,T opt
b ),B(t ′), t).

Functions:
• removeBG func: Remove background values to compute a new time series.
• correlationMPmicro func: Compute multi-point correlation function for micro-state configurations.
• correlationMP func: Compute multi-point correlation function.
• window selection MP func: Select effective and optimal time windows for multi-point correlation.

To further elucidate the specific calculations involved in
Figs. 1 and 2, we provide the above pseudo-codes to explicitly
present the computational procedures. These algorithms de-
scribe the detailed steps to compute the two-point and multi-
point time correlation functions in non-stationary states, in-
cluding the identification of effective and optimal time win-
dow pairs.

Algorithm 1 outlines the steps for calculating the two-
point time correlation function C̃(t), while Algorithm 2 fo-
cuses on the computation of the multi-point correlation func-
tion C̃mp(t). Each algorithm provides a clear set of inputs,
outputs, and computational steps to ensure accuracy and re-
producibility of results. The criteria for effective time window
selection are explicitly incorporated into both algorithms.

3.2. Practical application

A large class of dynamic systems may usually be non-
stationary, such as social, biological and atmospheric sys-
tems. To demonstrate the effectiveness of our proposed al-
gorithm, we apply it to a practical case in complex financial
systems, where non-stationary effects are prevalent. Specifi-
cally, we compute the time correlation functions between the
stock price volatility A(t ′) and return B(t ′) using real-world
financial data from Hang Seng Index (HSI) and S&P 500 In-
dex (S&P500).[46] The time period of data covers from 2010
to 2024 for HSI and from 2013 to 2024 for S&P 500. It is
well-known that the stock price volatility A(t ′) exhibits strong

auto-correlation, whereas the stock price return B(t ′) is uncor-
related with itself.[47] Thus, when calculating Eq. (1), it is es-
sential to take into account the non-stationary effects of A(t ′).
The results are summarized in Fig. 3.

Let the time series of the stock price be denoted as Y (t ′).
The stock price return y(t ′) is defined as the change in Y (t ′)
over a unit time step: y(t ′) = lnY (t ′)− lnY (t ′− 1). To facili-
tate the comparison of different time series, we introduce the
normalized return: B(t ′) = y(t ′)−〈y(t ′)〉

σ
, where 〈· · · 〉 represents

the time average over t ′, and σ is the standard deviation of
y(t ′). The stock price volatility is then defined as the absolute
value of the normalized return: A(t ′) = |B(t ′)|.

In practical computations, the time window T is swept
from 5 to 44 days, reflecting the instant time scale of the
traders in stock markets.[48] Tb is swept from 45 to 250
days, representing the correlating time scale of the stock price
volatility.[47] There are a total of 1680 pairs of time windows
T and Tb. A pair of T and Tb for which the time correlation
function is non-zero is defined as an effective pair, while the
effective pair exhibiting the largest correlation is referred to as
the optimal pair. As shown in Figs. 3(a) and 3(b), the effective
time window pairs form a specific region for both two-point
and multi-point correlation functions. For the two-point and
multi-point correlation functions, there are 219 and 159 ef-
fective time window pairs, respectively. In our algorithm, we
primarily focus on the representative results associated with
the optimal effective pair.
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Fig. 3. Practical examples of the two-point C̃(t) and multi-point C̃mp(t) time correlation functions in complex financial systems. Here we apply
HSI and S&P500 to calculate C̃(t) and C̃mp(t), respectively. Panels (a) and (b) illustrate the effective time window pairs for two-point and multi-
point time correlation functions, respectively. The color from white (minimum) to pink (maximum) indicates the strength of the correlation. The
optimal time window pair is highlighted with a blue circle and labeled as “Optimal”. Panels (c) and (d) show C̃(t) and C̃mp(t) computed based
on the optimal time window pair, respectively.

The results of the time correlation functions with the op-
timal time window pair of T and Tb are presented in Figs. 3(c)
and 3(d). As expected, the two-point time correlation function
C̃(t) and the multi-point time correlation function C̃mp(t) are
observed to be non-zero. For an initial time t, C̃(t) exhibits
a positive correlation with values exceeding 0.02, persisting
with a relaxation time of up to 10 days. The multi-point corre-
lation function C̃mp(t) generally increases with time t, despite
minor fluctuations. The ratio C̃mp(17)/C̃mp(1) quantifies the
enhancement of the multi-point time correlation and is found
to be significantly greater than 4.

In practical applications, one may exploit the time
correlation to develop profitable investment strategies and
managing risks in financial dynamic systems.[11,12,45] Be-
yond finance systems, it also finds utility in predicting cli-
mate change[13] and understanding other intricate dynamic
phenomena.[10] Therefore, our standardized algorithm pro-
vides a systematic framework for investigating dynamic be-
haviors across diverse fields.

4. Conclusion
In this paper, a standardized algorithm is established for

computing time correlation functions in non-stationary states.
By considering the non-stationary effects, the algorithm in-
tegrates both two-point and multi-point correlation functions
into a unified framework. Applications to complex financial
systems illustrate its robustness and generalizability, and re-
searchers can leverage this methodology to investigate other

complex dynamic systems in non-stationary states.
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P 2019 Phys. Rev. X 9 041056
[3] Papaefthymiou E S, Iordanou C and Papadopoulos F 2024 Phys. Rev.

Lett. 132 257401
[4] Wang J, Zhang Y J, Xu C, Li J, Sun J, Xie J, Feng L, Zhou T and Hu Y

2024 Nat. Commun. 15 2849
[5] Plerou V, Gopikrishnan P, Rosenow B, Amaral L A N and Stanley H E

1999 Phys. Rev. Lett. 83 1471
[6] Bouchaud J P, Matacz A and Potters M 2001 Phys. Rev. Lett. 87 228701
[7] Wang Y J, Cheng H, Edwards R L, He Y Q, Kong X G, An Z S, Wu J

Y, Kelly M J, Dykoski C A and Li X D 2005 Science 308 854
[8] Shen J and Zheng B 2009 Europhys. Lett. 86 48005
[9] Jiang X F and Zheng B 2012 Europhys. Lett. 97 48006

[10] Chen T T, Zheng B, Li Y and Jiang X F 2018 New J. Phys. 20 073005
[11] Zhang J, Jin L F, Zheng B, Li Y and Jiang X F 2022 Physica A 589

126615

038904-6

https://www.doi.org/10.57760/sciencedb.21039
https://doi.org/10.1016/j.physrep.2012.01.007
https://doi.org/10.1103/PhysRevX.9.041056
https://doi.org/10.1103/PhysRevLett.132.257401
https://doi.org/10.1103/PhysRevLett.132.257401
https://doi.org/10.1038/s41467-024-47248-x
https://doi.org/10.1103/PhysRevLett.83.1471
https://doi.org/10.1103/PhysRevLett.87.228701
https://doi.org/10.1126/science.1106296
https://doi.org/10.1209/0295-5075/86/48005
https://doi.org/10.1209/0295-5075/97/48006
https://doi.org/10.1088/1367-2630/aacf29
https://doi.org/10.1016/j.physa.2021.126615
https://doi.org/10.1016/j.physa.2021.126615


Chin. Phys. B 34, 038904 (2025)

[12] Zhang J, Zheng B, Jin L F, Li Y and Jiang X F 2024 Chin. J. Phys. 88
756

[13] Zhang X, Huang T, Wang C P and Zeng C H 2023 Physica A 609
128316

[14] Ivanov P C, Rosenblum M G, Peng C K, Mietus J, Havlin S, Stanley H
E and Goldberger A L 1996 Nature 383 323

[15] Amaral L A N, Goldberger A L, Ivanov P C and Stanley H E 1998
Phys. Rev. Lett. 81 2388

[16] Mallika M C, Prabhaa S S, Asokan K, Kumar K S A, Ramamohan T R
and Kumar K S 2021 Phys. Rev. E 104 054217

[17] Podobnik B and Stanley H E 2008 Phys. Rev. Lett. 100 084102
[18] Bassler K E, McCauley J L and Gunaratne G H 2007 Proc. Natl Acad.

Sci. USA 104 17287
[19] Qiu T, Zheng B and Chen G 2010 New J. Phys. 12 043057
[20] Pan C P, Zheng B, Wu Y Z, Wang Y and Tang X W 2004 Phys. Lett. A

329 130
[21] Cherstvy A G, Vinod D, Aghion E, Chechkin A V and Metzler R 2017

New J. Phys. 19 063045
[22] Breakspear M 2017 Nat. Neurosci. 20 340
[23] Laloux L, Cizeau P, Bouchaud J P and Potters M 1999 Phys. Rev. Lett.

83 1467
[24] Plerou V, Gopikrishnan P, Rosenow B, Amaral L A N, Guhr T and

Stanley H E 2002 Phys. Rev. E 65 066126
[25] Qiu T, Zheng B, Ren F and Trimper S 2006 Phys. Rev. E 73 065103
[26] Nagy M, Akos Z, Biro D and Vicsek T 2010 Nature 464 890
[27] Peng C K, Buldyrev S V, Havlin S, Simons M, Stanley H E and Gold-

berger A L 1994 Phys. Rev. E 49 1685
[28] Buldyrev S V, Goldberger A L, Havlin S, Mantegna R N, Matsa M E,

Peng C K, Simons M and Stanley H E 1995 Phys. Rev. E 51 5084

[29] Hu K, Ivanov P C, Chen Z, Carpena P and Stanley H E 2001 Phys. Rev.
E 64 011114

[30] Chen Z, Ivanov P C, Hu K and Stanley H E 2002 Phys. Rev. E 65
041107

[31] Ma Q D Y, Bartsch R P, Bernaola-Galván P, Yoneyama M and Ivanov
P C 2010 Phys. Rev. E 81 031101

[32] Zhou W X 2008 Phys. Rev. E 77 066211
[33] Podobnik B, Jiang Z Q, Zhou W X and Stanley H E 2011 Phys. Rev. E

84 066118
[34] Zebende G F 2011 Physica A 390 614
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