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1 Faculty of Physics, University of Belgrade, P.O. Box 550, 11001 Belgrade, Serbia
2 Faculty of Dental Medicine, University of Belgrade, Dr Subotića 8, 11000 Belgrade, Serbia
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Abstract. In this paper we have analyzed scaling properties of time series of stock market indices (SMIs)
of developing economies of Western Balkans, and have compared the results we have obtained with the
results from more developed economies. We have used three different techniques of data analysis to obtain
and verify our findings: detrended fluctuation analysis (DFA) method, detrended moving average (DMA)
method, and wavelet transformation (WT) analysis. We have found scaling behavior in all SMI data sets
that we have analyzed. The scaling of our SMI series changes from long-range correlated to slightly anti-
correlated behavior with the change in growth or maturity of the economy the stock market is embedded
in. We also report the presence of effects of potential periodic-like influences on the SMI data that we
have analyzed. One such influence is visible in all our SMI series, and appears at a period Tp ≈ 90 days.
We propose that the existence of various periodic-like influences on SMI data may partially explain the
observed difference in types of correlated behavior of corresponding scaling functions.

1 Introduction

Analysis of scaling and fluctuation dynamics has been ap-
plied extensively outside of what is traditionally defined as
a physical sciences domain [1–10]. In the recent decades,
new methods of statistical physics have been successfully
utilized to analyze dynamics of price changes on stock
markets, which has led to a number of interesting new
findings and explanations of market behavior [11–14]. Eco-
nomic systems remain among the most interesting com-
plex systems open to investigation by physicists [15].

Following extensive research in the area of econo-
physics [16] of national and international stock mar-
kets [17–20], we were interested to contribute to this body
of knowledge by analyzing the dynamics of market behav-
ior of transitional economies in the Western Balkans, and
to compare data from these developing economies with
data from more economically developed countries. Ana-
lyzes of stock market behavior of the emerging economies
of South America [21], or the developing Asian or African
markets [22] have shown that the values of scaling ex-
ponents, calculated from the time series of stock market
indices, could be used to estimate the efficiency [23] of
markets in question. The purpose of this paper is to, by
applying the theoretical approach of statistical physics,
offer a new perspective to stock market dynamics in the
Western Balkans, contribute to better understanding of
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the development processes in the region’s economies, and
add to the overall understanding of forces that drive global
markets.

In this paper we apply scaling analysis to time se-
ries made of daily closing values of stock market indices
(SMIs). In doing so, we accept findings of previous stud-
ies about the existence of scaling in SMI data, and are
interested in a kind of scaling behavior that the series
we analyze exhibit. Namely, earlier studies [24] have con-
firmed the existence of long-range type of correlated be-
havior in SMI data, identifiable through power-law type
of behavior of power spectra, correlation and fluctuation
functions that describe that data. Recent studies [25] have
also indicated the possibility of both correlated and anti-
correlated (persistent and non-persistent) long-range type
behavior of SMI data, which can be connected to the de-
gree of development of the stock market (and/or the econ-
omy that accommodates it) that is analyzed. We question
this finding, using new data comprised of SMI time series
from developing economies of transitional countries in the
Western Balkans. We also examine these data series com-
paratively at both global and local time scales, in order to
asses the specific influences (trends, or cycles) that bring
about the observed types of correlation.

We have used three different techniques of data anal-
ysis, in order to assess and verify the nature of stochastic
dynamics of the selected stock prices time series. First,
we conducted the detrended fluctuation analysis (DFA),
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Table 1. General characteristics of the SMI time series analyzed in this paper.

SMI name (economy) Recording period Total days N
BELEXline (Serbia) October 1, 2004 – December 30, 2011 1828

BIRS (Republic of Srpska) April 27, 2004 – December 23, 2011 1839
MONTEX20 (Montenegro) January 9, 2004 – October 18, 2013 2423

SASX10 (Bosnia and Herzegovina) April 28, 2003 – October 21, 2013 1926
CROBEX (Croatia) April 1, 2000 – December 22, 2011 2991

BUX (Hungary) April 1, 1997 – December 22, 2011 3679
XU100 (Turkey) January 4, 1988 – October 20, 2013 6441
DAX (Germany) November 26, 1990 – December 30, 2011 5338
CAC40 (France) March 1, 1990 – December 30, 2011 5526

to assess the dynamic properties of our time series. Then,
we confirmed the DFA results with the detrended moving
average (DMA) method. Finally, we utilized the wavelet
transform (WT) analysis on all data sets, so as to get an
independent verification of the DFA and DMA results, and
to highlight additional findings. In using WT we specifi-
cally rely on the possibility [26] to examine the existence
of periodic or non-periodic cycles in data, if such trends
are discerned by DFA or DMA method.

2 Data

We have analyzed financial time series of nine stock
market indices: four of the developing economies in the
Western Balkans – BELEXline index of stock market of
Republic of Serbia, SASX10 index of stock market of Fed-
eration of Bosnia and Herzegovina, BIRS index of mar-
ket of Bosnian Serbian entity Republic of Srpska, and a
MONEX20 index of the Republic of Montenegro; three
of emerging European economies – CROBEX index of
the stock market of Republic of Croatia, BUX index of
the market of Republic of Hungary, and XU100 index
of the Republic of Turkey; and two of developed economies
– DAX index of German economic market and the CAC40
index of the French market. All the analyzed indices are
the all-share type. Table 1 lists general characteristics of
the time series we have analyzed.

In order to assess scaling properties of SMI time series
in question, we analyzed the series of logarithmic returns
R(t) of market indices S(t), calculated [12] as a difference
of logarithmic values of market indices at time t: R(t) =
logS(t+Δt)−logS(t) = log(S(t+Δt)/S(t)), where the lag
period Δt is one day, a time interval of recording of index
values S(t). All of the analyzed time series of prices on
the stock markets S(t) are publicly available (from official
Web-sites of markets in question), and are given in local
currencies. The time series used are, depending mainly
on the market development level, of varying duration (see
Tab. 1).

3 Detrending methods for scaling analysis

In this paper we have utilized two detrending scaling
methods, commonly used for the detection of correlations
within data time series.

We have first used a detrended fluctuation analy-
sis (DFA) technique. The variant of the standard DFA
method that we have used [2] requires three consecu-
tive steps. In the first step, for each sequence of R(k),
a partial sum, or the integrated series, is calculated:
y(l) =

∑l
k=1[R(k) − Rave] , where Rave is the average

stock market logarithmic return value, that is, Rave =
1
N

∑N
k=1R(k), with N being the total number of recorded

values for a given series (the SMI number k plays the role
of time t ). In the next step, the entire series of y(l) is di-
vided into a set of overlapping segments [27] of the length
n and a local trend for each segment is calculated. Local
trend is the linear or polynomial least-squares fit for the
segment data. The order of polynomial that defines the
local trend represents the order of DFA method [28]. In
this paper we use DFA functions of the second order. For
the new series, one has to define the so-called detrended
walk yn,i(l) which is, for a given segment, the difference
between original series of partial sums y(l) and the local
trend. Finally, one has to calculate the variance about the
local trend for each segment and determine the average of
these variances over all segments, which brings about the
detrended fluctuation function

F (n) =

√
√
√
√ 1

(N − n+ 1)n

N−n+1∑

i=1

l∑

l=1

(yn,i(l))2. (1)

By increasing the segment length n the function F (n) in-
creases as well. When the analyzed time series follows a
scaling law, the DFA function is of a power-law type, that
is, F (n) ∝ nα, with 0 ≤ α ≤ 1. In the case of short-
range data correlations (or no correlations at all), the de-
trended walk displays properties of a standard random
walk (white noise), while F (n) behaves as n1/2 [2]. For
data with power-law long-range correlations one may ex-
pect that α > 0.5, while in long-range anti-correlated case
we have α < 0.5. When scaling exists, the exponent α,
associated with the detrended fluctuation function F (n),
can be related [29] to the Fourier power spectrum expo-
nent β through the scaling relation α = (β + 1)/2.

For our study we use the detrended moving average
(DMA) technique next. It has recently been proposed [30]
that the standard DFA method could be verified using the
DMA technique, particularly for lower values of scale. The
original DMA method was introduced [31] in order to re-
move a drawback of the standard DFA technique, the fact

http://www.epj.org


Eur. Phys. J. B (2014) 87: 297 Page 3 of 7

that the curve made of DFA local trends is discontinuous
at positions i = nk; k = 1, 2, . . . This may lead to false
determination of the value of scaling exponent α, partic-
ularly at small scales n, or in short data sets [30].

The variation of a standard DMA method that we
use here, a centered detrended moving average (cDMA)
scaling technique [32], uses the moving average to remove
trends in data by defining the detrended curve at segment
size n as:

yn,i(l) = x(i) − 1
n

(n−1)/2∑

j=−(n−1)/2

x(i+ j), (2)

while the remaining steps in the calculation procedure, as
well as the definition of the detrended fluctuation func-
tion, usually denoted as σ(n) in cDMA case, are the same
as in the DFA method and in equation (1). The advan-
tages of the cDMA algorithm are attributed to the better
low-pass performance of the moving average compared to
polynomial filters [33]. The calculated scaling exponent,
usually identified as a Hurst exponent H , can be directly
compared to the DFA exponent α.

4 Wavelet transformation method

We have applied the wavelet transformation (WT) method
to analyze time series of stock market indices logarith-
mic returns in order to verify the DFA and cDMA results
through an independent method, and gain a new insight
into the findings of detrending methods.

The continuous wavelet transform [34,35] of a discrete
sequence R(k) is defined as the convolution of R(k) with
wavelet functions ψa,b(k) in the following way:

WP (a, b) =
N−1∑

k=0

R(k)ψ∗
a,b(k), (3)

with a and b being the scale and translation-in-time (co-
ordinate) parameters, and N the total length of the SMI
series studied. The wavelet functions ψa,b(k), used in equa-
tion (3), are related to the scaled and translated version
of the mother-wavelet ψ0(k), through

ψa,b(k) =
1√
a
ψ0

(
k − b

a

)

. (4)

In this paper, we find it convenient to use the stan-
dard set [36] of derivatives of Gaussian (DOG) wavelet
functions.

In order to obtain the kind of results comparable with
those of the DFA and cDMA method, we have calculated
the so-called scalegrams (mean wavelet power spectra)
EW (a), that are defined by:

EW (a) =
∫

W 2(a, b)db. (5)

Fig. 1. An example of DAX SMI series that demonstrates
presence of scaling in data: (a) an except of DAX time series,
and (b) the calculated behavior of DFA, DMA, and WT func-
tions for DAX data. The WT function is re-calculated so that
its slope can be directly compared to the one of DFA and DMA
functions, following the scaling equation α = (β + 1)/2.

The scalegram EW (a) can be related [37] to the corre-
sponding Fourier power spectrum EF (ω) via the formula

EW (a) =
∫

EF (ω)|ψ̂(aω)|2dω. (6)

This formula implies that if the two spectra, EW (a) and
EF (ω), exhibit power-law behavior, then they should have
the same power-law exponent β, comparable to scaling ex-
ponent(s) α andH through scaling relation α = (β + 1)/2.

5 Scaling properties of SMI time series

Our results confirm the findings of previous studies on
the existence of scaling in SMI time series [11–14,17–20].
In all of the analyzed cases we have found power-law
type behavior of DFA and cDMA functions, and of the
WT power spectra, and have calculated scaling exponents
α, H , and β from log-log graphs of these functions. An ex-
ample of a typical result we have obtained for all our data
is given in Figure 1, where an except of a DAX time series
is depicted, together with the calculated DFA, DMA, and
WT functions for this data series. In Figure 1, the WT
function is re-calculated so that its slope can be directly
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Fig. 2. A three-part figure that demonstrates the presence of different types of scaling in SMI data. The columns give DFA2,
cDMA, and DOG1 functions (as functions of scale), while the rows correspond to the illustrative SMI cases of three analyzed
market categories – BELEXline index, CROBEX index, and the CAC40 index. The DFA and cDMA functions of the left and
central column are depicted in the form F 2(n)/n versus n, and σ2(n)/n versus n, so as to provide simple visual comparison with
the behavior of W 2(a) functions, given in the right column. Straight lines represent the linear least-squares fits to the functions
depicted.

Table 2. Values of scaling exponents calculated by use of the DFA, DMA, and WT methods, for all the SMI data analyzed.

SMI Fitting range α H 〈H〉 (β) βα/H

BELEXline 10–170 0.72 0.73 0.73 (0.46) 0.73
BIRS 10–230 0.69 0.69 0.69 (0.36) 0.68

MONTEX20 10–240 0.66 0.65 0.62 (0.30) 0.65
SASX10 10–200 0.56 0.55 0.54 (0.12) 0.56

CROBEX 10–300 0.52 0.56 0.55 (0.18) 0.59
BUX 10–500 0.55 0.54 0.53 (0.10) 0.55

XU100 10–500 0.53 0.54 0.52 (0.10) 0.55
DAX 10–500 0.45 0.47 0.46 (0) 0.50

CAC40 10–500 0.44 0.48 0.46 (–0.04) 0.48

compared to the one of DFA and DMA functions, follow-
ing the scaling equation α = (β + 1)/2.

We have also found differences in scaling properties of
the analyzed series. In Figure 2, combined results of the
DFA, cDMA, and WT methods are repeated. The columns
of Figure 2 give graphs of obtained DFA, cDMA, and WT
functions, as functions of scale, respectively, while the rows
correspond to the illustrative cases of three analyzed stock
market categories – Serbian BELEXline index, represent-
ing the transitional markets of Western Balkans, Croa-
tian CROBEX index, depicting the emerging European
markets, and the CAC40 index of a French stock market,
representing the markets of developed world economies.
The DFA function used is of the second order (denoted
DFA2), and wavelet basis is made of a DOG (derivatives
of Gaussian) wavelets of the first order (denoted DOG1).

Graphs in Figure 2 depict only the range of scales where
the straight lines were fit to scaling functions, i.e. only
the small scales range. We have chosen to restrict our
study of scaling properties of SMI series to this range of
scales for, having in mind the average length of the SMI
series analyzed (with N of the order of 103), we could
expect to obtain statistically relevant results within this
range [29,30]. In addition, in choosing the fitting range
in each particular case, we considered the behavior of all
three scaling functions (e.g., some of our functions have
crossovers, probably due to the preparation of data [38],
that also limit the range of available scales). Our findings
are listed in Table 2.

The scaling behavior of DFA, cDMA, and WT func-
tions points to the existence of correlations within the SMI
time series. The values of scaling exponents, calculated
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as slopes of corresponding scaling functions, quantify the
difference in types of correlated behavior of SMI series of
different economies. Namely, the values of scaling expo-
nents decline with the level of development of analyzed
stock markets, decreasing from α,H > 0.5 or β > 0,
and crossing the α,H = 0.5 or β = 0 line, as we
go from developing new economies of Western Balkans
to developed economies of Europe. We thus see a shift
from pronounced long-range correlated behavior, found
in BELEXline, BIRS and MONTEX20 series, through
slightly long-range correlated behavior found in SASX10,
CROBEX, BUX and XU100 series, to uncorrelated or
slightly long-range anti-correlated behavior found in DAX
and CAC40 indices series (see Fig. 2).

Values of calculated scaling exponents for all the tech-
niques of data analysis used, and all the data analyzed,
are given in Table 2. In order to ease the comparison of
obtained results, Table 2 gives, along with listed obtained
values of WT exponents β, their corresponding calculated
(through scaling equation) value of α(H). For our data,
obtained DFA and cDMA exponents are generally similar,
and slightly underestimate the values obtained from the
WT analysis. Our DFA and cDMA results do not differ
profoundly, as was reported before [30], in the very small
scales (n < 10) regions. This region was omitted from
our analysis; if necessary to consider, we would, following
Bashan et al. [30], rely on the obtained WT values as ac-
curate in the very small scales region, in which case the
scales could go as low as n ≈ 5.

6 Trends in scaling: cycles in SMI data

In all the SMI data sets that we analyzed, we noticed in-
dicators of influence of the periodic-like trends within the
analyzed data. As reported before [39], if a time series has
an embedded periodical trend, it will emerge in a specific
way in the behavior of scaling functions – for detrend-
ing methods, the scaling function will display existence
of three crossover points, whose positions depend solely
on the period T of the embedded trend. Our DFA and
cDMA functions do, indeed, show this kind of behavior.
The regions of influence of periodic-like trends can already
be seen in the graphs of DFA and cDMA functions, given
in the left and central column of Figure 2, as an increase
of the slopes of the scaling functions, followed by an im-
mediate decrease, to the same as or to a different level
than on onset. The existence of periodic-like trends, in all
shown cases (and in all our data), is also seen in the right
column in Figure 2, as a protrusion in WT functions, at
scales n ≈ 90. Given that, in our case, the unit of scale
equals a time unit of one day, this gives us a time period
of T ≈ 90 days.

As this is, to our knowledge, a new finding, we have
made an effort to be precise in description of our observa-
tions. We have thus employed the WT method to clarify
these results. The advantage of the WT method in de-
tecting trends in the data, particularly periodic trends,
lies in the ability to utilize different wavelet functions as
a basis for the wavelet transform. In that manner, one

Fig. 3. Results of comparison of scalegrams of the first (DOG1,
solid lines) and the tenth (DOG10, small circles) order of the
applied wavelet function, for the three typical examples of an-
alyzed SMI data. It can be noticed that the application of
wavelets of higher order has magnified alterations in scaling
behavior of WT functions, pointing to a possible existence of
external trends. The dotted vertical line marks the time period
of Tp = 90 days, visible in all of the SMI series analyzed in this
paper.

is able to find and choose a set of functions that closely
follow the analyzed signal [26,36], and avoid ambiguous
results. In our case, different orders of the used DOG
wavelet can be utilized to emphasize and investigate pos-
sible periodic features of the SMI data. Results of this
approach are given in Figure 3, where WT power spec-
tra of the first (DOG1) and the tenth (DOG10) order are
depicted, for the three representative SMI series (BELEX-
line, CROBEX, and CAC40). Application of wavelets of a
higher order has indeed magnified the alterations in scal-
ing behavior of WT functions. One of these alterations
is visible in all our data (see Fig. 3); positions of centers
of this change are at Tp ≈ 90 days. For the SMI series
of the developed world economies (DAX, CAC40), this
is the only visible effect of the use of DOG10 (in com-
parison to DOG1), while in the time series of SMIs of
emerging and transitional European economies one can see
two (XU100, BUX, CROBEX) or even three (BELEXline,
BIRS, MONEX20, SASX10) such effects, in the regions of
scales bellow Tp (see Fig. 3).

7 Time-dependent SMI data analysis

In order to gain another insight into the local complex-
ity of our SMI data, we have applied the time-dependent
DMA (tdDMA) algorithm to all SMI series. We apply the
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Fig. 4. Local slopes of the DMA functions, giving the time-
dependent values of Hurst exponent H(t), as functions of time.
Horizontal lines represent the calculated average (global) val-
ues of Hurst exponent 〈H〉, for three representative SMI series
(BELEXline, CROBEX, and CAC40).

tdDMA algorithm [33] on the subset of data in the in-
tersection of the SMI signal and a sliding window of size
Ns, which moves along the series with step δs. The scal-
ing exponent H is calculated for each subset, according to
the cDMA procedure described above, and a sequence of
local, time-dependent Hurst exponent values is obtained.
The minimum size of each subset Nmin is defined by the
condition that the scaling law σ(n) ∝ nH holds in the sub-
set, while the accuracy of the technique is achieved with
appropriate choice of Nmin and δmin [40]. We have chosen
windows of up to Ns = 1000, with the step δs = 2 for our
tdDMA algorithm, while the scaling features are studied
in the region n ∈ [2, 500]. Results obtained for the three
representative cases (BELEXline, CROBEX and CAC40)
are given in Figure 4.

We have confirmed (see Fig. 4) a previous finding [33]
that, in general, the financial time series display a visi-
ble local variability of the scaling exponent H , providing
evidence that a complex evolution dynamics characterize
the financial returns R(t). Our data show the (local) vari-
ability of the exponent H around its calculated average
(global) value (shown as a horizontal line in graphs of
Fig. 4 and listed, for all the SMI series, in Tab. 2), which
is not significantly dependent on the level of development
of the analyzed stock market. Our results do not show
any discernible periodic effects to SMI data, probably in-
dicating that these effects, if exist, are of a more complex
nature [41].

8 Discussion and conclusions

In this paper we have analyzed scaling properties of
time series of stock market indices (SMIs) of developing

economies of Western Balkans, and have compared the re-
sults we have obtained with the results from more devel-
oped economies. We have used three different well estab-
lished techniques of data analysis to obtain and verify our
findings: detrended fluctuation analysis (DFA) method,
detrended moving average (DMA) method, and wavelet
transformation (WT) analysis.

We have found scaling behavior in all SMI data sets
that we have analyzed. We have also observed that the
nature of long-range correlations in our data sets depends
on the level of development of market economy in ques-
tion. Namely, scaling of SMI series changes from long-
range correlated to slightly anti-correlated behavior, i.e.
the appropriate scaling exponents decrease in value with
the increase in growth and/or maturity of the economy the
stock market is embedded in. Scaling exponents α, H , and
β, corresponding to the DFA, DMA, and WT technique,
all cross the 0.5 (and zero) line, marking this alteration.

Similar results have been reported before [25,42,43].
The clear differentiation of scaling behavior connected to
the level of development of the economy is reproduced
and confirmed here in the case of the economies of the
Western Balkans. Scaling functions of these developing
economies all exhibit a long-range correlated behavior in
small-scale regions. We find the economies of the Western
Balkans to have α,H > 0.5 (β > 0), opposite to devel-
oped world economies, which have α,H ≤ 0.5 (β ≤ 0).
The observed sensitivity of scaling exponents to the level
of development of economies, as well as the difference of
the observed stock market indices behavior to the ideal
uncorrelated case, could be related to a higher degree of
possibility for arbitrage and profit in the underdeveloped
stock markets [44].

We also report the presence of effects of potential
periodic-like influences, or cycles [45] in SMI data. One
such influence is visible in all our SMI series, irrespective
of the level of development of the analyzed stock mar-
ket. It appears at a period Tp ≈ 90 days, in all the series
analyzed. This may be a sign of influence of a global eco-
nomic factor that could be related to the period of release
of various quarterly financial reports, both in Europe and
in the United States [46,47]. This, and other periodic-like
influences found in time series of developing and emerg-
ing economies, particularly in economies of the Western
Balkans, remain open to further investigation and discus-
sion. These influences, if correctly detected, would also
help explain the observed dynamics of Balkan stock mar-
kets, and the distinction between these developing markets
and other developed economies [48,49].

From the data analysis point of view, the existence of
various periodic influences on SMI data may also partially
explain the observed difference in types of correlated be-
havior of corresponding scaling functions. As one can no-
tice in Figure 3, the presence of periodic-like trends in scal-
ing of DOG10 WT functions results in a rise of slopes of
the matching DOG1 curves (and, consequently, of compa-
rable DFA and cDMA functions), bringing about slightly
or highly correlated behavior of stock markets of emerg-
ing or developing European economies. The application
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of time-dependent scaling analysis (tdDMA) proved that
these influences are of a complex type, that is, they can
not be easily distinguished from a local correlations pro-
file. Therefore, the exact nature of the observed behavior
remains to be studied, opening several directions for fu-
ture research. Using the techniques utilized here, or any of
their variants, long-range correlated SMI series could be
analyzed time-dependently, aiming for better understand-
ing of the observed behavior, and, ultimately, to model
and reduce uncertainty and to assist in stock market de-
velopment of new economies.

This work was supported by Serbian Ministry of Education
and Science Research Grant No. 171015.
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Physica A 354, 199 (2005)

33. A. Carbone, G. Castellia, H.E. Stanley, Physica A 344,
267 (2004)

34. J. Morlet, G. Arens, E. Fourgeau, D. Giard, Geophysics
47, 203 (1982)

35. A. Grossmann, J. Morlet, SIAM J. Math. Anal. 15, 723
(1984)

36. C. Torrence, G.P. Compo, Bull. Amer. Meteor. Soc. 79,
61 (1998)

37. V. Perrier, T. Philipovitch, C. Basdevant, J. Math. Phys.
36, 1506 (1995)

38. Z. Chen, K. Hu, P. Carpena, P. Bernaola-Galvan, H.E.
Stanley, P.Ch. Ivanov, Phys. Rev. E 71, 011104 (2005)

39. K. Hu, P.Ch. Ivanov, Z. Chen, P. Carpena, H.E. Stanley,
Phys. Rev. E 64, 011114 (2001)

40. G. Consolini, R. De Marco, P. De Michelis, Nonlin.
Processes Geophys. 20, 455 (2013)

41. A.E. Biondo, A. Pluchino, A. Rapisarda, D. Helbing, PLoS
One 8, e68344 (2013)

42. T. Di Matteo, T. Astea, M.M. Dacorogna, J. Bank. Financ.
29, 827 (2005)

43. A. Sensoy, Chaos Solitons Fractals 53, 39 (2013)
44. I. Simonsen, K. Sneppen, Physica A 316, 561 (2002)
45. M.D. McKenzie, Economic Record 77, 393 (2001)
46. A.M. Petersen, F. Wang, S. Havlin, H.E. Stanley, Phys.

Rev. E 81, 066121 (2010)
47. R. Love, R. Payne, J. Financ. Quant. Anal. 43, 467 (2008)
48. R. Morck, B. Yeung, W. Yu, J. Financ. Econom. 58, 215

(2000)
49. M.A. Kose, C. Otrok, E. Prasad, Int. Econom. Rev. 53,

511 (2012)

http://www.epj.org

	Introduction
	Data
	Detrending methods for scaling analysis
	Wavelet transformation method
	Scaling properties of SMI time series
	Trends in scaling: cycles in SMI data
	Time-dependent SMI data analysis
	Discussion and conclusions
	References

