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Abstract

The empirical mode decomposition is applied to analyze the intrinsic multi-scale dynamic
behaviors of complex financial systems. In this approach, the time series of the price returns
of each stock is decomposed into a small number of intrinsic mode functions, which repre-
sent the price motion from high frequency to low frequency. These intrinsic mode functions
are then grouped into three modes, i.e., the fast mode, medium mode and slow mode. The
probability distribution of returns and auto-correlation of volatilities for the fast and medium
modes exhibit similar behaviors as those of the full time series, i.e., these characteristics
are rather robust in multi time scale. However, the cross-correlation between individual
stocks and the return-volatility correlation are time scale dependent. The structure of busi-
ness sectors is mainly governed by the fast mode when returns are sampled at a couple of
days, while by the medium mode when returns are sampled at dozens of days. More impor-
tantly, the leverage and anti-leverage effects are dominated by the medium mode.

Introduction

In recent years, there has been a growing interest of physicists in complex financial systems.
Physical concepts and methods have been applied to analyze the dynamic behaviors in finan-
cial markets, which are important examples of complex systems with many-body interactions.
As large amounts of historical financial data have piled up in stock markets, it allows to explore
the fine structure of the financial dynamics and achieve various empirical results [1-10]. Very
recently, with the online big data, various new methods are proposed and the results are aug-
mented. For examples, the price change could be predicted by using the collective mood states
derived from Twitter [11], and the trading behavior may be quantified with the Google Trends
data and Wikipedia topic view times [12, 13].

There are several stylized facts in financial markets, and a well-known one is the volatility
clustering, i.e., the long-range time correlation of volatilities [2, 3, 14, 15]. Statistical properties
of the price fluctuations and cross-correlations between individual stocks are topics of interest
[16, 17], not only scientifically for unveiling the complex structure and internal interactions of
the financial system, but also practically for the asset allocation and portfolio risk estimation
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[18, 19]. In the past years, much effort has been made to identify the business sectors from the
cross-correlation matrix with the random matrix theory (RMT) [4, 7, 20-22]. The financial
network has been gaining increasing interests, and it is helpful for understanding the interac-
tion structures of the financial markets [23-25]. Recently, a new approach is proposed, which
combines the cross-correlation decomposition based on the RMT theory with various methods
in complex networks. It may not only identify the business sectors of the financial markets, but
also characterize the interactions between the business sectors [26]. To further understand the
financial dynamics, one may consider a higher-order time correlation, i.e., the return-volatility
correlation [5, 6,27, 28]. A negative return-volatility correlation, which is the so-called leverage
effect, is observed in almost all stock markets in the world [29-32]. However, a positive return-
volatility correlation is detected in Chinese stock markets, which is now called the anti-leverage
effect [6, 27]. The leverage and anti-leverage effects are important for the risk management and
optimal portfolio choice [5, 33].

To investigate the dynamic behavior of a time series in multi time scale, the Fourier spectral
analysis and wavelet approach are two common methods. For the Fourier spectral analysis,
there are some crucial restrictions, i.e., the dynamic system must be linear and the data should
be periodic or stationary. Otherwise, the resulting spectrum will be physically not so meaning-
tul [34]. For the wavelet analysis, a filter function should be selected beforehand, and one may
only obtain a physically meaningful interpretation to linear phenomena [35]. As the time series
of returns in financial markets are nonlinear and complex, the Fourier spectral analysis and
wavelet approach may give misleading results [35].

Therefore, searching for a new technique to analyze the nonlinear and non-stationary time
series is challenging. The empirical mode decomposition (EMD) appears to be a novel method
in this respect [35, 36]. With the EMD method, a time series can be decomposed into a small
number of intrinsic mode functions (IMFs), which are derived based on the local characteristic
time scale of the data itself and describe the dynamic behavior from high frequency to low fre-
quency [35-38]. All the IMFs are orthogonal to each other [35, 39]. The EMD method provides
us the ability to analyze the dynamics of financial markets in intrinsic multi time scale [34]. An
IMF is derived as a function having the same number of zero-crossings and extrema, and also
having symmetric envelopes defined by the local maxima and minima, respectively [35, 40].
The cycle of each IMF can be regarded as an indicator of repeating patterns specific to recur-
rence events [39]. These events are meaningful for better understanding the raw data [41-43].

The EMD method was initially proposed to study the movement of the ocean waves [35,
38], and then successfully applied in different areas. One important application of this method
is in social science, such as for the investigation of the dengue haemorrhagic fever [44], the
crude oil price [38, 45] and the financial markets. In the past years, with the EMD method, the
phase distribution and phase correlation of financial time series have been studied [39, 40],
the damped oscillations in the ratios of stock market indices has been analyzed [39]. The finan-
cial crisis forecasting and foreign exchange rate forecasting have been investigated with this
method, and the results are significantly improved compared with those obtained with conven-
tional neural networks [41, 45]. The EMD method is very useful for both theoreticians and
practitioners [46-48].

The spatial and temporal structures of financial markets in multi time scale are important,
but so far have not been touched so much. Our motivation in this paper is to investigate the
spatial and temporal structures of financial markets in multi time scale with the EMD method,
and to understand their intrinsic dynamic mechanisms. After analyzing the probability distri-
bution of returns, auto-correlation of volatilities and persistence probability of volatilities for
different modes, we conclude that these basic characteristics are rather robust in multi time
scale. However, the cross-correlation between individual stocks and the return-volatility
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correlation are time scale dependent. We uncover that the structure of business sectors in a
stock market is mainly governed by the fast mode when returns are sampled at a couple of
days, while by the medium mode when returns are sampled at dozens of days. More impor-
tantly, the leverage and anti-leverage effects are dominated by the medium mode.

Materials

To investigate the cross-correlations between individual stocks in a stock market, the data set
should include as many stocks as we may obtain. On the other hand, the absent data points for
each stock should be as few as possible. With these considerations, we have collected the data
of the daily closing prices of individual stocks for four stock markets. The price data of 174
stocks in the Shanghai Stock Exchange (SHSE) are from Jan., 1997 to Nov., 2007, with 2633
data points in total. The price data of 162 stocks in the Taiwan Stock Exchange (TWSE) are
from Jan., 2003 to Apr., 2011, with 2000 data points in total. The price data of 158 stocks in the
Hong Kong Stock Exchange (HKSE) are from Jan., 2003 to Apr., 2011, with 2000 data points
in total. The price data of 246 stocks in the New York Stock Exchange (NYSE) are from Jan.,
1990 to Dec., 2006, with 4286 data points in total.

For the stock market indices, the daily data of the German DAX are from 1959 to 2009 with
12407 data points. The daily data of the S&P 500 index are from Jan., 1990 to Dec., 2006 with
4286 data points. The daily data of the Hang Seng index (HSI) in Hong Kong are from 1990 to
2011 with 5472 data points. The daily data of the Taiwan Weighted index (TWII) are from
1997 to 2011 with 3571 data points. The daily data of the Shanghai Composite index (SHCI)
are from 1990 to 2009 with 4482 data points, and the daily data of the Shenzhen Composite
index (SZCI) in the Shenzhen Stock Exchange (SZSE) are from 1991 to 2009 with 4435 data
points. All these data are obtained from Yahoo! Finance (finance.yahoo.com).

Methods and Results
Basic dynamic characteristics

In this section, we analyze the probability distribution of returns, auto-correlation of volatilities
and persistence probability of volatilities. We denote the price of a stock index at time ¢ as P
(), then its logarithmic price return over a time interval At is defined by

R(¥',At) =InP(t' + At) — InP(t). (1)

At is first set to be one day, and the effect of different /At will be investigated in the last subsec-
tion. To ensure that the results are independent of the fluctuation scales of different financial
indices, we introduce the normalized price return

r(#) = (R() = (R)) /0, (2)

where (- - -) represents the time average over time ¢, and ¢ = 1/ (R?) — (R) is the standard

deviation of R(#) [7]. With the EMD method [35, 36, 38], the time series of the price returns of
each financial index is decomposed into a small number of intrinsic mode functions, i.e., the
so-called IMFs, which are derived based on the local characteristic time scale of the data itself
and characterize the price motion from high frequency to low frequency. But the IMFs are not
exact periodic functions, and the cycle and amplitude of each IMF fluctuate within a certain
range during the time evolution. To be clearer, we take the German DAX as an example. The
time series of returns for this index is decomposed into thirteen IMFs from high frequency to
low frequency. In Fig 1, the first ten IMFs are displayed. We observe that the average amplitude
of an IMF monotonously decreases from high frequency to low frequency. The average cycle of
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Fig 1. The time series of returns for the German DAX index, and the first ten IMFs decomposed with the EMD method. The left graph describes the
1st IMF to the 5th IMF from top to bottom, and the right one displays the 6th to 10th IMFs from top to bottom.

doi:10.1371/journal.pone.0139420.g001

each IMF is then computed [38]. For the first three IMFs, the cycles are 2.9, 5.5 and 9.4 days,
respectively. For the fourth to the eighth IMFs, the cycles are respectively 16.5, 31.4, 59.9, 118.2
and 217.6 days. Roughly, the average cycle obeys a double increase from high frequency to low
frequency.

The IMFs may then be grouped into three modes, i.e., the fast mode, medium mode and
slow mode. The sum of the first three IMFs whose cycles are below two working weeks is iden-
tified as the fast mode. The sum of the fourth IMF to the eighth IMF is called the medium
mode. Considering that the average cycle of the ninth IMF is larger than one working year, we
identify the sum of the ninth to the last IMF as the slow mode.

The probability distributions of positive and negative returns are computed for the full time
series, fast mode, medium mode and slow mode, respectively. The results for the German DAX
are shown in Fig 2(a). All the curves exhibit a similar behavior with a fat-tail.

The auto-correlation function of volatilities is defined as

A(®) = [rOIr(e + 0l) = (Ir()))/ Ay, (3)
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Fig 2. The basic characteristics of the German DAX index. (a) The probability distribution of returns for the full time series, fast mode, medium mode and
slow mode is respectively displayed for the German DAX index. (b) The auto-correlation function and persistence probability of volatilities are shown.

doi:10.1371/journal.pone.0139420.g002

with Ay = (|r(t')[*)=(|r(¢')])2 Tt is well known that the volatility in financial dynamics is long-
range correlated in time, i.e., A(t) decays by a power law [2, 3, 14, 15]. After analyzing the auto-
correlation function of volatilities for all the IMFs, we observe that the curve for a single IMF
shows a relatively large fluctuation. In Fig 2(b), therefore, A(¢) is plotted for the full time series,
fast mode, medium mode and slow mode of the German DAX. The curves of the full time
series, fast mode and medium mode display a similar behavior. However, the behavior of the
slow mode is deviating. In fact, as indicated in Fig 1, the average cycle of each IMF in the slow
mode is larger than two hundred days. One may suffer from the long periodicity when comput-
ing the auto-correlation function for the slow mode.

We further explore the persistence probability of volatilities P_(¢) which is defined as the
probability that |r(¢+¢)| has always been below |(#')| in time . In general, P_() obeys a univer-
sal power law behavior, and describes the auto-correlation non-local in time, which may be
independent of that local in time [27]. Considering that the slow mode has a long periodicity,
we mainly focus on the behaviors of the fast mode and medium mode. As shown in the inset of
Fig 2(b), the curves for the full time series, fast mode and medium mode follow a similar
behavior.

Briefly speaking, the basic properties of a financial market, such as the probability distribu-
tion of returns, auto-correlation of volatilities and persistence probability of volatilities, are
rather robust in multi time scale, at least for the fast mode and medium mode. Among these
characteristics, the long-range auto-correlation of volatilities is dominating. It is reported that
the cycle of each IMF can be regarded as an indicator of repeating patterns specific to recur-
rence events [39]. In other words, although these events occurs in different intrinsic time scales,
their volatilities are similarly long-range correlated in time in the statistical sense [2, 3, 14, 15].

Structure of business sectors

Following the notations in Eqs (1) and (2), the logarithmic price return of the i-th stock is
denoted by Ri(¥'), and the normalized one by r,(¢). ri(¢') for At =1 is then decomposed into a
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small number of IMFs with the EMD method, and the typical number of IMFs is eleven to
thirteen.
The elements of the equal-time cross-correlation matrix C are defined by

C; = (n(t)r (1), (4)

which measure the correlations between the price returns of individual stocks i and j. Accord-
ing to the definition, Cis a real symmetric matrix with C;; = 1, and Cj; is valued in the range
[-1,1].

The Wishart matrix is derived from non-correlated time series. Assuming that there are N
time series with a length T, statistical properties of such random matrices are well understood
[49, 50]. In the limit N — oo and T — oo with Q = T/N > 1, the probability distribution
P,..(4) of the eigenvalue A is given by [49, 50]

S R
2717\/ A ’ (%)

P_(1) =

and the lower and upper bounds of A are
ran 2
)\‘min(max) = |:1 + (1/\/6>:| (6)

For a real dynamic system, large eigenvalues deviating from P,,,(1) of the Wishart matrix
imply that there exist non-random interactions. Both mature and emerging stock markets
show such a phenomenon [4, 21, 51]. In our notations, the eigenvalues are arranged in the
order of A, > A1, with @ = 0,. . .,N-1, with N being the number of stocks. The eigenmodes for
the large eigenvalues are dominated by a community of stocks, usually associated with a busi-
ness sector. Taking into account the signs of the components of the eigenvectors, the sector
of A, may be further separated into two subsectors, i.e., the positive and negative subsectors
[52, 53].

The cross-correlation between two stocks can be decomposed into different eigenmodes
(261,

C. —Zia 5 Cr=uul, (7)

where v} is the i-th component in the eigenvector of 4, and C represents the cross-correlation

in the a-th eigenmode. In order to uncover the interaction structure in different eigenmodes,
we introduce the mode cross-correlation matrix

mode

mode Jij Z j’a ij* (8)

= /,Cj. For the sector mode, C,,;; = =317 2,C:and nis the

2

For the market mode, C

mar,ij

number of large eigenvalues A,, i.e., 4, > A . Usually, # is less than twenty. For the random
mode, we typically take C,,,, , = S 1 4,Cp.

=50
According to the cross-correlation decomposition, the global price movement of the entire
market, the local price motion of business sectors and the background of the noisy correlations
between individual stocks are described by the market mode, sector mode and random mode
respectively. In fact, previous research reveals that one can not obtain really meaningful busi-
ness sectors and their interactions from the market mode and random mode [26]. The nontriv-

ial local interactions of the business sectors are mainly contained in the sector mode.
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Additionally, a business sector in the sector mode may split into two subsectors, which are
anti-correlated each other. These two subsectors are called a cluster pair [26, 52, 53].

Enlightened by the work in ref. [26], a methodology which combines the RMT theory with
the planar maximally filtered graph and the alluvial diagram is introduced [54, 55]. The alluvial
diagram is well applied to visualize the structural changes in network structures [55]. With this
approach, we investigate the interaction structures of business sectors with the sector mode
cross-correlation matrix, for the full time series, fast mode, medium mode and slow mode
respectively. The alluvial diagrams of the business sectors for the SHSE and TWSE markets are
shown in Fig 3. The height of a module is proportional to the number of its stocks. The module
usually corresponds to a business sector, in which most of the stocks are running a same busi-
ness. As shown in Fig 3, the structure of business sectors in the SHSE market for the fast mode
is almost identical with that for the full time series. The identified cluster pairs are DG-Energy
and RE-Utility. For the TWSE market, the behavior is similar.

For the medium mode, the identified communities are very different from those of the full
time series. In addition, these communities can hardly be associated to business sectors. The
alluvial diagrams are shown in Fig 4. Energy, Technology and Real estate for the SHSE, and
Electronic industry, Real estate, Steel industry and Daily consumer goods for the TWSE are
only exceptional, and these business sectors are the representative and important ones in their
own stock market [26, 53]. For the slow mode, the communities are also different, and one
could not identify any business sectors.

We have also examined the NYSE and HKSE markets, and our conclusion is that the struc-
ture of business sectors in a stock market is mainly governed by the fast mode. More precisely,
according to the average cycle of each IMF computed in Subsec. Basic dynamic characteristics
of Sec. Results, the price fluctuations whose time scales are below ten days, i.e., two working
weeks, contribute the most to the structure of business sectors. This result is somewhat unex-
pected. A naive conjecture might be that the medium mode and slow mode should also con-
tribute to the structure of business sectors, if not dominating, since the structure of business
sectors is considered to be relatively stable during the time evolution.

To obtain a better understanding of the above results, we compute the equal-time correla-
tion between the full time series of returns and the fast, medium or slow mode, and denote
it by

¢ = (r(t)r" (1)), ©)

with #7(t') being the fast, medium or slow mode of r{(#). The value of ¢ may change for differ-
ent stocks. In Fig 5, the probability distribution of the correlation c is shown for the SHSE and
TWSE markets. The correlations for the fast mode are larger than those for the medium mode
and much larger than those for the slow mode. The average value of ¢ for the fast mode is 0.92
and 0.93 for the SHSE and TWSE respectively, while that for the medium mode is 0.30 and
0.32. The average value of ¢ for the slow mode is about 0.05 for both the SHSE and TWSE mar-
kets. Therefore, the fast mode of r,(#') looks almost identical to r;(#'), but the medium mode and
slow mode are not. The results for the NYSE and HKSE markets are similar. This should be an
important reason that for At = 1, the structure of business sectors in a stock market is mainly
governed by the fast mode.

Return-volatility correlation

The return-volatility correlation function is usually defined by

L(t) = [(r()r(¢ + O — L)/, (10)
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doi:10.1371/journal.pone.0139420.9003

with Z = (|[r()|?)? and Lo = (r(t'))(|7(')|?). For t > 0, L(t) describes how the past returns affect
the future volatilities. It was first discovered by Black that the past negative returns increase
future volatilities, i.e., the return-volatility correlation is negative [29, 30], and this phenome-
non is called the leverage effect. The leverage effect is observed in almost all the stock markets
in the world. However, a positive return-volatility correlation, which is the so-called anti-lever-
age effect, is detected in the Chinese stock markets in the past years [6, 7, 27]. In very recent
years, many researches have been devoted to the return-volatility correlation. Various macro-
scopical models and a recent microscopic model have been proposed [5, 7, 56-59]. In this
paper, the EMD method provides a possible technique to analyze the return-volatility correla-
tion in multi time scale.

Firstly, we calculate the return-volatility correlation function for the German DAX index
and the HSI index in Hong Kong, respectively. As shown in Fig 6(a), the return-volatility corre-
lation function of the full time series for the two indices exhibit a leverage effect, while that of
the fast mode just fluctuates around zero. This is a surprising result, since the equal-time corre-
lation between the full time series and fast mode is very large, over 0.92 in general. For the Chi-
nese indices, i.e., the average of the SHCI and SZCI indices, it is observed that before the year
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doi:10.1371/journal.pone.0139420.g004

2000, it exhibited a strong anti-leverage effect, while after 2000, it gradually changed to the
leverage effect [53]. For comparison, we concentrate our attention on the period from 1990 to
2000. Again, the return-volatility correlation function for the fast mode fluctuates around zero.
We have also analyzed the return-volatility correlation for individual stocks. We choose 40
stocks from the NYSE market, which show a strong leverage effect, and the results are dis-
played in Fig 6(b). The return-volatility correlation of the fast mode also fluctuates around
zero. Thus we conclude that the fast mode dose not contribute to the leverage or anti-leverage
effect.

After careful analyzing, we find that the medium mode contributes the most to the leverage
and anti-leverage effects while the slow mode also does not. The average cycles are from fifteen
days to over two hundred days. In Fig 7(a), the return-volatility correlation function is shown
for the German DAX index and the HSI index in Hong Kong, and in Fig 7(b), the one averaged
over the chosen 40 stocks for the NYSE market is displayed. In all these cases, the medium
mode dominates the leverage effect. After removing the medium mode, the leverage effect is
not detected. As shown in Fig 1, each frequency mode exhibits a quasi periodic behavior. Such
a periodicity will be reflected in the return-volatility correlation function, especially for the
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stocks for the NYSE market, and that of the fast mode.

doi:10.1371/journal.pone.0139420.9006
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Fig 7. The return-volatility correlation function of the full time series, the medium mode and that after removing the medium mode. (a) The return-
volatility correlation function of the full time series, the medium mode and that after removing the medium mode for the HSI index in Hong kong and the
German DAX index. (b) The return-volatility correlation function of the full time series, the medium mode and that after removing the medium mode for the
NYSE market. The results are averaged over the chosen 40 stocks.

doi:10.1371/journal.pone.0139420.9007

medium and slow modes. Therefore, the curve for the medium mode in the figures is the aver-
age of the upper and lower envelopes of the original one.

Why the medium mode is important for the leverage and anti-leverage effects? Previous
analysis reveals that large volatilities are dominating [27]. For example, the leverage effect for
the DAX is mainly contributed from the volatilities |r(#')| > 20, while the anti-leverage effect
for the Chinese indices is essentially dominated by the volatilities |#(#)| > 8c. On the other
hand, it is reported that the high frequency IMFs reflect the short-term fluctuations, while each
sharp up or down of the medium frequency IMFs corresponds to a significant event [38].
These events may cause large volatilities.

Enlightened by these works, we generate six new time series of returns by removing the
large volatilities |r(¢')| > 80 for the SHCI and SZCI indices, and |r(¢')| > 20 for the S&P 500,
German DAX, HSI and TWII indices. All the new time series do not show a leverage or an
anti-leverage effect. Then we compute the equal-time correlation between an IMF of a full time
series and that of the new time series. In Table 1, the results are shown for the six stock market

Table 1. The equal-time correlation between an IMF of the full time series and that of the new time series. The new time series are generated by remov-
ing the large volatilities, i.e., |r| > 80 for the SHCI and SZCl indices, and |r| > 20 for the S&P 500, DAX, HSI and TWII indices.

1 2 3 4 5 6 7 8 9 10
S&P 500 0.71 0.62 0.51 0.43 0.39 0.35 0.31 0.09 0.15 0.54
German DAX 0.68 0.57 0.51 0.45 0.42 0.41 0.34 0.20 0.12 0.54
HSI 0.67 0.56 0.54 0.46 0.36 0.43 0.11 0.18 0.22 0.41
TWII 0.71 0.56 0.52 0.42 0.44 0.39 0.19 0.42 0.68 0.70
SHCI 0.80 0.61 0.51 0.67 0.73 0.57 0.44 0.43 0.14 0.91
SZCl 0.93 0.82 0.78 0.70 0.69 0.51 0.65 0.50 0.74 0.67

doi:10.1371/journal.pone.0139420.t1001

PLOS ONE | DOI:10.1371/journal.pone.0139420 October 1,2015 11/18



@’PLOS ‘ ONE

Intrinsic Multi-Scale Dynamic Behaviors

indices. We observe that the correlation is obviously smaller for the IMFs with medium fre-
quencies. The ninth IMF is an exception. This may be due to its small amplitude, and even a
minor contribution from the volatilities may bring a large fluctuation to the equal-time correla-
tion. In other words, the large volatilities are mainly contained in the medium mode rather
than in the fast or slow mode. Therefore, the fast mode and slow mode do not contribute to the
leverage or anti-leverage effect. Both the effects are dominated by the medium mode, or mainly
by the large volatilities whose time scales are above two working weeks.

The effect of At

To further investigate how the dynamic properties of different modes depend on the time
scale, we change the value of At in computing the price returns in Eq (1), for example, At =5,
10, 20 and 60 days. After analyzing the probability distribution of returns, the auto-correlation
function and the persistence probability of volatilities for different At, we find that the results
of these three characteristics are consistent with those obtained for At = 1. In other words,
these characteristics are robust in multi time scale for different At. In Fig 8, for example, the
auto-correlation function of volatilities for the German DAX is shown for At = 20. As dis-
cussed before, the deviation of the slow mode is possibly due to its long periodicity.

Following the procedure in Subsec. Structure of business sectors of Sec. Results, for a partic-
ular At, the normalized logarithmic price return of each stock is decomposed into a small
number of IMFs. The equal-time correlation between the full time series of returns and the
fast, medium or slow mode are computed. The probability distributions of the correlation c in
Eq (9) for At =20 days are displayed for the TWSE market in Fig 9, and the results are differ-
ent from those for At = 1. For At = 20, the mode who has the largest equal-time correlation
with the full time series is not the fast mode but the medium mode. The average value of ¢ for
the fast mode and the slow mode is 0.39 and 0.12 respectively, while that for the medium mode
is 0.90.

To obtain the interaction structure of communities, again, the methodology which com-
bines the RMT theory with the planar maximally filtered graph and the alluvial diagram is
applied. With this approach, the alluvial diagrams of the business sectors for the four stock
markets have been analyzed. In Fig 10, the results for the TWSE market are displayed. All the
business sectors for the full time series can be discovered in the medium mode. For the fast
mode and slow mode, the identified communities are very different from those of the full time
series, and can hardly be associated to business sectors. The other three stock markets also
show a similar phenomenon.

We observe that for a particular At, the IMF with the largest average amplitude has the larg-
est equal-time correlation with the full time series. We call this IMF the most correlated one,
and it changes with At. Further, the period of volatility for the most correlated IMF is approxi-
mately equal to At. Here we should note that the period of volatility is equal to half of the
period of return. For At = 20 days, for example, the period of volatility for the fourth IMF is
about twenty days. The practical computation shows that the fourth IMF is indeed the most
correlated one. This should be an explanation that for At = 20 days, the business structure is
mainly governed by the medium mode.

Finally, the return-volatility correlation functions for different /At are computed, and the
results for the HSI index and the German DAX index with At = 20 are shown in Fig 11. It
remains that the medium mode contributes the most to the leverage effect, while the return-
volatility correlation function of the fast mode fluctuates around zero.
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Fig 8. The auto-correlation function of volatilities for the full time series, fast mode, medium mode and
slow mode of the German DAX. The value of At is set to be 20 days.

doi:10.1371/journal.pone.0139420.g008
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Fig 9. The probability distribution of the correlation ¢ defined in Eq (9) for the fast mode, medium
mode and slow mode. There are 162 stocks for the TWSE market, and At = 20 days.

doi:10.1371/journal.pone.0139420.g009
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doi:10.1371/journal.pone.0139420.9010

Discussion

In this paper, we explore the intrinsic multi-scale dynamic behavior of complex financial sys-
tems, based on the daily data of individual stock prices and financial indices in five typical
stock markets, i.e., the NYSE, SHSE, SZSE, HKSE and TWSE markets. With the EMD method,
the time series of the price returns of each stock or index can be decomposed into a small num-
ber of intrinsic mode functions, i.e., the so-called IMFs. The decomposition is based on the
local characteristic time scale of data itself, and the IMFs represent the price motion from high
frequency to low frequency. After analyzing the probability distribution of returns, auto-corre-
lation of volatilities and persistence probability of volatilities for different modes, we conclude
that these basic characteristics are rather robust in multi time scale. However, the cross-correla-
tion between individual stocks and the return-volatility correlation are time scale dependent.
The structure of business sectors in a stock market is mainly governed by the fast mode when
returns are sampled at a couple of days, while by the medium mode when returns are sampled

PLOS ONE | DOI:10.1371/journal.pone.0139420 October 1,2015 14/18
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doi:10.1371/journal.pone.0139420.g011
at dozens of days. More importantly, the leverage and anti-leverage effects are dominated by

the medium mode.

Acknowledgments
We thank Jun-Jie Chen and Lei Tan for the helpful comments on the manuscript.

Author Contributions
Conceived and designed the experiments: FYO BZ. Performed the experiments: FYO. Ana-
lyzed the data: FYO. Contributed reagents/materials/analysis tools: FYO BZ XF]. Wrote the

paper: FYO BZ.

References
1. Mantegna RN, Stanley HE. Scaling behavior in the dynamics of an economic index. Nature. 1995;

376:46-49.

15/18

PLOS ONE | DOI:10.1371/journal.pone.0139420 October 1,2015



@’PLOS ‘ ONE

Intrinsic Multi-Scale Dynamic Behaviors

10.

11.

12

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

Gopikrishnan P, Plerou V, Amaral LAN, Meyer M, Stanley HE. Scaling of the distribution of fluctuations
of financial market indices. Phys Rev E. 1999; 60:5305. doi: 10.1103/PhysRevE.60.5305

Liu Y, Gopikrishnan P, Cizeau P, Meyer M, Peng CK, Stanley HE. Statistical properties of the volatility
of price fluctuations. Phys Rev E. 1999; 60:1390. doi: 10.1103/PhysRevE.60.1390

Plerou V, Gopikrishnan P, Rosenow B, Amaral LAN, Stanley HE. Universal and nonuniversal proper-
ties of cross correlations in financial time series. Phys Rev Lett. 1999; 83:1471. doi: 10.1103/
PhysRevLett.83.1471

Bouchaud JP, Matacz A, Potters M. Leverage effect in financial markets: The retarded volatility model.
Phys Rev Lett. 2001; 87:228701. doi: 10.1103/PhysRevLett.87.228701 PMID: 11736431

Qiu T, Zheng B, Ren F, Trimper S. Return-volatility correlation in financial dynamics. Phys Rev E. 2006;
73:065103. doi: 10.1103/PhysRevE.73.065103

Shen J, Zheng B. Cross-correlation in financial dynamics. Europhys Lett. 2009; 86:48005. doi: 10.
1209/0295-5075/86/48005

Podobnik B, Horvati¢ D, Petersen AM, Stanley HE. Cross-correlations between volume change and
price change. Proc Natl Acad Sci USA. 2009; 106:22079—22084. doi: 10.1073/pnas.0911983106
PMID: 20018772

Podobnik B, Wang D, Horvatic D, Grosse |, Stanley HE. Time-lag cross-correlations in collective phe-
nomena. Europhys Lett. 2010; 90:68001. doi: 10.1209/0295-5075/90/68001

Preis T, Kenett DY, Stanley HE, Helbing D, Ben-Jacob E. Quantifying the behavior of stock correlations
under market stress. Sci Rep. 2012; 2:752. doi: 10.1038/srep00752 PMID: 23082242

Bollen J, Mao H, Zeng XJ. Twitter mood predicts the stock market. J Comp Sci. 2011; 2:1-8. doi: 10.
1016/j.jocs.2010.12.007

Preis T, Moast HS, Stanley HE. Quantifying Trading Behavior in Financial Markets Using Google
Trends. Sci Rep. 2013; 3:1684. doi: 10.1038/srep01684 PMID: 23619126

Moat HS, Curme C, Avakian A, Kenett DY, Stanley HE, Preis T. Quantifying Wikipedia Usage Patterns
Before Stock Market Moves. Sci Rep. 2013; 3:1801. doi: 10.1038/srep01801

Ding ZX, Granger CWJ, Engle RF. A long memory property of stock market returns and a new model. J
Empir Financ. 1993; 1:83-106. doi: 10.1016/0927-5398(93)90006-D

Yamasaki K, Muchnik L, Havlin S, Bunde A, Stanley HE. Scaling and Memory in Volatility Return Inter-
vals in Stock and Currency Markets. Proc Natl Acad Sci USA. 2005; 102:9424-9428. doi: 10.1073/
pnas.0502613102 PMID: 15980152

Erb CB, Harvey CR, Viskanta TE. Forecasting international equity correlations. Financ Anal J. 1994;
50:32—-45. doi: 10.2469/faj.v50.n6.32

Solnik B, Boucrelle C, Le Fur Y. International market correlation and volatility. Financ Anal J. 1996;
52:17-34. doi: 10.2469/faj.v52.n5.2021

Mantegna RN, Stanley HE. Introduction to Econophysics: Correlations and Complexity in Finance.
England: Cambridge University Press; 2000.

Bouchaud JP, Potters M. Theory of Financial Risk and Derivative Pricing: From Statisitcal Physics to
Risk Management. England: Cambridge University Press; 2003.

Laloux L, Cizeau P, Bouchaud JP, Potters M. Noise dressing of financial correlation matrices. Phys
Rev Lett. 1999; 83:1467. doi: 10.1103/PhysRevLett.83.1467

Utsugi A, Ino K, Oshikawa M. Random matrix theory analysis of cross correlations in financial markets.
Phys Rev E. 2004; 70:026110. doi: 10.1103/PhysRevE.70.026110

Qiu T, Zheng B, Chen G. Financial networks with static and dynamic thresholds. New J Phys. 2010;
12:043057. doi: 10.1088/1367-2630/12/4/043057

Mantegna RN. Hierarchical structure in financial markets. Euro Phys J B. 1999; 11:193-197. doi: 10.
1007/s100510050929

Kenett DY, Preis T, Gur-Gershgoren G, Ben-Jacob E. Dependency network and node influence: Appli-
cation to the study of financial markets. Int J Bifur Chaos. 2012; 22:1250181. doi: 10.1142/
S0218127412501817

Buccheri G, Marmi S, Mantegna RN. Evolution of correlation structure of industrial indices of U.S. equity
markets. Phys Rev E. 2013; 88:012806. doi: 10.1103/PhysRevE.88.012806

Jiang XF, Chen TT, Zheng B. Structure of local interactions in complex financial dynamics. Sci Rep.
2014; 4:5321. doi: 10.1038/srep05321 PMID: 24936906

Shen J, Zheng B. On return-volatility correlation in financial dynamics. Europhys Lett. 2009; 88:28003.
doi: 10.1209/0295-5075/88/28003

PLOS ONE | DOI:10.1371/journal.pone.0139420 October 1,2015 16/18


http://dx.doi.org/10.1103/PhysRevE.60.5305
http://dx.doi.org/10.1103/PhysRevE.60.1390
http://dx.doi.org/10.1103/PhysRevLett.83.1471
http://dx.doi.org/10.1103/PhysRevLett.83.1471
http://dx.doi.org/10.1103/PhysRevLett.87.228701
http://www.ncbi.nlm.nih.gov/pubmed/11736431
http://dx.doi.org/10.1103/PhysRevE.73.065103
http://dx.doi.org/10.1209/0295-5075/86/48005
http://dx.doi.org/10.1209/0295-5075/86/48005
http://dx.doi.org/10.1073/pnas.0911983106
http://www.ncbi.nlm.nih.gov/pubmed/20018772
http://dx.doi.org/10.1209/0295-5075/90/68001
http://dx.doi.org/10.1038/srep00752
http://www.ncbi.nlm.nih.gov/pubmed/23082242
http://dx.doi.org/10.1016/j.jocs.2010.12.007
http://dx.doi.org/10.1016/j.jocs.2010.12.007
http://dx.doi.org/10.1038/srep01684
http://www.ncbi.nlm.nih.gov/pubmed/23619126
http://dx.doi.org/10.1038/srep01801
http://dx.doi.org/10.1016/0927-5398(93)90006-D
http://dx.doi.org/10.1073/pnas.0502613102
http://dx.doi.org/10.1073/pnas.0502613102
http://www.ncbi.nlm.nih.gov/pubmed/15980152
http://dx.doi.org/10.2469/faj.v50.n6.32
http://dx.doi.org/10.2469/faj.v52.n5.2021
http://dx.doi.org/10.1103/PhysRevLett.83.1467
http://dx.doi.org/10.1103/PhysRevE.70.026110
http://dx.doi.org/10.1088/1367-2630/12/4/043057
http://dx.doi.org/10.1007/s100510050929
http://dx.doi.org/10.1007/s100510050929
http://dx.doi.org/10.1142/S0218127412501817
http://dx.doi.org/10.1142/S0218127412501817
http://dx.doi.org/10.1103/PhysRevE.88.012806
http://dx.doi.org/10.1038/srep05321
http://www.ncbi.nlm.nih.gov/pubmed/24936906
http://dx.doi.org/10.1209/0295-5075/88/28003

@’PLOS ‘ ONE

Intrinsic Multi-Scale Dynamic Behaviors

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

Pan RK, Sinha S. Collective behavior of stock price movements in an emerging market. Phys Rev E.
2007; 76:046116. doi: 10.1103/PhysRevE.76.046116

Black F. Studies of stock price volatility changes. Proceedings of the 1976 Meetings of the American
Statistical Association, Business and Economical Statistics Section. 1976;p. 177—181.

Cox JC, Ross SA. The valuation of options for alternative stochastic processes. J financ econ. 1976;
3:145. doi: 10.1016/0304-405X(76)90023-4

Engle RF, Ng VK. Measuring and testing the impact of news on volatility. J Finance. 1993; 48:1749—
1778. doi: 10.1111/j.1540-6261.19983.tb05127.x

Glosten LR, Jagannathan R, Runkle DE. On the relation between the expected value and the volatility
of the nominal excess return on stocks. J Finance. 1993; 48:1779-1801. doi: 10.1111/j.1540-6261.
19983.tb05128.x

Buraschi A, Porchia P, Trojani F. Correlation Risk and Optimal Portfolio Choice. J Finance. 2010;
65:393-420. doi: 10.1111/j.1540-6261.2009.01533.x

Looney D, Hemakom A, Mandic DP. Intrinsic multi-scale analysis: a multi-variate empirical mode
decomposition framework. Proc R Soc A. 2015; 471:20140709. doi: 10.1098/rspa.2014.0709 PMID:
25568621

Huang NE, Shen Z, Long SR, Wu MC, Shih HH, Zheng Q, et al. The empirical mode decomposition
and the Hilbert spectrum for nonlinear and non-stationary time series analysis. Proc R Soc London.
1998; 454:903-995. doi: 10.1098/rspa.1998.0193

Huang NE, Wu ML, Qu WD, Long SR, Shen SSP. Applications of Hilbert-Huang transform to non-sta-
tionary financial time series analysis. Appl Stoch Model Bus. 2003; 19:245-268. doi: 10.1002/asmb.
501

Wu ZH, Huang NE. A study of the characteristics of white noise using the empirical mode decomposi-
tion method. Proc R Soc London. 2004; 460:1597-1611. doi: 10.1098/rspa.2003.1221

Zhang X, Lai KK, Wang SY. A new approach for crude oil price analysis based on empirical mode
decomposition. Energ Econ. 2008; 30:905-918. doi: 10.1016/j.eneco0.2007.02.012

Wu MC. Damped oscillations in the ratios of stock market indices. Europhys Lett. 2012; 97:48009. doi:
10.1209/0295-5075/97/48009

Wu MC, Huang MC, Yu HC, Chiang TC. Phase distribution and phase correlation of financial time
series. Phys Rev E. 2006; 73:016118. doi: 10.1103/PhysRevE.73.019908

Lin CS, Chiu SH, Lin TY. Empirical mode decomposition-based least squares support vector regression
for foreign exchange rate forecasting. Econ Model. 2012; 29:2583-2590. doi: 10.1016/j.econmod.
2012.07.018

Qian B, Rasheed K. Stock market prediction with multiple classifiers. Appl Intell. 2007; 26:25-33. doi:
10.1007/s10489-006-0001-7

Pérez-Rodriguez JV, Torra S, Andrada-Félix J. STAR and ANN models: forecasting performance on
the Spanish Ibex-35 stock index. J Empir Financ. 2005; 12:490-509. doi: 10.1016/j.jempfin.2004.083.
001

Cummings DAT, Irizarry RA, Huang NE, Endy TP, Nisalak A, Ungchusak K, et al. Travelling waves in
the occurrence of dengue haemorrhagic fever in Thailand. Nature. 2004; 427:0028—-0836. doi: 10.1038/
nature02225

Yu L, Wang SY, Lai KK, Wen FH. A multiscale neural network learning paradigm for financial crisis fore-
casting. Neurocomputing. 2010; 73:716—725. doi: 10.1016/j.neucom.2008.11.035

Wu ZH, Huang NE, Long SR, Peng CK. On the trend, detrending, and variability of nonlinear and non-
stationary time series. Proc Natl Acad Sci USA. 2007; 104:14889-14894. doi: 10.1073/pnas.
0701020104 PMID: 17846430

Cheng CH, Wei LY. A novel time-series model based on empirical mode decomposition for forecasting
TAIEX. Econ Model. 2014; 36:136—141. doi: 10.1016/j.econmod.2013.09.033

Kozi¢ I, Sever |. Measuring business cycles: Empirical Mode Decomposition of economic time series.
Econ Lett. 2014; 123:287-290. doi: 10.1016/j.econlet.2014.03.009

Dyson FJ. Distribution of eigenvalues for a class of real symmetric matrices. Rev Mex Fis. 1971;
20:231-237.

Sengupta AM, Mitra PP. Distributions of singular values for some random matrices. Phys Rev E. 1999;
60:3389. doi: 10.1103/PhysRevE.60.3389

Plerou V, Gopikrishnan P, Gabaix X, Stanley HE. Quantifying stock-price response to demand fluctua-
tions. Phys Rev E. 2002; 66:027104. doi: 10.1103/PhysRevE.66.027104

Jiang XF, Zheng B. Anti-correlation and subsector structure in financial systems. Europhys Lett. 2012;
97:48006. doi: 10.1209/0295-5075/97/48006

PLOS ONE | DOI:10.1371/journal.pone.0139420 October 1,2015 17/18


http://dx.doi.org/10.1103/PhysRevE.76.046116
http://dx.doi.org/10.1016/0304-405X(76)90023-4
http://dx.doi.org/10.1111/j.1540-6261.1993.tb05127.x
http://dx.doi.org/10.1111/j.1540-6261.1993.tb05128.x
http://dx.doi.org/10.1111/j.1540-6261.1993.tb05128.x
http://dx.doi.org/10.1111/j.1540-6261.2009.01533.x
http://dx.doi.org/10.1098/rspa.2014.0709
http://www.ncbi.nlm.nih.gov/pubmed/25568621
http://dx.doi.org/10.1098/rspa.1998.0193
http://dx.doi.org/10.1002/asmb.501
http://dx.doi.org/10.1002/asmb.501
http://dx.doi.org/10.1098/rspa.2003.1221
http://dx.doi.org/10.1016/j.eneco.2007.02.012
http://dx.doi.org/10.1209/0295-5075/97/48009
http://dx.doi.org/10.1103/PhysRevE.73.019908
http://dx.doi.org/10.1016/j.econmod.2012.07.018
http://dx.doi.org/10.1016/j.econmod.2012.07.018
http://dx.doi.org/10.1007/s10489-006-0001-7
http://dx.doi.org/10.1016/j.jempfin.2004.03.001
http://dx.doi.org/10.1016/j.jempfin.2004.03.001
http://dx.doi.org/10.1038/nature02225
http://dx.doi.org/10.1038/nature02225
http://dx.doi.org/10.1016/j.neucom.2008.11.035
http://dx.doi.org/10.1073/pnas.0701020104
http://dx.doi.org/10.1073/pnas.0701020104
http://www.ncbi.nlm.nih.gov/pubmed/17846430
http://dx.doi.org/10.1016/j.econmod.2013.09.033
http://dx.doi.org/10.1016/j.econlet.2014.03.009
http://dx.doi.org/10.1103/PhysRevE.60.3389
http://dx.doi.org/10.1103/PhysRevE.66.027104
http://dx.doi.org/10.1209/0295-5075/97/48006

@’PLOS ‘ ONE

Intrinsic Multi-Scale Dynamic Behaviors

53.

54.

55.

56.

57.

58.

59.

Ouyang FY, Zheng B, Jiang XF. Spatial and temporal structures of four financial markets in Greater
China. Physica A. 2014; 402:236—244. doi: 10.1016/j.physa.2014.02.006

Tumminello M, Aste T, Di Matteo T, Mantegna RN. A tool for filtering information in complex systems.
Proc Natl Acad Sci USA. 2005; 102:10421-10426. doi: 10.1073/pnas.0500298102 PMID: 16027373

Rosvall M, Bergstrom CT. Mapping change in large networks. PLoS One. 2010; 5:e8694. doi: 10.1371/
journal.pone.0008694 PMID: 20111700

Masoliver J, Perello J. Multiple time scales and the exponential Ornstein-Uhlenbeck stochastic volatility
model. Quant Financ. 2006; 6:423—433. doi: 10.1080/14697680600727547

Ruiz E, Veiga H. Modelling long-memory volatilities with leverage effect: A-LMSV versus FIEGARCH.
Comput Stat Data Anal. 2008; 52:2846—2862. doi: 10.1016/j.csda.2007.09.031

Chen JJ, Zheng B, Tan L. Agent-based model with asymmetric trading and herding for complex finan-
cial systems. PLoS One. 2013; 8:e79531. doi: 10.1371/journal.pone.0079531 PMID: 24278146

Tan L, Zheng B, Chen JJ, Jiang XF. How volatilities nonlocal in time affect the price dynamics in com-
plex financial systems. PLoS One. 2015; 10:e0118399. doi: 10.1371/journal.pone.0118399 PMID:
25723154

PLOS ONE | DOI:10.1371/journal.pone.0139420 October 1,2015 18/18


http://dx.doi.org/10.1016/j.physa.2014.02.006
http://dx.doi.org/10.1073/pnas.0500298102
http://www.ncbi.nlm.nih.gov/pubmed/16027373
http://dx.doi.org/10.1371/journal.pone.0008694
http://dx.doi.org/10.1371/journal.pone.0008694
http://www.ncbi.nlm.nih.gov/pubmed/20111700
http://dx.doi.org/10.1080/14697680600727547
http://dx.doi.org/10.1016/j.csda.2007.09.031
http://dx.doi.org/10.1371/journal.pone.0079531
http://www.ncbi.nlm.nih.gov/pubmed/24278146
http://dx.doi.org/10.1371/journal.pone.0118399
http://www.ncbi.nlm.nih.gov/pubmed/25723154

