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Introduction

Stock market integration, stock market
comovement and return spillovers between
developed and developing stock markets,
particularly CEE markets, are of great
importance for international investors making
financial decisions. Increased comovement of
stock markets returns may diminish the
advantage of internationally diversified
investment portfolios [30].

The most common method of measuring
stock market comovement is linear correlation,
expressed by Pearson’s correlation coefficient,
a symmetric, linear dependence metric [30]
suitable for measuring dependence on
multivariate normal distributions [11]. However
correlations may be nonlinear or time-varying
([10[, [52]), and dependence between two stock
markets as the market rises may be different
than the dependence as the market falls [34].
A more accurate understanding of stock market
interdependencies may be achieved by
applying econometric methods. In the literature
the following methods are often used to
measure the level of stock market comovement:
correlation coefficients (e.g. [28], [31]), Vector
Autoregressive (VAR) models ([20], [33]),
cointegration analysis ([19], [36]), GARCH
models ([1], [5], [10], [50]) and regime switching
models ([13], [45]). A novel but promising
approach is a wavelet analysis of stock market
comovement.

Candelon et al [2] argue that comovement
analysis should consider the distinction

between short- and long-term investors. From
a portfolio diversification point of view, short-
term investors are more interested in the
comovement of stock returns at higher
frequencies (short term movements), and long-
term investors focus more on the lower
frequency comovements. As such, one must
resort to frequency domain analysis to obtain
insights into comovement at the frequency level
([29], [35], [43], [48]). In such a context, with
both the time horizon of economic decisions
and the strength and direction of economic
relationships between variables that may differ
according to the time scale of the analysis,
wavelet analysis may prove to be a useful
analytical tool [41].

Economic and financial phenomena may
exhibit different characteristics on different time
scales, and thus wavelet analysis tools enable
us to investigate the multiscale features of
these phenomena. As wavelets are localized in
both time and scale, unlike Fourier analyses
and spectral analyses, they thus provide
a convenient and efficient way of representing
complex variables or signals [42]. Moreover,
because of its translation and scale properties,
nonstationarity in the data is not a problem
when using wavelets and prefiltering is not
needed [41]. Wavelet analysis is suitable for
detecting seasonal and cyclical patterns,
structural breaks, trend analyses, fractal
structures and multiresolution analyses [8].
Wavelets in finance are primarily used as
a signal decomposition tool (e.g. [32], [16], [14],
[17], [18], [51]), or a tool to detect
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interdependence between variables ([23], [24],
[25], [26], [27]).

Lee [29] developed a new testing technique
based on the discrete wavelet transform, in
order to study the relationships between U.S.
and Korean stock market returns in the period
1995 to 2000, examining two stock indices in
each market, namely the Dow Jones Industrial
Average (DJIA) and the NASDAQ for the
United States and the Korean Composite Stock
Price Index (KOSPI) and the Korean Security
Dealers Automated Quotations (KOSDAQ) for
South Korea. By examining the relationships
between high-frequency fluctuations in stock
returns, obtained from the reconstruction of the
data by wavelet details, [29] finds evidence of
return spillover effects from the U.S. stock markets
to Korean counterparts, but not vice versa.

In a similar way, [12] focuses on return
spillovers in stock markets at different time
scales using wavelet analysis. She considers
eight stock indices that comprise the G7
countries, Emerging Asia, Western Europe,
Eastern Europe and the Middle East, the
Emerging Far East, Latin America, North
America, and the Pacific region for the period
1990 to 2002. The author’s estimation results
show evidence of stock market return spillovers
from the G7 countries to Western Europe,
Eastern Europe and the Middle East, Emerging
Asia, Europe, Latin America, and North
America. However, return spillovers of these
regions to the G7 countries are weaker at
different time scales. Similarly, return spillovers
from North America to Latin America, Emerging
Asia, the Emerging Far East, and the Pacific
region, and from both Western Europe and
Latin America to North America are found. [48]
investigate seven international stock markets –
Ireland, the United Kingdom, Portugal, the
United States, Brazil, Japan and Hong Kong –
and their comovement and spillover effects,
using a testing method suggested by [29]. They
find evidence of intra-European comovement,
namely between the stock markets of Ireland,
the UK and Portugal. Further, they find
comovement between the U.S. and Brazilian
markets and similar intra-Asian comovement,
namely between the stock markets of Japan
and Hong Kong.

We will use maximal overlap discrete
wavelet transform (MODWT) to analyse
multiscale stock market return volatility dynamics

and return comovement between CEE and
developed European stock markets. To our
knowledge, this is the first study to apply this
methodology to CEE stock markets. The more
recent empirical literature on the interdepen-
dence of CEE stock markets to developed
stock markets predominantly apply correlation
analysis ([21], [47]), Granger causality tests
([22], [36]), cointegration analysis ([36], [49])
and GARCH modelling ([3], [44].

The structure of the paper is as follows.
Econometric methodology is described in the
first chapter. Maximal overlap discrete wavelet
transform (MODWT) is explained and some
practical issues for MODWT analysis are
addressed. In the second chapter, we present
the data, describe in detail our empirical study
of return comovement and energy decom-
position, and interpret the results. Main impli-
cations of the empirical analysis are revisited in
the conclusion.

1. Econometric Methodology
To study the comovement of the CEE stock
markets (Slovenia, the Czech Republic and Hungary)
with developed European stock markets (Austria,
France, Germany and United Kingdom), we
apply methodology of [29]. Interdependence
between stock markets exists in two forms [53]
– comovement, which measures the contem-
poraneous relationship between volatilities, and
spillover, which indicates the lead-lag relation-
ship. Stock market return spillover analysis is
based on the idea that if news (a shock) in one
stock market (reflected in its return) in time t – 1
affects the returns of another stock market in
time t, there are return spillovers, and the
returns of the first market explain the returns of
the second market. However, if there is a high
degree of stock market comovement, then in
the observed time period (e.g. one day, one
week, etc.), stock returns synchronously move
in the same direction.

We focus on return comovement analysis
by estimating the following model (by ordinary
least squares):

rDA,t (τj) = a + brDA,t (τj) + εA (1)

where:
rDA,t (τj) = from MODWT wavelet details
reconstructed returns of the stock index A at
scale τj,
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rDA,t (τj) = from MODWT wavelet details
reconstructed returns of the stock index B at
scale τj,
α = a regression constant,
b = a regression parameter,
εA = error of the regression model.

The proposed model is estimated in the
following steps. First we transform the indices’
return series by MODWT. We obtain wavelet
and scaling coefficients, which we use to study
the energy decomposition of the return series
at different time scales (j). This inspection
allows us to determine which time scales capture
the most volatility of the indices’ return series.
In the next step we use only those scales that
capture the greatest share of energy to
reconstruct the original return time series from
the wavelet details. In this way we obtain
reconstructed returns of the indices on a scale-
by-scale basis. For pairs of reconstructed
return time series we then estimate the ordinary
least squares model proposed by equation (1).

1.1 Description of the Maximal
Overlap Discrete Wavelet
Transform (MODWT)

The MODWT is a linear filtering operation that
transforms a series into coefficients related to
variations over a set of scales. It is similar to the
discrete wavelet transform (DWT), but it gives
up the orthogonality property of the DWT to
gain other features that render MODWT more
suitable for our analysis of stock market return
comovement [39], as: i) the ability to handle any
sample size, regardless of whether the series is
dyadic (i.e. of size 2J0, where J0 is any positive
integer); ii) increased resolution at coarser
scales as the MODWT oversamples the data;
iii) translation-invariance, which ensures that
MODWT crystal coefficients do not change if
the time series is shifted in a "circular" fashion;
iv) the MODWT produces a more asympto-
tically efficient wavelet variance estimator than
the DWT.

1.1.1 MODWT Wavelet Coefficients and
Scaling Coefficients

Wavelets are small waves, whereas by
contrast, sinus and cosinus are large waves.
A wavelet, by definition, is any function that is
square-integrable and integrates to zero. The
wavelet transform is a mechanism that allows

us to quantify how averages of a time series
over particular scales change from one interval
of time to the next [40]. These changes are
quantified in wavelet coefficients, which form
the bulk of any discrete wavelet transform [38].

Let X be an N-dimensional vector whose
elements represent the real-valued time series
{Xt : t = 0,..., N – 1} (we use the same notation
as [40]). For any positive integer, J0, the level
J0 MODWT of X is a transform consisting of the
J0 + 1 vectors W

~
1,..., W

~
J0

and V
~

J0
, all of which

have dimension N. The vector W
~

j contains 
the MODWT wavelet coefficients associated
with changes on scale τj = 2j–1 for (j = 1,..., J0),
while V

~
J0

contains MODWT scaling coefficients
associated with averages on scale λJ0

= 2J0.
Based on definition of MODWT coefficients, we
can write [40]:

W
~

J = Λ~j X (2a)

and 

V
~

J0
= Γ~j

0
X (2b)

where Λ~
j and Γ~j

0
are N × N matrices of

containing the values of the wavelet and
scaling filters. Vectors are denoted by bold
fonts.

By definition, the elements of W
~

J and V
~

J0are outputs obtained by filtering X, namely:

(3a)

and 

(3b)

for t = 0,..., N – 1, where h
~

j,l and g
~

j,l are jth level
MODWT wavelet and scaling filters, defined in
terms of the jth-level equivalent wavelet and
scaling filters for a discrete wavelet transform
(DWT) (for details see [40]).

The MODWT treats the series as if it were
periodic, whereby the unobserved samples of
the real-valued time series X–1, X–2,..., N–N are
assigned the observed values at XN–1, XN–2,...,
X0. The MODWT coefficients are thus given by
circularly filetering: 
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(4a)

and

(4b)

for t = 0,..., N – 1; h
~°

j,l and g
~°

j,l are periodization of
h
~

j,l and g
~

j,l to circular filters of length N.
This periodic extension of the time series is

known as analyzing {Xt} using “circular
boundary conditions” ([6], [40]). There are Lj – 1
wavelet and scaling coefficients that are
influenced by the extension (“the boundary
coefficients”). Since Lj increases with j, the
number of boundary coefficients increases with
scale. Excluding boundary coefficients in the
wavelet variance, wavelet correlation and
covariance provides unbiased estimates [6].

1.1.2 MODWT Energy and Additivity
Decomposition

One of the important uses of the MODWT is to
decompose the sample variance of a time
series on a scale-by-scale basis. Since the
MODWT is energy conserving, the following
equation holds [39]:

(5)

and a scale-dependent analysis of variance
from the wavelet and scaling coefficients can
be derived as [6] 

(6)

Wavelet variance is defined for stationary
and nonstationary processes with stationary
backward differences. Considering only the
non-boundary wavelet coefficient, obtained by
filtering stationary series with MODWT, the
wavelet variance υ̂2

X(τj) is defined as the ex-
pected value of W

~2
j,t. In this case, υ̂2

X(τj) repre-
sents the contribution to the (possibly infinite)
variance of {Xt} at the scale τj = 2j–1 and can be
estimated by the unbiased estimator [40]:

(7)

Where Mj ≡ N – Lj – 1 > 0 is the number of
non-boundary coefficients at the jth level.

It is possible to prove that the asymptotic
distribution of  υ̂2

X(τj) is Gaussian, a result that
allows the formulation of confidence intervals
for the estimate ([37], [46]).

Another useful characteristic of MODWT is
additive decomposition. The time series X can
be recovered from its MODWT via [40]:

(8)

which defines a MODWT-based multiresolution
analysis (MRA) of X in terms of the jth level
MODWT details D

~
j = Λ~T

jW
~

j, which capture local
fluctuations over the whole period of a time
series at each scale, and the J0-th level of
MODWT smooth S

~
j0

= ΓT
j0

V
~

j0
, which provides

a “smooth” or overall “trend” of the original
signal. Adding D

~
j to S

~
j0

, for J = 1,2,..., J0, gives
an increasingly accurate approximation of the
original signal.

1.2 MODWT Parameters
Some practical issues, besides the handling of
appropriate boundary conditions, should be
addressed before the start of MODWT
analysis:
� Choice of wavelet filter. MODWT is less

dependent on the wavelet filter choice than
is discrete wavelet transform [40], but
different wavelet filter properties may still
result in different wavelet analysis results.
A reasonable choice of the filter must
consider the specific analysis goal we want
to achieve (such as isolation of transient
events in a time series, analysis of
variance, multiresolution analysis, etc.) and
the properties we need in a filter to achieve
that goal [40]. Choosing a wavelet filter of
the shortest width (L = 2,4,6) can some-
times introduce undesirable artefacts into
the resulting analyses. Alternatively, while
wavelet filters with a large L can be a better
match to the characteristic features in a time
series, their use can result in more coeffi-
cients being influenced by boundary conditions
and an increase in computational burden.
[40] suggest a strategy of using the smal-
lest L that gives reasonable results. The
Daubechies class of wavelets possesses
appealing regularity characteristics and
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produces transforms that are effectively
localized differences of adjacent weighted
averages. The least asymmetric (LA) sub-
class, known as symmlets, has approximate
linear phase and exhibits near symmetry
about the filter midpoint. This linear phase
property means that events and sinusoidal
components in the wavelet and scaling
coefficients at all levels can be aligned with
the original time series. For the MODWT,
this alignment is achieved by circularly
shifting the coefficients by an amount
dictated by the phase delay properties of
the basic filter [6]. LA filters are available in
even widths L. A wider filter is smoother in
appearance and reduces the possible
appearance of artefacts in a multiresolution
analysis due to the filter shape. It also
results in stronger uncorrelation between
wavelet coefficients across scales for certain
time series, which is useful for deriving
confidence bounds from certain wavelet-
based estimates [7]. Taking all these
considerations into account, LA(8) filter is
an appropriate choice [40], as it yields
coefficients that are approximately uncorre-
lated between scales while having a filter
width short enough such that the impact of
boundary conditions is tolerable [6].

� Choice of level J0. The appropriate choice
depends primarily on the time series at
hand [40]. For complete decomposition of
a series of length N = 2J (J is any positive
integer number) using the DWT, the

maximum number of levels in the
decomposition is J. The MODWT can
accommodate any sample size N and, in
theory, any J0. In practice, the largest level
is commonly selected such that J0 ≤ log2(N)
in order to preclude decomposition at
scales longer than the total length of the
time series. The selection of J0 determines
the number of octave bands and thus the
number of scales of resolution in the
decomposition [6].

2. Empirical Results

2.1 Description of the Data
Data on stock indices return are calculated as
differences of logarithmic daily closing value of
indices (i.e. ln(Pt) – ln(Pt–1), where Pt is the
index value in time t). The following indices are
considered: LJSEX (Slovenia), PX (Czech
Republic), BUX (Hungary), ATX (Austria),
CAC40 (France), DAX (Germany) and
FTSE100 (Great Britain). The first day of
observation is 1 April 1997, the last day is 12
May 2010. Days of no trading on any of the
observed stock markets were left out. Total
number of observations amounts to 3,060
days. Data sources from the LJSEX, PX and
BUX indices are their respective stock
exchanges; data sources for the ATX, CAC40,
DAX and FTSE100 indices is Yahoo Finance.

Table 1 presents some descriptive statistics
of the data. We observe a higher spread
between maximum and minimum daily returns

Tab. 1: Descriptive statistics for stock index return time series 

Min Max Mean Std. Skewness Kurtosis Jarque-Bera
deviation statistics

LJSEX -0.1285 0.0768 0.0003521 0.01062 -0.87 20.19 38,073.93***

PX -0.1990 0.2114 0.0002595 0.01667 -0.29 24.62 59,654.93***

BUX -0.1803 0.2202 0.0004859 0.02021 -0.30 15.90 21,260.91***

ATX -0.1637 0.1304 0.0002515 0.01558 -0.40 14.91 18,153.48***

CAC40 -0.0947 0.1059 0.0001206 0.01628 0.09 7.83 2,982.52***

DAX -0.0850 0.1080 0.0002071 0.01756 -0.06 6.58 1,635.47***

FTSE100 -0.0927 0.1079 0.0000774 0.01361 0.09 9.30 5,069.61***

Source: Own calculations

Note: Jarque-Bera statistics:*** indicates that the null hypothesis (of normal distribution) is rejected at the 1% signifi-
cance, ** indicates that the null hypothesis is rejected at the 5% significance and * indicates that the null hypothesis is
rejected at 10% significance
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Tab. 2: Results of time series tests of stationarity

KPPS test KPSS test PP test PP test ADF test ADF test 
(a constant (a constant) (a constant (a constant) (a constant (a constant)

+ trend) + trend) + trend)

LJSEX 0.249*** 0.591** -44.099*** -43.795*** -37.229*** -37.128***
(11) (12) (0) (3) (L=1) (L=1)

PX 0.158* 0.170 -55.022*** -55.029*** -16.676*** - 16.676***
(10) (10) (10) (10) (L=8) (L=8)

BUX 0.065 0.065 -54.295*** -54.304*** -54.301*** - 54.310***
(6) (6) (6) (6) (L=0) (L=0)

ATX 0.186** 0.191 -53.586*** -53.594*** - 40.604** - 40.608***
(12) (13) (15) (15) (L=1) (L=1)

CAC40 0.110 0.250 -57.840*** -57.787*** - 36.142*** - 36.108***
(15) (15) (14) (14) (L=2) (L=2)

DAX 0.099 0.105 -57.805*** -57.812*** - 57.692*** - 57.698***
(1) (1) (3) (3) (L=0) (L=0)

FTSE100 0.089 0.101 -58.284*** -58.287*** -29.112*** - 29.111***
(9) (9) (7) (7) (L=3) (L=3)

Source: Own calculations

Notes: KPSS and PP tests are performed for two models: for the model with a constant, and for the model with a con-
stant plus trend. The Bartlet Kernel estimation method is used with Newey-West automatic bandwidth selection. Opti-
mal bandwidth is indicated in parenthesis under statistics. For the ADF test, two models are applied: autoregression
(AR), and trend stationary model; number of lags to be included (L) for the ADF test was selected by SIC criteria (30
was a maximum lag). Exceeded critical values for rejection of the null hypothesis are marked by *** (1% significance
level), ** (5% significance level) and * (10% significance level). 

in the PX and BUX indices than in other
indices. Standard deviations of daily returns are
smallest for the LJSEX index. The Jarque-Bera
test rejects the hypothesis of normally
distributed observed time series, all indices are
asymmetrically (left) distributed around the
sample mean, and kurtosis is greater than with
normally distributed time series.

2.2 Tests of Time Series Stationarity
To test stationarity of stock index return time
series, Augmented Dickey-Fuller (ADF),
Phillips-Perron (PP) and Kwiatkowski-Phillips-
Schmidt-Shin (KPSS) tests are applied. Test
results are presented in Table 2.

The null hypothesis of the KPSS test,
indicating that the time series is stationary, for
a model with a constant plus trend, can be
rejected at the 5% significance level for the
return series of LJSEX and ATX. Since trend is
not significantly different from zero, we give
advantage to KPSS model results with no
trend. For that model we cannot reject the null
hypothesis of stationary process for any stock
index return series, expect for LJSEX, at the
1% significance level. The null hypothesis of
PP and ADF tests is rejected for all stock
indices. On the basis of the stationarity tests,
we conclude that all index return time series are
stationary.

2.3 Empirical Results of the Energy
Decomposition and Return
Comovement between Stock
Markets

2.3.1 Energy Decomposition Results
MODWT transformations of the indices return
series are performed by using a Daubechies
least asymmetric filter with a wavelet filter length
of 8 (LA8). This is a common wavelet filter used
in other empirical studies on financial market
interdependencies ([15], Ranta 2010). The
maximum number of levels in the decomposition
is 6 (J0 = 6) to achieve an optimal level balance
between sample size and the length of the filter.
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Scale 1 measures the dynamics of returns over
2 to 4 days, scale 2 over 4 to 8 days, scale 3
over 8 to 16 days, scale 4 over 16 to 32 days,
scale 5 over 32 to 64 days and scale 6 over 64
to 128 days. To obtain unbiased estimates, only
non-boundary wavelet coefficients must be
considered. There are 2,619 MODWT wavelet
coefficients not affected by boundary condition.

Table 3 shows that 38 percent of LJSEX
return variability is captured by scale 1 (2 to 4
day dynamics). Scale 2 captures 29.6 percent
of all LJSEX return variability. It is evident that
most energy, for all indices, is captured by

scales 1 and 2. This finding is in accordance
with other studies. [12] finds that the first and
second scale of all indices investigated explain
at least 60 percent of return variability; in the
U.S. equity market the scales explain 75
percent. [29] finds that these two scales
capture around 70 percent of energy for Korean
stock market indices and around 80 percent for
U.S. stock market indices. It follows that, from
the point of view of stock markets return
comovement analysis, the most interesting are
the first two scales.

Tab. 3: 
A scale-based energy decomposition of stock indices returns 
(in % of the index return energy)

W1 W2 W3 W4 W5 W6 V6 Total

LJSEX 38.0 29.6 18.2 6.1 3.2 2.0 2.9 100

PX 50.8 26.2 12.2 5.2 2.6 1.5 1.5 100

BUX 47.5 26.7 13.5 5.9 2.8 2.1 1.5 100

ATX 49.5 28.2 12.3 5.2 2.3 1.0 1.5 100

CAC40 51.4 28.0 11.9 4.7 2.0 0.9 1.1 100

DAX 52.4 26.1 11.4 5.3 2.3 1.1 1.4 100

FTSE100 52.2 28.6 11.1 4.6 2.0 0.8 0.7 100

Source: Own calculations

Note: Wj(j = 1,...,6) are MODWT wavelet coefficients at scale j, and V6 are MODWT scaling coefficients.

2.3.2 Stock Market Comovement Analysis
Results

To estimate regression model (1), we
reconstruct the returns series using the first and
second high-frequency wavelet details, D1 and
D2, and then apply OLS to obtain parameter
estimates of regression (1).

As wavelet energy decomposition indicates
that most of the energy is captured by the first
two scales, we estimate model (1) by using
reconstructed indices returns for these two
scales in the following manner:
� we estimate model (1) on the returns series

reconstructed from D1 (rD(τ1));
� we estimate model (1) on the summed

returns series of reconstructed returns at
scales 1 and 2 (rD (τ1) + rD (τ2));

� for comparison purposes, we also estimate
model (1) on raw (non-MODWT transformed)
indices return series.

The strength of comovement is measured
by R2 and the significance of the regression
parameter b ([29], [48]).

Estimation results for the Slovenian stock
market (LJSEX) are presented in Table 4.
Parameter estimates of the regression models
are highly significant, as indicated by t-statistics,
which shows that there exists comovement
between LJSEX returns and returns of other
investigated indices at the daily returns level, at
the scale 1 level, and for the case of the
summated first two scales. The adjusted R2

reveals that the volatility of LJSEX raw returns
is best explained by the volatility of PX and ATX
returns. It follows that Slovenian stock market
comoves more with stock markets of Austria
and the Czech Republic and less with other
observed stock markets.
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Tab. 4: 
Results of the estimation of the regression model (1), LJSEX is dependent 
variable (part 1)

PX→LJSEX 

A constant Parameter b R2adj

Raw returns
0.0003* 0.2002*** 0.1040
(1.74) (17.46)

rD(τ1)
-0.0000 0.1596*** 0.0917
(-0.0000) (16.29)

rD (τ1) + rD (τ2)
0.0000*** 0.1396*** 0.2203

(3.31) (27.22)

BUX→LJSEX

A constant Parameter b R2adj

Raw returns
0.0004* 0.1301*** 0.0568
(1.79) (12.60)

rD(τ1)
0.0000 0.0909*** 0.0363
(0.00) (9.98)

rD (τ1) + rD (τ2)
0.0000*** 0.0903*** 0.0631

(3.37) (13.32)

ATX→LJSEX

A constant Parameter b R2adj

Raw returns
0.0004 0.2195*** 0.1027
(1.82) (17.34)

rD(τ1)
0.0000 0.132*** 0.0500
(0.0000) (11.79)

rD (τ1) + rD (τ2)
0.0000*** 0.2268*** 0.2845

(2.81) (32.28)

CAC40→LJSEX

A constant Parameter b R2adj

Raw returns
0.0004* 0.1417*** 0.0484
(1.95) (11.58)

rD(τ1)
0.0000 0.0734*** 0.0185
(0.0000) (7.10)

rD (τ1) + rD (τ2)
0.0000*** 0.1423*** 0.0680

(3.06) (13.86)

DAX→LJSEX

A constant Parameter b R2adj

Raw returns
0.0004* 0.1257*** 0.0448
(1.92) (11.12)

rD(τ1)
0.0000 0.0701*** 0.0204
(0.00) (7.45)

rD (τ1) + rD (τ2)
0.0000*** 0.0911*** 0.0301

(3.48) (9.06)
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On scale 1, the LJSEX return’s como-
vement with other stock markets is reduced. As
with the raw return data, LJSEX return volatility
is best explained by PX return volatility.
Volatility in CAC40 and FTSE100 returns
explains only about 2 percent of LJSEX return
volatility. Taking summated returns of scales 1
and 2, which correspond to a time span of 2 to
8 days, more LJSEX return volatility can be
explained by volatility in foreign stock indices,
especially PX and ATX indices. Two to eight
day PX return dynamics can explain about 22
percent of LJSEX return dynamics over this
time horizon, whereas ATX returns explain
approximately 28 percent.

The finding that raw returns and summed
scales 1 and 2 returns are more connected
than scale 1 returns was also obtained by [29]
and [48]. [29], who studies return spillovers
between U.S. and Korean stock markets using
lagged returns of the explanatory variable finds
significant return spillovers from the U.S. to the
Korean stock market. Significance of
parameter estimates and R2 for raw return and
summed scales 1 and 2 return series were
slightly higher than for scale 1 series. [48] find

strong co-movements only between pairs of
Irish, UK and Portuguese stock market returns.
The UK and Irish stock markets were most
connected, as R2 for the raw return series
reached 0.32, for scale 1 returns 0.22, and for
summed scale 1 and scale 2 returns 0.25.

Parameter estimates of the regression
models for the Czech stock market are also
highly significant (Table 5). Higher adjusted R2

reveals that the Czech stock market returns
comove more synchronously with the
Hungarian and developed stock market
returns, as is the case for Slovenia. PX return
volatility is best explained by ATX and BUX
return volatility. Interestingly, both Czech and
Slovenian stock markets seem to comove with
the Austrian stock market to a greater extent
than with other developed stock markets. This
finding could be explained by historical ties,
strong economic ties, investments of Austrian
enterprises in these two countries, and equity
connection between the observed stock
markets. Namely, the stock exchanges in
Ljubljana, Prague, Vienna and Budapest are
owned by a common holding company.

Tab. 4: 
Results of the estimation of the regression model (1), LJSEX is dependent 
variable (part 2)

FTSE100→LJSEX

A constant Parameter b R2adj

Raw returns
0.0004** 0.1655*** 0.0474
(2.02) (11.45)

rD(τ1)
-0.0000 0.0929*** 0.0215
(-0.00) (7.65)

rD (τ1) + rD (τ2)
0.0000*** 0.1651*** 0.0528

(3.25) (12.12)

Source: Own calculations

Notes: PX→LJSEX indicates that LJSEX is a response variable and PX is the explanatory variable. Other arrows are
explained by analogy. In the parenthesis, under estimated regression parameters, values of t-statistics are given, with
critical values: 1.645 at the 10% significance level (rejection of the null hypothesis at this level is indicated by *), 1.961
at the 5% significance level (indicated by **), and 2.578 at the significance 1% (indicated by ***). 
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Tab. 5: 
Results of the estimation of the regression model (1), PX is dependent variable
(part 1)

LJSEX→PX

A constant Parameter b R2adj

Raw returns
0.0000 0.5214*** 0.1040
(0.13) (17.46)

rD(τ1)
0.0000 0.5768*** 0.0917
(0.00) (16.29)

rD (τ1) + rD (τ2)
0.0000** 1.5806*** 0.2203
(2.09) (27.22)

BUX→PX

A constant Parameter b R2adj

Raw returns
0.0001 0.4991*** 0.3225
(0.49) (35.31)

rD(τ1)
0.0000 0.4945*** 0.2997
(0.00) (33.49)

rD (τ1) + rD (τ2)
0.0000 0.6191*** 0.2630
(1.04) (30.58)

ATX→PX

A constant Parameter b R2adj

Raw returns
0.0001 0.6675*** 0.3658
(0.53) (38.87)

rD(τ1)
0.0000 0.6522*** 0.3402
(0.00) (36.76)

rD (τ1) + rD (τ2)
0.0000 1.0046*** 0.4933
(1.20) (50.49)

CAC40→PX

A constant Parameter b R2adj

Raw returns
0.0003 0.5456*** 0.2774
(0.91) (31.72)

rD(τ1)
0.0000 0.5219*** 0.2643
(0.00) (30.68)

rD (τ1) + rD (τ2)
0.0000 0.766*** 0.1747
(1.21) (23.56)

DAX→PX

A constant Parameter b R2adj

Raw returns
0.0002 0.4564*** 0.2282
(0.81) (27.84)

rD(τ1)
0.0000 0.4159*** 0.2014
(0.00) (25.71)

rD (τ1) + rD (τ2)
0.0000 0.5704*** 0.1051
(1.57) (17.56)
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As in the case of LJSEX, reconstructed
scale 1 returns of PX exhibit smaller
interdependence with foreign stock markets
than do raw return series. PX 2 to 8 day return
dynamics (i.e. scale 1 plus scale 2) also exhibit
less comovement with foreign stock market
returns, with exception of the Slovenian and
Austrian stock market, than raw return series.

All parameter estimates of regression model
(1) for BUX are significant (Table 6). At the
aggregated (raw) return series, BUX volatility is
best explained by PX volatility, followed by
FTSE100 and DAX return volatility. Similar to
PX, diversification benefits at the 2 to 8 day
investment horizon seem to be greater than at
the scale 1 horizon or at the daily horizon.

Tab. 5: 
Results of the estimation of the regression model (1), PX is dependent variable
(part 2)

FTSE100→PX

A constant Parameter b R2adj

Raw returns
0.0003 0.6541*** 0.2859
(1.12) (32.39)

rD(τ1)
-0.0000 0.6222*** 0.271
(-0.00) (31.22)

rD (τ1) + rD (τ2)
0.0000 1.1472*** 0.2263
(0.74) (27.69)

Source: Own calculations.

Notes: LJSEX→PX indicates that PX is a response variable and LJSEX is the explanatory variable. Other arrows are
explained by analogy. Critical values of the two-sided t-statistics for rejection of the null hypothesis (i.e. regression
parameter is equal 0) at 2,617 degrees of freedom are: 1.645 at the 10% significance level (indicated by *), 1.961 at
the 5% significance level (indicated by **), and 2.578 at the significance 1% (indicated by ***). 

Tab. 6: 
Results of the estimation of the regression model (1), BUX is the dependent 
variable (part 1)

LJSEX→BUX

A constant Parameter b R2adj

Raw returns
0.0001 0.4391*** 0.0568
(0.14) (12.60)

rD(τ1)
0.0000 0.4032*** 0.0363
(0.00) (9.98)

rD (τ1) + rD (τ2)
0.0000*** 0.7026*** 0.0631

(5.25) (13.32)

PX→BUX

A constant Parameter b R2adj

Raw returns
0.0000 0.6466*** 0.3225
(0.20) (35.31)

rD(τ1)
0.0000 0.6066*** 0.2997
(0.00) (33.49)

rD (τ1) + rD (τ2)
0.0000*** 0.4253*** 0.263

(4.88) (30.58)

EM_01_14_zlom  20.3.2014  8:44  Stránka 114



Finance

1151, XVII, 2014

Tab. 6: 
Results of the estimation of the regression model (1), BUX is the dependent 
variable (part 2)

ATX→BUX

A constant Parameter b R2adj

Raw returns
0.0001 0.6294*** 0.2509
(0.38) (29.63)

rD(τ1)
0.0000 0.5565***
(0.00) (25.75) 0.2018

rD (τ1) + rD (τ2)
0.0000*** 0.4811*** 0.1644

(4.83) (22.72)

CAC40→BUX

A constant Parameter b R2adj

Raw returns
0.0002 0.5802*** 0.2421
(0.72) (28.93)

rD(τ1)
0.0000 0.5173*** 0.2116
(0.00) (26.53)

rD (τ1) + rD (τ2)
0.0000*** 0.5863*** 0.1489

(3.78) (21.43)

DAX→BUX

A constant Parameter b R2adj

Raw returns
0.0002 0.5507*** 0.2565
(0.65) (30.07)

rD(τ1)
-0.0000 0.4956*** 0.2333
(-0.00) (28.24)

rD (τ1) + rD (τ2)
0.0000*** 0.5034*** 0.1192

(3.70) (18.85)

FTSE100→BUX

A constant Parameter b R2adj

Raw returns
0.0003 0.704*** 0.2556
(0.91) (30.00)

rD(τ1)
-0.0000 0.623*** 0.2214
(-0.00) (27.31)

rD (τ1) + rD (τ2)
0.0000*** 0.8861*** 0.1965

(3.40) (25.32)

Source: Own calculations

Notes: LJSEX→BUX indicates that BUX is a response variable and LJSEX is the explanatory variable. Other arrows
are explained by analogy. 

As in the Czech case, the Hungarian stock
market return volatility is more synchronized
with developed European stock market
volatility than the Slovenian stock market.
Similar conclusions were also reported by
studies of [21] and [22]. This finding can be
attributed to the fact that the Czech and
Hungarian stock markets have attracted many
foreign investors [3], while the Slovenian stock

market has struggled to do so. Further, the
liquidity of shares listed on the Ljubljana stock
exchange is significantly smaller than on the
Prague and Budapest stock exchanges.
According to [4], Ljubljana stock exchange
equity turnover in 2010 was €0.7 billion, that of
the Prague stock exchange €30.5 billion and
that of the Budapest stock exchange €39.9
billion. As argued by [9], stock market liquidity
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can significantly explain stock market
comovement. However, the authors investigate
the comovement of daily return series and did
not investigate return comovement at particular
time scales. As noted by [53], the financial
market consists of a variety of agents with
different time horizons, and therefore it is
postulated that market linkage could differ
across time scales. Our findings confirm this –
the strength of comovement between stock
markets is scale dependent.

Comovement analysis should consider the
distinction between short- and long-term
investors [2]. The findings of the survey then
have important implications for foreign financial
investors who already hold international
portfolios that exactly replicate those of non-
Czech or non-Hungarian stock markets;
international investing in the Czech or
Hungarian stock markets with investment
horizons corresponding to scale 2 (4 to 8 days)
brings greater international diversification
benefits than shorter (2 to 4 day horizon)
international trading diversification strategies.
When moving from raw (daily) to scale 1 (2 to 4
day) and scale 1 plus scale 2 (2 to 8 day) return
dynamics, the comovement between stock
markets reduces, but the advantages of
international diversification grow. The
Slovenian stock market differs from the Czech
and Hungarian markets also in this respect, as
when the scale is increased the benefits of
diversification are reduced.

Conclusion

The studies of the interdependence of CEE
stock markets with more developed European
stock markets has so far predominantly applied
correlation analysis, Granger causality tests,
cointegration analysis and GARCH modelling.
In this study we applied a novel approach of
maximal overlap discrete wavelet transform to
analyse multiscale stock market return volatility
dynamics and return comovement between
CEE (Slovenia, the Czech Republic and
Hungary) and developed European stock
markets (Austria, France, Germany and the
UK). Two MODWT features are used for this
purpose: MODWT energy decomposition, and
additivity decomposition. The results of
MODWT energy decomposition show that the
first two scales of indices return series capture

from 68 percent to 81 percent of the return
series variability. We then applied methodology
of [29] to study stock market comovement and
found that the Czech and Hungarian stock
markets comove more closely between
themselves and the developed European
markets than does the Slovenian stock market.
The degree of comovement between the
Austrian stock market and the Czech and
Slovenian stock markets is higher than for other
observed developed stock markets, probably
due to historical reasons and strong economic
ties. The unique finding of the study is that
when moving from raw (daily) to scale 1 (2 to 4
day) and scale 1 plus scale 2 (2 to 8 day) return
dynamics, the comovement between stock
markets reduces, but the advantages of
international diversification increase.
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Abstract

WAVELET ANALYSIS OF STOCK RETURN ENERGY DECOMPOSITION AND
RETURN COMOVEMENT – A CASE OF SOME CENTRAL EUROPEAN AND
DEVELOPED EUROPEAN STOCK MARKETS
Silvo Dajãman, Alenka Kavkler

In this article we investigate comovement of the three Central and Eastern European (CEE) stock
markets (Slovenia, the Czech Republic and Hungary) with certain developed European stock
markets (Austria, France, Germany and the United Kingdom) through the novel approach of
maximal overlap discrete wavelet transform (MODWT). We use two features of MODWT to explore
energy decomposition of stock market returns at different time scales and to apply methodology of
[29] to study comovement between investigated stock markets. We show that most of the energy
(variability) of stock market return series is captured by scale 1 (which correspond to 2–4 days
return dynamics) and scale 2 (which correspond to 4–8 days return dynamics) MODWT
coefficients. MODWT details are used to show that comovement between stock markets is scale-
dependent and declines from raw (daily) return series to first- and second-scale reconstructed
return series. The findings of the survey then have important implications for foreign financial
investors who already hold international portfolios that exactly replicate those of non-Czech or non-
Hungarian stock markets: international investing in the Czech or Hungarian stock markets with
investment horizons corresponding to scale 2 (4 to 8 days) brings greater international
diversification benefits than shorter (2 to 4 day horizon) international trading diversification
strategies. The Slovenian stock market differs from the Czech and Hungarian markets also in this
respect, as when the scale is increased the benefits of diversification are reduced. We also find
that the volatility of Slovenian stock index returns is less synchronized with other observed stock
return series. Interestingly, the Czech and Slovenian stock markets seem to comove with the
Austrian stock market to a greater extent than with other developed stock markets.
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