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Comovements between stock markets is of great importance for financial decisions of inter-
national investors. By applying a maximal overlap discrete wavelet transform correlation estima-
tor, we investigate the level and dynamics of stock market return comovements between 3 Central
and Eastern European stock markets (Slovenian, Hungarian and Czech) and 4 developed
European stock markets (Austrian, French, German and UK). We find that stock market return
comovements between CEE and developed European stock markets vary over time. The highest
comovement between the stock market returns is normally achieved at the highest scales (5 and 6).
At all scales, Hungarian and Czech stock markets are more connected to developed European stock
markets than the Slovenian one.
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cmpan IIBE (Caoséenus, Benepus u Yexus) u 4 pazeumoix cmpan Eeponvt (Aécmpus, Ppanuus,
Iepmanus u Beauxoopumanus). Iloxazano, umo e3aumosasucumoie 08UNCEHUA MeHCOY DbIHKAMU
IIBE u pazeéumovix cmpan Eeponvt uzmensiomcs 6o eépemenu. Hauboavmasn sasucumocmo 6
nepeosuxycenusax npubviiu Ha onoo6bIX PbIHKAX HabAr00aemcs 041 00420CPoUHbIX wKaa. s
6celi 6pemeHHOl wKabl uccaedosanus potiku Benepuu u Yexuu 6oaee npusazanvt k (ponoossimu
potnkamu pazeumotx cmpan Eeponvt, wem poinox Caosenuu.

Karouesvie caosa: Ilenmpanvnas u Bocmounas Espona; ¢hondoswie punku; Eeponeiickuit Cow3;
MUPOBOL PUHAHCOBBLI KpU3UC, Gelieaem; 83aUMO3ABUCUMbLE 0BUNCEHUSI HA PbIHKAX.

1. Introduction. Stock market integration, stock market comovements and return
spillovers between developed and developing stock markets are of great importance
for financial decisions of international investors. Increased comovements of stock
market returns may diminish the advantage of internationally diversified investment
portfolios (Ling and Dhesi, 2010).

The most common method for measuring stock market comovements is linear
correlation (Pearson’s correlation coefficient). This is a symmetric, linear depend-
ence metric (Ling and Dhesi, 2010), suitable for measuring the dependence in mul-
tivariate normal distributions (Embrechts et al., 1999). But correlations may be non-
linear or time-varying (Xiao and Dhesi, 2010; Egert and Kocenda, 2010). Also,
dependence between two stock markets as the market rises may be different than the
dependence as the market falls (Necula, 2010). A better understanding of stock mar-
ket interdependencies may be achieved by applying wavelet analysis. This tool enables
us to investigate the multiscale features of comovements between stock markets
(Gencay et al., 2002 Gencay et al., 2001a; Gencay et al., 2003; Gencay et al., 2005;
Vuorenmaa, 2006).

Empirical literature on the CEE and developed stock markets' interdependence
predominantly apply simple (Pearson) correlation analysis (Serva and Bohl 2005,
Tudor 2010, Harrison and Moore 2009), Granger causality tests (Patev et al. 2006,
Horobet and Lupu, 2009), cointegration analysis (Syllignakis and Kouretas, 2006,
Patev et al., 2006) and GARCH modeling (Scheicher 2001, Caporale and Spagnolo
2010). None of the studies examine time-scale comovements between CEE and
developed stock market returns.

Using wavelet analysis, we aim to investigate whether return comovements
between stock markets of 3 most developed CEE countries (Slovenia, Hungary and
the Czech Republic) and some of the most developed European stock markets
(Germany, the UK, France and Austria) differ across wavelet scales. Finding differ-
ences in the strength of comovement across different wavelet scales has important
implications for financial investors as therewith diversification benefits of investing in
international stock markets are affected.

The structure of this paper is as follows. The econometric methodology is
described in the second chapter. The maximal overlap discrete wavelet transform
(MODWT) is explained and some practical issues for MODWT analysis are
addressed. In the third chapter, we will present our data, describe in detail our empir-
ical study of unconditional correlations and wavelet correlations, and interpret the
results. The primary implications of the empirical analysis are revisited in the con-
clusion.
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2. Description of the method. Wavelets mean small waves, whereas by contrast,
sinus and cosinus are big waves. Wavelet by definition is any function that integrates
to zero and is square-integrable. The wavelet transform is a mechanism that allows us
quantify how the averages of a time series over particular scales change from one
interval of time to the next (Percival and Walden, 2000). These changes are quanti-
fied in wavelet coefficients, which form the bulk of any discrete wavelet transform.

Let* Xbe an N dimensional vector whose elements represent the real-valued time
series. For any positive integer, Jo, the level Jo MODWT of X is a transform consist-
ing of the Jo + 1 vectors W,...,Wu and Vo, all of which have the dimension N. The
vector W, contains the MODWT wavelet coefficients associated with changes on the
scale 1j=2"(forj=1,...,do), while Vo contains MODWT scaling coefficients asso-
ciated with averages on the scale Ao = 2. Based upon the definition of MODWT
coefficients, we can write (Percival and Walden, 2000, 200):

W= WX and Vo = VX,

where W, and Vo are N x N matrices. Vectors are denoted by bold fonts. By defini-
tion, the elements of W, and Vo are outputs obtained by filtering X, namely:

~

~ Liv o Lit
W, = Zhj,IXt—lmodN and V,, = Zgj,lxt—lmodN
1=0 1=0
fort=0,..., N -1, where hj; and g/ are jth MODWT wavelet and scaling filters.

The MODWT treats the series as if it were periodic, whereby the unobserved
samples of the real-valued time series X-7, X-2, ... X-v are assigned the observed values
at Xn-1, Xn-2, ... Xo. The MODWT coefficients are thus given by:

~ IS ~  NZ

W, = R 10X, moan and Vv, = %g°,-,,Xt_,m0dN (fort=0, ..., N-1)
1=0 =

This periodic extension of the time series is known as analyzing {X:} using "cir-
cular boundary conditions" (Percival and Walden, 2000; Cornish et al., 2006). There
are Lj — 1 wavelet and scaling coefficients that are influenced by the extension ("the
boundary coefficients"). Since L, increases with j, the number of boundary coefficients
increases with scale. The exclusion of boundary coefficients in the wavelet variance,
wavelet correlation and covariance provides unbiased estimates (Cornish et al., 2006).
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
(Percival and Mojfeld, 1997):

Jo
X =3,
j=1

a scale-dependent analysis of variance from the wavelet and scaling coefficients can
be derived (Cornish et al., 2006):

2 2
W+

4 Concepts and notations as in Percival and Walden (2000) are used. Another thorough description of MODWT using
matrix algebra can be found in Gencay et al. (2002).
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52 X - %2 = S
x-S

Wavelet variance is defined for stationary and nonstationary processes with sta-
tionary backward differences. Considering only the non-boundary wavelet coeffi-
cient, obtained by filtering the stationary series with MODWT, the wavelet variance
v?x (1) is defined as the expected value of W&+ . In this case v?x (1)) represents the con-
tribution to the (possibly infinite) variance of {X:} at the scale j= 2" and can be esti-
mated by the unbiased estimator (Percival and Walden, 2000, 306):

oyl =%

it
M; &5,

where Mj =N — Lj+ 1 > 0 is the number of non-boundary coefficients at the j" level.

It is possible to prove that the asymptotic distribution of v’ (1)) is Gaussian, a
result that allows the formulation of confidence intervals for the estimate (Percival,
1995; Serroukh et al., 2000).

Given two stationary processes {Xt} and {Y:}, an unbiased covariance estimator
vxv () is given by (Percival, 1995):

N ~
Dy (T;) = ZW

jt=Li4

where Mj = N — Lj + 1 > 0 is the number of non-boundary coefficients at the j" level.

The MODWT correlation estimator for scale T;is obtained by making use of the
wavelet cross-covariance and the square root of wavelet variances:
Uy y (T ;)
0y (7;)0, (7; )
where |px(7j)| < 7. The wavelet correlation is analogous to its Fourier equivalent,
the complex coherency (Gencay et al., 2002, 258).

Pxy(T;)=

3. Empirical results

3.1. Description of the data. Stock indices returns are calculated as differences of
logarithmic daily closing prices of the stock indices (In(Pt) — In (Pt1), where P is an
index closing price). 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 the observations is April 1,
1997, the last day is May 12, 2010. Days of no trading on any of the observed stock
markets are left out. Total number of observations is 3060 days. The data sources for
LIJSEX, PX and BUX indices are their respective stock exchanges; the data source for
ATX, CAC40, DAX and FTSE100 indices is Yahoo Finance.

Table 1 presents some descriptive statistics of the data. Jarque-Bera test rejects
the hypothesis of normally distributed observed time series, all indices are asymmet-
rically (left) distributed around the sample mean, kurtosis is greater than with nor-
mally distributed time series.
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Table 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 -0.199 | 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 1491 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***

Note: The null hypothesis of the Jarque-Bera test is that the sample data come from a normal distribution
with unknown mean and variance, against the alternative that it does not come from a normal distribution.***
indicate that the null hypothesis (of normal distribution) is rejected at the 1% significance, ** that the null
hypothesis is rejected at the 5% significance and * that the null hypothesis is rejected at 10% significance.

To test the stationarity of stock index return time series, Augmented Dickey-
Fuller (ADF) test, Phillips-Perron (PP) and Kwiatkowski-Phillips-Schmidt-Shin
(KPSS) test are applied. The results are presented in Table 2.

Table 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) |(aconstant +| (a constant)
trend) trend) trend)

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

PX 0.158* 0.170 -55.022%** -55.029%** -16.676*** | - 16.676™**
(10) (10) (10) (10) (L=9§) (1=98

BUX 0.065 0.065 -54.295%** -54.304%** -54.301%** | - 54.310***
(6) (6) (6) (6) (1=0) (L=0)

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

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

DAX 0.099 0.105 -57.805%** -57.812%* | - 57.692%** | - 57.698***
(€9) (€Y) 3) 3) =0y =0

FTSE100 0.089 0.101 -58.284*** -58.287%** S29.412% %% | - 29 11 1***
)] ) (O] (O] (L=3) =3

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

The null hypothesis of KPSS test (i.e., 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 LISEX 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 refute 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 refut-
ed for all stock indices. On the basis of the stationarity tests we conclude that all index
return time series are stationary.

ACTUAL PROBLEMS OF ECONOMICS, #3, 2012
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3.2. Unconditional correlation analysis results. The most common method of
measuring stock market comovements is linear correlation (Pearson's correlation
coefficient). Table 3 presents the unconditional correlation (Pearson's correlation
coefficient) results.

Table 3. Unconditional correlation coefficients for the stock index returns

LJSEX | PX BUX ATX CAC40 | DAX | FTSE100
LJSEX 1
PX 0.306 1
BUX 0.244 0.551 1
ATX 0.308 0.597 0.504 1
CAC40 0.202 0.516 0.481 0.627 1
DAX 0.210 0.469 0.519 0.560 0.799 1
FTSE100 0211 0.527 0.494 0.635 0.871 | 0.740 1

Note: All correlation coefficients are significantly different from zero at 1% significance level.

The most interdependent stock indices are CAC40, FTSE100 and DAX. The
stock markets of France, the UK and Germany seem to be the most integrated, which
is a common observation in literature (e.g., Serva and Bohl, 2005; Harrison and
Moore, 2009). The highest comovement is observed between CAC40 and FTSE100
returns, with a correlation coefficient of 0.871. LISEX, PX and BUX show a smaller
degree of comovement with other CEE markets and with developed European stock
markets. Among the observed stock indices, Slovenian LISEX is the least correlated.
The PX index seems to comove the most with ATX, BUX and FTSE100. BUX is
slightly less correlated with other observed stock indices than PX. The highest
comovement of BUX is observed with PX, DAX and ATX.

In the empirical literature on stock market comovements, more factors have
been determined to influence the level of international comovements of a specific
stock market. Forbes and Chinn (2004) found evidence that direct trade flows, prox-
ying for import demand, have positive effect on cross-country correlations across
stock markets, while competition in the third markets tends to have negative effect.
Quinn and Voth (2008) provide evidence that more open countries face higher stock
market correlations with those abroad, relative to closed economies. Didier et al.
(2011) showed evidence, upon investigating the factors of international stock market
comovements during the recent global financial crisis, that stock market liquidity can
also significantly explain stock market comovements. We believe that the latter factor
might be the most relevant in explaining differences between the correlations of
LJSEX and BUX (and PX) stock markets with developed European stock markets®.

3.3. Wavelet correlation analysis results. The MODWT transformation of the
indices return series is performed by using a Daubechies least asymmetric filter with
a wavelet filter length 8 (LA8). This is a common wavelet filter in other empirical
studies on financial market interdependencies (Gencay et al., 2001b; Ranta, 2010).

> The most important differences between Slovenia’s and the other two CEE stock markets are: i) Czech and Hungarian
stock markets have attracted many foreign investors (Caporale and Spagnolo, 2010), while Slovenian market has strug-
gled to do so. Further, the liquidity of shares listed on Ljubljana stock exchange is significantly smaller than at Prague
and Budapest stock exchanges. According to CEEG (2011), Ljubljana stock exchange equity turnover in 2010 was 0.7
bln., that of Prague stock exchange was 30.5 bln. and that of Budapest was 39.9 bin.

ACTUAL PROBLEMS OF ECONOMICS, #3, 2012
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The wavelet coefficients Wr to We correspond to changes in averages over physical
scales of 1, = 2" days, while scaling coefficient Vs corresponds to the averages of the
index return series over the scale of A; = 2/ (Percival and Walden, 2000). To achieve
optimal balance between sample size and the length of the filter, the maximum num-
ber of levels that we use in the decomposition is 6 (Jo = 6). Scale 1 measures the
dynamics of returns over 2-4 days, scale 2 over 4-8 days, scale 3 over 8-16 days, scale
4 over 16-32 days, scale 5 over 32-64 days and scale 6 over 64-128 days.

Unbiased estimates for wavelet correlations are achieved by considering only
non-boundary coefficients. There are 2,619 MODWT wavelet coefficients not affect-
ed by the boundary condition. A major drawback of using a higher maximum num-
ber of levels in the MODWT decomposition is losing sample size. As we also want to
include the period after the start of the global financial crisis (from September 16,
2008 onwards) we decided not to take a Jo value greater than 6.

The results of the wavelet multiscale correlation analysis for the Slovenian,
Hungarian and Czech stock markets are presented in Table 4. The most important
findings are: i) the correlation for each stock indices pair varies over time scales. The
highest correlation of index returns is normally achieved at the highest scales (scale 5
or 6, with a few exceptions for the PX index); ii) at all scales, Hungarian and Czech
stock markets are more connected to developed European stock markets than
Slovenian stock market; iii) by comparing Pearson and wavelet correlation estimates,
we would argue that making international stock market investments based on
Pearson’s correlations may be misleading.

Table 4. Wavelet correlation between CEE and developed stock markets
returns at scales 1-6

Correlation of LJSEX returns with returns of

Scale BUX PX ATX DAX CAC40 FTSE100

1 0.1971 0.3057 0.2392 0.1534 0.1521 0.1622
2 0.2190 0.3050 0.3347 0.2248 0.2610 0.2514
3 0.2295 0.3618 0.4116 0.2951 0.2908 0.2811
4 0.2928 0.2885 0.3930 0.2629 0.2466 0.2627
5 0.4892 0.3439 0.4441 0.3621 0.3134 0.3017
6 0.4375 0.3745 0.2244 0.2650 0.2835 0.2153

Correlation of BUX returns with returns of

Scale LJSEX PX ATX DAX CAC40 FTSE100

1 0.1971 0.5491 0.4609 0.4870 0.4683 0.4811
2 0.2190 0.5258 0.5255 0.4994 0.5052 0.5260
3 0.2295 0.5727 0.4809 0.5056 0.4847 0.5053
4 0.2928 0.6681 0.5706 0.5608 0.5115 0.5614
5 0.4892 0.6255 0.5907 0.5264 0.4544 0.4577
6 0.4375 0.7727 0.6163 0.6567 0.6878 0.6125

Correlation of PX returns with returns of

Scale LJSEX BUX ATX DAX CAC40 FTSE100

1 0.3057 0.5491 0.5898 0.4500 0.5187 0.5274
2 0.3050 0.5258 0.6316 0.4741 0.5354 0.5667
3 0.3618 0.5727 0.5867 0.5093 0.5043 0.5022
4 0.2885 0.6681 0.5933 0.5494 0.5388 0.5144
5 0.3439 0.6255 0.4327 0.4475 0.4439 0.4356
6 0.3745 0.7727 0.4805 0.6046 0.6429 0.5256

The comovement of LISEX returns with other stock indices increases up to scale
5 (except for PX, where the highest correlation is achieved at scale 6) but then drops
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at scale 6. At scale 1, the highest comovement of LISEX with PX is observed. At scale
2, the correlation with ATX is the highest, and this also is true for scales 3 and 4. At
scale 5 and 6, the comovement with BUX is the largest while the correlation with ATX
is the second largest. The correlation of LISEX with major European stock markets
(German, French and UK) does not exceed 0.37 at any scale. Generally, Slovenian
stock market seems to be the most correlated with Austrian and Hungarian markets.
Hungarian stock market is the most correlated with Czech stock market and the least
with Slovenian market, at all scales. For Czech stock market, at lower scales (scale 1,
2 and 3) the greatest return comovement is observed with Austrian stock market,
while at higher scales (scales 4, 5 and 6) with Hungarian stock market. The correla-
tion of PX returns with DAX and CAC40 returns is the highest at scale 6, while for PX
and FTSE100, the maximum correlation of returns is achieved at scale 2. Our find-
ings support and complement the findings of Harrison and Moore (2009), Horobet
and Lupu (2009) and Allen et al. (2010) with scale-based evidence.

The finding that the comovement between stock market increases as the invest-
ment horizon (time scale) is prolonged, has a theoretical explanation. At shorter
scales, linkages between the markets are to a great extent influenced by sporadic
events, market sentiments, and psychological factors that can cause short-term
changes in market behaviour (Malkiel, 2003; Zhou, 2011). Over the long run (higher
scales), as argued by Boudoukh et al. (2008) and Zhou (2011), market returns become
more predictable as macrovariables exert more predictable influences on market link-
age over longer scales and cause the correlation to increase. Recent empirical findings
from stock markets seem to confirm this (e.g., Ranta, 2010; Zhou, 2011).

Foreign investors at CEE stock markets should investigate wavelet scale correla-
tions that correspond with their investment horizons. Furthermore, as benefits of
international portfolio diversification increase with the reduced comovement (corre-
lation) between the portfolio assets, the findings of our study have important impli-
cations for international portfolio investments at CEE stock markets: the increasing
correlation reduces international diversification benefits for longer investment hori-
zons. The diversification effects for long-term foreign investors that simultaneously
invest in CEE stock indices are reduced with the increased investment horizons.

By comparing the Pearson’s and wavelet correlation estimates, we argue that
making international stock investments in CEE stock markets based on Pearson’s cor-
relations, may be misleading. For instance, Pearson’s correlation show that LISEX is
the least correlated with CAC40, so if one were to seek international investment diver-
sification in just two stock market indices, (one of them being LJSEX), benefits of an
investment combination in these two indices would presumably be the greatest of all.
On the other hand, if we consider the investment horizon of 64-128 days, which cor-
responds to scale 6, the correlation between LISEX and CAC40 is the second largest
— it therefore follows that for longer investment horizons, one has to consider wavelet
correlations at scales that correspond to the investment horizon. As put forth by
Gencay et al. (2002) the Pearson correlation is estimated using the aggregate time
series, which from the time scale perspective can be considered an amalgam of sub-
series defined over different time scales. Since the Pearson correlation can be inter-
preted as the correlation averaged over all time scales (Zhou, 2011), international
investors should use the wavelet correlations pertaining to their investment horizons.
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4. Conclusion. In this paper, stock market comovements between CEE stock
markets and some major developed European stock markets (represented by
Austrian, French, German and UK markets) are analyzed for the period 1997-2010.
By applying MODWT wavelet correlation and rolling wavelet correlation technique,
the most important findings of the paper are as follows: i) stock market return
comovements between CEE and developed European stock markets vary over time
scales; ii) the highest comovement between the stock market return is normally
achieved at the highest scales (scale 5 or 6); iii) at all scales Hungarian and Czech
stock markets are more connected to developed European stock markets than
Slovenian stock market; iv) wavelet correlation is not just scale dependent, but also
time dependent, as the rolling correlations exhibit high volatility. The key finding,
which is of great importance for international investors investigating stock markets, is
that foreign investors at CEE stock markets should investigate wavelet scale correla-
tions between them corresponding to their investment horizons.
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