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Abstract

We analyze interrelations between three stock markets in Central and Eastern Europe and, in
addition, interconnections which may exist between Western European (DAX, CAC, UKX)
and Central and Eastern European stock markets (BUX, PX-50, WIG20). The novelty of our
paper rests mainly on the use of the five-minute tick intraday price data from the mid-2003 to
the early 2005 for stock indices and on the wide range of econometric techniques employed.
We find no robust cointegration relationship for any of the stock index pairs or for any of the
extended specifications. There are signs of short-term spillover effects both in terms of stock
returns and stock price volatility. Granger causality tests show the presence of bidirectional
causality for returns as well as volatility series. The results based on a VAR framework
indicate a more limited number of short-term relationships between the stock markets. In
general, it appears that spillover effects are stronger from volatility to volatility than
contagion effects from return to return series.
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1. Introduction

Stock markets in Central and Eastern Europe (CEE), especially those in Budapest, Prague and
Warsaw, underwent some remarkable developments both in terms of market capitalisation
and daily trade volumes from the very beginning of the economic transformation. Although
the financial system of these countries largely remains bank dominated, the stock exchanges
appear to be well integrated with world financial markets following the lifting of restrictions
on portfolio capital movements. However, given that these markets are small compared to the
stock exchanges of the largest OECD countries, they are sensitive to shifts in regional and
world-wide portfolio adjustments of large investments fund and other market participants,
even though the amount of capital involved in such moves are by no means very large by
global standards. This underpins the popular wisdom according to which these markets are

more volatile than well-established stock markets.

By now, some empirical research focusing on volatility of the transition economies
has become available. For instance, Murinde and Poshakwale (2001) investigate the volatility
characteristics of individual countries using an array of GARCH models. Bohl and Henke
(2003) investigate the relationship between daily returns and trading volume for 20 Polish
stocks. They show that in the majority of cases volatility persistence tends to disappear when
trading volume is included in the conditional variance equation, a result that is in agreement
with the findings of studies on developed stock markets. Scheicher (2001) studies the regional
and global integration of stock markets in Hungary, Poland and the Czech Republic and finds
evidence of limited interaction: in returns, both regional and global shocks are identified, but
innovations to volatility exhibit a chiefly regional character. The markets exhibit low
correlations with international markets as well. Tse, Wu, and Young (2003) investigate the
international information transmission between the US and Polish stock markets using daily

return data. They show that there is no volatility spillover between these two markets and that



these two markets are not driven by a long-run common trend. However, there is a mean
spillover running from the New York Stock Exchange to the Warsaw Stock Exchange (WSE)
in the EGARCH model (weak evidence of the short-run influence of the US market on the

performance of the WSE). By contrast, the WSE has virtually no influence on the US market.

The evidence in the literature is pre-dominantly based on data with daily or even lower
frequencies, since historical series from the CEE stock markets with higher frequencies are
usually unavailable. Thus, developments in volatility and contagion effects that materialize
during the trading day represent a finer picture that often cannot be extracted from daily
observations. Another, and more general advantage of using intraday data is that the estimates
are more robust given the relatively short time horizon (2 years) as compared to studies
employing daily data (up to 10 years) decreases the probability of structural breaks (Terzi,

2003).

Our research is motivated by the general lack of inference that can be drawn from the
intra-day data. We investigate links and possible spillover effects for stock returns and stock
volatilitities among markets in Budapest, Prague and Warsaw. We also study their
interactions with selected major markets in the EU on the basis of intraday data of intraday
data recorded in five-minute intervals for the period from mid-2003 to early 2005. We do not
find any robust cointegration relationship for any of the stock index pairs but we identify
short-term spillover effects both in terms of stock returns and stock price volatility. Volatility-
to-volatility contagion effects dominate those of returns-to-returns. The robustness of our

results is warranted by a battery of econometric techniques used.

The outline of the paper is as follows: Section 2 provides a general overview on the
general developments and the specific features of Budapest, Prague and Warsaw stock
exchanges. Section 3 deals with data issues. Section 4 focuses on the testing procedure.

Section 5 presents the estimation results. Finally, section 6 gives some concluding remarks.



2. Stock Marketsin Central and Eastern Europe
2.1 General Developments

In this section, we shall provide a brief overview on the developments and main
characteristics of the three stock exchanges under investigation in this paper. Let us first direct
our attention to the Budapest stock exchange. Hungary began its transformation earlier than
other CEE countries when it adopted a series of important laws to establish an institutional
framework for transfer of ownership from state to private subjects in the late 1980s." The
country was also ahead of others in founding its stock exchange. In December 1987, 22 banks
concluded an agreement about controlled stock exchange trading, but the Securities Act,
which provided the legal framework for the establishment of the Budapest Stock Exchange
(BSE), entered into force only in March 1990. Trading began in June 1990, and computerized
settlement was launched in November 1991. The Budapest Stock Exchange index (BUX)
started to be published in January 1995 and in April 1997 it began to be calculated on a
continuous basis (every five seconds). In March 2001 trading on the unregulated market
system began, allowing for trading in foreign securities. The BSE restructured its category
system in April 2001. Under the new framework, the shares were classified into the categories
"A" and "B", based on a modified set of criteria. Additionally, a so-called "T" segment for
equities with large growth potential was created. The Federation of European Stock
Exchanges (FESE) accepted the Budapest Stock Exchange as its first associate member in

June 1999; full membership came with the accession of Hungary to the EU in May 2004.

' Hungary adopted the Bankruptcy Law in 1986, but did not enforce it at that time. Further, Hungary adopted the
Company Law in 1988 (it allowed for the establishment of new joint stock companies) and the Transformation
law in 1989 (it enabled state firms to be transformed into joint stock companies). In 1988 all forms of ownership
were legalized and made equal.



The Prague Stock Exchange was established on November 24, 1992, as a place where
the shares of firms privatized in the large-scale privatization move were to be traded.” Thus,
its original purpose was to serve more as a secondary market. On April 6, 1993, trading
opened in seven securities issues. In June and July, 1993, 622 and 333 share issues,
respectively, from the 1* wave of voucher privatization were launched on the stock exchange.
The exchange's official PX-50 Index started to be computed and reported on April 5, 1994;
continuous computing began in early 1999. In April 1995, 674 share issues from the 2" wave
of voucher privatization were launched. The number of shares was clearly too high, and in
1997, 1,301 illiquid share issues were withdrawn from the free market. Mid-1998, the stock
exchange opened a market segment on which Czech blue chips started to be traded. In June
2001, the Prague Stock Exchange was affiliated as the Associate Member of FESE and
automatically became a full member of FESE in connection with the accession of the Czech

Republic to the European Union in May 2004.

In November 1990 Poland and France signed an intergovernmental agreement to
create the Warsaw Stock Exchange (WSE). Its founding act was signed in April 1991, and the
first trading session took place immediately, with five companies listed (at first, sessions were
once a week). The computer settlement system was launched in August the same year. The
frequency of trading sessions increased gradually to five sessions a week in 1994. Along with
the Warsaw Stock Index (WIG), the WIG20 blue chip index was launched (continuous
publication began in early 1997). Continuous trading (of the first five companies) began in
1996. In 1999 the WSE became an associate member of FESE. A major change in trading that

increased efficiency and market transparency was the launch of the new Warsaw Stock

? Large-scale privatization began in 1991 and was completed in early 1995. The privatization program allowed
for various privatization techniques. Small firms were usually auctioned or sold in tenders. Many medium-sized
businesses were sold in tenders or to pre-determined buyers in direct sales. Most large and many medium-sized
firms were transformed into joint stock companies and their shares were distributed through voucher
privatization, sold in public auctions or to strategic partners, or transferred to municipalities. For relevant details
on the privatization process, see Kocenda (1999), and Filer and Hanousek (2001).



Exchange Trading System (WARSET) at the end of 2000. Further, in early 2003 the WSE
introduced a post-auction trading phase in the continuous trading system. The WSE became a

full member of FESE in 2004 after Poland joined the EU.

2.2 Market Sze and Specific Features

The Central European stock markets are small when compared with mature stock markets in
Europe or the USA. However, they have been expanding dramatically since the transforming
economies have emerged from transition and have begun their integration into the European
structures. The ratio of market capitalization to GDP differs in each country and reflects the
dominant privatization method used in the early transition period as well as degree to which
the stock market serves as a source to raise capital. Table 1 shows how market capitalization
as well as its ratio to GDP has developed over the transition period in the three stock markets

in question.

In Hungary, market capitalization started to rise sharply during the 1994 to 1996
period and literally jumped in 1997 as newly privatized firms entered the market. Later on, the
degree of capitalization somewhat levelled off, but it has remained quite high, as firms seek to
raise new capital on the market. The proportion of the foreign issues in total market
capitalization is very small. The ratio of market capitalization to the GDP peaked in 1999 but

is currently the lowest of the three Central European markets.

Market capitalization increased markedly during the 1994 to 1996 period in the Czech
Republic after several thousands of firms privatized during the large-scale privatization
campaign were put on the stock market. The majority of these stocks were illiquid, though.

Substantial delisting in 1997 and later reduced the number of traded shares dramatically.’

* Four major waves of massive delisting took place on March 20, April 1, June 2, and October 1, 1997.
Altogether 1,301 issues were excluded from trading. In the first wave, 100 free market issues were delisted, in



Market capitalization dropped and subsequently increased substantially in 2003 to 2004,
chiefly thanks to the entry of foreign issues on the Prague market. The ratio of market
capitalization to GDP decreased gradually during the 1995 to 2001 period, but is currently

highest among the three markets in question.

In Poland market capitalization rose sharply from 1995 to 2000 (a more than six-fold
increase). It declined temporarily in 2001 to almost triple in 2004. The early increase of
market capitalization resulted from the introduction of privatized firms on the stock market.
The recent increase should be to some extent credited to the fact that foreign companies
started to be traded on the market in 2003. The ratio of market capitalization to the GDP is

currently second to that of the Czech Republic.
[Insert Table 1 here]

Aside from some institutional similarities, all three markets tend to exhibit specific
features of integration, co-movement and investment strategies, which have been extensively
analyzed in applied research. For instance, Syriopoulos (2004) found that the individual
Central European markets tend to display stronger linkages with their mature counterparts
than with neighbouring markets. Such long-run co-movements imply that diversifying risk
and attaining superior portfolio returns by investing in different Central European markets
may be limited for international investors. This is in line with findings of Affaneh, Boldin and
Majercak (2003) that effective asset diversification could benefit the mature international
investor but that the magnitude of benefits differs depending on the origin of the investor.
They argue that the German investor could benefit most from diversification under the

condition that no short sales are allowed.*

the second wave it was 391 issues, the third wave concerned 509 share issues, and the last one included 301
issues. For more details see Hanousek and Némecek (2001).

* Portfolios were constructed using data for the 1994 to 2000 period under the assumption of short sales versus
no short sales.



There is mixed evidence on the assumption that stock markets in the CEECs are not
efficient. For instance, Smith and Ryoo (2003) test the hypothesis that stock market price
indices of the European emerging markets followed a random walk during the 1990s using the
multiple variance ratio test. In Hungary and Poland (along with Greece and Portugal), the
random walk hypothesis is rejected because of autocorrelation in returns. By contrast,
Rockinger and Urga (2000) develop a methodology based on a time-varying parameter model
to investigate market efficiency over the period from April 1994 through June 1999 in
emerging European markets. They find that the Hungarian market always satisfies weak

efficiency. For the Czech and Polish markets, they document convergence toward efficiency.

3. Intraday Data

Our dataset is composed of intraday data for the stock markets of three Central and Eastern
Europe and three industrialised countries as quoted by Bloomberg.” Stock exchange index
quotes are available in five-minute intervals (ticks) for stock indices at the stock markets in
Budapest (BUX), Prague (PX 50), Warsaw (WIG-20), London (FTSE 100), Frankfurt (DAX

30), and Paris (CAC-40).

The time period of our data starts on June 2, 2003, at 1:30 p.m. and ends on February
9, 2005, at 1:00 p.m. of the Central European Daylight Time (CEDT). Table 2 gives an
overview of the trading hours of the six stock indices. Trading hours are longer in Western
Europe than in the CEE markets. In order to make our analysis fully comparable and
executable, we use the common denominator, which is the window for the WIG20 running
from 10:00 a.m. to 3.55 p.m. For such a window, we are left with 29,466 observations for

each stock index. Table 3 shows some descriptive statistics according to which the log stock

> With the exception of the Cerny and Koblas (2005), we are not aware of other published studies that use
intraday data from the Central European stock markets under research.



returns are highly non-normal, which justifies the use of GARCH models to investigate

volatility spillovers between the stock markets under study.
[Insert Table 2 here]
[Insert Table 3 here]

4. Econometric M ethods

4.1 Unit Root and Sationarity Tests

In our econometric investigation we follow a multi-stage approach. We first perform some
standard unit root and stationarity tests: the augmented Dickey-Fuller (ADF) and Philips-
Perron (PP) unit root tests and the Kwiatkowski, Phillips, Schmidt, and Shin (KPSS)
stationarity test. Since these methods belong among the standard tools, we will not elaborate

on them further and present results of these tests in the next section.

Further, we are indeed interested in possible long-term relationships between the
individual stock indices. For this purpose, we perform pairwise cointegration tests between
the CEE stock indices and between the individual stock indices and their three Western
European counterparts. In addition, a cointegration relationship including all three CEE stock

indices and one Western European stock index will be analysed.

4.2 Cointegration Tests

We implement four alternative cointegration techniques described below. Such an approach
enables us to check whether possible cointegration findings are sensitive to the estimation
technique. The starting point is the Engle-Granger residual-based cointegration method,
which asserts that a dependent variable Y; and exogenous variables Xi; form a long-term

relationship if the residuals obtained from equation (1) are stationary:



Y, =ﬂ0+iﬂixi,t+et O

This can be tested by using standard unit root and stationarity tests such as those introduced in

section 4.1.

Specification (1) does not account for potential endogeneity of the right-hand side
variable. This shortcoming is alleviated in alternative cointegration methods. The dynamic
ordinary least squares (DOLS) introduced by Stock and Watson (1993) accounts for the
endogeneity of the regressors and serial correlation in the residuals in equation (1) by

incorporating lags and leads of the regressors in first differences:

n kz

Yt:lB0+ZﬂiXi,t+Z Z::}/i,jAXi,t—j + &, )
il e —

where k; and k, denote, respectively, leads and lags. The length of leads and lags is

determined on the basis of the Schwarz, Akaike and Hannan-Quinn information criteria. The

presence of cointegration is assessed upon stationarity of the residuals € obtained from the

long-term relationship, in a way similar to the Engle-Granger approach (see equation 1).

Another method allowing the mixture of 1(0) and I(1) variables is the autoregressive
distributed lag (ARDL) approach proposed by Pesaran et al. (2001). The error correction form
of the ARDL model is given by equation (3): the dependent variable in first differences is
regressed on the lagged values of the dependent and independent variables in levels and first
differences.

n I n b
AY{ ::Bo +p(YH +Zﬁixi,t—1 )+Z771AYH +Zzyi,iji,t—j + &,
il j=1 i-1 j=0 (3)

To detect the presence of cointegrating relationships, Pesaran et al. (2001) employ the so-

called bounds testing approach. Using conventional F-tests, the null of



Hy:p=p=..=F =0 is tested against the alternative  hypothesis  of

Hi:p#0,5#0,... 5, # 0. Pesaran et al. (2001) tabulate two sets of critical values, one for

the case when all variables are I(1), i.e. upper bound critical values, and another one for when
all variables are I(0), i.e. lower bound critical values. Critical values are provided for five
different models, of which specification (3) with unrestricted intercept and no trend will be
used in our study. If the test statistic is higher than the upper bound critical value, the null of
no cointegration is rejected in favour of the presence of cointegration. On the other hand, an
F-statistic lower than the lower bound critical value implies the absence of cointegration. In
the event that the calculated F-statistic lies between the two critical values, there is no clear

indication of the absence or existence of a cointegrating relationship.

An alternative to the single equation methods presented above is the Johansen
cointegration technique, which is an efficient tool of testing for the number of cointegrating
vectors in a VAR (vector autoregressive) framework. In the event that only one long-term
relationship is found using the trace statistics, the Maximum Likelihood estimates are used as

a robustness check in the following form:

-1
Y, =(m - mt(+aB)Y) - S DAY, +e,
@

where Y represents the vector including the dependent and the independent variables. The
VAR-based Johansen approach is used to verify the number of cointegration relationships that
might link the variables. The detection of a single long-term relationship that turns out to be
stable over time then validates results of the single-equation methods. The Johansen technique
involves the roots of the VAR model to be verified (to ensure stationarity of the
autoregressive processes), tests for normality and serial correlation. Furthermore, both the

rank of cointegration and parameter constancy are analysed.



4.3 Granger Causality Tests for Stock Prices

In a second stage, we investigate short-term interactions between the stock markets under
study. A first step of this stage is to conduct pairwise Granger causality tests. If the stock
index series are stationary in levels, the level variables can be used for this exercise. Using
level variables, the Granger causality test can be written as in equation (5) in accordance with

which not only lagged values of Y (X) but also past values of X (Y) can impact on Y (X).

k k
Y. =a, +zath—i +Zﬂi X +é
i i

K K
xt =Q, +Zai xt—i +ZlBth—i + &
i=1 i=1 (5)

where K is the lag length of the VAR. Whether or not lagged values of X (Y) are significant

in statistical terms, conventional F-tests are carried out to verify if the joint null hypothesis of

Hp: b =p==F =0 can be rejected. If the null hypothesis is rejected, X (Y) is said to

Granger-cause Y (X).

However, causality tests applied to level variables make sense only if the two variables
included in the VAR system are stationary. If the series are nonstationary in levels but
stationary in first differences, the Granger and Sims causality tests should be carried out
within a VAR in first differences. An additional problem that arises in this context is that
ignoring long-term cointegration relationships among the variables may lead to spurious
causality. Thus, causality tests for I(1) variables linked with a long-term relationship should

be conducted in a framework as given in equation (6):

K K
AY, =a, +ZaiAYt—i +ZﬂiAxt—i +p(X, =Y )+¢
i i

k k
AX[ =, +ZaiAXt—i +ZﬂiAYt—i +p(Yt _é)(t )+6‘[
i=1 i=1 (6)



If the two I(1) variables are not connected via a cointegrating vector, a simple VAR in first
difference can be used as shown in equation (7):

K k
AY, =a, +zaiAYt—i +Z/8iAXt-i + &

i=1 i=1

k k
AX, =a,+ Y o AX  +Y BAY_ +¢,
i=1 i=1 (7)

With this as a background, we implement a coherent testing strategy, which can be

summarised in Figure 1 below.

Figure 1. Testing strategy for determining causality between currency pairs

Testing for stationarity
using the ADF test

Testing for cointegration:
-Engle-Granger (E-G)
-Bounds testing approach (BTA)

Both E-G and
BTA indicate
cointegration

A 4 A 4

Causality tests with

Causality tests with
VAR in first el Causality tests with
. . . VAR in first g
differences including differences VAR in level

the error correction

4.4 Granger Causality Tests for Sock Market Volatility

The Granger causality tests described earlier will also be applied to stock volatility. In this
context, one may use either volatility measures based on the implied volatility of option prices

or volatility derived using econometric techniques, such as the GARCH framework. We



follow the second avenue mainly because of the lack of data on stock options in the countries
under study in general, especially data at an intraday frequency.® In our endeavour, we

estimate the recent component GARCH (CGARCH) model of Engle and Lee (1999).

2

2
Equations (8) to (10) describe the standard GARCH (1,1) model, where Ast, & , and 9+

are the stock returns, the ARCH and GARCH terms, respectively.

Ast = ¢1 + z¢5’iASH + &
i=l1

(8)
51|QH ~N(0,0%) 9)
ol =w+agl, + po, (10)

The CGARCH model distinguishes between short-term and long-term conditional volatility.

Contrary to constant conditional volatility in a standard GARCH model, long-term volatility

)

2
(q‘) is allowed to vary over time, to which the short-term volatility (o7 —¢ or the transitory
component of long-term volatility mean-reverts. CGARCH makes it possible to model
separately for example the effect of interventions on exchange rate volatility in the short and

long run or the long-run volatility of currency bond futures, as in McMillan and Speight

(2002). The short-term conditional variance model can be written as:

Utz_qt:a_)+a'(5t2—1_a_))+13'(0_t2—1_5) (11)
The time-varying long-term volatility converges to @ with # as shown in (12):

G =0+p (0, —0)+5(&,-07,) (12)

¢ Valachy and Kocenda (2005) investigate exchange rate volatility among the currencies of the Visegrad Four
(CZK, HUF, PLZ, SIT). The lack of stock options data prevented them from following the implied volatility of



4.5 VAR Estimations for Sock Returns and Volatility

The final step of our analysis is to investigate possible spillover effects between three Western
European stock markets and three stock markets in Central and Eastern Europe on the one
hand, and among the three CEE stock markets themselves. With this in mind, we estimate a
VAR model which includes stock returns and stock market volatility obtained after having
estimated the above CGARCH model. Each VAR includes data for the three CEE and one

Western European stock market, which yields a total of three estimated VARs:

p-1
Yk,t =A,t Z Ak,iYk,t—i + &,
i=1

(13)

B AStBUX B AstBux B ASBUX
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v _ AStDAX v - AS(CAC v _ AS[FTSE
Lt = Ag BUX 2t Ag BUX 3t Ag BUX

t t t

Agtpxso Agtpxso Agtpxso

Ag:MGZO Ag:MGZO Ag:MGZO

with ] AgtDAX ] I AgtCAC ] _AgtFTSE |

where A and AQ, denote stock returns and the estimated stock market volatility.

5. Empirical Findings
5.1 Cointegration

As we are interested first in possible long-run relationships between the stock market indices
included in this study, it appears to be necessary to check whether the individual stock index

series are stationary in levels or are difference stationary. For this reason, a battery of unit root

option prices, too. In a similar manner Vojtek (2004) notes that these products are either not traded or their prices
have often no explanatory power.



and stationarity tests is implemented. The results of this exercise, which are reported in Table
4 below, strongly confirm at the standard 5% significance level that the stock index series are
not stationary in levels, but are stationary in first differences. The unit root tests were also
applied to data in second differences in order to detect any I(2) features of the data. These
results are very much in line with those obtained for first-differenced data, which makes us

think that the series are difference-stationary processes.

[Insert Table 4 here]

With this as a background, we set out to perform a variety of cointegration methods.
As shown in Table 5, the single equation approaches (E-G, DOLS and bounds testing
approach) usually cannot establish any robust pairwise or extended cointegrating vectors.
Generally, the cointegration statistics indicate that the residuals are not stationary. However,
in several cases, such as for the relationships PX-50-WIG20; BUX-PX-50-WIG20, and the
bilateral relationships between the PX 50 and the WIG20 on the one hand, and three Western
European stock indices on the other, the bounds testing approach provides evidence for the
existence of cointegration relationships. Nonetheless, the estimated error correction terms are
found in all those cases to be statistically insignificant, and this puts into question the former
results. This can be observed the other way around for the E-G and DOLS estimates, where
the error correction terms sometimes appear to be significantly negative but the formal
cointegration tests do not validate these results. Finally, the Johansen trace statistics show that
the null of no cointegration is rejected in some cases, for instance for the relationships BUX-
PX-50, BUX-WIG20, PX-50-WIG20, BUX-PX-50-WIG20 and for the relation linking the

CEE stock indices to their Western counterparts.

Two observations deserve mention in this respect. First, these findings do not overlap
with the cointegration findings from the single-equation approach, except in the case of PX-

50-WIG20 and BUX-PX-50-WIG20. Second, the cointegration finding is strongly mitigated



by the fact that the Schwarz information criterion systematically chooses the model with no
cointegration and that for the BUX-PX-50 relation the roots of the VAR model are located
outside the unit circle, indicating instability of the VAR model. Finally, when we test for
cointegration including all six stock indices, the results suggest the absence of any long-run
relationship linking the series. Overall, the results do not provide any firm evidence for long-

term cointegration relationships among stock indices studied here.

[Insert Table 5 here]

5.2 Granger Causality for the Returns Series

We now turn to the question of whether there is a causal relationship between the stock
markets under study. Since the data series turned out to be difference stationary and because
we were unable to establish any robust cointegration between them, according to the testing
strategy we set out in Figure 1, Granger causality tests performed for data in first differences,
e.g. for stock index returns, seem to be the appropriate tool. However, before giving an
account of the estimation results, it is useful to take a look at pairwise simple correlation
coefficients obtained for the first-differenced data. As reported in Table 6, the correlation
coefficients between the three Central European stock indices are fairly low and amount to
around 0.2. The correlation coefficients are slightly higher, in the neighbourhood of 0.3
between the individual CEE markets and the Western European stock markets. Finally, the
correlation seems to be particularly strong between the DAX, CAC and UKX stock market

indices.
[Insert Table 6 here]

Coming now to the Granger causality tests, results for a window corresponding to the

size of one day are reported in Table 7. The numbers across the top of the table refer to ticks 1



through 80. Here, all 15 possible pairs are tested. It appears that most of the series Granger-
cause each other at the horizons of up to one day. Put differently, not only stock returns in
Frankfurt, London and Paris Granger-cause stock returns in the three CEECs, but the CEECs
also influence each other and stock returns in Frankfurt, London and Paris. A notable
exception is the Polish WIG-20, which is found to be Granger-caused by all the other stock
indices. However, returns in the WIG-20 stock index Granger-cause the BUX and PX-50 only
at very short horizons, and no causality is running from the WIG-20 to the DAX, CAC and
UKX stock market indices. In sum, there is causality across the board up to 40 ticks, the sole
exception being WIG20 on the 3 Western indices. While not directly comparable, our results
are broadly in line with those of Cerny and Koblas (2005) derived for the same set of markets

but for a much shorter and earlier period.

[Insert Table 7 here]

5.3 Granger Causality for the Volatility Series

The first necessary step to make when investigating volatility spillovers across countries is to
estimate a univariate GARCH model, from which we can extract the estimated volatility of
the individual stock markets. Research examining high-frequency financial data has suggested
that volatility dynamics may be confounded by the existence of both a periodic pattern and
long-memory volatility. Thus, we derived volatility from the component GARCH model
(CGARCH) as our volatility series for the Granger causality analysis.” The results can be

found in Table Al in the appendix.

7 McMillan and Speight (2002) analyze five-minute sampled UK short sterling bond futures and provide
evidence for both a U-shaped intraday pattern and long-run dependence in volatility. Estimation of a component-
GARCH model confirms the presence of both long-run and short-run volatility dynamics. Their results suggest
that taking both components into account improves the accuracy of volatility forecasts.



Having done this, we need to find out the degree of integration of the estimated
volatility series in order to adhere to our testing strategy and to remain consistent with earlier
parts of the paper. According to Tables 8a and 8b, the ADF and PP unit root test can reject the
null of a unit root both for data in levels and in first differences. The KPSS tests cannot reject
the null of stationarity for the same setting. This leads us to conclude that all series are 1(0)
processes. In accordance with Figure 1, this implies that the Granger causality tests should be

applied to the GARCH series in level.

[Insert Table 8a here]

[Insert Table 8b here]

However, prior to tackling this issue, let us briefly consider the correlation coefficients
for the estimated GARCH series presented in Table 9. Notwithstanding the fact that the size
of the correlation coefficient depends upon the specific form of the GARCH models based on
which the volatility series are derived, it is fair to say that the overall picture resembles the
one obtained for the stock returns. This means, more specifically, that volatility among the
three Western European stock indices tends to be correlated most and that the correlation
coefficient is lower, but is still around 0.5 between the Western European stock market
indices and those of the three CEECs. Lastly, the correlation within the group of CEECs is

found, with some exceptions, to be systematically the lowest.

[Insert Table 9 here]

Now, coming to the issue of Granger causality, the test results provide convincing
evidence in favour of bidirectional Granger causality going on between the volatility of the
stock markets under consideration (see Table 10). All 15 possible pairs are tested. In other
words, changes in volatility for instance in the BUX tend to induce changes in volatility of the

PX-50 and WIG-20, and vice versa. All the same, volatility changes in Western European



stock markets seem to affect volatility in Eastern Europe, which also holds true the other way
around. To conclude, the CGARCH-based estimation results provide very strong support for
the existence of bidirectional causal relationships for volatility in the whole set of stock

market indices.

[Insert Table 10 here]

5.4 VAR Estimations
The VAR framework described in Section 4 allows us to analyse the following four features:
1.) spillovers from stock returns to stock returns
2.) spillovers from volatility to stock returns
3.) spillovers from volatility to volatility
4.) spillovers from stock returns to volatility

As Tables 11a to 11d indicate, past values of the return series of the BUX and PX-50 have a
positive impact on the WIG20 returns, but only the WIG20 has a negative influence on the
BUX. The BUX intraday returns also impact on positively on PX-50. At the same time, both
the DAX and CAC are found to impact positively on all three CEEC indices, although this
result is sensitive to the specific VAR configuration. The UKX seems to have a positive effect
only on the Hungarian and Polish stock market index. The effect of stock market volatility on
stock returns is fairly limited among the CEECs, given that only stock volatility in the PX-50
positively influences stock returns in Budapest and Warsaw. By contrast, an increase in stock
volatility on the Paris and Frankfurt stock exchanges tend to generate a short-term increase in
returns in all three CEE stock markets. At the same time, volatility in the UKX tends to

impact only returns of the WIG20.



Turning now to the influence of developments on other markets on stock market
volatility, the estimation results indicate that changes in volatility in any of the three CEECs
positively affect volatility in the two others. But the PX-50 is also found to have a negative
influence on the WIG20, the BUX on the PX-50 and the WIG on the BUX at higher lag
lengths. This is an important finding, since most of the earlier research concludes that
spillover effects are significant only from the dominant market to the smaller market and that
the volatility spillover effects are unidirectional (Janakiramanan and Lamba, 1998; Hamao,
Masulis and Ng, 1990). Our results are in line with those of Bala and Premarante (2003), who
bring evidence that it is plausible for volatility to spill over from the smaller market to the

dominant market.®

In addition to this, an increase in the volatility of any of the three Western European
stock indices yields an increase in volatility in the PX-50 and the WIG20, whereas the BUX
remains unaffected. Finally, we can observe that from the return series only three return series
have a positive impact on one single volatility series. To be more precise, the PX-50, DAX

and CAC returns exhibit a short-term positive relationship with the BUX volatility series.
[Insert Table 11a here]
[Insert Table 11b here]
[Insert Table 11c here]

[Insert Table 11d here]

¥ Results of Bala and Premarante (2003) support small but significant volatility spillover from Singapore into
Hong Kong, Japan and US markets despite the latter three being dominant markets.



6. Conclusions

In this paper, we attempted to analyse possible interrelations within three stock markets in
Central and Eastern Europe and, in addition, interconnections which may exists between
Western European stock markets on the one hand (DAX, CAC, UKX) and Central and
Eastern European stock markets (BUX, PX-50, WIG20) on the other. The novelty of our
paper rests mainly on the use of the five-minute tick intraday data for stock indices and on the

wide range of econometric techniques employed.

Our estimation results indicate that for a common daily window composed of 72 ticks
running from mid-2003 to the early 2005, no robust cointegration relationship could be
established for any of the stock index pairs or for any of the extended specifications.
Notwithstanding the lack of any stable long-term relation between the stock market indices
under study, there are signs of short-term spillover effects both in terms of stock returns and
stock price volatility. Granger causality tests show the presence of bidirectional causality for
the returns as well as volatility series. However, this finding is partly mitigated by the results
based on a VAR framework which includes both stock returns and stock market volatility, as
they shed light on a more limited number of short-term relationships between the stock
markets. In general, it appears that spillover effects are stronger from volatility to volatility as

compared to contagion effects from return to return series.
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Table 1. Market Capitalisation of the CEE Stock Markets

Budapest Prague Warsaw

MC MC MC
ratio ratio ratio

Year Market Local Foreign  to Market Local Foreign  to Market Local Foreign  to
capitalization issues issues GDP | capitalization issues issues GDP | capitalization issues issues GDP
boHUE) () (o) (o) | GnCZK) () (o) (%) | GaPIN) () () (%)

1990 16.4 100.0 00 05 - - - - - - - -
1991 382 100.0 00 15 - - - - 0.2 100.0 0.0 0.2
1992 47.2100.0 00 16 - - - - 0.4 100.0 00 03
1993 81.7 100.0 00 23 - - - - 5.8 100.0 0.0 38
1994 181.5 100.0 0.0 42 353.1  100.0 0.0 295 7.5 100.0 00 33
1995 327.8 100.0 0.0 6.0 478.6  100.0 0.0 326 11.3  100.0 0.0 3.7
1996 852.5 98.2 1.8 129 539.2 100.0 0.0 325 24.0 100.0 0.0 6.2
1997 3058.4  99.7 03  36.6 495.7 100.0 0.0 278 43.8 100.0 0.0 93
1998 3020.1  99.7 03 297 416.2 100.0 0.0 212 724 100.0 0.0 13.1
1999 41449 99.7 03 387 479.6  100.0 0.0 235 123.4 100.0 0.0 20.1
2000 33939  99.1 0.9 283 442.9 100.0 0.0 20.6 130.1  100.0 0.0 182
2001 2848.8  99.5 05 194 340.3  100.0 0.0 147 103.3  100.0 0.0 138
2002 29472 99.8 02 195 478.0 732 26.8 19.8 110.6  100.0 0.0 142
2003 3469.9  99.6 04 188 6445 70.4 29.6 253 167.7 835 165 20.6
2004 5310.0  99.8 02 261 9758  67.7 323 355 2917 735 26.5  33.0

Source: Budapest Stock Exchange, Prague Stock Exchange, Warsaw Stock Exchange
Note: HUF, CZK and PLN stand for Hungarian forint, Czech koruna and Polish zloty, respectively. MC stands for market
capitalization.

Table 2. Time matches

Start End Ticks
BUX 9.00 16.25 90
PX-50 9.30 16.00 79
WIG20 10.00 15.55 72
DAX 9.00 20.10 135
CAC 9.05 17.25 101
UKX 9.00 17.35 104




Table 3. Descriptive statistics

Log levels Log differences
BUX PX-50 WIG20 CAC DAX UKX| BUX PX-50 WIG20 CAC DAX UKX
Mean 9.28 6.62 7.41 8.17 825  8.40 0.00 0.00 0.00 0.00 0.00 0.00
Median 9.27 6.66 7.43 8.20 8.26  8.39 0.00 0.00 0.00 0.00 0.00 0.00

Maximum | 971 702 760 829 839 852 | 005 0.02 0.03 0.02 0.03 0.02
Minimum | 895 627 708 801 801 829 | -004  -003  -002  -002  -003  -0.03

Std. Dev. 019 020 011 007 008 005 | 000 0.00 0.00 0.00 0.00 0.00
Skewness 023 015  -1.00 -070 -073 011 | 254 -3.67 0.71 0.34 0.10 -1.49
Kurtosis 216 205 352 245 272 249 | 17212 20509 3294 10713 109.81  158.88
Jarque-Bera|1127.75 1213.98 5248.10 2761.93 2713.96 371.06|35144541 50205418 1102800 13313521 14005259 29841992
p-value 000 000 000 000 000 000 | 000 0.00 0.00 0.00 0.00 0.00
Obs 20466 20466 29466 20466 29466 29466 | 29465 29465 29465 29465 29465 29465

Table 4. Unit root tests

Log Levels

ADF PP KPSS

trend constant |trend constant trend constant
BUX |-3.13* 0.18 -3.10 0.05 2.05%%k 14 4k
PX-50 |-0.61 1.08 -1.14 0.36 1.6%0k 12, 85%kk
WIG20(-2.59 -2.66%* -2.61 -2.59% 1.37%k0k 13 5@Hekek
DAX |-2.84 -2.67* -2.85 -2.67* 2. 278K 12,07
CAC |-2.55 -2.25 -2.58 -2.26 1.03%kk 17, 66%Hk
UKX |-1.11 -0.71 -1.44 -0.92 1.0k 10,85%k*

1st differences
BUX |-88.40%HF _88.44%%k |88 59 ik  _8Q 5@tk () 17+x (4%

PX-50 |-41.26%FF  -41.22%%k | 76,91%k 76,89k 10,05  0.17*
WIG20([-82.71*+*  _82,67+** |-82.65%*  _82.61°FFF 10.07  0.42*
DAX  |-117.26%0F _117.25%0%|117.24%  _117.23%% 10.04  0.16*
CAC |-98.65%%k _98.65%kk |98 65%FF  _98.66%* |0.03  0.09*
UKX  [|-98.12%x 98 12%%k | .98 09%kk  _98,09%k 10.03  0.03

2nd differences
BUX  |-24.72%6% 24 72%%k |_4D3 57+%k  _42D 59%*k 10,06  0.16*
PX-50 |-25.55%+* 25 55%kk | 213 18%kk _212.94%k 10,04  0.24*
WIG20(-27.1%%x  27.11%% |-410.15%* -410.16*%%* |0.12  0.12*
DAX  |-34.32%Fx 34 32%%k |_1097.99%F* _1066.01*[0.07  0.12%*
CAC  |-30.73%%x  _3(),73%kk | 1047.25% 1028.22%*%|0.,06  0.45*
UKX |-31.2%%0k 3]2%0k |_611.51%% _603.87+*% 10.05  0.38%*

Notes: ADF, PP; and KPPS are the Augmented Dickey-Fuller, the Phillips-Perron, and the Kwiatowski-Phillips-Schmidt-Shin unit root tests,
respectively, for the case including only a constant. In parentheses is the lag length chosen using the Shwartz information criterion for the
ADF test, and the Newey West kernel estimator for the PP and KPSS tests. *, ** and *** denote the rejection of the null hypothesis. For the
ADF and PP tests, the null hypothesis is the presence of a unit root, whereas for the KPSS tests, the null hypothesis is stationarity.




Table5. Cointegration Tests

EG DOLS  ARDL JOHANSEN
R TRACE SIC  ROOTS
BUX — PX-50 0,00  (1,10) |0 277289 23685 NO
COINT -2.214 (1) -2211 (1) -3545 [1  1.369 -23.683
ECT 0 0 R E 23.677
BUX — WIG20 G0)  (1L,I0) |0 288T%*  21751* OK
COINT -2.847 (0) -2.86 (0) 2597 |1 5758 21748
ECT  -0.001% -0.001% -0.001%%* | 2 21.743
PX-50- WIG20 10,10) (10,10 |0 25.592%%  22966* OK
COINT -1.276 (0) -1.379 (0) 191.542%*|1  6.578 22962
ECT 0 0 R E 22956
BUX — PX-50 — WIG20 (10,10)  (10,9) |0 43362%* 34444 OK
COINT -2.385 (0) -2.823 (0) 123.56%* [1 13764  -34.439
ECT 0 0 0 |2 452 -34.430
3 34421
BUX- DAX 0,0  (1,I0) 0 16776 21.730f OK
COINT -2.028 (0) -2.03(0) 3532 |1  0.728 21727
ECT 0% 0% 0o |2 21722
BUX — CAC ©0,0)  (1,10) |0 14299  22153* OK
COINT -2.225 (0) 2227 (0) 123 |1 0.968 22,149
ECT  -0001% -0001** 0 |2 22144
BUX — UKX 0,0  (1,I0) |0 11198 22955 NO
COINT -1.546 (0) -1.546 (0)  1.07 |1  0.062 22,952
ECT  -0.001%% -0001%* 0 |2 22,947
PX-50 —- DAX 0,0 (102 |0 13075 23194 NO
COINT -0.249 (0) -0.25 (0) 874.159%|1  2.087 23.189
ECT 0 0 0o |2 -23.183
PX-50 - CAC 0,0 (10,D) |0 15395 23555+ NO
COINT -1.232 (0) -1.234 (0) 875.929%%[1 3511 -23.550
ECT 0 0 R E 23544
PX-50 - UKX 0,00  (0,1) |0 13485  24374% NO
COINT -1.772 (1) -1.772 (1) 870.692+¢|1  2.335 -24.369
ECT 0 0 0o |2 24.363
WIG20 — DAX 00 (10,3) |0 14113  2122113* OK
COINT -2.105 (1) -2.105 (1) 541.063%*[1 5419 21.216
ECT  -0.001* -0.001* R 21.210
WIG20 — CAC 0,0 (10,2 |0 15978  21590f OK
COINT -2.147 (0) -2.147 (0) 535.023**[1  5.795 -21.585
ECT 0001  -0.001 0o |2 21,579
WIG20 — UKX 0,0  (10,) [0 9.900 22426 OK
COINT -1.769 (0) -1.769 (0) 530.037%*|1  1.988 22421
ECT  -0.001% -0001%* 0 |2 22414
CEEC3_DAX 0,100  (1,10) |0 557327 45428 OK
COINT -2.838 (0) -2.945 (0) -1579 [1  19.519 -45.421
ECT 0 0 0 |2 9486 45410
34333 -45.397
4 -45.385
CEEC3— CAC 0,00 (1,10) |0 57.945%  45788% OK
COINT -2.705 (0) -2.718 (0) -1.295 |1  21.833 45781
ECT 0 0 0 |2 12453 -45.769
3 4790 45757
4 -45.745
CEEC3_ UKX€ 0,0)  (1,1I0) |0 542597 46.62388% OK
COINT -2.303 (0) -2.321 (0) -1.307 |1 21335  -46.616
ECT  -0.001 -0001 -0001 |2 8054 -46.605
3 1755 -46.592
4 -46.579
CEEC3- CAC 0 NO
- DAX- UKX ©0,0) a,0) 76.804 -67.887*
COINT -4.107 (5) -4.107 (5) 071 1 47842 -67.884
ECT  -0.001%%% -0,001%%% -0,001%%% 2 29386 -67.880
3 16.587  -67.875
4 5692 -67.871
5 0.025  -67.866
6 -67.861




Table 6. Correlations for Stock Returns

BUX PX- WIG20 DAX CAC UKX
50

BUX 1

PX-50 0.18 1

WIG20 0.17  0.15 1

DAX 0.31  0.26 0.29 1

CAC 028  0.26 0.28 091 1

UKX 027 024 024 078 080 1

Table 7. Granger Causality for Returns
1 10 20 30 40 50 60 70 80

PX-50=> BUX 882.837FKF 419.672%FF 227.071+%F  159.67+%F  124.39%+x 101.547FF*  87.23FF+ 753750k 71 689%*
BUX=> PX-50 2068.538*FF 312274k 157828k  10.581FF* B I58FF* (. 77FFRE (279%RE (6.043%%K (. 248%**
WIG20=> BUX 5.442%%* 2.874%* 1.948* 1.653* 1.341%* 1.16 1.108 1.492 1.436
BUX=> WIG20 [1081.635%** 123.639*F* (5.589%F* 44 542+%F 34 (33*** D28 91204x D5 451%kx 2 799%k% 26, 252%+*
PX-50=> WIG20{2396.279%F* 7(03.88** 389,782k 274 355%%k 213 951*+k 174.58%F+ 149.658%+* 132.991#k* 123,152k
WIG20=> PX-50 0.143 3.48%x* 2.042* 1.479 1.378** 1.272%% 1.387 1.354 1.294
DAX=> BUX T5.121%F%  10.412%0F  6.891%%F  5,685%%F (. 177FFx  5238Fkx 51230k 470300 4.57%%*
BUX=> DAX 817.258%F*  89.906*F*F  48.186***F 33.379%rk 255730k D() 9758Fx  18.448FFF  16.843FFF 22 076%FF
CAC=> BUX 22.19%F% 5.64%FF  5901%%F 4 458%%k 3 O8THxk  44028Fx  TE51RE (. 755%F (62370
BUX=> CAC 1269.809%** 135,059%*F  70.817+k¢  48.38%F*  36.645%F* 29.933%%k (6. 216%FF  23.358%k* 27,917k
UKX=> BUX 292.026%FF  31.763%%F  16.604%**  10.490F*  818FFF+  T138FKF 6207k 5.621%%F 5237k
BUX=> UKX 2085.164%%F 212,947k 108.48%F* 731671k 55 107+%F 44486+ 3741700+ 3241700k 34,071+%*
DAX=> PX-50 7.317H%% 2.544%* 2.396%F  2.72100F 0 2.601%0E 2 238%%k 2.223%* 2.193** 2.756%*
PX-50=> DAX [1145.328%* 724 917%%F 381 476+ 259.385%%F 202.683%++ 165.788F* 142.446%FF 124 599%k* 12(),894k*
CAC=> PX-50 10.651#F%k  5357+%k  4,065%kF  3.723%k* 31500 4531k G.01F¥k 5 512%%k  4798%kF
PX-50=> CAC [1497.255%F* 729 701*%* 38(0.928%%* 257 832+%* 199 550%+*k 1(64.733%+* 14(.597%0* 123, 718%k* 113.105%k*
UKX=> PX-50 310.86%F*  29.661%F*  14.822%%F 9 8OE7HF TS5 (. 107FF*  5485Fkk 5,534k 6.09%+*
PX-50=> UKX [2378.739%** 754, 745%%* 391 264***F 264.294*%F  202.8%** 164.685%** 140.384*F* 122.773%F* 118.692***
DAX=> WIG20 | 152.589%* 22.029%%¢ 13.891%kk 10.401%*k  9.679%FFk  8.808FF* 8179k  7750%F 9044wk
WIG20=> DAX 0.153 0.957 0.663 0.711 0.69 0.608 0.749 0.953 1.157
CAC=> WIG20 | 134.422%0 21 721%0% 15351k 12,0510 9782%%k 1094100 10.44100F 94270k 8 548%kk
WIG20=> CAC 0.577 0.855 0.746 0.659 0.631 0.581 0.671 0.867 1.185
UKX=> WIG20 | 675.518%* 81.634*%* 43.169*%F  30.35%%F 23.697*** 19.864%** 17.162%F* 15.334%F* 18.687***
WIG20=> UKX 0.123 0.703 0.517 0.53 0.56 0.534 0.55 0.614 0.892
CAC=> DAX 8.431++* 2.842%* 2407+ 2,167 2.08%¥x B A8THHx  TH2FREE (737K 6.31%%*
DAX=> CAC 439.921%FF - 47.681%F* 24, 385FFk 17,9994k 5 568%FF 12,8240+ 10.809FFk 945280k 8 (44%kF
UKX=> DAX 219.351%FF  24.66%%F  13.374%Fx 9 3520kx T 689K (.407HFF G6.81%FF  (.448%%F T 4QTH**
DAX=> UKX 185.709%%F  21.03%%F  11.573%kF  8.064%F*  7.847FFk  (,438%kF 5.54%%k 4. 816%%F  4,625%FF
UKX=> CAC 621.930%F*  (5.875%FF  34.351%0k  23.422+%K  18.15%%k 149658 13.667FFF  12.304%FF 12570k
CAC=> UKX 99.32700F  11,906%FF  7.664%k 572100k 4 668%+k 8.03%kk  (,992%%k  ( 249%kx 6.68*F*




Table 8a. Table Unit Root Tests for GARCH series, levels

ADF PP KPSS ERS

Trend  constant trend constant Trend constant trend constant
CGARCH
BUX -99.09%% _99.09%kk _135,16%+* -135.16% 0.209  0.238 0.01 0
PX-50 -60.6%%  _60.57%kk _143,69%F* 143 81+ (0228  0.619 0.01 0
WIG20  -60.39%kk _60. 2%k 132 93%kk _132 64%F*¢ 0.609  4.865 0.01 0
DAX -95.26%HF _81.61%kk 127, 100k _127.45%k (0,122  2.702 0.01 0
CAC -65.42%86% _(5 . 21%kk 129,63+ _130.25%F (0.119  2.142 0 0
UKX -83.20%HK 83 2k _133,19%4x _134.13% (.11  0.847 0.01 0

Table 8b. Unit Root Tests for GARCH series, first differences

ADF PP KPSS ERS

Trend constant Trend constant trend constant trend constant
CGARCH
BUX -43 56%k% _43 5%k L5670.32%k  _5670.3% 0.032  0.032 571.29 153.71
PX-50 -43.93%kx _43 9k _5685.52%0F _6686.19%F 0.055  0.056 280.71  75.48
WIG20 -40.38%+* _40.38%* _4032,91%Fk _4032,57*+ (0,022  0.023 408.58 109.86
DAX S41.15%0 41,1 5%k 7992 72%k _799(.33%k 0.046  0.048 590.04 159.99
CAC -41.57%kx 4] 570k 7077 .84% %k _7076.19% 0.098  0.112 865.28 252.29
UKX 413700 41 310k 9756.64% K 9756, 77k (.12 0.12 6849 184.27

Table 9. Correlations for Stock Market (GARCH) Volatility

BUX PX-50 WIG20 DAX CAC UKX

BUX
PX-50
WIG20
DAX
CAC
UKX

CGARCH

1
0.27 1
0.25 0.88
0.41 0.30
0.43 0.28
0.67 0.26

0.34
0.31
0.28

1
0.92
0.66

1
0.68

1




Table 10. Granger Causality for GARCH series — CGARCH
CGARCH 1 10 20 30 40 50 60 70 80
PX-50=> BUX |3149.7827 3225125 162287 108.675% B1.66%*  65.8750 54915+ 46.307%% 36,997+
BUX=> PX-50 [41.20G08%  7.207%0k  4184%06  3150%0k  2.620%xk  DO8TH  2.020%  38.436%*% 24,536k
WIG20=> BUX |3212.164%%% 332.220%%% 166.17%% 110.895%* 83.202%% G67.168% 560435 47022+ 35 244w+
BUX=> WIG20 [152.10206F 3.737%0%  1.926% 1285 0.98 0.811 0726 37483+ 16,2200
PX-50=> WIG20[399.663% 30.080%%* 15318%+ 105117 B271% 7037+ G(BOBH  11.372%% 28.699%
WIG20=> PX-50{265.8625F 42.250%%% 232764+ 1737400 148455+  13486+0F 12.541%+% 17.020%k% 50,857+
DAX=> BUX |128.072%% 153275+ 775875 5343+ 416G+ 34425+ 20807+ 27037 604G+
BUX=>DAX _ [6.0520 2466 14 1002 0.833 0727 0643 175 5. 14554k
CAC=>BUX  [00557%%* 21,036 10,6227 72117 5530%% 454%k 38870k 314000 7627+
BUX=> CAC _ [6.121%%  5424%06  2011%%  2019%  1.576%+ 13000 1117 27930 4230k
UKX=>BUX  |10.346% 4072%% 2147%  1587% 132 1184 1.08 1.04 1224
BUX=> UKX__ [0.013 3.928%%%  2019% 137 1057 0.945 0809 1095 4.686%+
DAX=> PX-50 |473.225%%F 49.763%%% 26,3425+ 183107 1415200 11625 1000177 95551%% 150355
PX-50=> DAX _[5602.373%5 617.15%% 310.308%+* 207.356%%* 155458 124,514%6% 10382256 92,670%% T71.014%%+
CAC=>DPX50 [B00.4GT#** 139.21%% 70.177% 47.000% 35497k 28 564** 230535+ 140 201%+* 139875
PX-50=> CAC _[7517.9%6 852,803+ 4274300 285.276%** 213.838%0% 17111700 142.58%%% 141,930+ 100.283%+*
UKX=> PX-50 |107.227%%% 11.622%% G794 51047+ 4101 36517 33037 613087+ 188377
PX-50=> UKX _[4678.40250% 484.637%6F 243,754+ 16303240 122.420%+% 08, 645%0%  82.00%k%  70.281%+% 58,804+
DAX=> WIG20 [710.0555%  49.077%% 250730 16,6117 124185 00685 8626 933250 21.649%%r
WIG20=> DAX [5377.381%5% 624,643 313.000%6F 208,837+ 156.656%+* 125.633%%% 104.831%F% 92.080%+% 7,158+
CAC=> WIG20 [1222.107% 13803255 60476 462147+ 34608 27838+ 234127+ 142148 20,7125
WIG20=> CAC [7480.153%6F 88774+ 444,153+ 206,124+ 221.002%F 177528505 148.066%+* 144.004%6F 99,2634
UKX=> WIG20 |206.744%% 21430%%% 10.656%% 7064 528%%  4208% 38370  G1.643%w* 20 5470
WIG20=> UKX [4619.930%%% 496.234%% 248 5475 165.865% 124,465+ 100.377%+% 8374450k 71 47545k 58,68+
CAC=>DAX  |26.255%%% 87.732%* 43.93%% 20.149% 217367 17355+ 1443500 117170 10,463+
DAX=> CAC  [79.447%6%  80.34%6k 44730065 074005 0 D55%kk 1780340k 14.843%%% 13712065 107485
UKX=>DAX |19588%+ 43820 2201 1579+ 1232 1038 0917 1 1336
DAX=> UKX  [166.352¢0% 17454555 8784%06  5.040%x  45540xx  3T116x  317%0% 335k {0,807
UKX=> CAC _ [11541%% 287997 144907 0.G85%%% 7.260%%* 58570 40070 467500 4388+
CAC=> UKX__ [79.608%%  31.801%k% 15.080%kk 10.699%0% 8.068FFF  6524%0F  540%k%  4604%%  13,149%0k




Table 11a. VAR mean — variance, CGARCH, DAX

BUX PX_50 WIG20 DAX BUX_CG __ PX50_CG_WIG20_CG DAX_CG
BUX(1) 0.001 0.004 0.011 0.008 000010 0.00004%  -0.00015%% 0.00009%
BUX(-2) 0.011% 0.006 0,024 0.001 000001 0.00001 000004 0.00000
PX50(-1) 0.004 00787 0016 20002 “0.00010%% 0.000427% 0000167 _0.00012%%
PX50(-2) 0.002 0.030%%%  0.021%* 0.016* 0.00003%* _ 0.00008** _0.00000 0.00004%5+
WIG20(-1) 0.006 20,001 20,046 20,001 200000257 0.00001  0.00003 20.000037%
WIG20(-2) 0.007 0.000 -0.062%** 0.003 0.00001 -0.00001 -0.00001 0.000071**
DAX(1) 0.017%%% 0.005 0.066%% 0011 0000017 0.00004%  0.00005 _-0.00008%%
DAX(-2) 0.010 0.005 0.033*** 0.001 0.00001** -0.00001 -0.00004 0.00000
BUX_CG (1) 12085580  3012243.0 3779668.0°* 55429850  0.175%  0.052°*  0.042 20,0595+
BUX_CG (-2) 0.182 -3459936.0  -1050633.0 -6659434.0 0.043*** 0.048+*+* 0.107*** -0.012%*
PX50_CG (1) 1345004.0%% 0,090 1623622.0%  1151380.0% 0.057%%  0283%%F  0329%%F 0,088
PX50_CG (2)  -6337057.0 28677140  -1087980.0  -1101707.0** 0.006 00865 0250 0,003
WIG20_CG (1) -1204063.0°% 25722610 -1346597.0°% 1001620.0%% 0.030%%  0.1170%% 03770 0.0425%%
WIG20_CG (-2) 2987598.0 0.436 5020729.0 6257860.0* -0.014*+* 0.027+* 0.200*** -0.023%%
DAX_CG (1) 1935113.07%F 1009936.0% 3267547.0°% 1477470.0% 0,004 0465 0.630%%  0.227%%
DAX_CG (-2 6775138.0 2562420.0 -2912404.0 5416895.0 0.008 0.134+** 0.176%** 0.046***

C 000002 0.00002%% _ 0.00003* ___ 0.00001 0.00000% 0.00000%% _0.00000% _0.00000%+
R2 0.002 0.009 0.010 0.001 0.237 0.060 0.127 0.289
R2 ADJ 0.001 0.008 0.009 0.000 0.237 0.060 0.126 0.289
Table 11b. VAR mean — variance, CGARCH, CAC
BUX PX-50 WIG20 CAC BUX_CG___PX50.CG____ WIG20 CG____CAC_CG

BUX(-1) 0.002 0.005 0.015* 0.008 20.00010%% -0.00003 20.0001 4% ~0.00005%%

BUX(2) 0.011* 0.006 0,025 0.000 0.00001 0.00002 0.00005 0.00000

PX50(-1) 0.004 0.079%% 0.019% 20,009 000010 0.0004T7%%  0.00016°* __0.00008%

PX50(2) 0.003 0.030%## 0.021%* 0.008 0.00003*  0.00009%+* 0.00002 0.00003*#+

WIG20(-1) 0.007 20,001 20,0447 0.001 20.00003% 0.00002 0.00003 20000017+

WIG20(-2) 0.007 0.000 L0.0625%¢ 0.002 000001 -0.00002 -0.00001 0.00001

DAX(1) 0,017+ 0.001 0.067%% 20,002 000000 0.00001 ~0.00006% 20000047

DAX(-2) 0.010 0.006 0.040*** 0.003 0.00001** -0.00001 -0.00005 0.00001

BUX_CG (1) 14175220 37718050  36G9418.0°%F 44722750  0.172°% 01320 0.072%F 20,0420

BUX_CG (-2 4845332.000 -1840459.0 0.1 -3870938.0 0.045%** 0.164*** 0.273%** 0.002

PX50_CG (1) 1271044.0% 009 160552007 9277856.0%  0.058%%  0.273%% 0341w 0.059%%

PX50_CG (-2) -6360937.0 -3121167.0 -1054743.0* -6881149.0 0.004 -0.106*** -0.279#k% -0.011%*+*

WIG20_CG (1) -1113025.0°%F 23075450  -1266672.0°°F 7930630.0% 0.038%*  -0.106°* 0.302%% 0.039%%*

WIG20_CG (-2) 2770027.0 0.335 4922432.0 3665288.0 -0.014**+* 0.024** 0.196%** -0.023***

DAX_CG (1) 3747388.0°°F 1004952.0°%% 4478607.0°  2526831.0° 0.007 1043761.0007F 14280990007 0,227+

DAX_CG (-2) -7483176.0 -1439840.0 -1020426.0 -9365013.0 0.007 -0.176*+* -0.276%F* 0.050%**

C 0.00001 0.00001 0.00001 0.00000 0.00000% _0.00000%+* 0.00000 0.000007%

R2 0.002 0.009 0.009 0.001 0.237 0.077 0.143 0.324

R2 ADJ 0.001 0.008 0.008 0.000 0.237 0.077 0.143 0.323

Table 11c. VAR mean — variance, CGARCH, UKX

BUX PX_50 WIG20 UKX BUX_CG _ PX-50_CG_WIG20_CG _UKX_CG
BUX(1) 0.003 0.004 0.019%+ 0.005 00001077 0.00002 -0.00013%% _0.00002%%*
BUX(-2) 0.014** 0.008* 0.023*** -0.003 -0.000003 0.000002 0.00002 0.000002
PX50(1) 0.004 0.078%% 0026 20,006 20.00010°% -0.00042%%% 0.00015% _0.00003%+*
PX50(-2) 0.005 0.037*** 0.019* 0.003 0.00004***  0.00005 -0.00004 0.000071***
WIG20(-1) 0.007 20,002 0,047 0.000 20000027 0.00001 __ 0.00004 ~0.00001%%%
WIG20(-2) 0.008* 0.000 0,063+ 0.000 0.00001%*  0.00002  -0.00003 _ 0.00000%*
DAX(1) 0.033% 0.007 0.054%% 0.008 “0.00002F  0.00002  0.000155% -0.00007%
DAX(2) -0.003 0.005 0.065%+* 0.021%% 000001 -0.00001 _ -0.00005  -0.000001
BUX_CG (1) 62883200 15752650 3446122.0°* 22052750 0.177%%  0.075%% 02137 0020+
BUX_CG (-2 1571345.000 -5457413.0 -4383829.0 -1121269.0  0.041%** -0.068*+* -0.047 -0.009***
PX50_CG (1) 1250463.0° 0228 151539907 5172261.0  0.056°% 02609 03507  0.0325%
PX50_CG (2)  -4124562.0  -2017257.0 -9603499.0  -4542731.0  0.006 L0037 0A81FFF 0.004%
WIG20_CG (-1) -1078288.0%%* -1859436.0 -1216775.0%** -4086102.0% 0.038*** -0.082%%* 0.425%** 0.018***
WIG20_CG (2) 30331850 0.058 3979789.0 31090700 -0.013*% 0,012 0179%%%  0.009%#+
DAX_CG (-1) 1370581.0 2019494.0  6585467.0%¢  (6320721.0 -0.024 0.567*** 0.742%+* 0.208***
DAX_CG (2) 50023940 84112020 13486760 1457632.0  0.020 0.363%%% 047900 0,057+

0.00004*** 0.00002***  ().00004*** 0.00001* 0.00000%*%  0.00000%**  0.00000%%*  (0.00000***
R2 0.002 0.008 0.008 0.001 0.234 0.047 0.115 0.355
R2 ADJ 0.001 0.008 0.007 0.000 0.233 0.047 0.115 0.354




Table 11d. VAR mean — variance, CGARCH, CEEC3, DAX, CAC and UKX

BUX PX50 WIG20 BUX_CG  PX50_CG  WIG20_CG
BUX(-1) 0.00278 0.00347 0.01572* -0.00010%+*  -0.00001 -0.00010%%*
BUX(-2) 0.01285*F  0.00809* 0.02318*#* 0.00000 0.00002 0.00004
BUX(-3) 0.00265 0.01118*F  0.01962** 0.00000 0.00002 0.00001
PX50(-1) 0.00165 0.07814** (.01521 -0.00010%%* -0.00044***  -0.00017+**
PX50(-2) 0.00197 0.02968**  0.01723 0.00004%F* 0.00010*** 0.00003
PX50(-3) 0.00047 0.01324*%  0.00910 0.00000 -0.00002 -0.00009**
WIG20(-1) 0.00705 -0.00260 -0.05059*+*  -0.00002**¢* 0.00002 0.00000
WIG20(-2) 0.00628 -0.00078 -0.06488*** 0.00001 -0.00004**  -0.00004*
WIG20(-3) 0.01039**  -0.00083 -0.01738*+*  -0.00001 0.00003* 0.00003
DAX(-1) 0.02540* 0.02072%%  0.09028***  -0.00005*** 0.00012*%**  -0.00002
DAX(-2) 0.01514 0.00397 0.00853 0.00000 -0.00006 -0.00007
DAX(-3) 0.00558 0.01022 -0.01251 -0.00001 0.00007 0.00006
CAC(-1) -0.02447 -0.02607**  0.00526 0.00005%F*  -0.00016*%* -0.00001
CAC(-2) 0.00485 0.00416 0.00596 0.00001 -0.00006 -0.00013*
CAC(-3) 0.00883 -0.00994 0.01556 0.00001 -0.00008 -0.00005
UKX(-1) 0.02910* 0.00800 -0.05329*+  -0.00001 0.00003 -0.00008
UKX(-2) -0.02710* -0.00542 0.05044+* -0.00002 0.00007 0.00010
UKX(-3) -0.01647 -0.00044 0.04457+* 0.00001 0.00001 0.00001
BUX_CG (-1) -7.72938 -2.11597 -39.43481%%*  (0.17425%F*  -0.00222 0.10926*+*
BUX_CG (-2) 3.09005 -1.48101 -9.92950 0.04152%%*  -0.00213 0.03074
BUX_CG (-3) -2.88557 -6.399 9.446 0.00471 -0.11415%%F  -0.11630%**
PX50_CG (-1) 8.28799 -0.582 14.843** 0.05688*F*  0.25051*%**  -0.36578***
PX50_CG (-2) | -0.57099 -3.487 -7.448 0.00309 -0.01329 -0.11514%%*
PX50_CG (-3) | -2.54849 2.200 -4.270 0.01206*%*  0.02168 -0.03702
WIG20_CG (-1) | -8.47990**  -1.559 -12.840%* 0.03963*F*  -0.08181***  0.41354++*
WIG20_CG (-2) | -0.68758 1.012 1.867 -0.01161#+  -0.02924*%  0.09461++*
WIG20_CG (-3) | 1.19606 -1.935 3.016 -0.00608* 0.03334%+*%  (0.09873*+*
DAX_CG (-1) -2.60157 -8.613 17.313 -0.03973%F%  -0.47351*FF  -0.65892+**
DAX_CG (-2) 48.474%F* 15.300 35.151* -0.00828 0.94792%F*  1.33935%**
DAX_CG (-3) 2.40211 11.482 18.020 0.04256%F*  0.65774%**  0.90578***
CAC_CG (-1) TT.732%6% 32461 40.743 0.08387+F*  2.72796%F*  3.79118%**
CAC_CG (-2 -81.489%%¢ 25366 -49.948* -0.02515 -2.09026%F%  -2.99945%**
CAC_CG (-3) -12.711 -27.466* -16.245 -0.05992%F*  -1.21827+F*  -1.66102***
UKX_CG (-1) -113.780%F*  -11.356 -37.650 -0.06503%F  -2.76493%F*  -3.88030*F*
UKX_CG (-2) 49.668 30.892 2.133 0.08778*F*  1.70287+F*  2.45]123%+*
UKX_CG (-3) 8.697 7.192 -10.319 -0.00293 0.54169%*  0.72130%+*
R2 0.004 0.010 0.012 0.229 0.150 0.212
R2 AD] 0.002 0.008 0.011 0.228 0.149 0.211




Appendix

Table A1l. CGARCH Results

BUX PX-50 WI1G20
Cocfficient Cocfficient Cocfficient
MEAN EQUATION

C 0.0000134*%+ | C 0.0000074 C 0.00001 34+
D_BUX -0.0000290*** | D_PX-50 -0.0000727#+*
_TD_120 -0.0002860 _TD_120 -0.0002230 _TD_120 -0.0001020
_TD_121 0.0016970 _TD_121 0.0009320%%* | _TD_121 -0.0000664
_TD_122 0.0012420%** | _TD_122 0.0009940%** | _TD_122 0.0011200%*
_TD_123 -0.0000396 _TD_123 -0.0000198 _TD_123 -0.0000342
_TD_124 0.0000165 _TD_124 0.0000145 _TD_124 0.0000005
_TD_187 0.0000273*** | “TD_187 0.0000286 _TD_187 0.0000274
_TD_188 0.0000229*F* | _TD_188 0.0000157 _TD_188 0.0000285
_TD_189 0.0000009 _TD_189 0.0000055 _TD_189 0.0000172
_TD_190 -0.0000011 _TD_190 -0.0000140 _TD_190 -0.0000179
_TD_191 -0.0000682*% | _TD_191 -0.0000693** | _TD_191 -0.0000473

AR(1) 0.0051150 AR(1) 0.0043340

AR(2) 0.0050740 AR(2) 0.0075080

VARIANCE EQUATION
Perm: C 0.0000006*** | Perm: C 0.0000007*** | Perm: C 0.0000006***
Perm: [Q-C] 0.5000100 Perm: [Q-C] 0.5009560%** | Perm: [Q-C] 0.5253600%**
Perm: [ARCH-GARCH]  0.0400330 Perm: [ARCH-GARCH] = 0.0434010%** | Perm: [ARCH-GARCH]  0.0836600%**
Perm: D_BUX -0.0000003*** | Perm: D_PX-50 0.0000000%#*
Perm: _TD_120 0.0000020 Perm: _TD_120 -0.0000006 Perm: _TD_120 -0.0000077##*
Perm: _TD_121 0.0000004 Perm: _TD_121 -0.0000008 Perm: _TD_121 0.0000060**
Perm: _TD_122 0.0000005 Perm: _TD_122 0.0000003 Perm: _TD_122 0.0000004
Perm: _TD_123 -0.0000020 Perm: _TD_123 -0.0000020%** | Perm: _TD_123 -0.0000141%%*
Perm: _TD_124 0.0000019 Perm: _TD_124 0.0000017*%%* | Perm: _TD_124 0.0000078***
Perm: _TD_187 0.0000000 Perm: _TD_187 -0.0000108*** | Perm: _TD_187 0.0000144
Perm: _TD_188 0.0000002 Perm: _TD_188 0.0000229*%* | Perm: _TD_188 0.0000136
Perm: _TD_189 0.0000005 Perm: _TD_189 -0.0000050%* | Perm: _TD_189 -0.0000006
Perm: _TD_190 0.0000003 Perm: _TD_190 -0.0000063*** | Perm: _TD_190 0.0000076
Perm: _TD_191 0.0000001 Perm: _TD_191 0.0000026** | Perm: _TD_191 0.0000002
Tran: [ARCH-Q] 0.0399790 Tran: [ARCH-Q] 0.0396780*** | Tran: [ARCH-Q] 0.0344560%**
Tran: [GARCH-Q] 0.0160030 Tran: [GARCH-Q] 0.0161260 Tran: [GARCH-Q] 0.0179720
Tran: _TD_120 -0.0000013 Tran: _TD_120 0.0000014 Tran: _TD_120 0.0000108***
Tran: _TD_121 0.0000008 Tran: _TD_121 0.0000017 Tran: _TD_121 0.0000016
Tran: _TD_122 0.0000005 Tran: _TD_122 0.0000005* Tran: _TD_122 0.0000009
Tran: _TD_123 0.0000020 Tran: _TD_123 0.0000021*** | Tran: _TD_123 0.0000138*#*
Tran: _TD_124 -0.0000009 Tran: _TD_124 -0.0000007*%* | Tran: _TD_124 -0.0000013
Tran: _TD_187 -0.0000001 Tran: _TD_187 0.0000106*** | Tran: _TD_187 -0.0000145
Tran: _TD_188 -0.0000003 Tran: _TD_188 -0.0000183*** | Tran: _TD_188 -0.0000204%#*
Tran: _TD_189 -0.0000006 Tran: _TD_189 -0.0000031*** | Tran: _TD_189 -0.0000093**
Tran: _TD_190 -0.0000006 Tran: _TD_190 0.0000043* Tran: _TD_190 -0.0000122%*
Tran: _TD_191 -0.0000004 Tran: _TD_191 -0.0000007*** | Tran: _“TD_191 -0.0000058***
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