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Abstract. Economic literature suggests that contagion can occur because of
trade links, both direct trade among countries and competition in third markets;
similar initial conditions, whereby countries co-move insofar as they have similar
macroeconomic (or other) characteristics; and financial linkages. While contagion can
take many forms, this paper tests for stock market contagion during recent financial
crises among CEE economies, comparing with some Western European countries,
USA and Japan markets and test for the existence of contagion. It defines contagion as
a significant increase in market co-movement after a shock to one country (or group of
countries). We found that the correlations become more statistically significant as we
go from the early stages of our sample towards the end of it. Our test takes into
account the fact that the correlations can change from one day to another and it can
provide powerful evidence in the support of the phenomenon of contagion.
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1. Introduction

A number of currency and financial crises affected international financial
markets in the last decade, with considerable negative effect on emerging market
countries. Generally, these crises have been characterized by contagious effects, a
crisis occurring in one country spreads to other countries, either in the neighborhood or
around the globe.

The new contagious feature has triggered a large research effort, both at the
theoretical and empirical levels. In the economic literature, contagion is seen as a
significant change in the way that shocks are propagated across countries. One might
conclude that contagion exists while it is really the presence of external shocks that
leads a group of countries to suffer from contemporaneous speculative attacks and
financial crises.
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Even if the financial system of the Central and East European (CEE) countries
is mainly bank dominated, the stock exchanges registered a considerable progress and
appear to be well integrated with world financial markets. Being that these markets are
small compared to the stock exchanges of the developed countries, they are sensitive to
shifts in regional and world-wide portfolio adjustments of large investments fund and
other market participants. This is why these markets are considered to be more volatile
than well-established stock markets.

There is widespread disagreement about what contagion entails. Some define
contagion as a significant increase in cross-market linkages after a shock to one
country (or group of countries). Cross-market linkages can be measured by a number
of different statistics, such as the correlation in asset returns, the probability of a
speculative attack, or the transmission of shocks or volatility. According to this
definition, if two markets show a moderate degree of co-movement during periods of
stability, and then a shock to one market leads to a significant increase in market co-
movement, this would constitute contagion. On the other hand, if two markets show a
high degree of co-movement during periods of stability, even if they continue to be
highly correlated after a shock to one market, this may not constitute contagion. It is
only contagion if cross-market co-movement increases significantly after the shock. If
the co-movement does not increase significantly, then any continued high level of
market co-movement suggests strong linkages between the two economies which exist
in all states of the world. This is what we is called interdependence. Based on this
approach, contagion implies that cross-market linkages are fundamentally different
after a shock to one market, while interdependence implies no significant change in
cross-market relationships during a crisis.

Forbes and Rigobon (1999) propose using the term “shift-contagion” instead
of “contagion” in order to clarify exactly what this term entails. The term shift-
contagion is sensible because it not only clarifies that contagion arises from a shift in
cross-market linkages, but it also avoids taking a stance on how this shift occurred.

Some economists argue that contagion occurs whenever a shock to one country
is transmitted to another country, even if there is no significant change in cross-market
relationships. Others argue that it is impossible to define contagion using tests for
changes in cross-market linkages. Instead, they argue that it is necessary to identify
exactly how a shock is propagated across countries, and only certain types of
transmission mechanisms (no matter what the magnitude) constitute contagion.

Economic literature suggests that contagion can occur because of trade links,
both direct trade among countries and competition in third markets; similar initial
conditions, whereby countries co-move insofar as they have similar macroeconomic
(or other) characteristics; and financial linkages.

While contagion can take many forms, this paper tests for stock market
contagion during recent financial crises among CEE economies, comparing with some
Western European countries, USA and Japan markets and test for the existence of
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contagion. It defines contagion as a significant increase in market co-movement after a
shock to one country (or group of countries).

This definition provides a straightforward framework for testing if contagion
occurs, simply comparing the correlation (or covariance) between two markets during
a relatively stable period (generally measured as a historic average) with that during a
period of turmoil (directly after a shock occurs). Contagion is a significant increase in
the cross-market relationship during the period of turmoil. A second benefit of this
definition of contagion is that it provides a straightforward method of distinguishing
between alternative explanations of how shocks are transmitted across markets. There
is an extensive theoretical literature on the international propagation of shocks. Many
theories assume that investors (or institutions) behave differently after a large negative
shock. Other theories argue that most shocks are propagated through real linkages,
such as trade. It is extremely difficult to measure these various transmission
mechanisms directly. By defining contagion as a significant increase in cross-market
linkages, this paper avoids to directly measure and differentiate between these various
propagation mechanisms. Moreover, tests based on this definition provide a useful
method of classifying theories as those which entail either a change in propagation
mechanisms after a shock versus those which are a continuation of existing
mechanisms. Identifying if this type of contagion exists could therefore provide
evidence for or against certain theories of transmission.

2. Literature review

The existing literature promotes a number of alternative methods to test for the
presence of contagion during financial market crises. A range of different
methodologies are in use, making it difficult to assess the evidence for and against
contagion, and particularly its significance in transmitting crises between countries.

The origins of current empirical studies of contagion stems from Sharpe (1964)
and Grubel and Fadner (1971), and more recently from King and Wadhini (1990),
Engle, Ito and Lin (1990) and Bekaert and Hodrick (1992). Many of the methods
proposed in these papers are adapted in some form to the current empirical literature on
measuring contagion.

Recently, research has been intensified to study the issue CEE countries,
especially after European Union enlargement.

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
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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.

Syriopoulos (2004) found that the individual Central European markets tend to
display stronger linkages with their mature counterparts than with neighboring
markets.

Looking for possible interrelations within three stock markets in Central and
Eastern Europe and 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 Egert and Kocenda (2005) argue
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. In general, it appears that spillover effects are
stronger from volatility to volatility as compared to contagion effects from return to
return series.

Patev, Kanaryan and Lyroudi (2006) investigated the CEE equity market co-
movements before, during and after major emerging market crises and examined the
impact of the crisis on the gains of international portfolio diversification in CEE. They
found no long-run relationship between the US and the four Central European stock
markets and a feedback effect and causality in one direction during and after the crisis
period. The authors confirm a decrease of portfolio benefits in the crisis period and an
increase of portfolio benefits in the post-crisis period.

3. Data and Methodology
3.1 Methodology

GARCH models are designed to capture certain characteristics that are
commonly associated with financial time series: Fat tails Volatility clustering Leverage
effects Probability distributions for asset returns often exhibit fatter tails than the
standard normal, or Gaussian, distribution. The fat tail phenomenon is known as excess
kurtosis. Time series that exhibit a fat tail distribution are often referred to as
leptokurtic.

In addition, financial time series usually exhibit a characteristic known as
volatility clustering, in which large changes tend to follow large changes, and small
changes tend to follow small changes. In either case, the changes from one period to
the next are typically of unpredictable sign. Large disturbances, positive or negative,
become part of the information set used to construct the variance forecast of the next
period's disturbance. In this manner, large shocks of either sign are allowed to persist,
and can influence the volatility forecasts for several periods. Volatility clustering, or
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persistence, suggests a time-series model in which successive disturbances, although
uncorrelated, are nonetheless serially dependent.

Volatility clustering (a type of heteroscedasticity) accounts for some but not all
of the fat tail effect (or excess kurtosis) typically observed in financial data. A part of
the fat tail effect can also result from the presence of non-Gaussian asset return
distributions that just happen to have fat tails, such as Student's t. Finally, certain
classes of asymmetric GARCH models are also capable of capturing the so-called
leverage effect, in which asset returns are often observed to be negatively correlated
with changes is volatility. That is, for certain asset classes, most notably equities but
excluding foreign exchange, volatility tend to rise in response to lower than expected
returns and to fall in response to higher than expected returns. Such an effect suggests
GARCH models that include an asymmetric response to positive and negative
surprises.

Modeling conditional covariances

The simplest way to model time varying covariances is to rely on plain rolling

averages. For the covariance between asset i and j we can simply estimate:

1 m
Oy = Z Ri,t+1—er,t+1—r
m =1

which is not necessary satisfactory due to the dependence on the choice of m.
We can instead consider models with mean-reversion in covariance. For
example, a GARCH(1,1) specification for covariance would be:

Oy =@y +OR, R, + fo;,

which will tend to revert to its long run average covariance which equals
o, =0, /(1-a-p)
Until now we not allowed for the persistence parameters to vary across
securities in order to guarantee that the portfolio variance will be positive regardless of

the portfolio holdings, w. We will say that a covariance matrix, X, is internally
consistent if for all vectors w
1
>
0] E 02 0

This corresponds to saying that the covariance matrix is positive-semidefinite.
It is ensured by estimating volatilities and covariances in an internally consistent
fashion. For example, using a GARCH(1,1) model with a and P identical across
variances and covariances will work as well. Unfortunately, it is not clear that the
persistence parameters should be the same for all variances and covariance. We
therefore now consider methods which are not subject to this restriction.
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Modeling Conditional Correlations

Because of the restriction on the persistence across variances and covariances
and also by the fact that correlations are easily interpreted as they fall in the interval
from minus one to one, we model the correlation rather than covariance. Covariances
on the other hand are a confluence of correlation and variance. For example, the
covariance between two assets could be time-varying even though the correlation is
constant simply because the variances are time-varying. Thus in order to truly assess
the dynamics in the linear dependence across assets, we need to get a handle on
correlation. There is ample empirical evidence that correlations increase during
financial turmoil and thereby increase risk even further, therefore, modeling correlation
dynamics is crucial to the risk manager.

A simple way to measure correlation is to treat it as the residual from the
covariance and the variance models. By definition

Ol =010 111 Pij i1
and so
pij,t+1 = Gij,tH /(Gi,t+lo-j,t+l) .

Therefore, if for example

2

2
ij,t+1 j

o it

=w+aR, R, + po;  foralli,j

then
2
ij,t

o+ aRi,tRj,t + po
pij,t+1 = ) 2 2 2
\/(a) +aR;, + fo;, Nw+aR;, + fo;,

which of course is not particularly intuitive. We therefore now consider models where
the dynamic correlation is modeled directly. We will again rely on the definition:
O-ij,t+1 = O-i,t+lo-j,t+1pij,t+l :
We can then standardize each return by its dynamic standard deviation to get
the standardized returns,

i t+1 .
d for all 1.

Zi,t+1 =
it+1
Notice the conditional covariance of news equals the conditional correlation of the raw

returns

Ri,t+l Rj,t+1 Et( i,t+1Rj,t+l) O

Et(Z[,Hle,Hl):Et = = Zp[j,Hl
O \O i 0110 jin
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as E, (ZZ[ 1) =E, (zil ;) =1 from the standardization. Thus modeling the conditional

correlation of the raw returns is equivalent to modeling the conditional covariance of
the standardized returns.
We can consider GARCH(1,1) type specifications of the form

qij,Hl = pu +a(thZ/t :sz)+ ﬂ(Q[j,[ _:5[/')'

If we rely on correlation targeting, and set /_) =E [z;.z;,], then we have

qzle ElZzt le+a( Ziy jl E|_le sz)+ﬂ(qW _El_Zzt le)
Again we have to normalize to get the conditional correlations

qij,t+l

Py =
\ Qi i+19 jj 101

The key thing to notice about this model is that the correlation persistence
parameters a and S are common across i and j. Thus the model implies that the
persistence of the correlation between any two assets in the portfolio is the same. It
does not, however, imply that the level of the correlations at any time is the same
across pairs of assets. The level of correlation is controlled by E [z;z;,] and will thus
vary over i and j. It does also not imply that the persistence in correlation is the same as
the persistence in volatility. The persistence in volatility can vary from asset to asset
and it can vary from the persistence in correlation between the assets. But the model
does imply that the persistence in correlation is constant across assets.

For the exponential smoother, and for the GARCH(1,1) we can write

0. =ElzzJ1-a-p)+ po,

In the two asset case we have

2

et Droen | L p, 1— 21y 2142y, qi1; 92,
(1-a-p) i p
912041 922,011 p12 21,2y, 23, 912 922,

where p;, is the unconditional correlation between the two assets, which can be
estimated in advance as
1 T
2 = _Zzl,tzz,t .
T3
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An important feature of these models is that the matrix Q. is positive definite
as it is a weighted average of positive semi-definite and positive definite matrices. This
will in turn ensure that the correlation matrix I'; and the covariance matrix, X, will
be positive semidefinite as required.

Another important practical advantage of this model is that we can estimate the
parameters in a sequential fashion. First all the individual variances are estimated one
by one. Second, the returns are standardized and the unconditional correlation matrix is
estimated. Third, the correlation persistence parameters o and B are estimated. The key
issue is that only very few parameters are estimated simultaneously using numerical
optimization. This feature makes the dynamic correlation models considered here
extremely tractable.

Quasi Maximum Likelihood Estimation

In estimating the dynamic conditional correlation models suggested above, we
can rely on the quasi maximum likelihood estimation (QMLE) method. In the case of
two assets, we can use the bivariate normal distribution function for z,;and z,, to write

the likelihood as
2 2
zZ, tzy, — 2:012,;21,122,1

1 T
L =—=>(n(l-p} )+ )
2 ; e (I- p122,t

where pj,; is given from the particular correlation model being estimated, and the
normalization rule. Hence

12,1

P =
911192201

g, =0+az,, ,z,,, + ﬂQIl,t—l
4, =0+oz,, z,,  + ﬂ%z,H

9y, =0+0z,,,z,, | + ﬂQ22,t—l

where:

We find the optimal correlation parameters by maximizing the correlation
loglikelihood function, L.. In order to initialize the dynamics, we set q;10= 1, quo= 1,

1
and ¢,,, = ?ZZZIZUZU . The variables which enter the likelihood are the rescaled

returns, z; and not the original raw returns, R, themselves. We are essentially treating
the standardized returns as actual observations here.
3.2 Data

The data consists in stock market indices from MSCI, with a daily frequency
and starting from November 30" 2005 until April 1* 2009, which resulted in 870 daily
log-returns. The indices that we used cover the following national stock markets:
Czech Republic, Hungary, Bulgaria, Croatia, the Eastern European MSCI composite



Contagion Across Central and Eastern European Stock Markets .................

index, Poland, Russia, Turkey, Romania, Slovenia, the MSCI European composite
stock index, Austria, France, Germany, Japan, United Kingdom and USA, totaling 17
national stock indices.

4. Results

The GARCH and the DCC models were calibrated on the 870 daily returns and
all the coefficients were computed for the 17 markets that were taken into account. As
presented in the methodology part of the paper, we calibrated a GARCH model for
each of the 17 series and we computed the daily standard deviations for the whole
period. These standard deviations were used in order to compute the standardized
returns, by dividing the absolute values of the log-returns to the standard deviations
computed in each day. These standardized values of the returns were used to calibrate
the DCC model for each pair of two national stock indices in our sample. Hence, we
obtained a three dimensional matrix of the size 870 x 17 x 17, which consists in all the
daily correlations for each pair of two indices in our sample. We have, in this way a
multivariate representation of the linear relations that characterize the dynamics of all
the indices in the respective period.

For lack of space we tried to present here some of the results that summarize
our findings. In order to provide such a report, we computed the means of all the
correlations for each pair of two indices in our sample, together with all the p-values
computed for a t-statistic that tests for the statistical significance of the means we have
at hand, for each year in our sample. As we did not include many days from 2005 we
reported the means and the p-values for both 2005 and 2006 taken together. These
results are presented in table 1.

We can see that the general movement of all the correlations in the period we
look at is towards an increase in the values of the means for the conditional
correlations and a reduction of the p-values, which is evidence for an increase in the
statistical significance of these correlations.

Table 1 — The averages of all the means of the daily correlations for the years in

the sample
CZECH
REPUBLIC HUNGARY BULGARIA CROATIA
p- p- p- p-

Means values | Means values | Means values | Means values
2005
and
2006 0,34 0,09 0,33 0,12 0,02 0,32 0,12 0,26
2007 0,35 0,11 0,38 0,11 0,03 0,38 0,20 0,19
2008 0,39 0,07 0,45 0,05 0,17 0,16 0,32 0,10
2009 0,43 0,07 0,34 0,10 0,21 0,10 0,30 0,07
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EASTERN
EUROPE POLAND RUSSIA TURKEY
P- P- P- P-
Means values | Means values | Means values | Means values
2005
and
2006 0,40 0,08 0,33 0,10 0,35 0,06 0,34 0,07
2007 0,45 0,08 0,41 0,10 0,40 0,07 0,43 0,08
2008 0,51 0,03 0,48 0,03 0,45 0,02 0,48 0,04
2009 0,46 0,07 0,41 0,07 0,41 0,07 0,41 0,09
ROMANIA SLOVENIA EUROPE AUSTRIA
p- p- p- p-
Means values | Means values | Means values | Means values
2005
and
2006 0,13 0,23 0,06 0,24 0,42 0,04 0,37 0,05
2007 0,22 0,15 0,07 0,24 0,50 0,06 0,45 0,04
2008 0,37 0,04 0,27 0,06 0,55 0,03 0,51 0,02
2009 0,24 0,12 0,12 0,25 0,52 0,03 0,43 0,06
UNITED
FRANCE GERMANY JAPAN KINGDOM
p- p- p- p-
Means values | Means values | Means values | Means values
2005
and
2006 0,40 0,06 0,39 0,04 0,18 0,17 0,39 0,05
2007 0,49 0,07 0,48 0,04 0,10 0,31 0,48 0,05
2008 0,54 0,03 0,53 0,01 0,19 0,18 0,52 0,03
2009 0,51 0,03 0,49 0,06 0,03 0,45 0,48 0,03
USA
p_
Means values
2005
and
2006 0,22 0,14
2007 0,26 0,14
2008 0,26 0,13
2009 0,25 0,11

Source: computations in Matlab realized by the authors

The next step in our analysis consists in performing the test of the significance
of the size of the correlations in the period before August 15™ 2008 and the period after
that specific date. After consulting a lot of opinions concerning the moment at which
the crisis started, we found that many analysts are referring to this date. Hence, in table
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2 we present the average values of the means of all the daily correlations of each
country in our sample with each of the other countries for the period before this date

and the period after.

As in table 1, we can observe that the p-values become smaller as we go from
the period before August 15" 2008 towards the period after that moment. We consider

this to be evidence of the fact that there exists contagion in these markets.

Table 2 — The average values of all the daily correlations of each country in the

sample for the before (B) and after (A) periods

(67 HU BU PL RO SL

M P M P M P M P M P M P

HU B |05 0 0 0 0 0 0 0 0 0 0 0
A |06 0 0 0 0 0 0 0 0 0 0 0
BU B 0 05 0 05 0 0 0 0 0 0 0 0
A|04 01]03 0 0 0 0 0 0 0 0 0
cR B|02 02|02 03|01 04 0 0 0 0 0 0
A |05 004 01]05 0.1 0 0 0 0 0 0
EE B | 0.6 0|06 0 0 04 0 0 0 0 0 0
A 108 0]0.6 0]04 0 0 0 0 0 0 0

pL B |05 0|07 0 0 05 0 0 0 0 0 0
A |07 0]0.6 0]0.3 0 0 0 0 0 0 0
RU B |05 0|05 0/01 01,05 0 0 0 0 0
A |07 0105 0]0.2 0]0.6 0 0 0 0 0
U B|05 0|06 0/01 0406 0 0 0 0 0
A |06 0]0.6 0]03 02|06 0 0 0 0 0
rRo B|[02 02]02 01|02 02]02 0.2 0 0 0 0
A |05 0]0.5 0/03 0105 0 0 0 0 0

s. B|01 0401 04|01 04|01 03]02 0.2 0 0
A|03 02|03 01/04 01]03 01/03 03 0 0
EU B |05 0|06 0/01 01|06 0|03 02|01 0
A |07 0]0.6 0]0.3 0]0.7 0]04 0]03 0
Aau B |05 0|05 0{01 0106 003 02]0.1 0
A | 0.6 0]0.5 0]0.2 0]0.6 0[{04 0103 0
FR B | 0.5 0|05 0 0 02|06 0{02 02|01 041
A | 0.6 0]0.6 0]0.2 0]0.6 0]04 0]03 0
GR B |05 0|06 0/{01 0106 0(02 02|01 0
A |06 0]0.6 0]0.2 0]0.6 0]04 0]0.3 0

Jjp B|02 02|01 03|01 04|01 02]02 03|01 0.3
A|02 03|01 04|04 0j01 03|01 0304 0.1




Radu Lupu, Iulia Lupu

0

0.3

NA

UK

0,6
0,6

0.4

0| NA NA

0
0.1

0|02 02|01

0.6
0.6

0.2 0.1

0

JP

0,3
0,3
0,4
0,5

0,2
0,1

0,1

0.1

0.1

0.2

1

0

0 08]0.2

GR

0,2
0,4

0,2

0,8
0,8
0,5
0,5

0

0

0.5
0.6

0.3 0.1

FR

0,9
0,9
0,2

0,1

0,3
0,4

0,9
0,9
0,6
0,6

0

0
0

0.5

UK B

A | 0.6

B|02 02]|02 02

Us

Al 02 01

AU

HU

BU

CR

EE

PL

RU

TU

RO

SL

EU

AU

0.7
0.7
0.7

FR

GR

0.7

0,2
0,4

0.2
0.1

JP

0.7

UK

0

0.7
NA

A

NA

Us

NA

NA




5. Conclusions

In this paper we performed a test of contagion on 17 stock indices that include
developed and emerging markets. We used the Dynamic Conditional Correlation
technique in a GARCH framework to compute the daily correlations for a period
starting in 2005 and ending in 2008.

We found that the correlations become more statistically significant as we go
from the early stages of our sample towards the end of it. Our test takes into account
the fact that the correlations can change from one day to another and it can provide
powerful evidence in the support of the phenomenon of contagion.

REFERENCES

[1]Bekaert, G., Harvey, C.R. (1997), Emerging Equity Market Volatility, Journal of
Financial Economics 43;

[2]Bekaert, G.,Hodrick, R. (1992), Characterizing Predictable Components in
Excess Returns on Equity and Foreign Exchange Markets, Journal of Finance, 47,
467-509;

[3] Caraiani, P. (2009), Inflation Persistence and DSGE Models. An Application on
Romanian Economy, Journal of Economic Computation and Economic Cybernetics
Studies and Research, Vol.3 (43);

[4]Cheung, Y.-L., Cheung, Y.-W. and Ng, C.C. (2006), East Asian Equity
Markets, Financial Crises, and the Japanese Currency, Journal of the Japanese
International Economies, 21, 138-152;

[S]Egert, B., Kocenda, E. (2005), Contagion Across and Integration of Central and
Eastern European Stock Markets: Evidence from Intraday Data, William Davidson
Institute Working Paper, no. 798;

[6]Engle R.F., Ito, T., Lin, W. (1990), Meteor Showers or Heat Waves?
Heteroskedastic Intra-Daily Volatility in the Foreign Exchange Market,
Econometrica, 58, 525-42;

[7]Engle, R.F., Granger, C.W.J. (1987), Co-Integration and Error Correction:
Representation, Estimation, and Testing, Econometrica, 55, pp.251-276;

[8]Forbes, K., Rigobon, R. (1999), No Contagion, Only Interdependence Measuring
Stock Market Co-Movements, NBER Working Paper no.7267;

[9]Grubel, H.G., Fadner R. (1971), The Interdependence of International Equity
Markets, Journal of Finance, 26, 89-94;

[10]Hajalmarsson, E., Osterholm, P. (2007), Testing for Cointegration Using the
Johansen Methodology when Variables are Near-Integrated, IMF Working Paper,
07/141;

[11] Harris, R.L.D. (1995), Using Cointegration Analysis in Econometric Modeling,
Prentice Hall;



Radu Lupu, Iulia Lupu

[12]Horobet, A., Dumitrescu, S. (2009), On the Causal Relationship between
Monetary, Financial and Real Macroeconomic Variables: Evidence from Central
and Eastern Europe, Journal of Economic Computation and Economic Cybernetics
Studies and Research, Vol. 3 (43), ASE Publishing House, Bucharest;

[13]King, M., Wadhwani, S. (1990), Transmission of Volatility between Stock
Markets, Review of Financial Studies, 3 (1), 5-33;

[14] Iorgulescu, F., Stancu , I. (2008), Value at Risk: A Comparative Analysis,
Journal of Economic Computation and Economic Cybernetics Studies and Research,
Vol.3-4 (42), ASE Publishing House, Bucharest;

[15] Lupu, R., Lupu, I. (2007), Testing for Heteroskedasticity at the Bucharest
Stock Exchange, Romanian Economic Journal, vol. 10(23), 19-28, June;

[16] Patev P., Kanaryan, N., Lyroudi, K. (2006), Stock Market Crises and Portfolio
Diversification in Central and Eastern Europe, Managerial Finance, 32(5): 415-432;
[17] Ruxanda, Gh., Stoian Adrian (2008), Modelling the Relationship between
Foreign Direct Investment and Economic Growth”, Journal of Economic
Computation and Economic Cybernetics Studies and Research, Vol.3-4 (42);
[18]Scheicher Martin (2001), The Comovements of Stock Markets in Hungary,
Poland and the Czech Republic, International Journal of Finance and Economics,
6(1): 27-39;

[19]Sharpe, W. (1964), Capital Asset Prices: A Theory of Market Equilibrium under
Conditions of Risk, Journal of Finance, 19, 425-442;

[20]Tse, Yiuman , Chunchi Wu, Young, Allan (2003), Asymmetric Information
Transmission between a Transition Economy and the U.S. Market: Evidence from
the Warsaw Stock Exchange, Global Finance Journal, 14(3): 319-32.



