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Abstract This paper adopts the robust cross-correlation function methodology de-
veloped by Hong (J Econom 103:183–224, 2001) in order to test for volatility and
mean spillovers between Greek long-term government bond yields and the banking
sector stock returns of four Southern European countries, namely Greece, Portugal,
Italy, and Spain. Its primary focus is on investigating the potential impacts of the
recent European sovereign debt crisis. While most previous studies have focused on
within-country causalities, we rather assess cross-country transmission effects. The
presented results provide evidence of bidirectional volatility spillovers between
Greek long-term interest rates and the banking sector equities of Portugal, Italy, and
Spain that emerged during the European sovereign debt crisis. We also find signif-
icant unidirectional causality-in-mean from bank stock returns in Greece to Greek
long-term bond yields during the crisis period as well as significant causality at the
mean level from the bank equity returns in Portugal, Italy, and Spain to Greek bond
yields.

Keywords Bank Stock Returns . Bond Yields . Causality-In-Variance Test .

International Volatility Spillover . Greek Sovereign Debt Crisis

JEL Classification G14 . G15 . G20

1 Introduction

Since the onset of the recent Greek sovereign debt crisis, bank managers and monetary
authorities not only in Greece but also in neighboring countries such as Portugal, Italy,
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and Spain have become more cautious about the relationships between their bank stock
returns and changes in Greek government bond yields. Their imminent concerns seem to
stem from the fact that these neighboring countries hold considerable amounts of Greek
sovereign bonds. In fact, according to the results of the stress test conducted by the
European Banking Authority in July 2011, the exposure of banks in Greece, Portugal,
Italy, and Spain to Greek sovereign debt amounts to 54.4, 1.4, 1.4, and 0.4 billion euro,
respectively. This degree of exposure implies that even a moderate level of haircuts on
these debts might cause significant losses in the banking sectors of those countries. This
conclusion suggests that it is worthwhile investigating the potential causality between
Greek government bond yields and the bank stock returns of these four Mediterranean
countries.

Previous studies have shown that the causal linkage between bank stock returns
and bond yields can display different directions and signs. Present value models
imply that stock prices fall when long-term interest rates increase. Nonetheless, as
Shiller and Beltratti (1992) contend, a positive relationship between stock prices and
long-term interest rates can also exist when changes in interest rates carry information
about the outlook for future dividends. Moreover, we can also consider the opposite
causality, namely from stock returns to long-term interest rates. As Alaganar and Bhar
(2003) argue, because stock markets have a forward-looking nature, current stock
prices, especially those of the banking sectors whose profit levels can be closely
related to interest rates, may reflect expectations about future interest rates.

Another stream of research has empirically analyzed the relationships between
bank stock returns and interest rates. Earlier studies that typically employed a two-
index model (i.e., interest rates and market factors) under the assumption of constant
variance yielded mixed results in terms of the causality between them. Further,
several studies have also contended that interest rates do not significantly affect the
stock returns of financial institutions (e.g., Lloyd and Shick 1977; Chance and Lane
1980). By contrast, Flannery and James (1984) and Bae (1990) provide evidence of
the negative impact of interest rates on returns on banking sector stocks. As Bae
(1990) points out, a varied construction of the interest rate series may be one reason
for such mixed results.

Moreover, recent studies of the relationship between interest rates and bank
stock returns have assumed time-varying conditional variance. Based on this
assumption, they have adopted different classes of the autoregressive condition-
al heteroskedastic (ARCH) models developed by Engle (1982) or the generalized
autoregressive conditional heteroskedastic (GARCH) models proposed by Bollerslev
(1986). Song (1994) was among the first to use an ARCH-type model in order to
demonstrate that the time-varying risk measures of interest rates are incorporated in
the pricing of U.S. banking sector stocks, while Elyasiani and Mansur (1998)
employed a GARCH-in-mean (GARCH-M) model to identify the negative effects
of long-term interest rates and their volatilities on both the means and the
variances of U.S. bank stock returns. Tai (2000), using three different approaches
including a multivariate GARCH-M model, confirms the significant impacts of
interest rates, the world market, and exchange rate risks on U.S. bank stock returns.
Using a multivariate GARCH model, Elyasiani and Mansur (2004) also find evidence
of the significant influence of short-term and long-term interest rates and their
volatilities on U.S. bank stock returns. Verma and Jackson (2008) extend that study
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by employing a multivariate exponential generalized autoregressive conditional het-
eroskedasticity (EGARCH) model in order to demonstrate the asymmetric influence
of positive and negative interest rate changes on U.S. bank stock returns, indicating
that bank equity returns are more sensitive to negative than positive changes in
interest rates.

Another approach in the literature employs cross-correlation function (CCF)
methodologies primarily to investigate short-term dynamics in the relationship be-
tween interest rates and bank stock returns. Alaganar and Bhar (2003) find support for
a two-way information flow between the interest rates and financial sector returns of
G7 countries by using the causality-in-mean and causality-in-variance tests suggested
by Cheung and Ng (1996). One of the key advantages of this approach is that it can
detect not only the direction of causality but also the leads and lags structure of
causality at the variance as well as at the mean levels. It is important to analyze
causality-in-variance because volatility contains useful data on information flows, as
Ross (1989) points out. In addition, Engle et al. (1990) attribute the volatility
movement of asset price changes to the time necessary for investors to process new
information.

The present paper uses daily data from January 2007 to June 2011 in order
to examine the causality-in-variance and causality-in-mean between long-term
government bond yields in Greece and the banking sector stock returns of four
Southern European countries, namely Greece, Portugal, Italy, and Spain. We
thus extend the existing literature on the relationship between interest rates and
bank stock returns in the following two directions. First, ours is one of the few
studies that assess the two-way cross-border spillover of information flows
between bond yields and bank stock returns. Most previous studies of this
topic have investigated only within-country transmission effects. Indeed, we
are among the first to study how the recent Greek sovereign debt crisis might
affect the relationship between Greek long-term government bonds and the
banking sector stocks in neighboring countries. Second, we use the CCF
approach recently developed by Hong (2001). This methodology improves on
Cheung and Ng’s (1996) model, which is constrained by weighting each lag uni-
formly, making no distinction between recent and distant cross-correlations. The
results of our study are relevant not only for policymakers who intend to monitor
and prevent cross-country spillover effects between sovereign bond yields and bank
stock returns, but also for the bank managers and investors who manage the portfolios
of banking sector stocks in the affected countries.

The remainder of the paper is organized as follows. The next section presents the
empirical framework used in this study, followed by an explanation of our dataset in
Section 3. Section 4 reports our findings from the causality tests, while Section 5
concludes.

2 Empirical framework

This paper employs the two-step CCF methodology proposed by Hong (2001). In the
first step, we fit a univariate model to each data series, allowing for a time-varying
conditional mean and variance. Compared with the research designs of Elyasiani and
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Mansur (1998) and Alaganar and Bhar (2003), who apply GARCH(1,1) models, we
select the best of the AR(k)-EGARCH(p,q) models, shown as follows1:

$rt ¼ a0 þ
Xk

i¼1
ai$rt�i þ "t; Et�1 "tð Þ ¼ 0; Et�1 "2t

� � ¼ σ2; ð1Þ

log σ2
t

� � ¼ w þ
Xq

i¼1
ai zt�ij j þ g izt�ið Þ þ

Xp

i¼1
bi log σ2

t�i

� �
; ð2Þ

where zt ¼ "t=σt has a normal distribution with zero mean and unit variance and Δrt
represents the first differences of the natural logarithm of each time series. We select k
(0 1, 2, …, 10), p(0 1, 2), and q(0 1, 2) on the basis of the Schwarz Bayesian
information criterion and use residual diagnostics to avoid autocorrelation.

Using the EGARCH model for this purpose is appropriate for the following two
reasons. First, because the logarithmic form of the model ensures the nonnegativity of
the conditional variance, we are not constrained by the signs of the coefficients, unlike the
GARCH framework. Second, andmore importantly, the coefficients of the ARCH terms in
the EGARCH model can capture the asymmetric effects caused by positive and negative
shocks. This may provide a good fit to test the proposed relationships in this paper, because
in the actual banking sector stock (or government bond) markets, the shocks to volatilities
differ depending on whether stock price returns (or bond yields) increase or decrease.

In the second step, we conduct the causality-in-variance and causality-in-mean
tests using weighted CCF values.2 Previously, a typical approach to investigate
volatility spillovers was to apply a GARCH model, simultaneously modeling more
than two time series. One drawback of using a multivariate GARCH framework is
that because many parameters must be estimated, it generates a degree of computa-
tional complexity. Moreover, uncertainty can be created in terms of first- and second-
moment dynamics, as the time series are likely to interact. By contrast, the CCF
approach put forward by Cheung and Ng (1996) avoids these issues by employing a
two-step procedure, where each time series is fitted to a univariate model and then the
null hypothesis of no causality-in-variance is tested using the CCF values of the
squared standardized residuals. This test makes no distributional assumptions on
innovation processes, and this it tends to display greater power compared with
traditional Granger causality tests.

Let Xt and Yt be two stationary time series and denote two information sets,

I t ¼ X t�j; j � 0
� �

and J t ¼ X t�j; Y t�j; j � 0
� �

: ð3Þ
We can conclude that Yt causes Xt in variance if

E X t � μX ;t

� �2
I t�1j

h i
6¼ E X t � μX ;t

� �2
J t�1j

h i
; ð4Þ

where μX,t represents the mean of Xt conditioned on It.

1 See Nelson (1991) for details of the EGARCH model.
2 Hong’s (2001) approach is typically used in a bivariate framework, because it allows for dealing with only
two variables at once. Some previous studies have conducted Granger causality tests with multiple
variables as a system. For instance, Lee (1992), using a VAR system, investigates the relationships among
stock returns, interest rates, inflation rates, and growth in industrial production. Our study focuses
specifically on the bivariate relationship between bank stock returns and bond yields.
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In order to test for the null hypothesis of no causality-in-variance during the firstM
lags, Cheung and Ng (1996) developed an S-statistic, which is asymptotically robust
to distribution assumptions as follows:

S ¼ T
XM

i¼1
ρ
^ 2

uvðiÞ L�� !c2ðMÞ ð5Þ
where

bρuvðiÞ ¼ cuuð0Þcvvð0Þf g�1=2cuvðiÞ; ð6Þ

cuvðjÞ ¼ T�1 PT�j
t¼1 but � uð Þ bvtþj � v

� �
for j � 0;

¼ T�1 PT�j
t¼1 but�j � u

� � bvt � vð Þ for j < 0;
ð7Þ

ut ¼ X t � μX ;t

� �2
hX ;t

�
; ð8Þ

vt ¼ Y t � μY ;t

� �2
hY ;t

�
: ð9Þ

Here, cuu(0) and cvv(0) represent the sample variances of disturbances ut and vt.
Further, hi,t represents a conditional variance of a GARCH(p, q) model and T is the
sample size.

A key shortcoming of this S-statistic is that it places a uniform weight on each lag,
with no differentiation between recent cross-correlations and distant ones. Therefore,
the S-statistic is not consistent with the intuition that more recent information should
be weighted to a heavier degree. In order to avoid this issue, Hong (2001) modified
and extended the CCF methodology by developing the following Q-statistic in order
to test for one-sided causality3:

Q ¼ T
XT�1

j¼1

k2 j M=ð Þ ρuvðjÞ
^

�C1T ðkÞ
( )

2D1T ðkÞf g1=2
.

; ð10Þ

where

C1T ðkÞ ¼
PT�1

j¼1
1� j T=ð Þk2 j M=ð Þ;

D1T ðkÞ ¼
PT�1

j¼1
1� j T=ð Þ 1� jþ 1ð Þ=Tf gk4 j M=ð Þ;

kðzÞ ¼ 1; zj j � 1;
0; otherwise:

�

3 In terms of the weighting function k(z) above, we selected the truncated kernel, which provides compact
support. By performing Monte Carlo experiments, Hong (2001) contends that for a smaller M (i.e., M 0
10), the truncated kernel gives approximately similar power to non-uniform kernels such as the Bartlett,
Daniell, and QS kernels. For the application of the Hong test, refer to, for example, Xu and Hamori (2012)
and Tamakoshi and Hamori (2013).
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Hong (2001) shows that

Q ! N 0; 1ð Þ in distribution:

If the Q-statistic is larger than the upper-tailed N(0,1) critical values, we reject the
null hypothesis of no causality-in-variance during the first M lags. Further, because
this test does not rely on distributional assumptions, the specification of the innova-
tion process is more flexible. A similar process could be employed for causality-in-
mean tests using the CCF values of standardized residuals instead of squared stan-
dardized residuals, as is carried out in subsequent analyses in this paper.

3 Data

We obtain daily data on 10-year Maastricht convergence bond yields from Eurostat,
which are widely used for comparative studies of long-term sovereign bonds in
eurozone countries.4 With regard to banking sector equities in the four investigated
countries, we extract daily values on the DataStream stock market indices in the
banking sector of each country from Thomson Financial DataStream. We focus on the
banking sector partly because banks and financial institutions are considered to have
been badly affected by the Greek sovereign debt crisis on account of their direct
holding of Greek government bonds. Moreover, comparable datasets of all the
countries studied over the tested period are available only for the banking sector
and not for other sub-sectors such as insurance and real estate.

The sample covers the period from January 2, 2007, to June 30, 2011. We divide
the period into two sub-periods: the pre-crisis period (from January 2, 2007, to
November 4, 2009) and the crisis period (from November 5, 2009, to June 30,
2011). We choose November 5, 2009, as the beginning of the debt crisis period
because on that day the Greek government disclosed that its fiscal deficit was twice as
much as it had announced previously.5 This disclosure led market participants to
realize that the nation faced a serious solvency issue.

We use daily data in our study primarily for two reasons. First, we try to avoid the
issue of aggregation effects, which using less frequent data may trigger. Second, daily
datasets contain a sufficient number of samples for analyzing the impacts of relatively
recent events such as the Greek sovereign debt crisis.

Table 1 summarizes the descriptive statistics of the data on Greek long-term
sovereign bond yields and Southern European banking sector stock indices. The
mean of Greek bond yield returns increased (i.e., the interest rates soared) during
the course of the crisis, but the mean of the stock index returns decreased, except in

4 One possible choice for the Greek government bond data is to use the risk premium on bond prices,
because we use stock price-level data to represent the banking sector. Nevertheless, we employ bond yields
data to ensure that the results of our analysis are comparable with those of similar studies such as Alaganar
and Bhar (2003).
5 We selected this date based on the key event that signified the onset of the crisis, as is common in the
related literature. Nonetheless, we also need to mention that the break date in the time series could be earlier
or later than this announcement by the Greek government. Indeed, some methodologies detect structural
breakpoints endogenously, although these statistical procedures do have their own limitations. For instance,
Bai and Perron (1998, 2003) describe how to estimate the location of multiple endogenous structural breaks
in mean and variance parameters.
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Italy. With regard to the movement in volatilities, the standard deviation of Greek
bond yields, Greek stock indices, and Portuguese stock indices increased, whereas
that of the stock indices of other countries decreased. Further, the Jarque–Bera tests
rejected normality for all cases regardless of the sub-sample periods.

By employing an augmented Dickey–Fuller test, we identified the unit root
processes for level data but not for the first log-differenced data of government bond
yields and banking sector stocks at the 1 % significance level, as shown in Table 2.
Hence, we express the data as percentage changes over the previous period, as is
common in the previous literature.

4 Empirical results

Table 3 summarizes the parameter estimates for each of the selected AR(k)-EGARCH
(p,q) models. The lag lengths in the return equations differ across each time series in
each sub-sample period; however, we select the EGARCH(1,1) model for all
the time series in the variance equations. It is noticeable that all the coef-
ficients of the ARCH (αi), GARCH (βi), and asymmetric (γi) terms are statistically
significant at the 5 % significance level, except for the ARCH term with regard to
Greek banking sector stock indices during the crisis period. Q(20) and Q2(20)
represent the Ljung–Box statistics that are used to test for the null hypothesis of no
autocorrelation up to order 20 for the standard residuals and standard residuals
squared, respectively. As indicated in Table 3, both the statistics are well above
0.05 for all cases. Hence, the null hypothesis of no autocorrelation up to order 20
for the standardized residuals and standardized residuals squared is accepted at the
5 % significance level. These results empirically support our specification of the
presented AR-EGARCH models.6

Tables 4, 5, 6 and 7 report Hong’s (2001) Q-statistics that are used to test for the
null hypothesis of no causality up to lag M (0 5, 10, 15), measured in days, for each
combination of Greek long-term bond yields and the banking sector stock indices of
the four investigated countries before and during the Greek sovereign debt crisis.
Figure 1 graphically indicates the detected causality-in-mean and causality-in-
variance. From these results, we extract three interesting findings.

First, we find support for the significant causality-in-mean effects seen from
bank stock returns in Greece to Greek long-term bond yields—but only during
the sovereign debt crisis period. By contrast, the reverse causality (i.e., the
negative impact of interest rate changes on the country’s bank stock returns) is
not significant. One possible reason for the detected causality from bank stock
returns to bond yield changes is that in the short run the crisis may have
strengthened the forward-looking nature of stock returns in troubled banking
sectors. As Alaganar and Bhar (2003) contend, banking sector stock prices can

6 However, it must be noted that even though the variance equation in the pre-crisis period displays a very
good fit to the EGARCH specification, the fit of the equation in the crisis period is relatively poor. An
alternative approach that may be useful for considering the effect of the crisis in the EGARCH framework,
although not used in this paper, is to include a dummy variable in the conditional variance equation.
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incorporate the expectations of market participants about the state of the economy as
well as future interest rates.

Table 1 Summary statistics of Greek long-term bond yields and Southern European banking sector stocks

GR Sovereign
Bond

GR Banking
Stock

PT Banking
Stock

IT Banking
Stock

ES Banking
Stock

Whole sample: (January 2, 2007–June 30, 2011)

Mean (percentage) 0.12 −0.17 −0.13 −0.10 −0.06
Median (percentage) 0.00 −0.01 −0.04 −0.05 −0.02
Maximum (percentage) 11.51 12.98 12.79 15.79 19.06

Minimum (percentage) −11.91 −11.10 −10.10 −9.90 −11.51
Std. Dev. (percentage) 1.68 2.83 1.89 2.23 2.31

Skewness 0.22 0.28 0.20 0.25 0.56

Kurtosis 13.14 5.08 7.19 8.37 10.06

Jarque-Bera 5,031.4 227.4 865.5 1,419.9 2,491.1

Probability 0.0000 0.0000 0.0000 0.0000 0.0000

Number of observations 1,171 1,171 1,171 1,171 1,171

Pre-crisis period: (January 2, 2007–November 4, 2009)

Mean (percentage) 0.02 −0.09 −0.11 −0.11 −0.05
Median (percentage) 0.00 0.00 0.00 −0.01 −0.03
Maximum
(percentage)

5.82 11.60 9.09 10.96 12.04

Minimum (percentage) −4.69 −11.10 −10.10 −9.90 −11.51
Std. Dev. (percentage) 1.10 2.57 1.86 2.30 2.33

Skewness 0.53 0.05 −0.01 −0.01 0.17

Kurtosis 5.96 5.87 6.66 7.28 7.35

Jarque-Bera 304.5 254.8 414.0 567.3 588.9

Probability 0.0000 0.0000 0.0000 0.0000 0.0000

Number of observations 742 742 742 742 742

Crisis period: (November 5, 2009–June 30, 2011)

Mean (percentage) 0.29 −0.31 −0.16 −0.10 −0.08
Median (percentage) 0.13 −0.44 −0.15 −0.14 −0.02
Maximum (percentage) 11.51 12.98 12.79 15.79 19.06

Minimum (percentage) −11.91 −10.22 −7.06 −7.20 −8.69
Std. Dev. (percentage) 2.36 3.22 1.95 2.10 2.29

Skewness −0.04 0.53 0.53 0.85 1.27

Kurtosis 8.76 4.21 7.95 10.85 15.15

Jarque-Bera 592.4 46.4 458.6 1,152.6 2,752.4

Probability 0.0000 0.0000 0.0000 0.0000 0.0000

Number of observations 429 429 429 429 429

Statistics for the log-differences on the daily bond yields and daily stock prices multipled by 100 are
reported

Countries are abbreviated as follows; GR (Greece), PT (Portugal), IT (Italy), and ES (Spain)
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Second, we find evidence of significant causality at the mean level from bank
stock returns in Portugal, Italy, and Spain to Greek sovereign bond yields. This
causality is transient up to lag 5 and prevalent both before and during the crisis
period in Portugal and Italy; in Italy, the significant causality is detected only during
the crisis period. One reason behind this causality is that market participants believe
that Greece’s solvency depends on its chances of being bailed out by its neighboring
nations and thus any slump in the bank stock returns in those countries may affect
Greek bond yields. This finding implies that the short-term relationship between
Greek bond yields and Southern European bank stock returns is more intricate
compared with the one-way causality from interest rates to stock prices, which most
previous studies have tended to assume when examining these relations over longer
horizons.

Third, we detect bidirectional causality-in-variance from and to Greek long-term
bond yields, which emerged after the crisis, in banking sector stocks in Portugal, Italy,
and Spain. Such an interesting finding of a two-way causal linkage is consistent with

Table 2 Augmented dickey-fuller (ADF) test of unit roots

GR Sovereign
Bond

GR Banking
Stock

PT Banking
Stock

IT Banking
Stock

ES Banking
Stock

Whole sample: (January 2, 2007–June 30, 2011)

For first log-differences:

Without time trend (1 % critical value 0 −3.44)
ADF test statistic: −30.70 −32.35 −31.07 −32.19 −32.66
p -value: 0.0000 0.0000 0.0000 0.0000 0.0000

With time trend (1 % critical value 0 −3.97)
ADF test statistic: −30.76 −32.34 −31.06 −32.18 −32.65
p -value: 0.0000 0.0000 0.0000 0.0000 0.0000

Pre-crisis period: (January 2, 2007–November 4, 2009)

For first log-differences:

Unit root without time trend (1 % critical value 0 −3.44)
ADF test statistic: −24.20 −24.62 −24.94 −13.17 −26.51
p-value: 0.0000 0.0000 0.0000 0.0000 0.0000

Unit root with time trend (1 % critical value 0 −3.97)
ADF test statistic: −24.21 −24.61 −24.93 −13.17 −26.52
p -value: 0.0000 0.0000 0.0000 0.0000 0.0000

Crisis period: (November 5, 2009–June 30, 2011)

For first log-differences:

Without time trend (1 % critical value 0 −3.45)
ADF test statistic: −18.74 −20.58 −15.49 −19.66 −19.03
p-value: 0.0000 0.0000 0.0000 0.0000 0.0000

With time trend (1 % critical value 0 −3.98)
ADF test statistic: −18.73 −20.59 −15.47 −19.64 −19.01
p-value: 0.0000 0.0000 0.0000 0.0000 0.0000

Countries are abbreviated as follows; GR (Greece), PT (Portugal), IT (Italy), and ES (Spain)
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the findings of Alaganar and Bhar (2003). The emerging volatility spillovers from
Greek bond yields to banking sector equity returns may indicate that the banking
sectors of Portugal, Italy, and Spain were vulnerable to the solvency risks of the
Greek sovereign bonds they held. As the onset of the debt crisis made market
participants fully realize such risks, the volatilities may have begun to reflect such
information flows significantly, even though they were not captured in the causality at

Table 4 Cross correlation analysis between Greek bond yields and Greek banking stock indices

Causality-in-Mean Causality-in-Variance

M GRBK→GRB GRB→GRBK GRBK→GRB GRB→GRBK

Pre-crisis period: (January 2, 2007–November 4, 2009)

5 0.99 −0.84 1.04 0.48

10 0.30 −1.59 0.98 0.34

15 −0.02 −1.16 0.57 0.21

Crisis period: (November 5, 2009–June 30, 2011)

5 3.70 ** −0.74 0.11 −1.17
10 3.43 ** −0.97 −0.39 −1.44
15 3.50 ** −0.43 −0.99 −1.51

Table entries indicate values of the Q-statistic based on the Hong (2001) approach

The Q-statistic is used to test the null hypothesis of no-causality from lag 1 up to lag M (M05, 10, 15)

Q-statistic are based on one-side tests. Lags are measured in days

Each of the assets are abbrebiated as follows: GRB (Greek sovereign bond) and GRBK (Greek banking
sector stock). * and ** indicates significance at 5 % and 1 %, respectively

Table 5 Cross correlation analysis between Greek bond yields and Portuguese banking stock indices

Causality-in-Mean Causality-in-Variance

M PTBK→GRB GRB→PTBK PTBK→GRB GRB→PTBK

Pre-crisis period: (January 2, 2007–November 4, 2009)

5 1.96 * −0.16 4.98 ** −0.49
10 0.79 −0.15 2.87 ** −0.92
15 0.04 0.81 3.56 ** 0.72

Crisis period: (November 5, 2009–June 30, 2011)

5 2.65 ** 0.58 2.46 ** 1.93 *

10 1.15 0.00 1.40 1.11

15 0.99 −0.52 1.09 0.39

Table entries indicate values of the Q-statistic based on the Hong (2001) approach

The Q-statistic is used to test the null hypothesis of no-causality from lag 1 up to lag M (M05, 10, 15)

Q-statistic are based on one-side tests. Lags are measured in days

Each of the assets are abbrebiated as follows: GRB (Greek sovereign bond) and PTBK (Portuguese banking
sector stock). * and ** indicates significance at 5 % and 1 %, respectively
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the mean level. Nonetheless, we should also mention that the sovereign debt crisis
may have affected all the studied countries at the same time and that a common factor
may have driven this apparent bidirectional causality during the crisis period. If this
were the case, the detected causality would be considered to be spurious. Investigat-
ing the existence of such a common factor would thus call for different methodolo-
gies, because Hong’s (2001) approach focuses on testing the short-term dynamics
between only two variables.

Table 6 Cross correlation analysis between Greece bond yields and Italian banking stock indices

Causality-in-Mean Causality-in-Variance

M ITBK→GRB GRB→ITBK ITBK→GRB GRB→ITBK

Pre-crisis period: (January 2, 2007–November 4, 2009)

5 1.18 0.39 1.73 * 0.37

10 0.05 −0.40 2.02 * 1.48

15 −0.43 −0.20 3.95 ** 1.06

Crisis period: (November 5, 2009–June 30, 2011)

5 2.69 ** −0.73 1.90 * −0.04
10 1.69 * −0.92 1.58 2.38 **

15 1.06 −0.82 0.96 2.82 **

Table entries indicate values of the Q-statistic based on the Hong (2001) approach

The Q-statistic is used to test the null hypothesis of no-causality from lag 1 up to lag M (M05, 10, 15)

Q-statistic are based on one-side tests. Lags are measured in days

Each of the assets are abbrebiated as follows: GRB (Greece sovereign bond) and ITBK (Italian banking
sector stock). * and ** indicates significance at 5 % and 1 %, respectively

Table 7 Cross correlation analysis between Greece bond yields and Spanish banking stock indices

Causality-in-Mean Causality-in-Variance

M ESBK→GRB GRB→ESBK ESBK→GRB GRB→ESBK

Pre-crisis period: (January 2, 2007–November 4, 2009)

5 2.42 ** 0.06 1.37 0.59

10 0.61 −0.49 0.70 0.66

15 −0.29 0.45 2.11 * 0.75

Crisis period: (November 5, 2009–June 30, 2011)

5 1.67 * −0.56 2.02 * −0.10
10 0.72 −0.85 2.00 * 2.03 *

15 0.13 −1.39 0.95 1.50

Table entries indicate values of the Q-statistic based on the Hong (2001) approach

The Q-statistic is used to test the null hypothesis of no-causality from lag 1 up to lag M (M05, 10, 15)

Q-statistic are based on one-side tests. Lags are measured in days

Each of the assets are abbrebiated as follows: GRB (Greek sovereign bond) and ESBK (Spanish banking
sector stock). * and ** indicates significance at 5 % and 1 %, respectively
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5 Conclusion

This paper investigated the causality-in-variance and causality-in-mean between
Greek long-term bond yields and the banking sector equity returns of four Southern
European countries based on daily data from January 2007 to June 2011. It focused
on assessing the potential impacts of the recent European sovereign debt crisis. To
conduct the causality tests, we used the robust CCF approach developed by Hong
(2001), which does not rely on simultaneous inter-series modeling and thereby allows
for flexible specifications of innovation processes.

The main findings from our analysis are threefold. First, the significant
unidirectional causality-in-mean from bank stock returns in Greece to Greek
long-term bond yields arises only during the sovereign debt crisis period.
Second, we also detect significant causality-in-mean from the bank equity
returns in Portugal, Italy, and Spain to Greek sovereign bond yields. Third,
interestingly, we find significant evidence of bidirectional causality-in-variance
between Greek long-term bond yields and the banking sector stocks in Portugal,
Italy, and Spain during the debt crisis. The presented empirical results are thus
relevant for the regulators of the banking sectors in the investigated countries
as well as the bank managers and investors who manage equity portfolios in
the affected countries.

Pre-crisis period: (January 2, 2007 - November 4, 2009)

(a) Causality-in-mean

GRB

GRBK PTBK

ITBK ESBK

Crisis period: (November 5, 2009 – June 30, 2011)

GRB

GRBK PTBK

ITBK ESBK

Pre-crisis period: (January 2, 2007 - November 4, 2009)

(b) Causality-in-variance

Crisis period: (November 5, 2009 – June 30, 2011)

GRB

GRBK PTBK

ITBK ESBK

GRB

GRBK PTBK

ITBK ESBK

ESBK

1% confidence

5% confidence

Fig. 1 Causality-in-mean and causality-in-variance by Q-tests from lag 1 up to Lag M (M05, 10, or 15)
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The present paper also considered the possibility that Greek bond yields influence
the banking stock returns in neighboring nations by affecting the bond markets in
these countries. Although the focus of this paper was on examining the relationship
between the Greek bond market, the origin of the crisis, and Southern European bank
equity markets, future studies should consider analyzing the causalities among
sovereign bond yields in different markets.
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