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Abstract

This paper presents an analysis of EU peripheral (so-called PIIGS) stock market indices and
the S&P Europe 350 index (SPEURO), as a European benchmark market, over the pre-crisis
(2004-2007) and crisis (2008-2011) periods. We computed a rolling-window wavelet correlation
for the market returns and applied a non-linear Granger causality test to the wavelet decom-
position coefficients of these stock market returns. Our results show that the correlation is
stronger for the crisis than for the pre-crisis period. The stock market indices from Portugal,
Italy and Spain were more interconnected among themselves during the crisis than with the
SPEURO. The stock market from Portugal is the most sensitive and vulnerable PIIGS mem-
ber, whereas the stock market from Greece tends to move away from the European benchmark
market since the 2008 financial crisis till 2011. The non-linear causality test indicates that in
the first three wavelet scales (intraweek, weekly and fortnightly) the number of uni-directional
and bi-directional causalities is greater during the crisis than in the pre-crisis period, because of
financial contagion. Furthermore, the causality analysis shows that the direction of the Granger
cause-effect for the pre-crisis and crisis periods is not invariant in the considered time-scales,
and that the causality directions among the studied stock markets do not seem to have a pref-
erential direction. These results are relevant to better understand the behaviour of vulnerable
stock markets, especially for investors and policymakers.

Keywords: Non-stationary time series; nonlinear causality test; MODWT; PIIGS;
rolling-window wavelet correlation.

1. Introduction

International stock markets have become the focus of increasing empirical research in
recent years. Of particular interest has been the analysis of European stock markets [10,
22,29, 70], with special attention to stock markets that belong to the European Monetary

Union (EMU) [25, 27, 33, 70]. A better knowledge of these stock markets is of vital
importance for investors, economists and policymakers, seeing that the economic crisis
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recently experienced in the Eurozone in the period 2008-2011 has been recognized as one
of the most serious ever reported [25]. For example, several studies have shown [5, 6, 74|
that this financial crisis caused uneven effects on the informational efficiency of European
corporate bond sectors, especially those related to financial services (banks, insurance,
etc.). In contrast, some non-financial sectors (chemicals, automobiles, construction, etc.)
suffered only a transitory efficiency loss [5, 6, 74]. This recent financial crisis provides
a unprecedented opportunity to measure the performance of traditional risk estimators
and the different impacts across international markets, such as the EMU stock markets.
For instance, developed markets tend to be more stable, and traditional risk measures
based on past behavior tend to underestimate risk when a systemic crisis occurs [64].

Since the financial sub-prime crisis (2007) and the Lehman Brothers bankruptcy
(2008), five members of the EMU (the so-called PIIGS countries: Portugal, Italy, Ire-
land, Greece and Spain) have become the economies most affected by recent high pu-
blic debt/deficit, low competitiveness and/or unemployment [71]. These EU peripheral
economies, and their respective stock markets, are under intense scrutiny as doubts arise
concerning their growth and stability, with important consequences for the future of the
EMU. One of the key questions that emerges is how the stock markets of these countries
have been interlinked prior to and during the financial crisis.

A vast number of studies investigating the correlation and relationships among Euro-
pean stock markets are based mainly on the estimation of a correlation matrix of returns,
bivariate and multivariate cointegration theory, or by using generalized VAR or (G)ARCH
models [27, 34, 39, 62]. However, cointegration theory can only tackle short-run versus
long-run time horizons and the VAR or (G)ARCH approaches are sensitive to model spec-
ifications [41]. In contrast, from a practical point of view, we may point out that stock
markets are not stationary and involve heterogeneous agents who make decisions across
different time horizons and operate on different time scales (frequencies) [28, 31, 54].

A mathematical tool that can handle non-stationary time series and works in the
combined time-and-scale domain is the Discrete Wavelet Transform (DWT) [31, 47].
There are different algorithms to compute the DWT. In this paper, we make use of the
Maximal Overlap Discrete Wavelet Transform (MODWT) because of its advantages over
the classical DWT [31, 47]. Over the past few years, some of the most used wavelet
tools to study the relationship between non-stationary time series have been the wavelet
correlation (28, 31, 41, 45, 51, 73], the wavelet multiple correlation [24] and, more recently,
the rolling-window wavelet correlation [1, 9, 16, 53, 65]. The wavelet correlation is a very
useful statistical tool to be used in bivariate analysis. However, it does not take into
account the presence of “causality” between two time series, and in many studies, it is
necessary to use a causality test in order to understand the direction of the causality (in
case it exists) between two time series [18, 49].

The main objective of the present work is to analyse and compare the PIIGS stock
markets, using the S&P Europe 350 as a European benchmark market index, within
two different time intervals. The first interval (2004:1:2-2007:12:31) is characterized by
market growth and low volatility, while the second period (2008:1:2-2011:12:31) shows
a high volatility due to the financial crisis (Fig. 1). In order to achieve this aim, we
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use the rolling-window wavelet correlation (RWWC) computed via the MODWT. More-
over, we propose to use a novel graphical tool to visualise the RWWC in a simpler and
more efficient way than the classical use of the RWWC. In order to analyze the intere-
lationships among the stock markets during the pre-crisis and crisis periods, we apply a
non-parametric and non-linear causality test to the wavelet decompositions of the stock
market returns. It is worth mentioning that this kind of causality test has not been widely
explored to study stock markets indices, and in particular, peripheral EU stock markets.

The remainder of this article is organized as follows. Section 2 describes the data used
and the employed methodologies. Section 3 presents the results and discussion. Finally,
Section 4 concludes the paper.

2. Materials and methods

2.1. Data

The data employed in this study are composed of daily closing prices indices of
PSI20 (Portugal), ISEQ (Ireland), MIB30 (Italy), ASE20 (Greece), IBEX35 (Spain) and
SPEURO (S&P Europe 350; used as an EU stock market benchmark). All data sets
encompass the interval from January 2, 2004 to December 31, 2011. However, the anal-
ysis is performed in two sub-intervals: the first (pre-crisis period) from January 2, 2004
to December 31, 2007 (1042 datapoints), and the second (crisis period) from January 2,
2008 to December 31, 2011 (1044 datapoints). The number of datapoints in each interval
is practically the same to improve comparability. In order to cope with the different
official holidays, we have adjusted the indices using the last closing price correspond-
ing to each official holiday. Data were obtained from Yahoo,' except for the PSI20 and
SPEURO stock market indices, which were taken from BolsaPT ? and OnVista Group,?
respectively.

The analysis was conducted using daily returns, that is, R; = log(S;/S;—1) = Alog Sy,
where S, are the adjusted stock market indices at time ¢. Figure 1 shows the daily log
returns Ry, in which we can easily identify an increase of volatility after the first half of
2008.

2.2. Wawvelet decomposition

Discrete Wavelet Transform (DWT) is a time series analysis technique that can han-
dle non-stationarity by working in the combined time-and-scale domain [31, 47]. One
of the most common algorithms for computing the DWT is the Maximal Overlap Dis-
crete Wavelet Transform (MODWT) because of its advantages over the classical DWT
[47]. Firstly, the MODWT can handle samples of any size N, while the DWT restricts
the sample size to a multiple of 27, where J is the level of the decomposition. More

https://finance.yahoo.com/world-indices
Zhttp://www.bolsapt.com/historico/PSI20.NX/
3http://www.onvista.de/index/S-P-EUROPE-350-Index—8404704
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importantly, the MODWT is invariant to circular shifting of the time series under anal-
ysis, while the DWT is not. Furthermore, while both the DWT and MODWT can be
used for an analysis of variance based on wavelet and scaling coefficients, the MODW'T
wavelet variance estimator can be shown to be asymptotically more efficient than the
same estimator based on DWT [31, 46, 47, 49, 50].

We decomposed? the daily log returns R; for the two time intervals (pre-crisis and
crisis periods) applying the MODWT with a Daubechies least asymmetric (LA) wavelet
filter of length L = 8, commonly denoted as LA(8) [17, 31]. The maximum decomposition
level J is given by log,(N) [31, 47], which in this case translated into a maximum level
of 10 (the number of datapoints for the pre/crisis period are close to 1040). Since the
number of feasible wavelet coefficients becomes critically small for high levels, and to avoid
boundary coefficients, we chose the wavelet analysis with J = 7, so that the MODWT
produced seven wavelet coefficients and one scaling coefficient, that is, w4, ..., wr, and
V7.4, respectively. It is also noted that for the rolling-window wavelet correlation (RWWC)
J is equal to four (it is technically possible to estimate the RWWC up to the level five,
but the correlation values on this upper level show such a high variability that does
not provide any useful information; cf. Sect. 2.4). This is due to the length of the
rolling-window (250 days), which causes a reduction in the maximum level.

The level of the transform defines the scale of the respective wavelet coefficients wy ;.
In our particular case, for all families of Daubechies compactly supported wavelets, the
level j wavelet coefficients are associated with changes at the effective scale \; = 2771
days [28]. Moreover, the MODWT utilizes approximately ideal bandpass filters within
the frequency interval [1/27711/27) for scale levels 1 < j < J. Inverting this frequency
range and multiplying it by the appropriate time unit At (one day, in our case), we have
the equivalent periods of (27,2771 At days for scale levels 1 < j < J [69]. This means
that in our case study, with daily data, the scales A; of the wavelet coefficients (with
7 =1,...,7, viz. time horizons associated with changes of 1, 2, 4, 8, 16, 32, and 64
days) are associated to day periods of, respectively, 2-4 (includes most intraweek scales),
4-8 (including the weekly scale), 8-16 (fortnightly scale), 16-32 (monthly scale), 32-64
(monthly to quarterly scale), 64-128 (quarterly to biannual scale) and 128-256 (biannual
scale) [28, 49].

2.8. Wavelet correlation

In order to analyse the relationships among the five daily log returns of the PIIGS
countries at different time horizons and periods, we have computed the MODWT wavelet
correlation (WC). We followed the methodology to compute the MODWT and WC pro-
posed by Gencay et. al. [31], as implemented in the R packages Waveslim [67] and
Ww2CWM2C [50]. The MODWT unbiased estimator of the wavelet correlation for scale \;
between two times series X and Y can be expressed as follows [31]

4Al1l the MODWT decompositions are available from the Corresponding Author upon request.
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~ . cov (vaX,j,taWY,j,t) - ;?XY()\j)
T S g g X ov()
\/Var{WX7j7t} var {Wy;+} X\ EYRA

where Jxy ();) is the unbiased estimator of the wavelet covariance between wavelet coef-

(1)

ficients W ;; and Wy, while 5% (\;) 0% ()\;) are the unbiased estimators of the wavelet
variances for X and Y respectively, associated with scale ;. The unbiased estimator of
the wavelet variance based on the MODWT is defined [31] by

=
) == > W (2)
N;j t=L;—1

where {Wj,t} are the jth level MODWT wavelet coefficients for the time series X, L; =
(27 — 1)(L — 1) + 1 is the length of scale \; wavelet filter, and N; = N — L; + 1 is the
number of the coefficients not affected by the boundary.

The confidence interval 100(1—2p)% for the WC is based on the extension proposed by
Witcher et al. [68] of the classical result on the Fisher Z-transformation of the correlation
coefficient [69]. Thus, an approximate 100(1—2p)% confidence interval for the WC is given

by tanh {h[pxy (\;)] £¢~ (1—p)/+/ N; — 3}, where ¢~ (p) is the 100p% percentage point

for the standard normal distribution, and the function h(pxy) = tanh™*(pxy) defines the
Fisher Z-transformation [31, 69].

2.4. Rolling-window wavelet correlation

To analyze the temporal variation of the wavelet correlation(WC), a dynamic measure
is needed. For this reason, we calculated the rolling-window wavelet correlation (RWWC),
that is, wavelet correlations computed in moving windows. Since the introduction of
the RWWC in economic studies by Ranta [52], this technique has been used in several
economical /financial studies [9, 16]. One of the advantages of the RWWC is its ability to
analyze distinct time intervals (for instance, in our case, the pre-crisis and crisis periods).
We have followed the methodology implemented by Benhmad [9], Dajcman et al. [16]
and Ranta [52]. We have computed the pairwise rolling-window wavelet correlation with
windows w = 250 datapoints (one trading year), rolling forward one datapoint at a time,
and centered around the time ¢ as in Dajcman et al. [16] and Benhmad [9]. For this reason,
the effective number of wavelet scales is in principle limited to five (J = 5). However,
we have decided to analyze only the first four wavelet scales because, after applying the
MODWT to a sub-sample (or “window”) with 250 datapoints and trying to avoid the
boundary wavelet coefficients, the number of datapoints is much smaller than 250 for
scale D5. Thus, we have obtained N — w (where N = 1043 and w = 250, then, N — w
= 793) windows, and therefore, correlation coefficients. Finally, we have introduced a
new way of visualizing the RWWC. The code is available from the Corresponding Author
upon request, and it will also be available in the next version of our R package W2CWM2C
freely available from CRAN repository [50].
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2.5. Nonlinear Causality Test

The linear Granger causality test is a statistical tool frequently used to investigate
potential “causal” relationships among different kinds of time series. However, this tool
does not take into account “potential” nonlinear causal relationships among time series.
For instance, it is well known that financial and commodity markets are dynamical sys-
tems that may manifest nonlinearities (e.g., structural breaks, regime shifts, extreme
volatility, among others), especially when the data sets are relatively large [60]. In order
to address the non-linear Granger causality in the bivariate analysis, many non-linear
tests have been developed. For instance, Baek and Brock [4] proposed a nonparametric
test for detecting nonlinear causal relationships. Later, Hiemstra and Jones [35] provided
an improved version of Baek and Brock [4]. The test of Hiemstra and Jones [35] is one of
the most used nonlinear causality tests in economics and finance®. However, it tends to
over-reject the null hypothesis when the test is satisfied [19, 20]. For this reason, Diks and
Panchenko [20] proposed a new nonparametric and nonlinear Granger causality test to
avoid the over-rejection. In this work, we use this later causality test applied to the two
time intervals of study (pre-crisis and crisis periods), as implemented in the C program
GCTtest, which is freely available online®. The description of the test is presented in the
following lines, and it is based on Diks and Panchenko [20] and Bekiros and Diks [7].

Testing Granger causality between two time series X; and Y; is based on the null
hypothesis that X; does not contain additional information about Y;;; [7, 20]. Now,
assuming as delay vectors XiX = (Xi—iy+1,..x,) and Yiy = (Yioiy+1..v;), where lx,ly > 1
denote the delays for X; and Yy, respectively, the null hypothesis can be defined [7] as

Hy : Yol (XI5 YY) ~ Y[ YD (3)

By assuming Z; = Y, and dropping times indices in (3), the conditional distribution
of Z given (X,Y) = (z,y) is the same as that of Z given Y = y under the null hypothesis
[7, 20]. The null hypothesis (3) can be expressed in terms of joint distributions that the
joint probability density function fxy.z(z,y, z) and its marginals satisfy the relationship

fX,Y,Z(:E7y72) _ fX,Y(xay) fY,Z(y’ Z) (4)
fr(y) fr(y) fy(y)

This explicitly states that X and Z are conditionally independent of ¥ = y for each
fixed value of y [7, 20]. Diks and Panchenko [20] demonstrated that the null hypothesis
(3) can be expressed as

q=Elfxyz(X,Y, 2)fy(Y) = fxy(X,Y)fyz(Y,Z2)] =0 (5)

°In the literature there are several nonlinear causality tests (e.g. Bell et al. [8], Su and White [61],
Dionision et al. [21]; among others), but these are less frequently used.

Shttp://research.economics.unsw.edu.au/vpanchenko/software/2006_GC_JEDC_c_and_exe_
code.zip
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where E denotes the expectation operator. An estimator for ¢ according to Diks and
Panchenko [20] is

(26) —dx—2dy —dz

Tulen) = n(n —1)(n —2) 2| 2 2 I a 1,7) (6)

7 k,k#1i j,j7#1

where I}} = I(||W; — Wj|| < €) (I is the indicator or characteristic function), W;
and W; are elements of a dy -variate random vector W, € is the bandwidth, and n is the
sample size [7, 20]. Taking into account that the local density estimators of a dy -variate
random vector W can be described as fyy (W;) = (2¢)~W (n — 1)~ > I}}, then the
T-statistics according to Diks and Panchenko [20] can be defined as

(n—1)

G )

S [Forz (XY 20 (V) = For (X Yo fva (Vi 2] (D)

i

For the case €, = Cn~?, with 8 € (1/4,1/3) and C' > 0, and for the lag-1lx = ly = 1
the T-statistics (7) is asymptotically normally distributed and satisfies

\/ﬁw 4 N(0,1) (8)

where % indicates convergence in distribution and 5, is an estimator of the asymptotic
variance of T,, 7, 20].

3. Results and discussion

3.1. Descriptive statistics and Pearson’s correlation.

Basic descriptive statistics of daily log returns R; are presented in Table 1. The
mean and median values have practically the same values (around zero) for the pre-crisis
and crisis periods for all daily log returns. The maximum/minimum values for the crisis
period are between two and three times greater/smaller than for the pre-crisis. On the
other hand, the standard deviation, which is a simple measure of volatility, is practically
twice as large for the crisis period than for the pre-crisis period. The skewness (a measure
of asymmetry or more precisely the lack of symmetry) shows that for all cases the R,
has an asymmetric probability distribution. Additionally, the kurtosis values show that
none of them have a value close to 3 (the theoretical value for a Gaussian probability
distribution) indicating that none of the probability distributions of these time series
appears to be normally distributed. In order to confirm this finding, we performed the
Jarque—Bera test of the null hypothesis that the respective probability distribution of R,
were Gaussian (chi-square with df = 2). The reported p-values led to the rejection of
the null hypothesis in all cases. We notice that this lack of normality for R; is consistent
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with the well-known “stylized facts” of the market returns, as pointed out in previous
studies [15, 43].

Table 2 presents the correlation matrix, obtained by means of the Pearson’s correla-
tion coefficients, among the six daily stock market log returns analysed. The maximum
correlations for the pre-crisis period take place for the pairs MIB30-SPEURO, IBEX35—
SPEURO and MIB30-IBEX35, whereas for the crisis period occur for the pairs MIB30-
IBEX35, MIB30-SPEURO and PSI20-IBEX35. The minimum correlations occur in the
pairs PSI20-ASE20 for the pre-crisis period and ASE20-SPEURO (but closely followed
by ISEQ-ASE20) for the crisis period. This indicates to some extent that the PIIGS
members are more correlated among themselves than with one of the main European
stock market benchmarks [Notice that the S&P Europe 350 index is dominated by the
behaviors of the four greatest European markets, viz. the UK, France, Germany, and
Switzerland, which together comprise 73 % of the index (viz. 28 % from the UK and
roughly 15 % from each of the other three countries”)].

Following the same line of argument, the correlations for the crisis period between
PIIGS members and SPEURO are not greatest than for the pre-crisis period (except
PSI20-SPEURO). Indeed, the correlation decrease slightly for the pairs MIB30-SPEURO
and IBEX35-SPEURQO although the correlation remain practically the same for ISEQ-
SPEURO and ASE20-SPEURO. This implies that the PIIGS stock markets do not seem
to show a direct transmission of information through the European market during the
crisis period, at least when the PIIGS are compared with the S&P Europe 350 index.
However, the Pearson’s correlation is a global measure and it is not able to provide
detailed information on this matter. For this reason, a deeper analysis is presented in
section 3.2.

The strong correlation in MIB30-IBEX35, as well as the weak correlations in ASE20—
ISEQ and ASE20-PSI20, are all well-known results [23, 65], and will therefore not be
further considered here. Undoubtedly, the most evident result in Table 2 is that the cor-
relation in the crisis period is greater than during the pre-crisis period for all the pairwise
correlation coefficients for PIIGS members. However, the increase in the correlation for
the crisis period is much more noticeable for the pairs PSI20-MIB30, PSI20-ASE20 and
PSI20-IBEX35, clearly indicating that the stock market index from Portugal is markedly
present. This result is in accordance with other PIIGS stock markets analyses, some of
which are relatively close to the time intervals used in our study [32, 36, 37].

Classical correlation analysis is a useful starting point to examine the correlation
among market returns. However, this statistical technique provides a global measure of
the correlation between two time series in the time domain and co-movements among
market returns vary in time and also at different scales (frequencies or periods) [48, 55].
Moreover, Livan et al. [42] have shown that the use of the standard Pearson estimator
to compute correlation coefficients between financial markets in the presence of non-
stationary behaviour can be problematic. Therefore, it is necessary to use a statistical

"Standard & Poor’s 350 Europe Factsheet as of 31 May 2017. http://eu.spindices.com/indices/
equity/sp-europe-350
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tool, such as wavelet analysis, that can handle non-stationary time series and is able to
work in the combined time-and-scale domain [28, 31, 54]. An adequate tool to face these
drawbacks is the rolling-window wavelet correlation (RWWC) [9, 16, 53, 65].

3.2. Dynamic correlation in the time-frequency domain

Our RWWC analysis (Figure 2) shows that the rolling window wavelet correlations are,
in general, greater than zero, with coefficient values that range from -0.31 to 0.95, but also
reveals some interesting details that cannot be obtained with the correlation matrix. For
example, the co-movements between the stock market returns under study are time-scale
(frequency) dependent and the degree of correlation is not constant in time. This suggests
that correlation dynamics among the PIIGS stock markets consist of interactions between
heterogeneous investors with different time horizons of trading. This corroborates some
previous studies where the RWMC is used for other stock markets [9, 16]. The correlation
coefficients for the four wavelet scales, that is, from D1 to D4, imply time horizons
associated with changes of 1 to 8 days and intraweek to monthly periods. This implies that
the first two/three wavelet scales are more related with volatility events, whereas upper
scales like D4 represent processes that take place at lower frequencies, such as fundamental
macroeconomic factors (trade, monetary policy, common shocks, etc.) [9, 12, 26, 29].

We found maximum correlations for the pairs MIB30-SPEURO, IBEX35-SPEURO
and MIB30-IBEX35, followed to lesser extend by PSI20-MIB30 and PSI20-IBEX35,
while the minimum correlations take place for ASE20-SPEURQO, ISEQ-ASE20, ASE20-
IBEX35 and MIB30-ASE20 (Figure 2). These results confirm our findings obtained by
means of the correlation matrix (Table 2). On the other hand, the RWWC reveals a very
interesting finding: correlations during the crisis period for the pairs MIB30-SPEURO
and IBEX35-SPEURO are less stronger than for the pair MIB30-IBEX35. This is more
evident for the shortest wavelet scales D1 and D2 and for some particular time intervals,
like the period between SPC and DJS or the first quartile of 2011. Furthermore, for the
rest of the PIIGS stock market returns, the strongest correlations occur with the stock
market from Portugal, in particular for the pairs PSI20-IBEX30 and PS120-MIB30. One
exception is the stock market from Ireland, which shows the strongest correlation with
SPEURQO during all the time interval of study, and especially during the crisis period.
This result suggests that the stock market indices from Portugal, Italy and Spain were
more interconnected among themselves during the crisis than with the European market
benchmark.

The strong correlation between ISEQ and SPEURO is a simple consequence of the
fact that the UK is not only the main economic partner of Ireland [13, 38], but also the
major influence on the SPEURO index, with a weight of 28% (cf. Footnote 7). On the
other hand, it is somewhat surprising to observe the low correlation at shorter time scales
(D1-D3) between ASE20 and MIB30, as well as between ASE20 and SPEURO, seeing
that Italy and Germany are Greece’s top trading partners. This can be mainly explained
by two reasons. First, stock market indices are not only composed by financial services
companies (banks, insurance, etc.) but also by others kind of companies (industry, con-
struction, services, etc). However, the 2008 financial crisis affected notably the financial
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sector (banks, insurance, etc.) [5, 6, 58, 74]. Second, ASE20 as an economical indicator
of a country with serious economical problems, which produces a very volatile index. In
any case, what can be clearly seen is the increased medium-term (D4) correlation after
each major crisis event (in particular after the subprime crisis, the Lehmann-Brothers col-
lapse, and the sovereign debt crisis). Furthermore, our findings show that for all pairwise
comparisons with respect to Greece and during the pre-crisis interval, the correlations
show values with an ascending trend (Figure 2). On the contrary, for the crisis period,
the correlations tend to decrease (except for the pair PSI20-ASE20 that does not show
a clear trend). This decreasing trend is much more marked for ASE20-SPEURO and
in a lower degree for MIB30-ASE20 and ASE20-IBEX35. This means that ASE20, and
despite the high correlation during the crisis with respect to the pre-crisis period, tends
to move away from the European benchmark market since the 2008 financial crisis till at
least to the end of 2011.

Across practically all wavelet scales and in almost every pairwise comparison, we
observe higher correlations during the crisis period than during the pre-crisis period
(Figure 2). It should be pointed out, however, that the most remarkable result in our
RWWC analysis is that in many cases the strongest correlations coincide with the main
financial turmoil events during the crisis period, such as, the subprime crisis (SPC),
and in particular manner during the Lehman-Brothers collapse (LBC) and the Greece’s
sovereign debt crisis (SDC). As is well known, an increase in correlation during financial
crisis has been reported in other works where PIIGS stock markets indices have been
used [23, 65] and for others stock market indices from several regions around the world

[9, 16, 59, 66).

3.3. Nonlinear multiscale causality

In order to gain more insight into the interrelations between pairs of all daily stock
market log returns under scrutiny in the time-scale domain, we present and discuss the
results obtained with the nonlinear causality test applied to wavelet decomposition coef-
ficients of these returns (Figure 3 and Tables 3 and A.2). However, before discussing the
multi-scale and bivariate causality test results, it is important to take into account the
following two points: 1) a uni-directional causality indicates that changes in one stock
market can cause changes in another one; 2) a bi-directional (or simultaneous) causality®
indicates that changes in one stock market can affect a second one, but changes in this
second market can also affect the first one. Bi-directional causality indicates a high de-
gree of interaction between two markets. From a financial point of view, the existence of
causality in two stock markets implies that, to some extent, one market might sometimes
be used to forecast the other. This means that this information should be taken into
account in the portfolio diversification strategy.

The most relevant result from our multi-scale causality test is that the number of uni-
directional and bi-directional causalities is greater during the crisis than in the pre-crisis
period (41 versus 22 statistically significant causal relationships) in the first three wavelet

8Tt is also relatively common to use the term “feedback” to refer to a bidirectional causality.
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scales (Table 3). There are several studies that have established that different financial
markets tend to be more closely linked during financial crisis, with contagion® being the
main mechanism to explain this phenomenon [30, 36, 57, 72]. The transmission of shocks
due to contagion in financial markets is very fast and can take place within a few days,
tending to vanish with five days or less [3, 29]. On the other hand, the first wavelet
scales D1, D2 and D3 are associated to changes of 1, 2 and 4 days. For this reason, it
is feasible that contagion could explain our strong cross-country causation in the highest
frequencies.

This contagion during the crisis period could be due to transmission among PIIGS
stock markets or it can be introduced by “external factors”, for example, instabilities
contained in other European or even more overseas stock markets, such as the burst of
the subprime bubble at the end of July 2007 in the USA, although a corroboration of
this last hypothesis is beyond the aim of our paper. However, our non-linear bi-variate
causality analysis applied for the crisis period (Table 3 and Figure 3) reveals that when
the stock market from Greece is implicated, the total number of relationships statistically
significant that leads the other markets is zero, but this number is maximum when ASE20
is a follower (indeed the stock markets that show the highest number of leads among the
six markets analysed, come from Italy and Spain, with 5 and 4 relationships, respec-
tively). On the other hand, there is only one bidirectional causality (ASE20-SPEURO
for scale D2), which implies that there is not a direct transmission of information between
ASE20 and the other markets analysed. Nevertheless, a volatile financial process, such
as financial contagion, could be transmitted via a third PIIGS stock market. Figure 3
illustrates how the stock markets are interconnected among them. For the case of Greece,
it is easy to observe an increase in the number of interconnections for the crisis period
and for the first three scales, and especially for the last two ones.

This last intriguing result is in apparent contradiction to the expectation that Greece
would transmit its high volatility to other PIIGS stock markets during the crisis period,
since it is one of the EMU members most affected by the sovereign debt [14, 36, 40,
56]. However, there are some studies in the same line with our results. For example,
Bhanot et al. [11] analysed the relationship between sovereign yields of PIIGS and other
EMU members during the financial crisis (from 7/2007 to 4/2011). Despite identifying a
significant increase in the unconditional correlation between the yield spreads of Greece
and the other EMU markets during the crisis, they found that the conditional correlation
between yield spreads of Greece, the rest of PIIGS, and other EMU members decreased
during the crisis, after accounting for time-varying volatility and changes in fundamental
factors. This suggests that there was no contagion from Greece to PIIGS and other
EMU countries. Bhanot et al. [11] finally concluded that news announcements and the
banking channel were the main transmission pathways in the crisis period. Moreover,
Tamakoshi and Hamori [63] pointed out that contagious linkages of equity markets, due

9Contagion can be defined, according to [26], as a “significant increase in cross-market linkages after a
shock to one country or group of countries, and it is only contagion if cross-market co-movement increases
significantly after a shock”; for example, a financial crisis.
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to the sovereign debt crisis from Greece to neighbouring countries, may have occurred at
the level of speculative bubble portions rather than among stock indices themselves.

Another plausible explanation for this result is that our time interval for the cri-
sis period could be too long and might reduce the effectiveness of the causality test. To
address this point we computed the nonlinear causality test for the time interval 10/2009—
10/2010, which covers one of the most turbulent stages during the Greece sovereign debt
crisis (SDC). However, the results obtained with this test (results not shown) are practi-
cally identical to the previous ones obtained for the interval 2008-2011 and presented in
Table 3. Therefore, we can rule out this possibility.

In addition to this, we would like to denote that the previous result related with
financial contagion, is in partial concordance with the findings of Samitas and Tsakos
(2013) who found contagion effect from Greece to other PIIGS members during the 2008
financial crisis, but not during the SDC. On other hand, and as we have discussed earlier,
PIIGS stock markets are not isolated, so that contagion and other financial shocks could
come from external factors (including European or overseas stock markets) [2, 36, 37,
44, 72]. For example, recently Sandoval Jr. [58], based on a transfer entropy method
and a nonlinear generalization of Granger causality test, analysed the stocks of the 197
largest financial companies (which are components of the S&P 1200 Global index) in the
world. This work analysed which of those institutions were the most affected by the stock
markets of Portugal, Ireland, Italy, Greece, Spain and Cyprus. The main result found
was that stocks from Belgium, Denmark, France, Germany, Greece, the Netherlands,
Spain and UK were the most affected [58]. This result indicates that there is also a large
amount of transfer entropy between those countries and the PIIGS. Therefore, this result
should be taken into consideration or at least to be aware of it when a subset of European
stock markets are analysed.

A further analysis in the pairwise multi-scale bivariate causality test for the wavelet
scales from D1 to D3 (Table 3) reveals that the pairs with the most statistically significant
causalities are ISEQ-IBEX35 (with 6 out of 6) followed closely by the pairs PSI20-
MIB30, PSI20-I1SEQ, PSI20-1IBEX35, MIB30-ISEQ, PT-SPEURO, IT-SPEURO and
IE-SPEURO (with 5 out of 6). Before the crisis ISEQ leads IBEX35 (Scale D1) or
vice versa (Scale D3) and there does not seem to be a preferential causality direction,
whereas after the crisis there is a bidirectional causality on the three scales. As we
have discussed earlier, volatile financial process (e.g., contagion) could be transmitted
via a third PIIGS stock market. For instance, for the case of ISEQ-IBEX35, it is easy to
appreciate (Figure 3) that ISEQ and PSI20 are ever connected with the European market
benchmark (SPEURO) showing a bidirectional causality all the time for the first three
wavelet scales, which supports the hypothesis of an indirect influence. This market could
be PSI20 or ISEQ, but PSI20 shows a bidirectional causality with ISEQ and IBEX35
in the three scales, guaranteeing a interactive flow of information. Thus, it is highly
probable that the “third market” belongs to Portugal. The strong interrelation during
the crisis between IBEX35 and PSI20 can be explained due to the fact that Spain and
Portugal are neighbouring countries and both maintain a strong commercial exchange.
Thus, the existence of instabilities (including financial contagion) in any of these markets
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could amplify more easily the effects between them. Furthermore, PSI20 is almost always
present in the second group of pairs with more causalities, indicating that PSI20 is the
most sensitive and therefore most vulnerable PIIGS member. These results are similar
to those obtained by other authors [14, 36] where stock and CDS markets were analysed
before and after the 2008 financial crisis. In contrast, PSI20-ASE20 is the pair that
shows the smallest number of statistically significant causalities (2 out of 6). Indeed,
PSI120-ASE20 is one of the pairs that show a weak correlation before (0.3393) and during
(0.5949) the crisis (Table 2). It is therefore not surprising that we find for this pair a low
number of causalities for the first three wavelet scales.

Finally, the analysis for the last three scales (D5, D6 and D7), which are related
with the lower frequencies, shows that the number of uni-directional and bi-directional
causalities for the pre-crisis and crisis periods are practically the same statistically signif-
icant causal relationships. Moreover, there are some pairs of markets that maintain their
causality direction before and during the crisis, for example, MIB30-IBEX35 (D5-D7)
and IBEX35-SPEURO (D5-D7); this is the only pair that never changes its causality
directions before and during the crisis, ISEQ-ASE20 (D5 and D7), ISEQ-IBEX35 (D5),
ASE20-IBEX35 (D6), PSI20-MIB30, PSI120-MIB30 (D7) and PSI20-ASE20 (D7). From
the causality test it is straightforward to deduce that IBEX35 causes MIB30 in the scales
D5 and D6 (time horizons associated with changes of 16 and 32 days and in the frequency
domain from monthly to quarterly scales), but MIB30 causes IBEX35 in the scale D7
(time horizon associated with changes of 64 days and in the frequency domain it is related
to a biannual scale). On the other hand, there are other pairs that change causality di-
rections in at least two of these scales, e.g., MIB30-ASE20 (D5-D6) and PSI20-IBEX35
(D5-D7); the latter is the only pair that ever changes causality directions, which is not
strange because PSI20 is the most sensitive and vulnerable PIIGS member. Moreover,
there are some pairs where the causality is not statistically significant in at least one
direction!®. These results indicate that the direction of causality depends on the wavelet
scale. In addition, the six markets analysed, at the higher scales D6 and D7 (long time
horizons), show a clear evidence of high integration, especially once SPEURO is also
considered, and where the PIIGS are led in the long run by overall European system
(represented by SPEURO).

4. Conclusions

In this work we presented a statistical analysis of PIIGS and S&P Europe 350 index
(SPEURO) stock market indices over two characteristic periods. The first one, called
the pre-crisis period (2004-2007), was characterized by market growth and low volatility,
while the second, called the crisis period (2008-2011), was distinguished by its high
volatility due to the global financial crisis.

To analyze the temporal variation of the wavelet correlation for the market returns, we

0F.g., PSI20-ISEQ and PSI20-AS20 in D5 and D6, PSI20-MIB30 in D5, ISEQ-ASE20 in D6 and
MIB30-ISEQ and ASE20-IBEX35 in D6 and D7
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used the rolling-window wavelet correlation (RWWC) with five wavelet scales, computed
via the Maximal Overlap Discrete Wavelet Transform (MODWT). The first three wavelet
scales (corresponding to time horizons of 1 to 8 days and intraweek to monthly periods) are
more related with volatility events, whereas the fourth wavelet scale represents processes
that take place at lower frequency, such as fundamental macroeconomic factors (trade,
monetary policy, common shocks, etc.). This analysis revealed that the co-movements
among PIIGS stock market returns are time-scale (frequency) dependent and the degree
of correlation is not constant in time. This suggests that correlation dynamics among
the PIIGS stock markets consists of interactions between heterogeneous investors with
different time horizons of trading. The most relevant results obtained from the WMCC
analyses are : 1) the correlation among the PIIGS stock market returns is stronger for
the crisis than for the pre-crisis period and the strongest correlations coincide with the
main financial turmoil events during the crisis period; 2) the stock market indices from
Portugal, Italy and Spain were more interconnected among themselves during the crisis
than with the European benchmark market; and 3) the stock market from Greece (despite
the high correlation during the crisis with respect to the pre-crisis period) tends to move
away from the European benchmark market since the 2008 financial crisis till at least to
the end of 2011.

In order to analyze the interrelationships among the stock markets during the pre-
crisis and crisis periods, we applied a non-parametric non-linear Granger causality test
to the wavelet decompositions of the stock market returns. The test indicates that the
number of uni-directional and bi-directional causalities is greater during the crisis than in
the pre-crisis period, in the first three wavelet scales (intraweek, weekly and fortnightly)
because of financial contagion. On the other hand, the causality analysis has shows
that the direction of the Granger cause—effect for the pre-crisis and crisis periods is
not invariant in the considered time-scales, and that the causality directions among the
studied stock markets do not seem to have a preferential direction. However, the most
remarkable results are the followings: 1) the contagion during the crisis period could be
due to transmission among PIIGS stock markets or it can be introduced by “external
factors”, indicating that the PIIGS are not an isolated system; 2) the stock market
from Portugal is the most sensitive and therefore most vulnerable PIIGS member; 3) the
causality test at the higher scales (quarterly and biannual scale) shows a clear evidence
of high integration, especially when SPEURO is also considered, and where PIIGS are
led in the long run by overall European system (represented by SPEURO).

A better understanding of these stock markets is vital for investors, economists and
policymakers, specially since the economic crisis recently experienced in the Eurozone has
been recognized among the most serious ever reported. Thus, these results are relevant
to better understand the behaviour of vulnerable stock markets.
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R, PSI20 MIB30 ISEQ ASE20 IBEX35 SPEURO
Country Portugal (PT) Ttaly (IT) Ireland (IE) Greece (GR) Spain (ES) S&P Europe 350
Pre-crisis

PS120 1

MIB30 0.5153* 1

ISEQ 0.4899* 0.6201* 1

ASE20 0.3393* 0.4858* 0.4199* 1

IBEX35 0.5662* 0.8267* 0.6231* 0.4810* 1
SPEUROEurope350 0.5566* 0.8700* 0.6924* 0.4911%* 0.8545* 1
Crisis

PS120 1

MIB30 0.7886* 1

ISEQ 0.6305* 0.6918* 1

ASE20 0.5949* 0.5653* 0.5105* 1

IBEX35 0.8060* 0.9012* 0.7050* 0.5726* 1
SPEUROEurope350 0.6756* 0.8056* 0.6996* 0.4975%* 0.7878* 1

Table 2: Pairwise correlation matrix for daily log returns (R;) for the stock market indices under
study. The pre-crisis interval come from 2004 to 2007 and crisis period come from 2008 to
2011. The symbol * indicates that the correlation values are statistically significant at 95% of
confidence level.
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Figure 1: Daily stock market indices (log returns) for the time interval 02/01/2004 - 30/12/2011
(the total number of datapoints is 2086).
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Figure 2: Rolling window (with 250 datapoints) for the pairwise wavelet correlation coefficients
for the stock market indices under study. The colour bars represent the wavelet correlations,
where the red and blue colours correspond to the highest and lowest wavelet correlation values
respectively. The wavelet coefficients are within of the 95% confidence interval for each wavelet
scale. The labels are: start of subprime crisis (SPC), the Lehmann-Brothers collapse (LBC),
Dow Jones slump (DJS) and soveriegn debt crisis (SDC). The labels PT, IT, IE, GR, ES and
SPEURO correspond to the log returns of PSI20 (Portugal), MIB30 (Italy), ISEQ (Ireland),
ASE20 (Greece), IBEX35 (Spain) and SPEURO (S&P Europe 350).
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