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Abstract

:

The current paper studies equity markets for the contagion of squared index returns as a proxy for stock market volatility, which has not been studied earlier. The study examines squared stock index returns of equity in 35 markets, including the US, UK, Euro Zone and BRICS (Brazil, Russia, India, China and South Africa) countries, as a proxy for the measurement of volatility. Results from the conditional heteroskedasticity long memory model show the evidence of long memory in the squared stock returns of all 35 stock indices studied. Empirical findings show the evidence of contagion during the global financial crisis (GFC) and Euro Zone crisis (EZC). The intensity of contagion varies depending on its sources. This implies that the effects of shocks are not symmetric and may have led to some structural changes. The effect of contagion is also studied by decomposing the level series into explained and unexplained behaviors.
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1. Introduction


The US subprime crisis, also referred to as the global financial crisis (GFC), in 2008 and the eventual Euro Zone crisis (EZC) beginning in 2009 are the most devastating financial crises in recent history. The collapse of Bear Stearns in early 2008 was the prelude for the GFC. Lehman Brothers going bankrupt, Merrill Lynch being taken over by the Bank of America, and the bailout of AIG signals in September 2008 marked the most critical point in the crisis. By the end of 2009, European economies start to fall into debt crises by varying degrees. Notably, Greece, Italy, Ireland, Spain, and Portugal are hard hit; Greece being the worst affected since the crisis hit the Euro Zone in 2010. Academia considers the GFC and EZC as the period of deepest recession in the post-World War II economic order.



The financial market contagion (i.e., increased correlation between stock markets) is an extensively researched subject (e.g., Caporale et al. 2005; Forbes and Rigobon 2002; Mollah et al. 2016). The case of contagion is examined in empirical studies of the 1987 crash of the US stock market, the GFC, EZC, as well as Mexican, Brazilian, Russian and Asian crises. Authors use different sample sizes, period and nature of markets with results leading to more than one conclusion. Comparing data from developed markets, King and Wadhwani (1990) find a significant increase in correlations between the US and UK and other equity markets after the 1987 crash. Lee and Kim (1993) not only confirm the contagion of the 1987 crash, but also show its extent beyond the developed markets incorporating the analysis of emerging markets. Calvo and Reinhart (1996) also document increased correlations among emerging markets in their analysis of the 1994 Mexican crisis. However, contrary to Lee and Kim’s (1993) findings, Forbes and Rigobon (2002) conclude against contagion despite the interdependence in both cases in their study of Mexican and Asian crises of 1994 and 1997, respectively, among 24 countries, including developed and emerging economies. Nonetheless, applying a longer sample period Chiang et al. (2007) show contagion during the Asian crisis of 1994 and 1997. Baig and Goldfajn (1998) study the Asian currency crisis and also find a contagion effect between the equity market and currency market. Caporale et al. (2005) studied the Asian crisis and corroborated the presence of contagion as they found an important increase in co-movements in sampled South-East Asian countries. Corsetti et al. (2005) investigated seventeen developed and emerging countries. The findings are not as conclusive as most of the above studies, showing contagion for less than one-third of the sample countries and tends to be closer to those of Forbes and Rigobon (2002). Similar results are found also in a significant number of recent studies (e.g., Wang et al. 2017; Gamba-Santamaria et al. 2017; Jiang et al. 2017; Bonga-Bonga 2018). Wang et al. (2017) find evidence for contagion during the GFC in G7 countries (except for Japan), Russia and India where the US is used as a source of contagion, and no contagion is found in Brazil, China, and Japan from the same source. Jiang et al. (2017) note that the correlation of stock markets between the US, Britain, Germany, Japan and Hong Kong increases markedly after the crisis, while it exhibits a reverse trend with the Chinese stock market.



The current paper studies equity markets for the contagion of return volatilities under the framework of long memory. Squared stock index returns of equity in 35 markets including the USA, UK, Euro Zone, and BRICS countries are studied as a proxy for the measurement of volatility. A significant number of studies are conducted on the spurious long memory in different context (e.g., Granger and Hyung 1999; Engle and Smith 1999; Diebold and Inoue 2001). However, Bhardwaj and Swanson (2006) find, in line with previous studies (e.g., Granger and Ding 1996), evidence of long memory in squared returns, absolute returns and log-squared returns. Hence, a long memory model for empirical study is called for.



Granger (1980), Granger and Joyeux (1980) and Hosking (1981) formulate autoregressive fractionally integrated moving average (ARFIMA) models in order to account for long memory property. Interestingly, significant time elapsed before Bhardwaj and Swanson (2006) conducted an empirical study focusing on the usefulness of the ARFIMA model. They find convincing evidence to apply ARFIMA in squared, log-squared, and absolute stock index returns. Meanwhile, Granger and Ding (1996) identify other processes which also would demonstrate the long-memory property, while Baillie et al. (1996) and Chung (1999) develop and modify a fractionally integrated generalized autoregressive conditional heteroskedasticity (FIGARCH). Recently, to capture the long-memory property in count data of high frequency, Quoreshi (2014) developed an integer-valued ARFIMA (INARFIMA) model.



Volatility is considered as a key element in estimations under capital asset pricing, portfolio and risk management, derivatives pricing and such other models used in financial market analysis. The introduction of the long memory in financial markets analysis (Greene and Fielitz (1977) and Aydogan and Booth (1988)), spawned a large number of studies investigating financial assets’ return and volatility. Moreover, volatility behavior during turmoil has also come to the attention of researchers. The studies intend to confirm whether the long memory property is common in financial markets along with measuring the property and its implication for investments. A number of those studies (Hiemstra and Jones 1997; Willinger et al. 1999; Sadique and Silvapulle 2001; Cavalcante and Assaf 2002; Limam 2003) examine long memory in returns and volatility to produce mixed results. In another study applying ARFIMA-FIGARCH and GPH (Geweke and Porter-Hudak 1983), the fractal structure provides no support for long-memory though GPH appears significant in limited cases (Berg and Lyhagen 1998). Kang and Yoon (2007) however, estimate return and volatility using an ARFIMA-FIGARCH joint model. He demonstrates that the model is significantly stronger compared to each model individually. Further, the large amount of research lends itself to evidence of long memory in return volatilities across markets and time (Oomen 2001; Lee et al. 2001; Sourial 2002; Koopman and HolUspensky 2002; Degiannakis 2004; Broto and Ruiz 2004; Bellalah et al. 2005; Nielsen 2007; Christensen et al. 2007; Chan and Feng 2008; Louzis et al. 2010; Conrad et al. 2011. Parametric and non-parametric tests by Breidt et al. (1998) also generate evidence in support of long-memory in volatility proxies. Wright (2001) also finds strong evidence for long memory by using a semi-parametric method on proxy measures, squared, log-squared and absolute returns. Grau-Carles (2000) applies GPH and ARFIMA models and concludes persistence in volatility of absolute and squared returns to be evident. Similarly Ray and Tsay (2012) find strong evidence in Standard and Poor’s 500 index of long memory in volatility. Cajueiro and Tabak (2005) applied the time-varying Hurst exponent to test the long-range dependency of volatility for developed and emerging markets’ stock returns. They find strong evidence for the hypothesis (long rage dependence). Powera and Turvey (2010) also find evidence for long-range dependence. Interestingly they apply a different approach; an improved Hurst coefficient estimator and test fourteen energy and agriculture commodities’ volatility. Hence, the choice of a long memory model is obvious in estimating squared index return series.



Quoreshi and Mollah (2019) develop a long memory model incorporating conditional heteroscedasticity properties and subsequently apply the model for the squared returns of stock indices using data from BRICS countries, UK and US markets. The model is called fractionally integrated moving average conditional heteroskedasticity (FIMACH). The model, designed for non-integer data, follows Quoreshi (2014). One important way the FIMACH model differs from the ARFIMA model class is that it can study the level series for the heteroskedasticity property. The ARFIMA-FIGARCH class, in comparison, studies the same property on the fractionally differenced series applying Fourier transformation. The FIMACH model can measure the response time to news or rumors, and captures information spread across market system. The model is specified in terms of first and second order moments conditioned on historical observations. FIMACH performs better in reducing serial correlations than ARIFIMA-FIGARCH models for application of squared index return. Hence, in the present study, we apply the FIMACH model to make use of the advantages it provides to investigate contagion of return volatilities in equity markets. We employ the definition of contagion as a significant increase in cross-market correlations after the shock (Forbes and Rigobon 2002). If the increase in cross-market correlations is not significant we call the situation interdependence as the author defined.



In this paper we find evidence for contagion in the volatilities of stock index returns. Further analyses show that evidence for contagion in the volatility of stock index returns for a number of countries increases when we employ a predicted series of squared index returns. We also study the explained and unexplained behaviors of contagion.



The paper is organized as follows. The data descriptive and correlation analysis are given in Section 2. The use of FIMACH model for measuring contagion is discussed in the next section. The following section discusses the estimation procedures. Results and analyses of the results are presented in Section 5. The final section comprises the concluding remarks of the study.




2. Data Descriptive and Correlation Analysis


Stock data is collected from various sources, including stock exchanges, Yahoo! Finance, Investing.com, and Stooq. The dataset contains squared stock index returns generated from closing prices of 35 stocks markets from 32 countries, including the USA, UK, majority of Euro Zone, and BRICS countries. We use the terms stock index or index to refer squared index returns. The time period covered is 2 January 2003 to 19 February 2019. The periods in the analysis of correlations are specifically defined as follows: (i) Pre-Global Financial Crisis (Pre-GFC): 18 March 2005 to 8 August 2007, (ii) Global Financial Crisis (GFC): 9 August 2007 to 31 December 2009, (iii) Post-GFC/Pre-Euro Zone Crisis (Pre-EZC): 2 January 2010 to 1 May 2010, (iv) Euro Zone Crisis (EZC): 2 May 2010 to 16 February 2012, and (v) Post-Euro Zone Crisis (Post-EZC): 17 February 2012 to 19 February 2019. All stocks are merged into one dataset with synchronized number of trading days. A non-trading weekday within a country is replaced with the closing price from the previous trading day. Total observations in the main dataset stand at 4227. The squared stock index return is used as a volatility measure of stock indices (Quoreshi and Mollah 2019). We use the terms level series or volatility of stock indexes to refer the squared stock index return series. Mollah et al. (2016) show that during both crises contagion spread from the USA to other markets. Hence, the cross-correlation coefficients of the volatility measure between the three US stock index return and the rest of the stock markets are shown in Table 1. It represents also the same correlation coefficients between three major Euro Zone countries (Germany, France and Italy) and the rest of the stock used in order to see if the volatility of stock index return of these countries has an impact on the volatility of the stock index return of the other countries. It shows the correlations between the squared stock index return of the USA with the other 32 countries across the world. The correlation coefficients for DJI and Germany increase from 0.381 during the Pre-GFC period to 0.674 during the GFC period, and thereafter decrease to 0.582 during post-GFC. A similar pattern is observed for the other two indexes (NASDAQ and S&P 500) with Germany. This indicates that there may be a spread of contagion from the volatility of stock index returns of the USA to Germany. A summary of possible contagion for EZC is presented in Table 2.




3. FIMACH Model for Correlation


Let pt is price for an index at time t. Hence, rt=pt−pt−1 can be defined as stock index return. If the expected value of rt is zero, we may consider rt2 as variance at time point t. Assume that stock index return volatility rt2 has an autocorrelation function which decays very slowly. Note that the square root of the variance, i.e., standard deviation, is extensively used as a measure of volatility. For simplicity, we assume that xt represents rt2, stock index return volatility. Assume that xt is a time series which takes only real values over discrete time. The ARFIMA (p, d, q) model for the series is


α(L)(1−L)dxt=β(L)ut.



(1)







(Granger and Joyeux 1980; Hosking 1981). The ARFIMA (0, d, 0) of the series xt is then


xt=ut+d1ut−1+d2ut−2+d3ut−3…








or


xt=(1+L)−dut.



(2)







The xt has long memory which implies that the autocorrelation function of the series decay slowly. The ut has zero-mean and assumed to be serially uncorrelated. The parameters dj=Γ(j+d)/[Γ(j+1)Γ(d)] where j=0, 1, 2, … with d0=1. Granger and Joyeux (1980) propose that the dj may be approximated by Aj−d, for j≥1. Quoreshi and Mollah (2019) assume that the ut is an independent and identically distributed (i.i.d.) sequence of random variables. The unconditional mean for ut is E(u)=λ and unconditional variance is V(αu) = α2∅2 where V(u)=E(u)2 − λ2 = ∅2. The corresponding conditional moments are E(u|u)=u and V(αu|u) = α2V(u|u) where V(u|u)=u2−2λu+λ2. Under these assumptions, the conditional mean and variance for FIMACH are


E(xt|Yt−1)=Et−1=λ+∑i=1mdiut−i



(3)




and


V(xt|Yt−1)=Vt−1=∅2+∑i=1mdi2(ut−i2−2λut−i+λ2)



(4)







The Yt−1 is the information set at time t − 1 and m=∞. Quoreshi and Mollah (2019) claim that the model is different from the model introduced by Granger and Joyeux (1980) and Hosking (1981) since the conditional mean and variance are different. Note that these two moments vary with ut−j. Hence, there is a conditional heteroskedasticity property (Brännäs and Hall 2001). For {xt} to be a stationary sequence, it is sufficient that ∑j=1∞dj<∞. According to the authors, the FIMACH models conditional expected value for xt while the renowned FIGARCH models long memory property of the variance of the error term ut. The FIMACH model is developed to capture long memory property in squared return for stock index data. In this paper, in line with Quoreshi and Mollah (2019), we use the squared returns of the stock index as a volatility measure. Moreover, Quoreshi and Mollah (2019) show that FIMACH performs better than FIGARCH and GARCH models in terms of removing serial correlations. In this paper, we intend to study the contagion effect between squared return of stock indexes. Hence, the FIMACH model is called for.



Assuming E(utut|Yt−1)=ut2 and E(utut−j|Yt−1)=0, the autocorrelation functions at lag k for FIMACH is


ρk|t−1=∑j=0∞djdk+jut−j−k2V(σt2|Yt−1)



(5)




where k=−j,j and j=1, 2, …, ∞ with d0=1. This autocorrelation function varies with ut−j which catches heteroscedasticity property in autocorrelation function. Ding et al. (1993) illustrated the heteroscedasticity in autocorrelation function for absolute return of stock. To be noted, for explaining the autocorrelation, the authors assume a smooth function.



In our study we use 35 squared stock indexes return series, hence we need to index the model in Equation (2) as


xjt=ujt+dj1ujt−1+dj2ujt−2+dj3ujt−3…



(6)




where j=1, 2, …, 35 representing different squared stock indexes for our study. The properties of all the parameters are the same as for Equation (2) and the moment conditions are the same as in Equations (3)–(5). In this paper, we investigate the contagion between the predicted values of the stock indices and between the residuals. The predicted values for squared stock index j are


x^jt=λ^j+∑i=1md^jiujt−i



(7)




where λ^j and d^ji are estimates of the corresponding parameters and hence the corresponding residuals are


e^jt=xjt−x^jt,



(8)







This implies that for any stock index series xjt,


xjt=x^jt+e^jt.



(9)







Here, we see that the stock index series xjt can be decomposed by its predicted series x^jt and the residuals e^jt. The predicted values are the explained part of xjt that are captured by the model given in Equation (6). The residuals e^jt are the unexplained part of xjt that are assumed to be i.i.d. with expected values zero. The ujt−i in Equation (7) are shocks related to the stock index return j that capture information relevant to that particular stock, and λ^j and d^ji filter the information. The stock market analyst may use the predicted values to predict the future or use this kind of information, e.g., to diversify the portfolios. Hence, it is important to study the contagion for predicted values between the stock index return series and we call this behavior contagion in predicted volatility. This measure can be viewed as contagion in predicted behaviors of volatility in stock markets. It is also important to investigate the existence of contagion between the residuals which we call contagion in volatility residuals. This measure can be viewed as contagion in unpredicted behaviors in stock markets. Hence, the contagion of level series is the result of the combination of predicted and unpredicted behaviors of volatility in stock markets.



As mentioned earlier we employ the definition of contagion as significant increase in cross-market correlations after the shock (Forbes and Rigobon 2002). If the increase in cross-market correlations is not significant we call the situation interdependence according to the definition of the authors. Hence, the null hypothesis (H0) for contagion is that there is no significant difference between the correlations of two stock series volatilities for the period Pre-GFC and GFC. The alternative hypothesis (Ha) is that there is significant difference between the correlations of two stock series volatilities for the period Pre-GFC and GFC; hence, there is evidence for contagion. If the difference in correlation coefficient between the GFC and Pre-GFC is significantly different from zero, we may conclude there is contagion due to GFC. Similarly, if the difference in correlation coefficient between the EZC and Pre-EZC is significantly different from zero, we may conclude there is contagion due to the EZC. These can be written as:


ContSP=ρj,lSP−ρj,lPre−SPV(ρj,lTP)+V(ρj,lPre−TP)



(10)




where ContSP stands for contagion for a certain shock period (SP) which refer to GFC or EZC. The ρj,lSP is the correlation coefficient for the time period of interest and the ρj,lPre−SP correlation coefficient for the previous time period of interest. The V(·) represents variance for corresponding correlation coefficient. If ContSP>T−statistics we reject the null hypothesis in favor of alternative hypothesis and conclude that there is evidence for contagion in volatility between two stock series due to global financial crisis or Euro Zone Crisis. If ContSP<T−statistics, we cannot reject the null hypothesis and conclude that there is no evidence for contagion in volatility between the two stock series due to the global financial crisis or EZC.




4. Estimation


The evidence of long memory property in squared index returns has been found in previous studies (e.g., Bhardwaj and Swanson 2006; Quoreshi and Mollah 2019). The ARFIMA (p, d, q) is introduced by Granger and Joyeux (1980) and Hosking (1981) while the FIGARCH (k, d, l), is introduced by Baillie et al. (1996). Fourier transformation of the level series and autocorrelation function are used for estimation of long memory parameter in these models. Quoreshi and Mollah (2019) show that estimating long memory property using conditional mean function outperforms ARFIMA and FIGACH. Hence, we define, in line with Quoreshi and Mollah, the loss function as:


ejt=xjt−Ejt−1=xjt−λj−∑i=1mdjiujt−i



(11)




where j is any time series of squared index return for a particular stock market. The Ejt−1 the coitional mean of squared index return for market j. The Ejt−1 is defined in Equation (3) without the index j. The criteria S=∑i=m+1Tejt2 is used in the estimator of interest. Here, m=70 is used as long but finite lag length. This is minimized with respect to unknown parameters, i.e., ψ=(λj, and d′). The d′ is a vector of parameters with elements di. In estimating, we restrict λj=exp(L) to make sure a positive value for λj. This restriction gives better estimation and faster convergence in estimation procedure. The Quasi-Maximum Likelihood (QML) estimator is used as follows:


LnL(xj1, xj2…,xjT|Yt−1,λ, di and V^jt−1)=−ln(V^jt−1)−(∑t=m+1Tejt2V^jt−1).



(12)







The V^jt−1 is in accordance with the Equation (4) and is estimated at the same time with the other parameters with start value chosen as suggested by Quoreshi and Mollah (2019). After the estimation of parameters, the predicted values x^jt and the residuals e^jt are estimated according to Equations (7) and (8), respectively. The correlation coefficients and the T-test for contagions employing the series xjt, x^jt and e^jt are calculated in accordance with Equation (10).




5. Results


The results from the conditional heteroskedasticity long memory model are presented in Table 3. Both λ^j and d^j are significant. Since the absolute values of d^j are less than 0.5, we find the evidence of long memory in squared stock returns of all the 35 stock indices that are in line with previous studies (e.g., Granger and Hyung 1999; Bhardwaj and Swanson 2006 and Quoreshi and Mollah 2019). This implies that the volatility of stock index returns today has a persistent impact on future volatility. The higher the absolute value of d^j the greater the impact. The squared stock index return of Lithuania has the largest absolute value of d^j (0.31696), while DJI has the smallest absolute corresponding coefficient (0.00916). In general, we may conclude that larger indices have a smaller long memory coefficient. This implies that the impact of volatility in larger markets have smaller impacts on future stock index return volatility compared to the smaller stock index return volatility, although the impact is persistent. This conclusion opens for further research whether the impact is due to the size of the stock index or other characteristics, e.g., difference in country specific factors.



For GFC, we use the three US stock indexes returns as sources of contagion while three major stock indexes of Euro Zone countries (Germany, France and Italy) are used for EZC. We estimate cross-correlations between the sources of contagion and rest of the stock indexes. Besides the level series, predicted series and standardized residual series of the sources of contagion, the lag 1 of these series are also used. For the GFC, lag 1 of the series may be more important compared to the level series to take into account the casual effect due to time differences between the US stock index and rest of the indexes. The cross-correlation coefficients of the volatility measure, for both the predicted and the standardized residual series between the three US stock index returns and the rest of the stock markets, are shown in Table A1 and Table A2 in the Appendix A, respectively. The corresponding cross-correlation coefficients between three major Euro Zone countries (Germany, France and Italy) and the rest of the stock are presented in Table A3 and Table A4 in Appendix A.



A summary of T-tests (Lag 1 of Level, Predicted and standardized Residual series of the US Stock Indexes) for contagion as defined in Equation (10) which is statistically significant difference in correlation coefficients between Pre-GFC and GFC in Table 41. The corresponding statistics for EZC are presented in Table 5. We find evidence of contagion from lag 1 of level series of DJI to 20 countries including the two major Euro Zone countries for squared index returns. This implies that the cross-correlations between lag level series of DJI and those squared stock index returns increase significantly (T-statistics > 1.96) for the period of GFC. Note that we do not find any contagion during GFC on squared stock index returns of Germany (DE), but interdependence (T-statistics = 0.666, see Table 4). However, the effect of contagion is obvious on DE if you consider the lag predicted series (T-statistics = 8.360, see Table 4). Employing lag predicted series of DJI, we find contagion on all countries except for the index of Ireland (IR). For IR, we find interdependence. A similar result is found using lag predicted series of NASDAQ and S&P500 as sources of contagion. For NASDAQ, we find contagion on all countries except for the indexes of Ireland, China (CN) and Lithuania (LT). For S&P500, we find contagion on all countries except for Ireland and China. The results indicate that the squared index returns are interdependent.



For lag residual series of DJI, we find contagion on index of 16 countries that may be compared to 31 stock indexes for lag predicted series. This may be interpreted that the 16 of 31 stock markets react based on explained and unexplained information, while rest of the 15 markets react based only on explained information from the source index.



During the EZC, we find no evidence of contagion from lag level series of squared stock index returns of Germany (DE) to the 32 stock indices, including the DJI, NASDAQ and S&P500 (See Table 5). This implies that the cross-correlations between DE and those indexes do not increase significantly (T-statistics < 2) for the period of EZC. However, employing a lag predicted series of DE, we find evidence for contagion on nine of the stock indexes inclusive four Nordic countries (FI, DK, NO & SE), Russia (RU) and South Africa (ZA). Notably, no effect of contagion is observed from DE to the US stock indexes. However, there is evidence for contagion from lag predicted index series of France (FR) to the three US stock indexes while the lag predicted series of Italy (IT) have a contagion impact on only NASDAQ among the three US stock indices. Note also that we observe negative significant T-statistics which imply that the correlations between DE and the stock index of those countries (CN, LT and JP) decrease significantly or go to opposite direction. This may indicate that there is a change in stock market trading behavior for these countries in relation to DE. It is also important to note that post-GFC correlations decrease generally with few exceptions, while post-EZC correlations have rather ambiguous behaviors. What are the impacts of contagions afterwards? This is an open question that need to be addressed in further research.



The empirical results show that there is contagion in volatility of stock index returns for predicted and unpredicted behaviors. This may imply that actors in the stock markets have reacted based on information that are of interest for a particular stock market. They may also have reacted based on just rumors or trend or nervousness. It is clear from the figures and the tables that the reactions are different in different countries. In summary, we conclude that there is evidence for contagion and interdependence of squared stock index returns during the GFC and EZC that is in line with previous studies (e.g., Wang et al. 2017; Gamba-Santamaria et al. 2017; Jiang et al. 2017; Bonga-Bonga 2018). Wang et al. (2017) find evidence for contagion during the GFC on G7 countries (except for Japan), Russia and India where US is used as sources of contagion and no contagion is found on Brazil, China, and Japan from the same source. Note that we find evidence for contagion on all the predicted indices of BRICS countries and Japan, where the DJI is the source of contagion. But the results are mixed when employing NADAQ and S&P500 as sources of contagion. Jiang et al. (2017) that the correlation of stock markets between the US, Britain, Germany, Japan and Hong Kong increases markedly after the crisis, while it exhibits a reverse trend with the Chinese stock market. In this study, we find evidence for contagion for all these countries for lag predicted series of DJI as sources of contagion. Note that we study contagion for squared stock index returns, while the previous studies consider stock returns or stock index returns.




6. Concluding Remarks


In summary, we find evidence for contagion during the GFC using lag level series of DJI, Nasdaq and S&P 500 as sources for contagion. Similar results are found for the EZC where stock indices of Germany, France and Italy are used as sources of contagion. The intensity (magnitude of cross-correlations) of contagion varies depending on the sources of contagion. We observe that the effects of GFC are different on different stock indexes and it varies depending on sources of contagion. We find also evidence for contagion using lag predicted series and standardized residuals series. These series decompose the total effect which is visible in the level series. The evidence from predicted series illuminates the explained behavior of the stock indices while the residual series capture the unexplained behavior. For the lag predicted series of DJI, we see that the cross-country correlations increase significantly for 31 of 32 observed stock indexes during GFC. Similar results are observed for NASDAQ and S&P500, although the effects are visible on fewer squared stock indexes. For lag residual series of DJI, we find contagion on the indices of 16 countries that may be compared to 31 stock indexes for the lag predicted series. During the EZC, we find no evidence of contagion from the lag level series of squared stock index returns of Germany (DE) to the 32 stock index inclusive DJI, NASDAQ and S&P500. However, employing lag predicted series of DE, we find evidence for contagion on nine of the stock indices, including four Nordic countries (FI, DK, NO & SE), Russia (RU) and South Africa (ZA). Hence, it is important to decompose the explained and unexplained behavior in order to capture the effect of contagion. We also observe that post-GFC and post-EZC correlations do not decrease univocally, which requires further attention to investigate.
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Table A1. Cross correlations coefficients between lag predicted series during Pre-GFC. GFC and post-GFC.






Table A1. Cross correlations coefficients between lag predicted series during Pre-GFC. GFC and post-GFC.





	
Index

	
DJI

	
NASDAQ

	
S&P 500




	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis






	
AT

	
−0.091

	
0.842

	
0.544

	
−0.138

	
0.824

	
0.558

	
−0.108

	
0.840

	
0.599




	
BE

	
0.081

	
0.757

	
0.512

	
0.048

	
0.735

	
0.498

	
0.074

	
0.751

	
0.616




	
DE

	
0.727

	
0.907

	
0.731

	
0.723

	
0.879

	
0.756

	
0.724

	
0.895

	
0.790




	
ES

	
0.051

	
0.789

	
0.644

	
0.046

	
0.740

	
0.639

	
0.052

	
0.769

	
0.748




	
FI

	
0.147

	
0.795

	
0.302

	
0.145

	
0.799

	
0.339

	
0.152

	
0.803

	
0.423




	
FR

	
0.222

	
0.856

	
0.611

	
0.269

	
0.832

	
0.601

	
0.241

	
0.848

	
0.693




	
GR

	
0.117

	
0.611

	
0.265

	
0.097

	
0.559

	
0.287

	
0.118

	
0.588

	
0.328




	
IR

	
−0.009

	
0.588

	
0.251

	
−0.053

	
0.593

	
0.241

	
−0.020

	
0.601

	
0.322




	
IT

	
0.055

	
0.836

	
0.601

	
0.065

	
0.820

	
0.609

	
0.061

	
0.826

	
0.705




	
MT

	
−0.090

	
0.050

	
0.098

	
−0.120

	
0.059

	
0.126

	
−0.099

	
0.060

	
0.071




	
NL

	
0.174

	
0.804

	
0.504

	
0.257

	
0.785

	
0.519

	
0.203

	
0.802

	
0.604




	
PT

	
−0.003

	
0.660

	
0.414

	
−0.024

	
0.617

	
0.428

	
−0.005

	
0.638

	
0.547




	
UK

	
0.096

	
0.852

	
0.727

	
0.095

	
0.822

	
0.710

	
0.100

	
0.844

	
0.783




	
BR

	
−0.023

	
0.879

	
0.836

	
−0.038

	
0.835

	
0.768

	
−0.027

	
0.864

	
0.875




	
CN

	
0.927

	
0.312

	
0.236

	
0.971

	
0.293

	
0.288

	
0.946

	
0.299

	
0.260




	
IN

	
0.819

	
0.607

	
0.676

	
0.762

	
0.578

	
0.630

	
0.810

	
0.589

	
0.645




	
RU

	
−0.064

	
0.556

	
0.301

	
0.004

	
0.527

	
0.289

	
−0.045

	
0.552

	
0.321




	
ZA

	
0.076

	
0.806

	
0.378

	
0.071

	
0.798

	
0.326

	
0.079

	
0.807

	
0.440




	
BG

	
0.148

	
0.616

	
0.253

	
0.133

	
0.593

	
0.234

	
0.152

	
0.609

	
0.245




	
CZ

	
0.021

	
0.703

	
0.567

	
0.016

	
0.650

	
0.572

	
0.025

	
0.676

	
0.613




	
HU

	
−0.040

	
0.748

	
0.263

	
−0.060

	
0.695

	
0.258

	
−0.044

	
0.726

	
0.336




	
PL

	
0.224

	
0.711

	
0.514

	
0.281

	
0.681

	
0.489

	
0.246

	
0.706

	
0.581




	
RO

	
−0.110

	
0.612

	
0.169

	
−0.158

	
0.596

	
0.213

	
−0.125

	
0.600

	
0.163




	
EE

	
0.093

	
0.503

	
0.423

	
0.134

	
0.466

	
0.497

	
0.117

	
0.495

	
0.402




	
HR

	
−0.018

	
0.699

	
0.207

	
−0.036

	
0.669

	
0.266

	
−0.020

	
0.683

	
0.254




	
LT

	
0.229

	
0.442

	
0.479

	
0.290

	
0.410

	
0.542

	
0.263

	
0.431

	
0.524




	
LV

	
0.063

	
0.503

	
−0.066

	
0.038

	
0.488

	
−0.016

	
0.055

	
0.504

	
−0.025




	
DK

	
0.182

	
0.777

	
0.113

	
0.202

	
0.740

	
0.132

	
0.191

	
0.762

	
0.155




	
NO

	
−0.046

	
0.846

	
0.602

	
−0.076

	
0.841

	
0.573

	
−0.053

	
0.852

	
0.613




	
SE

	
0.977

	
0.868

	
0.520

	
0.920

	
0.873

	
0.542

	
0.971

	
0.876

	
0.590




	
HK

	
0.917

	
0.733

	
0.540

	
0.815

	
0.668

	
0.515

	
0.884

	
0.701

	
0.534




	
JP

	
0.100

	
0.769

	
0.417

	
0.232

	
0.711

	
0.415

	
0.132

	
0.738

	
0.424
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Table A2. Cross correlations coefficients between lag residual series during Pre-GFC. GFC and Post-GFC.
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Index

	
DJI

	
NASDAQ

	
S&P 500




	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis






	
AT

	
0.147

	
0.292

	
0.226

	
0.095

	
0.338

	
0.195

	
0.146

	
0.319

	
0.266




	
BE

	
0.328

	
0.394

	
0.524

	
0.229

	
0.434

	
0.470

	
0.305

	
0.415

	
0.612




	
DE

	
0.357

	
0.666

	
0.578

	
0.344

	
0.631

	
0.562

	
0.323

	
0.644

	
0.647




	
ES

	
0.335

	
0.337

	
0.648

	
0.305

	
0.332

	
0.601

	
0.316

	
0.346

	
0.735




	
FI

	
0.302

	
0.367

	
0.380

	
0.259

	
0.407

	
0.430

	
0.290

	
0.395

	
0.483




	
FR

	
0.389

	
0.458

	
0.483

	
0.329

	
0.486

	
0.457

	
0.363

	
0.472

	
0.547




	
GR

	
0.201

	
0.172

	
0.172

	
0.165

	
0.184

	
0.193

	
0.202

	
0.185

	
0.205




	
IR

	
0.201

	
0.167

	
0.367

	
0.164

	
0.248

	
0.314

	
0.200

	
0.228

	
0.412




	
IT

	
0.335

	
0.394

	
0.494

	
0.286

	
0.419

	
0.509

	
0.315

	
0.399

	
0.594




	
MT

	
0.011

	
0.004

	
−0.022

	
0.001

	
0.011

	
0.006

	
0.006

	
0.006

	
−0.008




	
NL

	
0.306

	
0.379

	
0.518

	
0.285

	
0.434

	
0.546

	
0.280

	
0.424

	
0.609




	
PT

	
0.154

	
0.264

	
0.548

	
0.098

	
0.282

	
0.541

	
0.160

	
0.260

	
0.646




	
UK

	
0.372

	
0.416

	
0.644

	
0.280

	
0.443

	
0.554

	
0.363

	
0.439

	
0.692




	
BR

	
0.442

	
0.767

	
0.767

	
0.408

	
0.735

	
0.638

	
0.461

	
0.766

	
0.803




	
CN

	
0.241

	
0.034

	
−0.043

	
0.174

	
0.048

	
−0.065

	
0.254

	
0.035

	
−0.045




	
IN

	
0.060

	
0.158

	
0.159

	
0.088

	
0.145

	
0.043

	
0.070

	
0.148

	
0.122




	
RU

	
0.044

	
0.128

	
0.171

	
0.040

	
0.133

	
0.088

	
0.047

	
0.143

	
0.153




	
ZA

	
0.064

	
0.139

	
0.000

	
0.057

	
0.128

	
−0.078

	
0.082

	
0.118

	
0.002




	
BG

	
0.023

	
−0.063

	
−0.116

	
0.031

	
−0.071

	
−0.098

	
0.020

	
−0.082

	
−0.089




	
CZ

	
0.179

	
0.028

	
0.356

	
0.160

	
0.044

	
0.407

	
0.179

	
0.037

	
0.387




	
HU

	
0.085

	
0.248

	
0.391

	
0.053

	
0.225

	
0.349

	
0.072

	
0.262

	
0.426




	
PL

	
0.154

	
0.131

	
0.390

	
0.122

	
0.128

	
0.414

	
0.142

	
0.158

	
0.428




	
RO

	
−0.012

	
0.034

	
0.018

	
0.004

	
0.052

	
−0.007

	
−0.003

	
0.037

	
−0.005




	
EE

	
0.119

	
0.018

	
0.071

	
0.091

	
−0.006

	
0.086

	
0.125

	
0.019

	
0.038




	
HR

	
0.014

	
0.379

	
0.022

	
−0.010

	
0.354

	
0.039

	
0.005

	
0.375

	
0.053




	
LT

	
0.014

	
0.129

	
−0.046

	
0.025

	
0.102

	
0.029

	
0.007

	
0.128

	
−0.007




	
LV

	
0.042

	
0.149

	
0.031

	
0.017

	
0.160

	
0.038

	
0.045

	
0.162

	
0.023




	
DK

	
0.148

	
0.260

	
0.204

	
0.100

	
0.276

	
0.163

	
0.135

	
0.272

	
0.181




	
NO

	
0.141

	
0.261

	
0.457

	
0.129

	
0.325

	
0.484

	
0.160

	
0.313

	
0.496




	
SE

	
0.318

	
0.418

	
0.398

	
0.275

	
0.466

	
0.432

	
0.309

	
0.451

	
0.467




	
HK

	
0.103

	
0.396

	
0.063

	
0.111

	
0.319

	
0.069

	
0.123

	
0.354

	
0.071




	
JP

	
−0.025

	
0.108

	
0.001

	
−0.036

	
0.099

	
0.059

	
−0.034

	
0.083

	
−0.001
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Table A3. Cross correlations coefficients between lag predicted series during Pre-EZC. EZC and Post-EZC.
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Index

	
Germany

	
France

	
Italy




	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis






	
AT

	
0.628

	
0.819

	
0.782

	
0.693

	
0.911

	
0.817

	
0.682

	
0.859

	
0.793




	
BE

	
0.715

	
0.745

	
0.878

	
0.873

	
0.944

	
0.927

	
0.804

	
0.910

	
0.851




	
ES

	
0.695

	
0.502

	
0.715

	
0.783

	
0.829

	
0.833

	
0.878

	
0.848

	
0.919




	
FI

	
0.643

	
0.909

	
0.781

	
0.727

	
0.937

	
0.782

	
0.639

	
0.896

	
0.671




	
GR

	
0.448

	
0.424

	
0.452

	
0.574

	
0.493

	
0.469

	
0.486

	
0.483

	
0.457




	
IR

	
0.466

	
0.567

	
0.652

	
0.576

	
0.814

	
0.678

	
0.458

	
0.766

	
0.718




	
MT

	
0.187

	
0.067

	
−0.048

	
−0.076

	
0.065

	
−0.034

	
−0.085

	
0.074

	
−0.031




	
NL

	
0.702

	
0.793

	
0.906

	
0.837

	
0.955

	
0.919

	
0.816

	
0.898

	
0.764




	
PT

	
0.628

	
0.471

	
0.685

	
0.763

	
0.771

	
0.732

	
0.765

	
0.810

	
0.686




	
UK

	
0.907

	
0.841

	
0.829

	
0.883

	
0.867

	
0.823

	
0.785

	
0.796

	
0.642




	
BR

	
0.729

	
0.665

	
0.300

	
0.722

	
0.648

	
0.286

	
0.732

	
0.594

	
0.263




	
CN

	
0.350

	
0.017

	
0.579

	
0.154

	
0.172

	
0.492

	
0.173

	
0.129

	
0.289




	
IN

	
0.509

	
0.552

	
0.413

	
0.515

	
0.469

	
0.399

	
0.495

	
0.441

	
0.283




	
RU

	
0.323

	
0.638

	
0.213

	
0.306

	
0.654

	
0.174

	
0.262

	
0.580

	
0.135




	
ZA

	
0.400

	
0.574

	
0.483

	
0.436

	
0.644

	
0.464

	
0.467

	
0.587

	
0.370




	
BG

	
0.139

	
0.029

	
−0.012

	
0.079

	
0.004

	
0.030

	
0.067

	
0.004

	
0.030




	
CZ

	
0.442

	
0.632

	
0.637

	
0.576

	
0.779

	
0.668

	
0.602

	
0.735

	
0.637




	
HU

	
0.276

	
0.574

	
0.455

	
0.382

	
0.803

	
0.436

	
0.426

	
0.794

	
0.425




	
PL

	
0.525

	
0.836

	
0.496

	
0.719

	
0.810

	
0.491

	
0.714

	
0.772

	
0.432




	
RO

	
0.137

	
0.289

	
0.100

	
0.130

	
0.560

	
0.115

	
0.089

	
0.533

	
0.113




	
EE

	
0.539

	
0.580

	
0.351

	
0.336

	
0.576

	
0.357

	
0.243

	
0.515

	
0.250




	
HR

	
0.324

	
0.116

	
0.062

	
0.230

	
0.121

	
0.108

	
0.273

	
0.120

	
0.105




	
LT

	
0.485

	
0.253

	
0.205

	
0.559

	
0.226

	
0.197

	
0.523

	
0.183

	
0.156




	
LV

	
0.037

	
0.024

	
0.099

	
0.091

	
0.226

	
0.071

	
0.087

	
0.195

	
0.002




	
DK

	
0.303

	
0.678

	
0.587

	
0.330

	
0.853

	
0.565

	
0.233

	
0.806

	
0.489




	
NO

	
0.603

	
0.801

	
0.688

	
0.555

	
0.865

	
0.688

	
0.600

	
0.806

	
0.577




	
SE

	
0.751

	
0.957

	
0.815

	
0.683

	
0.902

	
0.775

	
0.604

	
0.836

	
0.677




	
HK

	
0.527

	
0.794

	
0.531

	
0.512

	
0.623

	
0.497

	
0.461

	
0.560

	
0.354




	
JP

	
0.435

	
0.081

	
0.446

	
0.463

	
0.095

	
0.484

	
0.426

	
0.038

	
0.449




	
DJI

	
0.731

	
0.816

	
0.519

	
0.611

	
0.779

	
0.461

	
0.601

	
0.726

	
0.312




	
NASDAQ

	
0.756

	
0.778

	
0.508

	
0.601

	
0.756

	
0.465

	
0.609

	
0.704

	
0.348




	
S&P500

	
0.790

	
0.798

	
0.580

	
0.693

	
0.764

	
0.537

	
0.705

	
0.712

	
0.379
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Table A4. Cross correlations coefficients between lag residual series during Pre-EZC. EZC and Post-EZC.






Table A4. Cross correlations coefficients between lag residual series during Pre-EZC. EZC and Post-EZC.





	
Index

	
Germany

	
France

	
Italy




	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis






	
AT

	
0.457

	
0.668

	
0.688

	
0.547

	
0.787

	
0.723

	
0.611

	
0.720

	
0.691




	
BE

	
0.758

	
0.685

	
0.843

	
0.849

	
0.891

	
0.887

	
0.787

	
0.839

	
0.782




	
ES

	
0.650

	
0.517

	
0.683

	
0.566

	
0.831

	
0.814

	
0.752

	
0.883

	
0.903




	
FI

	
0.705

	
0.776

	
0.511

	
0.717

	
0.847

	
0.454

	
0.623

	
0.769

	
0.248




	
GR

	
0.337

	
0.270

	
0.326

	
0.417

	
0.324

	
0.359

	
0.252

	
0.312

	
0.390




	
IR

	
0.543

	
0.606

	
0.536

	
0.620

	
0.758

	
0.528

	
0.488

	
0.719

	
0.467




	
MT

	
0.002

	
−0.064

	
0.000

	
−0.024

	
−0.046

	
0.004

	
0.030

	
−0.042

	
0.013




	
NL

	
0.794

	
0.773

	
0.850

	
0.768

	
0.914

	
0.882

	
0.792

	
0.828

	
0.704




	
PT

	
0.638

	
0.483

	
0.592

	
0.618

	
0.786

	
0.657

	
0.625

	
0.812

	
0.641




	
UK

	
0.842

	
0.710

	
0.675

	
0.867

	
0.726

	
0.692

	
0.737

	
0.614

	
0.435




	
BR

	
0.659

	
0.440

	
0.121

	
0.603

	
0.417

	
0.129

	
0.660

	
0.303

	
0.105




	
CN

	
0.036

	
0.083

	
0.226

	
0.058

	
0.052

	
0.189

	
0.059

	
−0.001

	
0.101




	
IN

	
0.139

	
0.297

	
0.292

	
0.297

	
0.342

	
0.314

	
0.218

	
0.274

	
0.200




	
RU

	
0.131

	
0.486

	
0.198

	
0.185

	
0.363

	
0.160

	
0.137

	
0.207

	
0.109




	
ZA

	
0.037

	
−0.046

	
0.052

	
−0.092

	
−0.070

	
0.065

	
−0.095

	
−0.074

	
0.088




	
BG

	
−0.021

	
0.019

	
0.051

	
0.068

	
−0.011

	
0.061

	
0.157

	
−0.019

	
0.061




	
CZ

	
0.278

	
0.452

	
0.484

	
0.378

	
0.575

	
0.481

	
0.455

	
0.514

	
0.443




	
HU

	
0.344

	
0.466

	
0.351

	
0.292

	
0.677

	
0.374

	
0.398

	
0.675

	
0.353




	
PL

	
0.384

	
0.673

	
0.440

	
0.503

	
0.639

	
0.445

	
0.480

	
0.573

	
0.371




	
RO

	
0.057

	
0.277

	
0.064

	
0.129

	
0.451

	
0.064

	
0.075

	
0.374

	
0.074




	
EE

	
0.383

	
0.382

	
0.209

	
0.353

	
0.372

	
0.226

	
0.161

	
0.252

	
0.144




	
HR

	
0.036

	
0.076

	
0.183

	
0.047

	
0.073

	
0.211

	
0.265

	
0.024

	
0.193




	
LT

	
0.132

	
0.107

	
0.149

	
0.402

	
0.121

	
0.146

	
0.291

	
0.070

	
0.074




	
LV

	
0.025

	
0.130

	
0.050

	
0.070

	
0.173

	
0.036

	
0.009

	
0.168

	
0.015




	
DK

	
0.281

	
0.603

	
0.363

	
0.244

	
0.723

	
0.335

	
0.157

	
0.628

	
0.243




	
NO

	
0.575

	
0.695

	
0.482

	
0.409

	
0.725

	
0.511

	
0.565

	
0.662

	
0.353




	
SE

	
0.660

	
0.877

	
0.538

	
0.539

	
0.832

	
0.450

	
0.472

	
0.697

	
0.214




	
HK

	
0.229

	
0.255

	
0.256

	
0.319

	
0.237

	
0.283

	
0.166

	
0.088

	
0.193




	
JP

	
0.021

	
0.108

	
0.304

	
0.205

	
0.062

	
0.341

	
0.115

	
0.009

	
0.327




	
DJI

	
0.578

	
0.617

	
0.374

	
0.483

	
0.577

	
0.371

	
0.494

	
0.503

	
0.273




	
NASDAQ

	
0.562

	
0.580

	
0.361

	
0.457

	
0.554

	
0.350

	
0.509

	
0.464

	
0.265




	
S&P500

	
0.647

	
0.594

	
0.405

	
0.547

	
0.556

	
0.408

	
0.594

	
0.473

	
0.303
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Table A5. Country code and name of the country for the stock indexes.
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	Country Code
	Country Name





	1. AT
	Austria



	2. BE
	Belgium



	3. DE
	Germany



	4. ES
	Spain



	5. FR
	France



	6. GR
	Greece



	7. IR
	Ireland



	8. IT
	Italy



	9. MT
	Malta



	10. NL
	The Netherlands



	11. PT
	Portugal



	12. UK
	United Kingdom



	13. BR
	Brazil



	14. CN
	China



	15. IN
	India



	16. RU
	Russia



	17. ZA
	South Africa



	18. BG
	Bulgaria



	19. CZ
	Czech Republic



	20. HU
	Hungary



	21. PL
	Poland



	22. RO
	Romania



	23. EE
	Estonia



	24. HR
	Croatia



	25. LT
	Lithuania



	26. LV
	Latvia



	27. DK
	Denmark



	28. FI
	Finland



	29. NO
	Norway



	30. SE
	Sweden



	31. HK
	Hong Kong



	32. JP
	Japan



	33. DJI
	US Dow Jones Index



	34. NASDAQ
	US NASDAQ



	35. S&P500
	US Standard & Poor 500
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The estimates of cross-correlations with the lag 1 series are not presented here. The results are available upon requests to the authors.
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Table 1. Correlation coefficients for squared stock index return for Pre-GFC, GFC and Post-GFC.
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Index 1

	
DJI

	
NASDAQ

	
S&P 500




	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis

	
Pre-Crisis

	
During Crisis

	
Post-Crisis






	
AT

	
0.161

	
0.473

	
0.267

	
0.097

	
0.504

	
0.226

	
0.163

	
0.491

	
0.298




	
BE

	
0.355

	
0.530

	
0.526

	
0.257

	
0.557

	
0.474

	
0.344

	
0.546

	
0.601




	
DE

	
0.381

	
0.674

	
0.582

	
0.409

	
0.638

	
0.565

	
0.375

	
0.652

	
0.649




	
ES

	
0.355

	
0.445

	
0.672

	
0.326

	
0.435

	
0.625

	
0.349

	
0.448

	
0.751




	
FI

	
0.321

	
0.453

	
0.385

	
0.288

	
0.492

	
0.427

	
0.327

	
0.480

	
0.485




	
FR

	
0.406

	
0.481

	
0.488

	
0.365

	
0.508

	
0.460

	
0.400

	
0.495

	
0.551




	
GR

	
0.216

	
0.244

	
0.195

	
0.187

	
0.246

	
0.219

	
0.229

	
0.253

	
0.226




	
IR

	
0.229

	
0.286

	
0.372

	
0.176

	
0.355

	
0.331

	
0.236

	
0.340

	
0.416




	
IT

	
0.361

	
0.500

	
0.517

	
0.313

	
0.522

	
0.518

	
0.355

	
0.502

	
0.604




	
MT

	
−0.010

	
0.027

	
0.022

	
−0.030

	
0.031

	
0.040

	
−0.023

	
0.030

	
0.018




	
NL

	
0.336

	
0.516

	
0.525

	
0.349

	
0.562

	
0.534

	
0.330

	
0.552

	
0.605




	
PT

	
0.183

	
0.378

	
0.564

	
0.121

	
0.387

	
0.559

	
0.193

	
0.370

	
0.659




	
UK

	
0.384

	
0.436

	
0.648

	
0.298

	
0.462

	
0.558

	
0.390

	
0.460

	
0.695




	
BR

	
0.450

	
0.777

	
0.774

	
0.419

	
0.746

	
0.644

	
0.481

	
0.775

	
0.806




	
CN

	
0.216

	
0.037

	
−0.041

	
0.122

	
0.051

	
−0.062

	
0.213

	
0.038

	
−0.042




	
IN

	
0.058

	
0.168

	
0.169

	
0.087

	
0.155

	
0.055

	
0.068

	
0.158

	
0.134




	
RU

	
0.039

	
0.176

	
0.177

	
0.049

	
0.180

	
0.101

	
0.046

	
0.192

	
0.160




	
ZA

	
0.100

	
0.280

	
0.118

	
0.090

	
0.277

	
0.021

	
0.121

	
0.270

	
0.127




	
BG

	
0.028

	
0.181

	
−0.075

	
0.015

	
0.167

	
−0.059

	
0.025

	
0.168

	
−0.051




	
CZ

	
0.192

	
0.246

	
0.369

	
0.178

	
0.251

	
0.403

	
0.206

	
0.247

	
0.389




	
HU

	
0.090

	
0.377

	
0.377

	
0.048

	
0.339

	
0.343

	
0.083

	
0.381

	
0.413




	
PL

	
0.185

	
0.227

	
0.387

	
0.177

	
0.222

	
0.400

	
0.190

	
0.251

	
0.421




	
RO

	
0.007

	
0.208

	
−0.003

	
0.000

	
0.212

	
−0.015

	
0.010

	
0.204

	
−0.025




	
EE

	
0.136

	
0.129

	
0.136

	
0.127

	
0.094

	
0.142

	
0.159

	
0.126

	
0.089




	
HR

	
0.002

	
0.546

	
0.052

	
−0.031

	
0.525

	
0.087

	
−0.007

	
0.533

	
0.089




	
LT

	
0.037

	
0.303

	
0.035

	
0.078

	
0.258

	
0.083

	
0.045

	
0.292

	
0.050




	
LV

	
0.039

	
0.242

	
0.022

	
0.015

	
0.241

	
0.032

	
0.045

	
0.250

	
0.026




	
DK

	
0.189

	
0.396

	
0.227

	
0.151

	
0.402

	
0.191

	
0.189

	
0.402

	
0.206




	
NO

	
0.151

	
0.422

	
0.487

	
0.133

	
0.474

	
0.492

	
0.177

	
0.467

	
0.512




	
SE

	
0.314

	
0.428

	
0.399

	
0.269

	
0.476

	
0.432

	
0.308

	
0.461

	
0.468




	
HK

	
0.079

	
0.415

	
0.077

	
0.091

	
0.338

	
0.082

	
0.095

	
0.374

	
0.085




	
JP

	
−0.011

	
0.165

	
0.013

	
0.016

	
0.153

	
0.070

	