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Abstract

:

This study uses the BEKK-GARCH model to examine the return-and-volatility spillover between the world-leading markets (USA and China) and four emerging Latin American stock markets over the global financial crisis of 2008 and the crash of the Chinese stock market of 2015. Regarding return spillover, our findings reveal a unidirectional return transmission from Mexico to the US stock market during the global financial crisis. During the crash of the Chinese stock market, the return spillover is found to be unidirectional from the US to the Brazil, Chile, Mexico, and Peru stock markets. Moreover, the results indicate a unidirectional return transmission from China to the Brazil, Chile, Mexico, and Peru stock markets during the global financial crisis and the crash of the Chinese stock market. Regarding volatility spillover, the results show the bidirectional volatility transmission between the US and the stock markets of Chile and Mexico during the global financial crisis. During the Chinese crash, the bidirectional volatility transmission is observed between the US and Mexican stock markets. Furthermore, the volatility spillover is unidirectional from China to the Brazil stock market during the global financial crisis. During the Chinese crash, the volatility spillover is bidirectional between the China and Brazil stock markets. Lastly, a portfolio analysis application has been conducted.
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1. Introduction


The information transmissions (return and volatility) across equity markets are of greater interest to investors and policymakers with increased financial integration all over the world. For example, if asset volatility is transferred from one market to another during turbulence or crisis, then portfolio managers need to adjust their asset allocation (Bouri 2013; Syriopoulos et al. 2015; Yousaf and Hassan 2019) and financial policymakers need to change their policies to reduce the contagion risk (Yang and Zhou 2017). The linkages between equity markets, especially during a crisis, can also have important implications for asset allocations, portfolio diversification, asset valuation, hedging, and risk management.



In the literature, several studies have examined the linkages between equity markets during the Asian crisis of 1997 (In et al. 2001; Chen et al. 2002; Chancharoenchai and Dibooglu 2006; Li and Giles 2014; Gulzar et al. 2019) and the global financial crisis (Taşdemir and Yalama 2014; Bekiros 2014; Mensi et al. 2016; Gamba-Santamaria et al. 2017). However, the linkages between equity markets are rarely examined during the crash of the Chinese stock market in 2015. The Chinese stock market crashed in 2015 (Han and Liang 2017; Ahmed and Huo 2019; Yousaf and Hassan 2019). The CSI 300 index had reached up to 5178 points until mid-June in 2015. Then, it took roller-coaster ride and dropped up to 34% in just 20 days, also losing 1000 points within just one week. Around 50% of the Chinese stocks lost more than half of their pre-crash market value. This crash adversely affected the many other financial markets around the globe (Fang and Bessler 2018). Despite the importance of the Chinese crash to international portfolio managers, only Ahmed and Huo (2019) examined the volatility transmission between the Chinese and Asian stock markets during the crash of the Chinese stock market in 2015. The empirical research remains surprisingly limited on the area of linkages between equity markets during the crash of the Chinese stock market.



The US and China are the most significant trading partners of the emerging Latin American economies. From 2000 to 2017, the trade volume of China (US) is increased by 21 (2.5)-fold with emerging Latin American economies. The trade volume of leading economies grew at a different rate with the emerging Latin American (LA) economies; thus, spillover can also be changed between the China-LA and US-LA pairs during the last two decades. Johnson and Soenen (2003) also suggest that trade increases the financial integration between countries’ stock markets. Previously, several studies have examined the spillovers between the US and Latin American stock markets (Meric et al. 2001; Arouri et al. 2015; Rejeb and Arfaoui 2016; Cardona et al. 2017; Gamba-Santamaria et al. 2017; Ramirez-Hassan and Pantoja 2018; Yousaf and Ahmed 2018; Fortunato et al. 2019; Coleman et al. 2019). However, the linkages between the China and Latin American stock markets have not yet been explored, especially during the global financial crisis and the crash of the Chinese stock market.



Based on the above-mentioned literature gaps, this study aims to examine the return and volatility spillover between the world-leading (the US and China) and emerging Latin American stock markets during the full sample period, the global financial crisis, and the crash of the Chinese stock market. Additionally, this study estimates the optimal weights and hedge ratios during all the sample periods.



Our study makes the following contributions to the literature. First, regarding return spillover, the findings reveal a unidirectional return transmission from Mexico to the US stock market during the global financial crisis. During the crash of the Chinese stock market, the return spillover is found to be unidirectional from the US to the Brazil, Chile, Mexico, and Peru stock markets. Moreover, the results indicate a unidirectional return transmission from China to the Brazil, Chile, Mexico, and Peru stock markets during the global financial crisis and the crash of the Chinese stock market. Regarding volatility spillover, the results show the bidirectional volatility transmission between the US and the stock markets of Chile and Mexico during the global financial crisis. During the Chinese crash, a bidirectional volatility transmission is observed between the US and Mexican stock markets. Furthermore, the volatility spillover is unidirectional from China to the Brazil stock market during the global financial crisis. During the Chinese crash, the volatility spillover is bidirectional between the China and Brazil stock markets.



The contributions of this study are four-fold. First, this study provides a comprehensive analysis of spillover between the world-leading and emerging LA stock markets during the crash of the Chinese stock market. Second, it contributes to the literature of the China-LA stock markets by examining the spillovers during the global financial crisis. Lastly, the BEKK-GARCH model is applied to estimate the spillovers, optimal weights, and hedge ratios, which provide better statistical properties compared to the many other GARCH models. The rest of the paper is organized as follows: Section 2 provides a review of the literature. The empirical method is described in Section 3. Section 4 consists of the data and the preliminary analysis. The empirical results are reported in Section 5. Finally, Section 5 concludes the discussion.




2. Literature Review


Markowitz’s modern portfolio theory can describe the relationship between different stock markets in order to build an optimum portfolio. The rationale behind this concept is to combine risky assets with less risky or risk-free assets in the portfolio (Markowitz 1959). For example, the leading stock market shows a higher volatility during the financial crisis, and as a result the portfolio investors need to diversify their portfolios by investing in weakly integrated emerging stock markets. Therefore, an analysis of risk transmission between different equity markets is essential for portfolio managers to identify opportunities for portfolio diversification across markets and over time.



Over the past decade, there has been a growing body of literature examining the information transmissions (return and volatility) between the US and LA stock markets during the crisis and non-crisis periods. Meric et al. (2001) report significant co-movements between the US and LA (Brazil, Argentina, Chile, and Mexico) stock markets during the period 1984–1995. Fernández-Serrano and Sosvilla-Rivero (2003) report the cointegration across the US and LA equity markets. Sharkasi et al. (2005) investigate the spillover across the US and Brazil stock markets. They provide evidence of co-movements between the US and Brazil stock markets.



Diamandis (2009) investigates the linkages and common trends between the US and four Latin American (Argentina, Brazil, Chile, and Mexico) stock markets. Because the four Latin American countries initiated a phase of financial liberalization in the late 1980s and early 1990s, this study also explores whether the removal of foreign-exchange controls had any effect on the potential linkages. Firstly, this study finds that the US stock market is partially integrated with four LA stock markets. Secondly, the five stock markets have four significant common permanent components/trends which influence their system in the long run. Thirdly, the results indicate significant short-term deviations from standard stochastic patterns during the 1994–1996 Mexican crisis and the 2001 financial crisis.



Beirne et al. (2013) use the tri-variate GARCH-BEKK model to estimate the volatility transmission from mature markets to 41 emerging (including 8 Latin American) stock markets. The volatility transmission is observed to be significant from many mature markets to the emerging stock markets. Additionally, there is evidence of changes in the parameters of volatility spillovers during turbulent or crisis periods. Graham et al. (2012) estimate the integration between the US and 22 emerging equity markets and find evidence of strong co-movements across the US, Brazil, and Mexico equity markets. Hwang (2014) examined the spillover between the US and LA equity markets during the global financial crisis. The study found that the integration between the US and LA equity markets became stronger during the global financial crisis.



Using the VAR-GARCH model, Arouri et al. (2015) estimate the return and volatility transmissions between the US and LA (Brazil, Argentina, Mexico, Chile, and Columbia) stock markets from 1993 through to 2012. The return spillover is seen to be significant from the US to the Argentina, Mexico, and Colombia stock markets. It also provides evidence of a volatility transmission from the US to a few LA stock markets. Syriopoulos et al. (2015) use the VAR-GARCH model and find that the return and volatility spillover is significant between the US and BRICS (Brazil, Russia, India, China, and South Africa) equity markets (at the sectoral level). Mensi et al. (2016) reveal the strong dynamic correlation between US and BRICS equity markets during the global financial crisis of 2008.



Rejeb and Arfaoui (2016) examine the volatility transmission between developed (US and Japan) and emerging (Latin American and Asian) stock markets using standard GARCH models and a quantile regression approach. This study reveals a significant presence of volatility transmission in these markets. The volatility transmission is seen to be closely associated with the crisis period and geographical proximity. A lower and upper quantiles analysis shows that interdependence between markets decreases during a bearish trend, while it increases during bullish markets. Using the GARCH model, Bhuyan et al. (2016) observes return and volatility transmissions from the US to BRICS stock markets.



Al Nasser and Hajilee (2016) provide evidence of short-run integration between developed (US, UK, and Germany) and emerging stock markets (Brazil, Mexico, Russia, China, and Turkey). However, in the long run, the cointegration is only found to be significant between Germany and emerging Asian stock markets. Gamba-Santamaria et al. (2017) examine the directional volatility transmission between the US and the four LA stock markets (Brazil, Chile, Mexico, and Columbia) using the framework of Diebold and Yilmaz (2012). Brazil is found to be the net volatility transmitter for most of the sample period, whereas Columbia, Chile, and Mexico are the net receivers of volatility. Moreover, the US stock market is observed to be the net transmitter of volatility to the four LA stock markets. Besides this, the magnitude of volatility transmission is increased from the US to LA stock markets during the global financial crisis of 2008.1



Yousaf and Ahmed (2018) study the influence of the US and Brazil on the Mexico, Argentina, Chile, and Peru stock markets by using GARCH in a mean approach. The study concludes that the return effects are dominantly transmitted from the US to the Mexico, Argentina, Chile, and Peru stock markets. Moreover, the volatility transmission is found to be dominant from Brazil to the Mexico, Argentina, Chile, and Peru stock markets. Cardona et al. (2017) use the MGARCH-BEKK model to estimate the volatility transmission between the US and the six LA stock markets (Brazil, Argentina, Mexico, Chile, Peru, and Colombia). They report the significant volatility transmission from the US to all LA stock markets. Moreover, only Brazil transmits volatility effects to the US stock market.



Ramirez-Hassan and Pantoja (2018) provide evidence of co-movements between the returns of the US and six LA stock markets after the global financial crisis of 2008. Fortunato et al. (2019) provide evidence of return transmission from the US to the Brazil, Chile, Columbia, Mexico, and Peru equity markets. Coleman et al. (2019) find the co-movements between the US and LA (Brazil, Chile, Mexico, Peru, Venezuela, and Argentina) stock markets. Su (2019) reports the dominant risk transmission from the G7 (US, Japan, UK, Germany, France, Italy, and Canada) countries to the BRICS (Brazil, Russia, India, China, and South Africa) stock markets.



However, fewer studies have examined the spillovers between the China and Latin American stock markets during the crisis and non-crisis periods. Garza-García and Vera-Juárez (2010) study the impact of US and Chinese macroeconomic variables on the stock markets of Brazil, Mexico, and Chile. The macroeconomic variables (the US and Chinese) are observed to be integrated with the LA stock markets. Additionally, the US macroeconomic variables Granger affect the Brazilian and Mexican stock markets. On the other hand, the Chinese macroeconomic variables Granger affect the stock markets of Mexico and Chile.



Horvath and Poldauf (2012) find that the Chinese stock market is weakly correlated with the Brazil, Australia, Canada, Germany, Japan, Hong Kong, South Africa, Russia, US, and UK stock markets. Sharma et al. (2013) apply the VAR model to examine the linkages between the BRICS (Brazil, Russia, India, China, and South Africa) stock markets. This study finds a return transmission from Brazil (India) to the Russia, India (Brazil), China, and South Africa equity markets. Moreover, the return transmission is only observed from China to the Russian stock market. Bekiros (2014) looks at the contagion effect between Brazil, Russia, India, and China by using several multivariate GARCH models. This study concludes that there exists a higher integration between Brazil, Russia, India, and China after the global financial crisis.



Ahmad and Sehgal (2015) estimate the volatility of the BRIICKS (Brazil, Russia, India, Indonesia, China, South Korea, and South Africa) stock markets by using the Markov regime-switching (MS) in the mean-variance model. It suggests that investors should allocate investment in the China, Russia, and India emerging stock markets. While investigating the relationship between the Chinese and foreign stock markets (US, Brazil, India, and Germany), Cao et al. (2017) reported a bi-directional causality between the China and foreign stock markets. Previous work does not provide evidence of return and volatility spillover between leading (US and China) and Latin American stock markets during the global financial crisis and the crash of the Chinese stock market. Therefore, this study addresses the above-mentioned literature gaps.




3. Data and Methodology


In this section, we will discuss the data and methodology used in our paper. We first discuss the data.



3.1. Data


This study uses the daily data of benchmark stock indices of the US (S&P 500); China (SSE Composite Index); and four emerging LA stock markets—namely, Brazil (IBOVESPA index), Chile (IPSA index), Mexico (S&P/BMV IPC Index), and Peru (S&P/BVL Peru General TR PEN Index). The data of stock indices are taken from the Data Stream database. The index is assumed to be the same on non-trading days (holidays except weekends) as on the previous trading day, as suggested by Malik and Hammoudeh (2007), and Ali et al. (2020).



This study uses the full sample period from 1 January 2000, to 29 May 2020, and studies the following two sub-samples: the first sub-period from 1 August 2007, to 30 July 2010, presenting the period with the US financial crisis; and the second sub-period from 1 June 2015, to 31 May 2018, presenting the period with the Chinese stock market crash. We note that Yousaf and Hassan (2019) also use similar timeframes for the global financial crisis and the crash of the Chinese stock market. This study follows He (2001) to use three-year data for each crisis for a short-run analysis. Changes in the market correlations take place continuously, not only as a result of the crises but also due to the consequences of many financial, economic, and political events. This study uses the same time for both the crisis periods to make the coefficient comparable. The difference in the opening time of the China and LA stock markets has been adjusted in the estimations.




3.2. Methodology


The econometric specification used in this study has two components. First, a vector autoregression (VAR) with one lag is used to model the returns.2 This allows for autocorrelations and cross-autocorrelations in the returns. Second, a multivariate BEKK-GARCH model is used to model the time-varying variances and covariances developed by Engle and Kroner (1995).3 BEKK-GARCH has the attractive characteristics that the conditional covariance matrices are positive definite (Chang et al. 2011). Several studies have used the BEKK-GARCH model to estimate the spillover between different asset classes; see, for example, Chang et al. (2011), Sadorsky (2012), Beirne et al. (2013), Chang et al. (2017), Cardona et al. (2017), and Sarwar et al. (2020). Moreover, we will estimate the optimal weights and hedge ratios using the BEKK-GARCH model.



This study aims to examine the return and volatility spillover between the stock markets, and thus we firstly focus on return spillover. For any pair of two series, the following are the specifications for the conditional mean equation:


   R t  = μ + ∅    R  t − 1   +  e t       with     e t  =  H t  1 / 2    η t  .  



(1)







   R t  = (  R t x   ,     R t y  )  ′   is the vector of returns on the stock market indices x and y at time t, respectively;  ∅  is the 2 × 2 matrix of parameters, measuring the impacts of own lagged and cross mean transmissions between two series;    e t  =   (   e t x  ,  e t y   )  ′    is the vector of error terms of the conditional mean equations for the two series at time t;    η t  =   (   η t x  ,    η t y   )  ′    indicates a sequence of independently and identically distributed random errors; and    H t  =  (       H t x       H t  x y          H t  x y        H t y       )    denotes the conditional variance-covariance matrix of return series of x and y. In addition,    H t  1 / 2     is the 2 × 2 symmetric positive definite matrix.



The full BEKK–GARCH, which imposes positive definiteness restrictions for    H t  ,   is given by:


   H t  =  C ′  C +  A ′   e  t − 1    e  t − 1  ′  A +  B ′   H  t − 1   B ,  



(2)




where A and B are (n × n) coefficient matrices and    C ′  C   is the decomposition of the intercept matrix. Each element (i,j)th in    H t    depends on the corresponding (i,j)th element in (   e  t − 1    e  t − 1  ′  )   and    H  t − 1    . Accordingly, past shocks and volatility are allowed to directly spill over from a market to another, and they are captured by the coefficients of the A and B matrices. More specifically, the BEKK-GARCH matrices can be expanded as follows:


   h t x  =  C x  +  α x 2     (   e  t − 1  x   )   2  + 2  α x   α  y x    e  t − 1  x   e  t − 1  y  +  α  y x  2     (   e  t − 1  y   )   2  +  β x 2   h  t − 1  x  + 2  β x   β  y x    h  t − 1   x y   +  β  y x  2   h  t − 1  y   



(3)






    h t  x y   =  C  x y   +  α x   α  x y      (   e  t − 1  x   )   2  +  (   α  y x    α  x y   +  α x   α y   )   e  t − 1  x   e  t − 1  y  +  α  y x    a y     (   e  t − 1  y   )   2  +  β s   β  x y    h  t − 1  x     +  (   β  y x    β  x y   +  β x   β y   )   h  t − 1   x y   +  β  y x    β y   h  t − 1  y    



(4)






   h t y  =  C y  +  α  x y  2     (   e  t − 1  x   )   2  + 2  α  x y    α y   e  t − 1  x   e  t − 1  y  +  α y 2     (   e  t − 1  y   )   2  +  β  x y  2   h  t − 1  x  + 2  β  x y    β y   h  t − 1   x y   +  β y 2   h  t − 1  y   



(5)







The BEKK-GARCH parameters are estimated by the maximum likelihood method using the BFGS algorithm. In addition to the return and volatility spillover, we also compute the optimal weights and hedge ratios for each pair of stocks.



The conditional variance and covariances are used for calculating the optimal portfolio weights and hedge ratios. This study follows Kroner and Ng (1998) in calculating the optimal portfolio weights of different pairs of stock markets:


   w t  x y   =    h t y  −  h t  x y      h t x  − 2  h t  x y   +  h t y    ,  



(6)






   w t  x y   =  {     0 ,    I f    w t  x y   < 0       w t  x y   ,    I f   0 ≤  w t  x y   ≤ 1      1 ,    I f    w t  x y   > 1        








where    w t  x y     is the weight of stock( x ) in a $1 stock(x)-stock( y ) portfolio at time t;    h t  x y     is the conditional covariance between the two stock markets;    h t x    and    h t y    are the conditional variance of stock( x ) and stock( y ), respectively; and 1 −    w t  x y     is the weight of stock( y ) in a $1 stock( x )-stock( y ) portfolio. As suggested by Kroner and Sultan (1993):


   β t  x y   =    h t  x y      h t y       



(7)




where    β t  x y     represents the hedge ratio. This shows that a short position in the stock ( y ) market can hedge a long position in stock ( x ).





4. Empirical Results and Implications


In this section, we will discuss our empirical results and implications. We first discuss our preliminary analysis.



4.1. Descriptive Statistics


Table 1 reports the summary statistics of the daily returns for the US; China; and four emerging LA stock markets—namely, Brazil, Chile, Mexico, and Peru. Among them, Brazil and Peru have the highest mean return, and the US has the smallest mean return during the full sample period. On the other hand, Chile has the smallest standard deviation, while Brazil has the largest standard deviation. Thus, Peru provides the highest mean return, with a relatively smaller risk in the LA stock markets. Overall, the skewness is significantly negative, the kurtosis is significantly higher than three for all stocks, and the Jarque–Bera statistics reject normality hypothesis for all series, inferring that all the returns are negatively skewed and fat-tailed. Moreover, Table 1 also confirms that there are 1% significant autocorrelation and ARCH (autoregressive conditional heteroskedasticity) effects for all returns. We also apply both Augmented Dickey–Fuller (ADF) and Phillip–Perron (PP) tests to examine the stationarity of all the returns and exhibit the results in Table 2. The table indicates that all the series are 1% significant, inferring that all the returns are stationary.




4.2. Return and Volatility Spillover between the US and LA Stock Markets


We turn to apply the BEKK-GARCH model to examine the return and volatility spillovers between the US and LA stock markets in the full sample period, the global financial crisis, and the crash of the Chinese stock market and exhibit the results in Table 3, Table 4 and Table 5. We note that the 1% significant autocorrelation and ARCH effects for all returns, as shown in Table 1, justify the use of the BEKK-GARCH model in our analysis.



Table 3, Table 4 and Table 5 report the return and volatility spillovers between the US and LA stock markets during the full sample period, the global financial crisis, and the crash of the Chinese stock market, respectively. Referring to coefficients    ∅  11     and    ∅  22     in Panel A, the results show that the lagged returns significantly influence the current returns in the US and the majority of LA stock markets during the full sample period, the global financial crisis, and the crash of the Chinese stock market. It highlights the possibility of the short-term prediction of current returns through past returns in the US and the majority of the LA stock markets. Our results are consistent with the findings of Syriopoulos et al. (2015) and Arouri et al. (2015), which observe a significant impact of past returns on current returns in the US and LA stock markets.



Regarding the interdependence of returns in the mean equation (see coefficients    ∅  12     and    ∅  21     in Panel A), the results indicate the unidirectional return spillover from the US to the majority of LA stock markets during the full sample period and the crash of the Chinese Stock Market. They imply that the past US returns can be used to predict the current returns of the LA markets during the full sample period and the crash of the Chinese Stock Market. These results are consistent with the previous findings of Arouri et al. (2015), who find the unidirectional return spillover from the US to the LA stock markets. Moreover, the return transmission is also significant from the Brazil to the US stock market during the full sample period. In contrast, the return transmissions are not found to be significant between the US and the majority of the LA stock (except Mexico) markets during the global financial crisis. These results suggest that the US (LA) stock returns are not useful in predicting the returns in the majority of the LA (US) stock markets during the global financial crisis. The results also reveal a unidirectional volatility spillover from Mexico to the US stock market during the global financial crisis.



Based on the variance equation (see coefficients of    α  11     in Panel B), the results show that the conditional volatility of the majority of LA stock markets depends on their past shocks during all the sample periods. In addition, the coefficients of the past own shocks (   α  22   )   are highly significant for the US in all the sample periods. Besides this, the sensitivity of past own volatility (   β  11     a n d    β  22   )   is significant for the US and LA stock markets during all the sample periods. These results are consistent with the findings of Syriopoulos et al. (2015), which find that the past own volatility is a significant determinant of the future volatility of BRICS countries (including Brazil). Further, the coefficients of past own volatility are higher compared to the coefficients of the past own shocks in the US and LA stock markets, suggesting that the past own volatilities are more critical for the prediction of future volatility than the past own shocks during all the sample periods.



Referring to the coefficient    α  12     and    α  21     in Panel B, the past shocks of the US stock market significantly influence the conditional volatility of just the Chile stock market during the full sample period. During the global financial crisis, the shock transmission is unidirectional from Brazil to the US and bidirectional between the US and Mexican stock markets. Moreover, the conditional volatility of the Mexican stock market is significantly affected by the US during the crash of the Chinese stock market.



Regarding the cross-market volatility spillover (see coefficients    β  12     and    β  21     in Panel B), the results indicate that the volatility transmission is unidirectional from the US to the Brazil and Mexican stock markets during the full sample period. In contrast, the results reveal the bidirectional volatility transmission between the US and two LA stock markets (Chile and Mexico), whereas there was unidirectional volatility transmission from Brazil to the US stock market during the global financial crisis. These results are in contrast with the findings of Wang et al. (2017), which report an insignificant volatility spillover between the US and Brazil stock markets during the global financial crisis. The considerable trade volumes between the US and two LA stock markets (Brazil and Mexico) explain the volatility linkages between the stock markets of the concerned countries. Johnson and Soenen (2003) also suggest that trade increases the financial contagion effects between the stock markets of concerned countries. From the Latin American region, Mexico is the biggest trading partner of the US; therefore, volatility linkages are also observed between Mexico and the US stock market during the global financial crisis. These findings suggest that portfolio investors can get the maximum benefit of diversification by making a portfolio of US and Peru stocks during the global financial crisis. Lastly, a bidirectional volatility transmission is observed between the US and Mexican stock markets during the crash of the Chinese stock market. It implies that portfolio investors can diversify risk by making a portfolio of the US and LA stock markets (except Mexico) during the crash of the Chinese stock market.




4.3. Return and Volatility Spillover between China and the LA Stock Markets


Table 6, Table 7 and Table 8 represent the return and volatility transmissions between China and the LA stock markets during the full sample period, the global financial crisis, and the crash of the Chinese stock market. The difference in the opening time of the China and LA stock markets has been adjusted where necessary in the estimations. Referring to the coefficient    ∅  11     in Panel A, the results indicate that the lagged returns of the majority of LA stock markets (except Brazil) largely determine their current returns during the full sample period and the crash of the Chinese stock market. During the global financial crisis, the past returns significantly affect the current returns of the Chile and Peru stock markets. This implies that the past returns can be used for the short-term prediction of the current LA stock returns. These results confirm the previous findings of Arouri et al. (2015). Referring to the coefficient    ∅  22     in Panel A, the lagged returns significantly influence the current returns in the Chinese stock market during the full sample period. In contrast, the current returns of the Chinese stock market are not influenced by their past returns during the global financial crisis and the crash of the Chinese stock market. This implies that the past returns cannot be used for the short-term prediction of the current Chinese stock returns during the crisis period.



Based on the cross-market return spillover (see the coefficients    ∅  12     and    ∅  21     in Panel A), the results reveal the unidirectional return transmissions from China to the majority of LA stock markets during all the sample periods. These results contradict the previous findings of Aktan et al. (2009) and Sharma et al. (2013), who report the insignificant impact of the Chinese stock returns on the Brazilian stock returns. In addition, the return transmission is also significant from Brazil to China during the crash of the Chinese stock market.



From the variance equation (see coefficients    α  11     and    α  22     Panel B), the findings show that the lagged shocks significantly influence the conditional volatility of the China and LA stock markets during all the sample periods. Referring to the coefficients    β  11     and    β  22    , the results show that the current conditional volatility depends on their past volatility in the China and LA stock markets during the all sample periods. The critical finding is that the coefficients of past own volatility are seen to be higher compared to the past own shocks. This difference suggests that past own volatilities rather than past shocks are more important for the prediction of the current volatility in the China and LA stock markets.



Refer to the coefficients    α  12     and    α  21     in panel B, the shock transmission is unidirectional from Brazil and Peru to the Chinese stock market, whereas bidirectional shock transmission is observed between the China and Mexican stock markets during the full sample period. The results reveal that the past shocks in the Brazil and Mexican stock markets significantly affect the conditional volatility of the Chinese stock market during the global financial crisis. On the other hand, the shock spillover is insignificant between China and the majority of the LA stock markets during the crash of the Chinese stock market.



Based on the cross-market volatility spillover effects (see coefficients    β  12     and    β  21     in Panel B), the results demonstrate that there is unidirectional volatility transmission from Brazil, Mexico, and Peru to China during the full sample period. These volatility transmissions can be explained through the considerable trading volumes between China and two Latin economies (Brazil and Mexico) during the full sample period. During the global financial crisis, the volatility effects are transmitted from the China to Brazil stock markets. Therefore, the majority of LA stock markets provide an opportunity to diversify the risk of Chinese equity portfolios during the global financial crisis. Lastly, the volatility spillover is bidirectional between the China and Brazil stock markets during the crash of the Chinese stock market. Due to the crash of the Chinese stock market, the slowdown of the Chinese economy also affected its major trading partner Brazil and its stock market; therefore, volatility linkages are also observed between China and Brazil. These findings propose that the portfolio investors of Chinese stock markets can get the maximum benefit of diversification by adding Mexico, Chile, and Peru stocks in their portfolios during the crash of the Chinese stock market.




4.4. Optimal Weights and Hedge Ratio Portfolio Implications


In the above-mentioned results, volatility transmission is observed between the several pairs of stock markets during the different sample periods. Thus, investment in these pairs of stock markets reduces the benefit of diversification. Therefore, the risk transmission across stock markets push investors to adjust their asset allocation and to hedge their portfolio risk over time. For this reason, this study estimates the optimal weights and hedge ratios.



Table 9 and Table 10 report the optimal weights for the pairs of LA-US and LA-China during all the sample periods. The findings reveal that the optimal weight is 0.11 for BRAZ/US during the full sample period, revealing that for a $1 portfolio in Brazil-US, 11 cents should be invested in the Brazil stock market and the remaining 89 cents in the US stock market. The interpretations of all the optimal weights are not interpreted here for the sake of brevity. For the LA-US portfolio (see Table 9), the results show that the average optimal weights are seen to be higher in the global financial crisis and the crash of the Chinese stock market as compared to the full sample period. For the LA-US portfolio, the investors are suggested to allocate a higher proportion of investment in LA stocks during the global financial crisis and the crash of the Chinese stock market. For the pair of LA-China (see Table 10), the results show that the optimal weights are higher during the global financial crisis and the crash of the Chinese stock market compared to the full sample period. For the LA-China portfolio, investors should increase their investment in LA stocks during the global financial crisis and the crash of the Chinese stock market.



It is also essential to estimate the risk-minimizing optimal hedge ratios for portfolios of different stocks. Referring to Table 9, the optimal hedge ratio range is 0.93 for BRAZ/US during the full sample period, showing that a $1-long position in Brazil stocks can be hedged for 93 cents with a short position in the US stocks. The interpretations of all the optimal hedge ratios are not interpreted here for the sake of brevity. For the LA-US portfolio (see Table 9), the average optimal hedge ratios are found to be higher for most of the pairs during the global financial crisis and the crash of the Chinese stock market compared to the full sample period. It implies that less LA stocks are needed to minimize the risk of US stock during crisis periods compared to the full sample period. For the LA-China portfolio (see Table 10), the optimal hedge ratios are also higher during both crises, which implies that the lesser LA stocks are required to minimize the risk of the Chinese stock market during both crises compared to the full sample period.





5. Conclusions


This study examines the return and volatility spillover between the world-leading (the US and China) and emerging Latin American (Brazil, Chile, Mexico, and Peru) stock markets during the full sample period, the global financial crisis, and the crash of the Chinese stock market. Moreover, this study also estimates the optimal weights and hedge ratios during all the sample periods. The BEKK-GARCH model is applied to estimate the return and volatility spillover between the stock markets.



Regarding return spillover, the results reveal a unidirectional return spillover from the US to the majority of the LA stock markets during the full sample period and the Chinese crash. This implies that the US stock market prices play an important role in predicting the prices of the majority of LA stock markets during the full sample period and the Chinese crash. During the global financial crisis, the return transmissions are not significant between the US and the majority of Latin American stock markets. This implies that the prices of the US (LA) stock markets do not contribute to the role of price discovery in the LA (US) stock markets during the global financial crisis. For the China-LA nexus, the results reveal a unidirectional return transmission from China to Brazil, Chile, Mexico, and Peru stock markets during all the sample periods. Thus, the Chinese stock returns can be useful in predicting the returns of the LA stock markets.



Regarding the volatility spillover between the US and LA stock markets, the results reveal the bidirectional volatility transmission between the US and two stock markets of Chile and Mexico, as well as the unidirectional volatility transmission from Brazil to the US stock market during the global financial crisis. During the Chinese crash, a bidirectional volatility transmission is observed between the US and Mexican stock markets. This implies that portfolio investors can diversify risk by making a portfolio of the US and LA stock markets (except Mexico) during the crash of the Chinese stock market.



Regarding the volatility spillover between the China and LA stock markets, the volatility spillover is unidirectional from the China to Brazil stock markets during the global financial crisis. Therefore, the majority of the LA stock markets provide an opportunity to diversify the risk of Chinese equity portfolios during the global financial crisis. During the Chinese crash, the volatility spillover is bidirectional between the China and Brazil stock markets. These findings propose that the portfolio investors of the Chinese stock markets can get the maximum benefit of diversification by adding Mexico, Chile, and Peru stocks to their portfolios during the crash of the Chinese stock market. These findings are also important because understanding the stock market volatility behavior can play a vital role during the valuation of derivatives and for hedging purposes. Moreover, policymakers should consider the “prices and volatilities of the world-leading stock market” as one of the critical factors while devising the policies to stabilize their emerging financial markets.



Based on optimal weights, investors are suggested to allocate a higher proportion of investment to the LA stocks in the LA-US portfolio during the global financial crisis and the crash of the Chinese stock market. For the LA-China portfolio, investors should increase their investment in the LA stocks during the global financial crisis and the crash of the Chinese stock market. Based on hedge ratios, less LA stocks are needed to minimize the risk of the US and Chinese stocks during the periods of both crises compared to the full sample period. Overall, these findings provide useful information for policymakers and portfolio managers regarding optimal asset allocation, diversification, hedging, forecasting, and risk management.



This study employs the BEKK-GARCH model to examine the linkages between the world-leading countries and the emerging Latin American stock markets. Extensions could include other models to examine the return and volatility spillover—for example, cointegration and causality (Lv et al. 2019; Demirer et al. 2019), Copulas (Ly et al. 2019a, 2019b; Yuan et al. 2020), Stochastic Dominance (Chiang et al. 2008; Abid et al. 2014; Guo et al. 2017; Wong et al. 2018), and many others. See, for example, Chang et al. (2018), Woo et al. (2020), and the references therein for more information.
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	1
	
Our study is different from the study of Gamba-Santamaria et al. (2017) in the following aspects. Gamba-Santamaria et al. (2017) examine the volatility spillover between the US and four Latin American markets (Brazil, Chile, Mexico, and Columbia) during the US financial crisis, whereas our study is examining the volatility as well as return spillover between the leading (US and China) markets and four Latin American markets (Brazil, Chile, Mexico, and Peru) during the US financial crisis and the crash of the Chinese stock market. More specifically, firstly our study examines the return as well as volatility spillovers, whereas Gamba-Santamaria et al. (2017) examine the directional volatility spillovers. Second, our study is examining the spillovers between two world-leading (the US and China) markets and four LA markets, whereas Gamba-Santamaria et al. (2017) examine the spillovers between US and four LA markets. Third, our study is focusing on the spillovers during the global financial crisis and the crash of the Chinese stock market in 2015, whereas Gamba-Santamaria et al. (2017) examine the spillovers during the US financial crisis. Fourth, our study is using the BEKK-GARCH model, whereas Gamba-Santamaria et al. (2017) employ the approach of Diebold and Yilmaz (2012). Lastly, our full data sample is from January 2001 to May 2020, whereas Gamba-Santamaria et al. (2017) use the sample period from January 2003 to January 2016. Apart from the differences, the study of Gamba-Santamaria et al. (2017) is very beneficial for understanding the linkages among the US and LA stock markets.





	2
	
The number of lags is selected on the basis of the AIC and SIC criteria.





	3
	
We apply the BEKK-GARCH model on the valuable suggestion of a respected reviewer.
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Table 1. Summary statistics.






Table 1. Summary statistics.





	Markets
	Mean
	Std. Dev.
	Skewness
	Kurtosis
	J-B Stat
	Q-Stat
	ARCH





	US
	0.00016
	0.0124
	−0.364 ***
	14.045 ***
	27181.3 ***
	56.584 ***
	548.40 ***



	CHN
	0.00040
	0.0155
	−0.330 ***
	8.2116 ***
	6121.9 ***
	60.119 ***
	189.01 ***



	BRAZ
	0.00047
	0.0183
	−0.403 ***
	9.6439 ***
	9937.1 ***
	24.957 ***
	686.82 ***



	CHIL
	0.00030
	0.0105
	−0.878 ***
	19.883 ***
	37,432.8 ***
	148.49 ***
	180.34 ***



	MEXI
	0.00024
	0.0128
	−0.086 *
	8.3698 ***
	6403.18 ***
	108.33 ***
	173.49 ***



	PERU
	0.00047
	0.0133
	−0.549 ***
	15.441 ***
	34605.3 ***
	290.64 ***
	796.97 ***







Notes: US—United States of America; CHN—China; BRAZ—Brazil; MEXI—Mexico; CHIL—Chile. Q-stat denotes the Ljung–Box Q-statistics. ARCH test refers to the LM-ARCH test. ***, * indicate the statistical significance at 1% and 10%, respectively.
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Table 2. Unit root tests






Table 2. Unit root tests





	

	
ADF (t-Test)

	
Phillips-Perron Test




	
Markets

	
None

	
Constant

	
Constant and Trend

	
None

	
Constant

	
Constant and Trend






	
US

	
−79.73 ***

	
−79.94 ***

	
−79.96 ***

	
−80.00 ***

	
−80.01 ***

	
−80.05 ***




	
CHN

	
−32.44 ***

	
−32.48 ***

	
−32.49 ***

	
−69.97 ***

	
−69.89 ***

	
−69.88 ***




	
BRAZ

	
−72.04 ***

	
−72.08 ***

	
−72.08 ***

	
−72.03 ***

	
−72.08 ***

	
−72.08 ***




	
CHIL

	
−33.59 ***

	
−33.64 ***

	
−33.67 ***

	
−63.11 ***

	
−63.11 ***

	
−63.10 ***




	
MEXI

	
−50.70 ***

	
−50.73 ***

	
−50.73 ***

	
−63.67 ***

	
−63.68 ***

	
−63.68 ***




	
PERU

	
−31.06 ***

	
−31.12 ***

	
−31.15 ***

	
−61.82 ***

	
−61.75 ***

	
−61.64 ***








Notes: US—United States of America; CHN—China; BRAZ—Brazil; MEXI—Mexico; CHIL—Chile; ADF—Augmented Dickey Fuller. *** indicate the statistical significance at 10%, respectively.
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Table 3. Estimates of BEKK-GARCH for the US and Latin American stock markets during the full sample period






Table 3. Estimates of BEKK-GARCH for the US and Latin American stock markets during the full sample period





	
Brazil and US

	
Chile and US

	
Mexico and US

	
Peru and US




	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value






	
Panel A. Mean Equation




	
    μ 1    

	
0.075 ***

	
0.000

	
0.098 *

	
0.062

	
0.058 ***

	
0.000

	
0.047 ***

	
0.000




	
    ∅  11     

	
−0.031 **

	
0.036

	
0.007

	
0.722

	
0.038 **

	
0.027

	
0.137 ***

	
0.000




	
    ∅  12     

	
0.023 ***

	
0.005

	
0.000

	
0.938

	
0.021

	
0.109

	
−0.019

	
0.185




	
    μ 2    

	
0.056 ***

	
0.000

	
0.062 ***

	
0.000

	
0.051 ***

	
0.000

	
0.058 ***

	
0.000




	
    ∅  21     

	
0.055 **

	
0.028

	
0.111 ***

	
0.000

	
0.050 ***

	
0.005

	
0.081 ***

	
0.000




	
    ∅  22     

	
−0.077 ***

	
0.000

	
−0.057 ***

	
0.001

	
−0.071 ***

	
0.000

	
−0.042 ***

	
0.006




	
Panel B. Variance Equation




	
    c  11     

	
0.219 ***

	
0.000

	
2.496 ***

	
0.000

	
0.117 ***

	
0.000

	
0.161 ***

	
0.000




	
    c  21     

	
0.069 ***

	
0.004

	
0.124 ***

	
0.009

	
0.050 ***

	
0.006

	
0.056 ***

	
0.003




	
    c  22     

	
0.118 ***

	
0.000

	
0.042

	
0.571

	
0.124 ***

	
0.000

	
0.122 ***

	
0.000




	
    α  11     

	
0.225 ***

	
0.000

	
0.003

	
0.562

	
0.264 ***

	
0.000

	
0.309 ***

	
0.000




	
    α  12     

	
−0.014

	
0.319

	
0.001

	
0.611

	
0.008

	
0.609

	
0.004

	
0.836




	
    α  21     

	
0.036

	
0.421

	
0.151 **

	
0.026

	
−0.026

	
0.390

	
0.010

	
0.541




	
    α  22     

	
0.338 ***

	
0.000

	
0.341 ***

	
0.000

	
0.314 ***

	
0.000

	
0.300 ***

	
0.000




	
    β  11     

	
0.966 ***

	
0.000

	
0.701 ***

	
0.000

	
0.959 ***

	
0.000

	
0.942 ***

	
0.000




	
    β  12     

	
0.005

	
0.158

	
−0.003

	
0.400

	
0.005

	
0.349

	
−0.002

	
0.789




	
    β  21     

	
−0.101 **

	
0.050

	
0.095

	
0.203

	
0.090 **

	
0.043

	
−0.004

	
0.538




	
    β  22     

	
0.933 ***

	
0.000

	
0.944 ***

	
0.000

	
0.938 ***

	
0.000

	
0.947 ***

	
0.000




	
Panel C. Diagnostic Tests




	
LogL

	
−16,174.1

	

	
−21,397.4

	

	
−13,816.1

	

	
−14,378.1

	




	
AIC

	
6.789

	

	
8.588

	

	
5.970

	

	
6.370

	




	
SIC

	
6.799

	

	
8.635

	

	
6.017

	

	
6.417

	




	
   Q 1   [20]

	
30.320 *

	
0.065

	
1.791

	
0.720

	
19.075

	
0.517

	
328.759 *

	
0.031




	
   Q 2   [20]

	
18.920

	
0.527

	
19.184

	
0.510

	
19.493

	
0.490

	
17.728

	
0.605




	
   Q 1 2   [20]

	
29.942

	
0.182

	
0.004

	
0.659

	
34.776 **

	
0.021

	
30.071

	
0.198




	
   Q 2 2   [20]

	
27.782

	
0.115

	
22.616

	
0.308

	
25.161

	
0.185

	
33.181

	
0.146








Notes: US, United States of America; CHN, China; BRAZ, Brazil; CHIL, Chile; MEXI, Mexico. Variable order is the Latin American stock market (1) and China (2). In the mean equations,  μ  denotes the constant terms, whereas    ∅  12     denotes the return spillover from the Latin American stock market to the US stock market. In the variance equation, c denotes the constant terms, α denotes the ARCH terms, and β denotes the GARCH terms. In the variance equation,    α  12     indicates the shock spillover from the Latin American stock market to the US stock market, whereas    β  12     denotes the long−term volatility spillover from the Latin American stock market to the US stock market. Number of lags for VAR is decided using the SIC and AIC criteria. JB, Q(20), and Q2(20) indicate the empirical statistics of the Jarque–Bera test for normality, Ljung–Box Q statistics of order 20 for autocorrelation applied to the standardized residuals, and squared standardized residuals, respectively. Values in parentheses are the p-Value. ***, **, * indicate the statistical significance at 1%, 5%, and 10%, respectively.
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Table 4. Estimates of BEKK-GARCH for US and Latin American stock markets during the global financial crisis.
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Brazil and US

	
Chile and US

	
Mexico and US

	
Peru and US




	

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value






	
Panel A. Mean Equation




	
    μ 1    

	
0.101 *

	
0.068

	
0.113 ***

	
0.000

	
0.055

	
0.246

	
−0.014

	
0.744




	
    ∅  11     

	
−0.044

	
0.450

	
0.118 ***

	
0.001

	
0.023

	
0.680

	
0.138 ***

	
0.000




	
    ∅  12     

	
0.021

	
0.581

	
0.019

	
0.440

	
0.096 **

	
0.043

	
−0.009

	
0.770




	
    μ 2    

	
0.019

	
0.665

	
0.046

	
0.361

	
0.064

	
0.144

	
0.029

	
0.518




	
    ∅  21     

	
0.040

	
0.578

	
0.020

	
0.308

	
0.020

	
0.707

	
0.063

	
0.107




	
    ∅  22     

	
−0.128 ***

	
0.007

	
−0.164 ***

	
0.000

	
−0.188 ***

	
0.000

	
−0.100 ***

	
0.003




	
Panel B. Variance Equation




	
    c  11     

	
0.271 **

	
0.044

	
0.287 ***

	
0.000

	
0.218 **

	
0.017

	
0.291 ***

	
0.000




	
    c  21     

	
0.098

	
0.546

	
0.040

	
0.417

	
−0.035

	
0.730

	
0.173 ***

	
0.000




	
    c  22     

	
0.129 **

	
0.039

	
0.153 ***

	
0.000

	
0.000

	
0.799

	
0.109 ***

	
0.007




	
    α  11     

	
0.421 *

	
0.069

	
0.483 ***

	
0.000

	
0.117

	
0.220

	
0.453 ***

	
0.000




	
    α  12     

	
0.139 **

	
0.022

	
−0.055

	
0.333

	
−0.104 *

	
0.057

	
0.087

	
0.255




	
    α  21     

	
−0.237

	
0.128

	
−0.020

	
0.550

	
0.249 ***

	
0.000

	
−0.088

	
0.581




	
    α  22     

	
0.138

	
0.145

	
0.292 ***

	
0.000

	
0.295 ***

	
0.000

	
0.226 ***

	
0.002




	
    β  11     

	
0.902 ***

	
0.000

	
0.841 ***

	
0.000

	
1.063 ***

	
0.000

	
0.896 ***

	
0.000




	
    β  12     

	
-0.041 *

	
0.082

	
0.051 **

	
0.034

	
0.218 ***

	
0.001

	
−0.034

	
0.197




	
    β  21     

	
0.071

	
0.482

	
0.024 *

	
0.083

	
−0.183 ***

	
0.000

	
0.014

	
0.687




	
    β  22     

	
0.990 ***

	
0.000

	
0.937 ***

	
0.000

	
0.797 ***

	
0.000

	
0.969 ***

	
0.000




	
Panel C. Diagnostic Tests




	
LogL

	
−2766

	

	
−2438.432

	

	
−2514.181

	

	
−2804.767

	




	
AIC

	
7.792

	

	
7.026

	

	
7.132

	

	
8.025

	




	
SIC

	
8.018

	

	
7.253

	

	
7.359

	

	
8.251

	




	
   Q 1   [20]

	
15.405

	
0.753

	
15.396

	
0.753

	
15.749

	
0.732

	
18.138

	
0.578




	
   Q 2   [20]

	
19.980

	
0.459

	
22.469

	
0.316

	
25.023

	
0.201

	
19.998

	
0.458




	
   Q 1 2   [20]

	
23.671

	
0.257

	
17.388

	
0.628

	
15.064

	
0.773

	
13.734

	
0.844




	
   Q 2 2   [20]

	
37.237 **

	
0.011

	
45.203 ***

	
0.001

	
33.878 **

	
0.027

	
37.570 ***

	
0.010








Notes: US, United States of America; CHN, China; BRAZ, Brazil; CHIL, Chile; MEXI, Mexico. Variable order is the Latin American stock market (1) and China (2). In the mean equations,  μ  denotes the constant terms, whereas    ∅  12     denotes the return spillover from the Latin American stock market to the US stock market. In the variance equation, c denotes the constant terms, α denotes the ARCH terms, and β denotes the GARCH terms. In the variance equation,    α  12     indicates the shock spillover from the Latin American stock market to the US stock market, whereas    β  12     denotes the long-term volatility spillover from the Latin American stock market to the US stock market. Number of lags for VAR is decided using the SIC and AIC criteria. JB, Q(20), and Q2(20) indicate the empirical statistics of the Jarque–Bera test for normality, Ljung–Box Q statistics of order 20 for autocorrelation applied to the standardized residuals, and squared standardized residuals, respectively. Values in parentheses are the p-Value. ***, **, * indicate the statistical significance at 1%, 5%, and 10%, respectively.
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Table 5. Estimates of BEKK-GARCH for the US and Latin American stock markets during the crash of the Chinese stock market.
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Brazil and US

	
Chile and US

	
Mexico and US

	
Peru and US




	

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value






	
Panel A. Mean Equation




	
    μ 1    

	
0.090

	
0.105

	
0.030

	
0.210

	
0.013

	
0.585

	
0.088 **

	
0.029




	
    ∅  11     

	
−0.047

	
0.172

	
0.077 *

	
0.082

	
−0.032

	
0.469

	
0.076 *

	
0.089




	
    ∅  12     

	
0.016

	
0.302

	
−0.035

	
0.134

	
0.002

	
0.937

	
−0.025

	
0.550




	
    μ 2    

	
0.064 ***

	
0.004

	
0.075 ***

	
0.001

	
0.072 ***

	
0.001

	
0.061

	
0.158




	
    ∅  21     

	
0.129 *

	
0.064

	
0.120 ***

	
0.001

	
0.137 ***

	
0.000

	
0.086 *

	
0.093




	
    ∅  22     

	
−0.066 **

	
0.040

	
−0.052

	
0.112

	
−0.059 *

	
0.083

	
−0.050 *

	
0.085




	
Panel B. Variance Equation




	
    c  11     

	
0.268 ***

	
0.005

	
0.361 ***

	
0.004

	
0.599 ***

	
0.000

	
0.159 *

	
0.066




	
    c  21     

	
0.151 **

	
0.017

	
0.011

	
0.720

	
0.164 ***

	
0.000

	
0.117

	
0.122




	
    c  22     

	
0.124 *

	
0.076

	
0.186 ***

	
0.000

	
0.124

	
0.150

	
0.089

	
0.790




	
    α  11     

	
0.196 ***

	
0.001

	
0.522 ***

	
0.001

	
0.434 ***

	
0.000

	
0.278 **

	
0.011




	
    α  12     

	
0.008

	
0.821

	
−0.024

	
0.326

	
0.033

	
0.298

	
0.142

	
0.331




	
    α  21     

	
0.023

	
0.744

	
−0.028

	
0.648

	
−0.115 *

	
0.052

	
0.019

	
0.850




	
    α  22     

	
0.430 ***

	
0.000

	
0.421 ***

	
0.000

	
0.381 ***

	
0.000

	
0.313

	
0.416




	
    β  11     

	
0.958 ***

	
0.000

	
0.686 ***

	
0.001

	
−0.359*

	
0.077

	
0.949 ***

	
0.000




	
    β  12     

	
−0.008

	
0.571

	
0.018

	
0.411

	
−0.068 ***

	
0.000

	
−0.042

	
0.464




	
    β  21     

	
0.013

	
0.697

	
0.076

	
0.227

	
0.528 ***

	
0.000

	
−0.014

	
0.766




	
    β  22     

	
0.880 ***

	
0.000

	
0.879 ***

	
0.000

	
0.915 ***

	
0.000

	
0.917 ***

	
0.000




	
Panel C. Diagnostic Tests




	
LogL

	
−2078

	

	
−1582.556

	

	
−1545.033

	

	
−1733.842

	




	
AIC

	
5.759

	

	
4.585

	

	
4.429

	

	
4.891

	




	
SIC

	
5.986

	

	
4.812

	

	
4.655

	

	
5.118

	




	
   Q 1   [20]

	
21.413

	
0.373

	
33.001 **

	
0.034

	
21.955

	
0.343

	
31.804 **

	
0.045




	
   Q 2   [20]

	
24.907

	
0.205

	
24.713

	
0.213

	
24.601

	
0.217

	
25.783

	
0.173




	
   Q 1 2   [20]

	
6.942

	
0.897

	
85.117 ***

	
0.000

	
29.827 *

	
0.073

	
16.276

	
0.699




	
   Q 2 2   [20]

	
8.249

	
0.890

	
9.945

	
0.969

	
10.383

	
0.961

	
8.909

	
0.984








Notes: US, United States of America; CHN, China; BRAZ, Brazil; CHIL, Chile; MEXI, Mexico. Variable order is the Latin American stock market (1) and China (2). In the mean equations,  μ  denotes the constant terms, whereas    ∅  12     denotes the return spillover from the Latin American stock market to the US stock market. In the variance equation, c denotes the constant terms, α denotes the ARCH terms, and β denotes the GARCH terms. In the variance equation,    α  12     indicates the shock spillover from the Latin American stock market to the US stock market, whereas    β  12     denotes the long-term volatility spillover from the Latin American stock market to the US stock market. Number of lags for VAR is decided using the SIC and AIC criteria. JB, Q(20), and Q2(20) indicate the empirical statistics of the Jarque–Bera test for normality, Ljung–Box Q statistics of order 20 for autocorrelation applied to the standardized residuals, and squared standardized residuals, respectively. Values in parentheses are the p-Value. ***, **, * indicate the statistical significance at 1%, 5%, and 10%, respectively.
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Table 6. Estimates of BEKK-GARCH for the China and Latin American stock markets during the full sample period.
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Brazil and China

	
Chile and China

	
Mexico and China

	
Peru and China




	

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value






	
Panel A. Mean Equation




	
    μ 1    

	
0.076 ***

	
0.001

	
0.047 ***

	
0.000

	
0.038 ***

	
0.004

	
0.050 ***

	
0.000




	
    ∅  11     

	
0.033 **

	
0.050

	
0.205 ***

	
0.000

	
0.101 ***

	
0.000

	
0.234 ***

	
0.000




	
    ∅  12     

	
0.013

	
0.208

	
0.020

	
0.190

	
0.014

	
0.213

	
0.015

	
0.287




	
    μ 2    

	
0.044 ***

	
0.008

	
0.042 **

	
0.026

	
0.050 ***

	
0.000

	
0.039 **

	
0.045




	
    ∅  21     

	
0.132 ***

	
0.000

	
0.036 ***

	
0.000

	
0.075 ***

	
0.000

	
0.053 ***

	
0.000




	
    ∅  22     

	
0.037 ***

	
0.005

	
0.041 **

	
0.019

	
0.036 **

	
0.011

	
0.042 ***

	
0.009




	
Panel B. Variance Equation




	
    c  11     

	
0.283 ***

	
0.000

	
0.186 ***

	
0.000

	
0.138 ***

	
0.000

	
0.219 ***

	
0.000




	
    c  21     

	
0.009

	
0.699

	
−0.001

	
0.956

	
0.009

	
0.721

	
−0.013

	
0.500




	
    c  22     

	
0.118 ***

	
0.000

	
0.121 ***

	
0.000

	
0.115 ***

	
0.000

	
0.108 ***

	
0.000




	
    α  11     

	
0.273 ***

	
0.000

	
0.347 ***

	
0.000

	
0.279 ***

	
0.000

	
0.394 ***

	
0.000




	
    α  12     

	
−0.023 *

	
0.059

	
0.013

	
0.490

	
−0.037 ***

	
0.002

	
−0.024 *

	
0.057




	
    α  21     

	
0.000

	
0.899

	
0.001

	
0.950

	
0.021 *

	
0.087

	
−0.002

	
0.920




	
    α  22     

	
0.250 ***

	
0.000

	
0.243 ***

	
0.000

	
0.240 ***

	
0.000

	
0.237 ***

	
0.000




	
    β  11     

	
0.948 ***

	
0.000

	
0.919 ***

	
0.000

	
0.954 ***

	
0.000

	
0.904 ***

	
0.000




	
    β  12     

	
0.015 **

	
0.040

	
−0.002

	
0.741

	
0.009 ***

	
0.003

	
0.015 ***

	
0.007




	
    β  21     

	
0.002

	
0.814

	
0.002

	
0.726

	
−0.004

	
0.283

	
0.001

	
0.840




	
    β  22     

	
0.966 ***

	
0.000

	
0.968 ***

	
0.000

	
0.969 ***

	
0.000

	
0.970 ***

	
0.000




	
Panel C. Diagnostic Tests




	
LogL

	
−19,187.432

	

	
−15,839.650

	

	
−17,037.161

	

	
−16,739.334

	




	
AIC

	
7.720

	

	
6.599

	

	
7.002

	

	
7.045

	




	
SIC

	
7.767

	

	
6.646

	

	
7.049

	

	
7.092

	




	
   Q 1   [20]

	
21.935

	
0.344

	
19.993

	
0.458

	
17.078

	
0.648

	
72.725 ***

	
0.000




	
   Q 2   [20]

	
82.861 ***

	
0.000

	
78.794 ***

	
0.000

	
83.815 ***

	
0.000

	
80.555 ***

	
0.000




	
   Q 1 2   [20]

	
26.742

	
0.133

	
8.890

	
0.984

	
26.056

	
0.187

	
18.240

	
0.572




	
   Q 2 2   [20]

	
22.787

	
0.299

	
22.412

	
0.319

	
25.134

	
0.196

	
25.146

	
0.196








Notes: US, United States of America; CHN, China; BRAZ, Brazil; CHIL, Chile; MEXI, Mexico. Variable order is the Latin American stock market (1) and China (2). In the mean equations,  μ  denotes the constant terms, whereas    ∅  12     denotes the return spillover from the Latin American stock market to the Chinese stock market. In the variance equation, c denotes the constant terms, α denotes the ARCH terms, and β denotes the GARCH terms. In the variance equation,    α  12     indicates the shock spillover from the Latin American stock market to the Chinese stock market, whereas    β  12     denotes the long−term volatility spillover from the Latin American stock market to the Chinese stock market. Number of lags for VAR is decided using the SIC and AIC criteria. JB, Q(20), and Q2(20) indicate the empirical statistics of the Jarque–Bera test for normality, Ljung–Box Q statistics of order 20 for autocorrelation applied to the standardized residuals, and squared standardized residuals, respectively. Values in parentheses are the p-Value. ***, **, * indicate the statistical significance at 1%, 5%, and 10%, respectively.
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Table 7. Estimates of BEKK-GARCH for the China and Latin American stock markets during the global financial crisis.
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BRAZIL and China

	
Chile and China

	
Mexico and China

	
Peru and China




	

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value






	
Panel A. Mean Equation




	
    μ 1    

	
0.106 *

	
0.081

	
0.116 ***

	
0.001

	
0.035

	
0.476

	
0.014

	
0.773




	
    ∅  11     

	
0.029

	
0.465

	
0.195 ***

	
0.000

	
0.034

	
0.340

	
0.211 ***

	
0.000




	
    ∅  12     

	
−0.003

	
0.938

	
−0.073

	
0.189

	
−0.034

	
0.424

	
−0.023

	
0.554




	
    μ 2    

	
0.044

	
0.590

	
0.001

	
0.987

	
0.090

	
0.285

	
0.030

	
0.731




	
    ∅  21     

	
0.186 ***

	
0.000

	
0.030 *

	
0.083

	
0.101 ***

	
0.000

	
0.103 ***

	
0.000




	
    ∅  22     

	
0.032

	
0.422

	
0.022

	
0.572

	
0.033

	
0.431

	
0.027

	
0.488




	
Panel B. Variance Equation




	
    c  11     

	
−0.201

	
0.105

	
0.142 **

	
0.025

	
0.127 ***

	
0.008

	
0.344 ***

	
0.000




	
    c  21     

	
0.134

	
0.577

	
1.932 ***

	
0.000

	
0.134

	
0.479

	
0.081

	
0.250




	
    c  22     

	
0.143

	
0.385

	
0.000

	
0.920

	
0.195 **

	
0.037

	
0.163 *

	
0.098




	
    α  11     

	
0.297 ***

	
0.000

	
0.408 ***

	
0.000

	
0.253 ***

	
0.000

	
0.477 ***

	
0.000




	
    α  12     

	
−0.041

	
0.409

	
−0.108

	
0.124

	
−0.041

	
0.392

	
−0.005

	
0.902




	
    α  21     

	
−0.069 *

	
0.089

	
0.007

	
0.686

	
0.060 **

	
0.020

	
−0.031

	
0.215




	
    α  22     

	
0.188 ***

	
0.001

	
0.316 ***

	
0.000

	
0.209 ***

	
0.000

	
0.181 ***

	
0.000




	
    β  11     

	
0.947 ***

	
0.000

	
0.893 ***

	
0.000

	
0.960 ***

	
0.000

	
0.870 ***

	
0.000




	
    β  12     

	
0.006

	
0.580

	
0.021

	
0.130

	
0.003

	
0.820

	
0.005

	
0.777




	
    β  21     

	
0.028 *

	
0.085

	
0.047

	
0.260

	
−0.009

	
0.292

	
0.005

	
0.515




	
    β  22     

	
0.977 ***

	
0.000

	
−0.259

	
0.143

	
0.972 ***

	
0.000

	
0.979 ***

	
0.000




	
Panel C. Diagnostic Tests




	
LogL

	
−3318.981

	

	
−2879.180

	

	
−3090.113

	

	
−3166.538

	




	
AIC

	
8.973

	

	
7.826

	

	
8.388

	

	
8.689

	




	
SIC

	
9.200

	

	
8.052

	

	
8.614

	

	
8.915

	




	
   Q 1   [20]

	
14.730

	
0.792

	
11.805

	
0.923

	
17.935

	
0.592

	
17.407

	
0.626




	
   Q 2   [20]

	
30.922 *

	
0.056

	
32.099 **

	
0.042

	
30.614 *

	
0.060

	
31.335 *

	
0.051




	
   Q 1 2   [20]

	
22.021

	
0.339

	
12.016

	
0.916

	
14.074

	
0.827

	
9.990

	
0.968




	
   Q 2 2   [20]

	
28.559

	
0.127

	
37.567

	
0.161

	
26.806

	
0.141

	
28.213

	
0.104








Notes: US, United States of America; CHN, China; BRAZ, Brazil; CHIL, Chile; MEXI, Mexico. Variable order is the Latin American stock market (1) and China (2). In the mean equations and  μ  denotes the constant terms, whereas    ∅  12     denotes the return spillover from the Latin American stock market to the Chinese stock market. In the variance equation, c denotes the constant terms, α denotes the ARCH terms, and β denotes the GARCH terms. In the variance equation,    α  12     indicates the shock spillover from the Latin American stock market to the Chinese stock market, whereas    β  12     denotes the long-term volatility spillover from the Latin American stock market to the Chinese stock market. Number of lags for VAR is decided using the SIC and AIC criteria. JB, Q(20), and Q2(20) indicate the empirical statistics of the Jarque–Bera test for normality, Ljung–Box Q statistics of order 20 for autocorrelation applied to the standardized residuals, and squared standardized residuals, respectively. Values in parentheses are the p-Value. ***, **, * indicate the statistical significance at 1%, 5%, and 10%, respectively.
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Table 8. Estimates of BEKK-GARCH for the China and Latin American stock markets during the crash of the Chinese stock market.
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BRAZIL and China

	
Chile and China

	
Mexico and China

	
Peru and China




	

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value

	
Coefficient

	
p-Value






	
Panel A. Mean Equation




	
    μ 1    

	
0.055

	
0.282

	
0.039 *

	
0.063

	
0.008

	
0.765

	
0.059 *

	
0.087




	
    ∅  11     

	
0.036

	
0.292

	
0.181 ***

	
0.000

	
0.077 **

	
0.017

	
0.229 ***

	
0.000




	
    ∅  12     

	
0.043 **

	
0.048

	
0.026

	
0.350

	
0.012

	
0.791

	
0.033

	
0.333




	
    μ 2    

	
0.022

	
0.495

	
0.020

	
0.474

	
0.020

	
0.420

	
0.022

	
0.410




	
    ∅  21     

	
0.105 ***

	
0.001

	
0.057 ***

	
0.001

	
0.074 ***

	
0.000

	
0.062 ***

	
0.003




	
    ∅  22     

	
0.032

	
0.360

	
0.040

	
0.228

	
0.039

	
0.255

	
0.026

	
0.470




	
Panel B. Variance Equation




	
    c  11     

	
0.915 ***

	
0.000

	
0.232 *

	
0.057

	
0.390 ***

	
0.000

	
0.259 ***

	
0.009




	
    c  21     

	
0.126 ***

	
0.001

	
0.049

	
0.132

	
0.033

	
0.553

	
0.089 **

	
0.045




	
    c  22     

	
0.000

	
0.865

	
0.000

	
0.799

	
0.058

	
0.237

	
0.051

	
0.320




	
    α  11     

	
0.334 ***

	
0.000

	
0.452 ***

	
0.004

	
0.405 ***

	
0.000

	
0.345 ***

	
0.004




	
    α  12     

	
−0.043

	
0.159

	
0.096 **

	
0.021

	
−0.017

	
0.778

	
0.006

	
0.934




	
    α  21     

	
0.051

	
0.336

	
0.005

	
0.845

	
−0.069

	
0.394

	
0.054

	
0.182




	
    α  22     

	
0.236 ***

	
0.000

	
0.208 ***

	
0.000

	
0.229 ***

	
0.000

	
0.256 ***

	
0.000




	
    β  11     

	
0.691 ***

	
0.000

	
0.844 ***

	
0.000

	
0.751 ***

	
0.000

	
0.890 ***

	
0.000




	
    β  12     

	
−0.069 *

	
0.071

	
−0.065

	
0.109

	
−0.032

	
0.662

	
−0.032

	
0.410




	
    β  21     

	
−0.072 *

	
0.056

	
0.005

	
0.525

	
0.031

	
0.260

	
−0.012

	
0.404




	
    β  22     

	
0.968 ***

	
0.000

	
0.978 ***

	
0.000

	
0.974 ***

	
0.000

	
0.965 ***

	
0.000




	
Panel C. Diagnostic Tests




	
LogL

	
−2506.043

	

	
−1947.155

	

	
−2014.255

	

	
−2107.485

	




	
AIC

	
7.227

	

	
5.934

	

	
5.989

	

	
6.295

	




	
SIC

	
7.454

	

	
6.160

	

	
6.216

	

	
6.521

	




	
   Q 1   [20]

	
21.462

	
0.370

	
29.255 *

	
0.083

	
24.444

	
0.224

	
23.882

	
0.248




	
   Q 2   [20]

	
23.562

	
0.262

	
27.467

	
0.123

	
24.664

	
0.215

	
26.564

	
0.148




	
   Q 1 2   [20]

	
10.480

	
0.959

	
61.006 ***

	
0.000

	
15.298

	
0.759

	
14.951

	
0.779




	
   Q 2 2   [20]

	
21.376

	
0.375

	
27.907

	
0.112

	
25.661

	
0.177

	
20.186

	
0.446








Notes: US, United States of America; CHN, China; BRAZ, Brazil; CHIL, Chile; MEXI, Mexico. Variable order is the Latin American stock market (1) and China (2). In the mean equations and  μ  denotes the constant terms, whereas    ∅  12     denotes the return spillover from the Latin American stock market to the Chinese stock market. In the variance equation, c denotes the constant terms, α denotes the ARCH terms, and β denotes the GARCH terms. In the variance equation,    α  12     indicates the shock spillover from the Latin American stock market to the Chinese stock market, whereas    β  12     denotes the long-term volatility spillover from the Latin American stock market to the Chinese stock market. Number of lags for VAR is decided using the SIC and AIC criteria. JB, Q(20), and Q2(20) indicate the empirical statistics of the Jarque–Bera test for normality, Ljung–Box Q statistics of order 20 for autocorrelation applied to the standardized residuals, and squared standardized residuals, respectively. Values in parentheses are the p-Value. ***, **, * indicate the statistical significance at 1%, 5%, and 10%, respectively.
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Table 9. Optimal weights and hedge ratios for Latin America (LA)/US
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BRAZ/US

	
CHIL/US

	
MEXI/US

	
Peru/US






	
Full Sample Period




	
    w t  L U     

	
0.11

	
0.51

	
0.29

	
0.27




	
    β t  L U     

	
0.93

	
0.63

	
0.25

	
0.28




	
US Financial Crisis




	
    w t  L U     

	
0.17

	
0.77

	
0.49

	
0.41




	
    β t  L U     

	
0.94

	
0.42

	
0.77

	
0.56




	
Chinese Stock Market Crash




	
    w t  L U     

	
0.09

	
0.54

	
0.46

	
0.39




	
    β t  L U     

	
0.98

	
0.34

	
0.59

	
0.43








Note:    w t  L U     and    β t  L U     represent the optimal weight and hedge ratio for the LA-US pair. L and U in superscripts denote the Latin American and US stock markets, respectively.
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Table 10. Optimal weights and hedge ratios for LA/China
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Header

	
BRAZ/CHN

	
CHIL/CHN

	
MEXI/CHN

	
Peru/CHN






	
Full Sample Period




	
    w t  L C     

	
0.41

	
0.70

	
0.61

	
0.63




	
    β t  L C     

	
0.14

	
0.07

	
0.07

	
0.08




	
US Financial Crisis




	
    w t  L C     

	
0.53

	
0.81

	
0.68

	
0.63




	
    β t  L C     

	
0.21

	
0.09

	
0.15

	
0.13




	
Chinese Stock Market Crash




	
    w t  L C     

	
0.43

	
0.68

	
0.64

	
0.64




	
    β t  L C     

	
0.23

	
0.11

	
0.07

	
0.11








Note:    w t  L C     and    β t  L C     represent the optimal weight and hedge ratio for LA-China pair. L and C in superscripts denote the Latin American and Chinese stock markets, respectively.
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