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INTRODUCTION
The growing global integration of financial markets has given rise to many studies that investigate the mechanism through which equity market movements are transmitted around the world. It is clear that real economic conditions and equity market performances are linked. However, the performance of equity markets also varies based on international factors, so that market performance will not be perfectly correlated across countries. In fact, under some conditions, short-term equity performance may have less to do with expected fundamentals of individual countries than financial inflows (outflows).  For example, starting in 2008, rounds of quantitative easing (QE) by the Federal Reserve (FED) in the US and the more recent actions by the European Central bank (ECB) have resulted in near zero short term and very low long term interest rates in the US and in Europe. As a result, countries like Brazil, Indonesia, India and Russia became the recipients of capital flows from the US, Japan and Western Europe. Incoming financial flows have been mostly responsible for many emerging markets’ spectacular performance from 2008 to the second half of 2013 (Morningstar 2014). However, after the FED’s announcement that the long term bond purchases would be eased and then stopped by the end of 2014, investors started to bring their funds back from the emerging markets. Brazil, India and Russia, among others, started to experience depreciating currencies. The reaction of the equity markets was similar and by March of 2014, the equity markets were down (Brazil 11%, China 6%, Russia 16%, Yardeni and Quintana, 2014).
The main purpose of this paper is to explore price and volatility linkages between US (and Europe) on the one hand and selected emerging markets (BRICS) on the other by utilizing broad equity market index based Exchange Traded Funds (ETFs). The data period covers February 2012-February 201.The countries were selected because there were not many studies that focused on emerging markets (BRIC) in terms both of return and volatility transmissions. In examining the return co-movements, transmission and persistence of volatilities of US, European and selected emerging county (BRIC) equity markets, we seek to understand if there are opportunities for international investors/traders to earn a better return for a unit of risk. As the literature review in the next section will reveal, there are gaps in the literature which provided the main motivation for this study.
LITERATURE REVIEW
Earlier research in international stock markets concentrated exclusively on co-movement between returns (Bekaert, 1995; Kim and Langrin 1996; Rezayat and Yavas 2006; Yavas and Rezayat, 2008; Bekaert et al., 2009). These studies found low correlations across some country equity markets indicating attractive diversification opportunities. Kiymaz (2002) utilized co-integration analysis to study relationship among the emerging Latin American equity markets and three developed equity markets (the USA, the UK, and Japan) and found that there is no long-run relationship among these markets implying existence of potential diversification benefits. Majid et al. (2009) found the stock markets in Malaysia, Thailand, Indonesia, the Philippines and Singapore are co-integrated both during the pre-and post-1997 financial crisis. More recent research (e.g. Diebold & Yilmaz, 2012; Kumar, 2013 and Rey, 2013) demonstrated that more information is revealed in the volatility of stock prices, rather than in the price itself. Schleicher (2001) studied the regional and global integration of equity markets in terms of return and volatility in Hungary, Poland, and Czech Republic. His results indicated that equity markets’ return co-movements were significant but not their volatilities. On the other hand, Chou et al. (1999) found that both volatility and return spillovers from United States to Taiwan were significant. Other studies by Pretorius (2002), Johnson and Soenen (2003) focused also on the factors affecting the spillover of information across national equity markets. 
Other studies similar to the present study include Abbas et al. (2013) which showed that volatility transmission is present between friendly countries of different regions with economic links. Another paper by Beirne et al. (2010) suggested that spillovers from regional and global markets are present in the vast majority of emerging markets. Diebold and Yilmaz (2011) findings indicated that both return and volatility spillovers vary widely. Return spillovers, however, tend to evolve gradually, whereas volatility spillovers display clear bursts that often correspond closely to economic events. Kumar (2013) used a VAR framework and provided support for the integration between stock and foreign exchange markets.
The literature review summarized above has revealed several gaps. First, almost all of the papers utilized stock market indices as opposed to ETFs used in the present study. Second, the present paper uses daily data as opposed to the weekly or monthly data commonly used in other studies. While weekly/monthly data can have advantages in terms of limiting “noise” daily data provide larger number of observations. This last point is particularly important because many emerging market ETFs have not been around very long. Third, there is a difference in the countries studied (BRIC).This is one of the few studies that includes BRIC countries and their equity market co-movements with the US and Europe. Fourth, the methodology used is somewhat different (vector auto regression (VAR) as opposed to MARMA in this paper) even though the present paper also uses GARCH methodology like most of the others.  Finally, this paper also addresses the questions of “volatility persistence” in addition to “volatility transmission”. The next section describes the data followed by a description of the methodologies employed. We then present the findings and end the paper with the conclusions and suggestions for future research.
DATA
The present study uses data on country specific Exchange Traded Funds (ETF).  Further, the focus is on “emerging markets”. An emerging market is a country in the process of rapid growth and industrialization. Even though there are many different lists of “emerging markets” the four largest emerging economies by either nominal or inflation adjusted GDP are the BRIC countries (Brazil, Russia, India and China).  ETFs are similar to index mutual funds that allow investors to diversify. They are also useful for getting exposure to markets such as international equities. Some international ETFs are very broad, focusing on stocks in well-established countries across Western Europe (such as the one included in this study) while others focus on a range of emerging countries in Asia and Latin America. Investors who are interested in a well-diversified portfolio could utilize many of these ETFs. By concentrating the analysis on ETF data, we can mitigate if not entirely avoid some substantial problems that arise in traditional academic research such as exchange rates volatility, divergences in the national tax systems, diversities in stock exchange trading times and bank holidays, restrictions on cross-border trading and investments, transaction costs. 
Data utilized is from February 3, 2012 to February 28, 2014, a sample of 519 days. The choice of the data period was based on the existence of the ETF data on all of the BRIC countries plus Europe-wide ETF and the S&P 500 ETF for the US (SPY). Daily data is preferred since it allows us to have a larger number of observations needed for the analysis. The ETFs that were used in this study are: EWZ (Brazil); ERUS (Russia); INDA (India); MCHI (China); IEV (Europe) and SPY (US): 
METHODOLOGY
To study co-movements of daily returns, we utilized the Multivariate Auto Regressive Moving Average (MARMA) model. MARMA models combine some of the characteristics of the univariate autoregressive moving average models and, at the same time, some of the characteristics of regression analysis. To measure the dynamic relationship of the volatility of a process we utilized autoregressive conditional heteroskedastic (ARCH) and generalized autoregressive conditional heteroskedastic (GARCH) models. ARCH models were introduced by Engle (1982) and generalized as GARCH by Bollerslev (1986). GARCH models are fitted when errors of AR or ARMA or in general a regression model have variances which are not independent or the variance of the current error term is related to the value of the previous periods' error terms as well as past variances. GARCH processes have commonly tails heavier than the normal distribution. This property makes the GARCH process attractive because the distribution of asset returns frequently display tails heavier than the normal distribution. In most empirical applications the simple ARCH (1) or GARCH (1, 1) is found to provide a fair description of the data. 
 GARCH (1, 1) model is:
σ2t = ω + α ε2t-i +ß σ2 t-1              
ω.>0, 0< ß ≤1, 0< α ≤1, α + ß ≤1
α is the coefficient measures the extent to which a volatility shock today  feeds through into the next period volatility, while α + ß is usually considered to be a measure of persistence of shock to volatility and it measures the rate at which this effect dies over time. In this study we use GARCH (1, 1) to analyze the persistence of conditional volatility of the returns as well as transmission of volatility of returns. Daily stock returns are calculated by 100* logarithmic difference of daily closing ETF values.
FINDINGS
To fit a multivariate model to a set of time series data, one has first to evaluate covariance, and cross correlations as well as the autocorrelations and partial correlations of data. The results of our investigation indicated that there are significant cross correlations of lag zero for most of the returns and cross correlations of lag one for some of the returns. Partial correlation and autocorrelation analysis indicated that all returns are stationary and that only India demonstrated significant partial correlation of lag one. Consequently, MARMA model was used whereby for each return equation regressors are the other five ETF returns, its own one-period lagged returns as well as one-period lagged returns of other ETF returns. 
Table 1 presents the co-movements of ETF returns. 
Table 1- Co-movements of daily ETF Returns
	r t(Brazil) = 0.245 rt(Russia) + 0.325 rt(China)  +0.114 rt-1(India) +0.287rt(Europe) +0.1044 r t-1(US)+et   

	rt(Russia) = 0.276 rt(Brazil) +0.085rt(India) +0.182rt(china)+ 0.539 rt(US) + 0.233rt(Europe) +0.066 rt-1(India) +0.236 
rt-1( Europe)  -0.509 rt-1( US)  +et

	rt(India)= 0.273rt(Brazil) +0.156rt(Russia) +0.258rt(china) +0.216rt-1(Europe )- 0.129rt-1(India) +et

	rt(China) =0.305rt(Brazil) +0.168rt(Russia) +0.106 rt-1 (India)+ 0.429rt(us) + et

	r t(Europe) =0.122rt(Brazil) +0.088 rt(Russia)+0.039t(India) + 0.904 rt(US) +et

	rt (US) = 0.096rt (Russia) + 0.436 rt (Europe) +0.074 rt-1 (US) -0.028 rt-1 (India) +0.078 rt(china)  + et


Note: r and e represent returns and error terms respectively.
First, it is important to note that US market returns (ETF representing S&P 500) affect returns in all of the other sample countries except India.  Second, most of the coefficients are positive indicating that the markets move together. The one exceptions is Russia where US return coefficient is negative, implying a negative correlation among the US returns on the one hand and Russian returns, on the other. European returns also appear to affect returns from Brazil, Russia and the US. In short, the European and the US returns are quite similar in that first both have highest effect on the returns of each other and they both include Russia and India. The differences include exclusion of Brazil in the US returns while Brazil is included in the European equation (Table 1).
Continuing with the BRIC countries, Brazilian returns demonstrate to have concurrent relationship with most of the other country ETF returns (Russia, China, US and Europe). Russian returns are positively related to the returns from Brazil, India, China, US, and Europe. However, US returns and European returns have the highest effect on the Russian returns. Indian market returns are positively related to returns from Russia and Brazil and negatively related to the one-period lagged own returns. The absence of large countries such as the US, China and the Europe should be noted. Chinese returns include as explanatory variables returns from Russia, Brazil and the US. Similar to what was noted above, the Chinese market is not related to the Indian market, nor is it to Europe.
The findings of this analysis indicate that while there are interdependencies among the global stock markets there are still very good opportunities for diversification. For example, US and Europe based investors may do well to ignore opportunities in each other’s markets but can realize diversification benefits by investing in ETFs representing China. Similarly, Russian investors may be better off avoiding markets that are highly correlated with theirs such as Europe, India, China and Brazil. However, since the US and Russian markets are negatively correlated, Russian investors can diversify by investing in the USA. These findings are similar to some of the other studies included in the literature review section. For example, Rezayat & Yavas, (2006) recommended diversification based on low correlations. Harrison and Moore (2009) findings included higher returns in emerging markets that had low correlations with developed markets. 
In order to study the volatility persistency and transmission using a GARCH-type model it is a common practice to calculate descriptive statistics on the error terms of ARMA or regression and to test whether these errors independent. It is especially important to check the skewness and kurtosis of the distributions and to test whether the distribution is normal. Table 2 presents the results of the normality tests and summary statistics for the ETF return series. Note that during the period under study, mean ETF returns from Brazil, Russia and India are all negative. The only exception among the BRIC countries is China with positive mean returns.  European and American mean returns are all positive. It appears that generally developed countries (regions) have shown positive mean returns (US, Europe, China) while the emerging market returns were mostly negative. 
Table 2- Descriptive Statistics- Daily ETF Returns


	
	Brazil
	Russia
	India
	China
	Europe
	US

	 Mean
	-0.086
	-0.048
	-0.017
	0.006
	0.062
	0.071

	 Median
	-0.132
	-0.089
	-0.021
	0
	0.132
	0.065

	 Maximum
	5.2174
	4.963
	6.191
	4.988
	4.327
	2.532

	 Minimum
	-4.110
	-6.655
	-6.631
	-4.321
	-4.085
	-2.543

	 Std. Dev.
	1.390
	1.527
	1.625
	1.2981
	1.092
	0.760

	 Skewness
	0.143
	-0.124
	-0.157
	0.067
	-0.177
	-0.224

	 Kurtosis
	3.770
	4.044
	4.238
	3.534
	4.4673
	4.092

	 Jarque-Bera
	14.612
	24.913
	35.24
	6.579
	49.271
	30.150

	 Probability
	0.0006
	0.000
	 0
	0.037
	0
	0

	Observations
	519
	519
	519
	519
	519
	519


                                                                                                             
Distributional properties of the return series generally appear to be non-normal. Most of the countries in sample have negative skewness except Brazil and China. Huang and Yang (2000) and Tay and Zhu (2000), amongst others, have documented positive and/or negative skewness in Asian equity returns. The kurtosis, or degree of excess, in all markets, both developed and emerging, exceeds three, indicating a leptokurtic distribution. Excess kurtosis in equity returns has been well documented by a number of other studies including Bekaert and Harvey (1997). Accordingly, the Jarque- Bera test statistic (and corresponding p-value) rejects the null hypothesis of normal distribution for all returns in the sample at α=0.05 (Table 2). Also, we noted that by looking at the standard deviations (Table 2) the highest volatility during the period of our study is exhibited by India (1.631) followed by Russia and Brazil and the ETF for US (0.76) has the lowest volatility. As expected, volatility is higher in emerging markets than in developed markets.
Volatility persistence deals with the nature of volatility and whether the current period’s volatility is affected by past periods’ volatility. Volatility occurs in clusters in that major swings in asset prices (and exchange rates) do not suddenly stop after major news breaks and instead they tend to persist. If volatility is “persistent,” it implies that today’s volatility arising out of new information today is likely to influence tomorrow’s volatility and future volatilities. Recent studies such as Hai et al (2103) find volatility persistence in GDP growth series in Hong Kong, Taiwan and Singapore. Engle and Patton (2001) indicated that the other noteworthy statistical property of volatility is its tendency to revert to the mean. Mean reversion in volatility is generally interpreted as meaning that there is a normal level of volatility to which volatility will eventually return. 
We next examined partial correlations and autocorrelations of the returns we found statistically insignificant results for the first few lags except the returns of India (which demonstrated significant partial correlation of lag one). Thus, to study volatility persistence we fitted GARCH (1, 1) model to returns for all except returns of India. To analyze persistence in volatility, GARCH (1, 1) specification is commonly used. The literature referred to above indicates that the sum of the ARCH and GARCH effects is a measure of volatility persistence. If that sum is closer to one, it means that effects of shocks fade away very slowly. The lower the values of GARCH & ARCH effects, the faster the effects fade away. 
Table 3--Volatility Persistence
	coefficient
	Brazil
	Russia
	India
	China
	Europe
	US

	constant
	0.03
(0.260)
	0.081
(0.073)
	0.164
(0.031)
	0.025
(0.279)
	0.053
(0.052)
	0.080
(0.036)

	ARCH(-1)
α
	0.048
(0.028)
	0.041
(0.024)
	0.051
(0.009)
	 
	0.057
(0.0031)
	0.009
(0.014)

	Garch(-1)
β
	0.938
(0.000)
	0.924
(0.000)
	0.886
(0.000)
	0.984
(0.000)
	0.898
(0.000)
	0.771
(0.000)

	  α +β
	0.986
	0.965
	0.937
	0.984
	0.956
	0.865

	AR(1)
	
	
	-0.100
(0.031)
	
	
	



The level of significance (α) is 0.10.
The parameters shown in the table lie within the expected range. For daily data, ARCH reaction parameter (α) usually ranges between 0.05 (for a market that is relatively stable) and about 0.1 (for a market that is jumpy). In other words, α measures the extent to which shocks to today’s returns feed through into volatility of next period, and α+ß measures the rate in which this effect dies over time. As shown in the table the Arch coefficients are between 0.009 (US) and 0.057 (Europe) which indicates stable short term volatility. Long term (cumulative) effects of past shocks on returns is measured by the Garch parameter ß, which usually ranges between 0.85 and 0.98. In this study, ß ranges from a low value of 0.771 in the US to 0.984 in China. Finally looking at both ARCH and GARCH effects, Russia and China have α+ß values close1.0 indicating that the effects of the volatility shocks fade away slowly.
We next study volatility transmissions. The transmission of shocks from the returns of one market to another was well-documented by Ewing (2002). Co-movements across volatilities (co-volatility) due to common information that simultaneously affects expectation in these markets and information spillovers caused by cross-market hedging are some of the reasons for volatility transmissions. In addition to endogenous events or variables, exogenous variables, deterministic events (macroeconomic announcement), all may have an influence on the volatility process that interest researchers to study volatility transmission.
To detect transmission of volatility between stock markets, we use the Augmented GARCH model as developed by Duan (1997). 
σ2 t = ω+ α ε2t-i +ß σ2 t-1 +θ Xt
Where Xt is to be the residual squared of ARMA model and θ is the term that measures the magnitude of volatility transmission across the markets (Zouch et al. 2011) and Edwards (1998) used this method and detected the presence of capital transmission effect from Mexico to Chile during 1994 crisis. 
Table 4- Volatility transmissions
	σ2t(Brazil) =0.0306+ 0.048 r2 t -1 (Brazil)   + 0.939 σ2 t-1(Brazil)

	σ2 t (Russia) =0.061+ 0.045 r2 t -1 (Russia) +0.956σ2 t-1 (Russia)  -0.109r2t-1 (US)

	r t(India)=- 0.102 r t-1(India)+e t
σ2 t (India) =0.089+ .037 e 2t-1(India) +0.92 σ 2 t -1 (India) +0.041 r2t-1 (Russia)   -0.125r 2t-1 (US)

	σ2t(china) =0.025 + 0.984 σ 2 t-1(China)

	σ2t(Europe) =0.03+ 0.964σ 2 t -1 (Europe) +0.027r2t-1 (Russia) )   -0.049r 2t-1 (US) - 0.012 r2 t -1 (Brazil)   

	σ2t(US) =0.080+ 0.095r 2 t -1 (US) +0.771 σ 2t-1 (US)


σ2 t   and r 2t denote variance and squared error respectively.

Among the BRIC countries, the markets not experiencing volatility spillovers from other markets are Brazil and China.  Russia and India on the other hand, exhibit volatility spillovers from the USA in the form of lagged (past period) volatilities. Note, however that the coefficient of the US volatility spillover term is negative implying that a drop in US market volatility increases volatilities in both Russian and Indian markets. Finally, Russian volatilities are transmitted to India.
Volatility of the US market is unaffected by volatilities of the other markets. Only Russian market volatilities are transmitted to Europe.  Chinese market volatility is not transmitted to any other market.
We may conclude that during the period covering this study (2012-2014), there is some evidence of cross-transmission of volatility among the BRIC countries’ stock markets (India and Russia). However, we found no evidence of volatility spillovers to Brazil and China. Further, US market volatilities had a negative effect on emerging markets such as India and Russia. It is interesting to note that we did not find US market volatility to spill over to Europe or European volatilities affecting the US market. Russian market volatilities are transmitted to Europe and to India but only US volatility spills over to Russia. In addition, Brazilian market volatilities do not affect other country stock markets. 
In summary, volatility spillovers from the developed world to the emerging markets are not homogeneous across the BRIC markets. For example, only Russia and India exhibit a significant spillover from the United States. Also, none of the BRIC countries experience volatility spillovers from Europe.  Finally, US volatility is transmitted to two of the four BRIC countries (Russia and India), 
Many of the findings above provide partial support for some of the studies referred to in the literature review. For example, Kumar & Mukhopadyay (2002) found both inter and intra-regional volatility spillovers to be significant. Similar to Tokat (2013) this study finds volatility transmissions to be multi-directional. Kumar (2013) obtained similar results with respect to volatility spillovers in the following country equity markets: India, Brazil and S. Africa. On the other hand, as reported in the Wall Street Journal (September 30, 2014), returns from the US and Europe have tended to be very similar despite their economies being on divergent paths with respect to growth and unemployment. WSJ reports that the 12-month moving average of standard deviations of returns had hit the lowest level since the 2008. One of the reasons, as supported by our findings, involves low levels of volatility in European and the US markets.
CONCLUSIONS
This paper studied the transmission of equity returns and volatility among eleven equity markets using daily ETF data from February 3, 2012 to February 28, 2014. Of the six equity markets, four are emerging (BRIC) and two are developed (US and Europe). A multivariate autoregressive moving average (MARMA) model along with a generalized autoregressive conditional heteroskedasticity (GARCH) model are used to identify the source and magnitude of return and volatility spillovers.
The findings of this study indicate that co-movements between daily ETF returns are significant. This finding points to decreasing opportunities for investors to diversify their portfolios. Nevertheless, we could still find significant diversification possibilities for investors.  For example, US and Europe based investors can realize diversification benefits by investing in China. Similarly, Russian investors may be better off avoiding markets that are highly correlated with theirs such as the Europe, India, China and Brazil but can diversify by investing in the US.  These results are very much in line with findings of other studies, such as Yavas & Rezayat (2008 & 2013) and Kumar (2013) that found significant return and volatility spillovers in India, Brazil and S. Africa.
We also found significant volatility transmissions from the US and Europe to emerging markets. However, these transmissions are not homogeneous across the BRIC markets. Among the BRICS only Russia and India exhibit a significant spillovers from the United States but not from Europe. Brazil and China do not have volatility transmission from other countries. These results are in mostly line with findings of other studies, such as Yavas & Rezayat (2013), Majid, et al, (2009) and Kumar (2013) that found significant return and volatility spillovers in India, Brazil and S. Africa.
Since volatilities can proxy for risk, there are lessons for both individual and institutional investors in terms of further examining pricing securities, hedging and other trading strategies as well as framing regulatory policies. It may also be possible for investors to ride the financial cycle by following closely monetary policies of the FED and ECB and resulting credit expansion or contraction. In short, volatility transmission and the time-varying nature of volatility have implications for investors and portfolio managers who assess such information and rebalance their portfolios continually to achieve efficient portfolio diversification. 
Although we argued in favor of using ETFs as a vehicle for diversification a warning may be appropriate: During the flash crash of 2010 when the Dow Jones industrial average dropped almost 1000 points, the heavy losses in the futures markets quickly spilled over into the ETF market, resulting in many investors shorting the ETF that tracked the underlying indexes. 
Finally, the investigation could be expanded to include individual countries in Europe instead of using one Europe-wide ETF. As ETFs for other emerging markets become available it is also possible to include additional countries.
_______________________________________________________________________________
REFERENCES
Abbas, Q, Khan, S and Shah, Z. (2013). “Volatility transmission in regional Asian stock markets,” Emerging Markets Review, 16, issue C: 66-77
Beirne, J., Caporale, G., Schulze-Ghattas, M and Spagnola, N. (2010). “Global and regional spillovers in emerging stock markets: A multivariate GARCH-in-mean analysis,” Emerging Markets Review 11, 3: 250-260
Bekaert, G. (1995), "Market Integration and Investment Barriers in Emerging Equity Markets," World Bank Economic Review, 9: 75-107.
Bekaert, G., and Harvey, C. R. (1997),”Emerging Equity Market Volatility,” Journal of Financial Economics, 43:29-77.
Bekaert, G., Hodrick, R., and Zhang, X. (2009)"International Stock Return Comovements," Journal of Finance, 64(6):2591-2626
Bollerslev, T. (1986), “Generalized Autoregressive Conditional Heteroskedasticity,” Journal of Econometrics, 31(3): 307-327. 
Chou, R. Y., Lin, J., and Wu, C. (1999), “Modeling the Taiwan Stock Market and International Linkages,” Pacific Economic Review, 4: 305-320.
Diebold, F.X. and Yilmaz, K. (2011), "Equity Market Spillovers in the Americas," in R. Alfaro (ed.) Financial Stability, Monetary Policy, and Central Banking. Santiago: Bank of Chile Central Banking Series, Volume 15, 199-214, 2011.
[bookmark: dua:97]Duan, J. C. (1997), “Augmented GARCH (p,q) Process and its Diffusion Limit,” Journal of Econometrics 79: 97-127.
Edwards, S. (1998), “Interest Rate Volatility, Capital Controls, and Contagion,” NBER Working Paper Series.
Engle, R F. (1982), “Autoregressive Conditional Heteroskedasticity with Estimates of the Variance of United Kingdom Inflation,” Econometrica 50::987–1007.

Engle, R. F. and Patton, A.J (2001), “What Good is Volatility Model?” Quantitative Finance 1:237–245 
Hai, V., Thanhi, A. K., and Zhang, T. Z. (2013), “Measuring Asymmetry and Persistence in Conditional Volatility in Real Output: Evidence from Three East Asian Tigers Using a Multivariate GARCH Approach,” Applied Economics,  45(20): 2909-2914
Harrison, B., and Moore, W. (2009), "Spillover Effects from London and Frankfurt to Central and Eastern European Stock Markets," Applied Financial Economics, 19(18): 1509-1521.
Johnson R. A., and Soenen, L. (2003), “Economic Integration and Stock Market Co movement in the Americas,” Journal of Multinational Financial Management, 13: 85-100.
Kasch, M. (2013) “Volatility Threshold Dynamic Conditional Correlations: An International Analysis”, Journal of Financial Econometrics, 11(4): 706-742
Kim, S. W., and Langrin, R. B (1996), “Stock Price Movements Spillovers under Foreign Exchange Liberalization: The Case of Jamaica, Trinidad and Tobago, and the United States”, University of the West Indies, Mona, Jamaica. Presented at the XXVIIth Annual Conference on Monetary Studies.
Kiymaz, H. (2002), “An analysis of linkages among equity markets: study of selected Latin American and
Developed countries”, Journal of Economics and Business Studies, Vol. 1 No. 1, pp. 16–33.

Kumar, K. K., and Mukhopadyay, C. (2002), “A Case of Us and India,” NSE Research Paper
Kumar, M. (2013) "Returns and volatility spillover between stock prices and exchange rates: Empirical evidence from IBSA countries", International Journal of Emerging Markets, Vol. 8 (2), pp.108 - 128
Majid, M.S.A., Meera, A.K.M., Omar, M.A. and Aziz, H.A. (2009), “Dynamic linkages among ASEAN-5 emerging stock markets”, International Journal of Emerging Markets, Vol. 4 No. 2, pp. 160–84

Pretorius, E. (2002) “Economic Determinants of Emerging Stock, Market Interdependence,” Emerging Markets Review, 3: 84-105.
Rey, H. (2013), “Dilemma not Trilemma: The Global Financial Cycle and Monetary Policy Independence” www.kc.frb.org/publicat/sympos/2013/2013Rey.pdf
Rezayat, F., and Yavas, B.F. (2006), “International Portfolio Diversification: A Study of Linkages among the U.S., European and Japanese Equity Markets,” Journal of Multinational Financial Management, 16: 440-458.
Schleicher, M. (2001), "The Co-movements of Stock Markets in Hungary, Poland and the Czech Republic," International Journal of Finance and Economics, 6: 27-39.
Tay, N., and Zhu, Z. (2000),”Correlations in Returns and Volatilities in Pacific-Rim Stock Markets,” Open Economies Review 11:27-47
Tokat, A.H. (2013) “Understanding Volatility Transmission Mechanism among the CDS markets: Europe and North America vs. Brazil and Turkey,” Economia Aplicada, 17(1): 1-111
Yardeni, E. and Quintana, M (2014). Performance 2014: Global Stock Markets. Yardeni Research Inc. NY. www.yardeni.com
Yavas, B.F. and Rezayat, F. (2008), “Integration among Global Equity Markets: Portfolio Diversification using Exchange-Traded Funds,” Investment Management & Financial Innovations. 5(3):30-43.
Yavas, B.F and Rezayat, F (2013). “Market Volatility: A Study of Equity Markets of US, Canada, Germany and China. Journal of International Finance and Economics. 13(4):107-122.

Zouch, M.A., Abbes, M.B., and Boujelbene, Y. (2011), “Subprime crisis and Volatility Spillover,” Int. J. Monetary Economics and Finance, 4(1):1-20
Web References:
http://performance.morningstar.com/funds/etf/total-returns.action?t=eem.
http://www.bloomberg.com/quote/JCI:IND/chart.
https://investor.vanguard.com/etf/?WT.srch=1








5

