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Abstract


This paper explores the influence of the risk–return relationship and volatility spillover on stock market returns of emerging economies, with a particular focus on the BRICS countries. This research is undertaken in a context where discussions on de-dollarization and the expansion of BRICS membership are gaining momentum, making it a novel and distinct exercise compared to prior studies. Utilizing econometric techniques to investigate daily market returns from 1 April 2008 to 31 March 2023, a period that witnessed major events like the global financial crisis, the COVID-19 pandemic, and the Russia–Ukraine conflict, linear and non-linear models like ARCH, GARCH, GARCH-M, EGARCH, and TGARCH, are employed to assess stock return volatility behaviour, assuming a Gaussian distribution of error terms. The diagnostic test confirms that the distribution is non-normal, stationary, and heteroscedastic. The key findings indicate a lack of the risk–return relationship across all BRICS stock markets, except for South Africa; a more pronounced effect of unpleasant news over pleasant news; a slow mean-reverting process in volatility; the EGARCH model is the best fit model as evidenced by a higher log likelihood and lower Akaike information criterion and Schwardz information criterion parameters; and finally, the presence of significant bidirectional and unidirectional spillover effects in the majority of instances. These findings are valuable for investors, regulators, and policymakers in enhancing returns and mitigating risk through portfolio diversification and informed decision making.
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1. Introduction


The financial markets are undergoing greater economic integration globally, driven by national stock exchanges at both domestic and international levels. Deregulation, technological advancements, globalisation, and the quest for economic progress are many vital factors propelling this increasing integration (Singhania and Prakash 2014). Financial integration and globalisation are closely intertwined, since globalisation reduces trade barriers and promotes cross-border economic activities that progressively strengthen financial integration (Zhang et al. 2021). Financial integration, in turn, facilitates economic integration through the seamless flow of capital, portfolio diversification, efficient resource allocation, reduced cost of capital, and adherence to policy discipline (Joo et al. 2023). The synergy between these forces enhances investment opportunities through increased market efficiency, while also bringing associated risk and uncertainty. As a result, financial markets are becoming more resilient yet increasingly volatile and challenging, with the intensification of financial integration and globalisation. This outcome exacerbates global financial risk, restricts portfolio diversification opportunities, and poses challenges to existing financial institutions and regulatory frameworks. Salisu et al. (2018) and Zhang et al. (2021) argue that the likelihood of volatility of stock markets increases with the globalisation of financial markets. Naik and Reddy (2021) observe that high stock return volatility jeopardises the integrity of the market mechanism, eroding investors’ confidence and spending, which eventually hampers economic growth. Moreover, the occurrence of several ‘black swan events’ (Corbet et al. 2022), including the Asian financial crisis (1997–1998), the financial crisis in Brazil (1999), Ecuador (2000), Argentina (2000), Uruguay (2002), the global financial crisis (2008–2009), the COVID-19 pandemic, and the recent Russia–Ukraine conflict, underscore the rationale to investigate volatility dynamics. These crises demonstrate how market shocks in a certain market or region can swiftly spread around the globe. To alleviate such spillover effects, the Markowitz hypothesis (Markowitz 1952) elucidates that investors can enhance their returns and reduce risk through portfolio diversification and investment in non-correlated financial assets. The examination of risk–return and volatility spill-over has gained considerable attention from academicians and professionals alike, given its significance in security analysis, portfolio management, risk diversification, and the formulation of economic policies (Naik and Reddy 2021). These arguments highlight the urgent need for a thorough investigation of volatility behaviour, as it is essential for assessing the performance of financial assets, portfolio diversification, risk management, trading strategies, and financial stability (Kumar and Maheswaran 2012). The current study is novel and different from the existing literature as it employs both linear and non-linear GARCH models to investigate the risk–return relationship, volatility persistence, leverage effects, and volatility spillover in the stock markets of BRICS countries. Amid the current debate on de-dollarization and the financial integration of BRICS countries, these findings will be crucial for investors, regulators, and policymakers in enhancing returns and mitigating risk via portfolio diversification and informed decision making.



Investment in emerging countries provides better investment opportunities compared to industrialised economies because of the higher degree of volatility, higher mean returns, and low correlation among financial assets (Alfreedi 2019). The emerging countries have been witnessing a renaissance in capital inflows following the global financial crisis, which is attributed to their high growth projections (Ahmed et al. 2021). This proposed research is undertaken to investigate the various dimensions of stock return volatility in emerging economies. The focus is placed on the BRICS countries, which collectively contribute to 25.78 percent of the world GDP, 40.91 percent of the global population, and 18.16 percent of global trade (Table 1). To achieve this goal, this analysis employs symmetric models like ARCH, GARCH, and GARCH-M, as well as asymmetric models such as EGARCH and TGARCH. The pioneering research studies conducted by Black (1976), Bollerslev et al. (1986), Engle (1982), Fama (1965), Glosten et al. (1993), Mandelbrot (1963), Nelson (1991), and several other scholars and professionals have generated interest in comprehending and predicting the volatility behaviour of the financial market. Extensive research was conducted on volatility dynamics globally, encompassing developed, emerging, and developing economies. The notable studies in this area include those conducted by Sabri (2004), Wang et al. (2005), Rao (2008), Al-Rjoub and Azzam (2012), Kundu and Sarkar (2016), Refai et al. (2017), Dutta et al. (2017), Ahmed et al. (2018), Mensi et al. (2021), Sharma et al. (2021), Ghozzi and Chaibi (2021), Arsalan et al. (2022), De Villiers and Venter (2022), and Khan (2023). Most research on stock market volatility focuses primarily on developed countries or between developed and emerging countries. Hence, there is a dearth of research investigating the risk–return linkages and the volatility spillover effect in emerging economies, especially in the BRICS nations.



In 2001, Jim O’Neill coined the phrase BRIC to refer to Brazil, Russia, India, and China (Maryam and Mittal 2019). The BRIC trading bloc, comprising emerging economies, was formed on 16 June 2009, at its inaugural summit in Yekaterinburg, Russia, with the aims of enhancing trade and investment cooperation, improve market access, synchronise economic policies, and foster inclusive growth and development through the utilisation of advanced technology. In 2010, the association was renamed BRICS when South Africa became a member (Lohani 2020). Table 1 displays the economic profile of the BRICS countries, where GDP and population are used as proxy measures of the size of their economies and markets, while trade and investment are used to evaluate the extent of economic integration between the BRICS countries and the rest of the globe. The BRICS countries’ share of global GDP rose from 14.90 percent in 2008 to 25.78 percent in 2022, demonstrating the substantial impact of BRICS countries on the global stage. The compound annual growth rate analysis demonstrates that the BRICS economies are experiencing a more rapid growth rate of 7.41 percent than the global economy’s growth rate of 3.29 percent. China leads the BRICS countries with the largest GDP, followed by India, Russia, Brazil, and South Africa. The BRICS countries’ share of the world population decreased from 42.92 percent to 40.91 percent in 2023, hence reducing market size. The compound annual growth rate indicates that the population growth rate of BRICS countries is 0.79 percent, which is lower than the global growth rate of 1.13%. The BRICS countries have witnessed substantial progress in trade and investment. In 2008, its share of global trade and FDI was 13.21 percent and 19.63 percent, respectively, and by 2022, these figures had risen to 18.16 percent for global trade and 23.95 percent for FDI. The examination of trade ties shows that the growth rate of trade among BRICS nations is 5.45 percent, surpassing the global trade growth rate of 3.08 percent. The BRICS countries witnessed a 0.70 percent FDI growth despite a drop of −0.72 percent globally. This mismatch shows that the BRICS countries have become preferred destinations for investment among global investors. The BRICS countries initiated capital market reforms in the early 1990s, with Brazil being the first to liberalise its market in 1991, followed by Russia in 1994, India in 1992, China in 1993, and South Africa in 1996 (Guptha and Rao 2017). These developments enabled the BRICS countries to attract significant inflows of capital. The growing intra-BRICS trade demonstrates the enhanced economic collaboration and shared development among these nations, underscoring the importance of establishing a more robust and efficient economic bloc. Therefore, the growing influence of BRICS on domestic and international arenas has motivated new countries to join the organisation.



Figure 1 depicts the trends in the BRICS GDP, population, trade, and investment patterns from 2008 to 2022. The upward trajectory of all economic indicators consistently demonstrates that the BRICS countries are undergoing significant global economic growth, solidifying their position as a formidable economic bloc. The upward trajectory of GDP indicates the growth of economic output and the growing impact of BRICS countries on a global scale. Likewise, the higher trajectory of the population trend line demonstrates the significant impact of BRICS countries on the market. The growing trade and FDI illustrate the integration of the BRICS market with the world. This also highlights the growing attraction of BRICS countries as investment destinations, contributing to the overall economic and financial stability of the global market.



Current research aims to map the risk–return relationship, persistence of volatility, leverage effect, and volatility spillover across the BRICS countries using linear and non-linear GARCH models. This study holds great significance for various reasons. First, multiple studies investigated the volatility of stock markets in industrial and emerging nations. Very few studies expressly concentrate on emerging economies, especially the BRICS markets, despite the fact that BRICS is a prominent trading bloc. Second, the fluctuating patterns of BRICS stock markets could potentially have a spillover effect on the global stock market, given their substantial market size and economic might. Third, the BRICS nations possess significant influence in global trade and investment, and any disruption might affect the movement of global trade and investment. Fourth, investors need to analyse the risk–return connections and the volatility transmission to diversify their portfolios and manage risks effectively. Additionally, it aids policymakers in formulating strategies and policies to ensure financial stability. Fifth, as globalisation progresses, the financial markets of individual nations are becoming more integrated with the global markets. Thus, any variations or disruptions in one nation have the potential to affect adjacent nations, therefore influencing both regional and global economic stability. This also poses new challenges and concerns for regulators and investors. Sixth, the analysis of the stock markets of the BRICS nations will specifically offer insightful information about the behaviour of emerging markets. Seventh, this study holds great importance since it specifically investigates the effects of crucial events, such as the financial crisis (2008), the COVID-19 epidemic, and the Russia–Ukraine conflict, on BRICS stock markets. These arguments lead to the investigation of some important aspects of the volatility of BRICS stock market returns.



This research study is planned as follows: The first section provides an overview of this study. The second section deals with a comprehensive examination of prior research on the different aspects of volatility. The third segment validates the facts, methodology, and approaches used in the investigation. The penultimate section focuses on an empirical analysis and presenting the ensuing findings. The last section encompasses the conclusive summary, policy implications, constraints, and possible directions for further study.




2. Literature Review


In finance literature, numerous studies have been conducted to investigate the risk–return relationship and volatility spillover across the world. Some are presented in the literature review to develop a clear understanding of the subject. The literature review is divided into two categories: one examines the volatility dynamics of developed, emerging, and developing countries, while the other category focuses on analysing the volatility of the BRICS stock market. Here are a few noteworthy studies:



(A). Literature Review of Emerging and Developed Markets: Srivastava (2008) analysed the return volatility of BSE and NSE stock exchanges in India using ARCH, GARCH, GARCH-M, EGARCH, and TGARCH models. The findings revealed that GARCH-M and EGARCH models demonstrated superior performance compared to other models in accurately capturing the volatility of both indexes. Jayasuriya et al. (2009) discovered in a comparative analysis of emerging and mature markets across three sub-periods that volatility was less pronounced in emerging markets during the initial two sub-periods, whereas in the third sub-period, the volatility exceeded that of mature markets in emerging markets. Nevertheless, the conclusions were derived solely from the PGARCH model. In his study, Nyamongo and Misati (2010) investigated the relationship between stock volatility and daily returns in the NSE, Kenya, and confirmed that the return volatility was highly persistent, but the leverage was not significant. In their study, Al-Rjoub and Azzam (2012) examined the impact of the financial crisis on stock return volatility in Jordan’s stock market. They found that the banking sector was the most adversely affected among all sectors, experiencing a significant decrease in stock returns during the financial crisis. Singhania and Anchalia (2013) applied the EGARCH model to examine the impact of the subprime crisis (2008) and the European debt crisis (2010) on the returns of selected Asian stock exchanges. The results of this study indicate the existence of volatility clustering, volatility persistence, and a leverage effect on the returns of the stock markets included in the sample. Li and Giles (2014) scrutinised the volatility spillover effect between developed stock markets and Asian emerging stock markets using an asymmetric multivariate GARCH model. The findings demonstrated that market conditions and crises influenced the volatility spillover dynamics, resulting in varying patterns of spillover effects across the selected countries. John et al. (2016) discovered a positive correlation between risk and return, stating a higher probability of gains than losses. Both the TGARCH-M and EGARCH-M models indicated the presence of a leverage effect. Jebran et al. (2017) in their study on volatility spillover effects found that the financial integration of emerging Asian countries significantly affects investors and policymakers. However, the EGARCH model was employed to assess the volatility spillover resulting from the stationarity of data at levels. Refai et al. (2017) studied the risk–return linkages and asymmetric volatility in the Jordanian markets using the EGARCH-M model. They revealed evidence of a positive association between risk and return in the pre-financial crisis period. Furthermore, a study also discovered that favourable news has a more pronounced effect compared to unfavourable within the same period of time. Salameh and Alzubi (2018) determined that the volatility of the Dubai financial market index mostly relied on its internal shocks, and to a lesser extent, on foreign shocks. Uludag and Khurshid (2019) observed that the most significant volatility transmission occurs between China and India among E7 markets, and the biggest volatility transmission happens between China and Japan among G7 markets. In their study, Zhang et al. (2020) found that mature markets have a stronger impact than developing markets in periods of turmoil. Additionally, they discovered that emerging markets exhibited greater sensitivity to sudden volatility changes compared to developed markets, regardless of the time period. Chaudhary et al. (2020) examined the impact of COVID-19 on the top 10 economies of the world using the GARCH model. Their study found negative mean returns for all market indices during the COVID period. However, markets show the mean reverting process. An empirical study conducted by Ahmed et al. (2021) found a notable bidirectional volatility spillover effect across most Asian stock markets, which suggests that these markets are interconnected. Bentes (2021) demonstrated a greater level of volatility during the COVID-19 era compared to the pre-pandemic period. The results also indicated that the FGARCH model is suitable for accurately measuring the volatility. Mensi et al. (2021) discovered that a negative volatility spillover had more impact than a positive volatility spillover during the COVID-19 pandemic. Setiawan et al. (2021) conducted comparative research of emerging and developed countries during the global financial crisis and COVID-19, utilising the GARCH model. The results indicated that COVID-19 exerted a more profound effect on stock returns than the global financial crisis in both emerging and developed countries. Arsalan et al. (2022) revealed that mean reversion features prevail in all stock markets under study while developing countries had the lowest mean reversion and emerging nations had the highest mean reversion. In their study, Yıldırım and Bekun (2023) utilised ARCH, GARCH, and EGARCH models to estimate the volatility of Bitcoin returns and asserted that the best-fitted model to capture the volatility was the GARCH model. Gupta (2024) found that the EGARCH model surpassed the GARCH and GJR-GARCH models in accurately predicting volatility in the stock indices of Germany, China, Japan, and Hong Kong, while in the US, the GJR-GARCH model outperformed other models.



(B). Literature Review of BRICS Markets: The volatility of stock returns in the BRICS market has been modelled by several scholars. Within this group, a few noteworthy studies are outlined as follows: Bhar and Nikolova (2009) discovered that among BRIC countries, India was highly integrated with regional and global economies, followed by Brazil, Russia, and China. Russia was the only country that influenced regional and global market equity prices. Dania and Malhotra (2013) found that the returns of all BRICS nations were symbiotic with the returns of the USA, the UK, France, and Germany, and they also noticed evidence of volatility transmission from major global markets to the BRICS stock markets. Kishore and Singh (2014) investigated that the BRICS stock market, except for Brazil and China, was significantly affected by the news from the USA, and there existed a significant difference in stock return volatility in all BRICS stock markets, suggesting significant implications for portfolio diversification. Guptha and Rao (2017) examined volatility behaviour of BRICS stock markets during the pre-crisis, crisis, and post-crisis periods of the financial crisis of 2008. The analysis discovered a significant and enduring level of volatility in all BRICS markets, except China, in the post-crisis period. Additionally, the study identified asymmetric effects in all markets, except for China. Lin’s (2018) research examined the modelling of China’s stock market using the GARCH symmetric model and the EGARCH and TGARCH asymmetric models. The asymmetric models yielded more precise forecast estimations in comparison to the symmetric models. Additionally, the EGARCH model was found optimal among the models tested. Bagchi (2017) analysed the relationship and spillover effect between crude oil prices and stock return volatility in the BRIC countries using the APARCH model. The leverage term γ > 0 for all indices of BRICS countries reported that adverse news created more volatility than favourable news and an (α + β) coefficient close to one manifested long lasting volatility persistence. Nasr et al. (2018) found that BRIC stock market returns depict heterogeneous linkages with country-specific characteristics, and an asymmetric effect was found to have a greater influence of negative news on market dynamics. In their study, Zhang et al. (2021) discovered that the G7 countries were net exporters of risk, while the BRIC countries were net importers of risk. The study also found that G7 volatility spreads more than BRIC volatility. Joo et al. (2023) employed the DCC-GARCH and AGDCC-GARCH models to investigate bidirectional volatility spillover. The analysis found a long-term integration and significant bidirectional spillover effect, confirming the close link of the BRICS stock markets.



The aforementioned literature review indicates that several studies were conducted to explore the volatility dynamics of stock returns in developed, emerging, and developing nations. However, there is a lack of research examining the risk–return linkages, volatility persistence, leverage effects, and volatility spillover effects within emerging markets, especially in BRICS stock markets using linear and non-linear GARCH models. Therefore, the objective of this research is to fill this void by investigating “Mapping Risk-Return Linkages and Volatility Spillover in BRICS Stock Markets through the Lens of Linear and Non-Linear GARCH Models.”




3. Methodological Approach


This section explains the research methodology and data used for modelling the risk–return relationship and the volatility spillover. The subsequent text provides a thorough explanation:



3.1. Objectives of This Study


The objectives of the current research framework are constructed as follows:




	
To investigate the presence of volatility persistence in BRICS countries’ stock market returns.



	
To examine the risk–return linkages in BRICS countries’ stock market returns using the GARCH-M model.



	
To assess the leverage effect on BRICS countries’ stock market returns using the non-linear models.



	
To identify the best-fitted model for capturing the volatility of BRICS countries’ stock market returns.



	
To analyse the volatility spillover effect among BRICS countries’ stock market returns.









3.2. Sample Selection and Database


This research employed a quantitative methodology incorporating linear and non-linear models. This study empirically analysed the daily data of stock price indices due to their higher data intensity, which is more appropriate for assessing stock return volatility using econometric models (Sahiner 2022). The data are freely downloaded from the database of investing.com and processed using Eviews-12 for quantitative analysis. The leading stock indices of the BRICS nations that have been chosen include the BOVESP index for Brazil’s stock market, the RTSI index for Russia, the Nifty for India, the SSE for China, and the FTSE for South Africa (Guptha and Rao 2017; Zhang et al. 2021). These indices serve as indicators for the stock market performances of BRICS countries (Joo et al. 2023). This study spans a duration of 15 years, with effect from 1 April 2008 to 31 March 2024. On the basis of a literature review, the scope of the present study is confined to linear models such as ARCH, GARCH, and GARCH-M and non-linear models, namely EGARCH and TGARCH. The daily closing prices of BRICS countries’ stock returns were transformed into log returns using the following formula:


    r   t   = l o g        p   t       p   t − 1         








where     r   t     = Returns;     p   t     = Daily closing prices at current period: pt−1 = Closing prices of the previous day.




3.3. Distributional Assumption of Error Term


The GARCH model specification commonly employs several distributional assumptions, such as Gaussian distribution, Students’ t distribution, generalised error distribution (GED), Students’ t distribution with fixed degrees of freedom, and GED with a fixed parameter. These assumptions are used to account for the presence of fat-tailed distributions frequently observed in financial data (John et al. 2016). The estimations in this study rely on the assumption that the error term follows a Gaussian distribution.




3.4. Model Specification


The symmetric and asymmetric models were described in the following manner to address the objectives:



ARCH Model: The ARCH model, developed by Engle (1982), is used to estimate volatility. Equation (1) presents the model’s specification, as below.


    σ   t   2   =   α   0   +   ∑  i = 1   q      α   i       ε   t − i   2    



(1)




where     σ   t   2     is conditional volatility,     α   0     is the mean, q denotes the number of the previous     ε   t   2     terms, and     ε   t − i   2     is white noise representing the residuals of time series,     ∑  i = 1   q      α   i     < 1   stating that the process of covariance is stationary. The ARCH model signifies the variability of error terms in a typical autoregressive process, which is contingent upon the variances of previous error terms.



GARCH Model: The GARCH model, an extension of the ARCH model proposed by Bollerslev in 1986, is a symmetric model that assumes an equal effect of positive and negative news on volatility. The distinguishing feature of the GARCH model is its ability to include the influence of both prior squared error values and past conditional variance on the current conditional variance. Equations (1) and (2) provide the specification of the GARCH model, as below:


    σ   t   2   =   α   0   +   ∑  i = 1   q      α   i       ε   t − i   2   +   ∑  i = 1   p      β   i       σ   t − i   2    



(2)







Equation (2) has a constant term (α0) and coefficients for ARCH (α1, α2, …, αq) and GARCH (β1, β2, …, βp) specifications. The ARCH and GARCH processes have the following orders: q and p.


    σ   2   =   α   0   +   α   1     ε   t − 1   2   +   β   1     σ   t − 1   2    



(3)







    α   0     Hypothetical long-run average variance (constant term).



    ε   t − 1   2     The first independent variable, which reflects “news” about the previous period’s volatility (ARCH term).



    σ   t − 1   2     The second independent variable, which reflects the forecast variance from the previous period (GARCH term).



GARCH-M Model: The GARCH-M model, proposed by Bollerslev et al. (1988), represents an advancement over the GARCH model by incorporating conditional variance into the mean equation. This model takes into account risk and return trade-offs. GARCH-M is defined by Equations (4) and (5), as follows:



Mean Equation


     r   t   =   μ   t   +   ε   t       where     μ   t   = μ + λ   σ   t   2   +   ε   t     



(4)







Variance Equation


    σ   2   =   α   0   +   α   1     ε   t − 1   2   +   β   1     σ   t − 1   2    



(5)




where   λ   in the mean equation is the risk premium parameter. A positive   λ   indicates that investors are compensated for assuming the greater risk or vice versa.



EGARCH Model: The exponential GARCH model, introduced by Nelson (1991), addresses the limitation of the GARCH model, which overlooks the asymmetry in volatility. The EGARCH model considers the leveraging effect (asymmetry) of positive and negative asset returns. The E-GARCH (1, 1) specifications for conditional variance is presented by Equation (6), as below:


    log       σ   t   2       =   α   0   +   ∑  i = 1   q      α   i            ε   t − i       σ   t − i            +   ∑  i = 1   p      β   i     log       σ   t − i   2         +   ∑  i = 1   q      γ   i        ε   t − i       σ   t − i         



(6)




where γ represents the asymmetry response parameter (leverage parameter). The positive coefficient of γ (γ > 0) reduces future volatility, while the negative value of γ (γ < 0) increases future volatility. The negative coefficient of the leverage effect and the term     α   i     measures the volatility clustering effect.



TGARCH Model: The Threshold GARCH model, introduced by Glosten et al. (1993), represents another advancement in modelling volatility to address asymmetrical effects. In the TGARCH model, the conditional variance is thus given by Equation (7), presented as below:


    σ   t   2   =   α   0   +   ∑  i = 1   q      α   i       ε   t − i   2   +   ∑  i = 1   p      β   i       σ   t − i   2   +   ∑  i = 1   q        γ   i   ε   t − i   2       I   t − i    



(7)




where     γ   i     = the leverage effect coefficient. If the     γ   i   = 0   shows the symmetric effect, then     α   i     = the impact of good news on volatility;     α   i   +   γ   i     = the impact of bad news on volatility.



News Impact Curve: The present study employed the news impact curve (Engle and Ng 1993) to visually depict the influence of positive and negative news on the fluctuation of stock returns. The graph’s horizontal axis depicts a range of values, where the negative parameter implies unpleasant news, and the positive parameter signifies pleasant news. The vertical axis of the graph reflects the degree of volatility in returns. A news impact curve has been constructed for all BRICS countries by using linear and non-linear models.



Volatility Spillover: The transmission of variations or shocks in one country’s stock market indices to another country is termed the volatility spillover effect (Dedi et al. 2016; Ke et al. 2010). Volatility spillover can occur in two ways: bidirectional—where shocks in the stock indices of both nations affect the stock returns of each other, or unidirectional—where shocks in one market affect the other market but not the other way around. This study administered the EGARCH model, which is shown to be the most suitable model (Table 8) to measure the volatility spillover among the BRICS countries, and this model is also utilised by Ahmed et al. (2021); Jebran et al. (2017); and Panda and Deo (2014). Additionally, this satisfies the condition of stationarity of data at levels shown by Jebran et al. (2017). Equations (8) and (9) are employed in the EGARCH model to analyse the transmission of volatility across the stock markets of the BRICS countries. Equation (8) represents the mean equation, while Equation (9) represents the variance equation. The generated volatility residual series were utilised as a proxy, which represent the shock experienced by each stock market index. The following equations describe the specification of the extended EGARCH model:



Mean Equation of Return Spillover


    R   t   = c + ω   R   t − 1   + γ   R   t − 1   ( s t o c k   i n d i c e s )   +   ε   t    



(8)







Variance Equation of Volatility Spillover


    h   t   =   α   0   +   α   1     h   t − 1   + σ      ε   t   − 1      h   t − 1       +   β   1          ε   t   − 1      h   t − 1         +  δ  ( Volatility   residuals   of   stock   indices )    



(9)







In the mean equation, Rt represents the stock price returns: c—intercept:   ω  —stock price coefficient, which measures the effect of the previous day return on the next day return, and   γ  —measures the return spillover from one market to another market.



In the variance equation,     α   0     denotes the constant level of volatility:     α   1     h   t − 1     is the function of volatility:   σ      ε   t   − 1      h   t − 1         capture the asymmetric effect of volatility:     β   1          ε   t   − 1      h   t − 1           denotes the response of volatility to change in the news, the coefficient   δ   denotes the volatility spillover from one market to another market, while ‘volatility residuals of stock indices’ (RSI) represents the volatility residuals for each stock market index, which is used as a proxy of volatility spillover (Ahmed et al. 2021; Jebran et al. 2017).




3.5. Diagnostic Test


The diagnostic tests are utilised to determine the stationarity, normality, and heteroscedasticity of the BRICS countries’ stock returns, as illustrated below:



Test of Stationarity: Figure 2 shows the daily closing prices for all BRICS stock market indexes from 1 April 2008 to 31 March 2024. The variations in the closing pricing validate the non-stationary nature of the data.



To achieve stationarity in the time series, the closing prices of stock market indexes were transformed into natural logarithmic returns. Once the data were converted into log returns, a graph was created to represent the occurrence of volatility clustering of stock returns, as indicated in Figure 3.



Subsequently, the ADF and PP tests were performed on log returns to verify stationarity. These tests operate under the following hypotheses to test the stationarity of the stock returns:



H0: 

The returns series has a unit root (non-stationary).





H1: 

The returns series has no unit root (stationary).





The findings of ADF and PP tests, presented in Table 2, reject the null hypotheses at a 5 percent significance, indicating that stock returns series are stationary at level.



Test of Normality: The Jarque–Bera test was used to assess the normality of returns based on the following hypotheses:



H0: 

The returns series is normally distributed.





H1: 

The returns series is not normally distributed.





Table 3 presents the outcomes of the normality of returns. The output of the test rejects null hypotheses at a 5 percent level of significance, indicating non-normality.



Test of Heteroscedasticity: The ARCH-LM test was performed to verify the presence of heteroscedasticity in the stock indexes in the BRICS countries. The following hypotheses are proposed:



H0: 

There is no ARCH effect.





H1: 

There is an ARCH effect.





Table 4 reveals the results of heteroscedasticity for the residuals of the BRICS countries’ stock indices. This analysis supports the Box–Jenkins assumption that residuals are constant across time. All hypotheses are rejected at the 1 percent significance level, proving an ACRH effect on BRICS stock returns and confirming heteroscedasticity.





4. Discussion and Interpretation


The subsequent section provides a thorough interpretation of the risk–return relationship, leverage effect, and volatility spillover effect of the BRICS countries’ stock returns:



4.1. Risk–Return Relationship and Leverage Effect


Table 5 presents the descriptive estimates, explaining the pattern of stock returns in BRICS countries. The positive daily mean returns for South Africa, India, and Brazil exhibit that the stock market returns in these countries are higher than those in Russia and China, where the daily mean stock return is negative. The negative minimum values in all BRICS countries depict that returns on these stock indices are very low, and the maximum loss is −0.08873 in the case of China, followed by South Africa, India, Brazil, and Russia. Alternatively, all maximum values are positive, indicating that investors are gaining by investing in these indices, and the maximum gain is 0.23204 in the Russian case, followed by India, Brazil, South Africa, and China. The coefficients of the standard deviation indicate the degree of stock return volatility. The volatility is highest in Russia (0.02295), followed by Brazil, China, India, and South Africa. All BRICS countries have negative skewness coefficients, suggesting that the deviations are on the higher side of the mean, implying a larger return for South Africa, India, and Brazil and a low return for Russia and China. Kurtosis coefficients are positive and more than three for all BRICS countries, indicating a leptokurtic distribution.



Table 6 presents ARCH (1) results for BRICS countries’ stock market indexes. The positive and significant mean equation coefficients (µ) are for Russian, South African, and Indian equity markets. While in the variance equation, the ARCH terms (α) for all BRICS stock market returns series are positive and significant. Thus, the relevance of the ARCH term (short-term volatility) denotes the effect of the lagged squared error term on current volatility. The variance equation of the ARCH (1) model for BRICS countries is described below:


   R u s s i a     σ   2   = 0.000257 + 0.327868   ε   t − 1   2      S o u t h   A f r i c a     σ   2   = 0.000104 + 0.324399   ε   t − 1   2      I n d i a     σ   2   = 9.84 ×  10  − 5   + 0.433929   ε   t − 1   2      C h i n a     σ   2   = 0.000148 + 0.327868   ε   t − 1   2      B r a z i l     σ   2   = 0.000194 + 0.291403   ε   t − 1   2     











Using the ARCH model, Figure 4 shows the visual representations of the news impact curves on the volatility of the BRICS stock markets. The analysis suggests that the news impact curves are symmetrical and do not reflect any differential effect of good and bad news on the volatility of stock market. Therefore, both pleasant and unpleasant news have an equivalent effect on the conditional volatility of the BRICS countries’ stock markets.



Table 7 demonstrates the estimates of the GARCH (1, 1) model for a BRICS country’s stock returns. In the conditional mean equation, the constant terms are positive and significant for Russia, South Africa, India, and Brazil, except China, stating that the value of returns will inflate in the near future. The coefficients of ARCH (α) and GARCH terms (β) both are related to news, where α signifies the recent news and β represents the old news. Both α and β coefficients are positive and significant in all the indices, indicating the effect of recent and old news on current volatility. The coefficients of GARCH terms for all indices are 0.886934, 0.903966, 0.905193, 0.600000, and 0.903966, respectively, and the in-variance equation is found to be greater than the coefficients of ARCH terms such as 0.105867, 0.081130, 0.086815, 0.150000, and 0.081130, respectively, suggesting that the volatility responded immediately to old news instead of recent news. The aggregate of α + β coefficients reveals the volatility persistence, where a value more than one denotes the shocks at time t lasting indefinitely, while a coefficient less than one depicts the mean reverting process. High volatility results in abnormal gains, which may cause market inefficiency. In addition, sudden price movements influence investors due to high volatility persistence, which makes investors reluctant to invest (Hameed et al. 2006). The total of α and β coefficients for RTSI, FTSE, NIFTY, and BOVESPA are closer to one, indicating the slow mean reversion process; however, SSE index findings reflect a fast mean reversion process. The variance equation of the GARCH (1, 1) model for the BRICS countries is described below:


   R u s s i a     σ   t   2   = 5.56 ×  10  − 6   + 0.105867   ε   t − 1   2   + 0.886934   σ   t − 1   2      S o u t h   A f r i c a     σ   t   2   = 1.99 ×  10  − 6   + 0.81130   ε   t − 1   2   + 0.903966   σ   t − 1   2      I n d i a     σ   t   2   = 6.32 ×  10  − 6   + 0.086815   ε   t − 1   2   + 0.905193   σ   t − 1   2      China     σ   t   2   = 0.000135 + 0.150000   ε   t − 1   2   + 0.600000   σ   t − 1   2      B r a z i l     σ   t   2   = 6.32 ×  10  − 6   + 0.081130   ε   t − 1   2   + 0.903966   σ   t − 1   2     











Figure 5 displays the GARCH model’s graphical representation of the news impact on conditional volatility. The analytical findings indicate that both positive and negative news have the same influence on the conditional volatility of the BRICS stock market.



Table 8 elucidates the estimates of the GARCH-M model for BRICS stock returns. The conditional mean equation coefficient (µ) is positive and significant only for India. The coefficients for constant term (c), the ARCH term (α), and the GARCH term (β) are positive and significant at a 1 percent level. This study applied the GARCH-M model to predict the risk–return relationship of BRICS stock indices, and the term Lambda (λ) represents the risk premium. Except for South Africa, all indices of risk premium coefficients are positive and insignificant, implying an absence of a risk–return link. As a result, investors in Russia, India, China, and Brazil are not rewarded for taking on higher risk, signifying that investors and hedgers should pursue risk-averse strategies. On the contrary, positive and significant findings for South Africa imply that investors are rewarded for taking on more risk. The variance equation of the GARCH-M model for BRICS countries is described below:


   R u s s i a       σ   t   2   = 5.61 ×  10  − 6   + 0.106063   ε   t − 1   2   + 0.886588   σ   t − 1   2      S o u t h   A f r i c a     σ   t   2   = 2.02 ×  10  − 6   + 0.081463   ε   t − 1   2   + 0.903375   σ   t − 1   2      I n d i a     σ   t   2   = 1.40 ×  10  − 6   + 0.087213   ε   t − 1   2   + 0.904745   σ   t − 1   2      C h i n a     σ   t   2   = 1.23 ×  10  − 6   + 0.065318   ε   t − 1   2   + 0.929615   σ   t − 1   2      B r a z i l     σ   t   2   = 6.35 ×  10  − 6   + 0.081524   ε   t − 1   2   + 0.891748   σ   t − 1   2     











Figure 6 displays the news impact curves using the GARCH-M model. The findings indicate that both pleasant and unpleasant news have a symmetrical influence on the conditional volatility of BRICS stock returns.



Table 9 provides the exponential GARCH output for BRICS stock returns, which aims to capture the asymmetric or leverage effect. The positive and significant parameters of ARCH and GARCH terms demonstrate that recent and past news have a discernible impact on current volatility. The higher levels of GARCH coefficients, compared to ARCH coefficients, observed across all BRICS countries, imply that markets demonstrate a longer memory. The leverage effect, represented by the symbol gamma (γ), is negative and significant in all the indices, indicating that bad news exerts a stronger influence on volatility than good news. The sum of α + β coefficients exceeds one for all BRICS countries, confirming the long-lasting volatility persistence. The variance equation of the EGARCH model for BRICS countries is outlined as follows:


   R u s s i a     ln       σ   t   2       = − 0.250792 + 0.982870   ln       σ   t − 1   2       + 0.149606            ε   t − i       σ   t − i        −     2   π         − ( − 0.092590 )      ε   t − i       σ   t − i         S o u t h   A f r i c a     ln       σ   t   2       = − 0.245044 + 0.982192   ln       σ   t − 1   2       + 0.105574            ε   t − i       σ   t − i        −     2   π       − ( − 0.116614 )      ε   t − i       σ   t − i         I n d i a      ln       σ   t   2       = − 0.257286 + 0.984814   ln       σ   t − 1   2       + 0.152779            ε   t − i       σ   t − i        −     2   π       − ( − 0.089785 )      ε   t − i       σ   t − i         C h i n a      ln       σ   t   2       = − 0.205928 + 0.989852   ln       σ   t − 1   2       + 0.157227            ε   t − i       σ   t − i        −     2   π       − ( − 0.017192 )      ε   t − i       σ   t − i         B r a z i l     ln       σ   t   2       = − 0.312047 + 0.976677   ln       σ   t − 1   2       + 0.147723            ε   t − i       σ   t − i        −     2   π       − ( − 0.076977 )      ε   t − i       σ   t − i        











Figure 7 displays the news impact curves of the EGARCH model for BRICS nations. The visual depiction reports that positive or negative news asymmetrically affects the volatility of stock market returns. Except for China, the negative side of the curve has a more pronounced upward slope than the positive side for all BRICS countries.



The TGARCH is an alternative approach for identifying the leverage effect, as indicated in Table 10. The coefficients of ARCH and GARCH in the TGARCH model demonstrate significant positive effects for all BRICS countries’ stock indices, except South Africa, where the ARCH coefficient is negative. The gamma value for all BRICS stock markets is found to be positive and significant, indicating the presence of a leverage effect resulting from the news. The results affirm that negative news has a more pronounced effect than pleasant news. The coefficients of volatility persistence (α + β + γ/2) for Russia, South Africa, India, China, and Brazil are 0.9867225, 0.9850295, 0.987812, 0.9943555, and 0.9718425, respectively. The high volatility persistence coefficients, which are less than one, reveal a mean reverting process, suggesting that a greater level of volatility eventually moves towards normal levels (Akhtar and Khan 2016). The variance equation of the TGARCH model for BRICS countries are described as below.


   R u s s i a     u   t   2   = 5.50 ×  10  − 6   + 0.022247   u   t − 1   2   + 0.906231   σ   t − 1   2   + 0.116489   u   t − 1   2     I   t − 1      S o u t h   A f r i c a     u   t   2   = 1.84 ×  10  − 6   + 0.002094   u   t − 1   2   + 0.922443   σ   t − 1   2   + 0.129361   u   t − 1   2     I   t − 1      I n d i a     u   t   2   = 1.75 ×  10  − 6   + 0.018759   u   t − 1   2   + 0.905076   σ   t − 1   2   + 0.128014   u   t − 1   2     I   t − 1      C h i n a     u   t   2   = 1.28 ×  10  − 6   + 0.059620   u   t − 1   2   + 0.928545   σ   t − 1   2   + 0.012381   u   t − 1   2     I   t − 1      B r a z i l     u   t   2   = 6.50 ×  10  − 6   + 0.022128   u   t − 1   2   + 0.898608   σ   t − 1   2   + 0.102213   u   t − 1   2     I   t − 1     











The TGARCH model is employed to capture the leverage effect on the conditional volatility of stock returns in BRICS countries. The output of Figure 8 confirms that unpleasant news has a greater effect on conditional volatility as opposed to pleasant news for all BRICS nations.




4.2. Prediction of the Best-Fitted Model among BRICS Countries Stock Markets


Table 11 presents the log likelihood, AIC, and SIC coefficients for ARCH, GARCH, GARCH-M, EGARCH, and TGARCH models. These coefficients are used to ascertain the most optimal model. The optimal model for each country is determined by selecting the model with the highest log likelihood value and the lowest AIC and SIC values. The analysis confirms that the TGARCH model is the most acceptable model for Russia, China, and Brazil, while the EGARCH model is the most acceptable for South Africa and India. However, the EGARCH model is considered the most suitable model because of its maximum log likelihood (12,656.80) coefficients and the lowest AIC (−6.331734) and SIC (−6.322285) coefficients compared to the alternative models.




4.3. Return and Volatility Spillover Effect among BRICS Stock Market


Table 12 displays the results of the mean return equation about return spillover among BRICS stock indices. The estimates of the return spillover within a country’s own markets (µ) indicate a positive and significant first lag of their own return spillover for BRICS countries’ equity market, suggesting its dependability on its own first lag (Ahmed et al. 2021; Gupta 2024). The return spillover effects for Russia, South Africa, China, and Brazil are found to be insignificant, indicating that these markets’ returns are unaffected by their own prior performance. There is the presence of bidirectional return spillover between the markets of India–Russia and India–Brazil, indicating that the return spillover of these equity markets has a positive effect on each other. Nevertheless, the current investigation did not observe any instances of a unidirectional return spillover. The findings of the mean equations confirm that the quantum of return spillover is highest for Brazil to India and lowest for India to Russia.



Table 13 thoroughly explains the EGARCH model’s estimations of the volatility spillover of BRICS countries’ stock market indices based on a variance equation analysis. The volatility transmission within domestic markets is quantified using the variance equation (Ѡ), and the results validate that the volatilities of BRIC countries, except South Africa, have a negative and significant impact on their respective markets. These estimations aim to capture the transfer of volatilities from one market to another market, as well as within each market. The ARCH (α) and GARCH (β) coefficients denote the short-term and long-term volatility spillover among the stock market returns of BRICS countries. The positive and significant coefficients of ARCH and GARCH demonstrate that BRICS countries’ stock markets are integrated and do not provide opportunities for portfolio diversification (Joo et al. 2023).



The presence of negative and significant coefficients of asymmetric volatility (γ) spillover indicates that negative shocks result in higher volatility compared to positive shocks. The presence of a positive and significant volatility spillover from South African markets to the Russian market suggests that an escalation in volatility in South Africa leads to an increase in volatility in the Russian market. The South African stock market exhibits a negative volatility spillover effect from Brazil’s stock market, indicating that a decrease in volatility in Brazil leads to a decrease in volatility in South Africa. The Indian market experiences the volatility spillover from all BRICS countries, with Russia, South Africa, and China wielding a negative and significant influence on the Indian market, while Brazil has a positive impact. All BRICS countries have a negative and significant impact on the volatility of the Chinese stock market. A bidirectional volatility spillover between Russia–Brazil, South Africa–Brazil, India–China, and India–Brazil indicates that these markets are interconnected. These findings have important implications for investors in choosing a diversified portfolio, especially with limited investment options (Kao et al. 2018). The unidirectional volatility spillover is noticed from Russia to India, South Africa to India, China to Russia, South Africa to China, and Brazil to China, which indicate that shocks originating in one market are transferred to other markets, but the market that receives the shock does not reciprocate to the original market (Ahmed et al. 2021).





5. Conclusions and Policy Implications


This study investigates the risk–return relationship and the volatility spillover effect in BRICS stock markets using linear and non-linear models. The results of the Jarque–Bera test, ADF, PP, and ARCH-LM provide evidence of non-normality, stationarity, heteroscedasticity, and volatility clustering of return series. The aggregate of α + β coefficients less than one in the GARCH, GARCH-M, and TGARCH models implies that volatility will take a long time to die away, leading to a slow mean reverting process (Chaudhary et al. 2020). In contrast, estimations from the EGARCH model indicate that the coefficients of volatility persistence are greater than one, implying that volatility will continue indefinitely without a mean reverting process.



The GRACH-M model’s findings for the risk–return link report that there is a lack of the risk–return relationship among all BRICS countries, except for South Africa. This implies that investors should adopt risk-averse strategies for the stock markets of Russia, India, China, and Brazil. Conversely, higher risk strategies may be appropriate for the South African stock market, which could be compensated for assuming greater risk. Positive or negative news effects are analysed using the symmetric and asymmetric models. The results of the symmetric models indicate that both positive and negative news exert an equal effect on stock return volatility. The findings of asymmetric models demonstrate that BRICS stock markets are more responsive to negative information compared to favourable news, which implies the necessity to be cautious while investing in the BRICS stock market. The findings are in conformity with a study conducted by Guptha and Rao (2017). The persistence of volatility and the significant effect of negative information reflect market inefficiencies and weak institutional frameworks. The examination of LL, AIC, and SIC parameters confirms that the TGARCH model is the most suitable model for Russia, China, and Brazil. In contrast, the EGARCH model is identified as optimal for South Africa and India. However, from an overall performance perspective, the EGARCH model outperformed all other models, as evidenced by its higher LL coefficient and lower AIC and SIC coefficients. These findings are in alignment with the studies conducted by Kisinbay (2010), Lin (2018), Emenogu et al. (2020), and Gupta (2024).



The EGARCH model is used to scrutinise return and volatility transmission. India–Russia and India–Brazil stock markets have a bi-directional return spillover effect, stating that these equity markets positively influence each other. This study found no instances of unidirectional return spillover. Investments from Brazil to India have the highest return spillover, while those from India to Russia have the lowest. This analysis confirms that all BRICS stock markets except South Africa suffer from internal market volatility. The existence of both short-term and long-term volatility spillover indicates that the stock markets of BRICS countries are interconnected and do not offer portfolio diversification opportunities (Joo et al. 2023). The asymmetric volatility (γ) spillover suggests that non-complimentary news has a stronger influence than complementary news. The bidirectional volatility spillover between Russia–Brazil, South Africa–Brazil, India–China, and India–Brazil confirmed the interconnectedness of BRICS stock markets, implying that portfolio diversification within these markets is unlikely to reduce risk. To manage risk more effectively, investors should focus on non-correlated assets in developed markets or outside regions. A unidirectional volatility spillover is observed from Russia to India, South Africa to India, China to Russia, South Africa to China, and Brazil to China, indicating that shocks occurring in one market affect other markets, without reciprocation.



An understanding of volatility can help investors diversify their portfolios to maximise returns and minimise risk. The findings of news impact curves and an asymmetric model indicate that unpleasant news has a greater impact than positive news. The short-term and long-term volatility spillover suggests that the BRICS stock markets are interconnected. These findings have two significant implications. First, a financial crisis in one BRICS market would affect the other BRICS stock markets and interconnected economies. Second, global capital flow will be diverted away from BRICS economies during the periods of market crises, which could have implications for capital formation, exchange rate, and economic growth. These findings can be used to identify financial crises in BRICS stock markets and offer guidance to investors on diversifying their portfolios in non-correlated markets to mitigate risk and enhance rewards. The risk–return association and the volatility transmission allow for the creation of innovative financial products and regulations that enable investors to gain from unexpected market fluctuations (Dedi et al. 2016). For policymakers, the development of advanced risk management tools and robust derivative markets is essential for managing risk. Furthermore, enhancing economic cooperation, policy coordination, and institutional and market structures among BRICS nations could reduce market volatility and bolster economic resilience against global shocks.




6. Limitations and Scope for Future Research


This research study utilises linear and non-linear econometric methods and offers novel insights into the risk–return connection and volatility transmission among BRICS countries, with some constraints. The main limitations of this study are as follows: the dataset is limited to daily closing prices of stock indices from 1 April 2008 to 31 March 2023; this study is quantitative in nature; it specifically focuses on the five BRICS countries; only univariate techniques are used for analysis; and the econometrics models, namely, ARCH, GARCH, GARCH-M, EGARCH, and TGARCH are selected from a wide range of models. In order to overcome these constraints, future studies could expand their focus to encompass both existing and prospective BRICS members by employing the most sophisticated univariate models like PGARCH, FGARCH, IGARCH, GJR-GARCH, etc., and multivariate models such as CCC-GARCH, DCC-GARCH, BEKK-GARCH, etc. An analysis with a wider sample, like G-20, OECD countries, European Economic Union, ASEAN, etc., could be undertaken to examine volatility behaviour and its impact on global stock markets and the economy as a whole. A study could also be undertaken to examine the volatility in BRICS countries with other trading blocs in the backdrop of economic policies, geopolitical events, and trade agreements. Acknowledging the vulnerability of shocks in BRICS markets, the government and regulators should implement microeconomic stabilisation measures, improve institutional governance, and ensure a resilient market structure capable of withstanding market shocks to manage the risk of capital flight.
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Figure 1. Trend analysis of GDP, population, trade and investment. 






Figure 1. Trend analysis of GDP, population, trade and investment.



[image: Jrfm 17 00437 g001]







[image: Jrfm 17 00437 g002] 





Figure 2. Time Series Graphs of Closing Price Indices. 
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Figure 3. Volatility Clustering of Stock Returns. 
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Figure 4. News Impact Curves (ARCH Model). 
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Figure 5. News Impact Curves (GARCH Model). 
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Figure 6. New Impact Curves (GARCH Mean Model). 
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Figure 7. New Impact Curves (EGARCH Model). 
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Figure 8. Asymmetric News Impact Curves (TGARCH Model). 
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Table 1. Economic profile of BRICS countries.
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Years

	
Trade (bn)

	
FDI Inflows (Bn)

	
GDP (Tn)

	
Population (Bn)

	
Intra-BRICS Trade (%)

	
Market Capitalization * (tn)




	
BRICS

	
World

	
BRICS

	
World

	
BRICS

	
World

	
BRICS

	
World

	
BRICS

	
World






	
2008

	
4337.12

(13.21)

	
32,836.37

	
285.54

(9.63)

	
1454.36

	
9.55

(14.90)

	
64.11

	
2.92

(42.92)

	
6.81

	
7.23

	
7.84 (15.52)

	
47.47




	
2022

	
9111.08

(18.16)

	
50,189.72

	
314.91

(23.95)

	
1314.91

	
25.99

(25.78)

	
100.83

	
3.26

(40.91)

	
7.98

	
10.40

	
17.57 (18.75)

	
93.69




	
CAGR

	
5.45

	
3.08

	
0.70

	
−0.72

	
7.41

	
3.29

	
0.79

	
1.13

	
---

	
7.61

	
6.38








Source: BRICS Trade and Intra-BRICS Trade from UNCOMTrade, World Trade from IMF, FDI, GDP, and Population from UNCTAD Stats, * Market Capitalization data from 2009 from World Bank. Data retrieved on 24 June 2024. CAGR—Compound Annual Growth Rate; figures in parentheses represent the percentage of global share.













 





Table 2. Results of the augmented Dickey–Fuller test and Phillips–Perron test.
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Index

	
ADF Test

	
PP Test




	
Trend

	
Trend and Intercept

	
Trend

	
Trend and Intercept




	
t-Statistic

	
t-Statistic

	
Adj. t-Stat

	
Adj. t-Stat






	
RTSI

	
−61.714 *

	
61.710 *

	
61.727 *

	
61.722 *




	
FTSE

	
−63.197 *

	
−63.189 *

	
−63.552 *

	
−63.543 *




	
Nifty

	
−60.935 *

	
−60.928 *

	
−60.927 *

	
−60.928 *




	
SSE

	
−60.827 *

	
−60.822 *

	
−60.827 *

	
−60.821 *




	
BOVESPA

	
−66.386 *

	
−66.388 *

	
−66.390 *

	
−66.392 *








Source: E-views-12, output, author’s calculation. *, represents p-value < 1% respectively.













 





Table 3. Results of Jarque–Bera test for normality of stock returns.
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	Index/Statistics
	RTSI
	FTSE
	Nifty
	SSE
	BOVESPA





	X-Squared Values
	590,129.0
	6516.820
	45,987.38
	5547.347
	19,021.53



	Prob. Values
	0.0000
	0.0000
	0.0000
	0.0000
	0.0000







Source: E-views output, compiled by author.













 





Table 4. Heteroscedasticity estimates for stock indices residuals.
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	Index/Statistics
	RTSI
	FTSE
	Nifty
	SSE
	BOVESPA





	ARCH-LM test Statistic
	257.1276
	126.4262
	69.24618
	176.6656
	598.6967



	Prob. Chi-Square
	0.0000
	0.0000
	0.0000
	0.0000
	0.0000







Source: E-views-12, output, author’s calculation. 













 





Table 5. Descriptive statistics of stock returns for BRICS countries.
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	Country
	Indices
	N
	Mean
	Min.
	Max.
	Std. Dev.
	Skew
	Kurt





	Russia
	RTSI
	4007
	−0.00015
	−0.48292
	0.23204
	0.02295
	−2.517243
	62.2389



	South Africa
	FTSE
	3997
	0.00023
	−0.10227
	0.09048
	0.01210
	−0.256194
	9.23440



	India
	Nifty
	3959
	0.00039
	−0.13904
	0.16334
	0.01284
	−0.262342
	19.6885



	China
	SSE
	3890
	−2.33 × 105
	−0.08873
	0.09034
	0.01442
	−0.574847
	8.73617



	Brazil
	BOVESPA
	3961
	0.00018
	−0.15993
	0.13677
	0.01701
	−0.426321
	13.7017







Source: E-views-12, output, author’s calculation. 













 





Table 6. Estimates of the ARCH (1) model for BRICS stock market indices.
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	Parameters
	RTSI
	FTSE
	NIFTY
	SSE
	BOVESPA





	Mean Equation

Constant (µ)
	0.000754 *
	0.000413 *
	0.000431 *
	−0.000170
	0.000217



	Variance Equation

Constant (c)
	0.000257 *
	0.000104 *
	9.84 × 105 *
	0.000148 *
	0.000194 *



	ARCH Term α
	0.327868 *
	0.324399 *
	0.433929 *
	0.327868 *
	0.291403 *







Source: E-views-12, output, author’s calculation. * represents p-value < 1%.













 





Table 7. Estimates of the GARCH (1, 1) model for BRICS stock market indices.
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	Parameters
	RTSI
	FTSE
	NIFTY
	SSE
	BOVESPA





	Mean Equation

Constant (µ)
	0.000584 **
	0.000468 *
	0.000681 *
	−2.41 × 106
	0.000489 **



	Variance Equation

Constant (c)
	5.56 × 106 *
	1.99 × 106 *
	6.32 × 106 *
	0.000135 *
	6.32 × 106 *



	ARCH Term α
	0.105867 *
	0.081130 *
	0.086815 *
	0.150000 *
	0.081130 *



	GARCH term β
	0.886934 *
	0.903966 *
	0.905193 *
	0.600000 *
	0.903966 *



	Persistence (α + β)
	1.03548
	0.985096
	0.992008
	0.75
	0.985096







Source: E-views-12, output, author’s calculation. *, and ** represents p-value < 1%, and 5% respectively.













 





Table 8. Estimates of the GARCH-M model for BRICS stock market indices.
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	Parameters
	RTSI
	FTSE
	NIFTY
	SSE
	BOVESPA





	Mean Equation

Constant (µ)
	2.33 × 105
	0.000111
	0.000529 *
	2.33 × 105
	0.000168



	Risk premium λ
	0.783788
	3.960830 ***
	1.861960
	0.423704
	1.735242



	Variance Equation

Constant (c)
	5.61 × 106 *
	2.02 × 106 *
	1.40 × 106 *
	1.23 × 106 *
	6.35 × 106 *



	ARCH Term α
	0.106063 *
	0.081463 *
	0.087213 *
	0.065318 *
	0.081524 *



	GARCH term β
	0.886588 *
	0.903375 *
	0.904745 *
	0.929615 *
	0.891748 *



	Persistence (α + β)
	0.994651
	0.984838
	0.991958
	0.994633
	0.973272







Source: E-views-12, output, author’s calculation. *, and *** represents p-value < 1%, and 10%, respectively.













 





Table 9. Estimates of the EGARCH model for BRICS stock market indices.
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	Parameters
	RTSI
	FTSE
	NIFTY
	SSE
	BOVESPA





	Mean Equation

Constant
	−0.000116
	3.16 × 105
	0.000367 *
	3.37 × 105
	0.000118



	Variance Equation

Constant
	−0.250792 *
	−0.245044 *
	−0.257286 *
	−0.205928 *
	−0.312047 *



	ARCH Term α
	0.149606 *
	0.105574 *
	0.152779 *
	0.157227 *
	0.147723 *



	GARCH Term β
	0.982870 *
	0.982192 *
	0.984814 *
	0.989852 *
	0.976677 *



	Asymmetry γ
	−0.092590 *
	−0.116614 *
	−0.089785 *
	−0.017192 *
	−0.076977 *



	Persistence (α + β)
	1.132476
	1.087766
	1.137593
	1.147079
	1.1244







Source: E-views-12, output, author’s calculation. *, represents p-value < 1% respectively.













 





Table 10. Estimates of the TGARCH model for BRICS stock market indices.
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	Parameters
	RTSI
	FTSE
	NIFTY
	SSE
	BOVESPA





	Mean Equation

Constant
	7.57 × 105
	8.47 × 10
	0.000363 *
	3.08 × 105
	0.000179



	Variance Equation

Constant
	5.50 × 106 *
	1.84 × 106 *
	1.75 × 106 *
	1.28 × 106 *
	6.50 × 106 *



	ARCH Term α
	0.022247 *
	−0.002094
	0.018759 *
	0.059620 *
	0.022128 *



	GARCH term β
	0.906231 *
	0.922443 *
	0.905076 *
	0.928545 *
	0.898608 *



	Asymmetry γ
	0.116489 *
	0.129361 *
	0.128014 *
	0.012381 *
	0.102213 *



	Persistence (α + β + γ/2)
	0.9867225
	0.9850295
	0.987812
	0.9943555
	0.9718425







Source: E-views-12, output, author’s calculation. * represents p-value < 1% respectively.













 





Table 11. Analysis of GARCH models to predict the best-fitted model.
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	Particulars
	ARCH
	GARCH
	GARCH-M
	EGARCH
	TGARCH





	Russia
	
	
	
	
	



	LL
	9881.053
	10,567.34
	10,567.92
	10,618.32
	10,619.70



	AIC
	−4.931130
	−5.273262
	−5.273049
	−5.298213
	−5.298902



	SIC
	−4.924844
	−5.265405
	−5.263620
	−5.288783
	−5.289473



	South Africa
	
	
	
	
	



	LL
	12,126.47
	12,589.18
	12,591.06
	12,656.80
	12,650.70



	AIC
	−6.067301
	−6.298390
	−6.298831
	−6.331734
	−6.328679



	SIC
	−6.061002
	−6.290516
	−6.289382
	−6.322285
	−6.319230



	India
	
	
	
	
	



	LL
	11,980.47
	12,523.50
	12,524.18
	12,580.84
	12,573.02



	AIC
	−6.051777
	−6.325669
	−6.325510
	−6.354612
	−6.350188



	SIC
	−6.045427
	−6.317731
	−6.315985
	−6.350759
	−6.340662



	China
	
	
	
	
	



	LL
	11,139.86
	10,756.17
	11,659.21
	11,658.38
	11,660.21



	AIC
	−5.726852
	−5.529016
	−5.992909
	−5.992481
	−5.993420



	SIC
	−5.720407
	−5.520960
	−5.983242
	−5.982814
	−5.983753



	Brazil
	
	
	
	
	



	LL
	10,825.25
	11,167.82
	11,168.45
	11,192.10
	11,198.07



	AIC
	−5.465276
	−5.637786
	−5.637603
	−5.649547
	−5.652560



	SIC
	−5.458928
	−5.629852
	−5.628082
	−5.640026
	−5.643039







Source: E-views-12, output, author’s calculation. LL—log likelihood; AIC—Akaike information criterion; and SIC—Schwardz information criterion.













 





Table 12. Mean equation results for return spillover of BRICS stock indices from the EGARCH model.
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	Parameters
	Russia
	South Africa
	India
	China
	Brazil





	Mean Equation Constant (µ)
	−0.0001
	0.0002
	0.0004 *
	1.69 × 105
	0.0002



	Russia
	-------------
	0.0002
	0.0004 **
	0.0002
	−7.57 × 105



	South Africa
	0.0003
	------------
	−0.0002
	8.20 × 106
	0.0002



	India
	0.0006 **
	−0.0004
	-------------
	2.22 × 106
	0.0006 *



	China
	5.84 × 105
	−3.69 × 106
	−0.0001
	-----------
	−0.0002



	Brazil
	−6.83 × 105
	0.000105
	0.0004 **
	−0.0001
	-------------







Source: E-views-12, output, author’s calculation. * and ** represents p-value < 1% and 5% respectively.













 





Table 13. Variance equation results for volatility spillover of BRICS stock indices from the EGARCH model.
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	Parameters
	Russia
	South Africa
	India
	China
	Brazil





	Variance Equation

Constant (Ѡ)
	−0.2562 *
	−0.2235
	−0.2648 *
	−0.2264 *
	−0.3437 *



	ARCH Term α
	0.1349 *
	0.0878
	0.1438 *
	0.1530 *
	0.1443 *



	GARCH Term β
	0.9793 *
	0.9823
	0.9823 *
	0.9858 *
	0.9716 *



	Asymmetry γ
	−0.2562 *
	−0.2235
	−0.2648 *
	−0.2264 *
	−0.3437 *



	r2t-1(Russia)
	---------------
	1.13 × 106 *
	−4.90 × 107
	−3.89 108
	5.83 × 108



	r2t-1(South Africa)
	1.63 × 107
	--------------
	−2.55 × 107
	5.84 × 108
	−5.12 × 107 **



	r2t-1(India)
	−7.38 × 107 *
	−3.20 × 107 **
	---------------
	−6.90 × 107 *
	4.36 × 107 **



	r2t-1(China)
	−1.01 × 106 *
	−4.73 × 107 *
	−1.21 × 106 *
	--------------
	−9.60 × 107 *



	r2t-1(Brazil)
	8.41× 107 ***
	−7.63 × 107 ***
	1.23 × 106 **
	−6.50 × 107
	--------------







Source: E-views-12, output, author’s calculation. *, ** and *** represents p-value < 1%, 5%, and 10%, respectively.
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