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This study aims at empirically investigating the volatility and shock transmission patterns between the BIST 100 Index and the relatively new BIST Sustainability Index, which is a platform for companies with high performance on the international sustainability criteria. Utilizing 678 daily data from 05/11/2014, the day the XSURD Index was launched, to 31/08/2017, the analysis employed a bivariate BEKK-GARCH (1,1) model. The findings indicate the existence of bidirectional volatility spillovers between two indices. Additionally, current volatility is affected by its past volatility for each index. As for the shock transmission, the BIST Sustainability Index is responsive to both its shocks and shocks arriving from the BIST 100 Index. However, the BIST 100 Index responds only to its shocks without any significant shock transmission from the BIST Sustainability Index.

Keywords: volatility spillover effect, MGARCH models, BEKK GARCH, sustainability index, stock market


INTRODUCTION

The volatility of financial time series is a subject that is extensively investigated in studies on finance. Time series data usually exhibit autocorrelated heteroscedasticity, which is autocorrelated unequal variance over different periods. Since the development of the “Autoregressive Conditional Heteroskedasticity” (ARCH) model in 1982 by Engle, which was modified by Bollerslev [1] as generalized ARCH (GARCH), the volatility clustering has constituted the substantial part of the related studies. Initially appeared as univariate in approach, the line of studies then is extended to multivariate GARCH (MGARCH) models, enabling the analysis of co-movement of financial returns resulting from the interaction of variables. This study aims at investigating the volatility transmission between the long-existing BIST 100 Index and relatively new BIST Sustainability Index in Istanbul Stock Exchange, Turkey. The BIST 100 Index, which has been in use since January 1986, is the fundamental index representing the Istanbul Stock Exchange. On the other hand, the BIST Sustainability Index, launched in November 2014, is a promising platform for companies with high performance on the international sustainability criteria.

Stock exchanges with corporate governance and sustainability practices are likely to attract more investment. Corporate sustainability could increase the reputation of companies, help them gain the public's trust, and ultimately enhance the brand image of companies. The concept of Sustainability Index, which was first launched in the world in 1990, is one of the indices gaining importance in both developed and developing countries. The increasing number of traded companies listed in the sustainability indices reflects the interest of investors and companies in these indices. Long after the official announcement of the Dow Jones Sustainability Index in 1999, Turkey established BIST Sustainability Index (XSURD) in 2014. The XSURD Index was started to be calculated in November 2014 with a total of 15 companies, and the closing value of the first day was determined as 98.020. The number of companies traded in the index increased year by year, reaching 44 by the end of 2017.

The XSURD Index aims to provide a benchmark for Borsa Istanbul companies with high performance on corporate sustainability as well as increasing the awareness, knowledge, and practice on sustainability in Turkey. XSURD Index provides a competitive measure to Turkish companies managing their corporate risks and opportunities effectively [2]. Companies listing on the XSURD Index may have the ability to fight more effectively and efficiently with the risks and manage their opportunities, subsequently converting them to maximized benefits. As opportunities or risks may come from both national and international sources, companies can evaluate their performance not only locally but also globally. Companies can easily find investors and funds from international markets by affecting global investors. Hence, the Sustainability Index companies could increase their visibility and prestige.

Based on the literature review, there seems to be no study on the univariate volatility structure or the volatility transmission of the XSURD Index. This study fills a gap in the literature by investigating the volatility transmission between the XSURD and BIST 100 indices. As the BIST 100 Index is regarded as the representative of Istanbul Stock Exchange, the results of the study would appear to be interesting in displaying the volatility interaction between the long-existing traditional index and a new, promising one.

The rest of the paper is organized as follows. The following section provides the literature review. The third section focuses on the methodology and data description, while the fourth section shows the results and findings of econometric models applied. The final section presents the discussion and advice for further studies.



LITERATURE REVIEW

The volatility spillover between indices and commodities is one of the most common studies in the finance literature. Some of these studies [3–9] focus on volatility spillover among developed countries, while others [10–18] assess volatility spillover interaction between developed countries and developing countries. The results obtained from these studies, which mainly use MGARCH models, show that there is generally unilateral volatility spread from the developed countries to developing countries. As one of the developing countries, Turkey naturally has been the subject of volatility spillover studies, too (for example, [19–27]). The studies examining the volatility spillover between the indices of the Borsa Istanbul and the stock exchanges of developed countries generally point out a unilateral volatility spread.

Gok and Kalayci [26], as one of these studies, analyzed volatility spillover between Turkey and the US stock markets by using Johansen Cointegration and VAR-EGARCH BEKK models. Using daily closing data set of S&P 500 and BIST-30 indices from 2010 to 2012, the findings obtained from the study indicate that there is unilateral volatility spread from the S&P 500 Index to BIST-30 Index. This result exhibits consistency with the findings of Korkmaz and Çevik [25] who used the GRJ-GARCH model to measure the impact of US financial markets on emerging markets including Turkey. According to the findings, there is unilateral volatility spillover from stock exchanges of US to the stock exchange of Turkey. Bayramoglu and Abasiz [27] examined the volatility spillover among the stock markets in the MSCI Index of emerging markets. The results obtained from the study using daily data set between 2013 and 2016 showed volatility spillover between Turkey and Brazil. Ozer [28] examined the volatility spillover between stock returns and oil prices over a sample of developed and developing countries. As a result of the study, volatility spillover is observed from oil prices to stock returns especially in developing countries including Turkey.

The comparison of financial performance and volatility spillover of Sustainability Index with traditional indices is also an issue inquired by several studies (such as [29–38]) in recent years. Sariannidis et al. [33] investigated the effects of macroeconomic variables on Dow Jones Sustainability and Dow Jones Wilshire 5000 indices by employing the GARCH model that used monthly data between 2000 and 2008. The findings indicated that the Sustainability Index is less affected by macroeconomic variables than the Wilshire index. Another study addressing the volatility structure of the Dow Jones Sustainability Index is done by Hoti et al. [32]. Based on the results of the ARMA-GARCH model, bidirectional volatility spillover between Dow Jones Sustainability Index and Dow Jones finance indices was observed. Ortas et al. [34] analyzed, with the BEKK-GARCH model, volatility spillover effects between the IBEX Index and the Sustainability Index, which are traded on the Spanish Stock Exchange. As the findings show, the Sustainability Index performance is better than the IBEX Index. Besides, both volatility and risk level of the Sustainability Index was found to be lower than the other stock indices. Herrera [37] obtained a similar result for the Mexican stock exchange by comparing the risk and volatility level of traditional and sustainability indices. Using monthly data for the period between 1995 and 2012, it was seen that the risk and volatility of the Sustainability Index were lower than the other indices. Adams et al. [35] compared the volatility structure of the S&P 500 and Dow Jones Sustainability Indices and found similar results with Herrera [37]. Another study conducted by Sudha [36] focused on the risk-return and volatility analysis of the Indian Stock Exchange Sustainability Index (ESG). According to the findings, the annual average return of ESG is higher than the other traditional indices of India such as Nifty and CNX-500. In addition, the volatility of the ESG index is lower than the other indices. The fact that the volatility of the Sustainability Index is lower than traditional indices is consistent with the studies [29, 30, 34, 38] conducted on various indices in several countries.

On the XSURD of Turkey, there are a number of studies [39–53]. Tükenmez and Gençyürek [39] compared the share prices of companies that are listed in the Sustainability Index (XSURD) before and after entering the index. Based on the findings, it was seen that the market value of the companies fell after entering the index. Additionally, there is no significant difference between the Sustainability Index and other indices in terms of expected returns. However, Erdur and Kara [40] reported just the opposite findings. They compared share prices of index companies before and after entering the XSURD Index and found out that share prices increased after being traded in the Sustainability Index. Citak and Ersoy [41] examined the financial performance of companies listed in the Sustainability Index and non-listed companies. The results did not show any difference in the rate of return between indices while the market to book value ratio of listed companies was higher than non-listed companies. Gok and Özdemir [47] aimed at comparing the performance of XSURD and BIST 100 indices based on Sharpe Ratio and Jenson Alpha Coefficient as well as determining the volatility structures of both indices by using daily closing values between 2014 and 2016. It was found that the Sharpe Ratio of XSURD Index was higher than the BIST 100 Index. Furthermore, Jenson Alpha Coefficient was positive for both indices, but there was no statistically significant difference between these two indices. The EGARCH (1,1) model was determined as a fitting model for both indices representing the volatility structure. Moreover, volatility persistence of both indices was high and the XUSURD Index did not have an encouraging feature for investors.

In addition to these studies, there are studies focusing on several aspects of the XSURD Index. For example, Gençoglu and Aytac [43] analyzed the environmental and social activities of XSURD Index companies. Kocamiş and Yildirim [42] worked on the benefits of the Corporate Sustainability Report for the companies. The efficiency level of the companies listed in the XSURD Index is ranked by Gurbuz and Dumlu [53]. Donmez and Erol [44] discussed the intellectual capital of XSURD listed companies. While Ozdemir and Pamukçu [45] analyzed corporate sustainability reports of companies before and after entering to the XSURD Index, Araci and Yüksel [46] focused on the sustainable value-added of the companies in the XSURD Index. Moreover, the financial performance of the companies listed in the XUSURD Index is investigated by studies such as Onder [48], Altinay et al. [49], Aydin [50], Akyuz and Yeşil [51], and Unal and Yüksel [52].

As the literature review indicates, there seems to be no study on the way the BIST volatility interacts with the volatility of another index or commodity. Analyzing the volatility spillover between the XSURD Index and the BIST 100 Index, the main index representing the Istanbul Stock Exchange constitutes the originality of this study.



METHODOLOGY AND DATA DESCRIPTION

The BEKK MGARCH specification of the conditional covariance matrix is employed in this study to analyze volatility spillover effects between the BIST 100 and XSURD indices. MGARCH models, in essence, are very similar to univariate models. The only significant difference between them is that the equations of multivariate models show how covariances behave over time. The GARCH-BEKK model is one of the MGARCH models proposed by Engle and Kroner [54]. The BEKK model demonstrates the interaction between the return series in variance equation and provides a positive definition constraint by functioning in a quadratic form. Besides, the model allows for volatility spillover across markets or indices and complies with constant correlation. Also, the GARCH-BEKK model allows for dynamic dependence between the volatility series. The methodology reduces the number of parameters estimated by restricting the parameter matrices to be diagonal and ensuring that the conditional covariance matrix is always positive definite [54–58].

The BEKK parameterization is shown as;
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In this equation, Aki, i = 1,… q, k = 1,… k, and Bkjj = 1,… q, k = 1,.. k are N×N matrices. ARCH effect (Shock Spillover) is represented by the A′ term while B′ indicates GARCH effect (Volatility Spillover). As long as the constant term CC′ is positive, Ht is guaranteed to be non-negative; in other words, BEKK guarantees positive definiteness, so the only remaining issue is the number of parameters ([image: image]), which grows significantly faster in the number of securities.

The bivariate BEKK GARCH (1,1) can be shown as follows:

[image: image]

In this study, the empirical analysis was performed on the XSURD and BIST 100 indices to investigate the volatility spillover effect between the indices. The data set covers 678 daily closing values of both indices between 5 November 2014 and 28 July 2017. Data set is procured from the Marketing Department of BIST. The return series of both indices is created by taking the natural logarithm of the daily return which is defined as (Pn/Pn − 1).



FINDINGS

As the first step of the analysis, the return series of both XSURD and BIST 100 indices were generated. The examination of the log return series shows that indices follow a fluctuating structure and they exhibit volatility clustering. As can be seen from the Graphs 1,2, the return series of both indices are extremely volatile throughout 2014–2017. The appearing volatility clustering in both series is a feature of volatility. This refers to the probability of heteroscedasticity in the indices, hence justifying the performance of ARCH-LM to statistically test it.


[image: Figure 1]
GRAPH 1. Return series of XSURD index.
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GRAPH 2. Return series of the BIST 100 index.


In the next phase of the analysis, the descriptive statistics of the series were calculated. As stated in Table 1, the total number of observations of the XSURD and BIST 100 series is 678. Over the period (2014–2016) under the analysis, both indices have positive daily mean returns.


Table 1. Descriptive statistics of XSURD and BIST 100 return series.

[image: Table 1]

Over the period, the average daily log return is 0.000573 for the XSURD Index, while mean daily log-return of the BIST 100 Index was calculated as 0.0000485. The maximum log return is 0.4381 and 0.4498% for the XSURD Index and BIST 100 Index, respectively. The minimum log returns were calculated as 0.6073% for the XSURD Index and 0.6254% for the BIST 100 Index. The large differences between the minimum and maximum returns of the indices appear to indicate that there might be heteroscedasticity in both return series. In addition, the standard deviations of the indices for the relevant period were calculated as 0.1153 and 0.1096% for the XSURD Index and BIST 100 Index, respectively. The skewness coefficient (−0.233157) shows that the log return series of the XSURD Index is skewed to the left and its right tail is longer. A similar result (−0.417941) is obtained for the BIST 100 Index. The Kurtosis coefficients are 5.027539 for the XSURD Index, and 5.821940 for the BIST 100 Index, which is higher than the critical value of three. These higher results show that the series is steeper than the normal distribution. In the analysis, the Jarque–Bera test was conducted to see whether the series show normal distribution or not. The Jarque–Bera values for the indices (XSURD: 122.2762; BIST 100: 244.7027) are higher than the critical value of χ2 statistic, which is 5.99, which indicates that the return series of the study were not normally distributed.

In the next stage of the analysis, the unit root tests were performed, the results of which are shown in Table 2.


Table 2. Unit root and diagnostic tests results.

[image: Table 2]

The ADF and PP unit root tests of the XSURD (test statistic of ADF and PP respectively: −25,44354 and −25,59469, p < 0.01) and BIST 100 (test statistic of ADF and PP respectively: −25,54746 and −25,61098, p <0.01) indices with fixed and trend effect reveals that series have no unit roots. In order to see whether there is heteroscedasticity in the returns of the series, the ARCH-LM model applied up to the fifth lag of the returns. According to Engle [59] if the observed R2 is less than the critical χ2 value, then it is possible to claim that there is no heteroscedasticity in returns. As seen in Table 2, the results turned out to be the opposite. This means that the return series is assumed heteroscedastic, allowing the use of GARCH family models to assess the volatility of returns.

As of July 2017, 39 of the firms in the Sustainability Index are also listed in the BIST 100 Index. It is plausible to assert that the return performance of those Sustainability Index firms might reflect the performance of the BIST 100 Index. In order to eliminate the effect of BIST 100 Index returns on the Sustainability Index returns, the following regression equation is used:

[image: image]

The error series (ε) obtained from the above regression model represents the adjusted Sustainability Index income series cleared off the effects of market returns. The set of adjusted Sustainability Index returns produced by this method is used in the following stage of the analysis to obtain the volatility models. The MGARCH analysis is performed employing WinRATS 9.2 version.

In the mean model for the Sustainability Index, as reported in the upper part of Table 3, the mean value of the index is significantly affected by both its own previous lagged mean value and the lagged mean value of the BIST 100 Index. As for the BIST 100 Index mean model, the mean value is significantly affected only by the lagged mean value of the Sustainability Index. However, the mean value of the index is not influenced by its own lagged value.


Table 3. Mean and variance equation estimation of the bivariate VAR (1)-GARCH (1,1)-BEKK model.

[image: Table 3]

In the output, C(i,j) is the variance constant, while the elements of A(i,j) and B(i,j) are used to represent the lagged squared residual (ARCH) coefficient and the lagged variance (GARCH) coefficient, respectively.

The off-diagonal elements in the model show the effect of one variable on the other, which is called spillover effects. In other words, spillover effects mean that shocks or volatility in one component affect the variance of another. Regarding co-variance, there are two spillover effects in the model: ARCH-spillover effect and GARCH-spillover effect. ARCH-spillover effect, represented by A(i,j), is also called as shock spillover effect (information or news spillovers). The other name for the GARCH-spillover effect, reported in the output as B(i,j), is volatility spillover effect.

A(1,2) is the ARCH effect that measures the effect of the residual of the first variable on the second variable. The off-diagonal element of A(2,1) in the model is statistically significant (t-value: 7.71185, p < 0.01). This is the indication of the shock spillover effect from the BIST 100 Index to the Sustainability Index. However, there is no shock spillover effect from the Sustainability Index to the BIST 100, as reflected by the insignificant A(1,2) coefficient.

Diagonal A's [A(1,1) and A(2,2)] in the BEKK model represent the own ARCH effect. In the model, both A(1,1) and A(2,2) are significant, indicating that the own past shocks of the Sustainability Index and the BIST 100 Index have significant impacts on the current behavior of the indices.

As for the volatility effects, the diagonal and off-diagonal elements of B matrices are all significant. The significant B(1,1) and B(2,2) coefficients point out the existence of own GARCH effects for both indices. The cross-index volatility spillover effects are validated by significant B(1,2) and B(2,1) terms. In other words, there is a bidirectional volatility spillover effect from the Sustainability Index to the BIST 100 Index and vice versa.



CONCLUSION

As there seems to be no prior study on the volatility structure and volatility transmission of the BIST Sustainability Index, this study is the first attempt in this regard. The study aims to investigate the volatility spillover between a new, promising BIST Sustainability Index (XSURD) and the traditional BIST 100 (XU100) Index by utilizing the daily closing values of the indices from the day the XSURD Index was launched to the end of July 2017.

The findings of the study suggest important patterns for both ARCH and GARCH effects. The ARCH effects measured by the coefficients of “A” elements provide a measure of the response of an index to both its lagged shocks and the lagged shocks in the other index. The Sustainability Index is significantly influenced by its shocks and the shocks from the BIST 100 Index. However, the BIST 100 Index is responsive only to its shocks, with no effect from the Sustainability Index. This indicates that while information originating in the BIST 100 Index has a significant effect on the Sustainability Index, information coming from the Sustainability Index has no significant effect on the BIST 100 Index. The unidirectional shock spillover from the BIST 100 Index to the Sustainability Index might stem from the fact that the BIST 100 Index is a relatively well-rooted index covering more companies.

The GARCH effect displays a long-term measure of the volatility without the shock effect. The coefficients of “B” elements show that each index is responsive to its past volatility. Additionally, there is bidirectional volatility spillover between the two indices. This might be the result of a probable long-term linkage between the markets.

The volatility of the BIST Sustainability Index is an important research subject for future studies. The transmission mechanisms of this index with other subindices such as the BIST Corporate Governance Index might reveal interesting results. Similarly, future studies might focus on the linkages between the volatility of this index and major commodities or main stock exchange indices over the world.
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