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Abstract

This paper essentially aims at comparing the GARCH (1,1), T-GARCH and E-GARCH models in the ability to describe volatility  on the Stock Exchange of Mauritius (SEM). Daily observations from the SEMDEX for the period July 1989 to December 2007 are used for the study. The results suggest that the SEMDEX series exhibit some non-normal properties and fat tail characteristics. Using the GARCH models, the results indicate that there is no leverage effect in contrast to most developed and emerging markets. Also, the presence of a leverage effect cannot be found when splitting the sample into a non-daily trading regime and a daily regime.   
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1.0 Introduction

Since its inception in 1989, the Stock Exchange of Mauritius (SEM) have experience major developments in terms of market size, trading volume, number of listed companies and contribution to the Mauritian GDP. There have also been significant interests from foreign investors lately. However, published research has been so far very limited. To this effect, it is important to know the behaviour of stock market volatility in this emerging market. 

There have been a number of models attempting to capture volatility. However, one of the well-known and commonly used models is the so-called Generalised Autoregressive Conditional Heteroskedasticity (GARCH) model suggested by Bollerslev (1986). Specific styles in financial time series call upon the use of GARCH models as they can capture the volatility clustering effect whereby large changes are likely to trail large changes and small changes tend to follow small changes. However, there is usually an asymmetry in the stock return’s distribution. As such, asymmetric GARCH models such as T-GARCH, proposed by Glosten et al. (1993), and E-GARCH models, proposed by Nelson(1991), are more appropriate.  
This study is an initial formal attempt to shed some lights on the presence of volatility patterns and leverage effects. Indeed, the use of GARCH models fit in perfectly with the stylized characteristics of financial time series. In this respect, this paper attempts to investigate the leverage effects on the SEM using GARCH models.   

This paper is organised as follows; Section 2 reviews previous literature, Section 3 provides an overview of the research methodology, Section 4 focuses on the analysis of results while section 5 concludes the paper.
2.0 Prior Research

Earlier models in explaining movements of asset prices focus on the methodology developed by Box and Jenkins (1976). In particular, Box and Jenkins developed the Autoregressive Integrated Moving Average (ARIMA) model to predict movement in equity prices. However, ARMIA models are constrained by their assumptions of constant conditional variance over time. Essentially, the ARIMA model cannot be used to capture volatility clustering effects present in financial time series. To this effect, Engle (1982) suggested an ARCH model to explain volatility patterns. However, given some limitations of ARCH models, Bollerslev (1986) extended the ARCH models by introducing a GARCH model. The GARCH model itself is an infinite ARCH process. Another style feature of financial time series is the leverage effect whereby there is an asymmetric reaction of volatility changes in response to positive and negative shocks of the same magnitude. To this effect, Nelson (1991) has developed and exponential GARCH model (E-GARCH) and Glosten et al. (1993) have suggested a T-GARCH model.
Stock market volatility has attracted great attention in the last decades and has as such been widely discussed in several developed and developing capital markets. Among the pioneering studies, Black (1975), using a sample of 30 industrial equities, considered the relationship between stock market returns and volatility for the period 1962-1975. He found that changes in stock prices are negatively related to changes in stock market volatility (leverage effects). Similarly, Christie (1982), using quarterly data for the period 1962-1978 with a sample size of 379 firms, found that the average regression coefficient between stock market prices and volatility to be negative. Additionally, Christie (1982) found that the debt to equity ratio could be a possible explanation for the negative relationship between stock market returns and changes in volatility. Moreover, Koutmos and Saidi (1995) and Henry (1998) support the claim of a leverage effect.    
Other authors such as Haroutounian and Price (2001), Glimore and McManus (2001), Poshakwale and Murinde (2001) have found significant high volatility persistence in Central and Eastern European stock markets. There are also studies which consider volatility in periods around financial crises. For instance, Schwert (1990) considered the stock market volatility before the October 1987 crash and after the crash. He found that stock market volatility was higher during the crash and after that. Similarly, Kaminsky and Reinhart (2001) reported high volatility persistence in a post-crisis period.
3.0 Research Methodology

According to Brooks (2004), a typical GARCH (1,1) is adequate for financial time series and it is very uncommon to find advanced order of GARCH models in the academic finance literature. Daily observations of the SEMDEX
 are used to calculate returns for the months as from July 1989 to December 2007. Daily stock returns are calculated as follows; 

Rt= Ln(Pt)-Ln(Pt-1) where Pt is the index number at time t and Pt-1 is the index in the preceding day.  

Using GARCH models involve a number of advantages in that they assist in capturing the features of financial time series
 as they cater for volatility clustering and leverage effects. In particular, several financial time series are subject to a period of successive strong volatility followed by a period of low volatility. As a consequence, conditional variance is time-varying. However, the conditional variance can exhibit a mixture of asymmetric behaviour. Thus, according to Engel (1982), Bollerslev (1986) and Bollerslev et al. (1992), autoregressive conditional heteroscedasticity models (GARCH) are more suitable as they are more flexible in capturing dynamic structures of conditional variance. 

Based on the empirical literature, the following regression models are used.
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Where in equation (1), daily stock return, y, is regressed on a constant, μ and a time-lagged value of return, y t −1 ; ε is an error term which is dependent on past information and ht is the conditional variance.  According to Zhang and Wirjanto (2006), “the purpose of using the AR(1) process is to capture time dependence of the return series and to smooth the series of possible structural shifts over the sample period”.
For the conditional variance, ht, to be nonnegative and positive, the following conditions must be met: 
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In general, the ARCH and GARCH terms, 
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 indicate short run and long run shocks persistence respectively.   
Furthermore, based on the studies Black (1976) and Christie (1982), positive and negative shocks do not have the effect on volatility. Essentially, shocks are asymmetric such that volatility is more sensitive to negative shocks. To this effect, the following two asymmetric GARCH models, namely TGARCH and EGARCH, are employed  

TGARCH:
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Where 
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EGARCH:
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For the TGARCH model, the leverage effect parameter,
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, should be greater than zero. However, restrictions are imposed on the parameters in that they must all be greater than zero for the conditional variance to be non-negative. For the EGARCH model, there is no need for non-negativity constraints on the parameters and the leverage effect is accounted for if the relationship between volatility and returns is negative such that,
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, will be negative. Finally, to assess the validity of the model, the Ljung-Box Q statistics on the squared standardized residuals is used while the log-likelyhood value and the information criterion are used to assess which model is more appropriate.
4.0 Analysis of Data and Results

The basic statistics are presented in Table 1 for return series on SEMDEX for the period July1989 to December 2007.

[INSERT TABLE 1 ABOUT HERE]
Table 1 shows the descriptive statistics for the whole sample period and on a year to year basis. At first glance, most of the mean returns are positively skewed and have significant kurtosis. However, from 1989 to 2007, there are six years where the returns have been negatively skewed and two years where the kurtosis value has been lower than 3. On overall, for the whole sample, there is large kurtosis value, suggesting that the series follow a fat tail distribution, and a positively skewed series. With the exception of 3 years, the mean returns are found to be non-normal as the Jarque-Bera statistics is significant at 1% level. In general, the series present some of the stylized facts of financial series in that they are non-normal and exhibit fat tails, supporting the claim that GARCH models appear to most appropriate.
Table 2 shows the results from the different GARCH models for the stock market returns for the period 1989 to 2007.
[INSERT TABLE 2 AROUND HERE]
From table 2, the result shows that the E-GARCH model has the highest log-likelihood value as well as the lowest AIC and SBIC values. Also, all coefficients on the E-GARCH model are statistically significant. Also, based on the Ljung-Box statistics, there is no problem of autocorrelation for all the three models. Finally, it is observed that all restrictions imposed on the GARCH models are met while one non-negativity constraint on T-GARCH model is violated.  Thus, in light of the above, the E-GARCH is considered as the best model. 
The ARCH and GARCH effects are significant in all three models. However, while the sum of ARCH and GARCH coefficients are less than one for all the models, except for the E-GARCH model. Essentially, while there is shocks persistence for the E-GARCH model, the shocks to volatility decay over few lags for the standard GARCH and T-GARCH models. 
From the E-GARCH model, a significant asymmetry coefficient,
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, is found. However, the leverage effect is accounted if the coefficient is less than zero, where a negative surprises seem to increase volatility more than a positive surprises. Contrary to the expectations, there seem to be no leverage effects on the SEM as the coefficient is statistically positive. As such, 
negative news on the SEM cause volatility to increase less than positive news of the same magnitude. 
However, the Stock Exchange of Mauritius has been trading at irregular intervals since its inception. It only starts to trade on a daily basis for the full year in 1998. As such, structure of volatility could have been different under the regime of non-daily trading relative to daily trading.  To this effect, the sample is segregated into two periods, namely, 1989-1997 and 1998-2007. The results are reported below.

[INSERT TABLE 3 AROUND HERE]
[INSERT TABLE 4 AROUND HERE]
From Table 3, based on the Ljung-Box statistics, the T-GARCH and the standard GARCH models seem to suffer from autocorrelation while the E-GARCH is valid model. As such, the E-GARCH model is considered. It is observed that there is no leverage effect on the SEM for the period 1998-2007. As such, the results are in line with the earlier predictions.  Considering Table 4, the E-GARCH model is recommended for comparison purposes though results from T-GARCH and GARCH models are reported. Considering the period 1989-1997, there seems to be no leverage effects on the SEM as the coefficient is positive though insignificant. In fact, a coefficient which is statistically equal to zero will imply that the positive surprise will have the same effect on volatility as the negative surprise of the same magnitude.  As such, there are no leverage effects on the SEM both under the regime of non-daily trading and daily trading.
5.0 Conclusion
This paper has investigated three GARCH models on the SEM. The descriptive statistics shows that the mean returns exhibit some non-normal characteristics and excess kurtosis for most of the years as well as for the whole sample period. With regards to the regression models, the results show that the E-GARCH model is the most properly specified. The E-GARCH model suggests the absence of a leverage effect on the SEM. Furthermore, the absence of a leverage effect is confirmed when segregating the sample periods into two different regimes of daily and non-daily trading. As a concluding note, it is suggested that negative news on the SEM cause volatility to increase less than positive news of the same magnitude. 
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Note: AIC is Akaike Information Criterion, SBIC is the Schwarz criterion,  LBQ2(12) is the Ljung-Box statistics for serial correlation on squared standardized residuals at the 5% level of the order 12 lags respectively
List of Footnotes:
� The SEMDEX is the market index on the official market, comprising all stocks on the official market. 
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