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ABSTRACT This article aims to highlight a controversial issue of great interest ie the intrinsic structure of emerging capital 
market behavior. Synthesizing, empirical analysis aims to analyze emerging capital markets volatility. Emerg-

ing capital markets establish a separate category in the financial field, with highly dynamic characteristics, especially in 
times of financial crisis. Emerging capital markets are extremely attractive considering the growth prospects and investment 
opportunities. However, volatility of returns is significant and represents an undeniable obstacle in attracting investors. 
Modeling and forecasting volatility of emerging capital markets is still an underexploited area although it has quite inter-
esting research resources. Stock prices volatility can be used as a measure of risk in financial markets, so its importance is 
even greater in emerging capital markets. A sharp introspection regarding cointegration of emerging stock markets raised 
significant issues as a direct consequence of international portofolio diversification and financial globalization.

INTRODUCTION 
Generally, the analysis of financial time series is based on un-
predictable stochastic variables and assets price movements 
are perceived as random processes. Despite many open 
questions, emerging capital markets behavior is apparently a 
symbiotic mechanism triggered by deterministic and stochas-
tic processes. The concept of volatility represent a very fertile 
habitat for research with profound implications in areas of 
interest such as investment optimization, international port-
folio diversification, financial derivative strategies, options 
trading, foreign exchange rate market, risk management and 
financial asset pricing. As a profane expression, volatility rep-
resents the conditional variance of the underlying financial 
asset returns. The estimation process of conditional variance 
express a special significance considering the fact that fore-
casting volatility is an essential aspect of the investment pro-
cess. As a consequence of the fact that volatility can not be 
directly identified, the literature consecrated certain stylized 
facts. The process of modeling and forecasting stock markets 
behavior is significantly influenced by: volatility clustering, 
leverage effect, leptokurtosis, skewness, heteroscedasticity. 
The behavior of volatility in time requires a continuous evolv-
ing, so it is excluded the existence of volatility jumps. Gener-
ally, a decrease in stock returns causes an increase in volatility 
higher compared with the case when volatility is generated 
by an increase in stock returns. Summarizing, volatility seems 
to react differently  in terms of great positive or great nega-
tive returns. Moreover, volatility does not diverge to infinity. 

METHODOLOGICAL APPROACH
This study follows application of GARCH models and in-
cludes GARCH (1, 1) which was introduced by Engle (1982) 
further it is extended by Bollerslev (1986) and again by Nel-
son (1991), Exponential GARCH or EGARCH which is in-
troduced by Nelson (1991) and GJR-GARCH proposed by 
Glosten, Jagannathan and Renkle (1993). GARCH (1, 1) is the 
simplest form to represent heteroskedasticity and EGARCH 
provides confidence for positivity of conditional variance. It 
covers the asymmetric impact and strongly confirms lever-
age effect. GJR-GARCH represents dummy variable using 
original GARCH model. It targets asymmetric in terms of 
negative and positive shocks. The empirical analysis is based 
on certain financial time series which represents daily closing 
prices of main indices of BRIC stock markets (Brazil, Russia, 
India and China) from first day of trading in January, 2003 to 
last day of trading January, 2013, respectively 2497 observa-

tions. The selected stock indices are the following IBOVESPA 
(Brazil) RTS (Russia), BSE-SENSEX (India) and SSEC (China). 

GARCH (1, 1) model 

ht =  ω + a1ut-1
2 + b1 ht-1

This is the most popular GARCH model and calculates 
weighted average of constant (ω), yesterday’s forecast of 
closing indices (a1ut-1

2) and represents ARCH term, and yes-
terday’s squared error (b1 ht-1) and this represents GARCH 
term. 

Exponential GARCH or EGARCH model 

Log ht = ω + b1 log ht-1 + a1[qVt-1 + g{|Vt-1| - E|Vt-1|} ]

This model takes a long form and adds an additional term for 
leverage effect which we call as asymmetric effect. This mod-
el guarantees positive variance because of ht= exp (R.H.S.) > 
0 always and qVt-1 covers asymmetric effect. 

GJR-GARCH model 

ht   = ω + a1ut-1
2 + b1 ht-1  + q It-1 ut-1

2

This model also provides leverage effect. Here if q > 0, we say 
that there is a leverage effect or otherwise. Here It-1  = 1  if ut-1 
< 0  and It-1  = 0  or otherwise and if q > 0, we say that there 
is a leverage effect. This model is capable to tell us the effect 
of news on volatility. It reflects that bad news (ut-1 < 0) has an 
effect of (a1+q) ut-1

2 on the variance. Where as good news 
(ut-1 > 0) has an effect of a1 ut-1

2 on the variance and if q < 0 
represent effect of bad news. Application of model makes it 
easy to decide if q = 0 or q > 0 or not. In order to employ 
the previous models, it is necessary to investigate the sam-
ple financial time series stationarity or non-presence of unit 
roots. We have considered series log for all stock indices and 
computed first log difference to make it stationary. According 
to the following descriptive statistics, Skewness represents 
negative value and provides long tail, and this provides high 
kurtosis which reflects fat skewness. It suggests that all distri-
butions are highly leptokurtic. Volatility clustering is present 
in all four cases without any exception. The closing price of 
stock index of China, seems to be extremely volatile among 
the other indices. The continuous volatility with low and high 
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degree of fluctuations or volatility clustering entails that er-
ror exhibits heteroskedasticity. It suggests that unconditional 
standard deviations are not constant. 

TABLE – 1 DESCRIPTIVE STATISTICS

Source: Author’s computation using stock indices
*ADF Test significant at level of 1%

Figure 1 Log returns series of BRIC indices
Source: Author’s computation using stock indices

TABLE – 2 GARCH FAMILY MODEL ESTIMATIONS

Source: Author’s computation using stock indices
Values in ( ) represent values of p
Significant at 1%

The presence of ARCH effect was confirmed by applying 
ADF test at level of 1%. Particularly for EGARCH and GJR-
GARCH models, we note that negative value for correlation 
coefficient provides evidence for potential leverage effects. 
The GARCH (1, 1) model coefficient of lagged conditional 
variance (b1) is significantly different from zero. That suggests 
indicating volatility clustering in all four time series.The sum 
of (a1 + b1) coefficient is a unity and suggests that shocks 
to the conditional variance are highly importunate. The (a1) 
represents ARCH effect and (b1) represents GARCH effect. 
We form (a1 + b1) equation for BRIC markets. The calcula-
tion of (a1 + b1) values for B.R.I.C. results Brazil (IBOVES-
PA) 0.9775628, Russia (RTS) 0.97442, India (BSE SENSEX) 
0.98738, and China (SSE) 0.9920721. It suggests that a value 
most near to zero implies that violent shocks from a heavy 
blow is relatively slow speed attenuation. Thus we can con-
clude that ARCH term (a1) represents effect of positive or 
good news with that degree of magnitude. 

The asymmetric effect is examined by EGARCH and GJR-
GARCH. Both models produces same results in terms of 
asymmetry and leverage effects. First we discuss about re-
sults from Exponential GARCH or EGARCH. It estimates lev-
erage effect confidently from all BRIC markets. To understand 
the effect of EGARCH model, here the equation is given for 
one country (Brazil – IBOVESPA). 

Log ht = 0.322863 (ω) + 0.973825(b1)log ht-1 + 0.138249(a1) 
[qVt-1 + 0.0834122 (g){|Vt-1| - E|Vt-1|}]

Moreover the value of (g) is non zero, the Exponential GARCH 
(EGARCH) supports presence of leverage (asymmetry) in 
volatility of BRIC markets closing stock indices. It suggest-
ing volatility of BRIC market indices are indicative and bad 
news has more powerful effect on volatility than good news. 
EGARCH model basically represents log of standard devia-
tion or log of the variance as function of lagged logarithm 
of the variance or standard deviation, and lagged absolute 
error from regression model. This model allows response to 
the lagged error to be asymmetric. It suggests that our pre-
sent investigation on BRIC market indices have different ef-
fect on variances. However, this model is limited to say about 
good news or bad news that which increases volatility. This 
aspect is captured by Threshold GARCH or TGARCH or GJR-
GARCH. GJR-GARCH model is capable to measure effect of 
good news and bad news. We measure effect of good news 
(ut-1  0) has an effect of a1 ut-1

2 on the variance and if q < 0 
represent effect of bad news. We apply this to finding out ap-
plication of TGARCH on Brazil stock index as below.

ht=0.00000908142(ω) + 0.0529221(a1)ut-1
2 + 0.899053 (b1) ht-1  

+ 0.537831(q)It-1 ut-1
2
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The previous applied model shows that the good news has 
an impact of 0.0529 magnitudes where as bad news gener-
ates an impact of 0.0529+0.5378 = 0.5907 magnitudes. One 
can easily employ this practice on rest models with help of 
provided specimen of Brazil – IBOVESPA. Thus, we can con-
clude that identified BRIC stock indices reflect or increases 
volatility to a large extent by bad news. We confirmed earlier 
(EGARCH) and by present model that asymmetric effects is 
present in BRIC stock indices. One has to note that an asym-
metric effect represents short term focus of investors. It sug-
gests that investors are more attentive on their investment 
portfolio, they do not react as passionate and a kind of ag-
gressive tendency to get their investment back as early even 
if they purchased for long term investment purpose. 

CONCLUSIONS
Estimating stock market volatility is subject of interest not 
only for investors and researchers but it also reserves atten-
tion in general. Nowadays an advancement of econometric 
modeling provides such opportunities. This paper focuses 
on application of GARCH (1, 1), EGARCH and GJR-GARCH 
models. Investigation suggests that GARCH (1, 1) is fitted 
successfully for all BRIC economy markets. EGARCH and 

TGARCH has examined asymmetric effect of volatility clus-
tering. The data covers period of ten years daily closing 
indices from BRIC economy markets. IBOVESPA, RTS, BSE 
SENSEX and SSE represents proxy from Brizil, Russia, India 
and China economy markets. We conclude that asymmetric 
GARCH class model gives improved elucidation of returns 
and volatility clustering than simple GARCH model. Never-
theless, an accurate calculation of any asymmetric GARCH 
class model provides better explanation of leverage effects. 
TGARCH and GJR-GARCH model estimates effects of good 
news and bad news on volatility. We employed GARCH class 
models with normal distribution (EGARCH and GJR-GARCH). 
Analysis of descriptive statistics provides negative skewness 
(long tail) and high kurtosis which represents magnitude of 
extreme or leptokurtosis effect for all BRIC economy stock 
indices. The changing pattern of volatility of Russia-RTS and 
India-SENSEX symbolize asymmetrical behavior. Neverthe-
less the change in China-SSE markets shows complete irreg-
ular pattern of movement, many researchers have identified 
it as gambling behavior. Volatility is most important factor of 
attraction, wise investment with calculated risk always gener-
ates good returns. We have focused this paper with objective 
to add value for understanding volatility clustering.
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