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Abstract The present study investigates various

aspects of volatility behaviour of BRIC/BRICS

nations in varying time regimes. The study has been

divided into three regimes where the first regime

represents the pre-formation period, the second regime

signifies post-formation period, and the third regime

symbolizes post-formation period after the entry of

South Africa. CUSUMSQ test has been applied in the

study to recognize the structural breaks in the condi-

tional variance on the formation of BRIC and BRICS.

The study has employed various GARCH family

models, such as GARCH (p,q) model, EGARCH

model, GJR GARCH model, PGARCH model and

CGARCH model. GARCH (p,q) model has been

employed to explore the level of volatility spillover

among the nations in different regimes. With the

assistance of CGARCHmodel, the study exhibited the

behaviour of conditional variance of BRIC/BRICS

nations and discovered the existence of the permanent

and transitory components. EGARCH, GJR GARCH

model and PGARCH model explored the existence of

‘‘low volatility anomaly’’ for all the nations in all the

regimes. The outcomes of the study exhibit little scope

of diversification in all the three regimes. The study

confirms the impact of global recession on the

performance and development of BRICS nations.

Hence, the investors can strategize their investment

decisions as per the volatility behaviours of respective

stock markets and current market situations.

Keywords GARCH � EGARCH � GJR GARCH �
PGARCH � CGARCH � Spillover effect � Leverage
effect
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Introduction

In 2001, Goldman Sachs coined the term BRICs

(Wilson et al. 2010) to describe the four large

developing countries of Brazil, Russia, India and

China. Goldman Sachs predict that BRIC will over-

take G6 (US, Japan, UK, Germany, France and Italy)

regarding GDP (in US$) by 2050 (Wilson and

Purushothaman 2003). The acronym coined by

O’Neill (2001) in his paper entitled ‘‘building better

global economic BRICs’’ came into extensive utiliza-

tion that apparently reallocated the focus from devel-

oped G7 economies towards developing world. The

foreign ministers of initial four BRIC nations con-

ducted a meeting in NewYork City in September 2006

continued with a series of high-level meetings and on

16th May 2008 BRIC was founded. In 2010, South

Africa started making efforts to join BRIC and became

a formal member of BRIC on 24 December 2010.
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The emergence of BRICS symbolizes a significant

revolutionary transformation in the global political

economy. This new group experienced varied reac-

tions ranging from extreme optimism to utter scepti-

cism. The world had an anticipation that BRICS will

discover their lessons on economic and social con-

cerns at regional and global levels. There were serious

doubts about nature and coherence of the group.

Goldman Sachs argued that BRIC countries are

developing rapidly but only by 2050 their combined

economies can overtake current richest economies.

The present study focuses on the changing role of

BRICS stock markets in each other’s stock market as

well as on the performance of individual stock markets

over the period of 8 years. The research explored the

impact of stock returns volatility of one nation on

another. The study has divided the empirical work into

three major parts, such as before the formation of

BRIC, on the formation of BRIC and the entry of

South Africa (formation of BRICS). The study has

employed GARCH (1,1) test to explore spillover

effect among the BRICS nations in three segments.

Moreover, CGARCH test has also been applied to

examine the existence of the permanent and transitory

components of conditional variance. EGARCH, GJR

GARCH model and PGARCH model are also

employed to investigate the existence of ‘‘low volatil-

ity anomaly’’. In a nutshell, the study primarily

focuses on the exploration of volatility behaviour of

BRIC/BRICS nations in three regimes that represent

the pre-formation period of BRIC, the post-formation

period of BRIC and post-formation period of BRICS.

Literature review

Xu and Liu (2001) assessed the flow of information

transmission between Chinese A and Chinese B shares

and ultimately the discount effect of B shares.With the

help of bivariate GARCH model, short run dynamic

transmission of information flow is assessed between

share A and B. The results further verify that cross-

market volatility spillover effects are much weaker

which suggest that different underlying forces drive A

and B shares. The study developed an empirical model

to probe out the probable reasons for identifying the

reasons for the discount rate of share B.

Lee et al. (2004) explored the relationships between

daily returns and volatility of NASDAQ and Asian

board markets using EGARCH and VAR model. The

study empirically discovered strong evidence of

volatility spillovers from the US to Asian second board

markets after controlling spillovers from NYSE. The

purpose of the study was to examine that whether these

cross-country spillovers are strong enough in compar-

ison to corresponding main board markets or not.

Bhar and Nikolova (2007) explored the degree of

integration among BRIC nations by applying daily

equity index level data. The study employed GARCH-

in-mean approach pioneered by Liu and Pan (1997) to

investigate the international diffusion of equity index

returns and volatility to the BRIC nations. The study

assessed a high level of integration among BRIC

nations and minimal integration with rest of the world.

Regional trends followed by BRIC nations have much

greater influence rather than rest of the world. On the

other hand, world index and the US equity market

have a significant impact on the variance of Brazil,

Russia and India. Only China experienced an inverse

relationship between volatility spillover effects on the

regional and global basis.

Yilmaz (2010) investigated the degree of infectivity

and interdependence among the East Asian equity

markets. The data selected for the study comprised the

period ranging from the early 1990s and compared the

ongoing crisis with previous episodes. The study

observed the return and volatility spillover among the

nations for the rolling subsample windows. The study

empirically observed considerable assortment in the

behaviour of East Asian returns and volatility spillover

over the time. The integration among return spillover

has increased significantly while volatility spillover

has shown significant bursts during the market crisis.

Filis et al. (2011) investigated time-varying corre-

lation using DCCGARCH-GJR approach on the data

of six oil importing and oil exporting countries. The

study confirmed increased positive correlation

between aggregate demand side shocks and oil price,

whereas supply side shocks did not influence the

correlation equation of two types of markets. The

study experienced an exception to the results men-

tioned above at the time of financial crisis.

Ramasamy and Munisamy (2012) conducted the

study to assess the predictive accuracy ofGARCH,GJR

and EGARCH model for selected exchange rates. The

study compared the forecasted and actual rates with the

help of Gaussian random numbers. The study confirms

that prediction of highly volatile exchange rates can be
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done appropriately and precisely with the assistance of

GARCH models. The study remained incapable in

determining the best forecasting model because of a

different number of iterations for different currencies.

Guesmi et al. (2013) assessed contagion effect

among the US stock market and OECD ones during

the financial crisis. The study explored a relatively

new term called shift contagion that signifies increased

correlation among stock prices after a shock. The

study employed a structural break test called Bai and

Perron (2003). Moreover, the study estimated corre-

lation coefficient with the help of dynamic conditional

correlation (DCC) multivariate GARCH model. The

authors compared pre- and post-crisis period and

concluded that the markets have a positive correlation

in between pre- and post-crisis.

Bekiros (2013) estimated the global contagion

effects of financial crisis. The study observed the nature

of volatility spillover among the US, EU and the BRIC

markets during the financial crisis. The study examined

the linear and nonlinear causal relationships by apply-

ing vector auto regression and numerous multivariate

GARCHmodels. The sample covered bothUSfinancial

crisis and Eurozone debt crisis. The study further

recommended that BRICS nations have become more

of globally integrated after the global financial crisis.

Dasgupta (2013) examined the integration and

dynamic associations in between BRICS and the US

stock markets. VAR, cointegration and Granger

causality tests have been applied from 1st January

1998 to 31st December 2012.

Robbani et al. (2013) explored the volatility

transmission in the financial markets of G-8 countries

using VAR-EGARCH model. The study was con-

ducted from 1995 to 2007 where the markets of

Canada, France, Italy, the UK and the US have

significantly affected by the volatility of other mar-

kets. The study has also employed impulse response

function to explore the nature of shock persistence in

stock returns. Granger causality test has also been

employed to explore the direction of price movement.

Gomez and Ahmad (2014) conducted the study to

examine that whether volatility is transmitted by

friends, foes or stronger economies of the world. The

authors analysed the daily stock returns of fourteen

economies from July 1997 to October 2013. With the

help of EGARCH model, it has been discovered that

friendly countries demonstrate volatility transmission

while rivals do not exhibit any such transmission.

Junior et al. (2014) compared and contrasted the

performance of the large industrialized economies with

emerging economies. Advanced economies consist of

USA, Japan, UK andGermany, whereas, BRIC (Brazil,

Russia, India and China) nations symbolized emerging

markets. The study employed daily stock returns of

eight markets for the period of 5 years ranging from

2006 to 2010. The selected period covered the financial

crisis of 2008. The study has employed ARIMA and

GARCH family models for analysing the performance

of returns and volatility. Researchers have also

employed higher GARCH family models, such as

TGARCH and EGARCH to upgrade the results.

Zhong et al. (2014) employed advanced nonpara-

metric cointegration test pioneered by Bierens (1997).

The test re-explored the long run advantages of

international equity diversification between the USA

and BRICS nations from July 1997 to March 2012.

The study suggested that the two profound indexes of

the United States, namely, Dow Jones 30 and S&P 500

were pairwise cointegrated with the stock markets of

the BRICS countries. The study explored the previous

phenomenon by numerous financial researchers that

two efficient markets cannot be integrated. Further-

more, the study recommended that if another stock

market can predict stock prices of one country, then

there is no scope for international diversification.

Guesmi and Fattoum (2014) explored the co-

movements and dynamic volatility spillover between

the stock prices and oil prices of oil exporting and

importing countries. The five oil importing countries

selected for the study are USA, Italy, Germany, The

Netherlands and France and four oil exporting coun-

tries are United Arab Emirates, Kuwait, Saudi Arabia

and Venezuela. The study employed multivariate

GJR-DCCGARCH approach pioneered by Glosten

et al. (1993). The study confirmed the positive

correlation between oil prices and stock prices for

both oil exporting and importing countries. The study

confirmed cross-market co-movement through condi-

tional correlation coefficient in response to oil price

shocks as a part of the global business shock.

Motivation of the study and economic intuition

Due to consistent volatile situations, the prices of the

securities do not depict an exact measure of its actual

value. Volatility is a measure of risk, which plays a

critical role in economics. Stock prices are characterized
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by a term called ‘‘volatility clustering’’ that suggests that

substantial volatility is followed by significant volatility

and low volatility is followed by low volatility. Thus,

volatility can be predicted by its immediate past values.

To emphasize the contribution of the present study,

the existing literature review is segregated into four

broad categories on the basis of their restrictions that

are undertaken in this study. First, the introduction of

BRICS is expected to bring changes in the structure of

conditional volatility. However, it is necessary to

check the existence of structural changes in condi-

tional variance around the time when BRIC/BRICS

was formed. Prior studies have not assessed the

structural changes and to overcome this shortcoming

CUSUMSQ test has been employed in the study.

Secondly,GARCH (p,q)model introduced byBoller-

slev (1986) suggests that conditional variance of stock

returns is a linear function of lagged conditional variance

and past squared error terms. The standard GARCH

(p,q) model assumes that the retort of volatility to

‘‘good’’ and ‘‘bad’’ news is symmetric.However, it is not

the case always. Three significant variants of the

GARCH family (Zivot 2009), capable of capturing the

said asymmetry in response of volatility to new infor-

mation, are considered in the study, namely EGARCH

model proposed by Nelson (1991), the GJR GARCH

model proposed by Glosten et al. (1993) and periodic

GARCH (PGARCH) model proposed by Ding et al.

(1993). The primary reasons that are placed forward for

the existence of such a phenomenon are leverage effect

and volatility feedback. As per leverage effect (Black

1976; Christie 1982), a negative return shock leads to a

fall in prices and a rise in stock return volatility.

Ultimately, the bad news gets integrated into the prices

and consequently contributes to the augmented riskiness

of the stocks that reduce the prices of stocks and amplify

the volatility. There is another theory of volatility

feedback (Pindyk 1984; French et al. 1987; Campbell

and Hentschel 1992) which declares that an ordinary

increase in future volatility leads to elevated expected

return (as compensation to bear this risk) and thereby

declining the stock prices. The two presumptions have

diverse approaches, where, leverage effect hypothesized

that present negative returns amplify future volatility,

whereas, feedback effect hypothesized that anticipated

future volatility results in present negative returns. At the

firm level, it is empirically well established that asym-

metric response of volatility is primarily due to volatility

feedback hypothesis (Bekaert and Wu 2000). Volatility

feedbackor time-varyingexpected returnoccurs because

not all investors react in a rational manner (Antonious

et al. 1998). Such behaviour is typical of market player

(investors) who have lower access to information (noise

traders), and these noise traders react stronger to ‘‘bad’’

news than to ‘‘good’’ news (Nair 2011).

Thirdly, CGARCH model further distinguishes

between the permanent and transitory components of

conditional variance which subsequently improves the

goodness of fit. Many traditional models assume that

variance of stock prices is constant over time, whereas

GARCH model states that variance of stock prices

changes over the period. On studying the sample

autocorrelation of the squared returns, it has been

observed that it reduces much faster exponentially in

initial phases and reduces much slower in later stages.

Such behaviour of volatility clearly indicates towards

varying volatility components over the period.

CGARCH model is explored to study such permanent

and transitory behaviour of volatility.

Fourth, to identify the best-fitted model among

EGARCH, GJR GARCH and PGARCH model,

dynamic forecasting process has been applied. This

process estimates the difference between actual and

expected time series with the help of RMSE, MAE,

MAPE and Theil’s U/Theil’s inequality criterion.

Objectives of the study

On the basis of motivation drawn from the literature

review, the following are the primary objectives of the

study:

1. To discover the existence of structural changes in

the conditional variance of stock returns of BRIC/

BRICS nations on the commencement of treaty,

2. To identify the changes in the transitory and

permanent components of conditional variance of

BRIC/BRICS nations,

3. To assess the performance of different switching

GARCH family models and identify the best

model out of them.

Research methodology

The present study has explored the behaviour of the

volatility of BRIC/BRICS nations with the assistance of

GARCH (p,q) model, EGARCH model, GJR GARCH
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model, PGARCH model and CGARCH model. Data

considered in the study range from1st September2006 to

31st October 2014 divided into three regimes. The first

meeting of the foreign ministers of respective nations

tookplace inNewYorkCity inSeptember 2006 and after

that a rangeof continuousmeetings tookplace andfinally

BRIC was formed on 16th May 2008 because of which

this period is considered as pre-BRIC formation period,

and hence the first regime ranges from 1st September

2006. Later on, South Africa formally joined BRIC on

23rd December 2010, and BRIC became BRICS, and

hence the third regime starts from 24th December 2010.

The third regime exhibits the changes in relationships

between the BRIC countries after the entry of South

Africa. The purpose of considering these three regimes is

to identify the changing role of respective nations in each

other’s stock markets as well as in their own volatility

behaviour before the formation of BRIC, on the forma-

tion of BRIC and on the formation of BRICS. The

detailedanalysis anddurationof regimes are explained in

‘‘Structural changes in the conditional variance of BRIC/

BRICS nations using CUSUMSQ test’’ of the study.

The indices selected for the study are IBOVESPA

(Brazil),MICEX(Russia),BSE (India), SSE (China) and

JSE (South Africa). Daily market prices of these nations

are collected from 1st September 2008 to 31st October

2014 except South Africa whose prices are evaluated

from 24th December 2010. The data have been collected

fromofficialwebsites of the respective stockmarkets and

Yahoo finance. The market prices are converted into

returns with the assistance following formula:

Rt ¼ ln Pt=Pt�1ð Þ � 100; ð1Þ

where Rt indicates returns at time t, whereas Pt and

Pt-1 are the stock prices at time t and t - 1. The

stationarity of the time series has been assessed using

augmented Dickey Fuller test. The null hypothesis of

ADF test states that the ‘‘return has unit root’’ which is

rejected in all the regimes for all the nations. The

results are depicted in Table 16 in Appendix.

Model development for stock return volatility

(extent of change in the structure of conditional

volatility)

GARCH (1,1) model

The paradigm of GARCH (p,q) model has been

pioneered by Bollerslev (1986) who recommends that

conditional variance of any stock return is a linear

function of its own lagged conditional variance and past

squared error terms. The conditional mean equation of

GARCH (1,1) model can be specified as follows:

Rt ¼ C þ aRt�1 þ et: ð2Þ

Conditional volatility equation can be represented

as follows:

ht ¼ x0 þ a1e
2
t�1 þ b1r

2
t�1: ð3Þ

In Eq. (2), Rt is the logged stock returns and a is the
impact of one period lagged returns on current returns.

Here, standardized et is supposed to be independent

and identically distributed (i.i.d) with zero mean and

constant variance. Equation (3) represents the condi-

tional variance equation where ht represents condi-

tional variance of et which keeps on varying over the

period of time. a1 represents ‘‘news coefficient’’

(ARCH effect) which assesses the impact of one time

period old information on current returns, whereas b1
is called ‘‘persistence coefficient’’ (GARCH effect)

which explores the impact of news older than one time

period. In GARCH (p,q) model, p stands for ARCH

effect and q stands for GARCH effect.

In the present study, generalized autoregressive

heteroscedastic model (GARCH) is employed to inves-

tigate the flow of volatility or volatility spillover effect

among the BRICS nations in three regimes. First of all,

the residual series is extracted from the time series data

of BRICS nations for the three time regimes. Further-

more, the extracted time series are squared to remove the

negativity and then placed these residual series as shock

originators in the volatility equation of other indices as a

variance regressor. Significant coefficients of these

variance regressors indicate successful spillover effect

from one nation to another. GARCH (1,1) model for

spillover effect has the following specifications:

ht stock returnsð Þ ¼ x0 þ a1e
2
t�1 þ b1r

2
t�1

þ w sqresidstock returnsð Þ: ð4Þ

The above equation identifies h t as the conditional

variance of the specific stock indices which is intended

to be regressed, furthermore, which is the function of

x0 (mean). a1 and b1 represents ‘‘news coefficients’’
and ‘‘persistence coefficients’’, whereas w represents

the coefficient of residual series of stock returns of

other time series incorporated in the variance equa-

tion. To select the best GARCH (p,q) model, AIC and
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SIC criterion are observed and it is assumed that the

lowest the AIC and SIC, better the model is.

The standard GARCH (1,1) model assumes to have a

symmetric response of volatility towards ‘‘good’’ and

‘‘bad’’ news; however, it is not the usual case which has

been well exhibited by other GARCH family models.

Exponential GARCH (1,1) model

The fundamental GARCH model experiences certain

difficulties and complexities which question the reli-

ability and authenticity of this model. Firstly, certain

restrictions are imposed on the conditional variance of

the time series, and it is obligatory to keep it

affirmative. Secondly, GARCH model failed to elab-

orate the asymmetric behaviour of volatility, because

the conditional variance is the function of magnitude

only and not the improvements in stock returns. Last

but not the least, GARCH model does not elaborate

cyclic and non-cyclic movements of volatility.

To conquer the above revealed obligations of

fundamental GARCH model, Nelson (1991) pio-

neered the exponential GARCH model that considers

logarithmic expressions of conditional variance. This

model identifies the asymmetric affiliations among the

conditional variance and the mean. EGARCH model

can be specified as the following under normal

distribution:

log r2t
� �

¼ xþ
Xq

j¼1

bj log r2t�j

� �
þ
Xp

i¼1

ai e
2
t�i

�
r
2

t�i

���
���

þ
Xr

k¼1

kk e
2
t�k

�
rt�k

�� ��: ð5Þ

One of the most important advantages of EGARCH

model lies in its non-negativity restrictions due to

exponential form of conditional variance. The lever-

age effect is understood through the coefficient of k
where if k = 0, then it implies that the impact is

asymmetric in nature. Fundamentally, this model

assists in investigating ‘‘low volatility anomaly’’ that

opposes the traditional CAPM theory that elaborates

that higher risk results in higher returns.

GJR GARCH or TGARCH model

The next switching point is GJR GARCH or TGARCH

model (Glosten et al. 1993; Zakoian 1994) which assists

in incorporating structural changes in various regimes.

r2t ¼ xþ
Xq

j¼1

bjr
2
t�j þ

Xp

i¼1

aie
2
t�i þ

Xr

k¼1

cke
2
t�kIt�k :

ð6Þ

In this model, good news, et-i[ 0, and bad news

et-i\ 0 have differential effects on the conditional

variance. Here, ai has an impact of good news while

ai ? ci have an impact of bad news. If ci[ 0, bad

news has a greater impact of conditional variance,

whereas if ci = 0, news impact is asymmetric.

PGARCH model

Taylor (1986) and Schwert (1989) introduced

PGARCHmodel which considered standard deviation

rather than variance. The following is the equation of

PGARCH model:

rdt ¼ xþ
Xq

j¼1

bjr
d
t�j þ

Xp

i¼1

ai e2t�i

�� ��� ciet�i

� �d
: ð7Þ

The symmetric model has ci = 0 and asymmetric if

ci = 0.

Component GARCH model

In the present study, component GARCH model has

been utilized to disintegrate between long-term and

short-term memory, by empowering transitory depar-

tures of conditional variance around the time-varying

trend. The model segregated conditional variance into

permanent and transitory components. The following

is the specification of CGARCH model:

h2t ¼ qt þ a1 e2t�1 � qt�1

� �
þ d1 ht�1 � qt�1ð Þ; ð8Þ

qt ¼ a0 þ qqt�1 þ l e2t�1 � ht�1

� �
: ð9Þ

Swift advancements in computer technology have

given rise to analytical tractability of consecutively

higher frequencies of financial market data. Models

observing multiple volatility components are important

to fully characterize the complex intraday volatility

dependencies. CGARCH model captures different fea-

tures of conditional variance, where the volatility is

decomposed into two parts, namely permanent (trend)

component and transitory (short term) component. The

componentmodel also provides a natural extension of the

GARCH model in terms of generalizing the latter’s

ARIMA representation for squared residuals
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(Puttaswamaiah 2009). Engle andLee (1999) decompose

the conditional variance into permanent and transitory

components that is mean reverting towards the trend

component. Such behaviour of CGARCH model

explains the long runand short runbehaviourofvolatility.

CUSUMSQ test for identifying structural changes

in BRIC/BRICS nations

Cumulative sum of squares (CUSUMSQ) process is

applied to identify structural breaks in the conditional

variance of BRICS nations. Cumulative sum of

squares statistics was first pioneered by Inclan and

Tiao (1994) and subsequently developed by Kim et al.

(2000), Kokoszka and Leipus (2000) and Lee and Park

(2001). A CUSUMSQ test is a cumulative difference

between successive values and targeted values.

Dynamic forecasting process for model comparison

Besides estimation of conditional volatility, it is

important to forecast volatility so that one can conduct

the comparison among the models to identify the best

model. Dynamic forecasting analysis has been carried

out in the study to estimate the difference between

actual and forecasted values. The lesser the gap

between actual and forecasted values, the better is the

model. The lower the forecasting error, the better is the

predictive power of the model. To evaluate and

compare the forecasting ability of the models, differ-

ent evaluation criterions are calculated, such as root

mean square error, mean absolute error, mean absolute

percentage error and Theil’s U/Theil’s inequality

coefficient. RMSE is the square root of the variance

of the residuals which designates the closeness of the

observed data points to the predictive values. It

explains the absolute fit of the model. It is also known

as the standard deviation of the unexplained variable.

The lower the value of RMSE, the better is the model.

Mean absolute error identifies the average magnitude

of the errors in a set of forecasts, devoid of taking their

directions into account. It tells how large of an error

we can expect from the forecast on an average. Again

the lower the value of MAE, the better is the model.

RMSE and MAE both can be used to identify the best-

fitted model. The RMSE will always be greater or

equal to MAE; the greater difference between them

symbolizes more significant variance in the individual

samples. Again the mean absolute percentage error

explains the same thing as described by MAE but in

percentage manner. Theil’s U/Theil’s inequality coef-

ficient measures how well a time series of the

estimated values are near to the actual value. This

coefficient is useful in comparing different models.

The near the value to zero, the better is the model.

Empirical results and analysis

The present section of the study depicts the results of

structural changes in the conditional variance of respec-

tive nations on the formation of BRIC/BRICS treaty

through CUSUMSQ test, spillover effect using GARCH

(p,q)model, leverage effect using EGARCHmodel, GJR

GARCHmodel andPGARCHmodel and permanent and

transitorybehaviour of volatility usingCGARCHin three

regimes. Dynamic forecasting process is employed to

assess the best-fitted model among EGARCH, GJR

GARCH and PGARCH model.

Structural changes in the conditional variance

of BRIC/BRICS nations using CUSUMSQ test

Before assessing the impact of BRIC/BRICS treaty on

the conditional variance of select nations, it is

important to discover that whether there exist any

structural changes in the volatility behaviour of the

stock returns or not. For the very purpose, CUSUMSQ

test is applied to determine the existence of structural

changes in the conditional variance of stock returns of

select nations.

On observing the results of CUSUMSQ test in the

form of graphical representations of all the nations, it

has been observed that all the nations experience

structural changes in the conditional variance on the

formation of BRIC treaty, whereas none of the nations

depict structural changes in the conditional variance

on the entry of South Africa. Structural break is

observed on 1st October 2008 for Brazil, 30th

September 2008 for Russia, 16th July 2008 for India

and 15th January 2008 for China in graphical repre-

sentation of CUSUMSQ test for BRIC which suggests

that conditional variance of Brazilian, Russian, Indian

and Chinese stock returns experienced structural

breaks, not on the exact date of BRIC formation but

few months before or after the formation. On the other

hand, South Africa depicts many structural breaks in
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the conditional variance after its entry in BRICS.

However, all the countries report the existence of the

structural break in February/March 2014 which is not

considered for testing as it is not related to BRICS

formation. It may be due to global events taking place

in world economies.

Graphs representing results of CUSUMSQSQ

statistics for BRICS nations from 1st September 2006

to 31st October 2014

Graph-1 Brazil Graph-2 Russia

Graph-3 India                                                         Graph-4 China

Graph-5 South Africa
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On the basis of the above results, the three regimes are

redefined where the first regime ranges from 1st

September 2006 to 1st October 2008 for Brazil, 1st

September 2006 to 30th September 2008 for Russia,

1st September 2006 to 16th July 2008 for India and 1st

September 2006 to 15th January 2008 for China.

Structural breaks are not visible on the entry of South

Africa; that is why the second structural break is

considered exogenously on 24th December 2010,

whereas the first break is considered as endogenously.

The second Regime ranges from 2nd October 2008 to

23rd December 2010 for Brazil, 1st October 2008 to

23rd December 2010 Russia, 17th July 2008 to 23rd

December 2010 for India and 16th January 2008 to

23rd December 2010 for China and third regime

ranges from 24th December 2010 to 31st October

2014 for BRICS.

Volatility spillover among BRIC/BRICS nations

using GARCH (p,q) model

The present section of the study examines the volatil-

ity spillover effect using GARCH (p,q) model in three

regimes, where the first regime ranges from 1st

September 2006 to 1st October 2008 for Brazil, 1st

September 2006 to 30th September 2008 for Russia,

1st September 2006 to 16th July 2008 for India and 1st

September 2006 to 15th January 2008 for China,

which signifies pre-formation period of BRIC for

Brazil, Russia, India and China. The second regime

ranges from 2nd October 2008 to 23rd December 2010

for Brazil, 1st October 2008 to 23rd December 2010

for Russia, 17th July 2008 to 23rd December 2010 for

India and 16th January 2008 to 23rd December 2010

for China, which designates post-formation period and

the third regime ranges from 24th December 2010 to

31st October 2014 which symbolizes post-formation

period after the entry of South Africa.

Before applying GARCH (p,q) model, best

GARCH model is selected by the least value of AIC

and SIC. Lowest the coefficient of SIC and AIC, better

the model is. The results of AIC is given preference in

case the results of AIC and SIC do not demonstrate

similar results. The best-fitted models are depicted in

Table 1. (The detailed results of AIC and SIC are

provided in Table 17 in Appendix).

Table 2 illustrates the results of the spillover effect

in regime 1 using GARCH model. Different GARCH

(p,q) model has been applied as per the AIC and SIC.

The results confirm that Brazil receives volatility from

Russia (-0.063), Russia from Brazil (0.088) and India

(-0.061), India from Brazil (0.064) and China from

Brazil (0.095), Russia (0.052) and India (-0.070). On

observing the other side of the coin, it is noticed that

Russia is transmitting volatility towards Brazil

(-0.063) and China (0.052), India towards Russia

(-0.061) and China (-0.070) and Brazil towards

Russia (0.088), India (0.064) and China (0.095). In a

Table 1 Results of best-fitted model in three regimes

Regime-1 Regime-2 Regime-3

Brazil (2,2) (1,1) (3,2)

Russia (3,2) (2,3) (3,2)

India (1,1) (3,1) (3,2)

China (2,3) (2,3) (1,1)

South Africa – – (3,1)

Table 2 Results of

GARCH (p,q) model for

assessing spillover effect

(regime-1)

Brazil Russia India China

C 0.469 (0.023) 0.239 (0.033) -0.006 (0.752) 0.165 (0.208)

ARCH (1) 0.017 (0.685) -0.039 (0.326) 0.032 (0.029) 0.099 (0.000)

ARCH (2) 0.290 (0.002) 0.182 (0.016) – 0.080 (0.001)

ARCH (3) – -0.103 (0.134) – –

GARCH (1) 0.211 (0.249) 0.538 (0.032) 0.901 (0.000) 0.139 (0.000)

GARCH (2) 0.401 (0.028) 0.233 (0.251) – -0.268 (0.000)

GARCH (3) – – – 0.852 (0.000)

SQRES Brazil – 0.088 (0.027) 0.064 (0.001) 0.095 (0.000)

SQRES Russia -0.063 (0.032) – -0.002 (0.656) 0.052 (0.056)

SQRES India -0.027 (0.557) -0.061 (0.003) – -0.070 (0.000)

SQRES China 0.012 (0.553) 0.018 (0.190) -0.003 (0.181) –
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nutshell, it is observed that Brazil is transmitting

volatility towards all the nations, whereas China is

incapable of transmitting volatility towards any of the

nations. India and Brazil are the least contagious

among all the member nations.

Table 3 depicts the results of regime-2 for BRIC

nations using the best selected GARCH model. In

regime-2, Brazil receives volatility spillover from

Russia (0.020), Russia from Brazil (0.062) and India

(0.030), India from Brazil (-0.017) and Russia

(0.010) (at 10 % level of significance) and China

from Brazil (0.061) and India (0.018). On observing

the results, it is noticed that Russia, India and China

receive volatility from two nations, whereas Brazil

receives volatility spillover from one nation only. On

the other hand, Brazil and Russia are transmitting

volatility spillover towards all the three nations, India

towards one nation only and China does not transmit

volatility towards any of them.

Table 4 demonstrates the results of volatility spil-

lover of BRICS nations on the entry of South Africa

into BRIC treaty in December 2010. The results

confirm that Brazil does not receive volatility spillover

from any of the nation, whereas Russia receives

volatility spillover from all the nations, namely Brazil

(-0.028), Russia (-0.082) (at 10 % level of signif-

icance), China (-0.087) and South Africa (-0.059).

India receives volatility spillover from Brazil (0.012)

Russia (-0.006) and South Africa (0.014). China

receives volatility spillover from Brazil (-0.012) and

India (0.054). South Africa receives volatility spil-

lover from Russia (-0.011) and India (-0.085). Here,

Table 3 Results of

GARCH (p,q) model for

assessing spillover effect

(regime-2)

Brazil Russia India China

C 0.070 (0.002) -0.050 (0.055) 0.055 (0.005) 0.150 (0.138)

ARCH (1) 0.046 (0.002) -0.008 (0.621) -0.022 (0.000) 0.066 (0.002)

ARCH (2) – 0.024 (0.238) 0.039 (0.311) 0.077 (0.000)

ARCH (3) – – 0.113 (0.004) –

GARCH (1) 0.893 (0.000) 0.706 (0.000) 0.857 (0.000) -0.586 (0.000)

GARCH (2) – 0.912 (0.000) – 0.810 (0.000)

GARCH (3) – -0.684 (0.000) – 0.508 (0.000)

SQRES Brazil – 0.062 (0.010) -0.017 (0.063) 0.061 (0.008)

SQRES Russia 0.020 (0.025) – 0.010 (0.065) 0.018 (0.034)

SQRES India -0.002 (0.720) 0.030 (0.031) – 0.018 (0.201)

SQRES China -0.004 (0.561) 0.008 (0.340) -0.006 (0.108) –

Table 4 Results of GARCH (p,q) model for assessing spillover effect (regime-3)

Brazil Russia India China South Africa

C 0.083 (0.133) 1.817 (0.005) -0.0007 (0.962) 0.284 (0.038) 1.562 (0.000)

ARCH (1) 0.049 (0.054) 0.055 (0.221) 0.022 (0.147) 0.004 (0.773) 0.061 (0.013)

ARCH (2) 0.129 (0.000) 0.019 (0.603) 0.050 (0.003) – -0.003 (0.884)

ARCH (3) -0.108 (0.012) 0.001 (0.974) 0.026 (0.225) – 0.120 (0.000)

GARCH (1) 0.549 (0.052) 0.402 (0.001) -0.002 (0.964) 0.719 (0.000) -0.038 (0.793)

GARCH (2) 0.354 (0.145) 0.001 (0.995) 0.869 (0.000) – –

GARCH (3) – – – –

SQRES Brazil -0.028 (0.013) 0.012 (0.065) -0.012 (0.000) -0.001 (0.954)

SQRES Russia -0.003 (0.602) – -0.006 (0.000) -0.002 (0.677) -0.011 (0.000)

SQRES India -0.007 (0.591) -0.082 (0.098) – 0.054 (0.022) -0.085 (0.000)

SQRES China -0.011 (0.545) -0.087 (0.000) 0.001 (0.805) – 0.027 (0.300)

SQRES South Africa -0.001 (0.837) -0.059 (0.000) 0.014 (0.039) 0.003 (0.721) –
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Brazil does not receive volatility from any of the

nation, Russia from all the nations, India from three

and China and South Africa from two. On the other

hand, Brazil and India are transmitting volatility

spillover towards three nations, Russia and South

Africa towards two and China towards one.

Comparative analysis of three regimes

On comparing the performance of all the nations in the

three regimes, considerable volatility spillover is

observed in all the nations in regime one and with

the passage of time the level of volatility spillover

increased considerably. Volatility spillover is the

highest in regime three but not as per the expectations.

India receives volatility spillover from Brazil in

regime one, whereas it started receiving volatility

spillover from Brazil and Russia in regime two. On the

other hand, Brazil receives volatility spillover from

Russia only in the first two regimes but on reaching the

third regime it does not receive volatility from any of

the nation. Russia has also demonstrated an increasing

pattern in receiving the volatility spillover. China has

quite a scattered impact of other nations on its

volatility. South Africa has experienced maximum

structural breaks as per CUSUMSQ test. But there is a

possibility that South Africa must have been received

volatility spillover from rest of the world rather than

only from BRIC/BRICS nations. South Africa is the

new entry in BRICS, which influenced the volatility

equation of rest of the nations considerably.

Existence of permanent and transitory components

of volatility among BRIC nations using component

GARCH model

The second segment of this section reports the results

of CGARCH model to exhibit the presence of

permanent and transitory components of conditional

variance in three regimes for BRIC/BRICS nations.

Table 5 exhibits the results of CGARCH model

for the first regime where five parameters namely a0,
q, l, a1, and d1 are identified. The positive

coefficients of a1 for the markets, such as IBOVE-

SPA (0.128) and SSE (0.095) [except for MICEX

(-0.228)], indicate towards the positive preliminary

impact of any news on the transitory component.

The coefficient of d1 is significant only for Brazil

(IBOVESPA) [0.753 (0.000)] and China (SSE)

[0.839 (0.000)]. A positive coefficient of d1 for

Brazil and China designates the positive degree of

memory in transitory component of conditional

variance. A less than one coefficient of a1 and d1
identifies persistence of conditional variance in the

transitory component. In regime-1, the sum of a1 and
d1 is less than one for all the indices but significant

only for Brazil (IBOVESPA) (0.881) and China

(SSE) (0.934). Furthermore, the coefficient of q\ 1

and q[ a1 ? d1 signifies long memory component

of conditional variance. The coefficient of l is

significant for Russia (0.234), India (0.126) and

China (-0.056), which indicates towards mounted

permanent component of conditional variance.

Table 6 reports the results of CGARCH model for

the second regime. The coefficient of l is significant

for Brazil (-0.162) and India (-0.131) which sup-

ports increased permanent component of conditional

variance. The coefficient of d1 is positive and signif-

icant for Brazil (0.623) which supports the positive

degree of memory in its transitory component,

whereas it is negative and significant for Russia

(-0.964) and India (-0.550) which supports the

negative degree of memory in its transitory compo-

nent. The sum of a1 and d1 for Brazil (1.066) is more

than the coefficient of q (0.109) and 1, which does not

indicate towards long memory component of condi-

tional variance. The coefficient of a1 is positive and

significant for Brazil (0.150) which signifies positive

preliminary impact of any news on the conditional

variance.

Table 5 Existence of

permanent and transitory

components of volatility

among BRIC nations using

component GARCH model

(regime-1)

Brazil IBOVESPA Russia MICEX India BSE China SSE

a0 6.713 (0.004) 4.881 (0.000) 6.047 (0.289) 6.706 (0.000)

q 0.998 (0.000) 0.933 (0.000) 0.987 (0.000) 0.994 (0.000)

l -0.027 (0.207) 0.234 (0.000) 0.126 (0.000) -0.056 (0.000)

a1 0.128 (0.004) -0.228 (0.000) 0.069 (0.154) 0.095 (0.000)

d1 0.753 (0.000) 0.290 (0.272) -0.392 (0.418) 0.839 (0.000)
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Table 7 represents that the result of CGARCH

model for the 3rd regime ranges from 24th December

2010 to 30th October 2014. The significant coefficient

of l for all the markets (0.085, 0.453, 0.058, 0.017 and

0.036) signifies the existence of augmented permanent

component of conditional variance. The coefficient of

d1 is positive and significant for Russia (1.346) which

indicates towards the positive degree of memory in its

transitory component, whereas it is negative for Brazil

(-0.748) and South Africa (-0.811) which signifies

the negative degree of memory in its transitory

component. The sum of a1 and d1 is significant and

less than q for Brazil (-0.804), Russia (0.933) and

South Africa (-0.765) and coefficient of q is less than

one for all the markets that designate towards long

memory component of conditional variance. Here, the

coefficient of a1 is negative and significant for Brazil

(-0.056), Russia (-0.413) and China (-0.042) which

supports the negative preliminary impact of any news

on its conditional variance and positive and significant

for South Africa (0.046) which claims the positive

preliminary impact of any news. However, it is

insignificant for India [-0.042 (0.074)].

Comparative analysis of permanent and transitory

components of conditional volatility

In the first regime, Brazil and China exhibited a

positive preliminary impact of any news on the

conditional variance, whereas Russia reported nega-

tive preliminary impact on the conditional variance.

Brazil is the only country that demonstrated a positive

preliminary impact of any news on the conditional

variance in the second regime. In the third regime, the

situations transformed completely, and all the markets

started reacting to the market news. Brazil, Russia and

China started responding to market news and a

negative preliminary impact on the conditional vari-

ance has been observed in the third regime for these

three markets. India also reported a negative prelim-

inary impact on the conditional variance, but it is not

significant at 5 %. South Africa is the only country that

exhibits positive preliminary impact of any news on

the conditional variance of stock returns in the third

regime. South Africa has gone against the flow by

demonstrating a positive preliminary impact of any

news on the conditional variance, as other countries

have exhibited negative preliminary impact on condi-

tional variance. In the first regime, Brazil and China

have a positive degree of memory. In the second

regime, Brazil experienced a negative, whereas Russia

and India have a positive degree of memory. In the

third regime, Brazil and South Africa have a negative

degree of memory and Russia has a positive degree of

memory. The results exhibit more of a positive degree

of memory in conditional variance in the first regime,

whereas the second and third regimes support a

negative degree of memory. In all the three regimes,

Table 6 Existence of

permanent and transitory

components of volatility

among BRIC nations using

component GARCH model

(regime-2)

Brazil IBOVESPA Russia MICEX India BSE China SSE

a0 0.969 (0.000) 0.993 (0.000) 0.995 (0.000) 0.986 (0.000)

q 0.109 (0.000) 0.075 (0.000) 0.108 (0.000) 0.047 (0.000)

l -0.162 (0.000) -0.006 (0.669) -0.131 (0.000) -0.006 (0.869)

a1 0.150 (0.002) -0.008 (0.639) 0.074 (0.161) -0.050 (0.345)

d1 0.916 (0.000) -0.964 (0.000) -0.550 (0.005) -0.049 (0.933)

Table 7 Existence of permanent and transitory components of volatility among BRIC nations using component GARCH model

(regime-3)

Brazil IBOVESPA Russia MICEX India BSE China SSE S. Africa JSE

a0 2.148 (0.000) 1.890 (0.000) 1.142 (0.000) 1.129 (0.000) 1.694 (0.000)

q 0.962 (0.000) 0.935 (0.000) 0.981 (0.000) 0.984 (0.000) 0.905 (0.000)

l 0.085 (0.000) 0.453 (0.000) 0.058 (0.0003) 0.017 (0.008) 0.036 (0.028)

a1 -0.056 (0.010) -0.413 (0.000) -0.042 (0.074) -0.042 (0.009) 0.046 (0.011)

d1 -0.748 (0.000) 1.346 (0.000) 0.150 (0.870) -0.454 (0.294) -0.811 (0.000)
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most of the countries experienced the permanent and

transitory components of conditional variance.

Leverage effect

Leverage effect using exponential GARCH model

Nelson (1991) pioneered one of the prominently

employed model named exponential GARCH to

ascertain the behaviour of volatility in rising and

declining returns. EGARCH model assists in under-

standing the ‘‘leverage effect’’ which states that

‘‘leverage effect is the tendency for volatility to

decline when returns rise and to rise when returns fall’’

(Sah 2011). EGARCH model comes up with four

major parameters known as x, b, a and k that further

contribute to ascertain symmetric and asymmetric

behaviour of volatility.

‘‘The a parameter represents a magnitude effect

or the symmetric effect of the model, the

‘‘GARCH’’ effect. b measures the persistency in

conditional volatility irrespective of anything hap-

pening in the market. When b is relatively large,

then volatility takes a long time to die out following

a crisis in the market.’’ (Alexander 2009). The

coefficient of k supports in enumerating the leverage

effect and scrutinizing asymmetries in conditional

variance. ‘‘If k = 0, then the model is symmetric. If

k\ 0, then positive shocks (good news) generate

less volatility than negative shocks (bad news).

When k[ 0, it implies that positive innovations are

more destabilizing than negative innovations.’’ (Sah

2011). ‘‘If k\ 0, then the model is asymmetric and

leverage effect assists in the market.’’ (Saeed et al.

2013).

Table 8 identifies the results of leverage effect for

the first regime. The coefficient of k is less than one

and significant for Brazil, Russia and India (-0.220,

-0.130 and -0.223). The results suggest that arrival

of any bad news increases the volatility of stock

returns in comparison to any good news. This

behaviour of volatility assures the existence of ‘‘low

volatility anomaly’’, which states that low volatility

results in higher returns.

Table 9 declares the results of leverage effect for

regime-2 using EGARCHmodel where the coefficient

of k is less than one and significant in all the markets

(-0.088, -0.035, -0.067 and -0.030). The results

confirm the existence of ‘‘low volatility anomaly’’ in

all the markets after the formation of BRIC also. As a

result, no change in the behaviour of volatility has

been observed.

Table 10 represents the results of EGARCH model

for the 3rd regime for all the BRICS nations. The

coefficient of k is less than one for Brazil (-0.081),

Russia (-0.140), India (-0.078), China (-0.053) and

South Africa (-0.001). However, the coefficient of

South Africa is not significant. The less than one

coefficient of selected markets indicates towards the

existence of ‘‘low volatility anomaly’’ which states

that arrival of any bad news destabilizes the volatility

of stock returns to a greater extent in comparison to the

arrival of a good news.

Table 8 Leverage effect

using EGARCH model

(regime-1)

Brazil IBOVESPA Russia MICEX India BSE China SSE

x -0.003 (0.907) -0.125 (0.000) -0.094 (0.017) -0.053 (0.073)

a 0.141 (0.002) 0.300 (0.000) 0.254 (0.000) 0.108 (0.006)

k -0.220 (0.000) -0.130 (0.000) -0.223 (0.000) 0.030 (0.259)

b 0.913 (0.000) 0.918 (0.000) 0.889 (0.000) 0.982 (0.000)

Table 9 Leverage effect

using EGARCH model

(regime-2)

Brazil IBOVESPA Russia MICEX India BSE China SSE

x -0.091 (0.000) -0.116 (0.000) -0.156 (0.000) -0.048 (0.000)

a 0.135 (0.000) 0.150 (0.000) 0.211 (0.000) 0.097 (0.000)

k -0.088 (0.000) -0.035 (0.057) -0.067 (0.002) -0.030 (0.008)

b 0.984 (0.000) 0.995 (0.000) 0.990 (0.000) 0.980 (0.000)
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Leverage effect using GJR GARCH model

GJR GARCH model was introduced by Glosten et al.

(1993) which assesses the asymmetry in conditional

variance. This section of the study elaborates the

results of GJR GARCH model to find out leverage

effect in the stock returns in three regimes.

Table 11 reports the results of leverage effect using

GJR GARCH model for Brazil, Russia, China, India

and South Africa in three regimes. The coefficient of c
is assessed to interpret the asymmetry in conditional

variance. The coefficient of c is significant for all the
markets in three regimes, but it is less than zero in the

case of South Africa [-0.747 (0.000)] which confirms

that bad news failed to destabilize the conditional

variance more than good news. A negative coefficient

of c in the case of South Africa reports that good news
has greater impact on the conditional variance in

comparison to bad news and hence opposes the

leverage effect. However, the coefficients of Brazil,

Russia, India and China are greater than zero (c[ 0)

in all the regimes that confirm the existence of

leverage effect. Moreover, the coefficients of c = 0

for all the nations in each regime signify asymmetric

conditional variance. Here, South Africa is the only

country that does not demonstrate leverage effect.

Leverage effect using PGARCH model

This section of empirical analysis depicts the results of

PGARCH model introduced by Taylor (1986) and

Schwert (1989) which consider standard deviation

rather than variance. The results are depicted in

Table 12 in three regimes.

Table 12 reports the results of PGARCH model to

assess the existence of leverage effect among BRICS

nations in three regimes. Model is asymmetric if the

coefficient of c = 0. On assessing the results, it has

been recognized that none of the coefficients are equal

to zero which confirms the fact that conditional

variance of all the nations is asymmetric.

Comparative analysis of leverage effect

The overall analysis of leverage effect exhibits that

negative information destabilizes the conditional

variance to a greater extent in comparison to positive

information. Only South Africa remained indifferent

in the third regime due to insignificant k coefficient in
EGARCH model and GJR GARCH model. However,

the three models collectively confirm the asymmetric

behaviour of conditional variance, and there is no

change in this behaviour of conditional variance.

Table 10 Leverage effect

using EGARCH model

(regime-3)

Brazil IBOVESPA Russia MICEX India BSE China SSE S. Africa JSE

x -0.061 (0.001) -0.024 (0.108) -0.062 (0.000) -0.020 (0.135) -0.045 (0.027)

a 0.097 (0.001) 0.074 (0.001) 0.081 (0.000) 0.032 (0.057) 0.128 (0.000)

k -0.081 (0.000) -0.140 (0.000) -0.078 (0.000) -0.053 (0.000) -0.001 (0.914)

b 0.979 (0.000) 0.943 (0.000) 0.976 (0.000) 0.962 (0.000) 0.9004 (0.000)

Table 11 Leverage effect

using GJR GARCH model
Brazil Russia India China South Africa

Regime-1 (c) 0.793 (0.000) 0.767 (0.000) 0.731 (0.000) 0.981 (0.000) –

Regime-2 (c) 0.912 (0.000) 0.920 (0.000) 0.893 (0.000) 0.934 (0.000) –

Regime-3 (c) 0.953 (0.000) 0.977 (0.000) 0.936 (0.000) 0.950 (0.000) -0.747 (0.000)

Table 12 Leverage effect

using PGARCH model
Brazil Russia India China South Africa

Regime-1 (c) -0.851 (0.000) 0.788 (0.000) 0.788 (0.000) 0.002 (0.000) –

Regime-2 (c) 0.923 (0.000) 0.934 (0.000) 0.902 (0.000) 0.939 (0.000) –

Regime-3 (c) -0.613 (0.000) 0.534 (0.008) 0.944 (0.000) 0.801 (0.000) -0.784 (0.000)
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Dynamic forecasting for model comparison

The present section of the study declares the results of

dynamic forecasting analysis with the help of RMSE,

MAE, MAPE and Theil’s U/Theil’s inequality

coefficient.

Table 13 reports the results of dynamic forecasting

for BRIC nations in regime-1 through RMSE, MAE,

MAPE and Theil’s U criterion. On comparing the

performance of EGARCH, GJR GARCH and

PGARCH model for Brazil, it is observed that RMSE

(1.978) (which is a measure of standard deviation) is

same in all the three models and MAE (which is a

measure of mean) is the lowest in PGARCH model

(1.442). On assessing the value of MAPE, EGARCH

model is considered to be the best model with the

lowest MAPE (101.032). Theil’s U statistic also

declares PGARCH (0.968) to be the best model with

the lowest value among the rest, however, not

satisfactory as per standard rule.

In the case of Russia, RMSE is similar in all the

three tests, whereas MAE (1.467) and MAPE

(104.092) are the least in GJR GARCH model and

Theil’s inequality is the least in PGARCH (0.973).

In the case of India, RMSE is the least in PGARCH

(1.781), MAE is the lowest in GJR GARCH and

EGARCH model (1.261), MAPE is the least in

PGARCH model (108.095), and Theil’s U is the least

in GJR GARCH model (0.944).

For China, the lowest RMSE is observed in

EGARCH and GJR GARCH model (1.987), the least

MAE is reported in PGARCH model (1.410), the least

MAPE is observed in EGARCH (159.940) and the

least Theil’s U is recorded for PGARCH (0.748).

On comparing the overall performance of all the

models in regime-1, it is observed that PGARCH

model has an upper edge in comparison to GJR

GARCH and EGARCH model.

Table 14 reports the results of dynamic forecasting

analysis for BRIC nations in regime-2. In the case of

Brazil, Russia and India the values of RMSE are same

for all the three tests, so a comparison could not be

done by this criterion, Whereas in the case of China,

the value of RMSE is the least in the case of GJR

GARCH (2.128). MAE is the least in GJR GARCH

model for Brazil (1.474), Russia (2.046) and China

(1.508). India registered similar coefficient of MAE

for all the three models. MAPE is the least in

EGARCH model (103.975) for Brazil, PGARCH

(117.590) for Russia, PGARCH (109.979) for India

and GJR GARCH (95.043) for China. Theil’s U is the

least in the case of GJR GARCH for Brazil (0.975),

Russia (0.953) and India (0.0957). EGARCH regis-

tered the lowest Theil’s U coefficient for China

(0.984). Here, GJR GARCH model is observed to be

the best model with a maximum number of the lowest

coefficient.

Table 13 Results of

dynamic forecasting for

EGARCH, GJR GARCH

and PGARCH model

(regime-1)

Brazil Russia India China

EGARCH model

Root mean square error 1.978 2.343 1.782 1.987

Mean absolute error 1.446 1.468 1.261 1.419

Mean absolute percentage error 101.032 105.772 108.243 159.940

Theil inequality coefficient 0.991 0.977 0.950 0.834

GJR GARCH model

Root mean square error 1.978 2.343 1.782 1.987

Mean absolute error 1.445 1.467 1.261 1.417

Mean absolute percentage error 102.662 104.092 110.402 163.016

Theil inequality coefficient 0.984 0.981 0.944 0.829

PGARCH model

Root mean square error 1.978 2.343 1.781 2.012

Mean absolute error 1.442 1.469 1.262 1.410

Mean absolute percentage error 107.634 108.093 108.095 234.735

Theil inequality coefficient/Theil’s U 0.968 0.973 0.951 0.748
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Table 15 demonstrates the results of dynamic

forecasting for the BRICS nations in the third regime.

RMSE and MAE cannot be compared in case of

Brazil, Russia, India and China as their coefficients are

same in all the three tests, except in the case of South

Africa where RMSE (1.292) and MAE (0.930) are the

least in GJR GARCH model and PGARCH model.

MAPE is the least in PGARCH model (105.122) for

Brazil, EGARCH and GJR GARCH (106.643) for

Russia, PGARCH (115.550, 105.770 and 96.060) for

India, China and South Africa. Theil’s U is the least in

EGARCHmodel (0.965) for Brazil, PGARCH (0.976)

for Russia, GJR GARCH (0.971) for India, EGARCH

(0.980 and 0.957) for China and South Africa. On

comparing the overall performance, EGARCH

reported the least values for a maximum number of

times.

The three different regimes registered different

models to be the best one. Regimes one, two and three

reported PGARCH, GJR GARCH and EGARCH

Table 14 Results of

dynamic forecasting for

EGARCH, GJR GARCH

and PGARCH model

(regime-2)

Brazil Russia India China

EGARCH model

Root mean square error 2.267 3.214 2.107 2.130

Mean absolute error 1.475 2.047 1.431 1.509

Mean absolute percentage error 103.975 117.921 110.728 100.526

Theil inequality coefficient 0.982 0.960 0.958 0.984

GJR GARCH model

Root mean square error 2.267 3.214 2.107 2.128

Mean absolute error 1.474 2.046 1.431 1.508

Mean absolute percentage error 107.259 122.317 111.129 95.043

Theil inequality coefficient 0.975 0.953 0.957 0.999

PGARCH model

Root mean square error 2.267 3.214 2.107 2.130

Mean absolute error 1.475 2.047 1.431 1.509

Mean absolute percentage error 105.468 117.590 109.979 99.603

Theil inequality coefficient 0.979 0.961 0.960 0.986

Table 15 Results of

dynamic forecasting for

EGARCH, GJR GARCH

and PGARCH model

(regime-3)

Brazil Russia India China South Africa

EGARCH model

Root mean square error 1.439 1.384 1.066 1.085 1.293

Mean absolute error 1.098 0.988 0.808 0.796 0.931

Mean absolute percentage error 106.147 106.643 117.461 107.268 98.286

Theil inequality coefficient 0.961 0.979 0.973 0.980 0.957

GJR GARCH model

Root mean square error 1.439 1.384 1.066 1.085 1.292

Mean absolute error 1.098 0.988 0.808 0.796 0.930

Mean absolute percentage error 105.305 106.643 118.654 105.770 96.080

Theil inequality coefficient 0.965 0.979 0.971 0.983 0.980

PGARCH model

Root mean square error 1.439 1.384 1.066 1.085 1.292

Mean absolute error 1.098 0.988 0.808 0.796 0.930

Mean absolute percentage error 105.122 108.167 115.550 106.442 96.060

Theil inequality coefficient 0.965 0.976 0.975 0.982 0.980
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models to be the best one, respectively. Hence, the

results are incapable of declaring the best model.

Managerial implications

The present study contributes in assessing the perfor-

mance and interlinkages of BRIC/BRICS nations in

varying time regimes. The study contributes to explore

the changing relationships among the nations after

entering into any treaty. The study has been divided

into three regimes that represent the pre-formation

period of BRIC, the post-formation period of BRIC

and the post-formation period of BRICS on the entry

of South Africa. The study discovered that initially the

markets were a little contagious towards each other,

and the reasons could be increased trade opportunities

among member nations or inflated enthusiasm among

investors. Till 2010, BRIC nations entered into a lot of

many trade associations, such as exports/imports and

FDI. The GDP of all the nations has increased

considerably. But the inter-relationships among the

nations have not demonstrated the expected level of

bondages. The probable reason explored is the impact

of the global recession which affected Brazil the most,

whereas Russian and Chinese economies were very

contagious in the beginning and also demonstrated

weaker signs of integration and development. It is

observed that as the treaty became old, the ties among

them start loosening up due to the global recession.

Hence, the diversification opportunities have also

increased in later stages. The study suggests that in

initial stages of treaty formation, the prediction was

quite easy because of inflated herding among the

investors but later on herding behaviour of investors

did not increase as per the expectations, and more of

diversification opportunities were available. The study

assists investors in strategizing their investment plans

on the formation of the treaty. Investors can gain

superior profits by accurately predicting stock prices

and volatility by the stock prices and volatility of

member nations. Herdism among member nations

reduced gradually with time and prediction becomes

more difficult on the arrival of the global recession. In

such situations, investors can diversify their portfolio

and minimize their risk exposure. Such situations give

rise to an opportunity for investors for ‘‘global

portfolio diversification’’. The study recommends an

important implication that in shinning phase all the

member nations illustrate a high level of integration

due to inflated business opportunities but on the arrival

of the global slowdown, economies start moving

individually because of the reduced level of trade

opportunities. However, the entry of South Africa

rejuvenated the spillover effect. Hence, investors can

strategize their investments according to both current

relationships among the member nations as well as

global market situations.

Findings

The present study exemplifies the volatility behaviour

of BRIC/BRICS nations in three regimes, representing

the pre-formation period, post-formation period and

post-formation period on the entry of South Africa.

The study has employed various GARCH family

models to probe out varying volatility patterns and

behaviours in diverse time regimes. The study has

employed GARCH (p,q) model, EGARCH model,

GJR GARCH model, PGARCH model and CGARCH

model for assessing the volatility behaviour of BRICS

stock markets in three eras of pre-BRIC, post-BRIC

and post-BRICS. The above-mentioned advanced

econometric models assess the volatility behaviour

of BRICS nations. GARCH (p,q) model has been

applied to assess spillover effect among BRICS

nations in three respective eras. EGARCH model,

GJR GARCH model and PGARCH model assisted in

exploring ‘‘low volatility anomaly’’ which confirms

that bad news destabilizes the volatility up to a greater

extent in comparison to good news, whereas

CGARCH model explored the existence of the

permanent and transitory components of conditional

variance.

The study explored varying affiliations among

BRIC/BRICS nations, where it has been assessed that

all the nations were extremely influenced by each

other at initial stages of the treaty. The BRIC group

demonstrates some of the remarkable trends in its

foreign trade figures, such as exports increased from

13.3 to 49.8 % from the mid-1990s up to 10 years. In

2002–2010, worldwide FDI flow increased from USD

10 Billion to USD 146 Billon. In each regime, India is

discovered to be the least influenced by the volatility

of other nations and Russia is seemed to be the most

contagious. Hence, the prediction for Indian stock

market by other BRICS nations was not possible in the
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first regime, while prediction for Russian stock market

was feasible in each of the regimes. South Africa’s

share in total numbers is rather negligible, Brazil and

India account for about 10 % each while China and

Russia claim more than 75 % of total BRICS’ FDI in

2010. Overall, Russian flows sum up to USD 265

billion during the last decade, putting China in the

second place with USD 251 billion. But Chinese FDI

has increased the most and is likely to outnumber

Russia over the next years (Morazan et al. 2012).

BRICS has initiated many development financing

plans, particularly from China and India. It comes in

the form of larger packages which include large

grants, where concessional and non-concessional

loans were accumulated to trade and investment

engagements. On reaching the third regime, Indian

market became contagious while Brazilian market was

least contagious.

On reaching the third regime, the equations of all

the nations changed completely, and there was a

significant recovery in the volatility spillover among

the nations that was diminished due to the global

recession. UNCTAD-statistics show a steadily grow-

ing tendency in outward FDI for all BRICS, despite a

decline in 2009 due to the financial crisis during which

especially Brazil suffered from a recession (Morazan

et al. 2012). Diversification opportunities among

BRIC nations were moderate due to augmented

spillover effect during the first regime, whereas

diversification opportunities have increased a little

during the second regime due to reduced spillover

effect in the case of few nations. Third regime

experienced greater volatility transmission but not as

per the expectations.

One of the imperative behaviours of volatility is

acknowledged as ‘‘leverage effect’’ or ‘‘low volatil-

ity anomaly’’. Low volatility anomaly has been

observed in all the nations (except South Africa) in

each regime which states that bad news destabilizes

the volatility to a larger extent in comparison to

positive news. The study has also assessed the

varying preliminary reactions to any market news on

the conditional variance. In the first regime, only

Brazil and China demonstrated a positive prelimi-

nary impact of any news on the conditional

variance, while in the second and third regime, all

the nations demonstrated negative preliminary

impact of any news on the conditional variance

(except South Africa in the third regime and Brazil

in second regime). All the nations exhibit the

existence of the permanent and transitory compo-

nents of conditional variance in each regime. The

outcomes of the study display rejuvenated interlink-

ages among the BRICS stock markets after the entry

of South Africa, whereas all the nations depict

almost simultaneous volatility behaviour in all the

regimes.

The study has compared the performance of

EGARCH model, GJR GARCH model, PGARCH

model with the assistance of dynamic forecasting,

where the statistics, such as RMSE, MAE, MAPE and

Theil’s U/Theil’s inequality criterion, are compared to

identify the best model. The results did not declare the

superiority of any of the model because PGARCH

model outperformed in regime one, GJR GARCH

model in regime two and EGARCH model in regime

three. However, none of the models performed as per

the expectations that leave room for future scope of the

study.

Appendix

See Tables 16 and 17.

Table 16 Results of

augmented Dickey Fuller

test for unit root

T statistics

Regime-1 Regime-2 Regime-3

Brazil -22.897 (0.000) -25.871 (0.000) -31.345 (0.000)

Russia -21.370 (0.000) -24.817 (0.000) -30.434 (0.000)

India -19.03 (0.000) -23.460 (0.000) -28.259 (0.000)

China -20.227 (0.000) -26.236 (0.000) -30.235 (0.000)

South Africa – – -28.940 (0.000)
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Table 17 Results of AIC

and SIC for selecting best

GARCH (p,q) model

(1,1) (2,2) (2,1) (1,2) (2,3) (3,2) (3,1) (1,3)

Regime-1

Brazil

AIC 4.040 4.034 4.037 4.038 4.037 4.038 4.037 4.041

SIC 4.074 4.084 4.079 4.079 4.095 4.096 4.087 4.091

Russia

AIC 4.050 4.033 4.033 4.036 4.033 4.024 4.030 4.039

SIC 4.083 4.083 4.074 4.078 4.090 4.090 4.079 4.089

India

AIC 3.796 3.802 3.800 3.798 3.798 3.804 3.799 3.797

SIC 3.832 3.856 3.845 3.843 3.861 3.866 3.853 3.851

China

AIC 4.096 4.107 4.102 4.102 4.090 4.113 4.107 4.107

SIC 4.141 4.175 4.158 4.158 4.169 4.192 4.175 4.175

Regime-2

Brazil

AIC 3.919 3.925 3.922 3.922 3.928 3.928 3.926 3.925

SIC 3.950 3.971 3.961 3.960 3.981 3.981 3.971 3.970

Russia

AIC 4.486 4.490 4.487 4.485 4.450 4.491 4.490 4.481

SIC 4.517 4.536 4.526 4.528 4.505 4.546 4.536 4.528

India

AIC 3.861 3.839 3.847 3.857 3.837 3.842 3.831 3.845

SIC 3.891 3.883 3.884 3.894 3.888 3.893 3.876 3.889

China

AIC 4.183 4.188 4.185 4.185 4.181 4.190 4.188 4.188

SIC 4.208 4.225 4.216 4.216 4.224 4.233 4.225 4.225

Regime-3

Brazil

AIC 3.455 3.449 3.455 3.457 3.450 3.448 3.475 3.453

SIC 3.497 3.502 3.502 3.504 3.507 3.506 3.528 3.505

Russia

AIC 3.609 3.568 3.595 3.603 3.551 3.541 3.557 3.579

SIC 3.651 3.620 3.642 3.650 3.609 3.599 3.610 3.632

India

AIC 2.978 2.975 2.957 2.978 2.962 2.900 2.905 2.989

SIC 3.020 3.028 3.004 3.025 3.020 2.958 2.958 3.042

China

AIC 3.000 3.006 3.002 3.004 3.010 3.018 3.045 3.088

SIC 3.042 3.059 3.049 3.051 3.068 3.076 3.097 3.141

South Africa

AIC 3.364 3.412 3.453 3.451 3.365 3.358 3.352 3.411

SIC 3.406 3.464 3.500 3.498 3.422 3.416 3.405 3.464
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