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ANALYSIS OF DAILY RETURNS TO MONITOR VOLATILITY
CHANGES ON THE BOMBAY BOURSE
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Volatility is like the ocean in storm. It takes time for it to blow away before one enjoys seeing the normal
waves. Volatility soars only to normalize slowly. Volatility had always been the concern of market regulators,
investors and researchers. The present study focused on volatility of Indian stock market during the last
decade. The data used consisted of the daily closing prices of Sensex of Bombay Stock Exchange for the
period from January 2003 to December 2012. The study included Summary of Descriptive Statistics analysis.
Augmented Dickey-Fuller, Phillips-Perron (PP) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests were
applied to test the null hypothesis of a unit root. The analysis of Autocorrelation Coefficients and Ljung- Box
Statistics were taken for checking the Serial Correlation. The study included advanced analysis with
Generalised Autoregressive Conditional Heteroskedasticity (GARCH), T-GARCH and E-GARCH models to
identify the daily return behavior and investigate the existence of leverage and asymmetric effects. The study
concluded that volatility varies over time and constant variance assumption is inconsistent. The empirical
evidence indicated the presence of time varying volatility.

INTRODUCTION
Stock markets refer to that market place where investors buy and sell stocks. The price at

which each buying and selling transaction takes place is determined by the market forces (i.e.
demand and supply for a particular stock). Participants in the stock market range from small
individual stock investors to large hedge fund traders, who can be based anywhere. Their orders
usually end up with a professional at a stock exchange, who executes the order of buying or
selling on their behalf. SEBI is trying to strengthen and develop the stock exchange in proper
perspective. Changes in the price of stocks take place very frequently and going up and down has
become routine phenomenon which is termed as ‘Volatility’. Stock market volatility had always
been the concern of investors as well as to regulators and researchers. Investors view the
volatility in stock prices as a problem and also an opportunity to earn more. A higher volatility
means that stock’s price can change dramatically over a short time period in either direction.
Whereas a lower volatility means that a stock’s price does not fluctuate dramatically, but changes
in value at a steady pace over a period of time.

Various studies were conducted in the past to investigate the nature and characteristics of
Indian and International stock markets and analyzed through various models. The studies
emphasized on various points i.e. time varying nature of the market, volatility clustering, day-of-
the-week effects, calendar month effect, its predictability, weak form of efficiency etc. Still
forecasting the market volatility and constructing a model for estimating the volatility is a
evergreen issue for the researchers. The importance of research in this area is confirmed by the
most recent announcement of the award of Nobel Prize in Economics for the year 2013 to three
US researchers for developing new methods to study trends in asset markets. Their study showed
that it is difficult to predict whether stock or bond prices will go up or down in the short term,
but over periods of three years or more it is possible. The winners are Eugene Fama and Lars
Peter Hansen of the University of Chicago and Robert Shiller of Yale University who studied the
short-term prices, developed a statistical method to test theories of asset pricing and studied the
predictability in the long run.



© Apeejay Journal of Management and Technology

January2014, Vol.9, No.1

REVIEW OF LITERATURE
Kaur (2004) investigated the nature and characteristics of stock market volatility in

Indian stock market during 1993-2003 in terms of its time varying nature, presence of certain
characteristics such as volatility clustering, day-of-the-week effect, calendar month effect and
whether there existed any spillover effect between the domestic and the US stock markets. The
volatility in Indian stock market exhibited characteristics similar to those found earlier in many
of the major developed and emerging stock markets, viz. autocorrelation and negative
asymmetry in daily returns.

Karmakar (2005) used GARCH model to predict the time-varying volatility of daily
returns in Indian stock markets. Karmakar (2007) investigated the behavior of the Indian stock
market using different GARCH models. First, the standard GARCH approach was used to
investigate whether stock return volatility changes over time and if so, whether it is predictable.
Then the EGARCH models were applied to investigate whether there is asymmetric volatility.
The investigation was made on market index S&P CNX NIFTY for a period of 14 years from
July, 1990 to December, 2004. The study reported an evidence of time varying volatility which
exhibits clustering, high persistence and predictability. It was found that the volatility is an
asymmetric function of past innovation increasing proportionately during market decline.

Bordoloi and Shankar (2008) explored alternative models from the Autoregressive
Conditional Heteroskedasticity (ARCH) or its generalization, the Generalized ARCH (GARCH)
family to estimate volatility in the Indian equity market. Sensex and BSE-100 Indices of BSE
and the S&P CNX-500 and S&P CNX-NIFTY of NSE were selected for empirical analysis. The
study covered daily observations from January, 2000 to October, 2007. The stock returns were
found to possess the asymmetrical property. The Threshold-GARCH (T-GARCH) models
explained the volatilities of both BSE Indices and S&P CNX-500 in better way, while
Exponential GARCH (E-GARCH) models explained about the S&P CNX-NIFTY. Evidence of
increase in volatility due to certain negative factors was found in all the equity markets.

Kumar and Dhankar (2009) made efforts to examine the cross correlation in stock returns
of South Asian stock markets, their regional integration and interdependence on global stock
markets. Bombay stock exchange listed index BSE 100 for India, Colombo stock exchange listed
Milanka Price Index for Sri Lanka, Karachi stock exchange listed KSE 100 for Pakistan, Dhaka
stock exchange listed DSE-General Index for Bangladesh and S & P Global 1200 to represent the
global market are used to collect data. Results showed that L-B statistics suggest the presence of
autocorrelation in stock returns in all Asian stock markets. However, for the global markets,
autocorrelations are significant at 15 lags and thereafter they are insignificant. ARCH and its
generalized models GARCH significantly explained the conditional volatility in all stock
markets under the study.

Mittal and Jain (2009) believed that market efficiency had always been the concern of
market regulators, investors and researchers. Market efficiency tests showed different and mixed
evidence in the developing markets. The testing of weak form of efficiency and the efficient
market hypothesis on Indian stock market in the form of random walk, during the period of
2007-08 based on closing prices and daily returns on the Indian stock market three representative
Indices i.e. S&P 500, CNX100 and BSE 200 was done. It was found that the three types of
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anomalies i.e. Monday effect, Friday effect and day of the week effect did not exist in the Indian
stock market and the market could be considered as informational efficient.

Joshi (2010) investigated the stock market volatility in the emerging stock markets of
India and China using daily closing price from January, 2005 to May, 2009. The results detected
the presence of non-linearity through BDSL test while conditional Heteroskedasticity was
identified through ARCH-LM test. The findings revealed that the GARCH (1,1) model
successfully captures nonlinearity and volatility clustering. The analysis concluded that the
persistence of volatility in Chinese stock market is more than Indian stock market.

Srinivasan and Ibrahim (2010) attempted to modeling and forecasting the volatility
(conditional variance) of the Sensex index returns of Indian stock market using daily data,
covering a period from January, 1996 to January, 2010. The forecasting models considered in
study range from the relatively simple GARCH (1,1) model to relatively complex GARCH
models (including Exponential GARCH (1,1) and Threshold GARCH (1,1) models). Based on
out-of-sample forecasts and a majority of evaluation measures, the result revealed that the
symmetric GARCH model do perform better in forecasting conditional variance of the Sensex
Index return rather than the asymmetric GARCH models, despite the presence of leverage effect.

Gupta (2011) analyzed the stock price volatility and nature of the events that caused
shifts in volatility. It included period of four years and Sensex of BSE was taken for the study.
The study revealed that the Index was hit by record 1111 points on a single day in May, 2006.
The reasons for the fall were mainly the global factors. The threat of rising interest rates across
the globe and the continued buoyancy in the commodity markets unnerved the market. Once the
markets started falling, a technical correction in the derivatives segment perpetrated the fall.

Mehta and Sharma (2011) examined the time varying volatility of Indian stock market
specifically in equity market and considered S&P CNX NIFTY for a period of 10 years, i.e. from
March, 2001 to October, 2010. A total of 2415 daily observations of closing value of market
proxy were considered for all empirical tests under the study period. The findings of the study
documented that the Indian equity market had witnessed the prevalence of time varying volatility
where the past volatility was more significant impact on the current volatility. The identification
of persistence of conditional volatility could help the investors to forecast their returns from
equity market under alternate market phenomenon.

Abdalla (2012) explored stock return volatility in the Saudi stock market by using daily
closing prices on the general market index (Tadawul All Share Index (TASI)) over the period
from January, 2007 to November, 2011. The study employed generalized autoregressive
conditional Heteroskedasticity (GARCH) model including both symmetric and asymmetric
models. An application of the GARCH (1,1) model provided strong evidence of the persistence
of time varying volatility. The study concluded the existence of a positive risk premium by
allowing the mean equation of the returns series to depend on a function of the conditional
variance, which supported the positive correlation hypothesis between volatility and the expected
stock returns.

Gupta et al. (2012) examined the random walk model in Bombay Stock Exchange to see
whether Indian stock market is strong or weak efficient. The study was based on the data of daily
closing prices of 30 companies listed on BSE. The data was collected for the period from January,
2008 to March, 2012. The study suggested that Indian equity market did not show characteristics
of random walk and as such was not efficient in the weak form implying that stock prices
remained predictable. It was concluded that Indian equity market is not weak form efficient
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which meant Indian stock markets are systematic and past data had an impact on future. The past
study could be used to predict the market and market was not completely unpredictable.

RESEARCH METHODOLOGY
In view of above literary work, the study explored the volatility of Indian Stock markets

taking sample of Sensex. The objective of the study is to analyse the daily returns to monitor
volatility changes on the Sensex of BSE.

The data used in this study consists of the daily closing prices of Sensex over a decade for
the period from January, 2003 to December, 2012 compiled from www.yahoofinance.com. With
this data set, the daily returns were computed as follows:

Rt=(P t−P t−1 )∗100

Where Rt is the return in period t, Pt and Pt-1 are the daily closing prices of the Sensex at
time t and t-1 respectively. It is also important to test stationarity of a series lest OLS regression
results will be spurious. For testing stationarity, Unit Root test was applied; let us consider an
Average Return (AR) (1) model:

γ t =p1γt−1+εt

The simple AR (1) model represented in equation (2) is called a random walk model. In
this AR (1) model if p1<1, then the series is I(0) i.e. stationary in level, but if p1 = 1 then there
exist what is called unit root problem. In other words, series is non-stationary. Most economists
think that differencing is warranted if estimated p > 0.9; some would difference when estimated
p > 0.8. Besides this, there are some formal ways of testing for stationarity of a series.

Daily returns series of Sensex of BSE for the sample period were analysed in E-views the
summary of descriptive statistics including Mean, Median, Maximum, Minimum value, Standard
Deviation, Skewness, Kurtosis and Jarque-Bera tests etc were studied. Augmented Dickey-Fuller,
Phillips-Perron (PP) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests were applied to test
the null hypothesis of a unit root. The Unit Root test is a necessary condition to check the
stationarity of the data set used in the study. The results of ADF, PP and KPSS test for a unit root
for Sensex Index were presented in Data Analysis section. The analysis and the results of the first
twenty-four orders sample Autocorrelation Coefficients and Ljung- Box statistics on return series
of the Sensex for the sampled period were taken for checking the serial correlation. The study
included analysis with Generalised Autoregressive Conditional Heteroskedasticity (GARCH), T-
GARCH and E-GARCH models for the Sensex returns for the sample period to identify the daily
return behavior, to investigate the existence of leverage and asymmetric effect and to capture
asymmetric responses of the time-varying variance to shocks in the returns.

RESULTS AND DISCUSSIONS
Descriptive Statistics

A summary of descriptive statistics for returns series of Sensex of BSE for the sampled
period is presented in Table 1. It includes various tests i.e. Mean, Median, Maximum, Minimum
value, Standard Deviation, Skewness, Kurtosis and Jarque-Bera etc.
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TABLE 1
Descriptive Statistics of Daily Returns of Sensex for 10 Years

(January 2003 to December 2012)

BSE 30
Mean 0.000712
Median 0.001237
Maximum 0.1599
Minimum -0.11809
Std. Dev. 0.016339
Skewness -0.07853
Kurtosis 10.87113
Jarque-Bera 6445.846

Table 1 depicted the average daily return for Sensex which is found to be at 0.07 percent.
The standard deviation of the return series is 1.6 percent daily for both Sensex annually. The
coefficients of the Skewness are found to be significant and negative for all the returns. The
negative values indicate that a rational investor prefers portfolios with lower probability of large
payoffs. The negative Skewness implies that the return distributions of the shares traded in the
market in the given period have a higher probability of earning returns greater than the mean.
The negative Skewness is also supported by Joshi (2010) in National Stock Exchange and
Shanghai Stock Exchange, Bordoloi and Shankar (2008) in Bombay Stock Exchange and
National Stock Exchange, Kumar and Dhankar (2009) in Bombay, Karachi and Dhaka Stock
Exchange, Karmakar (2007) in National Stock Exchange and Abdalla (2012) in the Saudi Stock
Market. The findings of the study do not differ from previous studies on Indian stock markets.

Similarly, the Coefficients of Kurtosis are found to be positive and are significantly
higher than 3, indicating highly leptokurtic distribution compared to the normal distribution for
all the returns. Kurtosis measures the fat-tail degree of a distribution. A risk-averse investor
prefers a distribution with low kurtosis (i.e. returns not far away from the mean). A distribution
with positive kurtosis exhibits a peak in the middle and fat tails versus a normal distribution. A
distribution to be normal should have an excess kurtosis equal to 0. The evidence of high
Kurtosis is also consistent with the results of previous findings i.e. Kumar and Dhankar (2009),
Bordoloi and Shankar (2008) and Karmakar (2007). The Jarque-Bera statistic indicates lack of
normal distribution in the equity returns, suggesting lack of symmetric nature in the equity
returns. The daily stock returns are not normally distributed as confirmed by Jarque-Bera test
(Karmakar, 2007).
Unit Root Test

Since a unit root is a necessary condition to check the stationarity, the Augmented
Dickey-Fuller (ADF), Phillips-Perron (PP) and Kwiatkowski-Phillips-Schmidt-Shin (KPSS) tests
are used to check the null hypothesis of a unit root. The results of ADF, PP and KPSS test for a
unit root for Sensex index are presented in Table 2. The optimal lag length is selected with the
Schwartz Info Criterion and maximum lag is set to 12. Augmented Dickey-Fuller, PP and KPSS
unit root test was performed including intercept and intercept and time trend at level and first
difference for the sampled period.
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TABLE 2
Unit Root Testing of Daily Returns of Sensex for Ten Years

(January 2003-December 2012)

Level First Difference

With Intercept
With Trend and

Intercept With Intercept
With Trend and

Intercept
ADF -1.323212 (0.6208) -2.31448

(0.4253)
-46.49203
(0.0001)

-46.48454
(0.0000)

PP -1.266587
(0.6471)

-2.253014
(0.4592)

-46.44384
(0.0001)

-46.43612
(0.0000)

KPSS 117.5198
(0.0000)

44.47731
(0.0000)

1.572741
(0.1159)

1.063869
(.2875)

Note: * MacKinnon critical values for rejection of hypothesis of a unit root at 1%, 5% and 10% are -3.43278,
-2.8625 and 2.5677 respectively.

ADF, PP and KPSS statistics in level series shows presence of unit root in both the stock
markets as their Mackinnon’s value do not exceed the critical value at 1% level. It suggests that
both the price series are non stationary. It is, therefore, necessary to transform the series to make
it stationary by taking its first difference. ADF and PP statistics reported in the Table 2 show that
the null hypothesis of a unit root is rejected and KPSS statistics show that the null hypothesis
that there is no unit root problem is accepted. The absolute computed values for the indices are
higher than the MacKinnon critical value at 1% level for ADF and PP test whereas lesser in
KPSS test. Thus, the results of the indices show that the first difference series are stationary. The
results of unit root tests are in consistent with the previous findings of Srinivasan and Ibrahim
(2010), Karmakar (2005) and Kaur (2004).
Serial Correlation

The results of the first twenty-four orders sample autocorrelation coefficients and Ljung-
Box statistics return series of the Sensex for the sampled period are presented in Table 3. It
presents the Ljung-Box (LB) Q-statistic for high-order serial correlation for the return series of
Sensex up to lag 24. For higher-order return, series showed a consistent pattern of positive
autocorrelation. Positive autocorrelation indicates predictability of returns in short horizon,
which is the general evidence against market efficiency. On the other hand, negative
autocorrelation indicated mean reversion in returns.

TABLE 3
Autocorrelation and Ljung-Box Q-statistic for Sensex Ten Years

(January 2003 to December 2012)

Lag

Sensex

AC Q-Stat Prob

1 0.069 11.952 0.001

2 -0.045 16.918 0.000
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3 -0.009 17.139 0.001

4 0.003 17.161 0.002

5 -0.034 20.022 0.001

6 -0.043 24.748 0.000

7 0.013 25.178 0.001

8 0.057 33.326 0.000

9 0.027 35.13 0.000

10 0.025 36.684 0.000

11 -0.02 37.664 0.000

12 0.001 37.668 0.000

13 0.035 40.749 0.000

14 0.044 45.683 0.000

15 -0.001 45.689 0.000

16 0.002 45.694 0.000

17 0.052 52.42 0.000

18 -0.009 52.641 0.000

19 -0.023 53.987 0.000

20 -0.023 55.277 0.000

21 -0.01 55.537 0.000

22 -0.004 55.571 0.000

23 0.002 55.58 0.000

24 0.015 56.153 0.000

The Ljung-Box Q-statistics show that the null hypothesis of no autocorrelation is rejected
for all returns on Sensex at lag 1 through 24 at 1 percent level of significance. The results show
that the independent and identically distributed hypothesis is rejected for all the stock return
series in both markets suggesting that equity returns exhibit dependencies on its past behavior.
The results of autocorrelation and Ljung-Box (LB) Q-statistic are also supported by previous
findings of Bordoloi and Shankar (2008) in Bombay Stock Exchange and National Stock
Exchange, Abdalla (2012) in the Saudi Stock Market and Mittal and Jain (2009) in Stock
Exchange and National Stock Exchange.
Volatility Models

Table 4 reports the results of GARCH (1,1), TGARCH (1,1) and EGARCH (1,1) models
for the sensex return for the period of the study. represents ARCH coefficient, β represents
GARCH coefficient, represents T-GARCH coefficient and represents E-GARCH coefficient.
Q (12) and Q2 (12) are identifying the presence of standardized residuals and squared
standardized residuals at lag 12. ARCH LM stat identifies the presence of ARCH effect at lag 5,
10 and 15.
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Table 4 shows that in the variance equation, the first three coefficients ω (constant),
ARCH term ( ) is 0.117160 and GARCH term (β) is .0869632 for the GARCH (1,1) model are
statistically significant and exhibit the expected sign. The  and β indicates that lagged
conditional variance and lagged squared disturbance have an impact on the conditional variance,
in other words this means that news about volatility from the previous periods have an
explanatory power on current volatility. The coefficient of  is lesser than β which shows that
there is more impact of past volatility on the current volatility in comparison to impact of past
shocks or news on the conditional volatility. The sum of the two estimated ARCH and GARCH
coefficients; α+β (persistence coefficients) in the GARCH (1,1) is 0.986792, very close to one
which is required to have a mean reverting variance process, indicating that volatility shocks are
quite persistent and takes longer time to dissipate. It is an indication of a covariance stationary
model with a high degree of persistence and long memory in the conditional variance.

TABLE 4
Estimation Results of GARCH Models for Sensex Returns for Ten Years

(January 2003-December 2012)

Variable GARCH (1,1) TGARCH (1,1) EGARCH (1,1)
Mean Equation

0 0.001245* 0.000879* 0.000801*
1 -0.048729 0.088419 0.085197

0.121581 -0.00702 0.005168
Variance Equation

0.00000408* 0.000005258* -0.44834*
0.11716* 0.053328* 0.235062*

Β 0.869632* 0.86429* 0.968946*
0.123882*

-0.08645*
R-squared 0.00462 0.00449 0.004357
Adjusted R-squared 0.00262 0.002089 0.001956
Log Likelihood 7188.655 7206.968 7203.038
Akaike info criterion -5.75764 -5.77152 -5.767797
Schwarz criterion -5.74364 -5.75518 -5.751463
Durbin-Watson stat 1.998305 2.016113 2.030368

Residual Tests

Q (12) Stats
15.503
(0.115)

17.422
(0.066)

18.132
(0.053)

Q2 (12) Stats
12.213
(0.271)

10.274
(0.417)

10.793
(0.374)

ARCH LM stats

Lag 5
1.090066

(0.363721)
0.968979

(0.435327 )
1.099902

(0.358303)

Lag 10
1.058599

(0.391122)
0.981202

(0.457458)
1.04769

(0.400131)

Lag 15
0.8204

(0.655604)
0.711217

(0.775393)
0.850962

(0.620441)

Kaur (2004) supported these results and argued that the sum of α+β is rather close to one,
which indicates a long persistence of shocks in volatility. The reason for such an argument is that
if shocks to the variance is only transitory in nature, i.e. has only short term effect, investors will
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not make any change in their discounting factor while obtaining the present discounted value of
the stock and hence its price. Mehta and Sharma (2011) proposed that the impact of news has
reduced in recent years. Past shocks have comparatively smaller and similar impact on the
conditional variability but the persistence of volatility was identified in case of downfall in the
market movement as a result of global financial crisis. The GARCH model is an attractive
representation of daily return behavior, successfully capturing the temporal dependence of
volatility. Karmakar (2007) favored the results that the GARCH parameterization is statistically
significant and the estimated β coefficients in the conditional variance equation are considerably
larger than α coefficient. The implication is that the market has a memory longer than one period
and that volatility is more sensitive to its lagged values than it is to new surprises in the market
place. This is less than unity indicating stationarity condition is not violated. The sum of Chinese
stock market is higher than Nifty of India which indicates a long persistence of shocks in
volatility in Shanghai Stock Exchange (SSE). As the lag coefficient of conditional variance β1 is
higher than the error coefficient α1 implying that volatility is not spiky in both the stock markets.
It also indicates that the volatility does not decay speedily and tends to die out slowly, Joshi
(2010).

Asymmetric models EGARCH (1,1) and TGARCH (1,1) are used to investigate the
existence of leverage effect in the returns of the Sensex. The main difference between these two
models is that in the E-GARCH model, there is no need of nonnegative restrictions of the
parameters but, in the T-GARCH model parameters must follow the positive condition. The
asymmetrical E-GARCH (1,1) model estimated for the returns of the Sensex indicates that all the
estimated coefficients are statistically significant at the 1% confidence level. The asymmetric
(leverage) effect captured by the parameter estimate   (-0.08645)  is also statistically
significant with negative sign, indicating that negative shocks imply a higher next period
conditional variance than positive shocks of the same sign, which indicates the existence of
leverage effects in the returns of the Sensex during the study period.

The result of T-GARCH (1,1) model reveals that asymmetric effect captured by the
parameter estimate  (0.123882) which is greater than zero suggesting the presence of leverage
effect, i.e. the volatility to positive innovations is larger than that of negative innovations. In the
T-GARCH (1,1) model, the estimate of  (0.053328) is smaller than that of  (0.123882),
implying that negative shocks do have greater impact on conditional volatility compared to
positive shocks of the same magnitude. These findings are consistent with the previous findings.
Kaur (2004) proposed good news and bad news have differential effects on the conditional
variance. The leverage term is negative indicating the existence of the leverage effect for the
stock market returns. Karmakar (2007) and Bordoloi and Shankar (2008) supported the results.

The results of the diagnostic tests show that the GARCH models are correctly specified.
Ljung-Box test was used to check for any remaining autocorrelations in standardized and
squared standardized residuals from the estimated variance equation of GARCH (1,1) model. If
the variance equation is specified correctly, two statistics Q(12) and Q2(12) should not be
significant. The Q-statistics for the standardized and squared standardized residuals are
insignificant, suggesting the GARCH models are successful at modeling the serial correlation
structure in the conditional means and conditional variances. The Lagrange Multiplier (ARCH-
LM) test was used to test the presence of remaining ARCH effects in the standardized residuals.
With mean and variance equations of GARCH models being appropriately defined, there should
be no ARCH effect left in the standardized residuals. ARCH-LM test statistic for all GARCH
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(1,1) model did not exhibit additional ARCH effects remaining in the residuals of the models.
This shows that the variance equations are well specified.

Overall, using the minimum Akaike Information Criteria (AIC), Schwarz Information
Criteria (SIC) and the maximum log likelihood values as model selection criteria for the GARCH
models, the preferred model is the GARCH (1,1) model based on the minimum Akaike
Information Criteria and Schwarz Information Criteria. Whereas, the maximum Log Likelihood
value shows that the E-GARCH (1,1) is the best model for modeling the volatility of Sensex
index return. In the presence of an asymmetric response to news, whereby a negative shock to
financial time series is likely to cause volatility to rise by more than a positive shock of the same
magnitude, the symmetric GARCH (1,1) model, as suggested by minimum AIC and SIC, would
be biased resulting in misleading inferences pertaining to the modeling of volatility of Sensex
Index returns. Kaur (2004), Karmakar (2007) and Mehta and Sharma (2011) in Indian stock
markets favored the results.

CONCLUSIONS OF THE STUDY
Emerging markets are faced with the estimation problems and risk management. Since

volatility plays an important role in asset valuation and investment decisions, it is important to
model with precision. The 30-script BSE Index (known as the Sensex) was used for empirical
analysis. The sample period of ten years from January 2003 to December 2013 was taken to have
a look into long term volatility trends. Indian market is an emerging market and much volatile
too. The findings have shown that volatility varies over time and constant variance assumption is
inconsistent. Since an investor is always interested in making easy and riskless money so it is
advisable that he should take into consideration all other factors before investing into the stock
market. The empirical evidence indicates presence of time varying volatility. Therefore,
valuations in such markets should be dealt carefully by taking into account conditional variance.
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