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INTRODUCTION

The Indian financial markets are exhibiting significant changes after the commencement of derivative trading, and the
subsequent changes are being observed in terms of money supply and growth, liquidity and volatility. Financial
derivative is a contract defined in terms of some underlying asset, whose value is paid by traders today to exercise the
contract at the time and/or before of maturity. Estimation and forecasting of volatility play a key role in the pricing of
derivatives, which has a wider impact on financial regulation, monetary policy and macro-economy. The boom in the
Indian financial markets after the introduction of derivative trading (in 2000), and the recent financial crisis are good
reminders of this fact. Numerous research works have been carried out to investigate the relationship between stock
returns and volatility for developed markets. Black (1976) and Christie (1982) suggested that decline of stock prices of
an individual firm raises the financial leverage and volatility. Koulakiotis et.al.(2006) concluded that the
GARCH(1,1) and EGARCH(1,1) models provide the relationship between stock market volatility and stock returns
for Australia, Canada, France, Japan, U.S., Germany and Italy. Akgiray (1989) found that the GARCH model is
superior than the ARCH model, forecasting future volatility of New York stock exchange. Pagan and Schwert (1990),
Lee (1991), Tse (1991), Cumby et. al.(1993) Cao and Tsay (1992) found that EGARCH gave better forecasting than
linear GARCH. Brailsford and Faff (1996), Brooks (1998), Bali (2000) and Taylor (2004) studied EWMA, GARCH,
EGARCH and GJR-GARCH and found that GJR-GARCH is better than the other. Koulakiotis et.al. (2006), Taufiq
and Hao (2009) and Abdullah and Guven (2008) also found that the GJR-GARCH model appears to be a more accurate
forecaster than other bivariate GARCH models.

In the Indian context, Rajan (2011) and Panandikar (2007) discussed the volatility of the Indian Stock Exchange.
Varma (1999) observed that the GARCH models performed better in a range of common risk (ranging from 0.25% to
10%), and EWMA does well at 10% and 5% risk levels, but breaks down at the 1% and lower than 1% level of risk.
Pandey (2002) and Singh and Prabakaran (2008) explored the extreme value estimators focused on the time-varying
characteristic of volatility. Later on, Kaur (2004) discussed the nature of stock market volatility and concluded that the
asymmetric GARCH models outperform the conventional linear or symmetric GARCH models. Recently, the
GARCH and EWMA model were discussed by Kumar (2006) and Banerjee and Sarkar (2006).

In this paper, the researchers have selected the three most popular stocks of smooth liquidity, which substantially
influence the financial market, as depicted in the Table 1 given below.

Table 1 : High Liquidity Stocks In NSE/BSE (Nifty/Sensex)
Weightage
Stock Code | No. of Equity Market Capitalization | NIFTY50 | SENSEX30
HDFC 284453318 36250 (in Crores %) 2.11 4.65
INFOSYS 2863207515 70506 (in Crores %) 4.10 12.73
RELIANCE 15737980330 199251(in CroresX) 11.58 10.99

The daily intra-day data of 2310 points, which tends boom to burst, of these three stocks from 1st Jan 2000 to 31st
March 20009 listed in National Stock Exchange, India. Daily previous closing, opening, high, and low prices are
considered of these stocks during the period of study. These prices are converted into daily returns using logarithmic
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difference of prices of successive periods as :

r=In 5
St—l

where, S, 1is stock price at time.
The data of the various stocks and its returns are represented through the following Figure 1.
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Figure 1 : Data of Various Stocks and Their Returns
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THE EXPONENTIALLY WEIGHTED MOVING AVERAGE MODEL (EWMA

MODEL)

The exponentially weighted average (EWMA) model is an adaptive forecasting method that gives greater weight to
the more recent observation so that the finite recent memory of the market is required. It turns out that this weighting
scheme leads to a particularly simple formula for updating volatility estimates. The formula s :

o’ ,=Ao’, ,+(1-1M)u’, , Where,\isascalar
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The estimate o, of the volatility for n days is calculated from o, | (the estimate that was made at the end of day n-2 of
volatility for n-1) and «’, ,is the most recent daily percentage change in the market variables. To understand, why eq.
(1) corresponds to weights that decrease exponentially, we substitute for 6°, | to get

o’,= AAc, + (1=, | ]

o, =(1-M[, \+u', ] Ve,

o =(1-M [, +hu', 0, 1+ WS,
Continuing in this way to obtain :

o =(1=N)Z"_ A, AN, e ()

n—m

Forlarge m, the term 1", _, is sufficiently small and we can take it equal to zero.

The EWMA Model has an attractive feature that relatively little data is needed to store. At any given time, we need to
remember only the current estimate of the variance rate and the most-recent observation on the value of the market
variable. Risk Metrics software, developed by J. P. Morgan based on EWMA model with A = 0.94 was used for
updating the daily volatility estimates.

GARCH (P, Q) MODEL
The GARCH (p, q) was introduced by Bollerslev (1986), with two conditional mean equations :
y,=bx,+¢, andy,=¢,0, wheree, ~N(0,G°) e, 3)
and conditional variance equation s :
=0, oy A BO s 4)

where y, is the dependent variable, and x, is a vector of explanatory variables, b is a vector of unknown parameters,
p20,4>0,0,>0,0,>0fori=1,2,...gand 3,20 fori=1,2,...p

For p =0, the process reduces to the ARCH (q) process. In the ARCH (q) process, the conditional variance is specified
as a linear function of sample variance only, whereas the GARCH (p, q) process allows lagged conditional variance to
enter as new information.

Then GARCH (1,1) define with conditional mean equation as :

¥,=¢,0, wheree, ~N(0,G°) e, (5)
and conditional variance equation is :
o =a,+tay’, +poc’ where0,>0,0,>0,3,20 e, (6)

The GARCH (1,1) proces& as defined in Egs. (5) and (6) is wide-sense stationary with :
0
E)=0, var(n)= =g .
and cov (y,, ) =0 for ¢t = s ifand only if a, + B, <1 i.e. roots of characteristic equation associated GARCH (1,1)
process lie outside the unit circle. The likelihood function for GARCH (1,1) process is defined as :
r 1 . S ’
W= - 5 In@m- 53" InG) -5 ', % .................................. (7)

t

EXPONENTIAL GARCH (EGARCH)

In 1991, Nelson suggested that the GARCH model has drawbacks concerning interpretation of “persistence” of
shocks to conditional variance, non-negativity of conditional variance and asymmetrical behavior and developed the

exponential GARCH (EGARCH) model incorporating these drawbacks by appropriately weighting innovationg, :

g(e)=0¢e+y[le|-E()) e — ()
‘ ————— ) g(&) 9

B . o B”)g(g”l) ©)

where o, is a constant, B is the back-shift or lag operator such that B (g (¢,) ) =g (¢,), (1+B,B+...+,B") and

y=¢go,andIn(c)= o+
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(1-o,B—...—a, B”) are polynomials in B.
The alternative representation for EGARCH (p, q) model is given by y,=¢,0, and

In(c’)=a,+2 o, (e |7, )+E B, In(c", ) (10)
where o, >0, o, 20 fori=1,2,..gand ;>0 forj=1,2, ... p and y/s are the leverage parameters. A fact of financial
volatility is that the bad news tends to cause a larger impact on volatility than good news. Att=0, good and bad news
exhibit the same effect on volatility. The sufficient condition for process €, to be stationaryisX’,_, ;< 1.

GJR-GARCH
In 1993, Glosten et.al developed a GJIR-GARCH model incorporating asymmetric effect of asset price returns with
conditional mean equation :
V,=¢,0, where g, ~N (0, )
and conditional variance equation is :
o, =a, t Y (oe,  FYS L8 )T BO e, (11)
where S, dummy variable, which takes values 1 and 0 as ¢, <0 and ¢,,> 0 respectively. The conditional volatility is

t=i

positiveifa,>0,0,>0,0,+y > 0and P, >0 fori=1,2,..pand;j= 1,2, ...q. The process of covariance is stationary if
andonlyif:
Yoot +EB, < (12)

The term S, ,€’,_,represents asymmetric effect asset price returns. The effect of shock on volatility is o, and o, + v
as shock is negative and positive respectively.

Table 2: Estimated Parameters For GARCH (1,1) Model
NSE Code for Company Intra-day Price o, B, o,
HDFC Previous Closing 0.00055844 0.65766 0.1056
Open Price 0.0013465 0.48459 0.16409
High Price 0.00063775 0.26698 0.092607
Low Price 0.00029449 0.84047 0.15811
INFOSYS Previous Closing -0.00018862 0 0.32183
Open Price -0.0010694 0.23969 0
High Price -0.00074755 0 0.16938
Low Price -0.00072763 0.27591 0.18156
RELIANCE Previous Closing 0.0012989 0.60058 0.30372
Open Price 0.0014683 0.53334 0.36482
High Price 0.0015801 0.5533 0.29377
Low Price 0.0018411 0.61598 0.35168
Table 3 : Estimated Parameters For EGARCH (1,1) Model
NSE Code for Company o, B, a, A
HDFC Previous Closing 0.00096587 0.84751 0.17636 0.051035
Open Price 0.0010096 0.75588 0.22825 -0.12868
High Price 0.00074508 0.96184 0.015452 0.042258
Low Price -0.0005592 0.96566 0.32077 -0.14893
INFOSYS Previous Closing 0.0015321 1 0.013781 0.076642
Open Price -0.0015478 0.88711 0.63019 0.28584
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High Price -0.0025944 0.89476 0.19792 0.31033
Low Price -0.0018583 0.87295 0.80474 0.36213
RELIANCE Previous Closing 0.0012596 0.84844 0.50279 | -0.0019875
Open Price 0.0012101 0.81153 0.47907 -0.059009
High Price 0.0021299 0.79049 0.44959 0.07199
Low Price 0.00073266 0.84878 0.41836 -0.12853
Table 4 : Estimated Parameters For GJR-GARCH (1,1) Model
NSE Code for o, MA(1) €, B, o, A
Company HDFC | Previous Closing | 0.00096587 | -0.010564 | -1.0475 [ 0.84751 | 0.17636 | 0.051035
Open Price 0.0010096 | -0.16605 -1.6565 0.75588 | 0.22825 | -0.12868
High Price 0.00074508 | -0.034351 | -0.26915 | 0.96184 | 0.015452 | 0.042258
Low Price -0.0005592 | -0.017287 -0.19942 0.96566 | 0.32077 | -0.14893
INFOSYS Previous Closing | 0.0015321 | -0.013134 | 0.0069222 1 0.013781 | 0.076642
Open Price -0.0015478 | -0.57171 -0.56486 0.88711 | 0.63019 | 0.28584
High Price -0.0025944 | -0.011602 | -0.61483 | 0.89476 | 0.19792 | 0.31033
Low Price -0.0018583 | -0.57925 | -0.62481 | 0.87295 | 0.80474 | 0.36213
RELIANCE Previous Closing | 0.0012596 | 0.031426 -1.124 0.84844 | 0.50279 |-0.001987
Open Price 0.0012101 | -0.11776 -1.2717 | 0.81153 | 0.47907 |-0.059009
High Price 0.0021299 | -0.003756 | -1.4983 | 0.79049 | 0.44959 | 0.07199
Low Price 0.00073266 | 0.12298 -1.0681 | 0.84878 | 0.41836 | -0.12853

PARAMETERS ESTIMATION FORVARIOUS METHODS

The process of coding of the estimation of GARCH parameters is as:

First, guess the value of the parameters b, o, o, and [3,. The guess of b can be taken from Least Square (LS) estimation
of Eq. (5) and guess o, o, and B, from LS estimation of o, =, +a,)”, ,+B,0°, ,, where o’, are fitted residuals from the
LS estimation of Eq. (5).

Second, loop over the sample (first t =1 then t =2 and so on) and calculate c°, from Eq.(6) and b from Eq.(5). Plug in

Table 5 : Forecasted Volatility For HDFC Bank's Stock Through EWMA, GARCH (1,1),
EGARCH (1,1) and GJR-GARCH (1,1)

No. of HDFC Previous Closing HDFC Open Price

Days | EWMA (%)| GARCH (1,1) | EGARCH (1,1)| GJR-GARCH(1,1) | EWMA | GARCH (1,1) |EGARCH (1,1) | GJR-GARCH(1,1)
1 3.04 3.29 3.78 3.20 3.76 3.47 3.01 3.17
2 2.87 3.24 3.69 3.17 3.54 3.44 3.09 3.23
3 2.70 3.21 3.61 3.15 3.34 3.43 3.15 3.27
4 2.71 3.18 3.55 3.14 3.35 3.41 3.20 3.30
5 2.71 3.16 3.50 3.13 3.35 3.41 3.24 3.33
6 2.71 3.15 3.46 3.12 3.35 3.40 3.27 3.35
7 2.71 3.13 3.42 3.11 3.55 3.40 3.29 3.36
8 2.71 3.13 3.39 3.10 3.55 3.40 3.31 3.37
9 2.71 3.12 3.36 3.10 3.55 3.40 3.32 3.38
10 2.71 3.11 3.34 3.10 3.55 3.40 3.33 3.38
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Table 5 (contd.): Forecasted Volatility For HDFC Bank's Stock Through EWMA, GARCH(1,1), EGARCH(1,1) And GJR-GARCH(1,1)

No. of HDFC High Price HDFC Low Price

Days EWMA | GARCH (1,1) | EGARCH (1,1)| GJIR-GARCH(1,1) | EWMA | GARCH (1,1) [EGARCH (1,1) | GJR-GARCH(1,1)
1 3.50 2.77 3.25 2.72 341 4.35 3.52 3.55
2 3.30 2.84 3.24 2.85 3.21 4.39 3.58 3.59
3 3.11 2.86 3.23 2.86 3.03 4.42 3.63 3.62
4 3.12 2.87 3.22 2.86 3.04 4.45 3.68 3.66
5 3.12 2.88 3.21 2.86 3.04 4.48 3.73 3.69
6 3.12 2.88 3.20 2.86 3.04 4,51 3.78 3.72
7 3.12 2.88 3.19 2.86 3.04 4.54 3.83 3.76
8 3.12 2.88 3.18 2.86 3.04 4.57 3.88 3.79
9 3.12 2.88 3.17 2.86 3.04 4.60 3.93 3.82
10 3.12 2.88 3.16 2.86 3.04 4.63 3.97 3.85

GJR - GARCH(1,1)

Table 6 : Forecasted Volatility For Infosys's Stock Through EWMA, GARCH (1,1), EGARCH (1,1) And

No. of INFOSYS Previous Closing INFOSYS Open Price

Days EWMA |GARCH (1,1) | EGARCH (1,1)| GIR-GARCH(1,1) | EWMA | GARCH (1,1) |EGARCH (1,1) | GIR-GARCH(1,1)
1 4.46 4.46 3.41 4.40 4.86 491 5.02 4.85
2 4.21 4.92 3.43 4.67 4.59 491 5.31 5.29
3 3.97 5.06 3.44 4.89 4.32 491 5.57 5.70
4 3.99 5.11 3.45 5.06 4.34 491 5.82 6.08
5 3.98 5.12 3.46 5.20 4.34 491 6.05 6.43
6 3.98 5.13 3.47 5.32 4.34 491 6.26 6.77
7 3.98 5.13 3.49 5.41 4.34 491 6.46 7.09
8 3.98 5.13 3.50 5.49 4.34 491 6.63 7.40
9 3.98 5.13 3.51 5.56 4.34 491 6.79 7.69
10 3.98 5.13 3.52 5.62 4.34 491 6.94 7.98

Table 6 (contd.) : Forecasted Volatility For Infosys's Stock Through EWMA, GARCH(1,1), EGARCH(1,1) And GJR-GARCH(1,1)

No. of INFOSYS High Price INFOSYS Low Price

Days EWMA | GARCH (1,1) | EGARCH (1,1)| GIR-GARCH(1,1) [ EWMA | GARCH (1,1) [EGARCH (1,1) | GIR-GARCH(1,1)
1 4.49 4.68 4.31 3.31 4.82 4.94 4.74 7.87
2 4.24 4.77 4.42 3.39 4.54 5.06 5.11 8.66
3 3.99 4.78 4.51 3.47 4.28 5.12 5.45 9.38
4 4.01 4.78 4.59 3.55 4.30 5.14 5.77 10.05
5 4.01 4.78 4.67 3.63 4.30 5.15 6.07 10.68
6 4.01 4.78 4.74 3.70 4.30 5.16 6.34 11.27
7 4.01 4.78 4.81 3.78 4.30 5.16 6.59 11.84
8 4.01 4.78 4.86 3.85 4.30 5.16 6.81 12.37
9 4.01 4.78 4.92 3.92 4.30 5.16 7.01 12.89
10 4.01 4.78 4.96 3.99 4.30 5.16 7.19 13.39
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Table 7 : Forecasted Volatility For Reliance Ltd. Stock Through EWMA, GARCH(1,1),
EGARCH(1,1) And GJR-GARCH(1,1)

No. of Reliance Previous losing Reliance Open Price

Days | EWMA [GARCH (1,1) | EGARCH (1,1)| GJIR-GARCH(1,1) | EWMA | GARCH (1,1) [EGARCH (1,1) | GIR-GARCH(1,1)
1 2.49 2.88 2.83 2.78 3.27 3.44 2.90 2.82
2 2.34 2.87 2.77 2.78 3.08 3.54 2.88 2.85
3 2.20 2.86 2.72 2.78 2.90 3.63 2.86 2.87
4 2.21 2.86 2.68 2.78 2.92 3.71 2.85 2.90
5 2.21 2.85 2.64 2.78 291 3.78 2.84 291
6 2.21 2.85 2.61 2.79 291 3.84 2.83 2.93
7 2.21 2.84 2.59 2.79 291 3.90 2.83 2.94
8 2.21 2.84 2.57 2.79 291 3.95 2.82 2.95
9 2.21 2.83 2.55 2.79 291 3.99 2.82 2.96
10 2.21 2.83 2.53 2.79 2.91 4.03 2.81 2.96

Table 7 (Contd) : Forecasted Volatility For Reliance Ltd. Stock Through EWMA, GARCH(1,1), EGARCH(1,1) and GJR-GARCH(1,1)

No. of Reliance High Price Reliance Low Price

Days EWMA | GARCH (1,1) [ EGARCH (1,1)| GJR-GARCH(1,1) | EWMA | GARCH (1,1) |EGARCH (1,1) | GJR-GARCH(1,1)
1 2.78 2.89 2.90 2.82 2.88 3.23 2.85 2.89
2 2.62 291 2.88 2.85 2.72 3.32 2.86 3.02
3 2.46 2.92 2.86 2.87 2.56 3.40 2.87 3.14
4 247 2.94 2.85 2.90 2.57 3.48 2.88 3.26
5 2.47 2.95 2.84 291 2.57 3.56 2.89 3.37
6 247 2.96 2.83 2.93 2.56 3.63 2.89 3.47
7 2.47 2.97 2.83 2.94 2.56 3.70 2.90 3.57
8 247 2.97 2.82 2.95 2.56 3.77 2.90 3.66
9 2.47 2.98 2.82 2.96 2.56 3.83 291 3.75
10 247 2.98 2.81 2.96 2.56 3.89 291 3.84

these numbers in Eq.(7) to find the likelihood value. Third, make better guesses of parameters b, o, o, and 3,. The
second step is reiterated until the likelihood value converges.

Thirdly, the whole process of estimation of parameter will be performed with the help of MATLAB programming. The
code for EGARCH (1,1) would be the same except the equations of models. Tables 2-4 represent the estimated
parameters of GARCH (1,1), EGARCH (1,1) and GJIR-GARCH (1,1) respectively.

TEN DAYS FORECASTING OF PRICE VOLATILITY

After estimation of parameters of various volatility forecasting models, the work remains to forecast the price
volatility in terms of % for convenience ( see Tables 5 - 7).

EVALUATION MEASURES

The various models give different price volatility ,therefore, analysis of error to assess the performance of the
forecasting is essential. Hence, the researchers have computed four measures - namely Mean Absolute Error (MAE),
Root Mean Square Error (RMSE), Theil's U (TU) and MAPE. These are defined as follows :

1
MAE=-- ' |60 | MSE :\/ PR
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Table 8 : Error Measure For EWMA, GARCH(1,1), EGARCH(1,1) And GJR-GARCH(1,1)
MAE RMSE
EWMA | GARCH (1,1)| EGARCH (1,1)| GIR-GARCH(1,1)| EWMA | GARCH (1,1) | EGARCH (1,1) | GJR-GARCH(1,1)
HDFC (P.C) 0.0008 0.0008 0.0009 0.0008 0.0010 0.0010 0.0010 0.0010
HDFC (O.P) 0.0012 0.0011 0.0011 0.0011 0.0015 0.0015 0.0015 0.0015
HDFC (H.P) 0.0008 0.0007 0.0008 0.0007 0.0009 0.0009 0.0009 0.0009
HDFC (L.P) 0.0011 0.0017 0.0014 0.0013 0.0016 0.0018 0.0016 0.0016
INFOSYS (P.C) 0.0011 0.0020 0.0007 0.0022 0.0012 0.0021 0.0008 0.0023
INFOSYS (O.P) 0.0014 0.0017 0.0027 0.0033 0.0015 0.0018 0.0030 0.0037
INFOSYS (H.P) 0.0013 0.0017 0.0016 0.0016 0.0014 0.0018 0.0017 0.0503
INFOSYS (L.P) 0.0015 0.0019 0.0029 0.0011 0.0016 0.0021 0.0032 0.0118
RELIANCE (P.C) 0.0008 0.0008 0.0008 0.0008 0.0011 0.0010 0.0010 0.0010
RELIANCE (0.P) 0.0012 0.0012 0.0012 0.0012 0.0016 0.0014 0.0016 0.0015
RELIANCE (H.P) 0.0006 0.0007 0.0006 0.0007 0.0008 0.0008 0.0008 0.0008
RELIANCE (L.P) 0.0011 0.0014 0.0011 0.0014 0.0016 0.0016 0.0016 0.0016
Theil-U MAPE
EWMA GARCH (1,1) EGARCH (1,1)| GIR-GARCH(1,1)| EWMA | GARCH (1,1) | EGARCH (1,1) | GJIR-GARCH(1,1)

HDFC(P.C) 0.5413 0.5262 0.6238 0.5116 0.0351 0.0270 0.0325 0.0274
HDFC(O.P) 0.3834 0.3400 0.3258 0.3278 0.0413 0.0307 0.0400 0.0391
HDFC (H.P) 0.9616 1.1095 1.0330 1.0795 0.0233 0.0223 0.0226 0.0222
HDFC (L.P) 1.0981 0.9409 1.0331 1.0395 0.0397 0.0412 0.0398 0.0396
INFOSYS (P.C.) 1.0399 1.0370 1.0605 1.0301 0.0278 0.0398 0.0208 0.0412
INFOSYS (O.P) 1.2145 1.1459 1.1029 1.0876 0.0309 0.0336 0.0436 0.0492
INFOSYS (H.P) 1.1923 1.1302 1.1296 0.9994 0.0308 0.0364 0.0348 0.0640
INFOSYS (L.P) 1.1637 1.1000 1.0594 1.0223 0.0354 0.0378 0.0465 0.0994
RELIANCE (P.C.) 1.9142 1.6592 1.7890 1.7006 0.0350 0.0267 0.0294 0.0272
RELIANCE (O.P) 1.0068 0.9867 0.9993 1.0028 0.0418 0.0330 0.0427 0.0410
RELIANCE (H.P) 1.0446 1.0046 1.0126 1.0032 0.0249 0.0225 0.0224 0.0225
RELIANCE (L.P) 1.0210 1.0708 1.0247 1.034 0.0410 0.0398 0.0392 0.0387
*(P.C.)= Previous day closing prices , (O.P)= Open price , (H.P)=Highest price, (L.P)=lowest price of a stock in a trading day

AN 2
zni = 1(61' B Gi)

A
Theil -U= %' (5,,-0) MAPE=_L 3 | (6,~0) |
n

o,

i

Inall the above statistics, 'n'stand for number out of sample forecasts.

RESULTS AND CONCLUSIONS

The Table 8 presents the result of the error statistics in the earlier section. From the results, the researchers have made
the following observations:

1) The Theil-U statistics is a poor evaluator of performance in our case except Reliance Ltd. But the MAE and RMSE
give the best error statistics.

2) The error statistics MAE, EWMA (1,1) give the best forecasting for HDFC Bank only, while the error statistic
RMSE shows that all three methods performs similarly. But the EGARCH (1,1) gives the best forecasting
performance in each case, which support the observation of Koulakiotis et. al.(2006).
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3) The volatility forecasting for open and previous closing price are very closed through each of the methods, which
shows that the overnight effect is insignificant.

4) Lastly, the volatility, of high price of stocks has less errors and of low price of stocks has more errors, which implies
that the good news ( positive shock ) has less effect on volatility, while the bad news has more effect on volatility. It is
concluded that one of the causes of failure of numerous banks and non-financial corporation at the end of 2008 may be
due to persistence of high volatility for a long-run in the stock markets.

REFERENCES

1) Abdullah Y. and S. Guven (2008). 'Forecasting World Stock Markets Volatility.'" Int. Res. J. of Fin. and Eco., Issue 15.
http://www.eurojournals.com/irjfe%2015%20yalama.pdf. accessed on December 25,2011.

2) Akgiray V. (1989). “Conditional Heteroscedasticity in time Series of Stock Returns: Evidence and Forecasts.” The Journal of Business,
Volume 62, Number 1, pp. 55-80.

3) Bali T.G. (2000). “Testing the Empirical Performance of Stochastic Volatility Models of the Short-Term Interest Rate.” The Journal of
Financial and Quantitative Analysis, Volume 35, Number 2, pp. 191-215.

4) Banerjee A. and Sarkar S. (2006). “Modeling Daily Volatility of the Indian Stock Market Using Intra-Day Data.” Working Paper Series IIM
Calcutta, at http:/financelab.iimcal.ac.in/resdoc/ WPS-588.pdf. accessed on December25,2011.

5)Black, F. (1976). “Studies of Stock Price Volatility Changes.” Proceedings of the 1976 Meeting of Business and Economics Statistic Section,
American Statistical Association, Washington. DC, pp. 177-181.

6) Bollersleve T. (1986). “Generalized Autoregressive Conditional Heteroscedasticity.” Journal of Econometrics, Volume 31, Number 3 , pp.
307-327.

7) Brailsford T.J. and R.W. Faff (1996). “An Evaluation of Volatility Forecasting Technique.” Journal of Banking and Finance, Volume 20,
Number 3, pp. 419-438.

8) Brandt, M.W. and Jones C. (2006). “Volatility Forecasting With Range Based EGARCH Models.” Journal of Business and Economic
Statistics, Volume 24, Number 4, pp. 470-486.

9) Brooks C. (1998). “ Predicting Stock Index Volatility: Can Market Volume Help?” Journal of Forecasting, Volume 17, Number 1, pp. 59-80.
10) Cao, C.Q. and R.S. Tsay (1992). “Nonlinear Time-Series Analysis of Stock Volatilities.” Journal of Applied Econometrics, Volume 7,
Number 1, pp. S165-S185.

11) Christie, A.A. (1982). “The Stochastic Behavior of Common Stock Variances: Value, Leverage and Interest Rate Effects.” Journal of
Financial Economics, Volume 10, Number 4, pp. 407-432.

12) Cumby, R., S. Figlewski and J. Hasbrouck (1993). “Forecasting Volatilities and Correlation with EGARCH Models.” Journal of Derivatives,
Volume 1, Number 2, pp. 51-63.

13) Engle, R.F. (1982) . “Autoregressive Conditional Heteroscedasticity With Estimates of the Variance of United Kingdom Inflation.”
Econometrica, Volume 50, Number 4, pp. 987-1008.

14) Fama, E. F. (1965) “The Behavior of Stock Market Prices.” Journal of Business, Volume 38, Number 1, pp.34-105.

15) Glosten, L.R., Jagannathan R. and Runkle D.E. (1993). “On the Relationship Between The Expected Value And The Volatility of the
Nominal Excess Return On Stocks.” Journal of Finance, Volume 48, Number 5, pp. 1779-1801.

16) Kaur H. (2004). “Time Varying Volatility in the Indian Stock Market.” Vikalpa: The Journal For Decision Makers, Volume 29 , Number 4,
pp. 24-42.

17) Koulakiotis, A., Papasyriopoulos, N. and Molyneux, P. (2006). “More Evidence on The Relationship Between Stock Price Returns and
Volatility: A Note.” Int. Res. J. of Fin. and Eco. Issue 1. http://www.eurojournals.com/IRJFE%201%20-%202%20koulakiotis.pdf. accessed on
December25,2011.

18) Kumar S.S.S. (2006). “Forecasting Volatility-Evidence From Indian Stock And Forex Markets.” /IMA Working Paper No. FIN/2006/06.
http://dspace.iimk.ac.in/bitstream/2259/289/1/ForecastingVolatility.pdf. accessed on December 25,2011.

19) Lee K.Y. (1991). “Are the GARCH Models Best in out of Sample Performance?”’ Economics Letters, Volume 37, Number 3, pp. 305-308.

20) Nelson D.S. (1991). “Conditional Heteroscedasticity in Asset Returns: A New Approach.” Econometrica, Volume 59, Number 2, pp. 347-
370.

21) Pagan A.R. and G.W. Schwert (1990). “Alternative Models for Conditional Stock Volatility.” Journal of Econometrics, Volume 45, Number
1-2,pp. 267-290.

22) Panandikar S.C. (2007) . “AModel To Predict The BSE Index and Its Volatality.” Indian Journal of Finance, Volume 1, Number 3, pp. 3-7.
23) Pandey A. (2002), “The Extreme Value Volatility Estimators and Their Empirical Performance in Indian Capital Markets.” NSE Working
Paper No.52, http://www.nse-india.com/content/press/aug2002a.pdf. accessed on December25,2011.

24) Rajan M.P. (2011). “Volatility Estimation In The Indian Stock Market Using Heteroscedastic Models.” Indian Journal of Finance, Volume
5, Number 6, pp. 26-32.

25) Singh J.P. and S. Prabakaran (2008). “On The Distribution of Returns and Memory Effect In Indian Capital Market.” Int. Res. J. of Fin. and
Eco., Issue 14, http://www.eurojournals.com/irjfe%2014%?20singh.pdf. accessed on December 25,2011.

26) Taufiq C. and W. Hao (2009). “Forcasting The Weekly Time Varying Beta of U.K. Firms Comparison Between GARCH Models Vs. Kalman
Filter Method.” European Journal of Finance, Volume 15, Number 4, pp. 437-444.

27) Taylor J.W. (2004). “Volatility Forecasting with Smooth Transition Exponential Smoothing.” International Journal of Forecasting, Volume
20, pp.273-286.

28) Tse Y.K. (1991). “Stock Returns Volatility in the Tokyo Stock Exchange.” Japan and the World Economy, Volume 3, Number 3, pp. 285-298.
29) Varma J.R.(1999). “Value at Risk Models in the Indian Stock Market.” [IMA Working Paper No.99-07-05

http://www.iimahd.ernet.in/~jrvarma/papers/ WP990705.pdf. accessed on December25,2011.
Indian Journal of Finance * June, 2012 29




