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Abstract

Volatility measures the variability and ascertains the unpredictable and uncertain behavior of asset price. As a
concept and phenomenon it has remained central area of research in modern financial markets and
academics. The importance of volatility in stock market can’t be undermined in financial economics, as it plays
a significant role in investment and risk management decisions. This paper attempts to examine the dynamics
of time varying volatility of Indian stock market with reference to BSE and S&P CNX Nifty. Using daily
observation data been taken for period of 2000-2014. To examine the characteristics of Indian Stock Market
Volatility GARCH models are being employsd. EGARCH and TARCH are employed to look possibility of

Asymmetry or Leverage effects in the market.
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Introduction

Volatility ao a bacic otatictical riok meaoure hoo been uced to
meaoure the market rick of a aingle inctrument or an entire
portfolio. It may be calculated for all cortoof financial variobleo
viz., intereot rate g, exchange rate, otock returng, market value of
portfolio to name a few. We con aimply ooy volatility ic a
conditional variance or otandard deviation. Volatility of otock
returnc may be termed ao conditional variance of the otock
returncin time or ctandard deviation of ctock return around the
mean value. Invectorarely on variance of returnochanging over
time to make optimal decidiono regarding their inveotment
otrotegiea. So, it becomeo imperative to model and forecoot
conditional variance. Volatility ac o phenomenon ac well ac
concept hao alwayo acquired centre otoge to modern financial
marketo and academic froternity aoc it formo the bacio for
efficient market diccovery. Volatility meaocureo the degree to
which oaocet priceo tend to fluctuate and thuo accertaino

variability or randomneoo of accet price. Volatility may be
termed aomeaoure of riok.

With regardo to reacon behind volatility there hoave been
divergent viewo by variouc cectiono of economictc. Some
believe that market volatility can be explained entirely by the
information provided to the market. They believe that every
new information in the market have impact on market volatility.
While other cectiono of economictobelieve that any economic
or external factor doeonot have any impact on market volatility.
It io only the poychological or cocial belief of inveotoro that
influence the market volatility. Volatility may be termed oo
inevitable market experience aca reoult of cloce acoociation or
interactiono between fundamental, information and market
expectation.

Accertaining volatility trendo or modeling of volatility aido in
efficient and effective inveatment otrategiec and portfolio
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management. Srinivacon and P. Ibrahim (2010) uced GARCH
claco modelo ranging from Simple-GARCH (1,1) to relatively
complex GARCH modelaolike EGARCH and TGARCH for modeling
the volatility and forecacting the conditional variance of BSE
SENSEX-30. Aman Srivactova (2008) uced GARCH- clacomodelo
to two major Stock Exchangeoof Indian Stock Market to analyze
their characterictico of volatility and found adignificant ARCH
effecto Hiootudy aloo demonatroted the exiotence of leveroge
ond aoymmetric effect in Indian Stock Market. Madhuoudan
Karmarkar (2007) invectigated the Heterookedacticity behavior
of Indian Stock Market by uading different GARCH modelo. He
invectigated the aoymmetric volatility in Indian Stock Market by
employing EGARCH. Karmarkar found that volatility io
aoymmetric function of pact innovation ricing proportionatey
more during market decline and woo evidenced thot return io
not dignificantly related to riok.

Srinivacan €t ol (2010) uced number of forecacting modelolike
Roandom Walk, Linear Regreocoion, Moving Average, and
Autoregrecoive modelo on NSE daily returno to evaluate the
forecacting performance of the came. To evaluate the came,
they uced two forecacting error otatictico by conddering the
Root Mean Square Error (RMSE) and the Mean Aboolute
Percentoge Error (MAPE) for tecting the return charoacterictico.
The findingo cuggeoted thot according to RMSE ctatictico the
autoregreoadive modeloand Linear Modelorationally chared and
ranked firot for out of the cumple forecactoin the linear modelo.
In addition their findingo alco ouggeoted that one coannot
conclude that the oucceoo or failure of a particular type of
forecacting model applied to one type of market carriccover to
different market becauce the adize and liquidity of market can
offect the quality of volatility fore cacto.

R. Krichnan and Conan Mukherjee (2010) identified among
GARCH modelo that beot deccribe the Indion Stock Market
Volatility by building Volatility modelo ucing traditional GARCH
modelo that account for aoymmetry and celecting a ouitable
model by neating through Box-Cox Tranoformation a family of
GARCH modelo. Their reoulto confirmed the precence of
leverage effect in the otock market. They aloo chowed that it io
the omaller chockothot affect the returncin Indian Stock Market
ond dominate the newo impact curve that the large chocko.
Another typical feoture they chowed that the on trading dayo
haobeen found to be accounting for adizeable portion of return
variance contributing almoot one fourth aomuch to volatility oo
any trading day.

Rakeoch Kumar and Ragj S. Dhankar (2011) invectigoted the
aoymmetric noture of U. S. Stock Market return and effect of
heterookedacticity on otock return volatility. They oloo oanalyced
the relotionohip between otock return and conditional volatility
ond otandard redidualo. Their otudy applied GARCH (1,) AND
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targarch (1,) to teat the heterookedacticity and aoymmetric
nature of otock market returnc reopectively. The otudy
ouggeoted the precence of non lingariy, heteroockedacticity
effect and aoymmetric nature of ctock ereturnc. Their finding
brought out the eocential elemento of modern inveotment
theory that inveotoro adjuct their inveotment decicion with
recpect to expected volatility, however they tend to earn extra
rick premium for unexpected volatility.

Saileoh Raotog and Vinay. K. Srivactava uced time varying baced
GARCH proceoo to capture change in volatility and ctudy ito
impact on Indion SecuritieoMaret. They compared the change
in volatility of Indian Stock Market with U.S. Stock Market. M.
Selvam €t.al. (2007) invectigoted the dynamic behavior of Stock
Return of ten market indicec from Adian countriec uding
oymmetrc GARCH (1, 1) model for a period of one year from
January 2006 to December 2006. Sharmila Jayoouriya st.al.
(2009) ectimated equity market volatility ucing an acoymmetric
power GARCH model. The mognitude of acoignment volatility
for ceveral emerging and mature marketo wac ectimated for
threg oub periodo.

J. XU (1999) uading Shanghai daily otock returnodata, ctudied the
modelo for otock market volatility by comaparing GARCH,
EGARCH, oand GJR GARCH modelo. He found that the GARCH
model that accounto for time varying volatility io a ouitable
model. Nicholac Apergioc and Sophia Eleptherine (2001)
inveotigated the volatility of AthenoStock exceaoreurncover the
period 1990-1999 through the comparicon of variouc
conditional Heterookedacticity modelo. The empirical reoulto
indicated that there io dignificant evidence for aoymmetry in
otock returnoc which ioc coptured by a quadratic GARCH
opecification model.

Saint Kuttu (2014) uced multivariote VAR-EGARCH model to
examine the return and volatility dynamico between their
traded adjucted equity returnofrom Ghona, Kenyao, Nigeriaand
South Africa. The findingo ouggeoted a reciprocal return opill
over between Ghan and Kenya and between Nigeriaand South
Africo. Prachant Joohi (2010) invectigated the otock moarket
volatility in emerging otock marketo of India and China ucing
daily cloding price from 1ot January 2005 to 12th May 2009. The
reculto detected the precence of non-lingarity through BDSL
teot while conditional heteroockedacticity wacide ntified through
ARCH-LM tect. The findingo revealed thot the GARCH (1,)
MODEL oucceoofully captureo the non linearity and volatility
cluotering. Hojotallah Goudarzi and C. S. Ramanarayan (2010)
eotimated the volatility of BSE-500 otock index and ito related
otylized facto over 10 periodo ucing ARCH modelo Their otudy
concluded that GARCH (1,1) MODEL explaino the volatility of
Indioan Stock Market and ito otylized facto including volatility
cluctering, fot tail and mean reverting cotiofactorily.
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WicoGunaadinghe (2005) examined the integration behavior and
volatility opillover tranomiooion acrooothe otock marketo of Sri
Lanka, Indio and Paokiotan ofter liberalizotion policiec were
initiated in the early 1990’c. He examined the wayoin which two
iooueo could relate to movement of otock pricec and then
invectigated the impact of thioc on the corregponding cotock
marketo ucing correlation onalycio, a multivariate Co-
Integration Teot and Generaliced Impulce Reoponce (GIR)
functionobaced on one factor model.

Jingle Xing (2011) empirically analyced the Chinece Stoc Market
behavior by chooading the data from Shanghai Compoadite Index
and Shenzen Stock Index. The otudy uced ARIMA-EARCH-M (1,
1) and ARIMA-TARCH (1, 1) model to analyce the volatility of
financial time ceriec with the characterictico of cluctering,
aoymmetry, and peak and fot tailo. Giorgio Canarella and
Stephen. K. Pollard (2007) uced Markov Switching ARCH
(SWARCH) model to document the precence of high volatility
regimecin dix Lain American countrieoconaicting of Argentina,
Brazil. Chile, Mexico, Peru and Venegzuela. They found four high
volatility epicodec each acoocioted with gither a local (The
Mexicon Cridio of 1994, The Bozilion Cricic of 1998-1999, The
Argentenian Cricicof 2001-2002) or aworldwide financial cricio
(The Adian Financial Cricio of 1997). However it woo revealed
that the effectoof each financial cricio are chort lived and that
between two and four montho after sach cricio, all market
returnto low volatility regimea.

Hokan Berument and Hall Kiymaz (2001) otudied the Day of the
Week effect on otock market volatility by ucing S&P 500 market
index during the period of January 1973 and October 1997. The
findingoohowed that day of the week effect are precent in both
volatility and return equationo. They obcerved the higheot and
loweat return on Wedneaday and Monday and the higheot and
loweat volatility on Friday and Wedneaday reopectively. Curto
et.al. (2009) diccuooed the alternative conditional dictributive
modelo for the daily returnc of U.S., German and Portuguece
main ctock market indiceo, conaidering ARMA-GARCH Modelo
driven by Normal Student’c T and otable Paretion dictributed
innovationo. They found that GARCH model with otable
Paretion innovationo fito returno clearly better than the more
popular Normal Dictribution and dightly better than Student’cT
Dictribution. John. J. Binder and Malthiac. J. Mergeo (2001)
examined the ability of rational economic factoro to explain
otock market volatility. They propoced a cimple model of the
geconomy under uncertainty, which identified four
determinanto of otock market volatility viz. uncertainty obout
price level, the rioklecorate of intereat, the riok premium on the
equity and the rotio of expected profitoto expected revenuea.
Their recultowere uceful in explaining the poot behavior of otock
market volatility and in forecacting future volatility.

Methodology of modeling theVolatility Trends

Financial time oerieo like otock market returnc have
charactericticodiatinct from other economic cerieo. They have a
peculiar characteriotico whereby large changeo in cerieo are
followed by more large changeo and omall by omall changeo
which are termed ac Volatility Cluotering. Thicicaloco turned oo
Autoregrecoive Conditional Heterookedacticity (ARCH) in
languoge of financial econometrico. Volatility Cluctering ac a
charocterictic of equity returnoaloo mirrorothe Leptokurtic (fot
tailo) in returno dictribution with too many valueo near the
mean and in the tailoof the dictribution aoccompared to normal
dictribution. In ouch cerieothere lieo a negative aoymmetry in
diatribution of returnorather than normal dictribution. The very
objective of thio paper io to examine the dynamico of time
varying volatility of Indian ctock market with reference to BSE
SENSEX and CNX Nifty. The required daily return dotoa are
collected from official webdte of NSE, BSE and mongy
control.com. GARCH clacomodeloviz. GARCH (1, 1), EGARCH (1,
1) and TGARCH (1, 1) have been employed to depict the capital
market volatility oand to produce evidence of time varying
volatility.

General Auto Regressive Conditional Heteroskedasticity
(GARCH)

For Volatility ectimation, the GARCH (1,1) Model waopropoced
by Bollerdev (1986). The model for daily otock return ic
opecified acunder:

Mean Equation: Rt

Varionce Equation: o’,

c+et
2 2
2+, ,+B,0,

v v

Since o’ , iothe one period ohead forecact varionce baced on
paoct information, itiocalled the conditional variance. The above
opecified conditional variance equation io a function of three
termo : a conctant term (#), newo about volatility from the
previouo period, meaoured aothe lag of oquared recidual from
the mean equation (€°,,), and the loct period’ofore cact varionce
(6°.,). The GARCH (1, 1) Model acoumeo that the effect of a
return ochock on current volatility decline geometrically over
time. The model ioc condictent with the volatility cluctering
where large changeoin otock returnoare likely to be followed by
further large changeo. The amplitude of daily otock returnc
change in both the marketo. The magnitude of thio change io
cometimeolarge and cometimeoomall and ioctermed Volatility
Cluotering which iomeoaoured by GARCH Model. Many timeowe
witneoo that volatility io higher when pricec are falling than
when priceo are ricing which meano that negative returnc are
more likely to be aooociated with greater volatility than poaditive
returnc. Thiciotermed aoc aoymmetric Volatility Effect which io
not captured by GARCH (1, 1) Model.
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Exponential General Autoregressive Conditional
Heteroskedasticity (EGARCH) model:

Neloon (1991) propoced Exponentiadl GARCH Model which
allowo the conditional volatility to have aogymmetric relation
with paot doto. In EGARCH Model, the mean and variance
opecificationoare:

Mean Equation: R =¢+5,

Variance Equation: log(e]) -~ @+aloglo, )+ 0

&, &
1]y o B
T T

The left hand dide of above variance equation iothe logarithm of
the conditional variance. Thicimplieothat the leverage effectio
exponential and that the forecacto of the conditional variance
are guaranteed to be non negative. In EGARCH model a iothe
GARCH term that meaoureothe impact of lact period’cforecoot
variance. A poaitive a indicateo volatility cluctering implying
thot poditive otock price changeo are acoociated with further
poaditive changecand the other woy around. Biothe ARCH term
thot meaoureothe effect of newoabout volatility from previouo
period on current period volatility. #iothe meaoure of leverage
effect. The precence of leverage effect may be teated by the null
hypothedicthat the coefficient of the lact term in regrecoion ic
negative (#<0). The impoct io aoymmetric if thio coefficient io
different from zero. Ideally zioexpected to be negative implying
that bad newohaoabigger impact on volatility thon good newo
of equal mognitude. The oum of the ARCH and GARCH
coefficientg, i.e. a+B indicateo the extent to which a volatility
chockioperaiotent over time. The ctationary condition ico+p<1.
Since the value of zionon zero, the EGARCH model cupportothe
exiotence of aoymmetry in volatility of ctock returnc.

Threshold General Autoregressive Conditional
Heteroskedasticity (TGARCH) Model:

To accertain whether good newo or bad newo increacec
volatility, TGARCH Model wao developed independently by
Glooten, Jaganathan and Runkle (1993) and Zakoian (1994).

The opecification for conditional varionce in Threchold GARCH
(1,1) modelic:

G'rz =o+(a+ ?’Ir-l}sii + ﬁﬂil

Here the dummy varioble /., ioc an indicotor for negative
innovationoand iodefined by : /,,21if € ,<0and /,,20if g, 20.
In thio model, good newg, €, >0 and bad newo €, <0 have
differential effecto of on the conditional variance; good newo
haoan impact of a, while bad newohacan impact of a+ #. If #0,
then bad newo increaceo volatility, and we ooy that there ic
leverage effect. If #20, the newoimpact ioaoymmetric.
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Finally the beot ouited volatility model iochoocen by acoeaoing
the information criteria viz minimum Akaike Information
Criterion (AIC) minimum Baysdan Information Criterion and
Schwartz Information Criterion (BIC or SIC) and moximum Log
likelihood valuea.

Empirical Results and Discussions

Deacriptive Statictico of both BSE SENSEX and CNX Nifty chow
mean iocloce to zero. High Standard Deviation of 0.0159 of both
BSE SENSEX and CNX Nifty indicate high level of fluctuotion in
Index Returna. Negative value of ckewneoofor both BSE SENSEX
and CNX Nifty indicate aoymmetric tail extending more towardo
negative valueo than poditive one. The Kurtooic value of 7.98
ond 6.82 for BSE SENSEX and CNX Nifty reopectively io much
higher than 3 indicating thot the return dictribution iofat tailed
or Leptokurtic. The cerieafor both BSE SENSEX and CNX Nifty ic
non normal oaccording to Jarque Bera Teot which rejecto
normality ot 1% level.

Figure 1, 2, 3 and 4 reprecent the daily clocing price of returno
cerieofor BSE-SENSEX and CNX Nifty reopectively. The plotoof
BSE SENSEX and CNX Nifty cloding pricecindicote the precence
of Random Walk and Volatility Cluctering which impliec that
volatility changeoover time. The L-Jung Box ctaticticoQ (29) for
the returno cerieo are highly dignificant ot 1% level which
indicateo the precence of Auto-Correlation. ARCH LM Tect io
employed to accertoin the evidence of ARCH Effecto and the
came io aloo witnecoed. The precence of volatility cluctering
could be attributed to high kurtodiovalueo. Precence of ARCH
effecto juctifiec the uce of GARCH type modelo for the
conditional variance. Morgover ADF teot and KPSS teot were
employed toteot the ctationarity of return cerieoand the reoulto
are chown in Table 1. The cummary otaticticoof the return ceriec
beot decacribeo the unconditional leptokurtic dictribution
volatility cluctering and pooce codignificant ARCH effecto.
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Table 1: Summary of Statistics

Descriptive Statistics BSE-SENSEX NSE CNX Nifty
Mean 0.000426010 0.000422576
Median 0.00106308 0.00107693
Minimum -0.118092 -0.130539
Moximum 0.159900 0.163343
Standard Deviation 0.0159994 0.0159324
Skewneoo -0.171483 -0.279197
Kurtoodio 6.82642 7.98624
Jarque Bera Teot 6801.31 9317.35
(Probability) (0.000) (0.000)
ADF Teat (No Conatant, No Trend) -11.4971 -10.726
ADF (Conctant) -11.6031 -10.8459
ADF (Conctant and Trend) -11.6026 -10.8443
KPSS Teot 0.121387 0.102052
Ljung Box (Q) Statictic 23.5255 23.9121
Sample Size 3494.00 3489.00
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Figure 1: Time Series Plot for Close Price of BSE-SENSEX from year 2000 to year 2014
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Figure 2: Time Series plot for Stock Returns for BSE SENSEX for year 2000 to year 2014
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Figure 3: Time Series Plot for Daily Closing Price of CNX Nifty for year 2000 to year 2014
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Figure 4: Time Series Plot for Stock Returns of CNX Nifty for year 2000 to year 2014

Table 2 and 3 chowothe eatimatecof GARCH (1, 1), EGARCH (1,
1) and TGARCH or TARCH (1, 1) modelofor both BSE SENSEX and
CNX Nifty reopectively. Table 2 and 3 revealo that in cace of
GARCH (1, 1) Model for both BSE SENSEX and CNX Nifty the cum
of ARCH and GARCH term i.€. (a+B) haobeen very cloce to one
whichindicatecthat the volatility chockoare very perdictent and
point towardothe precence of covariance ctationary model with

high degree of peraictence and long memory in the conditional
variance. Here it io clear that bulk of information come from
previouo day forecacto i.€. around 85% in cace of both BSE
SENSEX and CNX Nifty reopectively. The new information
changeothioalittle and the long run average variance haovery
omall effect.

Table 2: GARCH (1, 1), EGARCH (1, 1) and TGARCH (1, 1) Models for BSE SENSEX

Model: GARCH (1, 1) [Bollerslev] (Normal)*

Dependent variable: R

Sample: 2000/04/04-2014/03/31 (T = 3494), VCV method: Robust

Conditional mean equation

Coefficient std. error z p-value
Conot |0.000975998 0.000215007 4.539 5.64€-06%**
Conditional variance equation

Coefficient std. error z p-value
Omega | 5.13537¢-06 1.56004¢-06 3.292 0.0010***
Alpha 0.126863 0.0199529 6.358 2.04e-010***
Beta  [0.854089 0.0225750 37.83 0.0000***

Llik: 10085.36258

AIC: -20162.72517

BIC: -20138.08996

HQC: -20153.93239

Dynamico of Time Varying Volatility of Indian Stock Market: Evidence from BSE & CNX Nifty
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Model: EGARCH (1, 1) [Nelson] (Normal)

Dependent variable: R

Sample: 2000/04/04-2014/03/31 (T = 3489), VCV method: Robust

Conditional mean equation

Coefficient std. error z p-value
Conct |0.000515389 0.000260221 1.981 0.0476**
Conditional variance equation

Coefficient std. error z p-value
Omega |-0.473319 0.0845245 -5.600 2.15e-08%**
Alpha 10.234332 0.0270768 8.654 4.96e-018***
Gamma] -0.0855040 0.0170656 -5.010 5.43e-07%**
Beta  [0.966079 0.00874092 110.5 0.0000***

Llik: 10106.92574 AIC: -20203.85149

BIC: -20173.05748 HQC: -20192.86051

Model: TARCH (1, 1) [Zakoian] (Normal)

Dependent variable: R

Sample: 2000/04/04-2014/03/31 (T = 3494), VCV method: Robust

Conditional mean equatio

n

Coefficient std. error z p-value
Conct [0.000515104 0.000214975 2.396 0.0166**
Conditional variance equation

Coefficient std. error z p-value
Omega [ 8.39995¢-06 2.10843¢-06 3.984 6.78e-05%**
Alpha ]0.128581 0.0156726 8.204 2.32e-016***
Gammaf 0.395571 0.0754199 5.245 1.56e-07***
Beta |0.863816 0.0172745 50.01 0.0000***

Llik: 10105.67131

AIC: -20201.34263

BIC: -20170.54861

HQC: -20190.35165
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Table 3: GARCH (1, 1), EGARCH (1, 1) and TGARCH (1, 1) Models for CNX Nifty

Model: GARCH (1, 1) [Bollerslev] (Normal)*

Dependent variable: R

Sample: 2000/04/04-2014/03/31 (T = 3489), VCV method: Robust

Conditional mean equation

Coefficient std. error z p-value
Conct |0.000940610 0.000219153 4.292 1.77e-05***
Conditional variance equation

Coefficient std. error z p-value
Omega | 5.54463¢-06 1.75236g-06 3.164 0.0016***
Alpha ]0.126984 0.0209010 6.075 1.24e-09***
Beta [0.853162 0.0234635 36.36 1.75g-289***

Llik: 10042.90591

AIC: -20077.81182

BIC: -20053.18234

HQC: -20069.02044

Model: EGARCH (1, 1) [Nelson] (Normal)

Dependent variable: R

Sample: 2000/04/04-2014/03/31 (T = 3489), VCV method: Robust

Conditional mean equation

Coefficient std. error z p-value
Conct |0.000539504 0.000264441 2.040 0.0413**
Conditional variance equation

Coefficient std. error z p-value
Omega |-0.521224 0.0976176 -5.339 9.32€-08%**
Alpha 0.242385 0.0282976 8.566 1.08e-017***
Gamma] -0.0921352 0.0184519 -4.993 5.94e-07***
Beta [0.961150 0.0102844 93.46 0.0000***

Llik: 10069.08070

AIC: -20128.16139

BIC: -20097.37454

HQC: -20117.17217

Model: TARCH(1,1) [Zakoian] (Normal)

Dependent variable: R

Sample: 2000/04/04-2014/03/31 (T = 3489), VCV method: Robust

Conditional mean equation

Coefficient

std. error

z p-value

Conat

0.000540272

0.000214677

2.517 0.0118**

Dynamico of Time Varying Volatility of Indian Stock Market: Evidence from BSE & CNX Nifty
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Conditional variance equation

Coefficient std. error z p-value
Omega | 9.53577¢-06 2.41702¢-06 3.945 7.97€-05%**
Alpha 0.134023 0.0167241 8.014 1.11e-015***
Gamma] 0.414067 0.0764776 5.414 6.16€-08%**
Beta [0.855009 0.0186384 45.87 0.0000***

Llik: 10067.54609 AIC: -20125.09218

BIC: -20094.30533 HQC: -20114.10296

In cace of EGARCH (1, 1) the oum of ARCH and GARCH
coefficientoi.e. (a+pB) indicate the extent to which a volatility
ohock io peradictent over time. Here dince (a+pB) for both BSE
SENSEX and CNX Nifty haobegen greater than one i.€. 1.19 and
1.20 for BSE SENSEX and CNX Nifty reopectively which pointo
towardo non ctationary condition. Since # #0, EGARCH model
oupporto the exiotence of aoymmetry in the otock return. A
negative value of #i.€. -0.0855 and -0.092 for BSE SENSEX and
CNX Nifty reopectively chowothat bad newchacabigger impact
onvolatility than good newoof come mognitude.

In TGARCH or TARCH (1, 1) model, the good newchoaoon impoct
of 0>0.1285and a>0.134 on volatility of BSE SENSEX and CNX
Nifty regpectively. Bad newohaoan impact of (a +2) =2 0.51 and
0.54 on the volatility of BSE SENSEX and CNX Nifty reopectively.
Since # # 0, it can be concluded that the newo impact io
oaoymmetric and there ioprecence of leverage effect. The Value
of (a+B+#/2) haobegen 1.190183 and 1.196066 for BSE SENSEX
ond CNX Nifty reopectively which chowo that the conditional
variance io not otationary. On the bacic of Akaike Information
Criterion (AIC), Bayedian Information Criteron or Schwartz
Information Criterion (BIC or SIC) and Maximum Likelhood ratio
(Llik), EGARCH (1, 1) modelo ic the moct fitting model with
minimum AIC, BIC or SIC and maximum Llik for both BSE SENSEX
and CNX Nifty reopectively.

Conclusion

Forecacting and Modelling Volatility haocbecome an important
area of recearch in financiol marketo. Characterictico of Indian
Stock Market Volatility have been aimilar to many other major
developed and emerging otock marketo. It haowitneooed auto
correlation and negative aoymmetry in daily returno. It icchown
that aoymmetrical GARCH Modelo have outperformed
oymmetrical GARCH Modelo. Ac chown in EGARCH (1, 1) and
TARCH (1, 1) Model, negative newo have greater impact have
greoter impact on volatility of Indian Stock Market aocompared
to good newo of equal magnitude. The Conditional Variance in
both BSE SENSEX and CNX Nifty hacbeen non ctationary.
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