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Abstract

This paper compares and estimates standard and asymmetric GARCH models with
daily returns data of the DSI index (All Share Price Index) of the Dhaka Stock Exchange from
28 March 2005 to 30 November 2010. The maximum likelihood estimation (MLE) tech-
nique is used to estimate the parameters of the chosen models. Results indicate that GARCH
has lower log-likelihood than the asymmetric GJR-GARCH model, which implies that GJR-
GARCH model is a better performing model to estimate and to forecast volatility. Results
from other hypothesis tests indicate that volatility process has unit root i.e. volatility process is
nonstationary, expected returns do not always depend on volatility, and the conditional vari-
ance (volatility) of future asset price is a symmetric function of changes in price at Dhaka stock
market.
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I. INTRODUCTION

Modelling and forecasting volatility in fi-
nancial markets has received much attention
among researchers in the last twenty years.
Researchers conduct both theoretical and
empirical investigations of volatility forecast-
ing. The key reason behind the extensive re-
search of the volatility is that it plays a promi-
nent role in financial markets. Volatility is as-
sociated with the key attributes in investing,
security valuation, risk and uncertainty, risk
management, derivative securities pricing, and
monetary policy making. Taylor (2005) sug-
gests that volatility can be defined and inter-
preted in different ways. One of the ways is
volatility can be considered as a conditional
volatility which is the standard deviation of a
future return that is conditional on known in-
formation such as the history of previous re-
turns. A time-series model, selecting and es-
timating using appropriate data, can calculate
the expectation for the next period. The class
of ARCH models provides convenient and
accurate equations for volatility expectations.
These ARCH class models are
autoregressive, conditional heteroskedastic
models that specify the conditional variance
of the return in a specific period. One of the
ARCH class models is generalized
autoregressive conditional heteroskedasticity,
GARCH (1, 1), which is a weighted sum of
squared excess returns called innovations. In
this paper, we choose two classes of ARCH
models to estimate volatility. We compare
between the standard generalized
autoregressive conditional heteroskedasticity
(GARCH) and Glosten-Jagannathan-Runkle
GARCH (GJR-GARCH) models.

The class of ARCH models for forecast-
ing volatility has been used in financial econo-
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metrics literature. Empirical findings suggest
that GARCH is the most popular structure in
financial time series. However, some studies
infer that GARCH models are still poor in
forecasting volatility compared to historical
and implied volatility models while some other
studies do not find clear-cut results.

An earlier investigation to test the pre-
dictive power of GARCH appears in Akgiray
(1989). He compares the forecasts of monthly
variance obtained from four forecasting meth-
ods: Historical estimate, Exponentially
Weighted Moving Average (EWMA) fore-
cast, ARCH forecast, and GARCH forecast.
He finds that GARCH consistently outper-
forms all forecasting methods and GARCH
forecasts are less biased and more accurate.
Pagan and Schwert (1990) compare between
GARCH and Exponential GARCH
(EGARCH) models. Lee (1991) and
Randolph and Najand (1991) compare
GARCH with other volatility models. Both
papers suggest that GARCH does not work
as well because it tends to provide persistent
forecast, which is valid only in period when
changes in volatility are small. Brailsford and
Faff (1996) examine the ability of GARCH
and GJR-GARCH models along with other
volatility forecasting models to forecast the
aggregate monthly stock market volatility in
Australia. Their results suggest that GJR-
GARCH specification is the superior fitting
model in forecasting volatility. However,
Franses and Dijk (1996), Brooks (1998),
Bali (2000), and Pong et al. (2004) do not
recommend GJR-GARCH model in forecast-
ing volatility. Taylor et al. (2010) finds that
although model-free volatility expectation ard
at-the-money (ATM) implied volatility out-
perform other volatility models, asymmetric
GARCH model is better for short forecast



horizons.

The rest of the paper is organized as fol-
lows. Section II reviews the standard
GARCH and GJR-GARCH models.
Datasets are discussed in section III. Various
results such as parameter estimates from dif-
ferent volatility models and hypothesis tests
are reported in section IV. Section V con-
cludes.

II. MODELS

Generalized Autoregressive Conditional
Heteroskedasticity (GARCH)

The most popular ARCH specification is
the generalized autoregressive conditional
heteroskedasticity (GARCH) suggested by
Bollerslev (1986) and Taylor (1986).
GARCH model includes a lagged variance
term in the conditional variance equation
which is defined by:

h, = o+l -+ ph, (1)

This model has four parameters, 1, a,
and o. Theses parameters are constrained by
w=>0,a=0,and #= 0. It assumes that
conditional variance is never negative. The
major properties of a GARCH stochastic
process reported by Taylor (2005) are:

i. The process is stationary if &+ <1

ii. Theunconditional variance is finite

ii. Theunconditional kurtosis always ex-
ceeds three and can be infinite

iv. There is no autocorrelation between
randr, forallt>0

v. The correlation between the squared
residual s, = (7,- )*and S, _is positive for all
1> 0 and equals C(a + )", with C positive
and determined by both and f.
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The excess return innovations are:

g, = F~H
and the standardized residuals are:
r-u
z = vh 2)

z ~i.id N(O.1)

The GARCH model is popular in empiri-
cal research because of its smaller number of
parameters (only four) and it can be estimated
easily. However, the apparent success of
these simple parameterizations of the
GARCH model cannot capture some impor-
tant features of data such as leverage or asym-
metric effect. Asymmetric effect implies that
a fall in the stock market has a different im-
pact on the next day’s volatility than a rise of
the same magnitude. Nelson (1991) identi-
fies at least three major drawbacks of this
model: (i) there may be negative correlation
between current and future returns volatility
but GARCH models rule this out by assump-
tion, (ii) parameter restrictions in GARCH
models are often violated by estimated coef-
ficients and may unduly restrict the dynamics
of the conditional variance process, and (iii)
it is difficult to interpret whether shocks to
conditional variance persistin GARCH mod-
els because the usual norms measuring per-
sistence often do not agree. Glosten,
Jagannathan and Runkle (1993) develop
GJR-GARCH models that capture the asym-
metric effects. The GJR-GARCH model is
discussed next.

Glosten-Jagannathan-Runkle GARCH
(GJR-GARCH)

Asymmetry in the GJR-GARCH can be

introduced by weighting £ _differently for
negative and positive residuals:
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h =

A o +o0g’  +oZ € +

=1 =l
Bh,_, A3)
where S, , is the dummy variable which equals

to

{ Lifg,<0
0ife, =0
Returns (ignoring dividends) r,, and condi-
tional means p are defined by:
r, = loglp/p.)=ptE=pt
hz €))
B, = p+Avh+06e, ()
III. DATA

Daily returns data is used to model the
volatility. The DSI index (All Share Price In-
dex) of the Dhaka Stock Exchange is chosen
to test the volatility models. Data are avail-
able for approximately six years from 28
March 2005 to 30 November 2010 inclu-
sive when holidays and weekends are ex-
cluded. There are 1,368 observations for the
index. The daily returns are calculated as:

r, = m®/p,) ©)
where p, and p, | are current price and lag-
price respectively.

IV. ESTIMATION RESULTS AND HY-
POTHESIS TESTS

This section reports and discusses the
results of the parameter estimation of the DSI
index with daily return series to compare and
demonstrate the empirical properties of the
two GARCH models. One of the GARCH
models is the asymmetric volatility model. The
datasets cover the full sample period from 28
March 2005 to 30 November 2010.

Since the main focus of this paper is con-
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ditional variance, rather than conditional mean,
we concentrate on the unpredictable part of
the stock returns. Using the unpredictable
stock return series as the data series, we es-
timate the standard GARCH model as well
as another parametric model, GIR-GARCH
(Glosten-Jagannathan-Runkle) model, which
is capable of capturing the leverage or size
effects. These two models are reported for
the conditional normal distributions. The esti-
mation is performed using the maximum like-
lihood approach.

Table 1: Estimation Results of the DSI
Index (All Share Price Index), Daily
Returns

This table reports the estimation results
of two predictable volatility models for the
daily return of the DSI index (All Share Price
Index) of the Dhaka Stock Exchange. The
estimation is performed by the method of
maximum likelihood. The sample period is
from 28 March 2005 to 30 November 2010,
when weekend and holidays are excluded.
In the estimation results part of the table, the
numbers in parentheses (.) are the standard
erTors.

h, is the conditional variance on period ¢
and ¢ | is the unpredictable return on period
t-1. Parameter estimations are done for the

following models:
GARCH:

B = o+ alr, -+ B,
GJR-GARCH:

h: = ot ag?t—l * a-SI-ISZI«I+ ﬂhz-/

where

&, 1 -H,r=log?/p )=u+g
- 'ul " h11v’22r’ a“nd /J, =H +4 hr * 081-/



Parameter GARCH GJR-GARCH
ux 10° 1.1222 1.1352
Ax 10? -0.0086
(1.740623)
0 0.1147
(0.029366)
wx 107 0.2584 0.2557
(0.0000) (0.0000)
a 0.0001 0.0001
(0.000008) (0.000213)
o 0.0000
(0.000949)
B 0.9997 0.9997
(0.000056) (0.000106)
@ 0.9998 0.9998
(0.000056) (0.000106)
o?x 10° 2.5844 2.5128
LogL 4011.56 4015.71

Notes: Various constraints are used to
estimate the parameters of the selected mod-
els. Those are--- ® > 0, o> 0.0001, o + o~
>0,420,0<0.9999, > > 0. Log-likeli-

n
hood, log L (8) =le (6  where

L) = —- log(2m)—~ log(h,(6))
0)
for GARCH and GJR-GARCH-normal.

Table 1 presents the parameter estimates
of the selected models, standard errors, and
log-likelihoods for the daily DSI index. The
estimation results in Table 1 indicate that all

Estimating Dhaka Stock Market Volatility

the parameters, except A, are significant us-
ing the standard errors. A is negative and
insignificant estimate. This implies that the re-
lationship between the conditional mean and
conditional variance A, in Dhaka stock mar-
ket is not reasonable. The parameter corre-
sponding to the S & term in the GJR-
GARCH model is significant but approxi-
mately zero using the standard errors. It is
interesting to compare the estimate of awith
the estimates of « in the GJR-GARCH
model. With @ = 0.0001 and o = 0, the
squares of positive and negative residuals are
multiplied by @ = 0.0001 and ¢+ o =
0.0001 respectively. This indicates that posi-
tive and negative residuals have the same im-
pact on the conditional variance in the DSI
index returns. This result is inconsistent with
most stock market studies where negative re-
siduals have more impact on the conditional
variance than do positive residuals.

It can be seen that GARCH has lower
log-likelihood than the asymmetric GJR-
GARCH model. This indicates that the GJR-
GARCH model outperforms the standard
GARCH model in capturing the dynamic
behaviour of the DSI index returns.

To further understanding of these two dif-
ferent volatility models, some summary sta-
tistics, including the mean, standard deviation,
minimum, maximum, skewness and kurtosis,
are produced for each of the conditional vari-
ance series and are reported in Table 2.

Table 2: Summary Statistics of the Conditional Variance Estimate
This table reports the summary statistics of the estimated conditional variances of the DSI index
(All Share Price Index) of the Dhaka Stock Exchange. Daily returns data are used. The sample period is from
28 March 2005 to 30 November 2010, when weekend and holidays are excluded.

Mean Standard Skewnes Kurtosis | Minimum x 10° | Maximum x 10°
x 10° Deviation x 10°
GARCH 0.1558 0.5181 04472 -1.0016 0.1479 0.1664
GJR-GARCH | 0.1703 0.3138 0.6498 .7895 0.1654 0.1760
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Test for the Unit Root in Volatility

We test the null hypothesis Ho: ¢=1
against the alternative of interest H : g=<1

The following test results are for the vola-
tility persistence using the GJR-GARCH
model. The log likelihood Log L(6) is
4015.71. When the constraint ¢= 1 is ap-
plied, Log L(8,)) =4015.17. The likelihood
ratio (LR) test can be defined by the follow-
ing equation:

$u= -2logl(8)-logl())  (7)
where logL(6)) and logL(6) indicate the log
likelihoods for null and altemative hypotheses.
The test statistic is compared with a critical
value from the #’distribution. Thus the like-
lihood ratio (LR) test value is - 2(4015.17 -
4015.71)=1.08. Comparning with the %’
distribution, the null cannot be rejected i.e.
there is evidence in favour of unit root in the
Dhaka stock market volatility. This implies that
returns have permanent impact on future
volatility.

Testing the Relationship Between Ex-
pected Returns and Volatility

A positive relationship is apparently rea-
sonable between the conditional mean 4 and
conditional variance A from the following
equation:

B = p-A7h+ e,

We test the null hypothesis H,: 1=0

Against the altemative of interest H,: 1>0

The log-likelihood Log L(#) is 4015.71.
When the constraint A= 0 is applied the Log
L(6,) =4015.70. Hence the LR test value is
-2(4015.70-4015.71)=0.02. This value is
compared with the 21 distribution. Perform-
ing the Wald test, the absolute value of the
test statistic is_A~_where se (A)is the stan-

se(. i‘)
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dard error of A. The Wald test statistic is com-
pared with the 4 distribution with v degrees
of freedom. The Wald test statistic is the -
4.92892E-05 which is compared with a criti-
cal value from the normal distribution. Both
the LR and the Wald tests indicate that null
hypothesis cannot be rejected at any com-
mon levels of significance which implies that
A is not different from zero. Since here A is
statistically zero, we can say that it is insignifi-
cant. However, there is a controversy about
the sign and significance of 4. We find in our
study on Dhaka stock market that A is nega-
tive and insignificant estimate. Our finding is
consistent with Glosten et al. (1993). They
report negative estimates of A for excess re-
turns from the CRSP value-weighted market
portfolio. Poon and Taylor (1992) and Tay-
lor (2000) also find insignificant estimates of
A. However, Bollerslev et al. (1992) also state
that almost all of the early studies find A is
positive and significantly different from zero
at the 5 percent level. Blair et al. (2002) esti-
mate that A is positive for the daily returns of
the S&P 100 index with the null hypothesis A
=0 is accepted at the 10 perccent level.

Test for Asymmetry

This test shows whether positive and
negative innovations affect future volatility dif-
ferently from the prediction of the model.

We test the null hypothesis H,: o =0

Against the alternative H,: & =>0

The value of o that maximizes the log
likelihood log 1( ) is 0 and the maximized
log L(6)is4015.71. Thus the LR test value is
0. Comparing this value with the critical value
fromZdistribution cannot reject the null hy-
pothesis at 5 and 1 percent significance lev-
els. Accepting the null hypothesis indicates that



the conditional variance is a symmetric func-
tion of changes in prices in Dhaka stock mar-
ket. Increase in price has same impact on fu-
ture volatility from decrease in price. Alter-
natively the Wald test can be performed. The
Wald test statistic for a"is _@ . The
se(&)

parameter estimate of & is 0 and the stan-
dard error is 0.000949. Thus the Wald sta-
tistics for & is 0. Comparing this test value
with the critical value from the normal distri-
bution cannot clearly reject the null at 5 and 1
percent significance levels.

V. CONCLUSION

Researchers use different methods for
volatility forecasting and estimating. Different
volatility models perform differently at differ-
ent times. Empirical findings suggest that
GARCH is the most popular structure in es-
timating and forecasting volatility. Hence, in
this paper, we choose two GARCH models
and compare these models to see which
model performs better in estimating and fore-
casting volatility. The two GARCH models
that we choose are standard GARCH and
Glosten-Jagannathan-Runkle GARCH (GJR-
GARCH) models. These two models are
used for the conditional normal distributions.
Daily returns data is used to model the vola-
tility. The DSI index (All Share Price Index)
of the Dhaka Stock Exchange is chosen to
test the volatility models. We use the maxi-
mum likelihood estimation (MLE) technique
to estimate the parameters of the chosen
models. Results indicate that GIR-GARCH
model has higher log-likelihood than GARCH
model. This infers that GIR-GARCH model
is better performing model to estimate and to

Estimating Dhaka Stock Market Volatility

forecast volatility in the Dhaka stock market.
Some other hypothesis tests are performed
by using the likelihood ratio (LR ) and the Wald
test. Results from those tests indicate that
volatility process has a unit root i.e. volatility
process is nonstationary, expected returns do
not always depend on volatility, and the con-
ditional variance (volatility) of future asset
price is a symmetric function of changes in
price at Dhaka stock market.
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