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Abstract:

This study employs the daily data of the Stock Exgje of Thailand to test for the leverage
and volatility feedback effects. The period of istigation is during January 4, 2005 to
December 27, 2013, which includes the Subprimésgpisriod in the US that might affect the
volatility of stock market return in emerging statlarkets. The results from this study show
that the US subprime crisis imposes a minimal p@simpact on volatility. In addition, the
estimations of the three parametric asymmetric tilitfamodels give the results showing
some evidence of the volatility feedback and legeraffects. The findings give implications
for portfolio diversification and risk management.
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1. Introduction

The notion that stock index return is negativelyrelated to its own volatility is still
controversial. Furthermore, an empirical questisnwihether stock return shocks drive
changes in volatility or volatility drives stockdax return. The leverage effect posits that
stock return shocks lead to changes in conditivokitilities (see details in Black, 1976, and
Christie, 1982). If leverage takes effect, negatigrirn shocks lead to higher subsequent
volatilities. By contrast, the volatility feedbaeKfect posits that changes in conditional
volatility lead to changes in stock return shockse(Bekeart and Wu, 2000, among others).
For the feedback effect, anticipated increasesolatiity can result in negative return and
vice versa. Nelson (1991) finds a negative risknretrelationship. Campbell and Hentschel
(1993) employ a simple model called a quadraticegaized autoregressive conditional
heteroskedastic (QGARCH) model and conduct an egpbin to the U. S. monthly and daily
stock returns. They find that volatility feedbackshlittle effect on return, but can be
important during the period of high volatility. Heaon and Zhang (1999) examine the
relation between expected stock returns and camditivolatilities over different holding
periods and across different states of the econdingy find a significantly positive risk-
return relation at long holding periods, but noshort holding periods. They conclude that
the existing finding of a negative relation in thHeedback effect may stem from
misspecification. Bekeart and Wu (2000) investigetgmmetric volatility at the firm and the
market levels and test for the leverage and vilaféedback effects using the data of Nikkei
225 stocks. Their evidence supports the volatifidgdback effect and rejects the pure
leverage effect. Xing and Howe (2003) find eviden€gositive risk-return relationship in
weekly data of the UK stock market when the worlarket return is taken into account, they
posit that the UK stock market return not only defseon its own variance, but also depends
on its covariance with the world market return. ifhevidence disproves the negative



feedback effect.Brandt and Kang (2004) find that the conditionairelation between the
mean return and volatility is negative, but theamuitional correlation is positive due to lead
and lag correlation.

Bollerslev et al. (2006) find a negative relaticipshetween volatility and past and future
returns using high-frequency aggregate equity india and find that high-frequency data
may be used to assess volatilities asymmetriesaily deturn horizon. Zivot (2008) finds

asymmetric effect for the S&P500 index return. Eugon and Guan (2010) also find

asymmetric effect in the US stock market. Haterand Irandoust (2011) find that volatility

negatively causes return. Their finding thus sufgpadhe volatility feedback effects.

Mukhopdhyay and Sarkar (2013) find evidence of i§icgnt leverage effect in the Indian

stock market. Tanha and Dempsey (2015) find thairtipact on the Australian stock market
volatility is higher following negative shocks th&ollowing positive shocks of the same
magnitude. Their finding is consistent with theypoes findings in the US stock market.

In the present study, we use three parametric gbred autoregressive conditional
heteroskedastic-in-mean (GARCH-M) models to applyhie daily stock market return data
of the Stock Exchange of Thailand during Januarg@)5 and December 27, 2013. The
results reveal that the volatility feedback andelage effects are present in the Thai stock
market even though the effects are not very roldust. paper is organized as the following.
Next section presents data descriptions and thienasin methods. Section 3 presents
empirical results. The final section concludes.

2. Data and M ethodology
2.1 Data descriptions

We employ daily data obtained from the Datastreamtlie sample period starting from
January 4, 2005 to December 27, 2013. This sam@l®d includes the Subprime crisis
originated from the U. S. in the period from Septem2008 to February 2009. The Subprime
crisis can impose the impact on international stoekkets especially emerging stock markets
(see Dooley and Hutchison, 2009). The phase ofctless causes the disruption of trade
credits that support exporters and importers by dbenter party risk and deleveraging
generated by the bankruptcy of the major playenternational credit markets. The phase of
the crisis is hypothesized to be a recoupling péricial markets in the US and emerging
markets. Therefore, we test for the impact of ti&edubprime crisis on conditional volatility
in the Stock Exchange of Thailand. The time settaset comprises 2,195 observations.

The descriptive statistics of stock market retgrneiported in Table 1. The mean of the daily
returns is close to zero. The series is negatigskBwed. In addition, the return series is
leptokurtic compared to normal distribution. Theqlee-Bera statistic indicates that the stock
market return is not normally distributed.

Since the test statistic for a unit root is gre#it@n the critical value at the 1 percent level of
significance, we can conclude that the daily mar&girn series is stationary because the null
hypothesis of unit root is rejected. Furthermadne,daily return series exhibits the presence of
ARCH effect. Therefore, the parametric GARCH modsisuld be suitable for estimating
conditional volatility.

! Recently, Salvador et al. (2014) analyze the miskn relationship in 11European stock
markets and find a robust risk-return tradeoff idow volatility periods. However, the
tradeoff is reduced or insignificant in the higHatdity periods.



Table 1 Descriptive statistics of equity sector index retu

Mean 0.0003

Median 0.0007
Maximum 0.1058
Minimum -0.1606
Standard deviation 0.0140
Skewness -1.0097
Kurtosis 17.21
Jarque-Bera statistic 18,847.53
ADF statistic (constant only) -10.715 (0.000)
ARCH: @*(4) 298.58 (0.000)
Number of observations 2,195

Note: The number in parenthesis is p-value.

2.2 Estimation methods

We employ the GARCH-in-mean or GARCH-M models t@toae the volatility feedback
effect. Since Engel and Ng (1993) have proved thatthreshold GARCH (TGARCH) or
GJR model of Glosten et al. (1993) and Zakoian 41%nd the exponential generalized
autoregressive conditional heteroskedastic (EGARGiddel of Nelson (1991) perform
better than the GARCH model of Bollerslev (1986¢, thus use the GJR-M and EGARCH-M
models to estimate stock market return volatilidy (incertainty) for the leverage and the
feedback effects. The power GARCH or PGARCH modeppsed by Ding et al. (1993) is
also used. These three models are suitable bettasiclude past variances that affect the
conditional variances and exhibit asymmetric efféct

We assume that each return series follows the egressive of ordep (AR(p)) process,
which is specified by the mean equation in equafign

p
ro=by,+ > br, +co, +¢ ¢!
i=1

and the conditional variance equations are specifi@quations (2), (3) and (4).

af =q,+ alaf_ .+ azgtz_l + asg(—)f_l + oD, 2
&, &,
log(c?) = a + Blog(c?,) +y —— ; + ¢| o | + 0D, (3)
VO ‘O-t—l‘
and th =Qyt+ oy (Lgt—lj - 718t—1)6 + /81016-1 +dD, 4)

wherer is the stock market return, which is a stationsggies. The variable in the mean
equation is the conditional volatility, which caa bonditional variance or standard deviation

depending on the type of the GARCH model being u3ée variables(-1), , = &, , if
&4 20.1If a; =0, the model will collapse to the GARCH(1,1) modehich is symmetric.
If a3 > 0, negative return shocks have greater impagct fhasitive return shocks. For the

% The models are specified by Engle et al. (1987 pbpular GARCH model developed by
Bollerslev (1986) does not allow for testing foymsnetric effects of negative and positive
return shock.



EGARCH modelg in the mean equation lisg(¢®), which is corresponding to equation (3). In
the EGARCH specification, the log of conditionakiamce depends on its past value. The
coefficients are not restrictively non-zero. Thg td GARCH variance series as a measure of
equity index return volatility can be obtained frahe estimate of AR(p)-EGARCH(1,1)
model. If the coefficienty is non-zero, the impact of volatility on equitydax return is
asymmetric. Ify is positive, positive return shocks have greatapact on conditional
volatility than negative return shocks. On the caryt, the negative value gfimplies that
negative return shocks have greater impact on tondi volatility than positive return
shocks. Ify is zero, the model is symmetric. In the PGARCH-Md®l, o; andp, are the
ARCH and GARCH parameterg, is the leverage parameter, ahg 0, which is the power
parameter. The asymmetric effects are found wheésmnon-zero. We also test for the impact
of the Subprime crisis on the conditional volailitn doing so, the conditional variance
equations include the dummy variable D, which igluring the Subprime crisis and 0
otherwise. This dummy variable is designed to aaptine impact of the crisis that can affect
the conditional volatility. The period of the subpe crisis is from September 2008 to
February 2009.

3. Empirical Results

We first estimate equations (1) along with the esponding GARCH specifications in
equations (2), (3) and (4) of the GJR, EGARCH a@®@RRCH models, respectively. The
results are reported in Table 2. The Ljung-Boxistias show no serial correlation and no
further ARCH effects in the estimated models.

The results in Table 2 show that conditional véitgtnegatively causes stock market return
in the GJR, EGARCH and PGARCH models with the dogfifits of —0.181, —0.001, and -
0.196 respectively.It should be noted that the coefficient is muctyéa for the GJR and
PGARCH models than that of the EGARCH model, bet ldvel of significance is only 10
percent for the GJR model while the levels of digance for the PGARCH and EGARCH
models are 5 and 1 percent, respectively. Howetrex, estimated coefficient for the
EGARCH model is very small even though the levekighificance is high. Therefore, we
conclude that the feedback effect in the Thai stowcket is not strong, except for the
PGARCH model. The size of the impact of the subpritrisis on conditional volatility is
strong only for the EGARCH estimate. Therefore, @mnclude that the subprime crisis
imposes a minimal positive impact on conditionalatitity in the Stock Exchange of
Thailand. In addition, the null hypothesis that thiation is symmetric is strongly rejected in
thatas = 0.251 in the GJR modef,= -0.139 in the EGARCH model ang = -0.594 in the
PGARCH model. The estimated coefficientsagf> 0 andy < O indicate that large positive
and negative shocks positively affect conditionalatility, but the impact of negative return
shocks is much stronger. This is evidence of arsevé-shape phenomenon. Furthermore, in
the GJR estimatior, = 0.057 is small and significant. For the EGARGHiraation,y + ¢ =
0.099, which is positive and significant at the drgent level. However, the impact of
negative shocks is still more pronounced thandhabsitive shocks.

% In the PGARCH model, we set the pow&) équal to one. Zivot (2008) indicates that the
PGARCH model that is specified astend to be less sensitive to outliers than theehatth
the power of two.



Table 2 Results of the estimate of time series modelswfanetric volatility of stock market
return

Panel A: GJR-M model
(1) Mean equationr, =b, + byr,_, + c(o,) + &,

b() bl C

0.003 0.068 -0.181

(0.012)** (0.009)*** (0.057)*

(2) Variance equations; = a, + a,07, + a,&, + ae(=)7, + @D,

0o oy o2 o3 ®
2.10E-05 0.701 0.057 0.251 6.45-E05
(0.000)*** (0.000)*** (0.000)*** (0.000)*** (0.000)***

Log likelihood = 6,536.544
Q(4) = 0.888 (0.926), %04) =0.182 (0.996)

Panel B: EGARCH(1,1)-M model
(1) Mean equationr, = b, +byr, , +clog(c?) + &,

bo b, C
-0.010 0.053 -0.001
(0.060)* (0.029)** (0.045)**
(2) Variance equationiog(c;’) = a + flog(c?,) + 7 fra | glEaly @D,
Oia O
a B Y A @
-1.141 0.891 -0.139 0.283 0.148
(0.000)*** (0.000)** (0.000)*** (0.000) (0.000)***
Log likelihood = 6,552.380
Q(4) = 1.203 (0.878), ) = 0.182 (0.996)
Panel C: PGARCH(1,1) model
(1) Mean equationt, =b, +b,r, , +b,r,_, +c(o,) + €,
bo by b, C
0.003 0.051 -0.019 -0.196
(0.003)* (0.033)** (0.386) (0.021)*
(2) Variance equations, = a, +a, (&, |- 7:6.,) + SO, + @D,
Qo o 71 B ®
0.001 0.152 -0.594 0.779 0.001
(0.000)*+ (0.000)* (0.000)* (0.000)*+ (0.000)*

Log likelihood = 6,554.815
Q(4) = 2.496 (0.645), T4) = 0.972 (0.914)

Note: The number in parenthesis is the p-value. ***g@rfd * indicates significance at the 1,
5 and 10 percent, respectively.

The GJR, EGARCH and PGARCH models seem to be abbapture the leverage effects.
The PGARCH model is superior to the other two medelterms of log likelihood. The

EGARCH model performs reasonably well compared withresults of Ederington and Guan
(2010). We use a simple test for asymmetric effiedhe daily stock market return using
Corr(r?, r 1).* The correlation betweerf andr; is -0.172 and quite small for the series.

* The squared return series can be used as a @oiyefrealized volatility since the actual
volatility cannot be observed.



This negative and small correlation coefficientitades that the asymmetry effect might not
be strong in the case of an emerging stock maikesthe Thai stock market.

4, Conclusion

In this study, we examine how asymmetric volatibfythe Thai stock market is. Specifically,
we tests for the leverage and volatility feedbdf&ots. The daily data of stock market return
is used. The period covers January 4, 2005 to Dieee/, 2013 with 2,195 observations.
The impact of the Subprime crisis is also testect Mge three asymmetric GARCH-M
models, namely GJR, EGARCH and PGARCH models. ®wilts show that the three
models perform reasonably well in detecting asymimeblatility in the stock market. The
results show that (i) the volatility negatively sas return, which supports the volatility
feedback effect, (ii) the negative return shocksseshigher volatility than the positive shocks
at the same magnitude, which support the leverdfpete and (iii) the Subprime crisis
imposes a positive impact on volatility, but thigoact is minimal. The results from this study
give implications for diversification and risk maygment. International investors and
portfolio mangers should take into account of teedback and leverage effects when they
form portfolios that comprise emerging market sgock
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