4. The dynamic correlation-coefficient model

The multivariate GARCH meodel proposed by Engle (2002), which is used to estimate
dynamic conditional correlations (DCC) in this paper, has three advantages over other estima-
tion methods.'* First, the DCC-GARCH model estimates correlation coefficients of the
standardized residuals and thus accounts for heteroskedasticity directly. Second, the model
allows us to include additional explanatory variables in the mean equation to measure a com-
mon factor. In this connection, we include U.S. stock returns as an exogenous global factor,
rather than using the source of contagion (e.g., stock returns in Thailand) as an independent
variable. Third, the multivariate GARCH model can be used to examine multiple asset returns

without adding too many parameters.'® The parsimenious parameter setting permits us to deal
with up to 45 pair-wise correlafion-coefficient series in a single representation. The resulting
estimates of time-varying correlation coefficients provide us with dynamic frajectories of cor-
relation behavior for nafional stock-index refurns in a multivariate setting. This information en-
ables us to analyze the correlation behavior when there are multiple regime shifts in response to
shocks, crises, and credit-rating changes.

To start with, we specify the refurn equation as:
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Following the conventional approach, an AR(1) term and the one-day lagged U.S. stock
return are included m the mean equation. The AR(1) is used to account for the autocorrelation
of stock returns, which was found in almost all the markets under investigation, as reported in
Table 1. The lagged U.S. stock refurns have often been used to account for a global factor
(Dungey et al., 2003)."® The inclusion of the lagged U.S. stock returns is also based on the
empirical finding that U.S. stock returns play an important role in determining stock returns
in Asian countries and that Asian stock returns have no significant dynamic effect on U.S. stock
returns. Next, we specify a mulfivariate conditional variance as:
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where D, is the (n % #) diagonal matrix of time-varying standard deviations from univariate
GARCH models with \% on the ith diagonal, i =1,2,...,n; R, is the (n x 1) ime-varying cor-
relation matrix. The DCC model proposed by Engle (2002) involves two-stage estimation of the
conditional covariance matrix H,. In the first stage, univariate volatility models are fitted for
each of the stock refurns and estimates of \/]E are obtained. In the second stage, stock-refurn
residuals are transformed by their estimated standard deviations from the first stage. That is,
i = el,l/\@, where ;. is then used to estimate the parameters of the conditional correla-
tion. The evolution of the correlation in the DCC model is given by:
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where (= {qy,) is the # X a time-varying covariance mattix of u, O = Eluu] is the # % #
unconditional variance matrix of ,, and « and § are nonnegative scalar parameters satisfying

(a¢+ 8) < 1.7 Since ©, does not generally have ones on the diagonal, we scale it to obtain
a proper correlation matrix R, Thus,
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where (diag(@))”"* = diag({1/\/quie, - 1/ \/Gone)-

Now R,inEq.(4)isa correlation matrix with ones on the diagonal and off-diagonal elementsless
than one in absolute value, as long as (3, is positive definite. !> A typical element of R,is of the form:
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Expressing the correlation coefficient in a bivariate case, we have:
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As proposed by Engle (2002), the DCC model can be estimated by using a two-stage ap-
proach fo maximize the log-likelihood function. Let # denote the parameters in [}, and ¢
the parameters in R,, then the log-likelihood fund is:
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The first part of the likelihood function in Eq. (7) is volafility, which is the sum of individual
GARCH likelihoods. The log-likelihood function can be maximized in the first stage over the
parameters in I,. Given the estimated parameters in the first stage, the correlation component of
the likelihood function in the second stage (the second part of Bg. (7)) can be maximized to
estimate correlation coefficients.



5. Evidence from dynamic correlations for the hardest-hit country group
5.1. Estimates of the model

Table 3 reports the esfimates of the refum and cemdifional variance equafioms. The AR(1)
ferm in the mean equation is significantly positive for Thailand, Tndonesia, Malaysia, Phil-
ippines, and Singapore, while it is significanfly negafive for Hong Kong and Japan. This
fmding is in agreement with the evidence in the lterature in that the AR(1) is posifive in
emerging markets due to price friction or partial adjustment and that AR(1) is negative as
the presence of posifive feedback trading in advanced markets (Anfomiou et al., 2005). How-
ever, AR(1) is not significant for Korea, Taiwan, and the United States. Consistent with most
studies on Asian markets (Dungey et al, 2003), the effect of U.S. stock refums on Adan
stock retums is, on average, highly significant and consistently large in magnitude, ranging
from 0.155 (Indenesia) to 0.474 (Heng Kong). The coefficients for the lagged variance and
shock-squared terms in the variance equation are highly significant, which is consistent with
time-varying volatility and justifies the appropriateness of the GARCH(L1) specification.
Note that the sum of the estimated coefficients (see last colummn) in the variance equation
(@ +£) is close to unify for all of the cases, implying fhat fthe volafility displays a highly
persistent fashion.

Table 3

Estirnation teqults frot the DEC-GARCH model
Return squations Vatfance equations
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TE 0.0448 o5 Q2280 DOSLSTYT QETETTT Qlogrer 0587
(1.756) ©.173) (8733 4579 (88.771) (12057)

™ 0.0162 0218444 QIS5 DOISTH QBSA QI17H 1011
(0.372) (15.163) (8.778) (4.333) (131.86) (13.279)
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(3.224) (2.856) (14.090) (5.817) (117.59) (13.084)

XO 0.0145 0.0l Q34T DO4SATTT QBORTT Q.QE2TMY 0550
(0.498) (0.036) (12.374) (4.165) (19.678) (8.028)

HK Q.0885444 QO30T QATATHT DO3SIO OS2t QOSEH 0884
(4.532) ( 2368) (23.344) (6.018) (160.23) (13.712)
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{ 00es) ( 3284 (18.270) (7.457) (123.41) (13.332)

PH 0.0289 01574 028244+ DOSE2*T OBBBHM QOMBMY 0993
(1.165) (10.703) (11.773) (5.359) (97.065) (11.873)

sG QOASTH D049 Q33044 DO3LEH QEIOMY QDT 0581
(3.300) ©073) (18.451) (5.219) (85.734) (8.789)

TW 0337 0.015 Q264rtr DOEOTTYT QBITMT QDEEMT 0583
(1.124) (1.183) (3.080) (5.601) (105.85) (9.545)

us Q055914 0015 0OCATHH 084 QOS5I 0998
(3.568) (0.979) (3.434) (151.25) (8.624)

HNotes: See notes in Tible 24. US, represents US, stock retums. The estimates of the mean-reverting process are
& 0006 (7278) and  0.989 (48082). The persistence level of the atiance is caleulated as the snwmation of
the coefficients in the watiance equations (a +5). The etatistics ate in patenthesss. *44, 14, and * denote statistical
significance &t the 1%, 5%, and 10% levels with critical values of 2.58, 1.96, and 165, respectively.
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An advantage of using this model, as it stands, is the fact that all pessible pair-wise cor-
relation coefficients (45) for the 10 index retums in the sample can be estimated in a single-
system equafion. ” To simplify the presentation and reduce parameterizations in
calculafion, we examine the dynamic pattemns of comelation changes by focusing on the
hardest-hit markets, including Thailand, Indonesia, Malaysia, the Philippines, Korea, and
Hong Kﬁng?o
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