Journal of
Economics
& Business

NORTH - HOLLAND Journal of Economics and Business 55 (2003) 487-502

Asymmetrical reaction to US stock-return news:
evidence from major stock markets based on a
double-threshold model

Cathy W.S. Chef, Thomas C. Chiany*, Mike K.P. S&

a Department of Statistics, Feng Chia University, Taichung, Taiwan
b Department of Finance, Drexel University, 3141 Chestnut Street, Philadelphia, PA 19104, USA
¢ Hong Kong University of Science and Technology, Hong Kong, China

Abstract

This paper examines the hypothesis that both stock returns and volatility are asymmetrical function
of past information from the US market. By employing a double-threshold GARCH model to investigate
six major index-return series, we find strong evidence supporting the asymmetrical hypothesis of stoc
returns. Specifically, negative news from the US market will cause a larger decline in a national stocl
return than an equal magnitude of good news. This holds true for the volatility series. The variance
appears to be more volatile when bad news impacts the market than when good news does.
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1. Introduction

As a result of increasing globalization and market integration, a substantial amount of re-
search has been devoted to the investigation of intermarket linkages among national stoc
indexes. Empirical studies of the relationship among international stock returns can be broad|
categorized into two areas: (i) investigation of common factors that affect cross-country stoc}
returns and variances and (ii) examination of the co-movements of national stock returns an
volatility spillovers.
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The main concern of the first approach to studying international market integration is a search
for common factors in each markdeon and Chiang (199anhdKasa (1992)by employing
Johansen’s (1988, 199¢tdintegration tests, show evidence to support the existence of a com-
mon stochastic trend in a system formed by the major global stock exch&mggsand Susmel
(1993)report that national stock markets are linked through their second moments. More re-
cent evidence presented Byshanspalli, Doukas, and Lang (199%0)ggests that a common
ARCH-feature is displayed in groups formed by the United States, Europe, the Pacific Rim,
and the corresponding world industry-return series. By emphasizing economic fundamentals,
Campbell and Hamao (199&)d that variables such as dividend yields (positively) and domes-
tic short-term interest rates (negatively) are helpful in forecasting stock returns in the US and
Japanese markets. However, the evidence reportéchlplyi and Stulz (1996)ndicates that
US macroeconomic announcements, shocks to the yen/dollar exchange rate and Treasury bill
returns, and industry effects have no measurable influence on US and Japanese return correla
tions. Rather, only big shocks to major market indices produce a positive and persistent impact
on the return correlation.

The second approach emphasizes the co-movements of stock returns and explores the dynam
ics of return covariances. On the basis of multi-market analysis, significant cross correlations
have been found in studies Bypch and Koch (1991 Koutmos and Booth (1995andKim and
Rogers (1995)Their findings indicate that national stock returns are significantly correlated and
that linkages among international stock markets have grown more interdependent over time.
Moreover,Ross (1989argues that market volatility is related to the information flow, sug-
gesting that information from one stock market can be incorporated into the volatility process
of another stock market. By utilizing the evolution of conditional variattamnao, Masulis,
and Ng (1990) Theodossiou and Lee (199hiang and Chiang (1996 hiang (1998xnd
Martens and Poon (2001ind supporting evidence for volatility spillovers among major stock
markets.

Our analysis of financial market integration takes the second route. The goal of this paper
is to contribute to the literature on transmitting stock return news from the United States to
Japan as well as to several European markets by considering an asymmetrical effect. In par-
ticular, we analyze index-return asymmetries by linking conditional mean to asymmetries in
the conditional variance since bad news in stock returns tend to cause higher volatility in stock
returnst

This study extends the existing literature in at least two ways. First, traditional studies focus
on correlations on cross markets that are located in proximate geographic areas. Our causal-
ity tests show that the US index plays a role in price leadership across global markets. This
is consistent with fact that the US market has long been the center of financial transactions
as well as the most influential producer of information. Modern technological advancements
and computerized trading systems have greatly facilitated the transfer of information from
market to market. As a result, investors tend to react more to news from the US market than
from other marketsBecker, Finnerty, & Friedman, 199kun & Shim, 1989Masih & Masih,

2001).

Second, instead of employing an AR-EGARCGkb(itmos, 1999or EAR-TGARCH model
(Koutmos & Booth, 1995 we include both autoregressive and cross-asset returns in our mean
equation. Moreover, we are also interested in examining the possibility of an asymmetrical effect
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on volatility in reaction to news emerging from the US market. To capture these features, we
propose a double-threshold autoregressive GARCH model (DTAR-GARCH), with the latter es-
timated by a Bayesian method. Rather than focusing on past stock-return information containe
in the autocorrelation ternAfnihud and Mendelson, 1987; Damodaran, 1993; Koutmos, 1997,
1998; Sentana & Wadhwani, 199%ve address past information derived from a dominant capi-
tal market and analyze asymmetries in returns and variances. Our findings provide a new aven
for processing information in a multi-market framework and shed some light on asymmetrical
effects on international asset returns.

The remainder of the paper proceeds as folloBextion 2describes the data used in this
study and presents some statistical properties of stock returns in a standard GARCH(1,1) spe
ification. Section 3provides the rationale and procedures for using a Bayesian estimation of
a DTAR-GARCH model Section 4presents the estimated results and compares the findings
with existing literatureSection 5contains concluding remarks.

2. Thedata and basic statistics
2.1. Data sample

The data consist of daily closing values for seven stock indices from January 1, 1985
through November 14, 2001. The data include the CAC 40 (France), Dax 30 (Germany), FTSI
100 (United Kingdom), Nikkei 225 Index (Japan), Swiss Market Price (Switzerland), Toronto
SE 300 (Canada), and S&P 500 Index (United States). The shorter observations for Franc
and Switzerland are constrained by the availability of data. All data were takenDaien
Sream International. Following the conventional approach, daily stock-return series are gen-
erated by taking the logarithmic difference of the daily stock-index times 100. Th&f is,

100- (logP; — logP,_1).

2.2. Basic statistics

To provide a general understanding of the nature of each market return, summary statistic
of daily returns are presented Tiable 1 The statistics include stock-index returns for mean
(n), standard deviatioro{), skewnessS), excess kurtosiscf, and Liung-BoxQ(10) values for
both returns and squared returns. The statistidabie lindicate that the US stock market has
performed best, with the highest returns and relatively low standard deviations. Canada and fou
European stock returns perform very similarly. However, the Japanese market appears to shc
a negative return and the largest standard deviation. The unfavorable Japanese stock retu
are attributable to the fact that the Japanese market has been experiencing a bear market si
1989, aggravated by the Asian financial crisis of 1997. Another characteristic of the stock-retur!
series shown iffable 1lis a high value of kurtosis. This suggests that, for these markets, big
shocks of either sign are more likely to be present and that the stock-return series may not t
normally distributed. Independence of the stock-index returns is less satisfactory, as seen
the rejection of the absence of first-order autocorrelation for the daily data. The existence a
autocorrelation may result from nonsynchronous trading of the stocks that make up the inde»
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Table 1

Summary statistics of daily stock-market returns

Statistics UK Canada Germany Japan France Switzerland US

" 0.0328 0.0253 0.0408 —0.0031 0.0300 0.0415 0.0436

o 0.9965 0.8621 1.3223 1.3672 1.2813 1.0956 1.0494
S —0.9823 —1.3526° —0.7312 —0.1397 —0.4254 —0.742% —2.6656

K 13.3836 20.4124 7.7928 9.1184 5.1063 8.9559 56.5461
LB(I0) 47.3576 75.5450 28.195% 39.1088 16.0123 21.4340 44.9256
LB?(10) 2058.37 1371.25 913.38 466.25 1174.2% 604.99 2137.53

N 4401 4401 4401 4401 3743 3488 4401

Notes. 1 ando are the sample mean and standard deviatiSiasid« are skewness and excess kurtosis; LB(10)
and LB?(10) are Ljung-Box statistics testing for autocorrelation in the level of returns and the squared returns up
to the 10th lag. The choice of 10 lags will provide statistics based on two weeks’ trading. The time period covered
is from 1/1/1985 to 11/14/2001 for 4401 observations, although France and Switzerland have shorter observation
periods due to a lack of data availability.

* Denotes significance at least at the 5% level.

It could also be due to market friction, producing a partial adjustment process. Next, statistics
on the LB*(10) are very large, indicating high dependency on the squared returns as well as on
the volatility of clustering phenomenon.

2.3. Causality tests

It is important to note that stock markets in different countries operate in different time
zones with different opening and closing times. Our focal point in this study is not designed to
investigate the impact of instantaneous stock news deriving from high frequency data, which
can be highlighted by the intra-day or tic-tac data. Rather, our intention is simply to examine the
effect of market closing information flowing from the US market to other major trading markets.
This is based to some extent on the fact that New York City market operations (the S&P 500
Index) are the last to close among the global exchanges under investigation. Closing news in
the US market at day ¢ 1) will have information content that allows investors sufficient time
to analyze market momentum and form optimal portfolio decisions in the subsequent Japanese
and European market trading dy.

For instance, let us writp!* and pS, as daily closing prices of FTSE 100 (United King-
dom) and S&P 500 (United States) indexes, respectively, wingre = 5 hours) is the time
difference of market closed between New York and London stock exchanges. Then, the time
sequence for the UK and US stock prices can be writtetpds ptS,.. p™, p¥, 1. ... }.
Correspondingly, the time sequence of stock returns involving the United Kingdom and the
United States igR™, RYS,  RY RS _.....}. The question is whether the information set
{R¥,, R .} makes significant contributions @t}¥.2 Expressing this notion for the countries
under investigation, we write:

R =do+¢1R_ +yuR,, 1 +e& (1)
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whereR! andR; are stock returns from countrie§: Canada, France, Germany, Japan, Switzer-
land, and the United Kingdom) apfthe United States), respectivedys, ¢1, andyr, are constant
parameterss, is a random error ternmis the time difference in market closings betweenithe
andj markets. The causal relationship, in the vein of the Granger test, can be examined by tes
ing the restriction ofy; = 0 (as shown irTable 2 or equivalently by checking the significance

of the F-statistics. Since a causality test is sensitive to the lag length for both lagged depender
and incremental variables, both optimal lag and one-period lag specifications are used to te
the causal sequencippendix Acontains the results of the Granger test. Fhstatistics show
consistently that the causal relationships have been dominated by information running from th
US market into the international markets, although a minor feedback is found from the Germat
and Japanese markets. On the basis of this statistical information, even with some overlappir
betweenr!_, andR/_,, both Ri_; andR/,,,_, information sets are shown to contribute to
explainingR;, and the evidence shows that US stock news has played a major role in explaining
international stock returns.

To follow the conventional approach and to provide a basis of comparison, we start with &
model, as shown iiq. (1) that includes only an autoregressive term and a lagged cross-asse
return as arguments in the mean equatidn.incorporate conditional variance into the system,
we follow Bollerslev, Chou, and Kroner (1998y employing a GARCH(1,1) process as:

h = ag + (115[2_1 + Bhi_1, (2)

whereh; is the conditional variancey, «1, andg are unknown parameters; ards a random
error term. Estimates dqgs. (1) and (2are presented ifable 2 which contains the posterior
means together with standard deviations¢y, (1, ¥1, «o, a1, B). The evidence shows that,
with the exceptions of Japan and Switzerland, the autoregressive terms are highly significant

Consistent with findings in the literatur&qutmos, 1998 the coefficients of the autocor-
relations for Canadian, French, and German terms are positive. However, a negative sign
found in the estimated equation for the United Kingdom, Japan, and Switzerland, althougt
only the coefficient for the United Kingdom is significant. With respect to cross-asset returns,
the hypothesis of independence in stock-index returns from the US market is uniformly re-
jected. The estimates of the coefficients are in the range of 0.300-0.435. The significance «
the US news variable is consistent with the findings derived from the causality test. In further
checking the variance equation, all the coefficients in the GARCH(1,1) model are significant
indicating that stock volatilities are characterized by a heteroscedastic process. Note that tf
average variance being measuredbf1 — o1 — 81) shows that Japan has the highest average
variance, significantly higher than other markets.

Itis important to verify the adequacy of a fitted GARCH model. This can be done by examin-

ing the series of standardized residuéds}, wherez, = é,/\/fzj. In particular, we calculate the
Liung-Box statistics for the series &fandz?, respectively, to check the adequacy of the mean
equation as well as the validity of the volatility equation. The Liung-Box statistics of the series
for standardized errors and squared errors, respectively, up to the 10th lag (two weeks) are r
ported in the last two rows dfable 2 Although these statistics have been reduced significantly
as compared with those shownTiable 1 inadequacy is found in GARCH models for Canadian,
French, and German markets. This indicates that some sort of non-linear specification may t



Table 2

Parameter estimates for the GARCH(1, 1) model

Coefficient UK Canada Germany Japan France Switzerland
o 0.0312 (0.0121) 0.0055 (0.0070) 0.040¢0.0161) 0.0295(0.0148) 0.0261 (0.0165) 0.055@.0151)
¢1 —0.034% (0.0162) 0.2068(0.0121) 0.0566(0.0159) —0.0164 (0.0158) 0.05330.0165) —0.0153(0.0191)
W1 0.300F (0.0153) 0.4350(0.0068) 0.3260(0.0213) 0.3724(0.0156) 0.3961(0.0190) 0.3197(0.0192)
oo 0.0215 (0.0047) 0.0061(0.0011) 0.0610(0.0090) 0.0194(0.0013) 0.0515(0.0102) 0.1014(0.0136)
o1 0.0841% (0.0106) 0.1010(0.0085) 0.1109(0.0117) 0.0988(0.0024) 0.0959(0.0092) 0.148%(0.0165)
B1 0.8930 (0.0145) 0.8867(0.0085) 0.8559(0.0137) 0.8948(0.0020) 0.8687(0.0140) 0.7597(0.0242)
apll —a; — By 0.9773 0.4480 1.7887 3.3310 1.4461 1.1066
LB(10) 14.2257 19.5984 41.1755 9.6277 45,7839 9.9322

LB?(10) 6.5124 10.9002 2.4807 4.3210 9.7634 0.9424

Notes. The estimated equations are as follows:

Ri=¢o+ p1R_; + WlR}f+m_1 +& and h, =ao+ae? + hi 1

The numbers in parentheses are posterior standard deviations.

* Indicates statistical significance at least at the 5% level.

6y
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necessary to be included in the variance equation. In addition, even though the syStEn(ir)

and (2)provides a framework to describe the daily asset-return behavior in a GARCH(1,1) pro-
cess, the estimated coefficients are fixed and fail to reflect the asymmetrical nature of mark
news. Moreover, a precise lagged length of the news variable that arrives in each market h:
not been detected. To examine whether the {) day stock-return news from the US market
will produce asymmetrical effects on the mean and variance equations with an appropriate tim
lag, we construct a threshold GARCH model characterizing regime switching, which we shall
discuss next.

3. Thedouble-threshold GARCH model
3.1. The model representation

The model we developed here is a double TAR-GARCH model, which is a generalization
of the double-threshold ARCH model proposedliyand Li (1996)and Chen (1998) This
model is characterized by several non-linear factors commonly observed in practice, such ¢
asymmetry in declining and rising patterns of a process. Our approach is to use piecewise line
models to obtain a better approximation of the conditional mean and conditional volatility
equations. The two-regime model is specified as:

1 1) pi 1
Rr_{¢é)+¢()R 1+1ﬁ§)Rt+md+8t |th+md r 3)
¢(2) + ¢(2)Rl 1 + v/(Z) Rier d + &t If Rt+m d >r
o ol s WR s
1.2, .® 2 @ @

wheremis the time difference between thandj markets;e, is a normal random error vari-
able, conditional on the information available at trmegl) with mean zero and varianbg
o, dP, v ol P, B, 2, 62, 92, a2, P, B, r andd are unknown parameters.
The posrtrve mteged is commonly referred to as a delay (or threshold lag)raisch threshold
value. The threshold variable in our model is an exogenous varigle, ,, rather than an
autoregression term, as that 8 ; in Li and Li (1996)or in Koutmos (1998) To recall, R

is the return of a market index amg{,,,_, is the lagged return of the US S&P 500 index.
According to the model specification, the dynamic structure of the mean equation is still depen
dent on an autocorrelation term and ‘lagged’ US market return; the variance equation follows i
GARCH(1,1) proces8 However, the model is divided into two different regimes in response to
bad newsg/.,,_, < r) and good newsl(wmfd > r) in order to capture the mean and volatility
asymmetries.

3.2. Estimation procedures

Classical estimation of parameters in the threshold class of models is usually done by |
least-squares or a maximume-likelihood method witindd prefixed. Estimates afandd are
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usually determined by using information criteria such as AIC and BHi§ay, 1998; Shen &
Chiang, 1999 The shortcoming of the sampling approach is that by fixiagdd in advance,
before estimating other parameters by least squares, the uncertairatgad cannot be taken

into account when performing statistical inference for other parameters. Moreover, the choices
of r andd are likely to be dependent on the criteria we choose for model comparison. To alleviate
the problems arising from predeterminingndd, we adopt a Bayesian approach, which allows

us to estimate andd as well as other parameters simultaneofSpecifically, we can generate
approximated samples from the posterior distribution of unknown parameters, inctlaiy

r, via Markov chain Monte Carlo (MCMC) method€ljen, 1998; Chen & So, 2003; Chib &
Greenberg, 1995The estimation procedures of Bayesian analysis are outlined as follows:

Step 1. Choose the prior distributiop(@), given by:
(@) x I(agl) > 0, a(l) + ,8(1) <1- I(a(z) > 0, a(z) + 6(2) <1 -I(a<r<b),

where® = @0, 60, ¥ 0 @ o, BV 42 ¢ Y@ 0@ @ g2 1. ay; 1() the indi-
cator function tha‘rI(A) = 1 if the eventA |s true;a andb are 25 and 75 percentiles of the
threshold variableg; . ,,, respectively.

Step 2. Sample iteratively fronp(@|Y) to generate a posterior sami@, ... @, whereN
is set at 20,000. The sampling is done in six blocks, includiig.(¢.", ¥{"), ( Palb, g1,
(¢<2> <12> (2>) (aéz) a<12> (2)) r. andd.

Step 3. Form@®, the point estimate a®, excepd, as the sample mean of the posterior sample:

“N-M
k=M+1
whereM = 10,000 is the number of burn-in iterations to attain convergencel.id\a discrete
variable, it can be estimated as the value occurring most frequently in the posterior sample.
Details of the above procedures are presented ikgpeendix B

4. Theestimated results

The Bayesian estimates of the equation systeigst (3) and (4jor the six stock markets
are reported iffable 3 The parameters are the corresponding values of posterior means, while
thedvalues (the third row from the bottom) are the posterior modes. The numbers in parentheses
are the posterior standard deviations of the unknown parameters. The estimations are divided
into two regimes based on the threshold variabfer each market, which is in the range
from —0.3389 t0—0.3901, with an average value 6f0.37/ An interesting point from our
estimation is that the dividing line between good news and bad news is not located at zero;
rather it depends on the threshold value. In the case of the United Kingdom, the result indicates
that any previous-day loss greater tha@.3389% in the US stock market is considered to be
bad news. A minor loss, such a$).1%, does not seem to constitute a significant enough threat
to make investors shift their portfolios. Moreover, our evidence shows that the information used



Table 3

Bayesian estimates for a double TAR-GARCH model

Coefficients UK Canada Germany Japan France Switzerland
o 0.1684 (0.0445)  0.1482(0.0210) —0.3942 (0.0330) 0.2096(0.0415) —0.3256 (0.0384) 0.2186(0.0644)
o —0.0780 (0.0320)  0.2042(0.0252) 0.0166(0.0310) 0.0619 (0.0325)  0.0104 (0.0342) —0.0179 (0.0438)
o 0.4493 (0.0409)  0.6352(0.0149) 0.4705(0.0347) 0.4874(0.0270)  0.4131(0.0354) 0.5310(0.0570)
2 0.0339 (0.0176)  0.0373(0.0093) 0.194%4(0.0174) 0.0636(0.0199)  0.1417(0.0193) 0.0936(0.0186)
2 —0.0137 (0.0190) 0.18540.0135) 0.0062 (0.0186) —0.0419 (0.0181)  0.0058 (0.0195) —0.0120 (0.0204)

Y 0.252% (0.0245)  0.4012(0.0132) 0.2655(0.0209) 0.2533(0.0270)  0.3852(0.0221) 0.2119(0.0269)

ay’ 0.0808 (0.0149)  0.0259(0.0047) 0.2312(0.0338) 0.0930(0.0173)  0.2170(0.0451) 0.3107(0.0386)

ol 0.106% (0.0170)  0.1109(0.0206) 0.1880(0.0224) 0.1307(0.0160)  0.1848(0.0300) 0.2810(0.0386)
o 0.8802 (0.0215)  0.8826(0.0216) 0.7872(0.0295) 0.8627(0.0170)  0.7860(0.0390) 0.6930(0.0438)

af 0.0174 (0.0067)  0.0040(0.0016) 0.0360(0.0129) 0.0038 (0.0030) 0.078@0.0226) 0.0799(0.0147)

o 0.0606 (0.0108)  0.0967(0.0121) 0.0979(0.0115) 0.0924(0.0096)  0.0697(0.0113) 0.0920(0.0155)
@ 0.8820 (0.0172)  0.8675(0.0164) 0.8307(0.0196) 0.893#4(0.0099)  0.8181(0.0283) 0.7262(0.0286)

r —0.3389 (0.0586) —0.3854 (0.0144) —0.3490 (0.0112) —0.3819 (0.0252) —0.3788 (0.0133) —0.390% (0.0146)

d 1 1 2 1 2 1

af J1—al? — Y 7.4849 5.3332 11.1520 20.4596 9.2973 15.4685

a?/1-a? — P 0.3034 0.1105 0.4985 0.2209 0.6923 0.4371

Notes. The numbers in parentheses are posterior standard deviations.
* Indicate statistical significance at the 5% levels.
** indicate statistical significance at the 10% levels.
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by investors is not necessarily restricted to the lag of one day. In the cases of the German and
French markets, the highest frequencydafccurred at lag two among lagg, 2, 3, 4.8 This

finding is consistent with the meteor-shower hypothesis in that innovations are transmitted from
one market to otherstp, Engle, & Lin, 1992.

As may be seen fromable 3 the Bayesian analysis of each stock-index return in reacting to
US market news exhibits different behavior. The estimated coefficients obtained from regime
1 (bad news) are much larger than those appearing in regime 2 (good news), displaying a
strong asymmetrical effect. Specifically, with the exception of Japan, the coefficiesh
and¢'? for Canada, Germany, and France consistently show a positive correlation, while the
coefﬁuents for the United Kingdom and Switzerland are negative. These results are similar
to our earlier analysis iffable 2 Despite the sign of the coefficients, the sensitivity of stock
returns in response to past information is much more profound in regime 1 than in regime 2.

The asymmetrical effect is more apparent and consistent in the coefficients of cross-asset
returns. This can be seen from the estimated mean equation in that the pricing behavior is
dominated by the element gM‘ inregime 1 andﬂ21 in regime 2. The statistics show not only
that the estimated coefficients for bo,tfl‘fl) andw ) are positive, but also that they are highly
significant. Moreover, the magnitude of the estimated coefficients for each market is uniformly
greater in regime 1 than in regime 2. If we compare the coefficigfitendy{? in Table 3with
in 1 Table 2 the coefficient/; of is clearly underestimated whetj,,, , < r, and appears to

be overestimated whey, ,,_, > rif the data fail to be discriminated by a threshold value. The
threshold model here certainly helps us explain the fact that bad news (regime 1) originating in
the US market produces a much more profound impact on current stock returns than does good
news (regime 2).

In all markets, coefficients on a GARCH(1,1) specification are highly significant, supporting
the phenomenon of volatility clustering. An examination of the coefficients describing the
volatility process reveals that the asymmetrical effect is also present in the variance equations.
This can be seen from the constant component of the varigficeersusx'” . In addition, the
value of the average variance inregime (/1 — o\ — g{")is much larger than thatin regime
2@ /1 - a? — BP), exhibiting an asymmetrlcal reaction to bad news versus good news. This
asymmetrlcal behaV|or displayed in the conditional variance may be attributable to the leverage
effect—bad news developed inthe US market gives rise to downward pressure on domestic stock
prices, leading to anincrease in the debt/equity ratio and therefore tBekkért & Wu, 200p°

One way to see whether the difference in the two regimes is statistically significant is to use
the reversible-jump, Markov chain, Monte Carlo meth@dden, 199bto engage the Bayesian
model selection between GARCH and TAR-GARCH models. This model selection procedure
is equivalent to testing whether the asymmetrical-volatility effect is significant. The main idea
is to compute the posterior probabilitipéM; |Y) and p(M2|Y) using MCMC methods, where
M; andM, denote GARCH and TAR-GARCH models. Both probabilities add up to one. The
larger the posterior probability, the more preferable is the designated model. We can insert
a reversible-jump step to allow jumps from; to M, and M, to M; with the acceptance
probabilities miq1, p} and min{1, p~1} where

_ p(Y| M3, @) p(@2|M3)q2(01)
p(Y|M1, ©1)p(@1I1M1)q1(O2)’

(5)
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where®; and®, are GARCH and TAR-GARCH parameters apd@-) andg,(@,) are two
multivariate normal kernels to facilitate the jumps. Specifically, if we consider jumpingNtom

to M, we draw®, from ¢, (@) and accept the jump td, with the probability miqf 1, p}. For

the jump fromM, to M;, we draw® ; from the kernety, (@ 1) and determine the acceptance by
min{1,p~1}. Upon convergence, the proportion of time staying in a model provides an estimate
of posterior probability.

Using 10 market indices from 1985 to 2001, which contain the same data range used i
this study,So, Chen, and Chen (2008hd that the asymmetrical volatility effect is highly
evident in the equity markets of the United Kingdom, Canada, Germany, the United States
Japan, Hong Kong, Singapore, Korea, and Taiwan. In fact, all the posterior probabilities of
a threshold GARCH model are close to dAd herefore, we can conclude that the observed
differences in the parameters of the two regimes are statistically significant in the Bayesial
perspective.

5. Summary and concluding remarks

In this paper, we investigate financial market integration by exploring the dynamic behavior
of daily stock-index returns of six advanced capital markets. Conforming to well-established
empirical regularities—stock-index returns present some degree of persistence and are grea
influenced by international capital markets—the volatility evolution process appears to be de
scribed well by an GARCH(1,1) specification. By employing a double-threshold regression
GARCH model to examine the nature of market integration, we find significant asymmetrical
behavior in both mean and variance equations. Whatever the news developed in the US mark
consistent with a meteor-shower hypothesis, this information is transmitted to each natione
market, causing domestic stock prices to move in the same direction. However, the evidenc
clearly shows that, conforming to risk-aversion behavior, the price movement is much large
when bad news impacts the market than when good news does. In addition to this, the varian
equation presents an asymmetrical phenomenon: the variance appears to be more volatile wr
a significant negative return is released from the US market than when a positive one does. Th
can be attributable to the leverage effect—a decline in stock prices leads to a higher debt/equi
ratio and hence to a higher risk.

Notes

1. Studies in the form of weighted-innovation models accounting for asymmetrical effect
between positive and negative shocks of stock returns include exponential GARCH
(Koutmos & Booth, 1995; Nelson, 199and threshold autoregressive GARCH mod-
els Glosten, Jagannathan, & Runkle 198&nceforth, GJRChiang & Doong, 2001;
Engle & Ng, 1993. In examining nine developed stock-market indekegitmos (1998)
presents a model to investigate the asymmetrical effects and finds that asymmetries |
the conditional mean are linked to asymmetries in the conditional variance since the
faster adjustment of prices to negative returns gives rise to higher volatility during down
markets.
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As will be seen in our empirical estimation, the time lag involving news spreading from
the United States to other markets will be determined by the data through empirical
simulation. However, if the US and Japanese markets display a correlation on the same
calendar day with the data, it will reflect a Japanese lead of approximately 17 hours in
real time as noted bioch and Koch (1991)

We are indebted to C. W. Granger for his insightful suggestion and discussion to refor-
mulate the model specification in this section.

LeBaron (1992andKoutmos (1998¢pecify only one lag for the autoregressive param-
eter.Baillie and DeGennaro (199@ihd a longer lag in the autocorrelation parameter.

As indicated by an anonymous referee as welHasnao et al. (1990and Chiang

and Chiang (1996}he volatility spillovers from the United States to other stock mar-
kets may be added to enhance the predictability of the conditional variance. To follow
this line of approach, it is necessary to add a U.S. volatility proxy in the two vari-
ance equations. However, we believe that part of the spillover effect observed in the
literature can be explained by volatility asymmetry. Here, we just focus on a simple
specification that highlights the impact of news asymmetry and allows us to compare
the models such alsi and Li (1996) and Koutmos (1998) Undoubtedly, simultane-

ous modeling of volatility spillover and asymmetry is a fruitful direction for further
research.

The discussion of Bayesian analysis and its comparison with sampling theory can be
found inGreene (2000, pp. 402-412)

It is possible to present multiple regimes with different threshold values. In particular,
when the number of changes (regimes) is known, the MCMC methods can be applied in
a straightforward manner. However, in practice, it is not easy to decide the numbers of
regimes having a particular economic meaning. Moreover, the computation can be very
cumbersome. In our study, dividing the data into two regimes allows us to examine the
asymmetrical phenomenon.

In implementing the MCMC methods, we employ= 1, 2, 3 and 4. The result shows
thatd = 2 has the highest frequency for France and Germany, rejecting the efficient
market hypothesis.

. Empirical tests for leverage effect can be foun@ireung and Ng (1992)vhile Bekaert

and Wu (2000have addressed the leverage effect and volatility feedback effect to explain
the dynamics of asymmetric volatility.

The details of the jumping scheme, including how to constiy(@;) andg(®,), and
evidence, can be found Bo et al. (2003)
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Appendix A. Causality testsfor stock returnsin global markets

Causal direction  F-Test Level of Causal F-Test Level of
significance  direction significance

A. Optimal lagged model
US— UK 164.84 0.001 UK— US 0.46 0.631
US— CA 1351.32 0.001 CA> US 1.70 0.182
UsS— GM 359.31 0.001 GM~ US 3.14 0.043
Us— JP 160.47 0.001 JR US 2.42 0.088
US— FR 292.39 0.001 FR> US 0.69 0.498
Us— sw 103.95 0.001 SW-> US 2.42 0.089

B. One-period lagged model
US— UK 488.47 0.001 UK— US 3.08 0.631
US— CA 3872.55 0.001 CA> US 2.53 0.182
UsS— GM 494.67 0.001 GM~ US 3.96 0.046
Us— JP 483.75 0.001 JR US 9.23 0.002
US— FR 478.10 0.001 FR> US 0.31 0.570
Us— sw 306.25 0.001 SW-> US 2.57 0.109

Notes. In panel A, different optimal lags are used to predict autocorrelation and cross-asse
return variablest(3,4387) is used to test whether the United States causes international stocks
andF(2,4387) is used to test whether international stock returns cause US stocks returns. |
panel B, one order lag is usdé{(1,4390) is thd--statistic with degrees of freedom of (1,4390).

Appendix B. Bayesian estimation of the double-threshold model

The system of the double-threshold GARCH model in the text is given by:
{ ¢(()1) + ¢Z(ll) Ri—l + wZ(Ll) R{+m7d + &t if R{erfd =r

2 2 : 2 : . .
é) +¢§.)R;71 + 1//5_ )R?-i-m—d +8t |f RJ _d >7r

t+m

@ @ .2

1 1 1 e
_ { ap o'l + B hy R, <1
r — 2 . .
ay +ay e+ ,81 )h,_l if R{+m_d >r

where the distribution of, is conditional on information up to time— 1 isN(O, h,). Letn; be

the time index of thé&th smallest observation QﬁRj, cee R{;}. Using the time index, we write
the likelihood function as:

n 1 s 1 ' ‘ ]
p(¥1©) o [ [(2rh)~H? exp{—QZh—;R;k — 95 — 06 R,y — wi”Rék_oz}
1=2 k=1

n—1
1 1 ., ; -
x exp{—é D Ry — g — ¢ Ry o - wf)Ri,k_l)Z} :

k=s+1" !
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wherep(Y]®) is the likelihood function in the sampling process for all observations. Given the
parameters being divided into two different reglmes by the threshold varialleatisfies the
restrlcnoanT_ 4 Sr<R._, . Wedefin&¥ = (R, , R, ..., R, ), theunknown parameters

(l) (l) €] (1) (1) iN) (2) @ 2 2 (2 (2)
(¢ 1 » /3( ¢ 1> ;_ ’O[O al ’ » d)

To perform the Bayesian analysis of the double TAR-GARCH model, we choose the follow-
ing prior distribution for@:

p@) x 1@ > 0,0’ + B < 1) 1@? > 0,0P + P < 1) - I(a <r <),

wherel (-) is the indicator function that(A) = 1 if the eventAis true anda andb are 25 and
75 percentiles of the threshold variableg respectively. The posterior distributig®|Y) is
then given by the Bayesian rule as:

p(O]Y) x p(Y|®) - p(@).

We generate an approximated sam@& " ... @~ from the posterior distribution by
using MCMC methods, wheri@ is the number of ‘burn-in’ iterations for convergence ahd
is the total number of iterations. In our study, = 10,000 andV = 20,000. The sampling is
done in six blocks:

(1) Sampledy”, ¥, v from p(eS”, 617, vV 1Y, Oy 4 y)),

@ (1) (1) @ (1) @
(2) Sampled;’, oy, By”) from p(ag’, a7, B Y, @_(agl)’a(ll)’ﬂ(ll))),

(3) Sample ¢, 92, <2>) from p(¢$, ¢\2, v21Y, O _ 42 40 42,

(4) Sample?, o/f), B2, from p(a?, a(f), BOIY, O o 2 g2),

(5) Sample fromp(r | © ),

(6) Sampled from p(d| @ _g),

where® _, represents the vect@® without the parametext. Point estimates of any function

of the unknown parameter, s§®), can then be obtained as the sample mean of the posterior
sample. Thus, the point estimate@fis given by:

k=M+1

With respect to the estimated] it is the value occurring most frequently in the posterior
sample. Full details on how to implement the MCMC methods can be four@hib and
Greenberg (1995 hen (1998)andChen and So (2003)
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