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Abstract: In the past, there are a lot of studies which conclude that the holiday,
asymmetry and day-of-the-weeRects influence stock price volatility. Most of the
studies are based on a class of GARCH (Generalized Auto-Regressive Conditional
Heteroskedasticity) models. No one examines thé&zts simultaneously using

SV (Stochastic Volatility) models. In this paper, using the SV model, we examine
whether theseftects play an important role in stock price volatilities. Furthermore,
we consider spilloverféects between Japan, U.K. and U.S., where spilloffeces

in price level as well as volatility are taken into account.
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1 Introduction

Market deregulation and the free flow of capital market have increased the glob-
alization of financial markets andtacted the nature of relationships among price
movements across markets. The major world economies are now interdependent
through trade and investment. Therefore, news about economic fundamentals in
one country has implications for equity prices in other countries.

Data on the volatility of returns in financial markets provide additional infor-
mation to data on returns alone. Ross (1989) showed that return volatility provides
useful data on information flow. This development suggests that price volatility has
significant implications for information linkages between markets. Thus, there is
a growing literature on the linkages between conditional variances across financial
markets and their implications for information transmission mechanism. Some ex-
ample includes Hamao, Masulis and Ng (1990), Koutmos and Booth (1995), Kanas
(1998), Ramchand and Susmel (1998), Ng (2000), and Baele (2003). These re-
search has basically used ARCH (autoregressive conditional heteroskedasticity) -
type models in order to analyze the volatility spillover.

Hamao, Masulis and Ng (1990) used a GARCH (generalized ARCH) model to
analyze the volatility spillover of stock prices among three markets (Tokyo, London
and New York) based on daily data from April 1, 1985 to March 31, 1988. They
reported that a spilloverfiect to Tokyo from New York and London could be found.

Koutmos and Booth (1995) analyzed the volatility spillover of stock prices
among the same three markets based on daily data from September 3, 1986 to De-
cember 1, 1993. A distinctive feature of this paper was that it explicitly consid-
ered the asymmetry of volatility using the EGARCH (exponential GARCH) model.
They reported that there was a significant volatility spillover among the three mar-
kets and that there was an asymmetry in this spillover. In other words, a negative
shock in one market increases the volatility in other markets more than a positive
shock does. This showed that equity markets react sensitively to bad news in other
markets.

Kanas (1998) analyzed the volatility spillover among three major European mar-
kets (London, Frankfurt and Paris) based on daily data from January 1, 1984 to De-
cember 7, 1993. Like Koutmos and Booth (1995), Kanas (1998) used the EGARCH
model to explicitly consider the asymmetry of volatility. The analysis showed that
volatility spillovers among the three markets were stronger since the equity market
crash of 1987 than they were prior to that crash.

Ramchand and Susmel (1998) analyzed volatility spillover based on the weekly
stock returns of major equity markets around the world compiled by the Morgan
Stanley Capital International Perspective. The data cover the period from January
1980 to January 1990. A distinctive feature of this paper was its analysis using
SWARCH (switching ARCH), which enables formulation of variance as state vary-
ing. The results showed that the correlation between the U.S. and other markets



became 2.5 to 3.0 times higher on average when the U.S. market is in a higher
variance state than it is in a low variance regime.

Ng (2000) used a GARCH model to analyze the volatility spillover in six Pacific-
Basin countries (Hong Kong, Korea, Malaysia, Singapore, Taiwan, and Thailand)
using weekly data. Ng (2000) divided the shocks impacting on this region into
three categories according to source (local, regional and world), describing shocks
from Japan as “regional shocks” and shocks from the U.S. as “world shocks.” The
results showed that: (1) both regional factors and world factors were important in
relation to Pacific-Basin region volatility; and (2) liberalization events impacted on
the relative importance of regional factors and world factors.

Baele (2003) analyzed the volatility spillover in 13 local European equity mar-
kets from aggregate European and U.S. markets using weekly data from January
1980 to August 2001. This paper uses the regime-switching volatility spillover
model. The results showed that both the U.S. and E.U. had a large impact on local
European markets, but the EU impact was strengthening.

In a lot of empirical studies, GARCH-type models are used for estimation on
stock price volatility. As for SV (Stochastic Volatility) model, there are some em-
pirical studies on the asymmetriffect in stock price volatility. However, no one ex-
amines all of holiday, day-of-the-week, asymmetric (leverage) and spill-thezte
in both stock price level and its volatility simultaneously, using the SV model. In
the past, main research topics on SV model are devoted to estimation methods and
accordingly there are few empirical studies using SV model. In this paper, we focus
on empirical studies about stock price volatility with SV model. Judging from past
studies based on the other models such as GARCH models, it might be expected as:
(i) a fall in the stock price yesterday leads to a rise in the stock price volatility today
(e.g., Nelson (1991) and Glosten, Jagannathan and Runkle (1993)), which is called
the asymmetry féect or the leveragefiect, (ii) stock price on the day after holi-
day becomes volatile (e.g., Nelson (1991) and Watanabe (1999)), which is called
the holiday &ect (note that the holidayffect is taken as a proxy of the amount
of information), (iii)) we observe an increase in volatility on Monday when stock
market is open because Monday is always after holiday, but we have a decrease in
volatility on Tuesday as a counter-reaction against Monday (e.g., Fatemi and Park
(1996), Coutts and Sheikh (2002) and Watanabe (2001)), which is referred to as the
day-of-the-week fect, (iv) Japanese stock price level is positively correlated with
U.K. and U.S. stock price levels (e.g., Koutmos and Booth (1995)), which is called
the spillover &ect in level, and (v) Japanese stock price volatility is also positively
correlated with U.K. and U.S. stock price volatilities (e.g. Hamao, Masulis and Ng
(1990) and Koutmos and Booth (1995)), which is related to the spilloffectein
volatility.

Thus, this paper can be described as having two distinctive features. First, it
analyzes the volatility spillover issue based on a SV (stochastic volatility) model.
In the SV model, volatility is modeled as an unobserved latent variable. As is



pointed out by Broto and Ruiz (2004), the SV model can capture the main empirical
properties often observed in daily financial returns in a more appropriate way than
GARCH type models. To our knowledge, there are no papers that analyze this issue
based on a SV model, suggesting it could make a major contribution. Second, we
take account of the holidayffect, the day-of-the-weekffect, and the asymmetric
effect (leverageféect) at the same time. The use of daily data enables us to analyze
these fects in a systematic way. As long as we know, this is the first paper that has
taken into consideration theséexts simultaneously in the framework of the SV
model. As for estimation, we utilize Bayesian procedure through MCMC (Markov
Chain Monte Carlo), where flat prior densities are taken to exclude influence of
prior information.

2 Data Description

Figure 1(a) represents the daily movement of the Nikkei 225 Stock Average (closing
price, Japanese yen) from April 2, 1984 to February 2, 2007, where the vertical and
horizontal axes indicate Japanese yen and time, respectively. The Nikkei 225 Stock
Average data are taken framtp: //table.yahoo.co. jp/t/ (Japanese website)

after January 1, 1991 artttp://www.nikkei.co.jp/nkave/ (Japanese web-

site) before December 31, 1990. In Figure 1(a), Japanese stock price extraordinar-
ily decreases from 25746.56 on October 19, 1987 to 21910.08 on October 20, 1987,
which corresponds to Black Monday on October 19, 1987 in the New York stock
market. However, the stock price has been increasing until the end of 1989. The
largest closing price is 38915.87 on December 29, 1989. Until the end of 1989,
Japan experienced a rapid economic expansion based on vastly inflated stock and
land prices, so-called the bubble economy. Since then, the collapse of Japan’s over-
heated stock and real estate markets started. Especially, a drop in 1990 was really
serious. That is, the stock price fell down from 38712.88 on January 4, 1990 to
20221.86 on October 1, 1990, which is almost 50% drop. Recently, since the value
was 20833.21 on April 12, 2000, the stock price has been decreasing. Itis 7607.88
on April 28, 2003, which is a minimum value during the period from January 4,
1985 to June 10, 2004. Recently, we have an increasing trend from April 28, 2003.
Thus, Japanese stock price increased up to the end of 1989, decreased until around
March or April in 1992, was relatively stable up to April in 2000, and has declined
since then.

Figure 1(b) shows the natural logfiirence, multiplied by 100, of the Nikkel
stock average, which is roughly equal to the percent change of the daily data shown
in Figure 1(a). Figure 1(b) displays the percent in the vertical axis and the time
period in the horizontal axis. For comparison with Figure 1(a), Figure 1(b) takes
the same time period as Figure 1(a), i.e., Figures 1(a) and 1(b) take the same scale in
the horizontal axis—16.1% on October 20, 1987 (October 19, 1987 in the Eastern



Figure 1. Nikkei 225 Stock Average (Japan, April 2, 1984 — February 2, 2007)

(a) Original Data (Closing Price, Japanese Yenagd5783)
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Figure 2: FTSE 100 Index (U.K., April 2, 1984 — February 2, 2007)

(a) Original Data (Closing Index, April 10, 196200 andn = 5771)
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Figure 3: Dow Jones Industrial Average (U.S., April 2, 1984 — February 2, 2007)

(a) Original Data (Closing Price, U.S. Dollars ame 5762)
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Standard Time) is the largest drop (it is out of range in Figure 1(b)), which came
from Black Monday in the New York stock market. 12.4% on October 2, 1990

is the largest rise, which corresponds to the unification of Germany occurred on
October 1, 1990. The second largest rise in the stock price was 8.9% on October
21, 1987, which is a counter-reaction against the largest drop on October 20, 1987.
Although there are some outliers, the percent changes up to the end of 1989 seem
to be distributed within a relatively small range, i.e., variance of the percent change
until the end of 1989 is small. After 1990, the percent changes are more broadly
distributed. Thus, we can see that the percent change data of Japanese stock price
are heteroskedastic. In any case, it may seem from Figure 1(b) that the percent
change data are randomly distributed. In the next section, using the state space
model we aim to examine the volatility in Japanese stock returns.

Figure 2(a) displays the stock price index in U.K. and Figure 2(b) shows the
stock price volatility (100 times the natural logd@drence). The FTSE 100 Index
data are taken fromttp: //uk. finance.yahoo.com/. In U.K. stock market, we
see in Figure 2(b) that there is a drastic drefxd03%) on October 20, 1987 (Black
Monday in New York stock market). We have 7.60% on October 21, 1987, which
Is a counter-reaction of the large drop on the previous day. In Figure 2(a), there are
some large drops (e.g., in 1987 and 1998) in U.K. stock price index. However, the
stock price index have been increasing up to 6930.2 on December 30, 1999, which



is the largest value during the estimation periods. Since then, the stock price index
has been decreasing up to 3287.0 on March 12, 2003, which is more than 50% drop,
compared with the largest value.

Figure 3(a) displays the stock price level in U.S. and Figure 3(b) shows the
stock price volatility (100 times the natural logf#@rence). The Dow Jones Indus-
trial Average data are taken frohttp://finance.yahoo.com/. In Figure 3(b),
U.S. stock price has a tendency to rise up to 11722.98 on January 14, 2000. Since
then, it has been decreasing up to 7286.27 on October 5, 2002 and increasing up
to 10737.70 on February 11, 2004. In Figure 3(a), the largest drep5%$3% on
October 19, 1987 (Black Monday) and the second largest or&.88% on Oc-
tober 26, 1987, which might be also due to Black Monday. The counter-reactions
against Black Monday are given by 5.72% on October 20, 1987 and 9.67% on Oc-
tober 21, 1987. From both Figures 2(a) and 3(a), in both U.K.and U.S., the bubble
phenomena are observed around the end of 1999 or the beginning of 2000.

3 Setup of the Model

We consider that the original percent change dﬁ)tas given by a sum of the deter-
ministic component and the irregular component for each timdnerej denotes a

country. j = 1,2, 3 is taken, wherg = 1 indicates Japarj, = 2 denotes U.K., and

j = 3represents U.S. We take the following SV model:

. 1 4 .
=200 + exp(éh?))e(”, e ~ N(0,1), 1)
hEJ) () (J) + 6(j)hﬂ)1 + 779), 779) ~ N(O, O_(j)Z)’ )

forj=123andt =12 ---,n. nrepresents the sample sizfé” j=123and
t=212,---,n,are mutuaIIy mdependently and normally distributed with mean zero
and variance onent , ] =L123andt = 1,2 ---,n, are mutually independently
and normally distributed with mean zero and varlam(:lé2 o, h? ) 50 and
oW, j =1,2,3, are the parameters to be estimated.

rt(l), rt(z) andrt(3) are given by Figures 1(b), 2(b) and 3(b), respectivel§.indi-
cates 100 times natural logftirence, which is approximated as the percent change
of the stock price (hereafter we caﬂ’) the percent change of the stock price).
The percent change of the stock pru:@,, consists of the deterministic component
2V and the irregular component ex{”)e”.

2V denotes a X k; vector of exogenous variables, which are assumed to be
nonstochastic, and() represents & x 1 parameter vectorxt(” indicates a I k,
vector of exogenous variables, which are also assumed to be nonstochasj®, and
Is ak, x 1 parameter vector. ex%iqt‘)) represents the volatility, which is assumed to

be time-dependent and unobservabifé’ depends on the exogenous varlabtfé)s
as well as the lagged”,. Thus,r{" is observed, whilé” is not observable. (1)
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Table 1: Length of HolidayH;

Hy 1 2 3 4 5 6 7 8
Japan| 244 904 110 14 13
U.K. 12 1077 79 42 O
uU.S. 55 1109 138 1 O

9 0 1
0 0 O
1 0 O

is called the measurement equation, and (2) is referred to as the transition equation.
Using the observed dat&’, we consider estimating unobservable compohght

Under the above setup, we estim&gand6d, whereB,, = (hg, hy, - -, hy) and
0 = («, v, 8, o). The estimation procedure is discussed in Appendix A where the
nonlinear non-Gaussian state-space model is estimated using Markov chain Monte
Carlo (MCMC) methods. As for the parameter estimation, the Bayesian method is
utilized because of its simplicity.

2V takes the constant term{!* for j’ # j and rt(i)l, wherert) indicates the
most recent percent change data of ttle country available at time(closing time)
in the jth country. Note that the subscripin z 1) represents local time in thgh
country. That is, the superscr_lgt) (should be put in time, but it is abbreviated to
avoid messy notations. Thus! "represents the spilloveffect in price level from
the j'th country to thejth country.

X takes the constant terrai?, d, d?, d9" A7 R0 Moy, Tu, We, Th,
Fr, andd?o, wherej’ # j, j” # jandj < j’. H (‘) represents the number of non-
trading days between tinte- 1 and timet in the jth country. We have; 1) = 1 when

r, is negative andi!’ = 0 otherwise. We takd!” = 1 whenr®” is negative and

d(” 0 otherwise. Similarly, we take{” = 1 whenr‘J "is negative and!!” = 0
otherW|se.h§J )indicates the most recent volatility data of tfith country available

at timet in the jth country. ﬁﬁ"') denotes the most recent volatility data of the
j”’th country available at timein the jth country. Mo, denotes Monday dummy,
whereMo, = 1 when timet is Monday andMo, = 0 otherwise. Similarly,T w,

We, Th andFr, represent Tuesday, Wednesday, Thursday and Friday dummies,
respectively. We takd?® = 1 when timet is after the beginning of 1990 am® =
otherwise. From Figure 1(b), the stock returns after 1990 look like more volatile
than those before 1990.

The stock returns become volatile when we have much information in the mar-
ket. The amount of information is roughly equivalent to the number of nontrading
days between time-1 and timet, because longer holiday implies higher possibility
that something happens in an economy. Thus, we can consider that the length of
the period between trading dayandt — 1 might be equivalent to the amount of
information. Therefore, the number of nontrading days between trading daygs
t — 1 (i.e., the number of holidays betwetandt — 1, denoted by4§’>) should be
positively correlated with the volatility oft(’). This is known as the holidayffect.
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Thus, H(’) represents a proxy variable of the amount of information. See Nelson
(1991) for the holiday #ect. Note that we usually ha\h}(‘) 2whentimet-1is
Friday, because the market is closed for two days (Saturday and Sunday). If Mon-
day is a national holiday, we obtai{” = 3, where timet — 1 is Friday and time

is TuesdayH; is summarized in Table 1 for each country, which implies that in the
case of Japan we have 244 data whir= 1, 904 data whehl, = 2, and etc. Note

that in Japan the stock market was open on Saturday until the end of 1989 and 1 in
the case of U.S. anH; = 6 corresponds to September 11, 2001 — September 16,
2001 (terrorist attacks). Watanabe (1999) examined the holiffagten Japanese
stock market, where the length of holiday is not discussed.

It is well known that in the stock market a negative shock yesterday yields high
volatility today but a positive shock yesterday does not, i.e., there is a negative
relation between expected return and volatility (see Nelson (1991) and Glosten, Ja-
gannathan and Runkle (1993)). Thiseet is known as the asymmetrffect or the
leverage #ect. Therefore, we examine how the signrof affects the volatility.

d represents the dummy variable, wheté = 1 if r’, < 0 andd?” = 0 oth-
erwise. If the asymmetryfiect is detected, we have the result that theffbdent

of dt(” is significantly positive. In a lot of the past empirical research, the asym-
metry dfect is detected. Watanabe (1999) also discussed an asymrffetyie

the volatility. Jacquier, Polson and Rossi (2004) takes the asymmi@ct as a
correlation between two erroe§’ andn{?, and Yu (2002) pointed out a problem in
such a specification. Also, see Danielsson (1994) and So, Li and Lam (2002) for
the asymmetry féect.

In this paper, we consider the asymmetfieets from foreign countries, i.e.,
for example, it might be expected that Japanese stock price becomes volatile when
U.S. or U.K. stock price falls. Fof # j, d! is taken agl!’ = 1 if the most recent
percent change data of the stock prlce in e country available at timg which
is denoted byt is negative an(diJ = 0 otherwise. ]’ may be replaced by”.
Remember that tlmEmdlcates local time in th¢th country. In almost all the cases,
dt(") = 1 implies that the stock price in thé&h country at timd — 1 is smaller than
that at timet — 2. However, when timé— 1 is a holiday in thg’th country,dt(” =1
indicates that the stock price change in ffte country from timet — 2 to timet - 3
IS negative. Thusdt(” also represents the asymmetfieet, but it is caused by the
stock price change in thgth country (note thatﬂf’) indicates the asymmetryfect
caused by the stock price change on the previous day in its own country)ft€be e
on dt(”) is called the asymmetnyfiect from thej’th country to distinguisfnit(") and
dt(j). If the costicient ofdt(j') is negative, i.e., if a drop in the stock price in tfith
country leads to an increase in the volatility of the stock price injthecountry,
we might conclude that the stock price in tfté country becomes unstable if the
economy in thej’th country falls down. Koutmos and Booth (1995) showed that
Japanese stock market becomes volatile when U.S. economy falls down.

ﬁf” denotes the most recent stock price volatility in i@ country available



at timet (note thatrt“') is utilized to obtairdt(j'>), wherej’ may be replaced by’.

Flﬁ” is taken as a proxy variable of the stock price volatility in g country.
Hamao, Masulis and Ng (1990) and Koutmos and Booth (1995) showed that there
is an asymmetric volatility transmission between Japanese and U.S. stock prices.
h{" has the following two candidates:

(i) _
. 1 min(t+L,n) W (o
A1 = log(— r) —9)2), 3
t g(mln(t+L,n)+L—t Z (* ! )) ®)
j=—L+t
which corresponds to the log of the sample variance around ttinif’ is

given by:

1 min(t+L,n)

=) _ L
Y mint+Ln)+L-t+1 te

j=—L+t
which represents the sample mean around tiar&lL = 10 is taken.

(i) o 3
h§1 ) — Ioglef‘ )|2, (4)
wherer" is estimated by “const+ AR(p)” model ande!” denotes the
obtained residualp = 6for j’ =1, p=9forj =2,andp = 2 for |y = 3 are
selected by AIC.

Thus,h"” represents the spilloveffect in stock price volatility from thg’th coun-

try to the jth country. Note that all the estimation periods in Section 4 are taken
from April 16, 1984 to February 2, 2007 because we need some past data (i.e.,
L = 10 orp = 9) to computen{!”.

Watanabe (2000) empirically found that there is a structural change between
1989 and 1990 with respect to the holidafjeet in Japan, and showed that we
have the holiday féect after 1990 but do not have it before 1988° indicates the
structural change dummy which satisfid®8 = 1 whent is after January 1, 1990
andd®® = 0 otherwise.

Fatemi and Park (1996), Coutts and Sheikh (2002) and Watanabe (2001) dis-
cussed the day-of-the-weelect in the daily stock returndMo, denotes the Mon-
day dummy, which implies that¥lo;, = 1 when timet is Monday andMo; = O
otherwise.Tu, We, Th andFr, represent Tuesday, Wednesday, Thursday and Fri-
day dummies, respectively. It might be expected that théictent of the Monday
dummyMo; is positive, because we usually have a positive holidégceon Mon-
day. Also, possibly we have the Tuesddieet, which might be negative, because
we might have a counter-reaction against the Mond&gce andor an influence
of U.K. or U.S. stock market on Monday. Note that U.K. and U.S. stock markets
are open between the closing time on Monday and the opening time on Tuesday
in Japanese time zone. However, it is not easy to estimate the holiday and

10



the Monday &ect separately, because the holidé&get is observed every Monday
when the market is open. Therefore, only the TuesdBgceis taken into account
as the day-of-the-weekfect. Also, see Appendix E.

Forh{”, note as follows. In this paper, we examine whether the volatility in the
jth country depends on that in thjgh country. That is, under the condition that
there is no national holiday for all the three countrig8,depends oh{®, andh®,,
h? is a function ofii” andh{®,, andh{® depends om{® andh{®. This implies that
we need to construct a multivariate SV model. That is, the three equations have to
be estimated simultaneously. However, when we hafferént national holidays
for each country, taking an example hff) for | = 1, we sometimes have the fact
thath{") depends oh®), for somet. Accordingly, the likelihood function in this case
cannot be explicitly written, because there is no regular rule on national holidays for
each country. Thereforé® andh{® are taken as proxies tf”, andh®, for Japan
(Le.,j =1), Whereﬁg"), discussed above, represents the volatility transmission from
the j’th country to thejth country. Giver’ﬁﬁj’) andﬁﬁ""), the jth equation is estimated
independently. Thus, to avoid this complexity, we estimate the three equations sep-
arately in Sections 4.1 — 4.3. As an example of the past studies, Engle, Ito and Lin
(1990) assume in the foreign exchange market that volatility is zero when a market
is closed because of a national holiday. That s, on a national holiday, the stock price
data is replaced by the most recently observed data, which implies that the holiday
effect disappears because the length of the period between tradingashadts- 1 is
not taken into account at all. In Sections 4.1 — 4.3, we estimate a single equation for
each country, because we want to examine both volatility transmission and holiday
effects at the same time. Thus, the exact multivariate estimation is not feasible in
practice. Instead, in Section 4.4 we consider a quasi multivariate estimation method.

4 Estimation Results and Discussions

4.1 Model Selection; Table 2

In Table 2, depending on combinationx? andz”, we have Model XY, where X
takes one of 1 -8 and Y takes A, B or C. As #?, we take the following variables:

1 =1

20 X = (L HY)

3: Xt(J) = (1, Ht(J)’ dt(J)» dt(J/)’ dt(J"))

4 Xt(j) =1 Ht(j) dt(j) dt(J'/) dt(i") ﬁgi’) Flt(j”))

5. x” = (Mo, Tu, We, Th, Fry)

6: X{(J) = (1, Ht(J)’ dt(J)» dt(J)7 dt(J )’ hEJ), hgl ), Tw)

7 X0 = O, 0, A, A0, RO, RO, T, o

11



Table 2: Surrogate for Marginal Likelihood: Idg(R,)

\x| 1 2 3 4 5 6 7 8
Z

A -88097 -87918 -87525 -87538 -88030* -87499 -87511 -87513
B —-85462 -85260 -85044 -85044 -85451 -85037 -85026 —-85032

Japan C |-85432 -85226 -84994 -84998 -85400 -84962 |-84960 | —-84980

A’ — — — —87548 — —-875Q1 -87506 -87514
B’ — — — —85059" — —-85053* -85039 -85060*
(04 — — — -85012 —  —84971" -84979 -84987

A |-73774 —73769 —73581 73549 73766 -73528 73527 73527
UK. B [-70712 -70710 -70611 -70585 -70729 -70579 -70579
A — — — 73651 —  -73623 -73632 73625
B’ — — — 70675 — -70672 -70691 -70687
A |-73879 -73858 —73578 73532 73829 73557 —73516 73537
US. B |-69405 -69428° —69213 -69098° -69469 -69129 ~69081"
A’ — — — 73547  — 73538 -73560° 73563
B’ — — —  -69208° —  -69228 -69198 -69207

Table 3: CPU Time (Minutes)

\Xt 1 2 3 4 5 6 7 8
Z

A 96 100 117 135 116 146 158 157
Japan B 147 150 168 186 167 195 208 209
C 172 176 192 210 192 220 234 233

8 X = (1, HO, d®, di), di"), K, 7ED, Tu, HOG)
Note thatj” andj” satisfy|” # j, | # jand] < j”. We choosezﬁ” as follows:

A V=0

B A= (1, Y, 7, 1)

c: =@ 8, 19, 19, ¢)

Moreover, Y in Model XY’ implies that the proxy of volatility in thg’th country
(i.e., ") is given by (4), which is shown in Section 3, while simply Y in Model
XY indicates thaﬂ") is given by (3). Columns 4, 6, 7 and 8 in Table 2 represent
thath{"" andh{" are included ind”.

The surrogate for the marginal likelihood, denoted by figidR,) in this paper
and discussed in Appendix B, is shown in Table 2 for each model and each country,
and it is useful for model selection because the surrogate has the same information
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as the marginal likelihood (see Appendix B). The value witim the superscript
indicates that the corresponding model is rejected at significance level 1% by the
convergence diagnostic (CD) test. The CD is the test statistic that checks whether
the Gibbs sequence is converged or not, which is proposed by Geweke (1992) and
discussed in Appendix C. The model such that the CD is passed and the surrogate
for the marginal likelihood is maximized results in the best model for each country.
As aresult, the value squared by the solid line implies the best model for each coun-
try. Thatis, Models 7C, 8B and 7B are chosen in Japan, U.K. and U.S., respectively.
Table 3 represents CPU time in minutes for each model of A— C and 1 — 8 in the
case of Japan, where Open Watcom B27Compiler (Version 1.6), Dual Opteron

254 (2.8GHz) CPU and Microsoft Windows XP (Professional Edition) SP2 Operat-
ing System are utilized for computation. Seetp://www.openwatcom.org for

the Open Watcom Compiler. The CPU times in the case of U.S. and U.K. are omit-
ted from Table 3, because we can easily guess them from Table 3. Actually, It took
about 235 hours to obtain all the computations in Table 2.

4.2 Parameter Estimates: Tables 4(a) — 4(c)

The estimation results are in Tables 4(a) — 4(c). AVE, STD, Skew and Kurt represent
mean, standard deviation, skewness, kurtosis for each posterior distribution. If a
posterior distribution is close to a normal distribution, we have 0 for skewness and
3 for kurtosis. 0.005, 0.025, 0.975 and 0.995 indicate percent points. If all the
values in 0.005, 0.025, 0.975 and 0.995 have the same sign, we can judge that the
corresponding cdicient is not statistically zero. CD represents the convergence
diagnostic test statistic proposed by Geweke (1992), which implies that the value in
CD is greater than 2.576 in absolute value if the Gibbs sequence is not converged
(see Appendix C in detail discussion). The superserigtput in Table 2 when at
least one of the CDs ié = (¢, ¥/, 6, o) and logfr(R,|®) is greater than 2.576 in
absolute value (see Appendices A and B for the notatiof@t,/®)). The number
of parameters is given b + k, + 2+ n+ 1, i.e.,k; + ko + 2 for the dimension of
0 =(a,7y,0,0)andn+ 1 for that of B,. It is not possible to check individually if
all the elements oB,, are converged. Therefore, the CD in IgR,|®) gives us the
overall convergence criterion (see Appendix D).

In Table 4(a), the findings are as follows: (i) there is a spillovégat in stock
price level from U.S. to Japan, but no spillovdfeet from U.K. to Japan, (ii) we
have a structural change in 1990 with respect to stock price level, i.e., the stock
returns decrease after 1990, (iii) clearly there is a holidégce in stock price
volatility, (iv) a drop in the stock price yesterday yields an increase in the stock
price volatility today (i.e., asymmetryfiect), (v) according to the 95% interval
constructed from the generated random draws, a drop in U.K. stock price causes
an increase in the Japanese stock price volatility (i.e., asymm@ést érom U.K.
stock market), but no asymmetryfect from the U.S. stock market is found, (vi)

13



Table 4: Estimation Results (April 16, 1984 — February 2, 2007)

(a) Model 7C with (, j’, j’) = (1,2,3) — Japan lody(Yn) = —84960
| AVE STD  Skew Kurf 0.005 0.025 0.975 0.995 CD

1 o[ 00693 00151 0001 3005/ 0.0304 00397 00988 01082 1.259

F) 3” ~0.0190 00135 —0.004 2993|-0.0539 —0.0454 00075 00157 1.029

A0 | 0 ?n 0.1215 00145 Q007 2996 0.0842 00932 01499 01587 -1.677
ri) ?" 0.2355 00137 Q009 2991| 0.2004 02087 02623 02709 —2.099

doo “’ -0.0871 00227 0001 2995|-0.1456 —0.1316 —0.0425 —0.0284| —0.032

1 “) -0.1818 00247 —0.098 3006|—0.2478 —0.2314 —0.1343 —0.1207| -0.280

HY %J) 0.1217 00216 0047 3000| 0.0673 00798 01645 01784 0.855

d 6) 0.1753 00270 0080 2993| 0.1077 01236 02290 02467|-1.967

d a) 0.0577 00251 0018 2992|-0.0067 00085 01073 01227 0.306

x| gi” “) 0.0031 00258 —0.004 3036|-0.0641 —0.0475 00536 00696/ 1.921
h{? a) 0.0253 00091 0167 3082| 0.0032 00082 00440 00504|-0.241

ht" y?” 0.0051 00076 0015 3061|-0.0145 —0.0098 00201 00250 0.900

Tu Z” ~0.1189 00580 —0.019 3045|-0.2705 —0.2333 —0.0058 00311 -1.243

d%o y§> 0.0661 00154 0280 3161| 0.0302 00380 00984 01100 1.112

sW [ 0.9284 00098 —0.306 3174| 0.9003 09078 09462 09512 —0.446

o] 02563 00189 0187 3015 02110 02209 02950 03081 0.731

log fr(Ril®) |[-82226 24014 Q041 3023[-82836 —82692 -81750 —81596] 0.520
(b) Model 8B with @, j’. j”") = (2.1,3) — U.K. log fy(Y,) = ~70578
| AVE STD  Skew Kurf 0.005 0.025 0.975 0.995 CD

1 o[ 00309 00101 -0.002 2996/ 0.0049 00111 00506 00567 0.159

F) 3” 0.1279 00087 Q001 3012| 0.1054 01108 01450 01504, 1.193

2D N“”) a’ ~0.0892 00140 —0.002 3000|-0.1254 —0.1166 —0.0618 —0.0532 0.050
rt(i)l ?" 0.2153 00134 Q005 2994| 01807 01889 02417 02498 -1.691

1 “) ~0.0935 00208 —0.054 3016|-0.1483 —0.1345 —0.0533 —0.0410| -1.180

HY %J) 0.0683 00261 0029 3058| 0.0013 00173 01199 01373 1.684

d 6) 0.0906 00224 0029 3082| 0.0332 00469 01350 01501|-0.208

d a) 0.0272 00201 0030 3028|-0.0243 —-0.0120 00668 00795 0.941

x| gi” “) 0.0452 00228 0021 3045|-0.0134 00006 00901 01047 0.533

h{? a) 0.0135 00044 0241 3182 0.0031 00054 00226 00259 -0.457

h(" ?J) 0.0413 00080 0397 3341| 00233 00270 00584 Q0651 -0.734

Tw yZ” ~0.0957 00504 —0.059 2996|-0.2277 —0.1952 00020 00297 -0.368

H{ggo ygj) -0.0444 00181 —0.128 3124|-0.0939 —0.0811 —0.0098 00009 —0.114

sW 09273 00118 —0.432 3352 0.8916 09019 09481 09533 0.468

o0 | 01607 00158 0310 3155 0.1245 01320 01941 02061 —0.905

log fr(Ril®) |[-69184 18215 Q020 3033[-69652 —69541 —68824 —68707] 1062
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Table 4: Estimation Results (April 16, 1984 — February 2, 2007) — Continued

(c) Model 7B with (j, ', j) = (3.1,2) — U.S. logfy(Yn) = —69061
[ AVE STD Skew Kurf 0.005 0.025 0.975 0.995 CD

1 o] 00402 00096 —-0.001 3002] 0.0154 00214 Q0589 00649 0.140

F) 3" 0.0324 00081 0008 3008| 0.0115 00166 00484 00534 1.627

A " a’ 0.3686 00129 0000 3001| 0.3353 03433 03939 04018/-2.177
rd ?" -0.0812 00132 -0.002 2997|-0.1150 —0.1070 —0.0555 ~0.0473 1535

1 “) -0.1598 00271 -0.079 3038|-0.2318 —0.2140 —0.1077 -0.0917 1.377

H %J) 0.0699 00268 0008 3019| 0.0012 00175 01227 01394 0.007

d ya) 0.1564 00317 0038 2988| 0.0762 00948 02190 02389 -0.177

d y?j) 0.0452 00270 0012 3047|-0.0246 —-0.0078 00983 01158 —2.059

x| gi” y(J) 0.0561 00285 —0.003 3048|-0.0179 00001 01121 01300 -0.483
R ?n 0.0115 00077 Q177 3215|-0.0075 —-0.0030 00272 00329 —0.072

R ?J) 0.1016 00193 0540 3560 0.0605 00686 01442 01618 -1.191

Tu ZJ) 0.0261 00609 0010 2999|-0.1301 -0.0929 01462 01831 0.071

dgo a) ~0.0631 00173 -0.315 3259|-0.1133 -0.0996 —0.0317 —0.0228| 0.945

50) 0.8458 00266 —0.581 3633 0.7617 07867 08909 09015 1.305

|| 02833 00293 0354 3185 02178 02308 03458 03685|-0.885

log fr(Ril®) | 66275 27.680 Q137 3043[-66956 —66800 —65714 —65526] -0.413

the spillover &ect in stock price volatility is found from U.K. to Japan but not from
U.S. to Japan, (vii) the stock price volatility has Tuesdfiga as a counter-reaction
against Mondayféect, (viii) there is a structural change in 1990 regarding the stock
price volatility, (ix) we have SV fect because the 99% interval is between 0.9003
and 0.9512, and (x) all the estimates excepyBryy’, s ando) are very similar
to normal distribution because skewness and kurtosis are close to 0 and 3, respec-
tively. As for (vii), inclusion of both the holidayféect and the Mondayfﬁect causes
multicollinearity. All the Mondays have the holidayfect, i.e.,H; 0 = 2 for most of
Mondays. Thus, it is not easy to estimate the holid@gat and the MondayfEect,
separately. Therefore, the Monda¥eet is not taken into account. See Appendix E
for the day-of-the-weekfiect.

In Table 4(b), we have the following results: (i) we have a spillov&ecat in
the stock price level from Japan to U.K., (ii) there is a holid&ea in U.K. stock
market, (iii) a drop in the stock price yesterday results in an increase in the stock
price volatility today (i.e., asymmetnyfiect), (iv) a drop in U.S. stock price gives
us an increase in U.K. stock price volatility (i.e., asymmetie& from U.S. stock
market), but no asymmetnyfect from Japanese stock market is found, (v) we can
observe volatility transmission from both U.S. and Japan to U.K., where the volatil-
ity spillover efect from U.S. is larger than that from Japan, (vi) there is no Tuesday
effect, (vii) we have a structural change in 1990 with respect to the holiflagte
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Figure 4: Spillover Hects between Japan, U.K. and U.S.

(a) Spillover Hrects in Level (b) Asymmetry fiects (c) Spillover Eects in Volatility

4 \ \ \

Us) UsS) — UK UsS) —— UK

The arrow represents a direction of influence between two countries.

in U.K. stock volatility, where U.K. stock returns are less volatile after 1990, and
(viii) except foryé‘), YW, yP, 50 anda(), the posterior distributions are close to a
normal distribution.

In Table 4(c), we can observe the following findings: (i) we have a spillover
effect in U.S. stock price level from Japan to U.S. and tfiect from U.K. to U.S.,
where the spillover féect from U.K. is larger than that from Japan, (ii) there is a
holiday dfect in U.S. stock market, (iii) a drop in the stock price yesterday gives
us an increase in the stock price volatility today (i.e., asymmeticsg, (iv) U.S.
stock price volatility has an asymmetrffect from U.K. stock price volatilities, but
not from Japan, (v) we have volatility transmission from U.K. to U.S. but not from
Japan to U.S., (vi) there is no Tuesddieet, (vii) there is a structural change in
1990 with respect to U.S. stock price volatility, i.e., U.S. stock returns after 1990
are less volatile than those before 1990, and (viii) excepgfary{’, ¥, y¥, 60
ando), the posterior distributions are close to a normal distribution.

Thus, for all the three countries, stock price volatility depends on the holiday,
asymmetry and day-of-the-weelects, except for the Tuesdaffect in U.K. and
U.S. Note that the holidayfiect is regarded as a kind of the Monddyeet be-
cause in most of the cases we haye= 2 whent is Monday. Accordingly, as for
the day-of-the-weekfeect, Japan has both Monday and Tuesd&gcts, U.K. has
Tuesday #ect, and U.S. has Mondayfect. These results are consistent with the
past studies, i.e., Nelson (1991), Glosten, Jagannathan and Runkle (1993), Daniels-
son (1994), Watanabe (1999), So, Li and Lam (2002), and Jacquier, Polson and
Rossi (2004) for the asymmetrytect, Nelson (1991) and Watanabe (1999) for the
holiday dfect, and Fatemi and Park (1996), Watanabe (2001), Coutts and Sheikh
(2002) for the day-of-the-weektect.

The two spillover &ects and asymmetryffect between Japan, U.K. and U.S.
are summarized in Figures 4(a) — (c). The arrow represents a direction of influence
between two countries. Japanese stock returns influence U.K. and U.S. stock returns
in level from Figure 4(a), where there is an interaction between U.S. and Japanese
stock prices in level. From Figure 4(b), a drop in U.S. stock price yields an increase
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Figure 5: The Movements of Volatility — E(expli")IR,) ~ (1/N) TN, exp&h)

(a) Model 7C with (, j’, j) = (1,2,3) — Japan

o A Ml
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SN = O

(b) Model 8B with (, j’, ") = (2, 1,3) — U.K.

| N VO VU
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(c) Model 7B with (, ', j”") = (3,1,2) — U.S.

(== )

84785 86 87 83 89 90 91 92 93 94 95 96 97 98 99 00 01 02 03 04 05 06 07

in U.K. stock price volatility and a drop in U.K. stock price indicates an increase

in U.S. and Japanese stock price volatilities, i.e., U.U. and U.K. stock returns have
asymmetry &ects with each other. Japanese and U.K. stock returns influence with
each other and U.K. and U.S. stock returns also influence with each other in a sense
of volatility transmission from Figure 4(c). See Koutmos and Booth (1995) for the
asymmetry &ect between two countries, and Hamao, Masulis and Ng (1990) for
the volatility spillover éfect.

4.3 Volatility Estimates: Figures 5(a) — 5(c)

In Figures 5(a) — 5(c), the volatility is displayed by egp[() in (1), which represents
a fluctuation in the stock price. When there is a sharp fluctuation in the stock price,
we sometimes have a big gain but sometimes a big loss. Thus, the volatility implies
arisk in asense. In Figures 5(a) — 5(c), the movements in the volatility estimates are
shown for each country. The volatility is evaluated as the following conditional ex-
pectation: E(expght)|Rn) ~ (I/N) 2N, exp(%ht,i), whereh;; denotes théth random
draw ofh; givenR, andN represents the number of random draws. See Appendix
A for the notations.

On October 19, 1987 in the Eastern Standard Time (so-called Black Monday),
the stock price drastically fell down in New York stock market, which influenced
Japanese and U.K. stock prices on October 20, 1987 in each local time zone. On
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Black Monday, the volatility extremely increases, as shown in Figures 5(a) — 5(c),
but it is observed that the volatility is temporary and the volatility in U.S. is much
larger than the volatilities in U.K. and Japan.

Since 1990, Japanese stock price drastically starts to decrease (see Figure 1(b)),
which represents the bubble-burst phenomenon. However, the volatility increases
after the bubble burst. Thus, it is shown in Figure 5(a) that we have larger volatility
after the bubble burst in 1990 than before that. In other words, Japanese economy
becomes more unstable after the bubble burst. The results in Table 4(a) (see the
codficient ofd™” in x) and Figure 5(a) support those in Watanabe (2000), where it
is mentioned that the structural change in 1990 occurs in the Japanese stock market.

In both U.K. and U.S. stock markets, the stock price volatility increases from
1997 to 2003, in addition to the periods around Black Monday (see Figures 5(b)
and 5(c)). The periods from 1997 to 2003 are sometimes interpreted as the bubble
periods. During the estimation periods (especially after 1990), Japanese stock prices
are more volatile than U.K. and U.S. stock prices.

4.4 Multivariate Estimation: Table 5

In Sections 4.1 — 4.3, we have considered estimating the three equations separately.
As mentioned in the last paragraph of Section 3, it is not easy to estimate the three

equations simultaneously using daily data, because we often have the case where
one stock market is closed due to a national holiday but another two markets are

open, i.e., data is available in one country, but not observed in another two countries.

Therefore, the exact simultaneous estimation is not possible. In this section, instead,

we consider a quasi simultaneous estimation method using Japan, U.K. and U.S.

stock returns. The estimation procedure is as follows.

(i) Fort = 1,2,---,T andj = 1,2,3, store the estimates dnf‘) obtained in
Tables 4(a) — (c) where Eﬁ()an) ~ (I/N) 2N, h(‘) is taken as the estimate of

h{". Note thath(‘) is denoted by théth random draw oh”. Thus, we take
Model 7C for Japan Model 8B for U.K. and Model 7C for U.S., where the
volatility (3) shown in Section 3 is used for the most recently available stock
price volatility.

(i) Based on the estimates bﬁj), we obtainﬁgj') as the most recent stock price
volatility in the j’th country available at timein country j. Given country
j, we obtainh!"? andh{” based om{!? andh{”, where , j’, j”") = (1,2,3),
(2,1,3) and (3,1,2).

(iii) For each of (, |, ") = (1,2, 3) (2,1,3) and (3,1,2), estimate (1) and (2) to
updateh” using theh!" andh{" obtained in Step (ii). Model 7C for Japan,
Model 8B for U.K. and Model 7C for U.S. are chosen for the estimation
models.

(iv) Repeat (ii) and (iii) until sum of the three likelihoods is maximized.
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Table 5: Multivariate Estimation (April 16, 1984 — February 2, 2007)

(a) Model 7C — Japan (b) Model 8B — U.K. (c) Model 7B — U.S.
(4.1, =1,23) (11,1 =(213) (1:1%1M) =B L2
AVE 0025 0975 AVE 0025 0975 AVE 0.025 0975
1 %] 00695 00399 00991 0.0295 00103 00488 0.0394 00211 Q0578
7 o0)|-00192 -00457 00073 01200 01123 01458 00318 00164 00474
A0 §07 0| 01214 00932 01497-00892 01164 -00618 03673 03423 03923
r? o’| 02362 02095 02630 02154 01894 02415-0.0803 —0.1059 -0.0546
d® o ]-0.0888 -0.1335 -0.0442
1 y]-0.1849 —0.2355 —0.1370, —0.0605 —0.1001 —0.0210{-0.1449 —0.1984 —0.0914
HY y%j) 0.1236 00808 01672 0.0460 —0.0011 00933 0.0476 —-0.0006 00963
d? ya" 01777 01246 02323 00760 00317 01195 0.1399 00780 02020
d yij’ 0.0587 00089 01081 0.0209 -0.0187 00614 0.0441 —-0.0099 00982
x| di 01 00047 ~0.0472 00563 0.0220 —0.0230 00669 0.0521 —0.0055 01096
R y?j) 00335 00048 00649 0.0148 00047 00253 -0.0019 -0.0213 00174
RU"™ y?j) 0.0016 —-0.0250 00279 0.0735 Q0542 00960 0.1506 01194 01841
Tu yZ” ~0.1195 —0.2345 —0.0032 —0.0497 -0.1332 00329 0.0516 —0.0563 01593
d%o y?j) 00725 00412 01086 -0.0382 —0.0747 —-0.0021
H{ g0 yzj’ -0.0272 -0.0678 00131
50| 09247 09015 09446 09125 08938 09285 0.8304 08056 08539
o] 02646 02267 03069 01838 01582 02147 0.3235 02911 03580
log fr(R\I®) |-82164 —82648 —81667|-69026 —69388 —68659| —65862 —66356 —65364

The results are in Table 5. Thefldirence between Tables 4(a) — (c) and 5 are: (i)
there is no asymmetryfiect between U.K. and U.S,, i.e., the two arrows between
U.K. and U.S. in Figure 4(b) disappear, (ii) the holidefeets also disappears in
U.K. and U.S., and (iii) in U.K. the structural change in the holidf&ig& vanishes.
Thus, by estimating the three equations simultaneously, there is no hoffdatia
both U.K. and U.S. However, thesffects are quite small even in the case of Tables
4(a) — (c), because zero is very close to the 95% interval for each case. Therefore,
Tables 4(a) — (c) are not toofterent from Table 5. In addition, we have the almost
same figures as Figures 5(a) — (c) in the volatility estimates.

5 Summary

In this paper, we have investigated stock price volatilities in Japan, U.K. and U.S.
using the SV model. Note that there are no other papers which include the asymme-
try, holiday and day of the weekfects as well as the spilloveffects in stock price

level and volatility simultaneously. Furthermore, we use the Bayesian procedure
through MCMC to estimate the model.
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We have found that the holiday, asymmetry and day-of-the-wekts play an
important role in volatility, although no Tuesdaffect in U.K. and U.S. is observed
(see Tables 4(a) — (c)). Moreover, in addition to the§eats, we have examined
whether there are spillovelffects between Japan, U.K. and U.S. with respect to
stock price level and volatility. As a result, U.S. stock price volatility interacts
U.K. stock price volatility and Japanese stock price volatility also interacts U.K.
stock price volatility (see Figure 4(c)). Moreover, we can observe inter-transmission
between Japan and U.S. in price level (see Figure 4(a)). It has been shown that
the structural change in 1990 are included in Japanese, U.K. and U.S. stock price
volatilities (see Tables 4(a) — (c)). Most of these results are consistent with past
studies such as Hamao, Masulis and Ng (1990), Koutmos and Booth (1995), Kanas
(1998), Ramchand and Susmel (1998), Ng (2000), and Baele (2003).

Appendix A: Estimation Procedure

Under the setup shown in Section 2, the density function givenh, and that of
h, givenh,_; are obtained a$ (r;|h;) and f,(h¢/h_1), which are given by:

B 1 _ 1 B 2
Wt = s X5 ooy = 290°) (5)
1 1
fi(hilhy_1) = vﬁexp(—zgz(ht—xw—éht_l)z), 6)

where the superscripf)is abbreviated hereafter. (5) is derived from (1), and (6)
comes from (2). Letus denokg = (ry,ro,---,ry), B, = (ho, hy, - -+, hy) andé = (o,

v', 6, o). In this model B, andd has to be estimated. Givénthe density function

of R, givenB,, and that ofB, are given by:

f(RiBn6) = [ | fi(rhy),  (BilO) = | | fulhuhic).
t=1 t=1

Therefore, give, the joint density oR, andB, is:

n

F(Ro Bal6) = [ | fr(rdb) fu(hulhe o).

t=1

Here, we estimate the unknown parameters by Bayes method. Setting prior densities
sometimes leads tad hocand unrealistic results. To exclude influence of prior
information, the prior densities are assumed to Ikeise, i.e.,

1

fo(e) o const,  fi(ho) e const,  f,5(y,8) e« const, f(0?) «x =. (7)
o
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Thus, from (5) — (7), the joint density function Bf,, B, andé is obtained as:
1 n
f(Ro Bn, 6) = F(Ry, ©) o« = | | fi(rdho) fu(hulhe ), (8)
o t=1

where® = (B,, 6). The conditional density function &, andé givenR, is:

(B, AR = 1(OR) & — | | () h(hha) ©
t=1

Let us defineB; = (h;, h1,-- -, hy). We consider generating random draws of
0 = (B, 8). From (8), we can derive the following conditional densities:

(i - za)?)

1 exp(— 1
Jexphy) 2exphy)

X exr(—ﬁ(hnl = X1y — 5ht)2)

1
xexp(~ 5 (0 Xy = oher)?),
f(hi|Br1, B\, 0) o fort=21,2,---,n—1, (10)

(1~ )’

1 exp(— 1
Vexphy) 2expty)

xexp(~ 55 (0~ Xy - ohr)?),
fort =n,

hy — Xgy 0'_2)

5 62

ho | By.6 ~ N( (11)

(3)] Brane® ~ N(Q XX Y K QX)) (12)
t=1 t=1 t=1
for )C[|< = (Xt’ ht—l):

@|Bny.6,0° ~ N((Q zze™)™ Y Zre™ (O zae™™),  (13)
t=1 t=1 t=1

n 2 )
2" Yila(he = Xy — ohe 1)
where X ~ 1G(a, b) indicates 1X ~ G(a, b) and the density function given by

G(a, b) is proportional tox*1e™®, which is called the gamma distribution with
parametersa andb.

o?|Bn.a,y.6 ~ IG( (14)
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Using the above conditional densities (10) — (14), the Gibbs sampler can be per-
formed to generate random drawsRf andé. It is hard to generate the random
draws ofh; from (10). Therefore, the Metropolis-Hastings algorithm is utilized for
random number generation bf. See, for example, Chib and Greenberg (1995)
and Tierney (1994) for the Metropolis-Hastings algorithm. Also, see Jacquier, Pol-
son and Rossi (1994) for Bayesian estimation of the stochastic volatility model.
The Metropolis-Hastings algorithm requires the sampling densityfl(lbf) be the
sampling density ofy,. We take the sampling densify(h;) as follows:

7 (he) fa(heealhe) fa(helhe-g),  fort=1,2,---,n-1,
f.(hy) o
fo(h) fu(hdhes), fort=n,

wheref*(h;) denotes the normal distribution in which mean is the modg(ofih),
i.e., ui = log(ry — za)?, and variance is the inverse of the information matrix of
f-(rdhy) evaluated at the mode, i.er;?> = (3€™(r, — z2)?)™* = 2 (note thath, =
log(ry — za)? is substituted into the information matrix). Thuk(h,) results in
the normal distribution with meanb, and variancer, where b, 7;) = ((xy +
ohe_1)/ 0%+ (M1 — Xee1Y)0 /2 + i o2, 1o? + 6%/ +1/op?) fort = 1,2,---,n-1
and g, ;1) = ((%y + Sh1)/0? + u; /o2, 1/o? + 1/o?) for t = n. Through the
random draws from the sampling density, the random draws fsbm the target
density (10) are generated. Ligi be theith random draw ofy, givenR,, §; be the
ith random draw ob givenR,, ando; be theith random draw ofr givenR,. Let
us denoteBy; = (hoj, hyj, -+, hei), B = (M, hevais -+, hng) @ndéy = (af, 1, 6i, o).
The random draw generation procedure is shown as follows.

(i) Take appropriate initial values &, and6 asB,,_y andf_y.

(i) The Metropolis-Hastings algorithm is performed to generate random draws
ofh,t=1,2,---,n, from (10), which is shown in (a) — (c).

(a) Generate a random drawlgffrom the sampling density.(h;), denoted
fo(rdhgi-a)/ fu(hioa)” ™7

(b) Sethy; = hi with probability w(h;-1, hf) andh;; = h;_; otherwise.

(c) Repeat Steps (a) and (b) froe 1,2,---,n.
(i) Generatehg; from (11), ¢/, 6;)’ from (12),a; from (13), ando; from (14).
(iv) Repeat Steps (ii) and (iii) far= -M +1,-M + 2,---, N.

by hf, and computev(h;;-1, hy) = min(

Note that the order of Steps (ii) and (iii) does not matter. Implementing Steps (i)
—(iv), M + N random draws are generated fy and6d. Taking into account con-
vergence of the Gibbs sampler, the fikdtrandom draws are discarded and the last
N random draws are used for further analygis.= 10° andN = 1(° are taken in

this paper. To see whether the I[&standom draws converge to the random draws
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generated from the target density, there are a lot of convergence diagnostic (CD)
test statistics. The CD proposed by Geweke (1992) is utilized in this paper, which
Is discussed in Appendix C.

In this paper the nonlinear non-Gaussian state space modeling with the Markov
chain Monte Carlo method is used for estimation, which is discussed in Geweke
and Tanizaki (2001). Also, see Carlin, Polson andi®tq1992), Carter and Kohn
(1994, 1996), Chib and Greenberg (1996), Geweke and Tanizaki (1999) and Tanizaki
(2001, 2003, 2004) for state space modeling. The estimation procedure shown in
this appendix, called the single-move sampler, is not véigient and it is well
known that convergence of the Gibbs sampler is very slow, bedauseg, - - -, h,
are highly correlated with each other. There are various mifigeant procedures
for precision of generated random draws, e.g., Watanabe and Omori (2004). How-
ever, they are quite complicated in computer programming and they are computa-
tionally intensive. Therefore, in this paper the simplest algorithm (bufiaent
algorithm) is utilized with sfficiently large number of random draws (i.M,= 10°
andN = 10°).

Appendix B: Surrogate for Marginal Likelihood

In order to compare Models 1 — 8 and A — C in Section 3, integratind@gaindo

we usually consider deriving the densityRyf, denoted byfr(R,), whereR, denotes

all the observed data, i.e6R, = {ry, I, - -+, y}. Becauseg and x are assumed to

be nonstochastic, it is not iR,. Newton and Raftery (1994), Chib (1995), Dey,
Chang and Ray (1996) and Gelfand (1996) proposed computation of the marginal
likelihood fr(R,). Also, see Geisser and Eddy (1979), Gelfand and Dey (1994) and
Omori (2001). However, in this papég(R,) is diffuse because the prior densities

of 6 andhg are assumed to beftlise. See (7) for the priors. Defie= (B,, 8) and

0; = (Bin, 6). Therefore, we consider the model selection using the cross-validation
predictive density, which is given by:

. fr(Rn) fr(R-1, R, \-1 fr(R-1, R,1.©)
IR R) = TR R;:l) WR) ) (f R )
_ fr(R-1, R4, 0) -1
= f o @) f(OIR,) dO)’ f fR(rtla - R;:l’ 5; (@R o)

—1 1 N
Z fr(reRe-1, REL+1’®) B NZ f(rt|h| t)

which are based on the cross-validation predictive density. Note that we utilize
fr(Rn) = fr(Ry, ®)/ f(OIR,) in the fourth equality andk(r{|R-1, R}, ;, ©i) = f(redhy;)

in the last equalityf (r{R_1, R, ,) is a proper density while botfg(R,) and fr(R1,

R/,,) are difuse.B,; andé; represent théth random draws oB, andé givenR,.
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Thus, in this paper we take the product of cross-validation predictive densities
as the the surrogate for marginal likelihofgR,). The product of cross-validation
predictive densities is given by:

1_[ f(rRe-1, RY ) » l_[ Z f. (rtlh. t)

t=1

is called the surrogate for marginal likelihodg{R,). According to Besag (1975),
fr(Rn) is equivalent to the sgtf(r|R-1,R’;), t = 1,2,---,n}, in the sense that

each uniquely determines the other. Hence, in terms of model assessment, exam-
ining the observedr, with respect tofg(R,) is the same as with respect to the set
f(rdR-1. RY,,). See Dey, Chang and Ray (1996). Geisser and Eddy (1979) showed
that the surrogate for marginal likelihood is very useful for model selection even
when the prior densities are improper. In this paper (especially in Table 2), accord-

ingly, log fr(R,) should be read a5;., log f(r{R-1, R, ,).

Appendix C: AVE, STD, Skew and Kurt and CD

For a random variablX and its Gibbs sequence, i = 1,2,---,N, under some
regularity conditions it is known that we have the following property:

1 N
5 2,96 — E@X)).
i=1

whereg(-) is any continuous function, which is typically specifiedgg) = x™,
m=1,2,3,4. Then, (AN) =, X" is a consistent estimate of &), provided that
variance of (IN) 2N, x™ is finite, which comes from the law of large numbers.
The random variablX takesB, or § in this paper. In Table 4, AVE, STD, Skew and
Kurt are defined a% = (1/N) 3N, x, s = ((1/N) ZN,(% — )22, (L/N) IV, (% -
%)%/s¥? and (UN) I, (% — X)*/<%, which are consistent estimatesof= E(X),
o = (E(X = w)?)Y?, E(X — p)3/0%? and EK — u)*/o? even in the case where,
X2, - -+, XN are serially correlated. Note that AVE, STD, Skew and Kurt in Table 4
represent a shape of each posterior density. 0.005, 0.025, 0.975 and 0.995 are also
given by 0.5%, 2.5%, 97.5% and 99.5% point values by sorting\trendom draws
in order of size for each element @f

To check convergence of the Gibbs sequence, Geweke (1992) proposed the con-
vergence diagnostic test statistic, denoted by CD, and its asymptotic property as

follows: o
Xa — Xp

\¢S§/Na+ %/Nb

whereX, denotes the arithmetic average from the fidgtrandom draws out o%;,
X2, - -+, Xn, @NdX, indicates the arithmetic average from the ldstrandom draws,

CD = — N(O, 1),
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Na N

_ 1 _ 1
Xa = Xi, Xp = X;.
Na ; Nb i= NZN:b+1
N — N, — N, random draws in the middle are not utilized for the diagnostic test. As
for s2 and sf) becauseq, X, - -+, Xy are serially correlated. variancesxfandX,
are estimated as:

©) (0 ©) (0
L =T¢ +22 rJ £ =T +22 L+1r

which are based on Newey and West (1987). The sample autocovarrechzﬁm
Iy are given by { = (1/Na)z. (X=X (X_j—%a) andl'Y = (1/No) Sy g jea(Xi-
¥o)(Xi—j — Xo), for j = 0, 1,---, L. In this paperN, = 0.IN = 10°, N, = 0.5N =
5x 10° andL = 10° are taken.

Appendix D: Overall Convergence Criterion

In each model of Table 4, CD represents the convergence diagnostic test based on
each element of. The number of parameters included in (1) and (2) is given by
(n+1)+ (ky + ko + 2), i.e., the dimension dB, isn + 1 and that ob isk; + k, + 2.

It is not easy to evaluate all the CDs at the same time. Therefore, in this appendix
we consider the overall convergence diagnostic test for each modeithlia@dom

draw of logfr(R,|®) is given by logfr(R|®;), where® = (B,, 6) and®; = (By;, 6;).

As for the overall convergence diagnostic test, we consider checking convergence
of log fr(Ri|®;) = Y., log f (rhit). Inlog fr(R,|®;) of Table 4, all the CDs are less

than 2.576 in absolute value. Therefore, we can conclude that the Gibbs sequence
{log fR(Rn|®i)}i'i1 converges at significance level 1%.

The acceptance probability at times given by (UN) S, | i#h, 1), Which cor-
responds to the probability such that the random draw is updated in Step (ii)(a) of
Appendix A, wherd, is the indicator function which satisfieg) = 1 if Ais true
andl) = 0 otherwise. Thus, we can comput@cceptance probabilities for= 1,

2, ---, n. The arithmetic average from theacceptance probabilities is 0.934 in
Table 4(a), 0.962 in Table 4(b) and 0.928 in Table 4(c). Especially, the minimum
acceptance rates are given by 0.619 in Table 4(a), 0.685 in Table 4(b) and 0.423 in
Table 4(c). which corresponds to Black Monday, i.e., a drastic drop in U.S. stock
price. The outliers shown in Figures 1(b) — 3(b) result in relatively small acceptance
probabilities. In practice, however, the acceptance probability 0.423 is not too low.

Thus, the CDs in Tables 4 and the acceptance rates show that the MCMC pro-
cedure taken in Models 1 — 8 and A — C works well without any problem.
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Table 6: Day-of-the-Week fect

(a) Model 5C — Japan (b) Model 5B — U.K. (c) Model 5B — U.S.

(.11 =(123) (4.1’ =(213) (4.1 =312
AVE  0.025 0975 AVE 0025 0975 AVE 0.025 0.975
1 o] 00756 00453 01059 00396 00202 00590 0.0520 00335 00705
) | -00240 00503 00024 01201 01123 01459 00292 00137 00448
V0" 0| 01254 00972 01537-00944 01217 00671 03631 03381 03882
r9) aii) 02415 02145 02686/ 0.2161 01904 02418 -0.0808 —0.1065 —0.0551

d® o¥|-0.0719 -0.1169 -0.0270

Mo, "] 0.0976 00147 01829/-0.0034 -0.0740 00674 0.0010-0.0775 00793
Tu y%j) -0.1145 -0.2201 -0.0091|-0.0941 —0.1931 00078 -0.0264 —-0.1321 00805
x| we ya) 0.0033 -0.1072 01139 0.0112 -0.0996 01210 -0.0607 —-0.1717 Q0510
Th y?{) 0.0153 -0.0955 01276 0.0034 -0.1034 01139 -0.0070 -0.1146 00998
Fry yé) 0.0137 -0.0917 01179 0.0499 -0.0524 01497 0.0284 -0.0717 01276
5009795 09717 09864 0.9848 09783 09902 0.9742 09630 09837
o] 01995 01736 02285 0.1257 01143 01452/ 0.1768 01462 02107

Appendix E: Day-of-the-Week Hfect

In this appendix, we focus on the day-of-the-weéikeet for each country, whew

in Table 6 take the same variableszas Tables 4(a) — 4(c), and the five dummies
(Mo, Tu, We, Th, andFr,) are included inx. Note that the convergence diag-
nostic (CD) test is passed for the three cases even though CD is not shown in Table
6. As a result, both Monday and Tuesddleets play an important role in Japanese
stock price volatility (see Table 6(a)). The day-of-the-weffkeat is not important

for U.K. and U.S. stock price volatilities (see Tables 6(b) and (c)).

In any case, the stock price volatility depends on at most Monday and Tues-
day dfects. Wednesday, Thursday and Friday dummies are not significant at all in
Tables 6(a) — 6(c). It is not easy to distinguish Mondé&g& and holiday #ect,
because all the Mondays when the stock market is open have holiay, e.e.,

Ht(j) = 2 for most of Mondays. Thus, inclusion of bolho; and Ht(j) in xt(j) results
in multicollinearity. Therefore, in Tables 4(a) — 4(@)w is incorporated.
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