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1. Introduction

Recently, securities have been traded not only in their domestic market but also in abroad. Stocks

of Toyota Motor Corp. are traded every day in Tokyo Stock Exchange (TSE). However, after the

market in Japan is closed, people in U.S. then start trading Toyota stocks in New York Stock

Exchange (NYSE). The share in NYSE is not such as �Toyota Motor U.S.,�they are exactly the

same share of �Toyota�operated in Japan.

Companies which listed their share in US is not only Toyota. There are 29 companies, 18 in

NYSE and 10 in Nasdaq, traded as American Deposit Receipts (ADR). The �rst Japanese cross-

listed �rm was Sony Corp, in December, 1970. Since then, Japanese companies have been listing

their share in US markets. Their motivation to cross-list in New York are based on the idea that

doing so might be a good signal to their customers and investors,and ensures or increases their

brand.

This study, however, the purpose is not to investigate their motivation of cross-listing. My

interest here is in the price discovery process of those cross-listed securities. How e¢ cient is the

foreign market in �nding cross-listed security�s e¢ cient price? What is the degree of contribu-

tions to price discovery? International fragmentation (trading identical assets in multiple place) as

ADRs may raise concerns about the e¢ cacy of price discovery. As represented by Toyota, Sony, or

Mitsubishi UFJ Financial Group, Japanese ADRs are of principal enterprises�stocks. Thus, the

process of price discovery of those assets is of concern to many market traders.

Consequently, it is important to determine where the price information and price discov-

ery are being produced. Price discovery is one of the most important function of the market.

It incorporates new information on fundamental value into market prices through transactions.

These transactions, however, include noise such as transitory liquidity needs and errors in analy-

sis/interpretation on information. Even without these stochastic noises, market participants may

strategically over- or under-react to the change in fundamental value. Furthermore, trading mecha-

nism of the market may cause the deviation of transaction prices from intrinsic value of the security.

An e¢ cient market is able to re�ect the information, a¤ected by noises, onto price quickly.

The method suggested by Yan and Zivot (2006) can measure the dynamic aspect of the price

discovery. They proposed a measure based on impulse response function. With their structural

approach, information innovation and microstructural noise are distinguished explicitly. In this

study, partial price adjustment model suggested by Amihud and Mendelson (1987) is used for the
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structural model. To estimate the model, Kalman �lter is utilized. It enables us to estimate not

only the parameters but also the e¢ cient prices, information shocks and noises.

The bene�t of this approach is that it provides us a way to study price discovery of two markets

which do not open simultaneously, in the case as TSE and NYSE. The two widely used methods for

measuring contributions to price discovery, Information share (IS) and Gonzalo-Granger portfolio

weights (GG), require two markets to be open simultaneously. The estimated e¢ cient prices

produced by Kalman �lter can be used to generate the price series assuming that two markets�

opening hours are overlapped.

Literatures of price discovery across markets are initiated by studies on U.S. stocks cross-listed

in central and regional markets. Articles in that line of studies include Hasbrouck (1995), Harris,

McInish, Shoesmith and Wood (1995), Harris, McInish and Wood (2002) for example. Studies of

price discovery across international markets have been increasingly shown its presence. Werner

and Kleidon (1996) analyze intraday patterns for U.K. and U.S. trading of British cross-listed

stocks. They focuses on studying price volatility, volume and liquidity during overlapping period

of New York and London market. Menkveld (2008) extend the model of Chowdhry and Nanda

(1991) to analyze British and Dutch ADRs. That article employs Hasbrouck IS, and also focuses

on overlapping period. Eun and Sebherwal (2003) examine the price discovery of Canadian stocks

listed on both the Toronto Stock Exchange and a U.S. exchange. Their approach is reduced model

approach, and it is based on the error correction coe¢ cient. Although those studies investigate

international cross-listed stocks, their analysis is done for overlapping period and none of them

utilize structural approach. Unlike them, this article examine the price discovery during non-

overlapping period applying partial price adjustment model.

There are few studies employing structural approach with partial price adjustment model. One

is Chelley-Steeley (2003), that paper studies stocks listed on both the Paris Bourse and SEAQ-

International in London. It also examine the dynamic aspect of price discovery process, but does

not use Yan and Zivot measure. Besides, Paris and London are overlapped. The study applying

the most similar approach to the present research is done by Menkveld, Koopman and Lucas

(2007). Based on partial price adjustment model, they investigate around-the-clock price discovery

for Amsterdam-New York cross-listed stocks. Their study includes non-overlapping period, and

Kalman �lter is used to deal with missing values. However, that article does not examine the

dynamics of price discovery, but devotes spaces to investigate the change in e¢ cient price variation.
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The methods proposed in this work would give ideas for future research in price discovery of U.S.

vs. Asian emerging markets whose operation hours are not overlapped. By modifying the partial

price adjustment model to allow di¤erent variance on information shock for each market�s opening

hours, we �nd that the magnitude of the shocks are larger during Tokyo opening hours. PDIRF

shows that NYSE is more e¢ cient in price discovery, but values of IS and GG vary signi�cantly

across stocks.

The rest of this paper is organized as follows. Section 2 introduce the model and methods to

measure price discovery. Estimation methods are introduced in section 3. Section 4 describes the

applied data and section 5 presents the estimation results. Section 6 concludes.

2. Partial Price Adjustment Model

In this section I introduce a simple partial price adjustment model used by Amihud and Mendelson

(1987) which this study is based on. Suppose that there exists a �nancial asset traded at two

markets. Let mt denote the log e¢ cient price of that asset and pi;t denote its log observed price

at market i,

�p1;t = �1(mt � p1;t�1) + w1;t; 0 � �1 � 2 (1)

�p2;t = �2(mt � p2;t�1) + w2;t; 0 � �2 � 2

mt = mt�1 + vt

where

E(vtv� ) =

�
0 t 6= �
�2v otherwise

E(vt) = 0

E(wi;twi;� ) =

�
0 t 6= �
�2wi otherwise

E(wi;t) = 0

vt is the innovation to the e¢ cient price, the information shock. wi;t is the noise innovation, the

microstructural shock. This stochastic noise pushes the transaction price of the stock away from its

fundamental value. Microstructural noises include errors in analysis or interpretation of informa-

tion, transitory liquidity needs of traders and asymmetric information. � is the price adjustment

coe¢ cient. It captures the tendency of the reaction of market participants. If � < 1, transaction

prices adjust partially to information, whereas � > 1 implies overreaction to news. Hence even

there is no stochastic noise, by this under- or over-reaction of traders prevent market prices from
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immediate adjustment on the new information. Strategic trading by informed investors who split

their order across time may cause market under-reaction, and liquidity suppliers who are com-

pensated for their services may cause market over-reaction. If price adjust to the fundamental

immediately, � = 1, the adjustment is a full price adjustment.

2.1 Hasbrouck information shares

Hasbrouck (1995) proposes a measure for one market�s contribution to price discovery based on

the full price adjustment case of the model introduced above.

Since the prices p1;t and p2;t are for the same underlying asset, they are assumed not to drift

far apart from each other, i.e. the di¤erence between them should be I(0). And, each price series is

assumed to be integrated of order one. The price changes are assumed to be covariance stationary.

This implies that they have a Wold representation:

�pt= 	(L)et (2)

where et is a zero-mean vector of serially uncorrelated disturbances with covariance matrix 
, and

	 is the polynomial in the lag operator. And, applying Beveridge-Nelson decomposition to (2)

yields the levels relationship:

pt= 	(1)
tX
j=1

ej+	
�(L)et: (3)

The matrix	(1) contains the cumulative impacts of the innovation et on all future price movements

and 	�(L) is a matrix polynomial in the lag operator. Then, the random walk assumption for the

e¢ cient price made at (1) and the common stochastic trend representation suggested by Stock and

Watson (1988) enable (3) to be expressed as:

pt= �mt+	
�(L)et (4)

mt = mt�1 + vt

where � is a row vector of ones.

Since �0pt = 0, where � = (1;�1)0, is assumed to be stationary, �0	(1) = 0. And this implies

that the rows of 	(1) is identical. Hence denoting  = ( 1;  2)
0 as the common row vector of

	(1), vt can be decomposed into  1e1;t and  2e2;t.  iei;t can be interpreted then as �part of the

information vt re�ected in pi;t�. The variance of vt is  0
 , and if 
 is diagonal, i.e. et are
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mutually uncorrelated, then market i�s information share is de�ned as:

ISi =
 2i�

2
ei

 0
 
=

 2i�
2
ei

 21�
2
e1 +  

2
2�
2
e2

; i = 1; 2 (5)

where  i is the ith element of  , and �
2
ei is the ith diagonal element in 
. Hence, information

share suggested by Hasbrouck measures the proportion of the information attributed to two di¤er-

ent observed prices. And he interprets this proportion as the contribution to the price discovery.

If 
 is non-diagonal, the information share measure has the problem of attributing the covari-

ance terms to each market. Hasbrouck suggests to compute the Cholesky decomposition of 
 and

measure the information share using the orthogonalized innovations. Let C be a lower triangular

matrix such that C0C = 
. Then the information share for the ith market is

ISi =

�
[ 0C

�
i
)2

 0
 
(6)

where
�
 0C

�
i
is the ith element of the row matrix  0C. The resulting information share depends

on the ordering of price variables. In the bivariate case, the upper (lower) bound of the ISi is

obtained by computing Cholesky factorization with the ith price ordered �rst (last).

2.2 Gonzalo-Granger portfolio weights

Harris, McInish and Wood (2002) employ permanent-transitory component decomposition intro-

duced by Gonzalo and Granger (1995) to measure price discovery. Gonzalo-Granger common factor

approach decomposes market prices as:

pt = A1gt +A2ht (7)

where gt is the permanent component, ht is the transitory component, and A1 and A2 are factor

loading matrices. As in Hasbrouck information shares setup, (7) implies the perfect adjustment

case of (1) and price series are assumed to be cointegrated. Thus, both price series are I(1), the

error correction term is I(0) and gt is I(1). ht is I(0) and does not Granger cause gt in the long

run. Gonzalo and Granger de�ne gt =  0pt where  = (�0?�?)
�1�0?, � is the error correction

coe¢ cient vector, and � = (1;�1)0 the cointegrating vector such that �0?� = 0 and �0?� = 0.

The permanent component is then a weighted average of market prices with component weights

i = �
0
?;i=(�

0
?;1+�

0
?;2) for i = 1; 2. As a result, Harris, McInish and Wood suggest an alternative

measure of price discovery,

GGi =
�?;i

�?;1 + �?;2
; i = 1; 2:
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2.3 Price discovery impulse response function

Unlike those two methods above, the third one is based on general case of partial price adjustment

model. Model (1) show explicitly that the market has two types of shocks, noise and information.

The method suggested by Yan and Zivot (2006) to measure the e¢ ciency of price discovery is

based on the idea of impulse response on the latter shock, and they name it �Price discovery

impulse response function (PDIRF).�To derive PDIRF, represent the transaction price process as

follows1:

pi;t =
tX
j=1

(
(1� �i)t�j�i

jX
l=1

vl

)
+

tX
j

(1� �)t�jwi;j ; i = 1; 2 (8)

and then PDIRF is given by

fi;k =
@pi;t
@vt�k

=

kX
l=0

�i(1� �i)l i = 1; 2; k = 0; 1; � � � : (9)

Since it is the innovation of intrinsic value of the security, information shock has to be a permanent

e¤ect, i.e. the impulse response fk converges to one:

lim
k!1

kX
l=0

fi;l = 1 i = 1; 2 (10)

To su¢ ce this condition we have to restrict �i in the range of [0,2]. Hence, a fast convergence of

PDIRF means a fast full-incorporation of information shock into the transaction price. PDIRF is

function of only one variable, �i. And the equation above implies that the closer the �i to one, the

faster the PDIRF converges to one. Then, we can measure the e¢ ciency of price discovery by how

close �i is to one. In order to compare price discovery e¢ ciency between two markets, quadratic

loss (1� �i)2 can be used:

LR1 = (1� �1)2=(1� �2)2: (11)

If the loss ratio LR1 is smaller than one, market 1 is more e¢ cient in incorporating price informa-

tion into the transaction price.

3. Estimation methods

Recognizing that the partial price adjustment model has state space representation, Kalman �lter

can be employed to estimate the parameters. Kalman �lter also gives estimates for unobserved

e¢ cient prices, information shocks, microstructural noises. It naturally deal with missing market

1 See appendix for derivation.
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prices for closed market, which is the major advantage for the present work. In order to estimate

IS and GG, transacted prices for both markets are required. Hence, the estimation strategy will

be following. First, using Kalman �lter to the state space model, PDIRF and missing values are

estimated. As we have shown, PDIRF is a function of only one parameter, �i, the partial price

adjustment coe¢ cient. Next, using the price series including the estimated missing values, IS and

GG are obtained by estimating vector error correction (VEC) model.

3.1 Estimating partial price adjustment coe¢ cient

The partial price model has state space representation. The unobserved e¢ cient pricesmt are states

and the observed transacted prices pi;t are observations. By assuming all vt and wi;t are normally

distributed with mean zero, mutually and serially uncorrelated, Kalman �lter and its associated

algorithm obtains the e¢ cient price series fmtgTt=0, information shocks fvtg
T
t=0, microstructural

noises fwi;tgTt=0 and missing values. Parameters �i, �v and �w;i for i = 1; 2 are estimated by

numerically maximizing the log-likelihood evaluated by the Kalman �lter. Then, PDIRF fi =Pk
l=0 �i(1� �i)l and LR1 = (1� �1)2=(1� �2)2 can be calculated with estimated �i.

In the model, the magnitude of information shock �v is assumed to be common in both market�s

business hours. However, it is natural to consider that information occurred in home market

opening period has larger magnitude of change in e¢ cient price.2 To relax the constraint on the

magnitude of information shock, we involve � in the state model to allow each market�s opening

period to have di¤erent variance of the information shock:

mt = mt�1 + �vt (12)

where � = 1 when foreign market (New York) is open, and � 6= 1 when home market (Tokyo) is

open. Hence, if � > 1, information occurred in home market has larger magnitude of change in

e¢ cient price and if � < 1, smaller magnitude.

3.2 Estimating IS and GG

In order to obtain IS and GG, the �rst step is to estimate the following VEC model:

�pt = ��
0pt�1 +

kX
j=1

Bj�pt�j + et (13)

2 Menkveld, Koopman and Lucas (2007) found larger e¢ cient price volatility in home market (Amsteldam)
opening hours than in foreign market (New York) opening hours.
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where � is error correction vector, � = (1;�1)0 is cointegrating vector and et is a zero mean vector

of serially uncorrelated innovations with covariance matrix 
. Using the estimated missing values

of closed market prices, VEC model (13) can be estimated. Baillie, Booth, Tse and Zabotina

(2002) shows that IS and GG can be obtained by utilizing estimated parameters as:

for 
 diagonal,

ISi =
�2i?�

2
ei

�21?�
2
e1 + �

2
2?�

2
e2

; i = 1; 2 (14)

where �2i? is the ith element of �?, for 
 not diagonal

ISi =

�
[�0?C

�
i
)2

�0?
�?
(15)

where
�
�0?C

�
i
is the ith element of the row matrix �0?C, and

GG1 =
�2

�2 � �1
; GG2 =

��1
�2 � �1

: (16)

4. Data

The cross-listed Japanese shares studied in this paper are ADRs. Each ADRs is issued by a U.S.

depository bank, the biggest depository bank is Bank of New York Mellon. ADRs are traded in

U.S. dollars, pay dividends in US dollars, hence they can be traded like U.S. domestic shares.3

This study uses 5 minutes trading prices of 18 Japanese stocks listed both in Tokyo and in

New York.4 Our sample covers from September 17, 2007 to April 7, 2008.5 Table 1 shows the all

Japanese ADRs traded in NYSE. While New York uses the symbol, Tokyo uses �meigara-kohdo,�

which means �trading code�to recognize them. During the observation period Tokyo market had

130 business days and New York had 139 business days. TSE operation hours are 4.5hours, it opens

at 19:00 Eastern Standard Time(EST) and closes at 1:00 EST (they have break from 21:00 EST

to 22:30EST) while NYSE operation hours are 6.5hours, opens at 9:30 EST and closes at 16:00

EST.6 Thus, there is no overlapping period in these two markets. Both markets are continuous,

consolidated auction markets and report trade and quote information in real time. The major

di¤erence between these two is that NYSE is a hybrid market and TSE is a pure electronic market.

3 I use daily average of Japanese yen-U.S. dollar exchange rates to convert all prices to USD.
4 Frequency of original data was 1 minute. It includes some missing values in market opening period. To �ll
in those missing values in opening period, last available values are used.
5 During that period, there were 19 ADRs listed in NYSE. However, data for NTT DoCoMo was not available.
6 Japan does not apply Daylight Saving Time (DST). Time di¤erence between Tokyo and New York changes
from 14hours to 13hours when DST employed in U.S. We have 7,302 observed prices for TSE and 10,870 for
NYSE.
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Table 2 shows the average daily trading value of each markets and its proportion allocated to

Tokyo. Average TSE share is 95.588% and even the smallest share that of SNE is 88.601%. Those

numbers show that most of the trades are placed in Tokyo. Table 2 also reports the trade price

volatility and its ratio. Trade price volatility is calculated as variance of change in log transacted

(observed) price. For most of the stocks, larger �uctuations of change in price are observed in Tokyo.

It is noteworthy that trade price volatility of CAJ and NIS in NYSE is larger than that in TSE

even the trading value share of them are larger in TSE. Changes in observed prices contain both

information and noise. Hence we cannot conclude whether those reported volatilities is attributed

to information or/and noise. I proceed by decomposing the price changes into information and

noise using the partial price adjustment model.

5. Estimation Results

First, we estimate the partial price adjustment model as introduced in Section 3. Table 3 shows

the estimated parameters of state space model including �, and LR1. LR1 is lower than one in

almost all of the shares, i.e. the price discovery process is more e¢ cient in New York. Half-lives

are computed from Yan-Zivot PDIRF. Except two shares, Cannon (CAJ) and NIS Group (NIS),

50% of an information shock is incorporated into observed price immediately.

For all of the shares, estimated � are greater than 1. Hence, we can conclude that the magnitude

of information shock are larger during Tokyo opening hours. This result is consistent with the

�nding in Menkveld, Koopman and Lucas (2007). They report that variance of e¢ cient price

innovation in home market opening hours are larger than foreign market opening hours.

The microstructural noise displayed in Table 3 shows that for most of the stocks, noises are

larger in Tokyo. And that result is consistent with Chelly-Steeley (2003). In that article, home

market has larger noise than in foreign market. Now recall that we observed high trade price

volatility of Cannon and NIS Group in New York in Section 4. Even their trading value are much

smaller than in Tokyo, price varies more in New York. By our structural approach, change in

prices is decomposed in information innovation and noise. And now we can conclude that these

highly volatile trade prices of Cannon and NIS Group observed in New York are attributable to

large microstructural noise.

Two interesting results are found by this structural approach. One is that the speed of in-

corporating the new information into the price, the speed of price discovery, is faster in NYSE.
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Another is that large changes in e¢ cient price occur in Tokyo opening hours. These results imply

that NYSE has not be able to make full use of its ability of price discovery.

Using the estimated �1(�2) and the series of mt, we generate the series of p1;t(p2;t) during Tokyo

(New York) closing hours. Now we have two prices p1;t and p2;t simultaneously, assuming that TSE

and NYSE operating hours are fully overlapped. Given the estimated LR1, we expect that New

York would information dominates Tokyo for most of the stocks.

To compute the information shares, we estimate VEC model with these prices. Table 4 shows

the parameters �i and �ei from the VEC model and estimated price discovery measures IS and

GG. Values of IS and GG vary signi�cantly across stocks. Although ISAV E;1 is close to the

corresponding GG1, values of these measures are not correlated with LR1. IS and GG measure

the average magnitude of information incorporated in observed price attributable to each market.

Hence they could be considered as static measures and would not capture the dynamics of price

discovery captured by LR1.

6. Conclusion

This study has examined price discovery of shares of 18 Japanese companies cross-listed in Tokyo

and New York. We analyzed 5-min frequency data over the period September 2007-April 2008.

The model we relied on is partial price adjustment model, suggested by Amihud and Mendelson

(1987). Hence it takes the form of state space representation, Kalman �lter is the natural tool to

estimate the parameters of the model. And by utilizing Kalman �lter, we can deal with missing

values problem one has to confront in order to study two non-overlapping markets. Hence, methods

employed in this paper can be applied to future studies on price discovery such as Asian emerging

vs. U.S. market.

By modifying the model to allow di¤erent variance on information shock for each market�s

opening hours, this study shows that the magnitude of change in e¢ cient price is larger during

Tokyo opening hours. However the dynamic price discovery measure of Yan and Zivot shows that

speed of incorporating information shock into transacted price is faster in NYSE. Thus, NYSE

does not make full use of its ability of price discovery, since even its e¢ ciency, much of the large

information shocks occur during Tokyo opening hours. The results obtained by IS and GG are not

consistent with dynamic approach. Further discussion and studies on structural interpretation of

the IS/GG approach are needed.
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Appendix A. 1

Start from the equation:

�pi;t = �i(mt � pi;t�1) + wi;t i = 1; 2

and rewrite it in level price form:

pi;t = (1� �i)pi;t�1 + �imt + wi;t:

Then assuming pi;0 = 0 and mi;0 = 0, for t = 1:

pi;1 = (1� �i)pi;0 + �im1 + wi;1

= �iv1 + wi;1 (A-1)

and for t = 2:

pi;2 = (1� �i)pi;1 + �im2 + wi;2

= (1� �i)[�v1 + wi;1] + �i(v1 + v2) + wi;2; (A-2)

hence recursively, for t � 1:

pi;t = �ivt + [�i + (1� �i)�i]vt�1 + � � �+
"
t�1X
l=0

(1� �i)l�i

#
v1

+(1� �i)t�1wi;1 + (1� �i)t�2wi;2 + � � �+ wi;t

=
tX
j=1

(
(1� �i)t�j�i

jX
l=1

vl

)
+

tX
j

(1� �)t�jwi;j : (A-3)

Desired result as in equation is obtained and we have the PDIRF fi;k =
Pk
l=0 �i(1��i)l for i = 1; 2.
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Table 1: NYSE-listed Japanese Stocks

US Symbol JPN Code Name

ATE 6857 Advantest Corp.
CAJ 7751 Cannon Inc.
HIT 6501 Hitachi Ltd.
HMC 7267 Honda Motor Co. Ltd.
IX 8591 ORIX Corp.
KNM 9766 Konami Corp.
KUB 6326 Kubota Corp.
KYO 6971 Kyocera Corp.
MC 6752 Matsushita Electric Industrial Co. Ltd.
MFG 8411 Mizuho Financial Group Inc.
MTU 8306 Mitsubishi UFJ Financial Group Inc.
NIS 8571 NIS Group Co. Ltd.
NJ 6594 Nidec Corp.
NMR 8604 Nomura Holdings Inc.
NTT 9432 Nippon Telegraph and Telephone Corp.
SNE 6758 Sony Corp.
TDK 6762 TDK Corp.
TM 7203 Toyota Motor Corp.

Notes: The table contains company names of 18 cross-listed stocks. While
symbols are used in NYSE, code numbers are used in Tokyo.
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Table 2: Average Daily Trading Value and Trade Price Volatility

Avg. Daily Trading Value Trade Price Volatility
Symbol Tokyo NY TSE Share Tokyo NY Vol.Ratio

million dollar million dollar %
ATE 81.18 0.74 99.091 2:73� 10�5 1:74� 10�5 1.568
CAJ 290.57 26.27 91.710 1:70� 10�5 3:38� 10�5 0.504
HIT 115.51 4.02 96.641 1:47� 10�5 6:42� 10�6 2.292
HMC 263.7 19.9 92.983 2:05� 10�5 6:49� 10�6 3.166
IX 113.83 3.09 97.356 3:42� 10�5 2:02� 10�5 1.693
KNM 35.26 0.23 99.365 2:63� 10�5 2:47� 10�5 1.066
KUB 49.27 2.54 95.099 2:17� 10�5 9:89� 10�6 2.194
KYO 100.44 2.27 97.787 1:20� 10�5 4:83� 10�6 2.478
MC 159.92 9.29 94.512 1:54� 10�5 6:17� 10�6 2.502
MFG 675.55 2.33 99.657 2:94� 10�5 1:91� 10�5 1.542
MTU 542.24 24.17 95.732 2:80� 10�5 1:32� 10�5 2.129
NIS 7.75 0.11 98.585 7:06� 10�5 2:64� 10�4 0.267
NJ 26.3 1.1 95.984 1:83� 10�5 9:86� 10�6 1.856
NMR 217.22 8.19 96.365 2:27� 10�5 1:10� 10�5 2.065
NTT 135.14 11.5 92.160 1:12� 10�5 7:45� 10�6 1.507
SNE 410.35 52.79 88.601 1:65� 10�5 7:25� 10�6 2.271
TDK 92.77 1.23 98.689 1:81� 10�5 9:60� 10�6 1.885
TM 613.02 66.06 90.272 2:18� 10�5 5:56� 10�6 3.924

Mean 218.334 13.101 95.588 2:37� 10�5 2:65� 10�5 1.939
Std.Dev. 208.285 18.885 3.286 1:33� 10�5 5:98� 10�5 0.860
Notes: This table contains average daily trading value and trade price volatility in Tokyo and
New York from September 17, 2007 to April 7, 2008. TSE Share is the proportion of average
daily trading value attributable to Tokyo. Trade price volatility is the variance of log price
change. Vol. Ratio is the ratio of variance in Tokyo on that in New York.
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Table 3: Partial Price Adjustment Model Estimates

Tokyo New York

Symbol �2v � �1 �2w1 Half1 �2 �2w2 Half2 LR1

min. min.

ATE 3:31� 10�6 5.331 0.034 2:33� 10�5 100 0.979 7:35� 10�7 0 2184.39

( 0.616 ) ( 0.005 ) ( 0.007 )

CAJ 2:85� 10�6 3.229 0.852 3:17� 10�6 0 0.005 3:11� 10�5 690 0.02

( 0.433 ) ( 0.052 ) ( 0.003 )

HIT 1:60� 10�6 3.004 0.034 1:15� 10�5 100 0.829 1:12� 10�6 0 31.88

( 0.339 ) ( 0.004 ) ( 0.013 )

HMC 1:53� 10�6 6.920 0.363 1:23� 10�5 5 0.727 8:92� 10�7 0 5.45

( 0.411 ) ( 0.021 ) ( 0.024 )

IX 5:37� 10�6 3.026 0.056 3:04� 10�5 60 0.764 4:95� 10�6 0 16.05

( 0.312 ) ( 0.008 ) ( 0.013 )

KNM 5:24� 10�6 2.859 0.023 2:12� 10�5 145 0.975 5:58� 10�7 0 1573.53

( 0.381 ) ( 0.004 ) ( 0.007 )

KUB 2:33� 10�6 3.040 0.051 1:77� 10�5 65 0.877 1:38� 10�6 0 59.07

( 0.252 ) ( 0.006 ) ( 0.014 )

KYO 2:22� 10�6 1.414 0.046 9:36� 10�6 70 1.010 7:16� 10�8 0 10080.16

( 0.128 ) ( 0.004 ) ( 0.024 )

MC 1:69� 10�6 3.074 0.006 1:26� 10�5 575 0.935 5:01� 10�7 0 232.55

( 0.291 ) ( 0.004 ) ( 0.013 )

MFG 2:75� 10�6 6.823 0.225 2:06� 10�5 10 0.970 1:84� 10�6 0 659.52

( 0.523 ) ( 0.020 ) ( 0.010 )

MTU 3:11� 10�6 6.390 0.158 2:14� 10�5 20 0.829 1:46� 10�6 0 24.15

( 0.562 ) ( 0.014 ) ( 0.024 )

NIS 2:09� 10�5 3.307 0.010 6:65� 10�5 340 0.154 2:12� 10�4 20 1.37

( 0.877 ) ( 0.003 ) ( 0.030 )

NJ 1:91� 10�6 3.078 0.037 1:29� 10�5 90 0.926 1:04� 10�6 0 167.53

( 0.322 ) ( 0.004 ) ( 0.010 )

NMR 3:32� 10�6 3.021 0.138 1:70� 10�5 20 1.119 8:92� 10�11 0 52.09

( 0.335 ) ( 0.025 ) ( 0.008 )

NTT 1:60� 10�6 2.939 0.043 8:71� 10�6 75 0.960 5:73� 10�7 0 571.13

( 0.496 ) ( 0.005 ) ( 0.012 )

SNE 2:51� 10�6 3.018 0.221 1:06� 10�5 10 0.860 4:70� 10�7 0 31.13

( 0.193 ) ( 0.020 ) ( 0.029 )

TDK 2:27� 10�6 6.302 0.290 1:11� 10�5 10 0.672 2:78� 10�6 0 4.67

( 0.454 ) ( 0.021 ) ( 0.014 )

TM 1:56� 10�6 4.941 0.330 1:42� 10�5 5 0.810 5:58� 10�7 0 12.42

( 0.329 ) ( 0.021 ) ( 0.024 )

Mean 3:67� 10�6 3.984 0.162 1:80� 10�5 94.4 0.800 1:46� 10�5 39.4 826.69

Std.Dev. 4:45� 10�6 1.660 0.208 1:37� 10�5 144.4 0.285 4:99� 10�5 162.4 2376.40
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Table 4: Vector Error Correction Model Estimates

Symbol �1 �2 �2e1 �2e2 IS1;U IS1;L IS1;AV E GG1

% % % %

ATE -0.009 0.033 1:12� 10�5 1:14� 10�5 94.785 74.642 84.714 79.212

(8:30� 10�6) (5:72� 10�6) (0.008) (0.015) (0.014)

CAJ -0.003 0.005 6:82� 10�6 1:99� 10�5 51.041 46.106 48.574 62.373

(4:23� 10�5) (2:36� 10�4) (2.459) (2.477) (1.190)

HIT -0.015 0.015 6:34� 10�6 3:55� 10�6 71.258 53.320 62.289 50.486

(6:47� 10�5) (1:00� 10�4) (0.383) (0.421) (0.267)

HMC -0.298 0.093 8:68� 10�6 4:24� 10�6 62.018 7.589 34.803 23.812

(1:66� 10�4) (1:68� 10�4) (0.049) (0.026) (0.042)

IX -0.038 0.019 1:55� 10�5 1:53� 10�5 64.122 42.165 53.144 51.787

(1:97� 10�6) (1:34� 10�5) (0.011) (0.011) (0.007)

KNM -0.007 0.002 1:02� 10�5 1:39� 10�5 90.088 75.940 83.014 76.349

(9:43� 10�6) (7:78� 10�6) (0.022) (0.032) (0.024)

KUB -0.024 0.033 9:22� 10�6 5:66� 10�6 71.516 46.350 58.933 49.984

(1:47� 10�5) (1:26� 10�5) (0.019) (0.022) (0.014)

KYO -0.026 0.044 5:49� 10�6 3:49� 10�6 52.918 30.974 41.946 39.259

(2:40� 10�5) (2:31� 10�5) (0.027) (0.025) (0.016)

MC -0.004 0.006 6:45� 10�6 3:64� 10�6 81.401 77.801 79.601 60.587

(7:37� 10�5) (1:86� 10�5) (0.639) (0.686) (0.550)

MFG -0.168 0.113 1:28� 10�5 1:26� 10�5 68.804 14.351 41.577 40.238

(9:65� 10�5) (9:60� 10�5) (0.034) (0.024) (0.034)

MTU -0.149 0.059 1:31� 10�5 7:65� 10�6 46.898 4.941 25.919 18.875

(1:84� 10�4) (7:07� 10�5) (0.087) (0.036) (0.069)

NIS -0.003 0.032 3:21� 10�5 1:58� 10�4 95.039 94.101 94.570 90.637

(1:31� 10�5) (2:93� 10�5) (0.044) (0.047) (0.039)

NJ -0.016 0.025 7:09� 10�6 5:50� 10�6 80.203 63.090 71.647 61.118

(1:50� 10�5) (1:09� 10�5) (0.014) (0.017) (0.012)

NMR -0.104 0.049 9:89� 10�6 7:82� 10�6 54.954 12.766 33.860 32.131

(1:40� 10�4) (8:29� 10�5) (0.079) (0.052) (0.065)

NTT -0.020 0.023 4:73� 10�6 4:28� 10�6 69.223 42.981 56.102 52.944

(2:80� 10�6) (3:94� 10�6) (0.011) (0.012) (0.008)

SNE -0.166 0.053 6:82� 10�6 4:18� 10�6 55.369 7.522 31.446 24.317

(5:91� 10�5) (3:95� 10�5) (0.023) (0.012) (0.020)

TDK -0.195 0.208 8:29� 10�6 9:10� 10�6 74.150 26.883 50.517 51.648

(2:23� 10�5) (1:80� 10�4) (0.028) (0.027) (0.024)

TM -0.232 0.082 8:23� 10�6 3:89� 10�6 65.282 9.063 37.173 26.006

(2:41� 10�4) (2:64� 10�4) (0.060) (0.031) (0.049)

Mean -0.082 0.049 1:02� 10�5 1:63� 10�5 69.393 40.588 54.990 49.542

Std.Dev. 9:45E � 02 5:01E � 02 6:18� 10�6 3:57� 10�5 14.635 28.272 20.543 20.319
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