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1. Defining the Problem

The objective of this paper isto implement an intuitive and Smple-to- use measure of
asset-market integration on Japanese stock market data.

What does asset-market integration mean? | follow my (2003) work with Flood and
adopt the view that financia markets are integrated when assets are priced by the same stochastic
discount rate. More precisdly, we define security markets to be integrated if al assets priced on

those markets satisfy the pricing condition:

ptj = Et(rnt+1xtj+1 (1)

where: p/ isthepriceat timet of assat j, &() is the expectations operator conditional on

information available a t, m,,, istheintertempora margind rate of substitution (MRS), for
income accruing in period t+1 (o interchangeably known as the discount rate, stochastic
discount factor, marginal utility growth, pricing kerndl, and zero-betareturn), and x/,, isincome
received a t+1 by owners of asset j at time't (the future vaue of the asset plus any dividends or
coupons). | rely only on this standard and generd intertempora model of asset vauation; to my
knowledge this Euler equation is present in al equilibrium assat- pricing modes.

The object of interest in this study is m,,,, the margind rate of substitution, or, more
precisaly, estimates of the expected margind rate of subgtitution, Em,,. The MRSisthe
unobservable DNA of intertempord decisons, characterizing its digtributionis a centra task of
economics and finance. The discount rate ties pricing in ahuge variety of assat marketsto

peoples saving and investment decisons. The thrust of this paper is to use Japanese asset prices



and payoffs to characterize important aspects of its distribution, in particular itstime-varying
expectation.

The substantive point of equation (1) isthat al assetsin amarket share the same margina
rate of subgtitution. There is no asset-pecific MRS in an integrated market, and no market-
gpecific MRS when markets are integrated with each other. Learning more about the MRS is of
intringc interest, and has driven much research (e.g., Hansen and Jagannathan, 1991, who focus
on second moments). Measures of the expected MRS dso lead naturdly to an intuitive test for

integration. In this paper, | implement such asmple test for the equdity of E.m,, across sets of

asHs. Thisisanecessary (but not sufficient) condition for market integration.

2: Methodology
| exploit the fact that in an integrated market, the MRS prices dl assets held by the

margina asset holder. Indeed what | mean by asset market integration is that the same MRS

prices al the assets. In other words, if one could extract m,,, (or rether, its expectation)

independently from a number of different asset markets, they should all be the same if those
markets are integrated. AsHansen and Jagannathan (1991) show, there may be many stochastic
discount factors consistent with any set of market prices and payoffs; hence my focus on the
expectation of MRS, which is unique.

Congder ageneric identity related to (1):

ptj = Et (rnt+1xtj+1 ) = COVt (rnt+1’ th+1) + Et (rnt+1) Et (th+1)' (2)

where COV;() denotes the conditional covariance operator. It isuseful to rewritethis as



Xpg = = [1/ B, (M, )JICOV, (M, X ) +[1 E (M) B! + €l or

Xtj+1 = dt (ptj - COV’[ (m+l’ th+1 )) + etj+l (3)

whered, °© 1/E,(m,,)and e/, © x/, - E,(X.,,), aprediction error.

| then impose two redtrictions:

1) Rational Expectations: e/, isassumed to be white noise, uncorrelated with information
avalable a timet, and

2) Covariance Model: COV,(m,,,%/,,) = bl +Sb/f, ,, for the relevant sample,

where: b isan asst-specific intercept, b, isaset of | asset-specific factor coefficientsand f,
avector of time-varying factors.

With just two assumptions, equation (3) becomes a pand estimating equation. | use
cross-sectional variation to esimate {d} , the coefficients of interest that represent the risk-free
return and are time varying but common to al assats. These estimates of the MRS are the focus
of the study. | usetime-series variation to estimate the asset- specific “fixed effects’ and factor
loadings { b}, coefficients that are congtant acrosstime. Intuitively, these coefficients are used
to account for asset-specific systematic risk (the covariances).

Estimating (3) for aset of assetsj=1,...,J and then repesating the andyss for the same
period of time with a different set of assetsj=1,...,J ddiverstwo setsof estimatesof {d}, a

time- series sequence of estimated discount rates. These can be compared directly, using



conventiona dtatistical techniques, either one by one, or jointly. Under the null hypothesis of

market integration, the two setsof {d} coefficients are equd.

Discussion

| make only two assumptions. Both are conventiond in the literature, though most of the
entire field uses stronger versons of them. While both assumptions can reasonably be
characterized as“mild” in the areg, it is worthwhile to eaborate on them further.

It seems unremarkable to assume that expectations are rationa for financia markets, at
least in the very limited sense above. | Smply assume that asset-pricing errors are not ex ante
predictable a high frequencies. This seems eminently reasonable.

The more controversa assumption is that the asset-pecific covariances (of payoffswith
the MRS) are either constant or depend on a smdl number of factors. Neverthdess, thisis
certainly standard practice. | use amode with two asset- specific effects; an intercept and atime-
varying factor suggested by the famous Capitd Asset Pricing Modd (CAPM), namely the
market return. | defend it on three grounds. Firdt, in the gpplication below, | need maintain the
covariance modd for only amonth a atime. It ssemsintuitivey plausble to imagine thet the
change in an ass&t’ s covariance structure does not change much from month to month, especidly
after its response to the market has been taken into account. Second, the literature aso makes
this assumption, but for much longer spans of time. For instance, Fama and French (1996)
assumed that their model worked well for thirty years. Findly, | show below that the key results
areinsengtive to the exact factor modd. Thisisimportant; if the technique were sensitive to the

factors used to modd {d} , then the integration measure would be no more useful than any of the



individua factor models. Indeed, if the messure were factor-mode senstive, it would be
preferable to use the factor modd itsdlf as the object of measurement.

While | focus on (3), there are other moments that would help characterize the MRS,
{d} ; see eg., Hansen and Jagannathan (1991). | concentrate on this one for four reasons. Fird,
asthe firsd moment it is the naturd place to check first. Second, it issmpleto estimate. Third,
the estimates and results are robust to the factor model that conditions the measurements.
Findly, the measurements are discriminating for market integration.

The methodology has a number of strengths. Fird, it is based on agenerd intertempora
theoretical framework, unlike other measures of asset integration such as stock market
correlations (see the discussonin eg., Adam et. d. 2002). Second, standard asset-pricing
models are completely consistent with the methodology, and the exact model does not seem to be
important in practice. Third, | do not need to model the MRS directly. The MRS need not be
determined uniquely, so long asits expectation isunique. Fourth, my strategy requires only two
assumptions; | do not assume e.g., complete markets, homogeneous investors, or that | can
mode “mimicking portfolios’” well. Fifth, the technique requires only accessble and religble
data on asset prices, payoffs, and time-varying factors. Sixth, the methodology can be used a
very high frequencies and a low frequenciesaswell. Seventh, the technique can be used to
compare expected discount rates across many different classes of assets including domestic and
foreign stocks, bonds, and commaodities. Next, the techniqueis easy to implement and can be
gpplied with stlandard econometric packages; no specidized software is required. Findly, the
technique is focused on an intringcally interesting object, the expected margind rate of

subgtitution.



3. Relationship tothe Literature

The literature is clear that asset markets are integrated when identical cash flows are
priced equally across markets (e.g. Cochrane, 2001). Thisis the asset- market version of
economigts trusty “Law of One Price.” But since no two different assets have identical cash
flows, the integration definition must be extended to be ussful. The standard definition holds
two asset markets to be integrated when risks in those markets are shared completely and priced
identically. Oneway to make this definition operationa requires identifying the relevant risks.
Roll and Ross (1980) recognized the dependence of integration measures on risk identification.
They tested asset integration using the argument that two portfolios are integrated only if their
implied risk-less returns are the same; the test presented below is Smilar to theirsin spirit. This
smple observation is powerful because it invokes the cross-sectiond dimension where every
as in an integrated market implies the same risk-free return.

The literature on asset-market integration has grown adong two branches. Thefirst
branch, based on parametric asset- pricing models, has been surveyed recently by Adamset. al.
(2002), Cochrane (2001), and Campbell, Lo, and MacKinlay (1997). Along thisbranch, a
parametric discount-rate mode is used to price asset portfolios. Pricing errors are compared
across portfolios. If the portfolios are integrated, the pricing errors should not be systematicaly
identifiable with the portfoliosin which they originate. Roll and Ross (1980) tested market
integration this way using an arbitrage pricing theory modd, and a large literature has followed.
Since | use parametric models to condition the estimation, the work presented below rests on this
branch. It follows my (2003) paper with Flood that examines American data.

The second branch of literature grows from the work of Hansen and Jagannathan

(1991) and is represented by Chen and Knez (1995) and Chabot (2000). Along this branch, data



from each market are used to characterize the set of stochadtic discount factors that could have
produced the observed data. Testing for integration across markets involves measuring the

distance between admissble MRS sets, and asking if, and by how much, they overlap.

Differences

My work differs from previous work in four broad ways.

Fird, | diverge from the finance professon in treating { b} asaset of nuisance
coefficients. Rather than being of intringc interest, they are required only to clear the way to
produce estimates of the MRS. Indeed, they are not even redly necessary a dl, as| shdl show
below.

Next, | do not measure integration by the cross-sectiond pricing errors produced by a
particular mode; this approach seems rlatively nonspecific and mode-dependent. Instead |
measure integration by the implied first moment of the stochastic discount rete (thet is, the
expected MRS). The condition | study, therefore, is a necessary condition for integration
(though it is not sufficient). Studying it will be vauable only if it isa discriminating condition; it
turns out to be so.

Third, parametric pricing models are often estimated with long data spans and are thus
senditive to parameter ingability in time series long enough for precise esimation (eg., Fama
and French (1996); an excdlent discussion is provided by Cochrane, 2001). | minimize (but do
not avoid completely) the instability problem by concentrating attention on a parameter thet is
conditiondly invariant to time-series ingtability. The measure | use is afree parameter, constant
across assets but uncongtrained acrosstime. My measure is therefore basically cross-sectiond,

onethat | can estimate precisely using ashort time-series dimension.



Findly, | do not assume that (3) holds for the bond market, or that the bond market is
integrated with other asset markets. When gpplied to a bond without nomind risk (eg., a

government-backed treasury hill), equation (1) implies

1=E, (m., (1+i,)) (1)

where: i, isarisk-lessnomind interest rate, and m,,,; isanomind MRS. Thetradition ingde

domedtic finance is to assume that the MRS pricing bondsis the same for dl bonds, and identical
to that pricing al stocks (and other assets). If | were to make this assumption, then it istrivid to
esimaetherik-lessMRSsinced, ° 1/ E,(m,,) = (1+i,). Thedraegy of thistechniqueis

not to impose this assumption; but rather to test it (and rgect) it.

4: Empirics
The Factor Model
| begin by estimating amode with asset-specific intercepts and the time-varying market

factor. In practice, | divide through by lagged prices (and redefine resdua s appropriatdy):

X,/ Pl =d (P! /pl)+by +b) ) +el (4)

for assetsj=1,...,J, periodst=1,...,T. Thatis, | dlow {d,} to vary period by period, while| use a
“one-factor” modd and dlow {b '} to vary asset by asset. | normalize the data by lagged prices

on the argument and belief that COV, (m,,,, x..,/ p.,) canbe modeled by asimple factor model



with time-invariant coefficients more plausibly than COV, (m.,,, x/,,) , and to ensure stationarity

of dl variables. Thefactors| useis the overall stock market return on the Nikkel 500 (in
particular, the daily firg-difference of the naturd logarithm of the index). For sengtivity
andyds, | dso examine two other covariance models. one without the time-varying factor but
including the assat- specific intercept; and the other asset-pecific factors at dl (i.e., without any
covariance modd).

Equation (4) can be estimated directly with nontlinear least squares. The degree of non
linearity is not particularly high; conditional on {d,} the problemislinearin {b " andvice
versa. | userobust (heteroskedasticity and autocorrelation consistent “ Newey West”) covariance
estimators.

| use amoderately high frequency approach. In particular, | use one-month spans of

daily data. Using daily data alows me to estimate the coefficients of interest {d,} without

assuming that firm-specific coefficients { b '} are constant for implausibly long periods of time,

The Data Set

My empirica work examines the integration of the Japanese equity market. Japanese
stocks are traded on the Tokyo stock exchange, which seemsto be aliquid market. Thus one can
reasonably consider a priori the TSE to be integrated.

| examine daily data over twenty-five periods of one month each. In particular, |
separately examine the months of April through August inclusive, for each of the five years 1998
through 2002 inclusive. Each month gives a span of between elghteen and twenty-three business
day observations; this does not gppear to stretch my reliance on afactor model of asset

covariances excessvely. However, it dill dlows meto test financid market integration for an



interesting set of data. 1 choose April through August to avoid the months when many Japanese
companies pay dividends, and the five most recent years (for which the data are available). Still,
there is no reason why ether higher- and/or lower-frequency data could not be used.

My data set is drawn from Datastream, and is denominated in Japanese yen. Japanese
holidays (Greenery Day, April 29; Condtitution Memorid Day, May 3; National Holiday, May 4;
Children's Day, May 5; and Marine Day, July 20) have been removed from the sample. |
collected closng rates for the firgt (in terms of ticker symbol) 360 firms from the Tokyo Stock
Exchange (TSE) that did not go ex-dividend during the months in question (371 was the
minimum available for dl samples). The absence of dividend payments dlows meto set

x)., = p/., (and does not bias the resultsin any other obviousway). The data set has been

checked for transcription errors viavisud plotting.

Sorting

| group my 360 firms into twenty portfolios of eighteen firms each. | use three different
techniques to creste my portfolios to seeif sorting has a strong effect on results. Firgt, | usea
random approach and group my firms smply on the dphabetica ordering of the firm’s name.
Second, | assign each of my firmsto one of 31 industries, which are then arranged by SIC code; |
then create portfolios (twenty for each year) grouped on the basis of industry afiliation. Third, |
arrange each of my firms by gross assets for the year in question, and cregte portfolios (twenty
for each year) grouped on the basis of Sze. Throughout, | weight each of the (eighteen) firms
going into each of the (twenty) portfolios equally.

| use portfolios rather than individua stocks for the standard reasons of the Finance

literature. In particular, as Cochrane (2001) points out, portfolios betas are measured with less
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error than individual betas because of lower residud variance. They dso vary less over time (as
gze, leverage, and business risk change less for a portfolio of equities than any individua
component). Portfolio variances are lower than those of individua securities, enabling more
precise covariance relationships to be estimated. And of course portfolios are what investors

tend to use (especidly those informed by Finance theory!).

Since | lose the firgt and last ohservations of each year because of lags(p;.,) and leads

(x.,,), 1 amleft with atotal of 10,540 observations in the panel data set (20 portfolios x 527

business days). | repeat that there is no reason that one cannot use more data (either longer

gpans at lower frequencies, or shorter spans at higher frequencies)

5: Results
Estimates of the Marginal Rate of Substitution

| gart by combining al 20 portfolios to estimate the time-varying margind rate of
subgtitution (i.e,, estimatesof d, © [1/ E, (m,,,)]). | provide time-series plots of the estimated
deltas dong with a plusminus two standard error confidence interva in Figure 1, one graphic for
each of the twenty-five months. (Each is estimated separately, so as to ensure that the portfolio-

specific covariance modds are not assumed to be congtant for more than a month at atime).

11998 has 20 business-day observations for April, 19 for May, 22 for June, 22 for July, and 20 for August. For
1999, thetotalsare: 20, 18, 22, 21, and 21. For 2000, thetotals are: 19, 20, 22, 20, and 22. For 2001, the totals are:
19,21, 21, 21, and 22. For 2002, thetotals are: 20, 21, 20, 23, and 21. Thusfor 1998, | have 103 business days, for
1999 102, for 2000 103, for 2001 104, and 105 for 2002.
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Thereis one griking feature of the graph. In particular, the time-series variation in ddta
is often quite high, consstent with the spirit of Hansen and Jagannathan (1991). While the
discount rate moves around the vaue of unity, it fluctuates consderably. That is, the MRS does
not seem to be close to congtant at adaily basis. Further, this volatility does not seem to be
constant over time. For example, May and August 1998 are unusudly volatile while April 1998
isardaivey cdm month for MRS. Since short-term interest rates in Japan during this period of
time were quite low and stable, it seems easy to rgect the hypothess that the MRS derived from

Japanese equity markets equals the short-term Japanese interest return.

Tests of Stock-Market Integration

It isingppropriate to dwell on the characterigtics of Figure 1 at this point, since the
graphics are implicitly based on the assumption that the Japanese stock market isintegrated, and
hence ddiversasngleesimateof {d,} . Isthelatter in fact true?

It issmpleto test for stock-market integration using the strategy outlined above. One
smply estimates {d,} from two different samples of assets over the same period of time, and
compares them. Consider April 1998. When | estimate (4) from the first ten (randomly sorted)
portfolios, | obtain alog-likdihood of 636.1. When | estimate precisely the same equation using
data from the (mutualy exdusive) other set of ten (randomly sorted) portfolios, | obtain alog

likdihood of 558.8. Findly, when | pool observations from dl twenty portfolios, | obtain alog-

likelihood of 1167. This combined estimate of (4) only differs from the two separate estimates

of (4) inthat asingle vector of {d,} isestimated instead of two different estimates of the same
vector (the portfolio-specific Sopes and intercepts { b '} are unconstrained). If the TSE is

integrated, the sngle combined estimate of {d,} should be equd to (and more efficiently
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estimated than) the two different estimates of {d,} . Statistically, under the hypothess of
normdly digtributed errors and integration, twice the difference between the separate and
combined log-likelihoods is distributed as a chi-square with degrees of freedom equal to the
dimensondity of {d,} ; alikelihood ratio (LR) test. But —2* ((636.1+558.1)-1167)=55.9, which
isinconggent with the null hypothesis of integration and normaly distributed error at the .00

ggnificance levd.

Table 1 records the likelihood-ratio tests of integration inside the Japanese stock market.
The top panel records 25 test Satistics, one for each of the 25 different sample months. The
lower the gtatistic, the more consstent with the joint null hypothesis of normally distributed
errors and stock market integration. The p-vauesfor the null hypothesis are tabulated benegth in
square brackets. Many of the test gatistics are too high (the p-vaues are too low), indicating
regection of the null hypothess a conventiond significance levels.

Thisisunfar to the hypothesis of market integration, Snce the null hypothessisaso
being maintained jointly with the assumption of normdity. It iswell known that asset prices are
not in fact normaly distributed; Campbell, Lo, and MacKinlay (1997). Rather, thereis strong
evidence of fat tails or leptokurtoss. Accordingly, it is more appropriate to use a bootstrap
procedure to estimate the probability values for the likelihood ratio tests.

The bootstrap procedure | employ isasfollows. | estimate the deltas from dl twenty

portfolios, under the null hypothess of integration. This gives me an esimate of {e}. | then

draw with randomly with replacement from this vector to create an artificid vector of {€} which
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| then use to congtruct an artificia regressand variable {x}. Using this artificid datal then
generate alikelihood ratio test by estimating the mode from the first set of 10 portfolios, the
second set of 10 portfolios, and the combined set of 20. | then repest this procedure alarge
number of timesto generate an empirica digtribution for the LR test Satitic.

The bootstrapped p-vauesfor the test of integration are tabulated in parentheses below
the likelihood-ratio test Satistics (low vaues are incongstent with the null hypothesis, indicating
rejection of integration). Regections of the null hypothess of integration that are Sgnificant at
the .05 (.01) level are marked with an (two) asterisk(s).

Thetop pand of Table 1 shows that the hypothesis of integration works better with
bootstrapped than normal confidence intervals. Neverthdess, there are ill two individud
months that reject the hypothesis of integration at the .01 level, and another couple that are
inconsstent at the .05 levd.

The middle pand of Table 1 isthe andogue to the top pand, but is produced usng
industry-sorted portfolios rather than randomly dlocated portfolios. The bottom pand uses size-
based portfolios but is otherwise anadogous to the top.  Sorting makes a differencel When
industry-based portfolios are used, twelve of the test statistics are inconsistent with integration at
the .01 level, and another four at the .05 level. The rgections are spread across dl years and
months. Sze-based portfolios give asmilar gory; nine of the twenty-five test statistics regject
integration at the .01 level, and another four a the .05 level. That is, the hypothesis that the
Japanese stock market isintegrated in the sense that it delivers the same estimated risk-less
discount rate is often rejected. Thisis especidly true when the data are sorted by industry, but it
isaso true of portfolios that have been randomly created and portfolios formed on the basis of

Sze
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Sensitivity Analysis: The Covariance M odel
Table 1 provideslikelihood retio tests of market integration when tests are estimated on
the basis of (4). In thismodd, each portfolio of stocksis modeled with a portfolio-specific

intercept (b) and aslope for the response of the portfolio to the aggregate stock market (b,') .

Stll, this may be an ingppropriate way to modd the covariance of the portfolio’s payoff with the
MRS. It is therefore gppropriate to examine the sensitivity of results with respect to the factor
modd | use for the covariances.

| examine two redtrictions of (4):

Xla 1Pl =d (P} 1 p.)+bd)+el, @)
ad
Xl plo=d(p! 1 p.y) +ely @)

Of these, only thefirst isa“serious’ modd ; the second mode contains no asset- specific

covaiancetermsa dl. Thefirst modd smply throws away the responsiveness of the portfolio
to movements in the aggregate sock market. Thisisadmissible if adatic Capita Asset Pricing
Mode (CAPM) workswell, so that the covariance between the discount rate and the payoff is

amply an asst-specific congant.
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Table 2 isan andogue to Table 1 that uses (4'), so that it restricts (b,) =0). Asin Table
1, likelihood ratio test Satistics are tabulated, aong with bootstrapped p-vaduesfor the null
hypothesis of market integration. It seemsthat alowing the portfolios covariances to depend on
the Nikke’s market return makes little difference. Using random portfolios, one of the (25)
samplesisinconsstent with integration at the .01 level, and another four at the .05 levd (in
Table 1, the analogous figures were two and two). Fourteen of the industry based portfolio tests
regject integration at .01, and three at .05 (twelve and four in Table 1); eight (at .01) and four (at

.05) usng sze-based portfolios (nine and four in Table 1).

Table 3isan analogue that uses (4”), i.e,, it retricts (b = b,) =0) and thusemploysno
covariancemodd a al. Again, theresults are largely unchanged. Indeed, many of the actua
test getigtic change very littlel This robustness is encouraging Snce it demonstrates the
insengtivity of the methodology to reasonable perturbations in the exact factor model employed.
Succinctly, the exact factor model used to modd the covariances seems to make little difference

to the results. Indeed, completely dropping the factor model seems to make little difference.

6: Summary and Conclusons
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This paper developed a ssimple method to test for asset integration, and then applied it
within the Japanese equity market. It relies on estimating and comparing the expected risk-less
returnsimplied by different sets of assets. My technique has a number of advantages over those
in the literature and relies on just two relaively weak assumptions: 1) rationd expectaionsin
financid markets; and 2) covariances between discount rates and returns that can be modeled
with asmal number of factors for ashort period of time.

| illustrated this technique with an application to Japanese stocks. | use daily datafrom
360 equities traded on the Tokyo stock exchange, and examine twenty-five separate months,
April through August, 1998 through 2002. | sort the stocksinto portfoliosin three different
ways. randomly, and grouped by both industry and size. | find that the time-series variaionin
the Margind Rate of Subgtitution is often high on adaily bass. Even more grikingly, | find that
Japanese stocks are not integrated in the sense that the risk-less discount rates implied by
different portfolios differ by satisticaly sgnificant amounts. That is, the TSE does not dways
seemto beintegrated. This result isfound most strongly on the basis of portfolios sorted by
industry, but is present in both randomly- and Sze-based portfolios, and seems insengtive to the
exact factor model employed.

If my finding of lack of integration within the Japanese stock market holds up to further
scrutiny, the interesting question is not whether this market with few gpparent frictionsis poorly

integrated but why? | leave that important question for future research.
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| April May | June | July | August |
Random Portfolios
1998 55.9% 16.0 131.1%* 26.6 430
(.03) (.91) (.00) (.65) (.08)
[.00] [.69] [.00] [.23] [.00]
1999 268 16.7 615 49.4* 24.2
(.47) (.87) (.08) (.02) (.80)
[.14] [.55] [.00] [.00] [.28]
2000 283 237 324 47.7%* 435
(:34) (.58) (:32) (.00) (.10)
[.08] [.26] [.07] [.00] [.00]
2001 353 404 410 339 371
(12) (.07) (.08) (.20) (23)
[.01] [.01] [.01] [.04] [.02]
2002 218 145 213 184 17.2
(.69) (1.0) (.69) (.95) (93)
[.37] [.85] [.39] [.57] [.70]
Industry-Based Portfolios
1998 85.5%* 56.4%* 143.0%* 71.4%* 94, 5+*
(.00) (.00) (.01) (.0) (.00)
[.00] [.00] [.00] [.00] [.00]
1999 416 349 88.3* 24.7 24.0
(.06) (.10) (.04) (.60) (.81)
[.00] [.01] [.00] [.27] [.29]
2000 75.8** 101.4** 79.3+* 354 59.9%*
(.00) (.00) (.00) (.16) (.00)
[.00] [.000 [.00] [.02] [.00]
2001 48.5¢* 41.0% 71.3** 383 50.5%
(.00) (.05) (.00) (.10) (.02)
[.00] [.01] [.00] [.02] [.00]
2002 48.4%* 39.4%* 374 218 306
(.03) (.00) (.15) (:83) (:33)
[.00] [.01] [.01] [.37] [.08]
Size-Based Portfolios
1998 66.3** 89.6** 61.6* 472 112.5+*
(.00) (.00) (.02) (.09) (.00)
[.00] [.00] [.00] [.00] [.00]
1999 94.0%* 123.0%* 481 119.5%* 138.5¢*
(.00) (.00) (.13) (.00) (.00)
[.00] [.00] [.00] [.00] [.00]
2000 387+ 165 299 3.4 3838
(.04) (.92) (43) (.02) (12)
[.01] [.69] [.13] [.04] [.02]
2001 R2 75.7%* 309 48.2¢ 280
(.20) (.00) (33) (.02) (.58)
[.03] [.00] [.08] [.00] [.18]
2002 481 58.4** 343 302 381
(.09) (.00) (.20) (52) (12)
[.00] [.00] [.03] [.09] [.02]

Table 1: Likelihood-Ratio Testsfor Integration on Tokyo Stock Exchange

Covariance Model includes portfolio-specific inter cepts and mar ket factors
(bootstrapped p-values for null hypothesisin parentheses) * (**) indicates rejection of null hypothesis at .05 (.01)
[normal p-values for null hypothesisin brackets]
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| April May | June | July | August |
Random Portfolios
1998 54.0¢ 14.0 133.8** 367 249
(.03) (92 (:00) (:23) (:62)
1999 259 124 55.3 397 241
(41) (92 (.10 (.08) (:67)
2000 234 239 318 436 466
(:49) (:50) (:24) (.03) (02
2001 316 24 404+ 381 378
(.18) (:68) (.03) (:09) (.15)
2002 206 137 193 132 17.3
(.69) (94) (77) (L0) (.85)
Industry-Based Portfolios
1998 84.2+* 55.2¢* 147.0%* 98.1%* 96.8+*
(.00) (.00) (.00) (:00) (.00)
1999 319 44.8+* 92.0%* 307 236
(.19) (01) (:01) (22 (.75)
2000 69.8+* 97.4+* 80.7+* 338 58.4**
(.00) (.00) (.:00) (13) (.:00)
2001 330 404 B7.7+* 427 50.6
(12) (.06) (00) (03) (04)
2002 51.8** 40.3** 427 200 310
(.00) (.00) (.05) (.85) (22)
Size-Based Portfolios
1998 58.9+* 65.5+* 57.8 313 104.1%*
(.00) (.00) (02) (:40) (.00)
1999 93.1%* 106.7+* 437 112.3+* 136.7+*
(.00) (.00) (.18) (:00) (.00)
2000 34.3 157 274 274 29
(.07) (93) (45) (:36) (.05)
2001 260 62.6** 203 418 274
(:37) (01) (:24) (:09) (44)
2002 444+ 46.6+* 260 34.9 370
(.05) (01) (.56) (.26) (13)

Table 2: Likelihood-Ratio Testsfor Integration on Tokyo Stock Exchange

Covariance Modd includes only portfolio-specific inter cepts

(bootstrapped p-values for null hypothesisin parentheses)

* (**) indicates rejection of null hypothesis at .05 (.01)
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| April May | June | July | August |
Random Portfolios
1998 50.8 176 121.1%* 337 251
(.02) (.87) (.00) (.35) (58)
1999 246 120 50.6 3?8 230
(54) (1.00) (.15) (.26) (.84)
2000 24.8 208 308 436 402
(54) (.80) (.40) (.02) (14)
2001 29.3 272 395 329 372
(.27) (.50) (.13) (.25) (.18)
2002 19.0 14.0 181 137 182
(.81 (.98) (.88) (.99) (.87)
Industry-Based Portfolios
1998 85.8%* 57.2%* 145.4** 91.3** 99.1**
(.00) (.01) (.00) (.00) (.00)
1999 305 47.2%% 83.8+* 24.8 199
(.32) (.01) (.01) (57) (.92)
2000 72.9%* 99.7%* 72.7%* 330 63.0%*
(.00) (.00) (.00) (.18) (.00)
2001 28.3 341 63.3** 39.7 52 6*
(.36) (23) (.01) (.09) (.02)
2002 53.1* 40.6 419 20.2 300
(.02) (.07) (.09) (.89) (.39)
Size-Based Portfolios
1998 374 58.0%* 53.2* 338 49.3*
(.15) (.01) (.02) (.42) (.03)
1999 99.1** 88.9%* 44.6 107.8** 134.6**
(.00) (.00) (.20) (.00) (.00)
2000 349 143 272 24.4 429
(.10) (97) (.59) (51) (.07)
2001 24 60.0** 25.3 418 24.3
(.60) (.00) (54) (.08) (.75)
2002 924 46.2* 24.9 320 372
(.09) (.02) (58) (.46) (13)

Table 3: Likelihood-Ratio Testsfor Integration on Tokyo Stock Exchange

Covariance Modéd includes no portfolio-specific features

(bootstrapped p-values for null hypothesisin parentheses)

* (**) indicates rejection of null hypothesisat .05 (.01)

21



Deltas from TSE, Different Samples
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Figure 1. Estimates of Marginal Rate of Substitution from sets of (20) portfolio







