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ABSTRACT

In this paper we estimate and test a conditional version of the international CAPM. By using a parsimonious
parameterization recently proposed by Ding and Engle (1994), we allow risk premia, betas, and correlations
to very through time and test the cross-section restrictions of the model using a relatively large number of
assets. One advantage of our test is is that it does not require the market weights to be observed in each
period. In support of the international CAPM, we find that world-wide risk is priced whereas country-specific
risk is not. Further, we find that the price of world risk is time-varying and has a strong January seasonal.
When the price of risk is allowed to vary, a January dummy and the world dividend yield are driven out as
independently priced factors. However, contrary to the prediction of the model, differences in risk premia
across countries are explained not only by world-wide risk, but also by a constant country-specific factor.
The estimated correlations reveal three main facts, cross-country correlations vary through time; they have
been affected only to a limited extent by the process of liberalization of the last decade; they tend to increase
during severe bear markets in the U.S. However, international correlations are smaller than correlations
among U.S. assets. Therefore, investors gain from global diversification, even with contagious bear markets,
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A large body of evidence shows that risk premia vary through time both in the
U.S. and in foreign financial markets. As a consequence, researchers have increas-
ingly focused their attention on empirical methods that can be used to estimate
and test conditional versions of asset pricing models. Two approaches, in particu-
lar, have been widely used in recent work: generalized autoregressive conditionally
heteroskedastic (GARCH) models, and non-parametric techniques based on the
generalized method of moments (GMM). The most appealing feature of GARCH
models is their ability to accommodate volatility clustering, which is a common
phenomenon in financial time series. Applications of GARCH models to inter-
national financial markets include, among others, Engel and Rodrigues (1989);
Giovannini and Jorion (1989); Chan, Karolyi and Stulz(1991); De Santis (1993).
Unfortunately, multivariate versions of these models are hard to estimate due to
the large proliferation of parameters. For this reason most GARCH applications
are limited to a small number of assets and often introduce strong restrictions on
the model (e.g. constant betas or constant correlations).

Non-parametric methods also have several appealing features: they do not
require any assumption on the distribution of the data generating process, they
can easily handle corrections for heteroskedasticity and autocorrelation in the
data, and they are easily generalized to incorporate conditioning information.
Harvey (1991) uses a GMM approach to test an international version of the con-
ditional CAPM. However, these techniques have also some limitations. First, if
the underlying model is correctly specified, they have less power than paramet-
ric methods. Second, their reliability decreases as the number of orthogonality
conditions being tested increases.

Because they can only handle a small number of assets, both approaches have a
limited ability to address some interesting questions . For example, cross-sectional
restrictions on asset returns are a main component of any test of asset pricing
models. Also, when addressing problems of optimal portfolio choice, investors
face a wide variety of securities, and therefore, applications that have to impose
severe restrictions on the investment opportunity set are of limited interest in
practice.

In this paper we use a new parameterization of a multivariate GARCH process,
recently proposed by Ding and Engle (1994), to derive a test of an international
version of the conditional CAPM. Our study contains several contributions. First,
it presents a simultaneous analysis of several international equity markets where
both the price of covariance risk and conditional betas are allowed to be time-
varying. Second, it proposes a test of the conditional CAPM that can be used as



an alternative to the test developed by Bollerslev, Engle and Wooldridge (1988)
when a market-wide index is available, but the weights used to compute the index
at each point in time are not. Lastly, it allows us to evaluate whether the benefits
of international diversification vary across time and across bear and bull markets.

The empirical evidence supports the hypothesis of international integration.
In particular, we find that the price of covariance risk is equal across countries
and changes over time, whereas the price of country-specific risk is not different
from zero. We also find that allowing for a time-varying price of risk drives out
a January dummy and the dividend yield on the world index as independently
priced factors.

Our results have a series of interesting implications for investors who want
to diversify their portfolios internationally. First, both the betas and the cross
country correlations vary over time. In particular, we find some evidence that
correlations tend to increase when the U.S. market experiences large negative
shocks. However, we also find that the estimated correlations are smaller than the
corresponding values observed within the U.S. market. This implies that investors
can still improve the performance of their portfolio by going international. In
particular, we document positive gains from international diversification, even
during bear markets. Finally, based on our results, the benefits of diversification
have been reduced, but not eliminated, by the market liberalization of the last
decade.

The rest of the paper is organized as follows. Sectionl presents the asset
pricing model and the methodology used to test it. Section2 describes the data.
The empirical results are discussed in section 3. Section4 concludes the paper.

1. Model and Empirical Methods

1.1. A Model of International Asset Pricing

One of the most widely used models in finance is the capital asset pricing model
(CAPM) originally derived by Sharpe (1964) and Lintner (1965). In a two-period
framework, the mode] predicts that the expected return on any traded asset, in
excess of a risk-free return, is proportional to the nondiversifiable risk of the asset,
as measured by its covariance with a market-wide portfolio return.

The extension of this result to a dynamic framework requires additional as-
sumptions. A well known example is that of the log-utility agents in Merton (1973).



Recently, Campbell (1993) has shown that the linear relation between conditional
excess returns and volatility holds if a log-linear approximation is used for the
intertemporal budget constraint. In a multiperiod framework, the conditional
version of the CAPM can be formalized as follows

E(-Ritlgt—l) —_ th = 6;CO'U(R,‘£, Rmtlgt—l) VZ (1)

where R;; is the return on asset ¢ between time ¢ — 1 and ¢; Ry is the return
on a {conditionally) risk-free asset; R, is the return on the market portfolio and
;1 is the set of market-wide information available at the end of time ¢t — 1. As
equation (1) obviously implies, the é; coefficient can be interpreted as the price of
market risk. Alternatively, é; is often used as a measure of the aggregate relative
risk-aversion in the economy.

The same model is often used in an international framework {see, among oth-
ers, Engel and Rodrigues (1989), Giovannini and Jorion (1989), Harvey (1991) and
Chan, Karolyi and Stulz(1991)). Simply applying equation (1) to international
data implies assuming that investors do not cover their exposure to exchange rate
risk or, equivalently, that the price of exchange rate risk is equal to zero.! A
more general framework, which assumes that agents use optimal hedging strate-
gies, is discussed in Solnik (1974a), Sercu (1980), Stulz (1981), and Adler and Du-
mas (1983). In this study, we limit our analysis to the first model; however, the
methodology proposed here is easily applied to the more general framework (see
Buraschi, De Santis and Gerard (1994)).

1.2. Empirical Methods

Although equation (1) appears to be the obvious relation to use in empirical tests
of the CAPM, a large body of research uses the unconditional version of the model.
One of the main reasons for this choice is that the conditional specification of the
CAPM is, in general, harder to estimate. However, since the seminal paper on
autoregressive conditionally heteroskedastic (ARCH) processes by Engle (1982),
an increasing number of studies have focused their attention on conditional mo-
ments. In particular, a multivariate version of a Generalized ARCH (GARCH)
process can be used to test the pricing implications of the CAPM.

Start from equation (1) and note that the model has to hold for every asset,
including the market portfolio. Therefore, in an economy with NV risky assets, the

1See Stulz (1994) for a detailed discussion of the conditions under which the Sharpe-Lintner
version of the CAPM holds internationally.



following system of asset pricing restrictions has to be satisfied at each point in
time

E(R1t|$:—1)—Rf: = 5tCOU(R1t,Rmt|§t—-1)
(2)

E(RN-M%t-l)*—th = 6tCOU(RN—ltaRmtIc‘}'t—l)
E(Rmi|St-1) = Ryt = Swar(BmiSi-1)

The above system includes only (VN — 1) risky securities plus the market port-
folio to avoid redundancies. In fact, if all the risky securities were included into
the system, the last equation would just be a linear combination of the first NV
equations, in each period. In empirical work, any subset of the risky securities can
be used if N is too large. Of course, there are some costs in eliminating too many
securities: information on cross-correlations is lost and tests of the asset pricing
restrictions imposed by the model have less power.

Formally, let R; denote the (N x 1) vector which includes (N — 1) risky assets
and the market portfolio. Then, the following system of equations can be used as
a benchmark model to test the conditional CAPM

Ri — Rpu = a+ bthne + & |31 ~ N(0, H,) (3)

where ¢ is an N-dimensional vector of ones, a is an (N x 1) vector of constants,
H, is the (N x N) conditional covariance matrix of asset returns and hp; is the
Nth column of H,.

Equation (3) follows directly from the conditional version of the CAPM. How-
ever, the asset pricing model does not impose any restrictions on the dynamics of
the conditional second moments. GARCH models can be used to fill this gap and
obtain a testable version of the model.

A typical GARCH parameterization for H; is

? q
H, =C'C+)_ Ale i _Ai+ ) BiH,_;B; (4)
i=1 =1
where ' 1s an (N x N) symmetric matrix and A; and B; are (N x N) matrices
of constant coefficients.?

This specification of the model is very appealing given the success of univariate
GARCH processes in fitting financial time series. Unfortunately, the multivariate
version of the model described above is very costly to estimate, due the large
number of unknown parameters in (4).

2See Baba, Engle, Kraft and Kroner (1991) for a detailed discussion of this parameterization.
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To get around this problem, most studies that use a multivariate GARCH pro-
cess have limited the analysis to a small number of assets and/or imposed several
restrictions on the process generating H,. Typically,a GARCH(1,1) specification
is assumed (i.e. p and ¢ in equation (4) are set equal to 1) and both A and B
are restricted to be diagonal matrices. This implies that the variances in H,; de-
pend only on past square residuals and an autoregressive component, while the
covariances depend upon past cross-products of residuals and an autoregressive
component (see, for example, Bollerslev, Engle and Wooldridge (1988)). In this
case, equation (4) can be written in a simpler form

H,=C'C+aa *xe_1€,_, + bb' * H;_; (5)

where a and b are (IV x 1) vectors which include the diagonal elements of A and B

respectively, and * denotes the Hardmard matrix product {element by element).
Alternatively, all variances and covariances are allowed to change over time,

but correlations are assumed to be constant (Bollerslev (1990) and Ng(1991)).

Unfortunately, if the researcher is interested in analyzing a relatively large
number of assets, the model is still very costly to estimate, unless more restrictions
are imposed on the process driving H;. For example, suppose that both ¢ and p
are set equal to 1 (GARCH(1,1) specification}, é in equation (3) is constant and
N is equal to 10. The number of parameters to estimate is equal to 86. If the
constant correlation model is used instead of the diagonalization of A and B, the
number of unknown parameters is also equal to 86.

In this study, we choose the diagonal representation because the constant cor-
relation model appears to be too restrictive. In particular, some authors (see, for
example, Longin and Solnik (1991)) have suggested that correlations among asset
returns change with market conditions and this feature cannot be accommodated
by a constant correlation model. To further reduce the number of parameters
to estimate, we introduce additional restrictions, recently proposed by Ding and
Engle (1994), on the conditional covariance process. Under the assumption that
the system is covariance stationary, the unconditional variance-covariance matrix
of asset returns is equal to

Hy = C'C * (' —aa’ —bb')7L,

Therefore, they propose to replace C’C in equation (5) with the matrix Ho* (¢o/ —
aa’ — bb’), where H; can be approximated by the sample covariance matrix.
In a diagonal system with N assets, this implies that the number of unknown
parameters in the conditional variance equation is equal to 2N. In particular, with

5



10 assets, the total number of parameters to estimate for the entire benchmark
model is now reduced to 31. Formally, equation (5) is replaced by

H; = Hy+*(«/ —aa’— bb’) + aa’x €—1€,_; + bb' x H, (6)

Although it may appear restrictive, the assumption of covariance stationarity
is implicit, if the CAPM is the model to be tested. In fact, 1t would not make
sense to use mean-variance analysis if the second moments were not defined. As
a consequence, the additional restrictions do not imply any loss of generality
with respect to the diagonal models previously used in related studies. Moreover,
the considerable reduction in the number of parameters to estimate makes the
model applicable to relatively large systems, without having to assume constant
correlations.

We use equations (3} and (6) as our benchmark model. Under the assumption
of conditional normality, the log-likelihood function for the model can be written
as follows

InL(§) = —%"Y- ST () H(0)  e(8)  (7)

t=1

T
In2r — £ 3 In|Hi(6)] -
2t=1

b —

where § is the vector of unknown parameters in the model. Maximum likelihood
estimation is obtained using the BFGS (Broyden, Fletcher, Goldfarb and Shanno)
algorithm and the gradient, at each point in time, is approximated using numer-
ical derivatives. If standard regularity conditions are satisfied, the maximum
likelihood estimator of 8 is consistent and asymptotically normal and, therefore,
statistical inference can be carried out using traditional methods.

A battery of specification tests and of asset pricing restrictions is discussed in
detail in the empirical results section.

1.3. Related Work

In this section we briefly review some of the existing studies on the conditional
version of CAPM and, in each case, we discuss the contribution of our analysis.
Multivariate GARCH models have been widely used to test the pricing re-
strictions of the conditional CAPM. A necessarily incomplete list includes Boller-
slev, Engle and Wooldridge (1988); Giovannini and Jorion (1989); Engel and Ro-
drigues (1989); Ng (1991) and Chan, Karolyi and Stulz(1992). The parameteriza-



tion used by these studies can be formalized as follows®
Rt-Rf,t,=a+5H¢wt—1 4+ € Ctlcx}t_l NN(O, Ht) (8)

where ¢, & and H; are defined in the previous section, and w;_; is an (N x 1)
vector of market weights for the risky assets, measured at the end of time ¢ — 1.

Ovur specification of the model differs from previous studies that use GARCH
processes in two ways.

First, consider the system of pricing restrictions in(8). Once the dynamic
process driving H; is specified, the model can be estimated and tested, as long
the market weights are observed by the econometrician, at each time ¢. Unfor-
tunately, data on w; are not always readily available. Most studies use different
sources to estimate the amount of wealth invested in each one of the assets being
tested. As a consequence, they often face problems of measurement errors. The
parameterization that we propose in equation (3) assumes only that a market in-
dex is observed at each t. The model can be estimated and tested even though
the weights used to compute the index are not available to the econometrician.

Second, previous studies are mostly limited to a small number of securities
because they only impose the diagonalization of the parameter matrices in the
GARCH equations. In some studies (for example Ng(1991)), a relatively large
number of assets is analyzed but correlations across returns are assumed to be
constant. Using the new parameterization proposed by Ding and Engle (1994) we
are able to test the pricing restrictions of the CAPM simultaneously on a large
number of assets without imposing the assumption of constant correlations. As
discussed in the previous section, this improvement is particularly important in
light of recent studies that argue that correlations change during different cycles
of the U.S. market.

A different approach to testing the conditional version of the international
CAPM is proposed by Harvey (1991). In his paper, Harvey uses a GMM-based
test of the pricing restrictions of the model. One of the appealing features of the
test is that it can be computed without pre-specifying the dynamic behavior of
the conditional second moments.

Unfortunately, this feature also imposes some limitations on the questions that
the method can address. In general, any variable of interest which is a function
of conditional second moments, cannot be recovered. For example, investors are

3The notation does not necessarily reflect all the features of each of the studies cited above.
However, it provides a good framework to characterize the common aspects among them.
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interested in knowing how the market risk of an asset, measured by its conditional
beta, changes over time. Also, investors need to know the conditional covariances
among assets, as well as conditional expected returns, to make their portfolio
allocation decisions at the beginning of each period. Finally, the time series of the
cross-country conditional covariances is necessary to assess the variability of the
benefits of international diversification during different cycles in the U.S. stock
market.

Of course, the method proposed by Harvey can be generalized to incorporate a
parameterization of the conditional second moments. However, this would imply a
large proliferation of orthogonality conditions and, therefore, reduce the reliability
of the results, especially if the analysis has to be conducted simultaneously on
several assets.

Our approach allows us to address all the questions mentioned above. The cost
we have to pay is some loss of generality compared to Harvey’s method. First,
we Jmpose a parameterization on the dynamic behavior of the conditional second
moments. Second, we need to assume a functional form for the conditional density
of the asset returns. Both assumptions might generate incorrect inferences in case
of model misspecification. However, using quasi-maximum likelihood estimates
for the standard errors yields inferences which are robust to violations of the
pormality assumption.?

2. Data

In this study we use monthly returns on stock indices for eight countries plus
a value-weighted world index during the period January 1970 through Decem-
ber 1992. The indices are obtained from Morgan Stanley Capital International
(MSCI). The MSCI data set contains indices for more than twenty developed fi-
nancial markets plus several regional indices. For our analysis we select the G7
countries (Canada, France, Germany, Italy, Japan, United Kingdom and U.S.A.)
and the largest European market not included in the GT7: Switzerland.

The MSCI indices have several features that make them particularly attrac-
tive for empirical analysis. First, they provide a good representation of national
markets. The combined market value of the companies included in the indices
equals approximately 60% of the total market capitalization for all the countries
contained in the MSCI data set. The companies are selected on the basis of na-
tional and industry representation. Investment companies and foreign domiciled

4See White (1982) and Hamilton (1994).



companies are excluded to avoid double-counting. Second, most of the stocks
included in the MSCI indices are actually available to non-national investors (see
Cumby and Glen (1990)). Third, the indices have statistical properties that are
very similar to those of other national indices commonly used in empirical stud-
ies. For example, Harvey (1991) finds that the MSCI indices for the U.S. and
Japan are highly correlated with the value-weighted NYSE index (the correlation
is 0.991) and the Nikkei 255 (the correlation is 0.938) respectively. Finally, all
indices are computed with and without dividends reinvested so that returns can
be evaluated that include both capital gains and dividend yields. The monthly
dividend yield is equal to 1/12 of the previous year dividend divided by the index
at the end of each month. All returns are computed in U.S. dollars based on the
closing European interbank currency rates from MSCI. In this sense, this study
takes the point of view of a U.S. investor who is not hedged against exchange rate
risk at any point in time.

Table 1 contains summary statistics for the eight national stock returns and
for the value-weighted world index. Panela in the table reports means, standard
deviations, the largest and the smallest returns over the entire sample. Japan
is the country with the largest average return (1.50%) even though it is not the
most volatile market (the standard deviation is equal to 6.63%). On the other
hand, Italy has the lowest average return (0.67%) and the largest standard devi-
ation (7.69%) among the countries analyzed. Some of these differences may be
due to discrepancies in exchange rate movements across theses countries (see, for
example, Odier and Solnik (1993) and Jorion (1989)).

Panelb in the table contains the unconditional correlation matrix computed
over the whole sampling period. The numbers in the table clearly show that
cross-country correlations for asset returns tend to be much lower than domestic
correlations for the U.S.. Most values are below 0.5 and the average (excluding
the world index) is equal to 0.435.

The model analyzed in this study is derived assuming the existence of a con-
ditionally risk-free asset. For this purpose we use the monthly return on the U.S.
Treasury Bill closest to 30 days to maturity. The data on the T-Bill are obtained
from the CRSP files. In each period we compute the monthly excess returns by
subtracting the T-Bill rate from each one of the MSCI country returns.



3. Empirical Evidence

In the empirical analysis we consider several specifications both for the mean equa-
tion and for the GARCH process that drives the conditional variance-covariance
matrix. In this section we discuss a battery of statistical tests that we use to
compare the different specifications. As mentioned before, the CAPM imposes
only cross-section restrictions on the mean equation, at any point in time. There-
fore, all the tests on the conditional covariance process are used to fine tune the
GARCH parameterization but have no direct economic interpretation.

3.1. Model Specification

First, we specify the benchmark mean equation used to test the cross-section
restrictions of the conditional CAPM.
Equation A:

Ry — Rpt = o; 4 6 cov( Ry, Rint|Se-1) + €5 Vi

This parameterization assumes that: the price of world covariance risk § is
equal across countries and constant over time; the conditional covariance of each
asset return with the world portfolio is time-varying and the a’s are country-
specific constants, which may reflect factors other than covariance risk affecting
expected returns.

Equation B:
Ryt — Rp = o + 6; cov(Rigy Bt Bu-1) + € Vi

In this equation, the price of world covariance risk as well as the constant
factors are allowed to vary across countries.

Equation C:
R — th =o; + 5COU(R:‘z, Rmt|%t—1) + ‘Y:‘Ua?”(Rit|3t-1) + €t Y1

In this specification, a country’s premium over the risk-free rate is determined
by its specific risk as well as its world covariance risk. The price of world risk
is assumed to be equal across all countries whereas the price of country risk is
allowed to differ.
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Equations B and C can be compared to equation A to test two of the most
important pricing restrictions of the model. If markets are integrated, in the sense
that the same model consistently prices assets from different countries, the price
of covariance risk should be equal across countries and country-specific risk should
not be priced.

Equation D:
Ryt — Ry = 6 cov(Ris, Bone|Siem1) + €t Vi

In this equation we impose the restriction that the o; parameters are equal to
zero for all assets. This restriction follows directly from the Sharpe-Lintner ver-
sion of the CAPM and is used in most tests of the model. However, the CAPM
might still be a good approximation of the true asset pricing model, even if the
restriction imposed in equation D is rejected. For example, in an international
framework, the a’s might reflect country-specific factors (e.g. differential tax-
treatment) which are not captured by market risk.

Equation E:
R‘ii - th =a+ 5C0U(R,'z, nglst_l) + €t Vi

In this specification the constant factor « is assumed to be equal across all
assets. A significant o parameter across countries would suggest the existence of
some common world-wide priced factor unaccounted for by the country’s covari-
ance risk.

All the parameterizations described so far assume that the price of market-risk
6 is constant over time. This is a common feature in most empirical studies that
use GARCH-M models. However, it is not an assumption of the theoretical model.
For this reason, we also consider a different specification of equation A in which
the parameter § is allowed to vary as a function of a set of information variables.
The proposed parameterization is

Equation F:
Ry — Ryt = a; + (§ + £'Z:21) cov( Rty Rt |Sic1) + € Yi

where Z,_; is a (K x 1) vector of variables included in $;_;. The assumption that
6; is a linear function of the instruments in Z,.; is discussed later in this section.
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Panel a in Table 2 summarizes the specifications used for the asset pricing
equation. Panel b in the same table reports the three parameterizations that we
consider for the process driving the conditional covariance matrix. The benchmark
GARCH process corresponds to equation (6); the first alternative assumes that all
the elements of the b vector are equal and the second alternative assumes that all
the elements of the a vector are equal. The main purpose of the two alternative
specifications is to reduce further the number of parameters to be estimated.

3.2. Estimation and Testing Results

Maximum likelihood estimates of the parameters of our benchmark model (equa-
tion A for the asset pricing restrictions and equation {6) for the conditional covari-
ance process) are reported in Table 3.

First, consider the parameters of the GARCH process. All the parameters in
a and b are statistically significant at any reasonable level {the only exception is
the estimate of b for Germany, which is less than two times its standard error).
Also, all the estimates satisfy the stationarity conditions for all the variance and
covariance processes.® Finally, as it is typical in most studies that use GARCH
models, all processes display high persistence® and the estimates of the b; coeffi-
cients (which link the current second moment to its lagged value) are considerably
larger than the corresponding estimates of the e;’s (which link the current second
moment to past innovations).

Second, consider the parameters of the asset pricing equations. The estimated
measure of aggregate risk aversion (or, alternatively, the constant price of market-
risk) is equal to 7.095 and is more than three times its asymptotic standard error.”
This measure is within the range of estimates obtained in related work (see, for
example, Harvey (1991) and Ng(1991)). On the other hand, all the estimates of
the alpha parameters are negative and, in most cases, statistically significant, at
least on an individual basis.

Table3 also includes some specification tests for the model. In particular,
we construct the (estimated) standardized residuals (e,h; /%) and the (estimated)
standardized residuals squared (e!h;') and then compute the Ljung-Box port-

STheorem 1 in Bollerslev (1986) implies that for each process in H, to be covariance station-
ary, the condition a;a; + b;b; < 1 Vi, j has to be satisfied.

This is because the value of a;a; + b;b; is close to one in all instances. See Bollerslev and
Engle (1986).

"The value reported in Table 3 is equal to 0.0795 because percentage returns are used during
the estiration.
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manteau statistic for each series to test the hypothesis of no autocorrelation up
to order 12. The results in the table show that our specification is satisfactory in
most cases. The only countries for which some residual correlation is left in the
mean equation are Japan and Italy. However, for both countries, the estimated
autocorrelation coeflicients are all very small.

Table4 contains the results of a battery of tests of the cross-sectional restric-
tions imposed by the international version of the CAPM used in this study.

The first test reported in the table evaluates the null hypothesis that the price
of market risk § is the same across countries. The alternative hypothesis relaxes
this assumption by allowing the coeflicient to be different for each one of the assets
included in the system. Formally, this amounts to comparing equations A and B.
The likelihood ratio test statistic has a p-value of 0.6634 which implies that this
CAPM restriction cannot be rejected at any statistically reasonable level.

Second, we compute a test of the hypothesis that country specific risk (mea-
sured by the conditional variance of each country index) is also priced in inter-
national financial markets. In this case, a likelihood ratio test is computed to
compare equations A and C. The p-value for this test is equal to 0.7368. Again,
the evidence supports the pricing restriction of the CAPM and suggests that the
financial markets of the countries investigated are integrated.

The third test evaluates the null hypothesis that the entire vector of the alpha
parameters is equal to zero. In particular, a likelihood ratio test is computed to
compare equations A and D. The p-value of the test indicates that the null hypoth-
esis is rejected at any level larger than 1.2%. This result implies that this pricing
implication of the international CAPM is violated, at least under the assumption
that the price of covariance risk is constant through time. However, before discard-
ing the model, some additional considerations are in order. The theoretical model
is based on a set of rather strong assumptions which are likely to be violated. In
fact, other studies of the conditional CAPM that use an approach similar to ours,
obtain negative estimates for most of the a’s (see, for example, Engle, Lilien and
Robins (1987); Bollerslev, Engle and Wooldridge (1988) and Ng(1991)). Different
explanations have been proposed for this finding. For example, the model may fail
to capture differences in tax treatment or other institutional arrangements across
countries. Alternatively, restricting the relationship between expected excess re-
turns and covariance risk to be linear might be incorrect. Finally, as mentioned in
section 1, the estimated model assumes that investors do not hedge against cur-
rency risk. If this assumption is violated, the a’s could be functions of the price
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of exchange rate risk for each one of the countries included in our study.

Firnally, we restrict all the o parameters to be equal across countries {equa-
tionE). The purpose of this test is to determine whether there is a world-wide
constant factor common to all assets, that helps explain risk premia. The p-value
of the likelihood ratio test is equal to 0.007. Therefore, the evidence supports the
hypothesis that variations in country risk premia, not explained by world covari-
ance risk, are due to country-specific constant factors and not to a world-wide
constant factor.

To summarize, our tests suggest that investors in international financial mar-
kets are rewarded for their exposure to world risk but not to country-specific risk.
Consistently with the conditional version of the CAPM, world risk is measured
by the conditional covariance between the return on each asset and the return on
a worldwide portfolio. Moreover, the price of world risk is equal across all the
countries included in the sample. The only pricing implication of the CAPM that
is rejected by our tests is that nondiversifiable risk is the only source of cross-
sectional differences in risk premia. In particular, we detect the presence of a
constant country-specific factor.

We also estimate the model and perform the tests described above using two
alternative parameterizations for the conditional covariance process. In the first
specification we restrict all the parameters in the a vector to be equal, whereas
in the second specification we impose the equality restriction on the components
of b. Based on the likelihood ratio test statistic, we cannot reject the first set of
restrictions. This result implies that, at least for the set of countries included in
this study, a more parsimonious parameterization of the GARCH process could be
used. However, the results of the cross-sectional tests of the international CAPM
are unchanged when using this parameterization.

3.3. Is the Price of Market Risk Constant?

In all the specifications analyzed so far, we assume that the price of market risk 6 is
constant through time. This is not an implication of the conditional asset pricing
model. In fact, under the assumption that the o parameters are equal to zero,
6 measures the slope of the tangent to the conditional mean-variance frontier at
any point in time (for a given value of the conditionally risk-free rate). Since both
the first and the second order conditional moments are allowed to change over
time, there is no reason to believe that the slope has to stay constant. In order to
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accommodate a time-varying slope, the price of covariance risk is parameterized as
a linear function of a set of instrumental variables (equation F). This specification
makes the hypothesis of time-varying price of market risk easily testable, under
the implicit assumption that the unknown function (possibly nonlinear) of the
state variables, which determines §;, is well approximated by a linear function of
the instruments.

The set of instruments includes a constant, a dummy variable for the month
of January and the lagged dividend-price ratio for the world index computed by
MSCI.2 Table 5 reports maximum likelihood estimates of the parameters for the
model with a time varying 6. A likelihood ratio test reveals that the hypothesis
that § is constant is rejected at any level higher than 1.7%. As documented in
the table, the structure of the conditional second moments does not change when
the price of risk is allowed to vary. The a’s in the mean equation are larger in
absolute value than those reported in Table4. However, their standard errors are
also larger, so that, statistically, the change is of little relevance.

Figurel contains a plot of the time-varying price of covariance risk, obtained
using the results in Table5. The point estimates follow a weve which reaches its
high values between the end of the Seventies and the beginning of the Eighties. A
striking feature of the plot is the clear detection of a January effect in international
financial markets. Seasonal spikes are observed, for the month of January, over
the whole sample. In other words, our model can explain the observed excess
returns in January only by allowing the price of covariance risk in that month
to be much higher compared to the remaining months of the year. Although
based on a different methodology, our results extend the findings of Gultekin and
Gultekin (1983) to the Eighties and the beginning of the Nineties.

Given our findings, a natural question to ask is whether some of the anomalies
often detected in empirical tests of the CAPM can be explained by allowing the
price of risk to vary over time. Typically, the instrumental variables used in our
analysis are treated as independently priced factors that help explain the variation
of expected excess returns, once market risk has been taken into account. This
evidence 1s often interpreted as a rejection of the CAPM. However, most studies
are conducted under the assumption that the price of market risk is constant. Our
approach can be used to directly test the hypothesis that the January dummy and
the dividend yield are not priced by the market when the price of risk is allowed
to vary.

80ther studies have shown the predictive ability of these instruments (see, for example,
Harvey (1991) and Ferson and Harvey {1993)).
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Formally, we estimate and compare three different specification of the asset
pricing equations. The first specification assumes a three-factor model with a
constant §. The three factors are market risk, a January dummy and the world
dividend yield. The second model (which corresponds to equationF) assumes
that the price of risk changes as a linear function of the January dummy and of
the dividend yield, but covariance risk is the only factor priced by the market.
Both models are nested into the third specification. In this case, risk premia are
assumed to be a function of three factors and § is allowed to vary over time.
Likelihood ratio tests can be used to evaluate the competing models. First, we
compare the first specification to the third. The p-value for this test is equal
to 0.024 suggesting that allowing for a time-varying price of risk improves the
performance of the model, even when the January dummy and the dividend yield
are used as independent factors. On the other hand, when the benchmark model
assumes a variable 8, the null hypothesis that the two instrumental variables are
not independently priced cannot be rejected at any level lower than 8.7%. In
other words, the evidence suggests that a time-varying price of risk drives out the
January dummy and the dividend yield as independent factors.

These results are supportive of the conditional CAPM and suggest that rejec-
tions of the model, in favor of multifactor alternatives, might be due to incorrect
assumptions about the price of covariance risk.

3.4. Should U.S. Investors Diversify Internationally?

The evidence presented above suggests that the international assets included in our
study satisfy, to a large extent, the pricing restrictions imposed by the conditional
CAPM. In this section we use the results of our empirical analysis to discuss some
issues concerning global diversification that have been recently brought up by both
researchers and professionals.

In a mean-variance framework, investors can improve the reward-to-risk ratio
of their portfolios by diversifying across a large number of assets. This result
is mostly driven by the correlations that link the returns on different securities.
The lower the correlations, the higher the benefits of diversification. Therefore,
international diversification appears to be the best way to improve portfolio per-
formance. In fact, as long as financial markets are affected by country specific
factors, correlations between asset returns from different countries are likely to
be lower than correlations within the same country. Based on this reasoning, re-
searchers (starting with Solnik (1974b)}) and investment advisors alike have largely
promoted the idea of global diversification. However, more recently, the enthusi-
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asm for international diversification has subsided. In particular, two main argu-
ments have contributed to a more cautious attitude. First, international financial
markets have become increasingly more integrated, due to the lifting of many
restrictions to international investment during the Eighties. If the legal barriers
were binding, cross-country correlations may have increased in recent years, thus
reducing the benefits of diversification. Second, recent studies suggest that global
diversification may not be as good a safety net against bear markets in the U.S.
as most people think. More precisely, Solnik and Odier (1993) and Lin, Engle
and Ito (1994) suggest that bear markets are contagious at the international level;
when the U.S. market tumbles, volatility increases and, most important, cross-
country correlations increase. In this sense, the benefits of portfolio globalization
may be reduced even further when investors need them the most.

In our model, the benefits of international diversification are affected by both
the time-varying price of risk and time-varying correlations. For example, at
the level of volatility of the U.S. portfolio, the expected gains from international
diversification are measured by the following expression

E(Rd: - RUStlgt—l) = 5t[UGT(RUSt|$t—1) - COU(RUSh Rmtlc\\f:—l)} (9)

where Hy: is the return on a portfolio which includes R, and Ry and has the
same volatility as the U.S. portfolio. For this reason, we discuss the two questions
at hand considering the dynamics of both correlations and price of risk.

We approach each question from a different perspective. Since the process of
liberalization has taken place over several years, its effects on asset prices should
be mainly identified with the trend component in the data. On the other hand,
the behavior of international returns during bear and bull cycles is mostly a short
term phenomenon and, therefore, is reflected by the high frequency component
in the data. Based on this argument, we use an Hodrick-Prescott (HP) filter to
separate the trend and cycle components in the series of interest.

First, consider the effect of liberalization on return correlations from the per-
spective of a U.S. investor. Figure 2 contains plots of the time-varying correlations
between the U.S. market and an equally weighted portfolio of the foreign assets
included in this study.® The lowest correlations are observed mostly in the first
part of the sample; however, it is hard to detect any radical change over the whole
period by looking at the estimated correlations. The trend component of the series

%Since the correlation between the U.S. and Canada is condiderably higher than the other
correlations, we also construct a weighted portfolio which does not include Canada. The results
discussed below are qualitatively unaffected.
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is more revealing. In the first part of the sample, the low frequency component of
the correlation moves around the sample mean, crossing its value four times. On
the other hand, for most of the last nine years the filtered correlations are larger
than the overall mean suggesting that an upward trend in correlations might be
associated with international liberalization. However, it should be pointed out
that the increase in correlations is relatively small thus leaving even recent val-
ues below the corresponding estimates for U.S. assets. In panelb of Table6 we
report the average conditional correlations for three different periods included in
our sample. The figures in the table confirm a slow increase in average conditional
correlations over time. _

Figure3 contains a plot of the expected gains from diversification, measured
according to equation (9). As discussed above, the estimated gains are affected by
the dynamics of both the price of risk and cross country correlations. A compar-
ison of the HP filtered gains and the average gains for the whole sample reveals
that, with the exception of the period prior to the collapse of the Bretton Woods
agreement, the trend in expected gains from diversification is downward sloping.
More precisely, the filtered gains are above the overall mean from February 1974
to August 1983 and almost always below the mean thereafter. On an annual ba-
sis, the average gains in the "74-’83 period are equal to 6.58%, while they drop to
3.62% in the second subperiod.

Based on these results, we conclude that market liberalization has reduced,
but not yet wiped away, the potential benefits of international diversification.

Second, consider the issue of whether bear markets are contagious across coun-
tries. In Figure2 we identify seven bear cycles and seven bull cycles for the U.S.
stock market, based on a definition vsed by Forbes magazine to evaluate mutual
fund performance. The cycles are identified using the S&P 500 index as a bench-
mark. Table 7 contains a detailed description of the starting and ending date as
well as a measure of market performance for each cycle. The two most severe bear
cycles in our samples are the periods from January 1973 to September 1974 (the
U.S. market dropped 45.06%) and from September 1987 to November 1987 (the
U.S. market dropped 29.42%). The plots clearly show that, in both periods, the
estimated correlations tend to increase during the bear cycle and reach a peak
just before the U.S. market starts to recover. This evidence is not as strong for
the less severe bear markets of the Seventies and early Eighties. However, in most
cases when a large drop!® is observed in the U.S. index (even for just one period),

104 month in which the US market experiences a large drop is defined as a month during
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our model predicts positive jumps in correlations.

These results appear to support the claim that international diversification is
not a very good safety net when the U.S. market tumbles. However, the empirical
evidence also suggests that portfolio globalization should not be dismissed too
quickly. First, in most cases, when correlations increase they are still lower than
0.7 even at their peaks. Second, after reaching their peaks, the estimated corre-
lations appear to reverse to lower values rather quickly. Lastly, as documented
in panelc of Table 6, the difference between average conditional correlations over
bear and bull cycles appears to be negligible.

De Santis and Gerard (1994) use the methodology described in this paper to
estimate time-varying correlations among U.S. decile portfolios. They find that,
over the same sampling period, the estimated correlations for U.S. portfolios are
higher than the cross-country correlations documented in this study. In particu-
lar, the overall average correlation is equal to 0.84 and the average correlations
for the smallest and largest decile portfolios are equal to 0.62 and 0.99 respec-
tively. Therefore, although investors may not be as protected against U.S. market
crashes as previously believed, it seems unlikely that the benefits of international
diversification can be replicated by domestic diversification alone.

This intuition is confirmed by the plot of the expected gains from diversification
in Figure3. During most of the bear cycles, the gains are below the overall mean.
As expected, this evidence is even stronger during the most severe bear markets.
However, immediately after the end of the '73-’74 and the ’87 bear cycles, the
joint effect of lower correlations and higher price of covariance risk induces large
positive jumps in the expected gains.

Therefore, also in this case, our findings are consistent with the suggestion
that bear markets are contagious across countries. However, investors can still
gain from being internationally diversified, especially immediately after severe
bear cycles.

4, Conclusions

In this paper we test an international version of the conditional CAPM using a
multivariate GARCH process. A parsimonious parameterization, recently pro-
posed by Ding and Engle (1994), allows us to test the asset pricing implications of
the model using a relatively large number of assets. Our analysis is more general

which the US equity index excess return is more than two standard deviations below its mean.
Panel b in Table 7 identifies the nine instances of large drop observed in our sample.
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than previous related work that uses GARCH processes; in particular, we allow
risk premia, betas and correlations to vary through time. In addition, we propose
a test of the conditional CAPM that can be used as an alternative to the one
developed by Bollerslev, Engle and Wooldridge (1988). To implement our test,
the econometrician needs to observe a market-wide index, but he does not need
to observe the weights of the individual assets in the market portfolio.

Compared to tests of the conditional CAPM based on GMM, our approach can
be used to the asset pricing restrictions of the model simultanecusly. At the same
time, the analysis provides estimates of the conditional second moments which
are of primary interest to portfolio investors. The entire set of hypotheses tested
in our study could be theoretically specified in a GMM framework. However, this
would generate a proliferation of moment restrictions that would make the prob-
lem hard to implement in practice.

Our findings can be summarized as follows. Market-wide risk, measured by
the conditional covariance between the return on each asset and a world-index
return, is equally priced across all countries. On the other hand, the price of
country-specific risk, measured by the conditional variance of each country index,
is equal to zero. Although these two results are consistent with the prediction
of the model, we also find some evidence against it. Namely, differences in risk
premia across countries are explained by two factors: time-varying covariance risk
and a constant country-specific factor. We also find evidence that the price of
covariance risk varies over time and has a strong January seasonal. Interestingly,
allowing for a time-varying price of risk drives out a January dummy and the
world dividend yield as independently priced factors.

The estimated correlations have interesting implications for portfolio man-
agement. First, cross-country correlations fluctuate considerably throughout the
sampling period but, in general, are much lower than correlations among U.S.
assets. Second, the benefits of diversification have declined but not disappeared
after the liberalization of most financial markets. Third, our estimates indicate
that cross-country correlations tend to increase during severe bear cycles of the
U.S. markets. However, even at their peak, international correlations are rather
low. Therefore, U.S. investors can still improve the reward-to-risk ratio of their
portfolios through global diversification.
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Table 1: Summary Statistics and Unconditional Correlations of Index Returns for
Eight Coutries and the World.

The statistics are based on the monthly U.S. § denominated raw returns on the equity indices of eight
countries, Canada, Japan, France, Germany, Italy, Switzerland, United Kingdom and the United States,
and to the value weighted world index. Data are obtained from the MSCI database for the period Jan-
uary 1970 to December 1992 (276 observations).

a. Summary Statistics

~ Standard

Country Mean Deviation Minimum Maximum Weights*
Canada 0.89 5.59 -22.04 17.98 028
Japan 1.50 6.63 -19.38 24.26 312
France 1.22 7.11 -23.18 26.83 034
Germany 1.07 6.17 -17.64 20.23 .042
Italy 0.67 7.69 -21.42 30.99 015
Switzerland 1.11 5.69 -17.64 24.58\' .019
UK. 1.29 7.66 -21.53 56.41 .108
U.S.A. 0.96 4.59 -21.22 17.79 .350
World 0.98 4.27 -16.96 14,71 1.000

* As of December 31, 1990.

b. Unconditional Correlations

Canada Japan France Germany Italy Switz. U.K. U.S.

Canada 1

Japan 0.264 1

France 0.418  0.403 1

Germany 0.2%0 0.405 0.595 1

Italy 0.292 0.377T  0.445 0.382 1

Switz. 0.457 0.439 0.620 0.715 0.385 1

U.K. 0.510 0.364 0.533 0.418 0.349 0.567 1

U.s. 0.701 0.268 0.428 0.341 0.227 0.499 0.500 1

World 0.701 0.679 0.616 0.556 0.431 0.683 0.681 0.833
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Table 2: Specifications of the Returns Equation and of the Time—Varying Condi-
tional Covariance Process.

This table reports the functional form and the number of parameters for each specification of
the returns equation and each specification of the time varying covariance process. N is the
number of portfolios for which the model is estimated. Rf, is the excess return on portfolio
{country index) ¢ in period ¢, € is the period t innovation in portfolio i excess returns, c,
0, 7 are scalars, x is a (K x 1) vector of scalars and Z;_; a (K x 1) vector of information
variables. Conditional on %, the information available at the end of period t ~ 1, ¢, is dis-
tributed N(0, H;). The conditional covariance process H, is specified in panel (b). * denotes
the Hardmard matrix product {element by element), a,b are (N x 1) vectors of constants, ¢ is
a (N x 1) unit vector, a, b are scalars, and Z;_; is the matrix of cross products of error terms,

Et—}_f’_l.
(a) Returns Equation Functional Form #ofpar. fN=9
A Rf = oy + Scov(Ryp, Rme[Si-1) + € N+1 10
B Rf = a;+ ficov(Ryy, Rone|Se-1) + it 2N 18
C R = a; + 6cov( Ry, Rne|Br—1) + vivar(Ri|Se—y) + € 2N 18
D R, = ECOU(Rit,RmdS‘t-l) + € 1 1
E R = a+b6cov(Rir, Rone|Se-1) + €t 2 2
FRf =0+ (6 4 £ Ze_1)cov(Rit, Ront|Se-1) + €t N+K+1  10+K
(b) Conditional Covariance Process Functional Form # of par. if N =9
1 Hy=Hy#*(u'—aa' ~bb') +aa"+ T, ; +bb' + H,_, 2N 18
2 Hy=Ho*(W'(1-b%) -aa)+aa +Z, +b°H,y N+1 10

3 Hy=Ho*(w'(1-a®)-bb'}+a®T,—;+bb '+ H,_; N+1 10
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Table 3: Maximmm Likelihood Parameter Estimates of the International CAPM
and of the Multivariate GARCH model for Eight Countries plus the World.

This table reports the maximum likelthood estimates of the parameters of the CAPM returns equations
and of the time-varying conditional covariance process of returns. The estimation uses monthly US $
denominated excess returns on the equity indices of eight countries, Canada, Japan, France, Germany,
Italy, Switzerland, United Kingdom and the United States, and on the world portfolio. Data are
obtained from the MSCI database for the period January 1970 to December 1992. The estimates
are reported for the CAPM parameterization of the returns equation which relates linearly country
excess returns RS, to their time-varying world covariance risk cou( R, Roms Sz 1), where a; and § are
constants,

R, = a; + bcov(Ris, Rne[Se—1) + €ie where (%) ~ N(0, H,)

The time—varying conditional covariance H, is modelled as
H,=Hy+{u/'—aa’~bb'}+aa’'sZ, ), +bb' « H,_;,

where * denotes the Hardmard matrix product, a,b are (N x 1) vectors of constants, ¢ is a (N x
1) unit vector, and T,_; is the matrix of cross products of error terms, €_¢;_,. Quasi maximum
likelihood standard errors are reported in parentheses. P-values for the Liung-Box statistics of order
12 are reported for the standardized residuals z = ¢/h'/2, and the standardized residuals squared
2% = (¢/h!/%)2. The table also reports the summary statistics for the estimated risk—premia.

Canada  Japan France  Germ. Italy Switz. U.K. U.S. World
o -0.8986  -0.6511  -0.9080 -0.8471 -1.4742 -0.7370 -0.9449  -0.6252  -0.8472
(0.3320) (0.3985) (0.3809) (0.2830) {0.4440) (0.3247) (0.3981) (0.3125) (0.2458)
§ .0709
(.0228)
a; 0.1860  0.2013  0.229¢  0.2786  0.2141  0.1749  0.2496  0.2294  0.2133
(0.0468) (0.0349) (0.0704) (0.0780) (0.0729) (0.0790) (0.0461) (0.0445) (0.0551)
b; 0.9617  0.9580  0.8797 0.7526  0.8654  0.9207  0.9421  0.9597  0.9616

{0.0169) (0.0150) (0.0414) (0.4184) (0.0650) (0.0257) (0.0208) (0.0165) (0.0205)

LBiz2(2) .397 .021 424 104 .049 .923 .T33 679 .182
LB,z(z%) 449 863 602 459 .643 406 .882 .552 .834
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Table 4: Cross—Sectional Tests of International CAPM Restrictions.

This table reports likelihood ratio tests of the cross-sectional restrictions of international asset pricing
models for two specifications of the time—varying conditional covariance process of asset excess returns.
The tests use monthly US § denominated excess returns on the equity indices of eight countries, Canada,
Japan, France, Germany, Italy, Switzerland, United Kingdom and the United States, and on the world
portiolio. Data are obtained from the MSCI database for the period January 1970 to December 1992.
The test statistics are asymptotically chi-square distributed and their p-values and degrees of freedom
are reported accordingly. The returns equation relates linearly country excess returns R{, to their
time-varying world covariance risk cov{ Ry, Rm{S¢—1) and own country risk var{R;|S-,), where o;,
é;, and ; are constants.

Ri, = a; + &cov(Ryy, R [Fem1) + wivar (Rie|Se—1) + €:  where  &|S—y ~ N(0, H,)
The tests are reported for the following parametrization of the conditional covariance process Hy,
H. = Hy*(w'—aa'—bb’) +aa’*Z,_, +bb' « H,_,;

where » denotes the Hardmard matrix product, a,b are (N x 1} vectors of constants, ¢ is a (N x 1)

unit vector, and X,_; is the matrix of cross products of error terms, &_j¢e;_ ;.

Null hypothesis Alt. hypothesis

Eq. Restriction Restriction Eq. x: df p-level
A o;#0,6=14, 7;=Q vs. o;#0,8#0,w=0 B 5.855 8 .6634
A o #0,85=68v=0vs. o#0&=67v#%0 C 5193 8 7368
D o,=0,8=46,%=0vs o#0,8=48§1=0 A 21.191 ] .0118
E ai=o,85=68v=0vs. a;#0,&=6v=0 A 20992 8 0072
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Table 5: Maximmm Likelihood Parameter Estimates of the Conditional Interna-
tional CAPM with Time—Varying Price of World Covariance Risk.

This table reports the maximum likelihood estimates of the parameters of the returns equation and of
the time—varying conditional covariance process of returns. The estimation uses monthly US $ denom-
inated excess returns on the equity indices of eight countries, Canada, Japan, France, Germany, Italy,
Switzerland, U.K. and United States, and on the world portfolio. Data are obtained from the MSCI
database for the period January 1970 to December 1992. The estimates are reported for a parametriza-
tion of the returns equation which relates country indices excess returns Rf, to their time-varying
world covariance risk cov( Ry, Rm¢[S¢—1), where the price of covariance risk is equal to a constant plus
a time~varying component conditional on investor’s information Z;_;. The set of predetermined infor-
mation variables are: the world index dividend price ratio (DPRat), 2 dummy variable for the month
of January (JanD). ay, § and & are constants,

Rf,t = oy + (5 e K'Zg-l)COU(R.'g,ng[s}g.q) =+ & where Eglgg_l o~ N(O, Hg)
The time-varying conditional covariance H, is modelled as
H,=Hy*(iwW—=aa'—bb'}+aa’»I,.; +bb « H,_,

where + denotes the Hardmard matrix product, a, b are (/¥ x 1) vectors of constants, ¢ is a (N x 1) unit
vector, and X,_; is the matrix of cross products of error terms, €—1¢;_;. Quasi maximum likelihood
standard errors are reported in parentheses.

Canada Japan France Germ. Ttaly Switz. U.K. U.5. World
o5 -1.1160 -0.9555 -1.2650 -1.0640 -1.6860 -0.9860 -1.2260 -0.8388 -1.0922
(0.728) (0.759) (0.576) (0.509) (0.802) {0.562) (0.635) (0.704) (0.682)
§ {const) -0.0227  {0.042}
x1 {DPRat) 0.3364  (0.103)
k2 {JanD) 0.0855  (0.051)
a; 0.1864 0.2018 0.2434 0.2737 0.2138 0.1864 0.2534 0.2371 0.2165
(0.046) (0.030) (0.056) (0.077) (0.070) (0.062) (0.047) (0.038) (0.046)
b; 0.9603 0.9583 0.8767 0.7686 0.8618 0.9163 0.9404 0.9569 0.9604
(0.018) (0.013) (0.041) (0.300) (0.069) (0.025) (0.020) (0.014) (0.017)
Likelihood Function: -5149.645

Likelihood Ratio Test of k¢ = 0, Vk:

xZ =8.100, (p=.017)
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Table 6: Comparison of Unconditional and Time-varying Conditional Correlations
of Returns Between Seven Countries and the US

This table reports the unconditional correlations and summary statistics of the time-varying conditional
correlations between the excess returns of 7 country indices and the US index over several subsamples,
using the maximum likelihood estimates of the conditional covariance process reported in Table 5. Ptf
denotes the equally weighted portfolio of the 7 foreign country indices.

a. Overall Sample Correlations

Conditional Correlations Uncond.

Country Mean Std. Dev. Minimum Maximum Corr. Difference
Can 0.710 0.046 0.556 0.832 0.704 -0.006
Jap 0.280 0.090 0.066 0.554 0.277 -0.003
Fr 0.431 0.086 0.128 0.671 0.434 0.003
Ger 0.347 0.090 0.049 0.660 0.347 -0.000
It 0.232 0.078 -0.019 0.506 0.229 -0.003
Swit 0.504 0.079 0.194 0.666 0.506 0.002
U.K. 0.492 0.094 0.225 0.723 0.505 0.013
Ptf 0.574 0.069 0.335 0.765 0.580 0.005

b. Subsamples Correlations
Can. Japan France Germ. Italy Switz. UK. Ptf

January 1970 to December 1973 Subsample (N = 48}

Uncond. 0.758 0.464 0.193 0.372 0.035 0.439 0.429 0.511

Avg. Cond. 0.709 0.332 0.354 0.349 0.197 0.485 0.452 0.548
January 1974 to June 1983 Subsample (N = 114)

Uncond. 0.682 0.247 0.439 0.322 0.211 0515 0.464 0.582

Avg. Cond. (.697 (.263 0.437 0.336 0.222 0.498 0.454 0.568
July 1983 to December 1992 Subsample {N = 114)

Uncond. 0.749 0.257 0.497 0.363 0.299 0.518 0.611 0.596

Avg. Cond. 0.722 0.275 0.457 0.358 0.256 0.519 0.546 0.592
Difference between subsample 2 and subsample 3 estimated correlations

Uncond. 0.067 0.010 0.059 0.041 0.088 0.003 0.147 0.013

Avg. Cond. 0.025 0,011 0.020 0.022 0.034 0.021 0.092 0.025

¢. U.S. Bear vs Bull Markets Correlations
Can. Japan France Germ. Italy Switz. UK. Ptf

Months During which the U.S. experience a bear market (N = 82)
Uncond. 0.649 0.406 0.407 0.477 0.150 0.542 0.513 0.594
Avg. Cond. 0.708 0.312 0415 0.376 0.204 0.514 0.478 0.579
Months During which the U.S. is not in a bear market (N = 194)
Uncond. 0.666 0.150 0.362 0.214 0.198 0.426 0.453 0.492
Avg. Cond. 0.711 0.266 0.438 0.335 0.243 0.501 0497 0.573
Difference between bear market months and other months
Uncond. -0.017 0.256 0.045 0.262 -0.048 0.116 0.060 0.102
Avg. Cond. -0.003 0.046 -0.023 0.041 -0.040 0.013 -0.019 0.006
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Table 7: Up and Down Markets for US Equities

30

This table reports the periods during which the US equity index experienced up and down markets and
the total index return during those periods. The Up and Down Markets are based on the definitions
of Forbes magazine. Up markets start at the beginning of the month following the month in which the
maket index reaches the bottom of a through and end in the month the market index reaches a peak.
Down markets start at the beginning of the month following at a market peak and end at the end of
the month in which the markets reach the bottom of the through.

a. Up and Down Markets

Down markets Up markets

Total - Total

Start Date End Date Return Start date End Date return

Jan. 1,70 June 30,70 -18.33% July 1,70 Dec. 31,72 69.82%

Jan. 1,73 Sep. 30,74  -45.06 Oct. 1,74 Dec. 31,76  84.58

Jan. 1,77 TFeb. 28,78 -15.17 Mar. 1, 78 Nov. 30, 80 77.17

Dec. 1,80 Jul. 31, 82 -15.52 Aug. 1,82 June 30, 83 62.32

Jul. 1,83 Jul. 31,84 -6.01 Aug. 1,84 Aug. 31,87 143.34

Sep. 1,87 Nov. 30,87  -29.42 Dec. 1,87 May 31,90  69.49

Jun. 1,90 Oct. 31,90  -14.05 Nov. 1, 90 Dec 31, 92 54.46

b. Largest Negative Excess Returns Months for the US Index.

Rank Month Return Rank Month  Return Rank Month Return
1 Oct. 87 -21.58% 4 Mar. 80 -10.08 7 Apr. 70 -9.17
2 Sep. 74 -12.00 5 Aug. 90 -9.75 8 Oct. 78 -9.15
3 Nov. 73 -~11.13 6 Aug. 74 -9.70 9 Sept. 86 -8.92
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