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We sbow that there is an asymmetry in the pre-
dictability of the volatilities of large versus small
firms. Using both univariate and multivariate
ARMA-GARCH-M parameterizations, we find that
volatility surprises to large market value firms are
important to the future dynamics of their own
returns as well as the returns of smaller firms.
Conversely, however, shocks to smaller firms have
no impact on the behavior of either the mean or
the variance of the returns of larger capitalization
companies.

There is substantial evidence that short-horizon secu-
rity returns are predictable [see, e.g., Keim and Stam-
baugh (1986) and Lo and MacKinlay (1988,1990a)].
In particular, Conrad and Kaul (1988, 1989) show that
time variation in expected returns accounts for sub-
stantial proportions (in excess of 25 percent for small
firms) of the variance of both weekly and monthly
portfolio returns. However, Lo and MacKinlay (1990a)
and Mech (1990) uncover a rather striking aspect of
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the predictability of stock returns: there is an asymmetry in the ability
to predict returns of stocks of different market value. Specifically,
returns of large capitalization stocks can be used to predict reliably
the returns of smaller stocks, but not vice versa. Lo and MacKinlay
conclude that this asymmetry requires “. . .further investigation of
mechanisms by which aggregate shocks to the economy are trans-
mitted from large capitalization companies to small ones” (1990a, p,
198).

The asymmetry in the predictability of mean returns does not nec-
essarily imply that information is transmitted (with a lag) from large
to small capitalization companies. However, such an asymmetry does
suggest that there are important differences in the dynamics of the
stock prices of firms categorized on ‘the basis of market value. To
investigate further the predictable price behavior of different secu-
rities, in this paper we examine empirically the differential predict-
ability of the conditional variances of the returns of large versus
small firms. The motivation for analyzing conditional volatilities fol-
lows directly from Ross (1989), who shows that the variance of price
changes is related directly to the rate of flow of information. Hence,
studying the differential predictability of volatilities will shed light
on the process by which information is assimilated across firms of
different market value.

We use both univariate and multivariate specifications of the GARCH
family of statistical processes to model conditional variances and to
estimate the interaction between the conditional volatilities of dif-
ferent securities. An important contribution of this article is the use
of a new multivariate parameterization. This multivariate methodol-
ogy is a significant improvement over earlier univariate methods used
to assess the interaction between the conditional volatilities of dif-
ferent asset markets [see, e.g., Hamao, Masulis, and Ng (1990)]. As
opposed to the univariate approach, which utilizes only the infor-
mation in an asset’s own history of returns, the multivariate approach
uses the information in the entire variance-covariance matrix of the
returns of all assets. This, in turn, leads to more precise estimates of
the parameters of the model. Also, we use a new multivariate (pos-
itive-definite) parameterization of the GARCH model [see Baba et al.
(1989)] which leads to a substantial reduction in the number of param-
eters compared to the vector representation typically used in the
literature [see, e.g., Bollerslev, Engle, and Wooldridge (1988)]. The
reduction In the number of parameters is obtained by imposing suit-
able cross-equation restrictions. For comparison purposes, we use
both univariate and multivariate parameterizations to estimate the
linkages between the conditional variances of different market value
securities.
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The data used in this paper are weekly returns on three size-based
portfolios of NYSE and AMEX stocks over the 1962-1988 period. The
evidence shows a distinct asymmetry in the predictability of the vol-
atilities of large versus small firms: a volatility “surprise” to larger
firms can be used to predict reliably the volatility of smaller market
value firms, but not vice versa. For ease of exposition, we refer to this
asymmetric predictability as volatility “spillover effects” from larger
to smaller firms. The unidirectional spillover effects in conditional
volatilities remain unaltered even when we take into account the
asymmetry in the predictability of mean returns uncovered by Lo and
MacKinlay (1990a) and Mech (1990).

To gauge whether our results are specific to a particular time period,
we conduct all tests for two equal-length subperiods, 1962-1975 and
1976-1988. Though- the asymmetry in volatility spillover effects is
stronger in the first subperiod, the same (statistically significant) pat-
terns are also observed during the second subperiod. We also show
that infrequent/nonsynchronous trading cannot be the source of the
asymmetric predictability of conditional variances. Thus, the evidence
in this paper suggests an intriguing aspect of the price dynamics of
large versus small firms. Shocks to larger firms are important not only
to the future dynamics of their own returns, but also to the behavior
of the returns of smaller firms. Conversely, however, shocks to smaller
firms have little relevance for the behavior of both the conditional
mean and variance of the returns of larger firms. Any model of the
time-varying moments of stock returns needs to take into account
these asymmetric effects.

In Section 1, we describe the methodology used in the paper and
present some descriptive statistics of the data in Section 2. A detailed
analysis of the ARMA-GARCH-M models used to evaluate volatility
spillover effects across securities is contained in Section 3. We also
evaluate the potential role of nonsynchronous trading in generating
the asymmetric predictability of conditional variances. A brief sum-
mary and some concluding remarks are presented in Section 4.

1. The Methodology

We use the GARCH family of statistical processes to model the con-
ditional mean and variance of security returns. Engle (1982) intro-
duces the ARCH model, which is generalized to a GARCH specifi-
cation by Bollerslev (1986) [see also Engle and Bollerslev (1986)].
We use both a univariate approach and a new, more efficient, mul-
tivariate parameterization to estimate the parameters of the model.
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1.1 Univariate model
We first discuss the univariate approach and then introduce the mul-
tivariate methodology. .The specification used in this paper is an

and is the set of all information available at. time 
Equation (1) models security returns as an ARMA(1,1) process with

a GARCH-M term. An ARMA(1,1) process for returns is parsimonious
and appears to be well-specified [see Conrad and Kaul (1988)]. Note
that we introduce a GARCH-M term in our model [see Equation (1)],
although we use size-based portfolios, and not the market portfolio,
in our tests. The inclusion of the GARCH-M term can be viewed as
an attempt to use all past information, including the information
contained in the conditional variance, to obtain expected return esti-
mates. Clearly, we are not imposing any equilibrium model (e.g., the
CAPM) on the mean equation. In any event; our conclusions about
the asymmetric assimilation of information across securities are insen-
sitive to the inclusion of the GARCH-M term in Equation (1).

The ‘conditional variance ht in Equation (2) is a function of last
period's squared errors and conditional variance. The conditions mi

 are required to ensure that hit, is positive for all t,
and  ensures that hit is a stationary process. A number of
studies have shown that stock return variances change through time
and that a GARCH(1,1) process appears to model conditional vari-
ances adequately [see Bollerslev (1987); French, Schwert, and Stam-
baugh (1987); Akgiray (1989); and Schwert and Seguin (1990)]. The
GARCH specification has the advantage of incorporating the findings
of Mandelbrot (1963) and Fama (1965) that large price changes are
1 Engle, Lillen, and Robins (1987) extend the GARCH model to allow the conditional mean to be
a function of the conditional variance at time t.

 One potential problem in modeling conditional variances using the GARCH process is that It does
not take Into account the asymmetric response of conditional variances to past returns. The evidence
In Black (1976) , French, Schwert, and Stambaugh (1987), and Schwert (1990) indicates that negative
stock returns lead to higher volatility  than equivalent positive returns. Such an asymmetry in
conditional variances may be better captured by alternative parametric [Nelson (1991)] or non-
parametric [Pagan and Schwert (1990)] models. However, in this paper, we are primarily interested
in the asymmetric predictability, of conditional volatilities and the GARCH specification may be
adequate for this purpose.
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followed by large changes, and small by small, of either sign, It allows
conditional variances to depend on past realized variances and hence
is consistent with the actual volatility pattern of the stock market.

To address formally the issue of volatility spillovers across securi-
ties, we estimate. univariate ARMA(1,1)-GARCH(1,1)-M models for
each security separately and then introduce the lagged squared errors
for security j as an exogenous variable in the. conditional variance
equation of security i. This two-stage procedure is similar to the one
used by Hamao, Masulis, and Ng (1990). In particular,

where kij measures the Impact. of past volatility “surprise” to security
 on the conditional variance of security 

A similar specification, with coefficient kji, can be used to gauge
the effect of past volatility surprise to security  on the condi-
tional variance of security j, hjt The relative magnitudes of 
in turn, can help determine whether aggregate shocks have differ-
ential effects across securities. Also, the impact of shocks at longer
lags can be evaluated using the same approach.

1.2 Multivariate model
The second approach uses a new multivariate ARMA(1,1)-

GARCH(1,1)-M parameterization to assess the differential predictabil-
ity of the volatilities of different securities. The extension from a
univariate ARMA-GARCH-M model to an n-variate model requires
allowing the conditional variance-covariance matrix Ht of the n-di-
mensional zero mean random variables  to depend on elements of
the information set A positive definite parameterization of Ht
can be written as

where  vector parameterization of Ht, where
 constant symmetric matrix in the

variance-covariance matrix   GARCH coefficient
matrix on the lagged variance and covariance terms, and C is, the n
× n ARCH coefficient matrix on the lagged squared error terms.3
3The conditions for stationarity of the multivariate GARCH process are similar to the ones for a
vector autoregressive process. In particular, Ht an be written as a vector autoregressive process of
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Previous papers that adapt the ARCH or GARCH methodology to
multiple assets work with ht, the vector parameterization of Ht, in the
estimation of the model [see, e.g., Bollerslev, Engle, and Wooldridge
(1988)]. However, for any parameterization to be sensible, we must
require that H, be positive definite for all realizations of  These
restrictions are difficult to impose if the vector parameterization is
used. The parameterization specified in Equation (6), however, is an
alternative representation of Ht that imposes-such restrictions easily
without eliminating interesting models entertained by the vector rep-
resentation. Clearly, Ht as characterized in Equation (6) will be pos-
itive definite under very weak conditions. Moreover, in a recent paper,
Baba et al. (1989) show that the vector parameterization implied by
the positive definite representation in Equation (6) is unique, while
the converse is not true. Hence, we can estimate Equations (5) and
(6) and obtain the implied vector representation of the variance-
covariance matrix Ht.

The parameterization of Ht in Equation (6) is also appealing from
a practical standpoint. This representation imposes cross-equation
restrictions and, hence,-drastically reduces the number of parameters
to be estimated. For example, for three assets the GARCH model in
Equation (6) has 18 unknown parameters (excluding the parameters
in the symmetric constant matrix M). In contrast, the number of
parameters to be estimated in the corresponding vector representa-
tion increases to 72.4

The advantage of the multivariate approach is that, unlike the uni-
variate approach, it estimates the ARMA(1,1)-GARCH(1,1)-M models
for all securities simultaneously, thus utilizing the information in the
entire variance-covariance matrix of the errors. This, in turn, leads
to more precise estimates of the parameters of the model. Moreover,
since all parameters are estimated jointly, this approach avoids the
“generated regressor” problem associated with the univariate approach
[see, e.g., Pagan (1984)].
finite dimension p of the form

where the et are uncorrelated k- dimensional random variables and the Aj are k × k matrices with
A0 = I and AP ≠ ≠ 0. The vector autoregressive process will be stationary if roots of the determinantal
equation

are less than unity In absolute value.
4In general, with n assets, the number of parameters to be estimated in the GARCH representation

in Equation (6) is 2n2 (excluding the constant part of Ht). On the other hand the number of free
parameters in the vector representation is given by 2[n(n + 1)/2]2. See Baba et al. (1989) for a
detailed discussion of alternative rcpresentations of Ht in multivariate GARCH models.
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2. Some Descriptive Characteristics of the Data

2.1 Data
We use the Center for Research in Security Prices (CRSP) daily return
file which contains data for both the American and the New York
Stock Exchanges to calculate weekly portfolio returns for the 1962-
1988 period. The choice of a weekly sampling interval is largely a
compromise between the relatively few monthly observations and the
potential biases associated with nontrading, the bid-ask effect, etc.,
in daily data. We use portfolio returns, rather than individual security
returns, because (a) it is much more difficult to extract the (expected
return) signal from noisy returns of an individual security [see Conrad,
Kaul, and Nimalendran (1990)] and (b) it is feasible to estimate the
multivariate ARMA(1,1)-GARCH(1,1)-M model only for a few assets.

At the end of each year, we sort all the NYSE/AMEX firms on the
basis of market value (price times number of shares outstanding).
We then combine the 100 smallest, the 100 intermediate, and the 100
largest market value stocks into three portfolios. For each week
(Wednesday close to Wednesday close) of the following year, one-
week simple returns of each security within each portfolio are value-
weighted to form three series of portfolio returns. Compounding
individual-security daily returns to obtain weekly returns before cal-
culating weekly portfolio returns, and value-weighting the security
returns, minimizes the biases present in the daily rebalancing approach
to calculating portfolio. returns [see Blume and Stambaugh (1983)
and Roll (1983)]. For example, bid-ask errors in closing stock prices
lead to an upward bias in simple returns. Value-weighting should
reduce this bias because the (proportional) spreads of larger firms
are less than the spreads of smaller firms.

For tractability reasons, we use only three value-weighted portfolios
in our analysis and label them portfolios 1, 2, and 3. Note that even
the parsimonious n-asset multivariate ARMA(1,1)-GARCH(1,1)-M
model in Equations (5) and (6) involves estimation of 

 parameters of both the mean and conditional variance equa-
tions. Hence, it is critical to restrict the number of assets in order to
estimate the parameters of the multivariate model feasibly.

2.2 Summary statistics
Table 1 shows the summary statistics for the weekly portfolio returns,
squared returns, and absolute returns. The Kolmogorov-Smirnov
D-statistic (reported in the last column) leads to the rejection of
normality for the returns of all three portfolios. This is not surprising
given the presence of significant kurtosis in all portfolio returns.
Portfolio 1 also exhibits significant skewness.
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The first-order autocorrelations of weekly returns of portfolios 1
and 2 are large and several standard errors’ from zero and higher-
order autocorrelations remain statistically different from zero, but
decay rapidly across longer lags. The autocorrelation structure of
returns also displays a consistent pattern as we go from the smallest
portfolio (portfolio 1) to the largest (portfolio 3): the magnitude and
persistence of the autocorrelations decline monotonically. However,
higher-order autocorrelations remain significant for all but the largest
portfolio (which exhibits no autocorrelation). Since we use value
weights in forming portfolios, the autocorrelation structure of the
returns of portfolio 3 is dominated by the return characteristics of the
largest market value firms, which exhibit virtually no autocorrelation.

The -autocorrelation structure of returns indicates that expected
returns vary through time. Moreover, estimates of ARMA(1,1) models
for returns show that time variation in expected returns explains
substantial proportions (in excess of 25% for small firms) of return
variance [see Conrad and Kaul (1988)].

Table 1 shows that the autocorrelations of the series 
are also statistically significant. These autocorrelations, however, decay
fairly slowly at longer lags. The autocorrelation in absolute returns
is generally larger than that in squared returns. This evidence confirms
the findings of Mandelbrot (1963) and Fama (1965) that large price
changes are followed by large changes, and small by small, of either
sign.

Table 2 presents autocorrelations of the residuals, squared resid-
uals, and absolute residuals of an ARMA(1,1) model for each portfolio,
that is,

where  for the first week in January (ending on a Wednesday),
and    for all other weeks.

A stationary AR(l) process for expected returns appears to be well-
specified: the residuals of the model exhibit no significant autocor-
relation as indicated by the estimated autocorrelations and the Q-sta-
tistics. However, the squared and absolute residuals again are strongly
autocorrelated, which suggests the need to model the implied per-
sistence in conditional variances.

Table 3, panel A presents the first-order lagged cross correlations
between the three value-weighted portfolio returns. The ele-
ment of the correlation matrix is the correlation between  a n d

 The numbers reported in Table 3 reflect the same asymmetric
pattern in cross-correlations found by Lo and MacKinlay (1990a) and
Mech (1990). Specifically, the elements below the diagonal of the
matrix are invariably larger than those above the diagonal. This implies
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a distinct asymmetry in the predictability of the returns of different
securities: the return of larger stocks can be used to predict reliably
the returns of small stocks, but not vice versa. The relations between
the returns of the largest firms (portfolio 3) and the smallest firms
(portfolio 1) are particularly noteworthy. The first-order lagged cross-
correlation between last week’s return on large stocks     and
this week’s return on small stocks  is 22.7 percent, whereas the
cross-correlation between   is only 1.4 percent. This asym-
metry is intriguing and does suggest further investigation into whether
information, as measured by changes in conditional variances, has
similar asymmetric effects on the stock prices of large versus small
capitalization companies.

Before addressing the issue of asymmetric responses of conditional
variances to aggregate shocks, it is critical to ensure that all asym-
metry in the predictability of mean returns is purged from the raw
data. This is necessary because the predictability of mean returns in
Table 3, panel A could show up as asymmetric responses of condi-
tional variances to shocks. Panel B presents the first-order lagged
cross-correlations between the residuals of estimated ARMA(1,1)
models [see Equation (7)] for each portfolio. There is a significant
reduction in the asymmetric predictability of the residuals, with the
asymmetry between portfolios 3 and 2 disappearing completely. This
is not surprising because conditional on a small portfolio’s own past
history of returns, the lagged return of the large portfolio contains
little additional information about the smaller portfolio’s future returns.
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Recall that over 25 percent of variation in the small portfolio’s returns
can be explained by its own lagged returns [see Conrad, Kaul, and
Nimalendran (1990) for details]. To account for any remaining asym-
metry in return cross-correlations, in our subsequent analysis, the
mean equation of a particular portfolio includes the lagged returns
of the remaining two portfolios. This procedure renders all lagged
cross-correlations between the residuals of the mean equations to be
symmetric and indistinguishable from zero?

3. Model Estimates

In this section, we present both univariate and multivariate estimates
of the ARMA(1,1)-GARCH(1,1)-M specification and we analyze the
differential impact of aggregate shocks on the three market value
portfolios.

3.1 Univariate ARMA(1,1)-GARCH(1,1)-M models
We first estimate the univariate ARMA(1,1)-GARCH(1,1)-M model
for each portfolio to assess the appropriateness of this specification
for weekly stock returns. We use a modified form of the model [see
Equations (1) and(2)] to take account of the turn-of-the-year effect
in both the mean and variance equations, and we include the lagged
returns of all the portfolios to account for any asymmetric lagged
cross-correlations that remain in . The estimated model is

where  for the first week in January (ending on a Wednesday),
and  for all other weeks,6 and the   measure the joint impact
of the lagged returns of the two remaining portfolios on the condi-
tional mean of portfolio i.



Nonlinear optimization techniques are used to calculate the max-
imum likelihood estimates based on the BHHH algorithm [see Berndt,
Hall, Hall, and Hausman (1974)]. The estimated models are shown
in Table 4. No indications of serious model misspecification are
observed since the Ljung-Box statistics for all three portfolios show
a lack of serial correlation in both the normalized residuals and the
squared residuals. The normalized residuals exhibit no skewness,
while there is some indication of kurtosis for portfolios 1 and 2.
However, the levels of kurtosis are significantly lower than those
observed in raw returns (see Table 1). We also estimated more com-
plicated GARCH specifications, but these estimates indicate that the
parsimonious GARCH (1,1) model is well-specified and is an adequate
representation of weekly portfolio returns.

Estimates of the GARCH(1,1) models provide strong evidence of
changing conditional variances for all three portfolios. The estimates
of bi and ci are always statistically significant, with the former markedly
greater than the latter. The sum   is always less than unity, which
suggests that the conditional variances follow a stationary process.
However, there is some evidence that ‘the conditional variance of
portfolio 3 may follow an integrated GARCH process. We reestimate
the GARCH (1,1) model for each portfolio imposing the restriction
for integration in variances  Likelihood ratio tests
reject this restriction for portfolios 1 and 2, but not for portfolio 3.
These tests should, however, be interpreted with caution because the
appropriate procedure for testing for integration in variance is not
yet clear. It is possible that all the well-known problems associated
with tests for unit roots in the mean apply to such tests for the variance
(see Engle and Bollerslev (1986)].

Some additional aspects of the results in Table 4 are noteworthy,
First, there is a January effect in both the conditional mean and the
conditional variance of portfolios 1 and 2. Hence, not only is the
mean return higher in January, but there is also a marked increase in
variance around the turn of the year. Second, the GARCH-M effect is
always positive, but never significant at conventional levels. The pos-
itive effect agrees with the findings of French, Schwert, and Stambaugh
(1987) and further discussion of the significance of these results is
contained in Section 3.3. Finally, the only lagged cross-effect that is
still sign&ant in the mean equation is that of    all remain-
ing lagged cross-effects are indistinguishable from zero. For brevity,
we do not report the lagged coefficients  in Table 4.

3.2 Spillover effects across securities
To analyze the effects of aggregate shocks on securities of different
market value, we estimate two modified versions of Equations (3)
609





and (4). First, we estimate the relation between the conditional vari-
ance of portfolio i and eacb of the two remaining portfolios’ lagged
squared shocks:

where kij measures the impact of past volatility surprises to each of
the remaining two portfolios  on the conditional variance
of portfolio  measure the joint impact of the lagged
returns of the two remaining portfolios on the conditional mean of
portfolio f.

We also estimate the simultaneous effects of volatility surprises to
the two remaining portfolios on the conditional volatility of portfolio
i by estimating the following equations:

where the  measure the joint impact of past volatility surprises to
both the remaining portfolios, the  on the conditional
variance of portfolio 

Note that in this univariate approach, the lagged surprises of the
other portfolios are treated as exogenous variables and the volatility
spillover effects for each portfolio are estimated separately. Hence,
the information in the variance-covariance matrix of the errors of the
three portfolios is not taken into account. The statistical power of
this approach, therefore, is likely to be weaker than the multivariate
approach. Also, since estimates of  are generated from an auxiliary
model, the standard errors of the  may be incorrect [see, e.g.,
Pagan (1984)]. Hence, caution must be exercised in drawing infer-
ences based on estimates of Equations (10) and 11), and (12) and
(13). Nevertheless, we first present the univariate estimates because
the parameters, particularly the    have an easy and intuitive inter-
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pretation. We then present the multivariate estimates that do not suffer
from the potential problems associated with the univariate results.

Univariate estimates of pairwise volatility spillover effects at lag 1
are presented in Table 5. For brevity, we do not report estimates of
all parameters in Equations (10) and (11). The format of Table 5 is
identical to that of Table 3. The striking aspect of the evidence is the
distinct asymmetry in the spillover effects across securities. Both in
absolute and statistical terms, there is a significant asymmetric spill-
over effect from larger to smaller firms. For example, ‘the estimated
effect of  is almost 50 times larger than the effect of 
on  Moreover, this asymmetric pattern is
displayed consistently across all three size-based portfolios, since
elements below the diagonal of the matrix are always much larger
than those above the diagonal. In fact, the asymmetry is most pro-
nounced between medium (portfolio 2) and small firms.

Table 5 shows pairwise effects. However, it may be more appropriate
to gauge the simultuneous effects (on the conditional volatility of a
particular portfolio) of shocks to the other portfolios. Table 6 shows
the estimates of the simultaneous effects The distinct asymmetry in
the spillover effects remains: the volatility of smaller firms can be
predicted by shocks to larger firms, but not vice versa. Although the
6 1 2



spillover effects of medium-sized firms on the small firms dominate
those of the large firms, there is a statistically significant spillover
effect from large to medium firms. In contrast, the data never reveal
any significant spillover effects in the opposite direction, that is, from
smaller to larger firms.

Finally, we also estimate the cross-effects of shocks at lag 2 on the
conditional volatilities of the three portfolios. The asymmetry remains
as pronounced as in Tables 5 and 6. In fact, the effect on small firms
of shocks to large firms at lag 2 dominates the lag 1 effect: the (joint)
effects of  with t-statistics of
0.301 and 2.505, respectively. Also, all the results in Tables 5 and 6
(i.e., the volatility spillover effects) are not altered if lagged returns
of the two other portfolios are excluded from the mean equation of
portfolio  are restricted to be equal to zero in Equations
(10) and (12)].

3.3 The multivariate ARMA(1,1)-GARCH(1,1)-M model
We next present estimates of the multivariate ARMA(1,1)-
GARCH(1,1)-M model for the three size-based portfolios. The advan-
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tage of the multivariate approach is that it estimates all parameters
simultaneously, thus utilizing the information in the entire variance-
covariance matrix of the errors of the three portfolios. This approach
is particularly appealing when testing for volatility spillover effects.
Unlike the univariate approach, volatility surprises to a specific port-
folio are not regarded as exogenous determinants of the conditional
variances of the other portfolios. Instead, all cross-effects between
the errors of the three portfolios are determined simultaneously. This,
in turn, leads to more powerful tests of the effects of aggregate shocks
on different securities. Apart from leading to an increase in power,
‘the multivariate parameterization is also a more appropriate specifi-
cation (as compared to the univariate parameterization) to test for
spillover effects across securities.

We estimate a modified version of the multivariate model in Equa-
tions (5) and (6) to take into account the turn-of-the-year effect in
both the means and the variances’ and any remaining cross-corre-
lations in the returns of the three portfolios. Estimates of the param-
eters of the mean equations for all three portfolios are presented in
Table 7. For brevity, we do not report estimates of the lagged cross-
effects-that is, the  The multivariate model is well-specified: the
Ljung-Box statistics for all three portfolios show a lack of serial cor-
relation in both the normalized residuals and squared residuals of all
three portfolios.8

The most interesting difference between the univariate and mul-
tivariate parameter estimates of the mean equations. is that the
GARCH-M effect (i.e., the effect of the conditional variance of a port-
folio on its conditional mean) is larger and statistically significant in
the multivariate results. These results are consistent with the evidence
in French, Schwert, and Stambaugh (1987) who find a significantly
positive relation between the monthly expected returns and condi-
tional variances of S&P 500 and CRSP value-weighted indices. There
are two reasons for the differences in the univariate and multivariate
GARCH-M effects. First, recall that although expected returns of a
particular portfolio are only a function of its own conditional variance
even in the multivariate system, the conditional variance itself is a
function of not only its own past realized variances, but also past
realized variances of the other portfolios. Second, the mean equations
are estimated jointly in the multivariate approach. Hence, utilization
of the information in the variance-covariance matrix of the errors of
615



the three portfolios leads to different multivariate estimates of the
GARCH-M effects.

We also use forecasts generated from estimates of the mean equa-
tions to determine whether they are conditionally unbiased and
account for significant proportions of the variance of weekly realized
returns: The forecasts from the multi&ate model are similar in spirit
to those estimated by Conrad and Kaul (1988), except that they are
generated simultaneously and take account of the GARCH-M effect.
The regressions of realized returns on the forecasts yield intercepts
close to zero and slope coefficients close to unity for each portfolio.
This suggests that the forecasts are unbiased. Moreover, the system-
R2 is 14.6 percent compared to a system-R2 of 8.1 percent when the
forecasts are generated, independently for each portfolio.9 Hence,
simultaneous estimation of the. portfolio return forecasts (with
GARCH-M effects) appears to yield better expected return measures.

In Table 8, we present estimates of the partial cross-effects of lagged 
squared errors on the current conditional variances of the three port-
folios. For brevity, we do not report estimates of the entire M, B, C,
and D matrices. However, to calculate the estimates (and the corre-
sponding t-statistics) of the effects of lagged squared residuals of
other portfolios on a particular portfolio’s current conditional vari-
ance, we use the unique vector parameterization of the estimated
representation of Ht in Equation (6). In estimating the vector rep-
resentation of Ht, we impose the cross-equation restrictions implied
by the representation In Equation (6).

The format used in Table 8 is identical to the format of Tables 5
and 6. In particular, the (i, j)th element of each of the matrices
measures the cross-effect of the squared shock of portfolio i at time 

 on the conditional volatility of portfolio j at time t. The estimates
in Table 8 confirm the univariate results of a distinct asymmetry in
the ‘effects of aggregate shocks at lag 1 across securities of different
market value. The volatility of smaller firms can be predicted by shocks
to larger firms, but not vice versa. As in the univariate estimates, the
elements below the diagonal in Table 8 are consistently larger than
elements above the diagonal. In fact, the effect of a (lag 1) volatility
surprise to medium-sized firms (portfolio 2) on the conditional vol-
atility of small firms (portfolio 1) is almost twice as large as the effect
of the small firms’ own lagged squared shocks, 

Although the spillover effects of medium firms on small firms dom-
inate the spillover effects of the large firms on small firms, there is,
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in turn, a statistically significant spillover effect from large to medium
firms. The magnitude of this spillover effect is small because it reflects
the cross-effect at lag 1 only; Estimates of the cross-effects beyond lag
1 (not reported) show that the squared unexpected returns of large
firms at-lag 2 and beyond continue to have a statistically significant
impact on the conditional volatility of medium firms, but not vice
versa. The importance of the asymmetric cross-effects of aggregate
shocks10 on large versus small firms is best revealed by the fact that
shocks, at any lag, to smaller firms never have a statistically significant
impact on larger firms. However, the effects of lagged shocks to larger
firms on the current conditional variance ‘of smaller firms are always
statistically significant.11

Finally, we reestimate the multivariate model without the lagged
returns of portfolio  in the mean equation of portfolio i
Estimates of the partial cross-effects are virtually identical to those
reported in Table 8. Hence, the asymmetric response of conditional
variances -to information remains unaltered irrespective of whether
we take into account the asymmetry in the predictability of mean
rerurns.

To determine whether the evidence presented in the previous sec-
tion is specific to a particular subperiod, we conduct all tests for two
equal-length subperiods July 1962-September 1975 and October 1975-
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December 1988. Subperiod analysis is also indicated because stock
return data may not exhibit covariance stationarity over long periods
[see Pagan and Schwert (1990)]. Although the absolute magnitudes
of the asymmetric spillover effects are larger during the first subperi-
od, the asymmetry remains statistically significant even in the second
subperiod. Detailed results are provided in Conrad, Gultekin, and
Kaul (1990) .12

3.4 Nonsynchronous trading and asymmetric crosseffects13

One possible source of the asymmetric volatility spillover-effects is
nonsynchronous trading of securities on the stock market. Asynchro-
nous prices of different securities can lead to spurious autocorrelation
and lagged cross-correlation in portfolio returns [see, e.g., Fisher
(1966), Scholes and Williams (1977), and Cohen et al. (1986)).
Although nonsynchronous trading has not been shown to generate
similar spurious effects in squared returns, it remains a potential cause
for the asymmetric predictability of conditional variances. To gauge
the importance of nonsynchronous trading, we derive the magnitudes
of spurious lagged cross-correlations between squared (unexpected)
returns using the nontrading model of Lo and MacKinlay (1990b).

Suppose the unobservable “true” continuously compounded returns
 securities are generated by the following model:

where Mt is a zero-mean common factor and  is zero-mean idiosyn-
cratic noise that is temporally and cross-sectionally independent.

Given that all securities do not trade at each point in time, observed
returns  will be a weighted average of past true returns,

where the random weights  are defined as products of no-trade
indicators:
12 We also conduct all tests on the smallest, the intermediate, and the largest quintilcs of NYSE/
AMEX stocks. The results are similar to the evidence for the 100-firm portfolios reported in this
paper, though the magnitudes of the asymmetric cross-effects are not as large. We also exclude the
1986-1988 period to assess the impact of the 1987 crash on our results. The with- and without-
crash samples provide similar estimates of the cross-effects In conditional variances. Detailed results
may be obtained from the authors.

13 The material in this section is based on the specific simulation model suggested by Craig MacKinlay.
We are thankful to him for also providing us the simulation program used to obtain the results.
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where the  are independently and identically distributed Bernoulli
random variables that take on the value 1 when security i does not
trade at time t, and 0 otherwise. Details of this model are in Lo and
MacKinlay (1990b).

We simulate the cross-effects in squared (unexpected) returns using
the model in Equations (14) and (15). We consider 30 assets and
three portfolios. The   of all assets are set equal to unity and 

 for all assets. We choose the nontrading probabilities of
securities in the three portfolios as 0.60, 0.30, and 0.00, respectively.
Hence, the three portfolios being simulated are comparable to the
three size-based portfolios in our sample.

We simulate 5000 daily returns for each asset using Equation (14)
and also a nontrading history for each asset using a uniform distri-
bution and the nontrading probabilities mentioned above. Based on
the simulated returns and the nontrading histories, we obtain a series
of observed returns  We form geometrically weighted portfolio
returns and aggregate the 5000 daily returns into 1000 five-period
(weekly) returns.

For each portfolio j = 1,2,3, the residuals are obtained from the
following regression:

where  is an intercept and  are the coefficients of the
lagged returns of portfolios 1, 2, and 3, respectively. Hence, Equation
(14) is similar to the model for the mean equation used in this paper:
the lagged returns of all three portfolios are included as regressors.

Table 9 shows the average lagged cross-correlations of the squared
residuals of Equation 
= 1,2,3. The cross-correlations are calculated under the assumptions
of a homoskedastic (panel A) and a heteroskedastic (panel B) dis-
tribution for Mt. Estimates in each of the panels are based on 1000
replications and the format for reporting the numbers is identical to
the one used in Table 5.

Table 9 shows that nontrading is an unlikely source of the asym-
metric volatility spillover effects documented in this paper. For the
homoskedastic specification of Mt, all cross-correlations are close to
zero. However, for our purposes, the more realistic numbers may be
in panel B. Here again, however, there is virtually no asymmetry in
the cross-correlations. In fact, unlike the evidence in Tables 5 and 8,
none of the estimates of cross-effects are statistically distinguishable
from zero.
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4. Summary and Conclusions

In this article, we show that there is a distinct asymmetry in ‘the
predictability of the volatilities of large versus small firms. Shocks to
larger firms are important to the future dynamics of their own returns
as well as the returns of smaller firms. Conversely, however, shocks
to smaller firms have no impact on the behavior of both the condi-
tional mean and variance of the returns of larger firms. Since the
volatility of returns is directly related to the rate of flow of information
[Ross (1989)], one possible explanation for this evidence is that aggre-
gate information first affects large firms and is then impounded with
a lag in the prices of small capitalization companies [see, e.g., Lo and
MacKinlay (1990a) and Mech (1990)]. However, though consistent
with the evidence, the asymmetric predictability of the mean and



volatility of stock returns does not necessarily imply an asymmetry in
the timing of the effects of shocks on large versus small firm.14 The
asymmetric volatility spillover effects are also consistent, for example,
with an economy in which the conditional volatilities of both large
and small stocks are driven by the same factor(s), without any dif-
ferences in the timing of the effects of these factors. It may simply
be the case that the factors are more closely associated with the
squared return shocks to larger firms.

Clearly, further research needs to investigate the source(s) of the
rich autocorrelation and cross-correlation patterns observed in stock
price data. However, the findings of our paper do suggest that ‘any
model of time-varying expected returns and volatilities needs to take
into account the asymmetric predictability of the mean and variance
of different capitalization companies.
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