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Expected Returns, Time-varying Risk,
and Risk Premia

MARTIN D. D. EVANS*

ABSTRACT

A new empirical model for intertemporal capital asset pricing is presented that
allows both time-varying risk premia and betas where the latter are identified from
the dynamics of the conditional covariance of returns. The model is more successful
in explaining the predictable variations in excess returns when the returns on the
stock market and corporate bonds are included as risk factors than when the stock
market is the single factor. Although changes in the covariance of returns induce
variations in the betas, most of the predictable movements in returns are attributed
to changes in the risk premia.

THIS PAPER PRESENTS A new empirical model based upon the multiple beta, or
intertemporal capital asset pricing model ICAPM), to study the predictabil-
ity of stock, bill, and bond returns. The model allows for both time-varying
betas and risk premia. The risk premia are modeled as linear functions of a
set of instrumental variables, estimated by rolling regressions to allow for
possible structural changes. The betas are identified from estimates of the
conditional covariance matrix of returns. The model is estimated with an
asymptotically efficient two-step procedure.

Recent research in financial economics has been directed towards explain-
ing the predictability of asset returns. Bollerslev, Engle, and Wooldridge
(1988), Harvey (1989), Ng (1991), Bodurtha and Mark (1991), and Chan,
Karolyi, and Stulz (1992) explore the role of changing betas within the
context of the conditional CAPM where the market is the sole risk factor.
This article’s model allows for multiple risk factors that can account for
possible variations in the investment opportunity set that are ignored by the
conditional CAPM.! It also allows examination of the contribution that
conditional heteroskedasticity makes to the predictability of returns through
variations in the betas.

I examine the behavior of monthly returns for five portfolios of common
stocks, two Treasury bills, and a portfolio of long-term Treasury bonds from
January 1964 through December 1990. I find that more of the predictable
variations in excess returns can be accounted for when the returns on the

* Department of Economics, Stern School of Business, New York University. I am grateful to
David Backus, Paul Wachtel, and two anonymous referees for their comments and suggestions.

! Models by Engle, Ng, and Rothschild (1990, 1991), Buse and Turtle (1991), and Nanisetty
(1991) also identify the betas from the covariance matrix of returns and allow for multiple risk
factors.
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stock market and corporate bonds are included as risk factors than when the
stock market is the single risk factor. In fact, the two-factor model can
explain the predictable variations in excess returns on all the stocks, long-
term bonds, and six-month bills. On average, the risk premia associated with
interest rate risk have the strongest effect on expected bill and bond returns,
while the expected returns on the common stocks are most strongly influ-
enced by the risk premium associated with the stock market. There is some
evidence that the betas vary systematically over the business cycle. But,
changes in risk contribute relatively little to the predictability of returns
through the betas. Instead, like Ferson and Harvey (1991), the primary
source of predictability can be traced to variations in the risk premium.

The next section presents and discusses the empirical specification. Section
IT describes how the model is estimated. The empirical results are presented
and discussed in Sections III and IV. Section V concludes with a summary of
the main results.

I. The Model

The empirical model is motivated by the ICAPM restrictions that originate
from the investor’s first-order conditions. For any asset i these first-order
conditions can be expressed as E,[M,, (1 + R, ,, )] = 1, where M, is the
discounted marginal rate of substitution between consumption in periods
t+1and ¢, R,,,, is the real return from ¢ to ¢ + 1 on asset i, and E,
denotes the expectation conditioned on information available at ¢. This
condition holds for all returns, including the return on a benchmark asset
R, .1, which is perfectly conditionally correlated with M,,, and the condi-
tionally risk free return R, ,,; (known at ).

The following restrictions on excess returns (r; ,,; =R, ,,; — B, ;,; and
Tm,t+1 =Ry 141 — Rg ,41) are implied:

Etri,t+1 = Bim,: Etrm,t+1’ (1a)
Bim,: = covt(ri,t+1’ T, t+ 1)/Vart(rm,t+ 1) (1b)

where cov,(.) and var,(.) denote the conditional covariance and variance given
information available at # (see, for example, Hansen and Hodrick (1983) and
Campbell (1987)). Thus, variations in the expected excess return on an asset
may be due to changes in the expected excess return on the benchmark or in
the asset’s beta, §; , ;.

Three auxiliary assumptions are needed to empirically examine equation
(1). These concern (i) the identity of the benchmark portfolio, (ii) the behavior
of the B; ,, ;, and (iii) the link between realized and expected returns.

(i) I follow Gibbons and Ferson (1985), Campbell (1987), and Shanken
(1991) by assuming that the benchmark portfolio is a time-varying weighted
combination of the risk-free asset, and % fixed observable hedge portfolios
with (possibly correlated) returns H, ,,... H, ,. Thus, R,, ,,; =w, Ry ;41 +
wy Hy o+ +wy,  H, 1 + &, 41 Where w; , are scalars and Eﬁowj,, =
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1. €, ; is a benchmark residual that is assumed to be uncorrelated with H, ,
and R, ,. The excess return on the benchmark is

Pmev1 = Wiy + 6, 00y (2)

where w, = [w, ,,...w, ;] and h, = [A, ,,... h,; ,]" are k-dimensional vectors
of weights and excess returns on the individual hedge portfolios. (Hereafter,
all vectors and matrices are identified with bold type.)

Letr,=[r,,,..r, ] be a g X 1 vector of individual excess returns to be
studied. If we substitute equation (2) into equation (1), and note that equa-
tion (1) holds for all excess returns including h,, the ICAPM restrictions can
be rewritten as

Exr, .= Br,h,tEtht+1 (3a)
where the ¢ X & conditional beta matrix is

Brn,e = cov,(ry, 1,y Ivar,(h,, 1)_1~ (3b)

Below, different sets of returns will be employed to identify the benchmark
portfolio and diagnostic tests used to evaluate the suitability of each choice.

(ii) The second auxiliary assumption concerns the identification of B, j, ;.
Earlier empirical tests of the ICAPM either assumed that the betas were
constant (Gibbons and Ferson (1985)) or that they could be expressed as
linear functions of observable variables (Shanken (1990)). Here I identify the
beta matrix as part of the time-varying conditional covariance matrix of
returns. For this purpose, assume that the k-dimensional vector of expected
portfolio returns, E,h,, ,, is available. Under rational expectations, the theo-
retical restrictions imposed on the set of g individual returns by equation (3)
can be written as

Y1 =AEh, , +e,,, 4)

where Y,,, =[r,,; W,,,]', e,., =[er;,, eh,, '] is the (¢ + k)-dimensional
vector of forecasts errors with E,e,,; = 0,and A, = [B,, ,I,]'isa(q + k) X
k matrix.

The beta matrix depends on elements of the conditional covariance of Y, ,
which, under rational expectations, is E,[e,, e’,, ;] =Q,=[Q, ;,]. Hence,
partitioning Q, conformably with r,,; and h,, ,, equatlon (3b) 1mpl1es that
Ben:=Qpn t(ﬂh,h,,) . Any variations in §, ,, , must therefore be reflected
in the dynamics of Q,. To model these dynamics I use least squares theory to
write the errors in forecasting the individual assets returns as er, , =
B.n.eh,,, +u, , where u,,, is a vector of asset-specific shocks that are
uncorrelated with the errors in forecasting the excess returns on the hedge
portfolios, i.e., cov,(u,,,eh,,;) = 0. The covariance matrix for the q + %
vector of forecast errors, e, ;, can now be written as

Q. = Quut T Ben Chn:Ben: Ben:Pnn: 5)
£ Q. B Q
h,h,tPr h,¢ h,h,t
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where Q, , ; is the conditional covariance matrix of u,, ;. This specification
insures that B,y ; 2y 1, = Q. p,; 50 that the restrictions in equation (3b) are
satisfied for any beta and covariance matrices, B, 5, , and Q,, y, ..

In the empirical specification I assume that the covariance matrices Q,, ,, ,
and Q,, , , follow asymmetric GARCH processes:

Quu: =9, 4+ Goe(u, + Gy)u, + Gy)' + G2 Q, ;1 (6a)
and
Qh,h,t = Qh,h + FO.(eht + Fz)(eht + Fz), + Fl.Qh,h,t—l' (6b)

Here Q,, ,,
symmetric £ X k matrices, G, is a ¢ X 1 vector, and F, is a & X 1 vector.
denotes element-by-element multiplication. This specification allows the con-
ditional covariance matrix to respond asymmetrically to positive and negative
shocks, eh, and u,. In particular, when the elements of the vectors G, and F,
are negative, the conditional variances increase more in response to a nega-
tive error than to a positive error of the same size (see Engle, and Ng (1991)).
The asymmetric effects of shocks on the conditional variance of asset returns
has been noted by French, Schwert, and Stambaugh (1987) and Schwert
(1989) and is often referred to as the “leverage effect.”

The final element driving €, is the beta matrix. I assume that both
asset-specific and market shocks affect the betas. For asset i’s beta on the
kth, hedge portfolio (i.e., the i, kth element of B, ,):

Gy, and G, are symmetric ¢ X q¢ matrices, Q,, ,, Fy, and F, are

[ (P
L)

Bik,e = Bik t A ko€hy e+ A i1t st A k2 Bik -1 (6c)

where eh, = [eh, ,] and u, = [u; ,]. When the scalars A, , , and A, , ; are
negative, the conditional beta will rise in response to unanticipated negative
returns on both the individual assets and the hedge portfolios and fall in
response to positive returns. Chan (1988), Ball and Kothari (1989), and
Braun, Nelson, and Sunier (1990) have argued that such movements are
consistent with a leverage effect.

(iii) The third auxiliary assumption concerns identification of the expected
excess hedge portfolio returns or risk premia, Eh,, . I assume that condi-
tional expectations are linear functions of a set of instrumental variables. The
estimates of E,h,,, are obtained as the out-of-sample forecasts from the
linear regression of h, for 7 < ¢ on instrumental variables known at ¢ and
before. This procedure insures that the estimates E,h,, ; are valid condi-
tional forecasts.?

% The linearity of conditional expectations is a restrictive assumption that may be inaccurate
in practice (see Harvey (1990)). To assess its importance, Evans (1992) examines models that
include nonparametric estimates of E,h,, ;. The results from these models are very similar to
those presented below.
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II. Econometric Issues

It is useful to think about estimating the model in two stages: (i) estimate
the risk premia and (ii) find the maximum likelihood estimates for the
parameters in the covariance and beta processes in equation (6) using the
estimates from stage (i). The difficulty associated with a two-stage procedure
is that, in general, inferences drawn from the second stage estimates must
account for the sampling properties of the first stage estimates.

Fortunately, the inference problem posed by the two-step procedure can be
dealt with by exploiting the structure of the model. Let p,(0) represent the
regression estimate of E,h,  ; that depends upon the parameter vector 0, and
let ¢ represent the parameters of the processes in equation (6) that govern
the dynamics of Q,. Assuming that the vector of forecast errors e, , = [er},
eh’, ]’ is drawn from a multivariate normal distribution N(0,Q,), the
sample log likelihood is (ignoring the constant)

k+
L(b,0) = — —2?— Y7 loglQ,(4)]

1
— 5 Lt - A (D010 ()7

X[Y,,; — A,(d)p,(8)]. )

whereY,,; =[r},; h, ;1" and A,($) =[B, 1, ()" L,]'. This sample log like-
lihood can be written as the sum of the marginal log likelihood for the %
hedge portfolio returns and the conditional log likelihood for the ¢ assets:

LT((b? 9)

k
== 9 Zthl loglﬂh,h,t(fb)l
1
- E ZtT=1 [ht+l - Mt(e)]'ﬂh,h,t(¢)_1[ht+1 - l"t(e)] (8
~_%th;l loglﬂu,u,t((b)l

1 _
) ZtT=l [r,,, — Br,h,t(¢)ht+1]’ﬂu,u,t(¢) l[rt+1 - Br,h,t(¢)ht+l]

Here we see that the conditional log likelihood for the asset returns only
depends on the parameters in ¢. Notice also that in the marginal log
likelihood of the portfolio returns, the conditional mean depends on 6 and the
conditional variance on ¢. The information matrix for L(¢, 0) defined over
(¢, 0) will therefore be block diagonal. Block diagonality is sufficient to
establish the asymptotic efficiency of the two-step procedure (see Evans
(1992)).

Although this result means that the sampling properties of the estimated
risk premia can be ignored when drawing asymptotic inferences, the two-step
procedure may affect the parameter estimates in finite samples. Any sample
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correlation between the estimation error in the betas and the expected
portfolio returns could induce a finite sample bias in the estimated forecast
errors er,, ;. To allow for this possibility, I include a constant in the asset
return equations. The estimable form of equation (4) becomes:

Y..1=Ay+AEh,, +e,,, (4"

where A = [a’ 0']’ with @ a ¢ X 1 vector of constants.?

II1. Data and Empirical Results
A. The Data

I examine the behavior of monthly stock, Treasury bills, and bond returns
from January 1964 to December 1990. The stock returns are value-weighted
portfolio returns of common stocks on the New York Stock Exchange (NYSE),
formed from size deciles. The deciles are based on share prices at the
beginning of the year. I include the returns from the 1st, (smallest value),
3rd, 5th, 8th, and 10th deciles. I also study the monthly returns on two and
six-month Treasury bills and a portfolio of five-to-ten year Treasury bonds.
All these series were obtained from the Center for Research in Security
Prices (CRSP) tapes. Excess returns are calculated by subtracting the one-
month Treasury bill rate from each of the monthly returns.

Two sets of returns are used to identify the return on the benchmark
portfolio. These are the excess returns on the value-weighted index of com-
mon stocks on the NYSE from CRSP and the excess returns on a corporate
bond portfolio from Ibbotson Associates. Panel A of Table I presents statistics
for the portfolio and individual excess returns.

A wide selection of information variables are used to estimate the risk
premia. In addition to lagged excess returns, they are: the lagged realized
real return on a one-month Treasury bill RR,, the spread between the yield
on one- and six-month Treasury bills (R;_ ,), the spread between the yields
on Moody’s AAA- and BAA-rated bonds as reported by the Federal Reserve
Bulletin (R, _3 ,), the spread between the dividend-price ratio on the Stan-
dard and Poor’s 500 and the one-month Treasury bill rate (Rp;y ,),* and a
January dummy (Jan,).> The bottom of Panel A shows that none of the
sample correlations between these instruments are very large. This suggests
that the instruments are not redundant and that the regression estimates of
the risk premia will not be subject to multicollinearity problems.

3 The block diagonality of the information matrix is not affected by using equation (4') rather
than equation (4). I am grateful to an anonymous referee for pointing out the potential finite
sample problem that led me to modify the model in this way. The other possible effects of the
two-step procedure are examined in Evans (1992) with the aid of some Monte Carlo experiments.

* The dividend price ratio comes from table 1.35 of the Federal Reserve Bulletin. The measure
is defined as dividends over the past year divided by the market price. The Federal Reserve
Bulletin reports the average of the daily ratios each month.

® Previous research showed that these variables have high correlations with the excess returns
studied here. The studies include: Fama and French (1988), Keim and Stambaugh (1986) and
Campbell (1987).
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Table I
Summary Statistics for Excess Returns 1964:1 to 1990:12

Excess returns are calculated with respect to the one-month Treasury bill rate. The instrument
variables are: the real return on a one-month Treasury bill, RR; the spread between the yields on
six- and one-month Treasury bills, R,_g; the spread between the yields on Moody’s AAA- and
BAA-rated bonds, R, _z; and the difference between the dividend yield on Standard and Poor’s
500 stock index and the one-month Treasury bill’s rate, Ry . Returns are expressed in units of
percent per year by multiplying by 1,200. Panel B presents statistics on the out-of-sample
projection estimate of E,r, ,,; using the instruments reported in the right-hand column. The
autocorrelations of the forecast errors r; ,,, — E,r, ,,, at lag i are reported under p,. The
column header x? reports Lagrange Multiplier statistics for the predictability of the estimated
forecast errors. Marginal significance levels are shown in parentheses.

Panel A: Excess Returns

Symbol Autocorrelations
Ti Mean Std. P1 P2 P3 Ps

Individual excess returns

Stock decile 1 rsr1 10.136 25.428 0.124 —-0.002 -0.037 0.008

Stock decile 3 rsrs 8.086 21.321 0.152 -0.019 -0.020 0.008

Stock decile 5 rsrs 7.230 19449 0.159 -0.039 —-0.009 -0.010

Stock decile 8 rsrg 6.383 18359 0.108 -—-0.055 —0.027 -0.012

Stock decile 10 rsrio 3.673 14.815 0.015 —0.036 0.007 —0.029

2-month T-bill rpgo 0.580  0.281 0.546 0.344 0.367 0.328

6-month T-bill rrBe 0.554 1.181 0.040 0.100 0.269 0.329

Long-term T-bonds rrBL 0.809 5796 0.129 -0.085 —0.079 0.041
Portfolio excess returns

Stock market hgy 4511 15.530 0.062 —0.047 -—-0.003 —0.033

Corporate bonds hep 0.640 9.796 0.141 -0.018 -0.077 0.069
Instrumental variables

Excess dividend yield Rpv —2.529 0.602 0.963 0.931 0.905 0.860

AAA-BAA spread R,_p 1.104  0.141 0.989 0.980 0.973 0.855

Term structure spread R, _¢ —-0.612 0952 0.124 —-0.065 0.158 0.357

1-month real rate RR 1.491 0901 0.626 0.532 0.450 0.443
Correlation matrix Rpyry R, 5 R4 RR rsum rrpa

Excess dividend yield Ryry 1.000

AAA-BAA spread R,y 3 —0.385  1.000

Term structure slope R, ¢ 0.275 -0.176 1.000

1-month real rate RR -0.301 0.223 —0.045 1.000

Stock market hsy 0.164 0.150 0.161 0.118 1.000

2-month T-bill rrBa —-0.234 0.282 —0.125 0.119 -0.080 1.000

Panel B: Expected Excess Returns
Residual Autocorrelations x?
Symbol  p; P Ps3 P (sig) Instruments
Stock market hsy —0.031 —0.094 —0.030 —0.039 5698 Rp;y,R,s_p,rrpe, BRR
(0.458)

Corporate bonds hgcp  —0.054 —0.031 —0.065 0.045 5897 Rp;y,R,_p,rrpe, Ri_g
(0.435)
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Panel B of Table I presents summary statistics for the estimates of ex-
pected excess returns used to identify the benchmark portfolio. The instru-
ments used to estimate each expected excess return are listed in the right
hand column. They were chosen as the only statistically significant regressors
(allowing for heteroskedasticity) in regressions of the excess return on a
constant and all the instruments over the whole sample period. There is little
evidence of serial correlation in the estimated forecast errors as measured by
the autocorrelations p,. I also conducted Lagrange Multiplier (LM) tests to
check whether the forecast errors could be predicted using Rp;v, R4_g, R1_g,
and one lagged value of RR, rg), and rpg, as instruments. As the table
shows, none of the y? statistics are significant at the 5 percent level.

B. Estimates of the ICAPM with a Single Hedge Portfolio

The results from estimating models with 8 assets and the value-weighted
index of common stocks on the NYSE as the single hedge portfolio are
reported in Table II. Panel A reports the maximum likelihood estimates of
the intercepts «; and the parameters in the beta and variance processes:

Bie=Bi+ Aoeh, + A quy A o B (92)
Q =0, +G Q. +G(u;,, + Gi,2)2 (9b)

where B, ; are the row elements of B, ;, ;, and (), , are the diagonal elements
of Q, , ;- In this model asset-specific shocks are assumed to be uncorrelated
with one another so that cov,(u; ,,,,4; ;) =0, for i #j, making @, ,, a
diagonal matrix. This restriction is introduced for parsimony and is tested
below. Below the parameter estimates, the table reports the robust standard
errors developed by Boolerslev and Wooldridge (1989) that allow for the
possibility that the forecast errors are not conditionally normal.®

Column 1 shows that the estimates of the intercepts «; are only signifi-
cantly different from zero in the equations for bills. This may indicate that
there is a sizable finite sample correlation between the estimation errors in
the betas and risk premia or the presence of an average “pricing error” due to
model misspecification. The estimates of A; , and A; ; reported in columns 3
and 4 indicate that asset-specific and aggregate shocks generally have statis-
tically significant effects on the conditional betas of the stock equations;
aggregate shocks, eh,, raise the betas, while asset-specific shocks, u; ,, lower
the betas.” There is therefore some evidence to support the presence of
leverage effects in the betas. By contrast, neither shock appears to signifi-

6 The Appendix describes how the robust standard errors and robust test statistics (presented
below) are calculated.

" When the market return is included as a risk factor, the multiple-beta model implies that
®,B, ;= 1for all £ where o, is a vector of time-varying weights such that r,,, ,,; = @,r,, .
This means that the covariation between the betas and any other variable x, must obey the
restriction o cov(B,,, ;, x) = —cov(w,, x)B,,, where @ and B, are the sample averages of ,
and B, ,. This implicit restriction on the dynamics of the betas applies to all the models I
estimate.
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cantly affect the betas for bills. In the case of long-term bonds, asset-specific
shocks do have a significantly positive effect on the betas. Column 5 shows
that the conditional betas for all but the bill returns are significantly autocor-
related. Interestingly, the estimates imply that the betas on the smaller
decile returns are more positively autocorrelated than the betas on the larger
deciles.

There is some evidence of asymmetric GARCH effects in the conditional
variance of asset-specific shocks. The estimates of G; , in column 9 are large,
negative, and significantly different from zero in four of the stock equations.
These estimates imply that negative shocks u;,, raise ;, more than
positive shocks of the same magnitude. The estimated processes for ; , are
highly persistent, as measured by the sum of the G, ;, and G; ; coefficients.®

Panel B of Table II reports the results of a number of specification tests.
The estimated model assumes that expected excess returns, E,r, ;, move one
for one with variations in B, ), ,Eh,, ;. To test this hypothesis, I first
conducted LM tests on the restriction ; = 1 in

rigv1=0o + U B Ehy g ter . 10

Column 1 of the table reports robust LM statistics developed by Wooldridge
(1990) that allow for model misspecification. Few of the statistics are signifi-
cant at the 5 percent level. To examine the joint hypothesis that «; = 0 and
¥; = 1, I tested the conditional moment condition E[r; ,,, — B; ,E,h,,,|x,]
= 0 where the vector x, includes a constant and B, ,E;h,,,. The robust
conditional moment (CM) test statistics shown in column 2 are significant at
the 5 percent level in the bill equations.

The statistics in columns 3 and 4 allow us to examine whether changes in
the betas and risk premia account for all of the predictability in r; ,, ;. If the
model is correctly specified, the estimated residuals, er; ,,;, should not be
predictable using any variable in the time ¢ information set. I use a vector of
variables known at ¢, x,, to test the CM restriction Eler; ,,, Ix,] = 0. The
CM tests in column 3 look for serial correlation in er; ;,;, so the x, vector
includes er; ,_;, for j = 0 to 6. For the CM tests in column 4, x, includes: the
lagged real rate, the dividend yield spread, AAA-BAA yield spread, the slope
of the term structure, and the January dummy (when testing the stock
equations). Overall, the results indicate that the single portfolio model does
rather poorly in explaining the predictability of returns. The test statistics
are highly significant in the bill and bond equations indicating that shocks to
these equations are serially correlated and predictable with other variables.

To examine whether the estimated model adequately captures the dynam-
ics in the conditional covariance matrix of returns, I also calculated CM tests
for El(er; . 1)? = (Q;, + B Qy 4B, |x,] =0, Eler;, seh, ; —

8 This measure of persistence is discussed in Bollerslev, Chou, and Kroner (1992). The
estimated value of F; , + F; ; is 0.824 (with standard error, 0.053) indicating that the process for
Q. .., the conditional variance of the market return in equation (6b), is also highly persistent.
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B.: Q. 1x,1=0, and Eler,,,eh, , — B; (eh, )*|x,] = 0° These tests
are designed to look for evidence of misspecification in the process for the
variance of er; ,.,, the covariance between er; ,,; and eh,,; and the betas.
Columns 5-7 show that the test statistics are not significant at the 5 percent
level. Thus, there is little evidence of serious misspecification in the processes
for the betas and covariance matrices.

As a final specification test, I examined whether the estimated asset-specific
shocks are wuncorrelated with one another by testing whether
Elu; ;y1,uj,411%,] =0 for all i # j with different choices for x,. Since there
are 8 assets, there are 28 moment restrictions of this type to jointly test.
None of the test statistics were significant at the 5 percent level.

Overall, these results suggest that, if the ICAPM is correct, the stock
market is an inadequate proxy for the benchmark portfolio. When combined
with the dynamics of the estimated stock market premium, the movements in
betas appear unable to explain the predictability of stock, bond, and bill
returns. It seems likely, therefore, that the predictable variations in excess
returns are attributable to additional risk factors. To investigate this, I next
consider a model with more than one hedge portfolio.

C. Estimates of the ICAPM with Two Hedge Portfolios

The new model adds corporate bonds as the second hedge portfolio. Two
reasons suggest this choice. First, the true market portfolio should contain a
fixed income component. Second, the returns on corporate bonds may be good
indicators of variable interest rate risk. Ferson and Harvey (1991), for
example, find that much of the predictability in bond returns can be at-
tributed to this source of risk.

In this model, each row of the beta matrix §, ;, , comprises the stock beta
B; su,: and corporate bond beta B; ¢p ;,, which are assumed to follow

Bi sm,: = Bi,sm T A sm0€hsy, e A s 1t

+ A sm,2Bisu, -1 T A su,sBa-B,. (11a)
Bic.t = Bi.ce + Aicr.oehcr,: T Aicp 1l
+ A2 Bice,i-1 + AicB,3sRa-B,:» (11b)

where ehg, , and eh.p , are the shocks to the excess return on the stock
market and corporate bonds, and R, _p, is the AAA-BAA spread. The
spread is only included in the equations for the three smallest stock deciles

® The x, vector includes w,_; for j =1, to 6, where o, = (er, ;)2 —(Q; , + B, Qy 5., Bi,)
for the tests in column 5, w,,, =er, ,,1eh, .1 — B; ; Q4 p , for the tests in column 6, and
w1 =er, ;. 1eh, 1 — B, [(eh, +1)? for the tests in column 7. I also conducted tests where x,
included a constant and lagged values of RR, R,_4, Rp;y and R, _g. As none of the test
statistics were significant, the results are not reported to conserve space. Similarly, a test of
El(eh,,1)* — Q) 4 ,1x,] = 0 indicated that the process for Q, , , was correctly specified.
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(i =8T1, ST3 and ST5).1° The covariance process for the hedge portfolios
follow

Qh,h,t = Qh,h + FO.(eht + Fz)(eht + Fz), + Fl.ﬂh,h,t—l’ (11C)

here Q,, ,,, Fy and F,; are 2 X 2 symmetric matrices and F, is a 2 X 1 vector.
I continue to assume that asset-specific shocks are uncorrelated [i.e.,
cov(U; 1415 %) ¢ 1) = 0 i # j] so that Q is diagonal. The variances follow

u,u,t
Q= Q;+ G o(Q;,_; — G, ydan, ) + G; ((u; ) + G, yJan,. (11d)

The January dummy, Jan,, is included because initial estimates of the model
showed that asset-specific shocks have a larger variance during this month in
the returns to the three smallest stock deciles. The dummy is excluded from
the specification in the other equations. The estimates also revealed that it is
unnecessary to allow for asymmetric effects of shocks on the conditional
variance of u; ,.

The maximum likelihood estimates of the constants, «;, and the parame-
ters for the beta processes in equations (11a) and (11b) are reported in Panel
A of Table III."! Except for the two-month bill equation, column 1 shows that
the estimates of «; are insignificantly different from zero. The estimates in
columns 2-6 indicate that the B, g) /s are significantly raised by ehg,, ,
shocks and lowered by u; , shocks in the equations for the small stock deciles.
A rise in the AAA- BAA spread also significantly lowers the betas. These
results suggest that the leverage effects found in Table II are robust to the
inclusion of other variables driving the betas and to the addition of a second
hedge portfolio. Neither shock appears to have a significant influence on the
Bi su, s in the bill equations, and only the asset-specific shock significantly
affects the stock beta for long-term bonds.

The estimates for the B; o5, process reported in columns 7-11 show a
different pattern. In the equations for the small stock deciles, the estimates of
Ai cp,1 and A; cp 3 indicate that the betas significantly increase in response
to negative u; , shocks and rises with the AAA-BAA spread. Thus negative
asset-specific shocks appear to increase the susceptibly of equity returns to
the interest rate risk associated with the risk premium on corporate bonds.
This finding seems consistent with the effects of financial leverage. Interest-
ingly, the estimates of A; 5 ; are insignificantly different from zero in the
equations for the other stock deciles. In the bill and bond equations, the
asset-specific shocks exert the strongest influence on the corporate bond
betas.

Panel B presents the results of specification tests. The robust CM statistics
reported in columns 5-9 indicate that the model successfully captures the

19 Initially, T estimated models where the betas were only affected by the u,;, ehgy ; and
ehcp , shocks. I then conducted a series of robust LM tests to see whether any of the instrumen-
tal variables should be added to the beta specification. The tests revealed that R,_p , was the
most significant omitted variable.

" The estimates of the other parameters in the models are not reported to conserve space. The
interested reader is referred to Evans (1992) for the complete set of estimation results.
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dynamics of the betas and the covariance matrices.> Column 1 presents LM

Tiverr = @+ Ysn, i Bisu, e Evhspr,eon + Ve, i Bics, e Ethep,iv1 € i
None of the test statistics are significant at the 5 percent rate. Column 2
presents CM statistics of a; = 0, g3, ; = Uop,; = 1. The test statistics strongly
reject the restrictions in the two-month bill equation. Columns 3 and 4 report
the results of conditional moment tests on the residuals, er; ,, ;. In contrast to
the results in Table II, there is no statistically significant evidence that the
errors in the equations for the stock deciles can be predicted with the
instrumental variables. In this sense, the addition of the second hedge
portfolio improves the ICAPM’s ability to explain the predictable variations
in stock returns. The same cannot be said for bill returns. The residuals from
the two-month bill equation are both serially correlated and predictable.'?

IV. Changing Risk as a Source of Predictable Excess Returns

In this section, I will use the model estimates to examine how changes in
the structure of risk contribute to the predictability of excess returns through
variations in the betas. Table III showed that negative asset-specific shocks
increase the susceptibility of equity returns to stock market risk, a result
consistent with the “leverage effects” reported by Chan (1988) and Ball and
Kothari (1989).1* If variations in the betas significantly contribute to the
predictability of excess returns, changing “leverage” may affect expected
returns, as Chan, Ball, and Kothari argue.

A. Beta Dynamics

Table IV reports summary statistics for the conditional betas implied by
the maximum likelihood estimates in Table III. For the returns on the
smaller stock deciles (; = ST1, ST3, and ST5), the stock market betas are
above one on average, and the corporate bond betas are negative. Both sets of
betas are quite variable, as measured by their sample standard deviations.

12 As in Table II, the CM tests in the table use six lags of the residuals o, as instruments. I
also conducted CM tests where x, included a constant and lagged values of RR, R, _¢, Rp;v,
and R,_jp. To check the specification for the Qy, 1, , I conducted CM tests on El(ehgy ,41)* —
Qsm sm,: 1%, =0, Ellehcp ;o D? = Qcpcp,e 1x,) =0, and Elehcp, (i1ehsy i1 —
Qcp sy ¢ 1%,] = 0.1 also tested whether E[u; ,. 4 .1 1%,] = 0 for i # j. None of the robust test
statistics were significant at the 5 percent level.

13 These statistics reflect the fact that R, ;v is a very good instrument for predicting excess
bill returns. This is hard for the model to explain, because the betas and Rp;y do not appear
closely related. The CM tests support the beta specifications in equation (11) that omit Rp;y.

4 Interestingly, Braun, Nelson, and Sunier (1990) were unable to find any evidence of leverage
effects in the returns to industry portfolios. They conjecture that by aggregating to the industry
level they miss the asymmetric response of conditional betas of individual firms to good and bad
news. Here the use of size deciles appears to have avoided the problem, at least for the smaller
deciles. Kothari and Shanken (1992) find that betas of return-ranked portfolios vary with
unexpected market returns. These findings appear broadly consistent with the effects of ehgy, ,
on the betas estimated here.
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For the returns on the larger stock deciles (i = ST8, and ST10), the stock
market betas are closer to one on average, and the corporate bond betas are
closer to zero. These betas show much less sample variability.

In the bill and bond equations the average stock market betas are smaller
than the average corporate bond betas and less variable. Both betas in the
two-month bill equations have sample means and standard deviations close
to zero. As the estimated model was unable to capture all the predictable
variation in the returns to two-month bills, these statistics suggest that there
may be some other factor missing from the choice of benchmark, or, as Evans
and Lewis (1994, 1992) argue, that some of the predictable movements in
excess two-month bill returns are unrelated to risk.

Columns 3 to 5 and 8 to 10 of Table IV examine how variations in the
conditional betas are related to the estimated risk premia and measures of
aggregate and asset-specific risk. Column 3 shows that for most equations the
stock market betas are negatively correlated with the stock market premia,
E,hgy, ;.1 By contrast, column 8 shows that, generally, the corporate bond
betas are positively correlated with the risk premia, E,A¢p ,, ;. Columns 4, 5,
9, and 10 show how variations in the betas are associated with movements in
asset-specific risk measured by (2; , and aggregate risk measured by Qg sy
and Q¢p cp,,- None of the correlations are particularly large except those
between Qg gy, and B; gy, , in the stock equations. Column 11 reports the
sum of the covariances between the betas and risk premia,
cov( B; su. 1> B hgy 1+1) + cov(B; cp 1» E;hcp, +1), where the risk premia are
expressed in annual percent. This term provides us with a measure of the
total interaction effect between changes in the betas and changes in the risk
premia. The table shows that the interaction effects are largest in the small
firm equations, a result consistent with Ferson and Harvey (1991).

There is some evidence that the betas in the equations for smaller deciles
(i = ST1, ST3, and ST5) vary over the business cycle. The stock market betas
appear mildly pro-cyclical. For the 1st decile stocks, the mean change in the
beta during booms is estimated to be 0.048 per year with a standard error of
0.012, and —0.143 with a standard error of 0.087 during recessions. By
contrast, the corporate bond betas tend to move counter-cyclically. During
booms, the mean change in the 1st decile beta is estimated to be —0.031 per
year with a standard error of 0.009. During recessions, the estimated mean
change is 0.049 with a standard error of 0.051.'°

51 obtain similar results for the betas in equations i = ST3 and ST5. The estimates are
obtained from @, and a, in the regression

Bi =aotd, + a;t(1 —d,) + Y12, b;d, + &

where d, = 1 from trough to peak (as determined by the National Bureau of Economic Research)
and zero otherwise. d, are also dummy variables that take the value of zero except in regime j,
where the regimes are defined by the 10 booms and recessions in the sample. I allow for serial
correlation (an MA(3) process) and heteroskedasticity in the residuals, £,, when calculating the
standard errors.
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B. Sources of Predictability

In principle, variations in expected asset returns may be due to changing
risk premia, betas, or both. To investigate how much of the predictable
changes in excess returns can be attributed to these different sources, Table
V reports the following variance ratios:

_ Var(B, . E/h,, ) B Var(Pr(r; ;1 = By, By 1X,))
' Var(Pr(r; .., 1x,))’ 2 Var(Pr(r; ,,,1x,)) ’
(12a)
_ Var(Br.SM,tEthSM,t+l) _ Var(Br,CB,tEthCB,t-‘rl) (12b)
8 Var(Pr(r; ,.,1x,)) 4 Var(Pr(r; ,,,1x,)) ~’
Var(B, , ;h) Var(BE,h, )
R, Ben,: BEh,, (12¢)

- Var(Pr(r, ,,,1x,))’ 6~ Var(Pr(r; ,.,1x,))’

where; Pr(r; ,,,1x,) is the projection estimate of expected excess returns
found by regressing r; ,,, on instruments x, over the whole sample, Pr(r; ,, ,
— Brn B/, 1x,)is a similar projection estimate of the predictable compo-
nents in excess returns not captured by the ICAPM, B, ,Eh,,, is the
expected excess return implied by the estimates of the ICAPM, B, ,, ;h is the
predicted value from a regression of the excess return r; ,,; on a constant
and the two betas, and B E,h,, ; is predicted value from a regression of r; ,, ;
on a constant and the two risk premia.'® Notice that B, ,, ;h and BE,h,, , are
effectively the predicted returns from constant premia and constant beta
models.

The ratios calculated from the maximum likelihood estimates are shown in
the top row of each cell in Table V. The second row in each cell reports the
value of the ratio we should expect to see if the ICAPM held true. These
statistics are calculated from Monte Carlo experiments that assume excess
returns obey the restrictions imposed by the estimated specifications of the
ICAPM.'” The bottom row of each cell reports the relative frequency with

16 The instruments x, were chosen as the only statistically significant regressors (allowing for
heteroskedasticity) in the regressions of excess returns r;,,; on a constant and all the
instruments. For all the stock returns I include Rp;y ,, Ra_p ;s Ri_6 > Tipa,.- In addition, for
i = ST1 ST3 and ST5, I include rg,, , and Jan,, ;. For the bond and bill returns I used Rp;y ;,
rtbl (and Ry _¢ ;.

For each experiment, I randomly drew a new parameter vector from the robust asymptotic
distribution of the maximum likelihood estimates. With these new parameter values, I use the
estimated risk premia to recursively generate a sample of realized and expected excess returns
equal to the size of the actual data sample. Then, I ran regressions using actual data for the
instruments x, and generated data for returns and the betas to calculate the six ratios. The
mean values of each ratio calculated from the 500 experiments are reported'in the second row of
each cell. These experiments assume that the estimated risk premia are equal to the true risk
premia. Other experiments allowing for sampling variation in the estimated risk premia give
similar results and are reported in Evans (1992).
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which Monte Carlo experiments produced a ratio that was less than the value
found in the actual data.

The ratios R, and R, reported in Table V show that both ICAPM specifica-
tions explain sizable proportions of the predictable variations in the common
stock and long-term bond returns. In the equations for the larger stock
deciles (i = ST5, ST8, and ST10), the R, ratios are close to one, and their
complements, the R, ratios, are close to zero. In the other stock equations,
the R, ratios are lower and fall into the left-hand tail of the distributions.
Thus, the model appears more successful in “explaining” the predictable
variations in returns on the larger stock deciles than the smaller stock
deciles. This can be partially attributable to the “January effect,” which the
model finds hard to explain. When the January dummy is excluded from the
instruments used to calculate the projections, the R, ratios are higher and
the R, ratios are lower.

While the estimates of R, indicate that the ICAPM accounts for between
50 percent and 80 percent of the predictable variations in bond returns, the
models are much less successful in explaining the predictable variation in the
bill returns. The R, ratio implies that only 5 to 8 percent of predictable
variations in two-month bill returns are captured by the ICAPM specification.
It is very unlikely that these low ratios could be observed by charnce, since
they fall well into the left-hand tail of the Monte Carlo distributions. The R,
ratios also show that the ICAPM specifications capture more than 40 percent
of the predictable variations in six-month returns. The Monte Carlo experi-
ments indicate that this ratio could be quite easily observed by chance.

The ratios R; and R, show that risks associated with the stock market
contribute most to the predictable variation in stock decile returns and the
risk associated with corporate bonds contribute most to the predictability of
bill and bond returns. In the stock decile equations, the estimates of R are a
good deal larger than the estimates of R, while the reverse is true in the bill
and bond equations.

The estimated R; and R4 ratios show that most of the predictable varia-
tion in excess returns can be attributed to the risk premia rather than the
betas. With the exception of the two-month bill equations, the estimates of R,
are a good deal larger than the estimates of R;. They indicate that move-
ments in the risk premia account for over 90 percent of the predictable
variations in five of the excess returns. Thus, while the model estimates
suggest that leverage contributes to the variations in the conditional betas,
there is no evidence that leverage effects materially contribute to the pre-
dictability of the excess returns included in this study. There is also no
evidence that heteroskedasticity contributes very much to the predictability
of returns through variations in the betas. This suggests, in accordance with
the findings of Ferson and Harvey (1991), that models with constant betas
may approximate the behavior of expected returns reasonably well. So if
conditional heteroskedasticity plays a major role in the determination of
expected returns, it must be through the risk premia.
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V. Summary

This article presents a new econometric specification for the ICAPM to
examine the behavior of expected returns on stocks, bills, and bonds. Unlike
earlier multiple beta models, the conditional betas are identified from the
time-varying conditional covariance matrix of returns. Overall, the model
estimates appear to support a specification for the ICAPM that includes two
hedge portfolios.

The model estimates show that asset-specific shocks significantly affect
both betas in the equations for smaller stock deciles. These results are
consistent with the “leverage effects” that Chan (1988) and Ball and Kothari
(1989) find when studying individual stock betas in the context of the CAPM.
The estimates also show that the covariance structure of returns determines
the influence of different risk premia on individual excess returns. On
average, the risk premia associated with interest rate risk appear to have the
strongest effect on expected bill and bond returns, while the expected returns
on the stock deciles are most strongly influenced by the risk premium
associated with the stock market. Although there are variations in the betas,
changes in risk contribute relatively little to the predictable variation in
returns through the betas. Instead, the primary source of predictability can
be traced to variations in the risk premia. Future research should therefore
concentrate on the forces driving the risk premia if we wish to gain a fuller
understanding of the co-movements in expected returns.

Appendix
Robust Standard Errors

Stage (i1) of the estimation procedure assumes that the forecast errors are
drawn from a multivariate normal distribution. If this assumption is incor-
rect, Bollerslev and Wooldridge (1989) show that the parameter estimates
continue to be consistent and asymptotically normal provided that the condi-
tional means and covariances are correctly specified. Under these circum-
stances, they show that an estimate of the covariance matrix for b,, VOV,
can be obtained as T~ 1(h,;) '8, (h,)"' where S; is the sample score matrix,
h, = T7'Y7_, h (&;) for sample size T, and

ht(‘i’T) = V¢m(t;(’f)T)'Q(t;(’f)T)—IV‘ﬁm(t;(i)T)
1 N o - PO A
+S%0(5 ) [(68r) 8 (65 dr) | Vo0t 1),

m(¢; ;) is the estimated conditional mean of Y,,; (the k& + g-vector of
returns in the model). Q(¢; ¢T) is the estimated conditional covariance
matrix of returns at ¢. V, m(¢; &) is the gradient of m(¢; &) with respect to
¢, and V,Q(¢; ) is the gradient of vec(Q(¢; &) with respect to ¢. The
robust standard errors reported in Tables III and V are derived from VCV;,.
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Robust Conditional Moment Tests

Wooldridge (1990) shows how to calculate conditional moment test statis-
tics that are robust to departures from the distributional assumptions that
are not being tested (i.e., normality in the present context).

The general method is as follows: Let II(¢) = [7(¢),.. w(¢)... wg(¢)]’ be a
S-dimensional vector of moments with E[#7(¢)|x,] =0 V s under the null
hypothesis of a correct specification where x, is a g-dimensional vector of
conditioning variables. T'o implement Wooldridge’s procedure we need to
construct the sequence of gradient matrices W(¢) = V,II(¢) (evaluated at the
parameter estimates (bT) S X S weighting matrices C(t) and S X g indica-
tor matrices A(t), with each row equal to x,. Next, the matrix regression of
C()V2A(t) on C(t)¥2W(¢) is run for ¢ = 1 to T and the residuals saved as
u(z). Then, a 7' X 1 vector of ones is regressed on II(¢)'u(¢) for ¢ =1 to T.
Wooldridge shows that T' minus the sum of the squared residuals in this
regression is asymptotically y? with g degrees of freedom.

The weighting matrices used to test each conditional moment are tabulated
below:

Moment being tested T1(¢) Weighting matrix C(¢)
ert t+1 (Qz i, t)
(ert t+ 1) (‘Qu,u,t + Bi,t‘Q’h,h,tBi,t) (‘QL i, t) 2
er; rv1€hsu i1 = Bism, Qs sm, e Qi,l,t Qsu, s, )
er; .1ehep i1 — Bics,:Qcs,cB,: Q. Qcpep )"
er; sv1ehsum i1 — Bism, t(ehSM z+1)2 (‘Qi,i,t Qs sm, )
er; s 1eheg i1 — Bism, t(ehCB )’ Q. Qcpep,)!

Robust LM Tests

Robust LM tests are calculated along very much the same lines as robust
conditional moment tests. Let IT(¢) = [m(¢; (’f)T)’ vec(Q(¢; ;)] be the vector
of conditional mean and variance functions. The LM tests requires the
construction W, = V,TI(¢) the matrix of gradients when the restrictions on
the parameter vector ¢ are not imposed, and A, = V,II(¢), the matrix of
gradients where they are. Both matrices are evaluated at the restricted
parameter estimates. We also need to form the vector of “errors” m(t) =
le,, |, vec(e,, €,,, —Q(t; &;))]. Next, the matrix regression of C(¢)*/2A(¢)
on C(¢)"'/2W(¢)is run for t = 1 to T and the residuals saved as u(t). Then, a
T X 1 vector of ones is regressed on (C(¢)"1/%n(¢t))u(t) for t =1 to T.
Wooldridge shows that T minus the sum of the squared residuals in this
regression is asymptotically x? with g degrees of freedom where g is the
number of restrictions on ¢ being tested. He suggests that the welghtmg
matrix C(¢)~! is set equal to a block diagonal matrix with Q(¢; ¢T) , and
1, Q(t; dr) ' ® Q(t;dp) 7" in the diagonal blocks.
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