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ABSTRACT

Most empirical studies of the static CAPM assume that betas remain constant over time and that
the return on the value-weighted portfolio of all stocks is a proxy for the return on aggregate wealth.
The general consensus is that the static CAPM is unable to explain satisfactorily the cross-section
of average returns on stocks. We assume that the CAPM holds in a conditional sense, i.e., betas and
the market risk premium vary over time. We include the return on human capital when measuring
the return on aggregate wealth. Our specification performs well in explaining the cross-section of
average returns.
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A substantia.l part of the research effort in finance is directed toward improving our understanding of
how investors value risky cash flows. It is generally agreed that investors demand a higher expected
return for investment in riskier projects, or securities. However, we still do not fully understand how
investors assess the risk of the cash flow on a project and how they determine what risk premium
to demand. Several capital asset-pricing models have been suggested in the literature that describe
how investors assess risk and value risky cash flows. Among them, the Sharpe-Lintner-Black Capital
Asset Pricing Model (CAPM)! is the one that financial managers use most often for assessing the
risk of the cash flow from a project and for arriving at the appropriate discount rate to use in
valuing the project. According to the CAPM, (a) the risk of a project is measured by the beta of
the cash flow with respect to the return on the market portfolio of all assets in the economy, and
(b) the relafion between required expected return and beta is linear.

Over the past two decades a number of studies have empirically examined the performance of
the static version of the CAPM in explaining the cross-section of realized average returns. The
results reported in these studies support the view that it is possible to construct a set of portfolios
such that the static CAPM is unable to explain the cross-sectional variation in average returns
among them.? In particular, portfolios containing stocks with relatively small capitalization appear
to earn higher returns on average than those predicted by the CAPM.3

In spite of the lack of empirical support, the CAPM is still the preferred model for classroom
use in MBA and other managerial finance courses. In a way it reminds us of cartoon characters
like Wile E. Coyote who have the ability to come back to original shape after being blown to pieces
or hammered out of shape. Maybe the CAPM survives because (a) the empirical support for other
asset-pricing models is no better,* (b) the theory behind the CAPM has an intuitive appeal that
other models lack, and (c) the economic importance of the empirical evidence against the CAPM
reported in empirical studies is ambiguous.

In their widely cited study, Fama and French (1992) present evidence suggesting that the
inability of the static CAPM to explain the cross-section of average returns that has been reported
in the literature may be economically important. Using return data on a large collection of assets,
they examine the static version of the CAPM and find that the “relation between market beta and

average return is flat.”® The CAPM is widely viewed as one of the two or three major contributions



of academic research to financial managers during the postwar era. As Fama and French point out,
the robustness of the size effect and the absence of a relation between beta and average return are
so contrary to the CAPM that they shake the foundations on which MBA and other managerial

course materials in finance are built.

The CAPM was derived by examining the behavior of investors in a hypothetical model-economy
in which they live for only one period. In the real world investors live for many periods. Therefore,
in the empirical examination of the CAPM, using data from the real world, it is necessary to
make certain assumptions. One of the commonly made assumptions is that the betas of the assets
remain constant over time. In our view, this is not a particularly reasonable assumption since the
relative risk of a firm’s cash flow is likely to vary over the business cycle. During a recession, for
example, financial leverage of firms in relatively poor shape may increase sharply relative to other
firms, causing their stock betas to rise. Also, to the extent that the business cycle is induced by
technology or taste shocks, the relative share of different sectors in the economy fluctuates, inducing
fluctuations in the betas of firms in these sectors. Hence, betas and expected returns will in general
depend on the nature of the information available at any given point in time and vary over time. In
this study, therefore, we assume that the conditional version of the CAPM holds, i.e., the expected
return on an asset based on the information available at any given point in time is linear in its
conditional beta.

Though several researchers have empirically examined the conditional version of the CAPM, no
one to our knowledge has directly studied the ability of the conditional CAPM to explain the cross-
sectional variation in average returns on a lafge collection of stock portfolios. The focus of our paper
is to fill this gap in the literature. For this purpose, we first derive the unconditional model implied
by the conditional CAPM. We show that when the conditional version of the CAPM holds (i.e.,
when betas and expected returns are allowed to vary over the business cycle), a two-factor model
obtains unconditionally. Average returns are jointly linear in the average beta and in a measure of
“beta instability,” which we show how to calculate. The fact that the implied unconditional model
nests the static CAPM facilitates direct compafison of their relative performance.

Using the value-weighted index from CRSP as the market portfolio, we find that the uncon-

ditional model implied by the conditional CAPM explains nearly 30 percent of the cross-sectional



variation in average returns of the 100 stock portfolios that are similar to those used in Fama and
French (1992). This is a substantial improvement when compared to the 1 percent explained by
the static CAPM. The rejection by the data and the size effect are much weaker than those for the
static CAPM.

In order to implement the CAPM, for practical puri)oses, it is commonly assumed that the
return on the value-weighted portfolio of all stocks listed on NYSE and AMEX (as well as those
traded on Nasdaq) is a reasonable proxy for the return on the market portfolio of all assets. In view
of this, another possible interpretation of the evidence is that the particular proxy Fama and French
(1992) use for the return on the market portfolio of all assets is a major cause for the unsatisfactory
performance of the CAPM. Hence, in measuring the return on aggregate wealth, we follow Mayers
(1972) and include a measure of return on human capital. We find that when human capital is also
included in measuring wealth, the unconditional model implied by the conditional CAPM is able
to explain over 50 percent of the cross-sectional variation in average returns, and the data fail to
reject the model. More importantly, size and book-to-market variables have little ability to explain
what is left unexplained.

The rest of the paper is organized as follows: In Section I, we show that when the CAPM holds
in a conditional sense (i.e., expected returns and betas vary over time in a systematic stochastic
manner), unconditional expected returns on assets will be linear in (a) the average beta and (b) a
measure of beta instability over time. When betas remain constant over time, this model collapses
to the familiar static CAPM. In Section II, we show how to examine this model empirically. Section

III describes the data and presents the empirical results. We draw our conclusions in Section IV.

I Models for the Expected Stock Returns

A The Sharpe-Lintner-Black (Static) CAPM

Let R; denote the return on any asset 7 and R,, be the return on the market portfolio of all assets

in the economy. The Black (1972) version of the CAPM is

E[R;] = Y0 +1Bi , (1)



where (3; is defined as

B = Cov(Ri, Rom)/Var[Bum] ,

and E[] denotes the expectation, Cov(-) denotes the covariance, and Var[-] denotes the variance.
In their widely cited study, Fama and French (1992) empirically examine the CAPM given
above and find that the estimated value of -y; is close to zero. They interpret the “flat” relation

between average return and beta as strong evidence against the CAPM.

While a “flat” relation between average return (the sample analog of the unconditional expected
return) may be evidence against the static CAPM, it is not necessarily evidence against the con-
ditional CAPM. The CAPM was developed within the framework of a hypothetical single-period
model economy. The real world, however, is dynamic and hence, as pointed out earlier, expected
returns and betas are likely to vary over time. Even when expected returns are linear in betas for
every time period, based on the information available at the time, the relation between the un-
conditional expected return and the unconditional beta could be “flat.”® The following example
illustrates this point.

Consider a hypothetical economy in which the CAPM holds period by period. Suppose that
the econometrician considers only two stocks and that there are only two bossible types of dates
in the world. The betas of the first stock in the two date-types are, respectively, 0.5 and 1.25
(corresponding to an average beta of 0.875). The corresponding betas of the second stock are 1.5
and 0.75 (corresponding to an average beta of 1.125). Suppose that the expected risk premium
on the market is 10 percent on the first date and 20 percent on the second date. Then, if the
CAPM holds in each period, the expected risk premium on the first stock will be 5 percent on
the first date and 25 percent on the second date. The expected risk premium on the second stock
will be 15 percent on both dates. Hence, an econometrician who ignores the fact that betas and
risk premiums vary over time will mistakenly conclude that the CAPM does not hold, since the
two stocks earn an average risk premium of 15 percent, but their average betas differ. While the
numbers we use in this example are rather extreme and unrealistic, they do illustrate the pitfalls

involved in any empirical study of the CAPM that ignores time variation in betas.

The need to take time variation in betas into account is also demonstrated by the commercial

success of firms like BARRA, which provide beta estimates for risk management and valuation



purposes, using elaborate time-series models. Several empirical studies of beta-pricing models
reported in the literature find that betas exhibit statistically significant variability over time.”
Moreover, in empirical studies that examine the reaction of stock prices to certain events (referred
to as “event studies” in the financial economics literature), it has become common practice to
allow for time variations in betas, following Mandelker (1974). Hence, the inconclusive nature
of the empirical evidence for the static CAPM may well be due to systematic stochastic changes
affecting the environment that generates returns, as pointed out by Black (1993) and Chan and
Lakonishok (1993).

In the next section, we will therefore assume that the CAPM holds in a conditional sense, i.e.,
it holds at every point in time, based on whatever information is available at that instant. We

will then derive an unconditional asset-pricing model starting from the conditional version of the

CAPM.

B The Conditional CAPM

We use the subscript ¢ to indicate the relevant time period. For example, R;; denotes the gross
(one plus the rate of) return on asset ¢ in period ¢, and Ry the gross return on the aggregate
wealth portfolio of all assets in the economy in period t. We refer to R,; as the market return.
Let I;_{ denote the common information set of the investors at the end of period { — 1. We assume
that all the time series in this paper are covariance stationary and that all the conditional and
unconditional moments that we use in the paper exist.

Risk-averse rational investors living in a dynamic economy will typically anticipate and hedge
_against the possibility that investment opportunities in the future may change adversely. Because
of this hedging need that arises in a dynamic economy, the conditionally expected return on an
asset will typically be jointly linear in the conditional market beta and “hedge portfolio betas.”®

However, following Merton (1980), we will assume that the hedging motives are not sufficiently

important, and hence the CAPM will hold in a conditional sense as given below.

The Conditional CAPM: For each asset i and in each period t,

E[Rit|I;—1] = vot—1 + 11t-1Bit—1 » (2)



where Bi_1 18 the conditional beta of asset i defined as

Bit—1 = Cov(Rit, Rmt|Is—1)/Var(Rme|Ii—1) (3)

Yot—1 iS the conditional ezpected return on a “zero-beta” porifolio, and vii—1 is the conditional

market risk premium.

Since our aim is to explain the cross-sectional variations in the unconditional expected return

on different assets, we take the unconditional expectation of both sides of equation (2) to get

E[Rit] = Yo + 118i + Cov(v1t-1, Bit-1) » (4)

where
¥ =Efyot-1] 1 =Elni] B = EBu-1] -

Here, 7, is the expected market risk premium, and 3; is the expected beta.? If the covariance
between the conditional beta of asset 7 and the conditional market risk premium is zero (or a linear
function of the expected beta) for every arbitrarily chosen asset 7, then equation (4) resembles
the static CAPM, i.e., the expected return is a linear function of the expected beta. However, in
general, the conditional risk premium on the market and conditional betas are correlated. During
bad economic times when the expected market risk premium is relatively high, firms on the “fringe”
and more leveraged firms are more likely to face financial difficulties and thus have higher conditional
betas. If the uncertainty associated with future growth opportunities is the cause for the higher
beta of firms on the “fringe,” then their conditional betas will be relatively low during bad economic
times, resulting in natural perverse market timing. This is because during bad times the uncertainty
as well as the value of future growth opportunities is reduced, and this effect may more than offset
the effect of increased leverage.

In fact, we know from earlier studies that the expected risk premium on the market as well as
conditional betas are not constant (Keim and Stambaugh (1986), Breen, Glosten and Jagannathan
(1989)), and vary over the business cycle (Fama and French (1989), Chen (1991), and Ferson and
Harvey (1991)). Therefore, in general the last term in equation (4) is not zero, and the unconditional

expected return is not a linear function of the expected beta alone.

Notice that the last term in equation (4) depends only on the part of the conditional beta that is

in the linear span of the market risk premium. This motivates us to decompose the conditional beta



of any asset ¢ into two orthogonal components by projecting the conditional beta on the market
risk premium. For each asset ¢, we define the beta-prem sensitivity (denoted by ¥;) and residual

beta (denoted by 7;:—1) as follows:
¥y = Cov(Bit—1,71t-1)/Var(vi-1) (5)
Nit—1 = Bir-1 — Bi — Bi(v1t-1 — M) . (6)

In the above expression, beta-prem sensitivity ¥; measures the sensitivity of conditional beta to

the market risk premium. It can be verified that, for each asset i, we have

Bit—1 = Bi + Fi(Vie—1 — 71) + Nit—1, (7)
E[ni-1] =0, (8)
Eni—17it-1] =0 . (9)

Equation (7) decomposes each conditional beta (which is a random variable) into three orthogonal
parts. The first part is the expected beta, which is a constant. The second part is a random variable
that is perfectly correlated with the market risk premium. The last part is on average zero and

uncorrelated with the market risk premium.

C Implications for Unconditional Expected Returns
Substituting (7) into (4) gives
E[Rit] = vo + 1B + Var(yiz—1)9; - (10)

Hence, cross-sectionally, the unconditional expected return on any asset ¢ is a linear function of its
expected beta and,its beta-prem sensitivity. The larger this sensitivity, the larger is the variability
of the above second part of the conditional beta. In this sense, the beta-prem sensitivity of an asset
measures the instability of the asset’s beta over the business cycle. Stocks with higher expected
betas have higher unconditional expected returns. Likewise, stocks with betas that are prone to vary
with the market risk premium and hence are less stable over the business cycle also have higher
unconditional expected returns. Hence, the one-factor conditional CAPM leads to a two-factor

model for unconditional expected returns.



A complete test of the conditional CAPM specification given in (2) requires estimation of
expected beta f; and beta-prem sensitivity ¥; given in (10) as well as other parameters. This
requires additional restrictive assumptions regarding the nature of the stochastic process governing
the joint temporal evolution of conditional market betas and the conditional market risk premium.*°
However, our objective is to examine whether the unconditional expected returns are consistent
with the conditional CAPM. Because of the limited scope of our study, we can get by with somewhat
less restrictive assumptions.

It can be seen from equation (10) that the residual betas do not affect the unconditional expected
return. So, when considering unconditional returns, we can ignore 7;;:—; and concentrate on the
first two parts of each conditional beta. Since we cannot estimate ¥; and &;, we look directly at

how the stock returns react to the market return on average and how they respond to the changes

of the market risk premium. This leads us to define the following two types of unconditional betas:

Bi Cov(Rit, Rns) /Var(Rmi) , (11)
B} = Cov(Rit,71e-1)/Var(yie—1) - (12)

il

We refer to the first unconditional beta as the market beta and the second as the premium beta.
They measure the average market risk and beta-instability risk, respectively.

In Appendix A, we show that under rather mild assumptions, the unconditional expected return
is a linear function of the above two unconditional betas. This is summarized as the following

theorem:

Theorem 1 If A7 is not a linear function of B;, then there are some constants ag, a1, and ag such

that the equation
E[Ri] = ag + a16; + a0} (13)
holds for every asset 1.

The two-beta model presented here is not a special case of the multi-beta capital asset-pricing
models commonly seen in finance literature. For example, according to the general equilibrium
multi-beta model of Merton (1973), the conditionally expected return is linear in several conditional

betas, one of which is the market beta. In contrast, we assume that the conditionally expected



return is linear in the conditional market beta alone. From this, we show that the unconditional
expected return is linear in the market beta and the premium beta. Also, there are several important
differences between the two-beta model given above and the two-beta version of the linear factor
‘models that owe their origins to the model first proposed by Ross (1976). First, we do not assume
that returns have a linear factor structure as is commonly assumed in linear factor models. Second,

~1t~1 is a predetermined variable and is not a factor in the sense commonly understood.

II Econometric Specifications and Tests

A Empirical Specifications

The model given in equation (13) forms the basis for our empirical work. In order to empirically
examine whether equation (13) can explain the cross-section of expected returns on stocks, we need
some further assumptions to estimate the model using time-series data. First, we need observations
on the conditional market risk premium «i;; for computing 37. Since the conditional market risk
premium depends on the nature of the information available to the investors and how they make
use of it, we have to take a stand on the information set for investors. Second, the return on the
aggregate wealth portfolio of all assets in the economy is not observable. Hence, we need to use a

proxy for R,,: as well. We discuss these issues in the rest of this subsection.

1. The Proxy for the Conditional Market Risk Premium, ;1

There is a general agreement in the literature that stock prices vary over the business cycle. Hence,
one may suspect that the market risk premium will also vary over the business cycle.!! This
observation suggests making use of the same variables that help predict the business cycle for
forecasting the market risk premium as well.

While a number of variables may help predict future economic conditions, we need to restrict
attention to a small number of such variables in order to ensure that we are able to estimate the
parameters of interest with some degree of precision. For convenience, we have decided to restrict
our attention to only one forecasting variable in this study. In order to determine which variable we
should pick, we examined the literature on business-cycle forecasting. Our reading of this literature

suggests that, in general, interest-rate variables are likely to be most helpful in predicting future



business conditions. Stock and Watson (1989) examine several variables and find that the spread
between six-month commercial paper and six-month Treasury Bill rates and the spread between
ten- and one-year Treasury Bond rates both outperform nearly every other variable as a forecaster
of the business cycle. Bernanke (1990), who runs a “horse race” between a number of interest-rate
variables, finds that the best single variable is the spread between the commercial paper rate and
Treasury Bill rate first used by Stock and Watson.

Based on these findings, we choose the yield spread between BAA- and AAA-rated bonds,
denoted by RI'", as a proxy for the market risk premium. The variable R{"}" is similar to the

spread between commercial paper and the Treasury Bill rates, but it has been used extensively in

finance. In addition, we also assume that the market risk premium is a linear function of R} ",

ie.,
Assumption 1 There are some constants kg, k1 such that
Yit-1 = Ko + K1 R . (14)
For each asset ¢, we define prem-beta as
BI™™ = Cov(Ru, RYIT")/Var(R{T") . (15)

Under Assumption 1, the expected return is linear in its prem-beta and its market beta. To see
this, we can substitute (14) into (12) and make use of (15) and Theorem 1 to obtain the following

corollary:

Corollary 1 Suppose that 8] is not a linear function of B; and that Assumption 1 holds, then

there are some constants co, Cm, and Cprem Such that the equation
E[Rit] =cy+ Cmﬂi + Cpremﬁfmm (16)
holds for every asset i.

2. The Proxy for the Return on the Wealth Portfolio, R,

In empirical studies of the CAPM it is commonly assumed that the return on the value-weighted

portfolio of all stocks traded in the United States is a good proxy for the return on the portfolio of

10



the aggregate wealth. Let R/" denote the return on the value-weighted stock indez portfolio. The
implicit assumption is that the market return is a linear function of the stock index, i.e., there are

some constants ¢g and ¢yvw such that
Ryt = do+ pwwRYY . (17)
Let us define the vw-beta as
B™ = Cov(Ry, R{™) /Var(R;™) . (18)

Suppose that the static CAPM in equation (1) holds unconditionally as well. In this case, we
can substitute (17) into equation (11) and use equation (18) and the static CAPM to obtain the

following linear relation between the unconditional expected return and the vw-beta:
E[Rit] =cg + vaﬂ'yw 3 (19)

where ¢g and ¢y are some constants.

This is the specification that is commonly used in empirical studies of the static CAPM. Hence,
tests of the CAPM based on this specification can be interpreted as a joint test of two hypotheses:
(i) the static CAPM holds, and (ii) the market return is a linear function of the stock index return.
Consequently, the results of these investigations are open to various interpretations. In particular,
the reason for the empirical rejections of equation (19) may be that the static CAPM does not hold.
Alternatively, it may also be the case that the static CAPM holds, but the return on the stock
index portfolio is a poor proxy for the return on the aggregate wealth. Roll (1977) makes a related
observation that the market portfolio is not observable. It is possible that the value-weighted index
of stocks is a poor proxy for the portfolio of the aggregate wealth; hence, this might be the reason
for the poor performance of the CAPM under empirical examination. In fact, Mayers (1972) points
out that human capital forms a substantial part of the total capital in the economy. Following
Mayers’ suggestion, we therefore consider extending the proxy for the market return to include a
measure of return on human capital.

To appreciate the need for examining other proxies for systematic risk, note that stocks form
only a small part of the aggregate wealth. The monthly per capita income in the United States

from dividends during the period 1959:1 — 1992:12 was less than 3 percent of the monthly personal

11



income from all sources, whereas income from salaries and wages was about 63 percent during the
same period. While these income flows ignore capital gains, these proportions remained relatively
steady during this period.? This suggests that common stocks of all corporations constitute about
a thirtieth of national income and probably national wealth as well. Another way to see this is as
follows: As Diaz-Gimenez et al. (1992) point out, almost two-thirds of non-government tangible
assets are owned by the household sector, and only one-third is owned by the corporate sector (p.
536, op. cit.). Approximately a third of the corporate assets are financed by equity (see Table 2,
op. cit.). Hence, it appears that the return on stocks alone is unlikely to measure the return on

aggregate wealth sufficiently accurately.

Apparently, the observation that stocks form only a small part of the total wealth is what
motivated Stambaugh (1981 and1982) to examine the tests for sensitivity of the CAPM to different
proxies for the market portfolio. In his seminal comparative study of the various market proxies,
he finds that “even when stocks represent only 10 percent of the portfolio value, inferences al;out
the CAPM are virtually identical to those obtained with a stock-only portfolio.” However, he does
not consider the return on human capital in his otherwise extensive study.

The commonly held view appears to be that human capital is not tradable and hence should be
treated differently from other capital (see Mayers (1972)). This view is not entirely justified. First,
note that mortgage loans, which are in most cases borrowing against future income, constitute
about a third of all outstanding loans. At the end of 1986 the total market value of equities held by
the households category was 0.80 GNP, whereas the outstanding stock of mortgages (0.60 GNP),
consumer credit (0.16 GNP), and bank loans to the household sector (0.04 GNP) also amounted
to 0.80 GNP (Table 4, Diaz-Gimenez et al. (1992)). Second, active insurance markets exist for
hedging the risk in buman capital. Examples include life insurance, unemployment insurance, and
medical insurance. Hence, it does not appear inappropriate, as a first approximation, to take the
view that human capital is just like any other form of physical capital, cash flows from which are

traded through issuance of financial assets.

There is, however, an important difference between human capital and other physical assets
owned by corporations. Typically, the entire cash flow that arises from the use of the physical

assets employed by firms is promised away by issuing financial securities. This is not the case with

12



human capital, where only a portion of the labor income is secured by issuing mortgages. Also, in
contrast to stocks, which are the residual claimants in the firm, the cash flow from labor income
promised to mortgages comes from the top. Hence, factors that affect the return on human capital
cannot be identified precisely enough by examining returns on financial assets like mortgages. We
therefore follow a different strategy in measuring the return on human capital.

We assume that the return on human capital is an exact linear function of the growth rate in
per capita labor income. While the use of the growth rate in per capita labor income is rather
ad hoc, we can provide some rationale for using it. For example, suppose that, to a first order of
approximation, the expected rate of return on human capital is a constant r, and that date-¢ per

capita labor income L; follows an autoregressive process of the form
Li=(14g)Le1 + e -

In such a case, the realized capital-gain part of the rate of return on human capital (not corrected
for additional investment in human capital made during the period) will be the realized growth
rate in per capita labor income. To see this, note that under these assumptions, wealth due to

human capital is

Wt = Lt .
r—g
The rate of change in wealth is then given by
Ly — Ly
R]a.bor — .
¢ L,

Fama and Schwert (1977) arrive at a similar measure based on different lines of reasoning. Following
the inter-temporal asset-pricing model, Campbell derives a measure for the return on human capital
which is the above current growth rate of labor income, plus a term that depends on expected future
growth rates of labor income and expected future asset returns (see equation (3.3) in Campbell
(1993b)). If both the forecastable part of the growth rates of labor income and the forecastable
part of the returns on assets are not important, the term added to the above current growth rate
of labor income will be very small. In this case, Campbell’s measure and Fama-Schwert’s measure
for the return on human capital are approximately the same (see Campbell (1993b) for details).
Motivated by these observations, we make the simple ad hoc assumption that the return on human

capital is a linear function of the growth rate in per capita labor income.

13



It is possible that even when stocks constitute only a small fraction of total wealth, the stock-
index portfolio return could well be an excellent proxy for the return on the portfolio of the aggregate
wealth.!3 However, to allow for the possibility that this may not be the case, in our empirical work
we consider the following proxy that incorporates a measure of the return on human capital. Let
RI2%° denote the growth rate in per capita labor income, which proxies for the return on human

capital. We assume that the market return is a linear function of RY™ and Ri2b%", i.e.,
Assumption 2 There are some constants ¢g, Gy, and Pupor such that
Rt = o + uwRY” + Glabor R . (20)
Let us define the labor-beta as
269 — Coy(Rys, RIP0T) /Var(REDOT | (21)
Then, by substituting (20) into (11), it follows from (18) and (21) that

/Bi = vwﬁz‘:rw + bla,borﬁ:'abor . (22)

Under Assumptions 1 and 2, the unconditional expected return on any asset is a linear function
of its vw-beta, prem-beta and labor-beta. This can be seen by substituting equation (22) into the

equation in Corollary 1 to get

Corollary 2 Suppose that 3] is not a linear function of (B; and that Assumptions 1 and 2 hold,

then there are some constants cp, Cyw, Cprem, and Ciapor such that the equation

E[Rit] = co + coulB™ + CoremBL™ + ClaborB*" (23)
holds for every asset i.
This model forms the basis for the empirical study that follows. In the rest of this paper, equation
(23) will be referred to as the PL-model.
B Econometric Tests

There are several ways to examine whether data are consistent with the PL-model. According to

this model, the unconditional expected return on any asset is a linear function of its three betas
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only. A natural specification test is to examine whether any other variable has the ability to
explain the cross-section of average returns not explained by the three-beta model. In particular,
we investigate whether there are residual size effects in the PL-model. The rationale for testing
a model against size effects has been discussed by Berk (1995). The size of a stock is defined as
the logarithm of the market value of the stock. Let log(ME;) denote the time-series average of
size for asset i. We examine whether any residual size effects exist by including log(ME;) into the

PL-model to get

E[szt] = €9 + Csize lOg(MEi) + vaﬂi’w + Cpremﬁ«;p em 4 claborﬁéabor . (24)

If the PL-model holds, then the coefficient cgi,¢ should be zero, i.e., there should be no residual size
effects.

The unconditional models in equation (23) and (24) can be consistently estimated by the cross-
sectional regression (CSR) method proposed by Black, Jeusen and Scholes (1972) and Fama and
MacBeth (1973). Notice that the PL-model nests the static CAPM as a special case. It facilitates
direct comparison of the two models. For comparing the relative performance of the different
empirical specifications, we use the R? in the cross-sectional regression as an informal and intuitive
measure, which shows the fraction of the cross-sectional variation of average returns that can be
explained by the model. We are also interested in examining whether cyw, Cprem, Clabor, and Csize
are different from zero after allowing for estimation errors. For this purpose, we need to estimate
the sampling errors associated with the estimators for these parameters. In Appendix B, we show
that the standard errors computed in the Fama-MacBeth procedure are biased, since it does not
take into account the sampling errors in the estimated betas. Following the approach suggested
by Shanken (1992), we derive a formula for correcting the bias (see Appendix B for details). Since
the formula requires some rather strong assumptions (see Assumption 4 in Appendix B) that may
not be satisfied in practice, we also evaluate various CAPM specifications using the Generalized
Method of Moments which requires much weaker statistical assumptions.

For this purpose, consider the testable implications that arise from the following moment restric-
tion imposed by the PL-model. Following Dybvig and Ingersoll (1982) we substitute the definition

of BY¥, 12br and BP™*™ into the PL-model and rearrange the terms to get
E [th (50 + 6va¥w + 5premR£)ie1m + 5laborR£abor)] = 1; (25)
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where 09, dyw, Oprem and diapor are the constants defined as follows:

so= L L[coPIRT] | couPURPT] | cuvaBlR0]
" co  co | Var(R}"Y) Var(REET" Var(RI2bor)
___Gw

coVar(R}™)

Sprem = — Cprem
coVar (REIT"

Slabor = ———D2bor_
CoVaI‘( R%abor )

6vw =

It is well known to financial economists (see Ross (1976)) that, so long as the financial market

satisfies the law of one price, there will be at least some random variable d; such that
E[Rydi] = 1, (26)

where d; is generally referred to as a stochastic discount factor. Hansen and Richard (1987) point
out that an asset-pricing model (like the CAPM) specifies the nature of this stochastic discount
factor in terms of potentially observable variables. In our case the stochastic discount factor is

given by
dt(é) = 50 + 5va¥W + 5premR?ielm + JIa.boerl:abor (27)

which depends on the parameters § = (8o, dvw, prem; Slabor)’-*
Suppose that there are N assets used in our econometric tests. Let 1y be the N-dimensional

vector of 1s, and

R = (Rut,...,RBnt)

Ye = (LR RI™™,RP)

Then d;(6) = Y;4. If we let wi(d) = Redi(8) — 1y, then E[w¢(d)] is the vector of pricing errors of the
model. Equation (25) implies that, when the PL-model is correctly specified, the N-dimensional
pricing errors E[w;(d)] should be zero. We can evaluate the relative performance of several com-
peting model specifications by comparing the size of pricing errors. For this purpose, we therefore
study the quadratic form E{w¢(d)]' AE[w(6)], where A is a positive definite matrix (called weighting
matrix). We should choose § to minimize the pricing error by minimizing the value of the quadratic

form, which leads to estimation of the parameters 6 by the Generalized Method of Moments.
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Now the issue is how to choose the weighting matrix A. The most famous choice is the “optimal”
weighting matrix suggested by Hansen and Singleton (1982). For expositional simplicity, let us now
assume that w; is i.i.d. over time. In this case, the weighting matrix suggested by Hansen and
Singleton (1982) is A = [Var(w(8))]~!. With this choice for the weighting matrix, they show that
the minimized value of the sample analog of the quadratic form asymptotically has a x? distribution
with NV — K degrees of freedom, where K is the number of unknown parameters in the model. This
asymptotic distribution can be used to test whether the pricing errors are zero. However, this
weighting matrix will be different for different model specifications, and thus, we cannot use the
value of the quadratic form to compare the relative size of the pricing errors associated with different
models. Especially, if a model contains “more noise”, i.e., the variance of w(8) is larger, then the
value of the quadratic form will be smaller. In this case, it would be misleading to conclude that
the “more noisy” the model, the better it performs.

We therefore choose the weighting matrix suggested by Hansen and Jagannathan (1994), which
is A = (E[R¢R}])~!. Since this weighting matrix remains the same across various competing model
specifications, it allows us to compare the performance of those models by the value of the quadratic
form. Hansen and Jagannathan (1994) show that the value of the quadratic form isl the squared
distance from the candidate stochastic discount factor of a given model to the set of all the discount
factors that price the N assets correctly. Thus, we refer to the square root of the quadratic form
with this weighting matrix as the Hansen-Jagannathan distance, or simply, HJ-distance. Hansen
and Jagannathan (1994) also show that the HJ-distance is the pricing error for the portfolio that
is most mispriced by the model (see Appendix C for details). Since the weighting matrix suggested
by Hansen and Jagannathan (1994) is generally not “optimal” in the sense of Hansen (1982), the
minimized value of the sample analog of the quadratic form does not have a x? distribution, and we
thus cannot directly use Hansen’s (1982) J-test for the overidentifying restrictions. In Appendix C,
we therefore extend Hansen’s (1982) results and show how to calculate the asymptotic distributions
of the minimized quadratic form in the Generalized Method of Moments when the weighting matrix

ig chosen arbitrarily.

17



IIT Empirical Results

A Description of the Data

Though Fama and French (1992) use returns to common stocks of non-financial corporations listed
in NYSE, AMEX (1962-90), and Nasdaq (1973-90) that are covered by CRSP as well as COM-
PUSTAT in their study, we study the returns to stocks of non-financial firms listed in NYSE and
AMEX (1962-90) covered by CRSP alone. Nasdaq stocks are not included because we do not have
monthly data for Nasdaq stocks available to us. This should not be an issue since Fama and French
(1992) report that their results do not depend on the inclusion of Nasdaq stocks.

It is well known that firms in the COMPUSTAT may have some survivorship bias,® since stocks
move in and out of the COMPUSTAT list depending on their performance. Kothari, Shanken
and Sloan (1995) provide indirect evidence for the existence of such bias — théy point out that
the annual returns are about 10 percentage points more for small firms in COMPUSTAT when
compared to small firms that are only in CRSP. Breen and Korajczyk (1994) provide some direct
evidence that supports the view that selection bias may be an important issue for tests that utilize
the standard sources of accounting data like COMPUSTAT. Fama and French (1993) attempt to
address this problem by omitting the first two years of data, in response to COMPUSTAT’s claim
that no more than two years of data are included at the time a firm is added to the COMPUSTAT
list. However, it is not clear whether this completely eliminates the bias in the COMPUSTAT
tapes. With this in mind, we do not examine the relation between book-to-market equity and the
cross-section of returns.'® Hence, we are not constrained to limit our attention to stocks that are
in CRSP as well as COMPUSTAT.!"

We create 100 portfolios of NYSE and AMEX stocks as in Fama and French (1992). For every
calendar year, starting in 1963, we first sort firms into size deciles based on their market value at
the end of June. For each size decile, we estimate the beta of each firm, using 24 to 60 months of
past-return data and the CRSP value-weighted index as the market index proxy. Following Fama
and French (1992), we denote this beta as “pre-ranking” beta estimates, or “pre-beta” for short.
We then sort firms within each size decile into beta deciles based on their pre-betas. This gives

us 100 portfolios, and we compute ‘the return on each of these portfolios for the next 12 calendar
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months by equally weighting the returns on stocks in the portfolio. We repeat this procedure for
each calendar year. This gives a time series of monthly returns (July 1963 — December 1990, i.e.,
330 observations) for each of the 100 portfolios.

The Fama and French (1992) sorting procedure produces an impressive dispersion in the char-
acteristics of interest. Time-series averages of portfolio returns are given in Panel A of Table I. The
rates of return range from a low of 0.51 percent to a high of 1.71 percent per month. The 8™s of
the portfolios are presented in Panel B of Table I. They range from a low of 0.57 to a high of 1.70.
We calculate the size of a portfolio as the equally weighted average of the logarithm of market value
of stocks (in million dollars). The timé—series averages of portfolio size are presented in Panel C of
Table I. They range from a low of 2.34 to a high of 8.26. Properties of these three characteristics
of the portfolios are very similar to those of the portfolios formed by Fama and French (1992). The

numbers given in panel D are the part of 7™ orthogonal to a constant and 8%, and the numbers

i
in panel E are the part of Bi2P°F orthogonal to a constant, 8Y" and GP™™.

The BAA- and AAA-bond yields are taken from Table 1.35 in the Federal Reserve Bulletin
published by the Board of Governors of the Federal Reserve System. The data on personal income
and population are taken from Table 2.2 in the National Income and Product Account of the U.S.A.
published by the Bureau of Economic Analysis, U.S. Department of Commerce. The labor income

used in this study is the difference between the total personal income and the dividend income. We

construct the growth rate in per capita monthly labor income series using the formula,
R = [Ly_y + Ly—3) / [Ls—a + Ly_3),

where RI2°°" denotes the growth rate in labor income that becomes known at the end of month ¢
and L;_; denotes the per capita labor income for month ¢ — 1, which becomes known at the end
of month ¢. This dating convention is consistent with the fact that the monthly labor income data
are typically published v&‘rith one-month delay. We use a two-month moving average in per capita

labor income to minimize the influence of measurement errors.
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B The Main Results

Using return data on the 100 portfolios described earlier, we first examine the traditional empirical

CAPM specification,
E[Ry] = ¢ + evwlF " - . _ (28)

The results are presented in Panel A of Table II. The #-value for ¢vw is —0.28, and the corresponding
p-value is 78 percent. The R? of the regression is only 1.35 percent, i.e., only 1.35 percent of the
cross-sectional variation in average returns can be explained by this specification. The correction
to the standard errors for estimation errors in the betas does not appear to be important. After
the correction, the ¢-value remains as —0.28. Hence, we can conclude that Cvw 1S not significantly
different from zero after allowing for sampling errors. When size is added to the model, the t-value
for size is —2.30 and the corresponding p-value is only 2.14 percent. The R? goes up to 57.56 percent.
The corrected ¢-value is not very different. The strong size effect suggests that the conventional
specification of the CAPM is inconsistent with the data. In the GMM test that uses the Hansen-
Jagannathan weighting matrix, the estimated HJ—distance is 0.6548 and the corresponding p-value
is 0.22 percent, indicating that the pricing error is signiﬁca.nﬁly different from zero. The p-value
for the coefficient 6,y in the moment restriction of the model is 27.59 percent suggesting that R}V
does not play a significant role in constructing a stochastic discount factor that helps to explain
the cross-sectional dispersion in expected returns on the 100 portfolios in our study. These results
are consistent with what has been reported in the literature.

We next allow betas to vary over time, i.e., assume that the conditional CAPM holds, but still

use the stock index as a proxy for the market return. This gives the following specification:
E [th] =co + cywfB" + Cpremﬂ,p rem (29)

The results are presented in Panel B of Table II. The estimated value of Cprem, using the Fama-
MacBeth regression, is significantly different from zero. The t-value for Cprem 18 3.28 with a p-value
of 0.10 percent. The R? is 29.32 percent, which is a substantial improvement compared with 1.35
percent for the model in (28). The ¢-value for Cprem 1S 2.67 when the standard errors are corrected
and the associated p-value is 0.75 percent. When size is added to equation (29), the ¢-value for

Csize 18 —1.93 (p-value = 5.35 percent). When the standard errors are corrected, the ¢-value drops
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to —1.84 (p-value = 6.59 percent). Although there are still some size effects in model (29), they
are much weaker than those in model (28). The GMM test with the HJ weighting matrix gives an
estimated value of 0.6425 for HJ-distance with p-value of 0.98 percent. Hence, this specification
reduces the pricing errors, but they are still significantly different from zero. The p-value for dyrem
in the moment restriction is 1.83 percent, which indicates that B}™™ is a significant and important

component of the stochastic discount factor.

We now consider the main model developed in this paper:

E [RLt] =¢p+ vaﬂ;:] Y4 Cpremﬁ};) rem + Claborﬁ}abor 3 (30)

where the return on the market portfolio of all assets is assumed to be a linear function of the
stocks index and the growth rate of per capita labor income. Equation (30) is the same PL-model
in equation (23). The estimation results are presented in Panel C of Table II. The estimated value
of Ciapor, using the Fama-MacBeth regression, is significantly different from zero (¢-value = 2.31,
p-value = 2.07 percent). The R? increases to 55.21 percent. However, when the standard errors are
corrected, the t-value for cjapor drops to 1.73 (p-value = 8.44 percent). The coeflicient cprem remains
significant. When size is added to the model, the ¢-value for the size coefficient is —1.45 and the
associated p-value is 14.74 percent, which shows that size does not explain what is left unexplained
in this model after controlling the sampling errors. When the standard errors are corrected, the
p-value for size becomes even larger, reinforcing our conclusions. In the GMM test with the HJ
weighting matrix, the estimated HJ-distance drops sharply to 0.6184 and the p-value jumps to
19.38 percent. Hence, the pricing errors of the PL-model are much smaller and not significantly
different from zero. Notice that both RP™™ and RI2b°T are signiﬁca;,nt in the GMM test, which is
consistent with the results obtained from the Fama-MacBeth regression. While the point estimate
of the slope coefficient cyy, is negative, it is not significantly different from zero, after allowing
for sampling errors. Also, the estimated value of the average zero-beta rate is rather high when
compared to the average T-bill rate and the average risk premium of stocks. Hence there is cause
for concern even though our CAPM specification does substantially better than the static CAPM
in explaining the cross-section of average returns on stocks. It appears that we are still missing

some important aspect of reality in our modeling exercise.

In order to visually compare the performance of the different specifications, we plotted the
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fitted expected return, computed by using the estimated parameter values in a model specification,
against the realized average return. If the fitted expected returns and the realized average returns
are the same, then all the points should lie on the 45-degree line through the origin. When 5% alone
is used, the fitted expected returns are all about the same, whereas the realized average returns
vary substé,ntia,lly across the 100 portfolios (Figure 1). The performance sﬁbstantially improves
when BP™™ and £/2b°F are also used (Figure 3). The fit is about as good as the model with size and
BYY (Figure 2). The distribution of the points around the 45-degree line in Figure 3 suggests that
the improved performance of the CAPM using the specifications we suggest in this paper is not due
to a few outliers. The distribution of the points around the 45-degree line does not significantly
change when we add log(ME) as an additional explanatory variable (Figure 4).

We may suspect that RI2P°T is the driving force behind the results for our main model. To

determine if this is the case, we examine the following model:

E [&t] =cp+ va,B:;,w + claborﬁ«}abor ) (31)

which can be obtained from the static CAPM by including growth rate of labor income into the
proxy for the market return. The estimated results for this specification are presented in Panel D of
Table II. The coefficient corresponding to the growth rate of labor income is significant, both in the

18 However, there is

Fama-MacBeth regression and the GMM test using the HJ weighting matrix.
a strong residual size effect in the Fama-MacBeth regression. The HJ-distance is just slightly lower
than that of model (28) and the p-value is only 1.94 percent. Thus, the pricing error of this model
is still substantial. This suggests that it is necessary to allow for time variations in betas as well in

order to explain the cross-section of expected returns on stocks.

C Additional Investigations

The unconditional model we developed in this paper to some extent resembles the multi-factor
model specified by Chen, Roll and Ross (1986). A natural question that arises is whether the
“lagged-prem factor” and the “labor-income-growth-rate factor” that we use in our specifications
are just proxies for the macroeconomic factors that were identified by Chen, Roll and Ross in
their earlier work. Following them, we consider, besides the value-weighted stock index, four

additional factors: (a) UTS; is the monthly return spread between the long-term government bond
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and Treasury Bill, (b) UPR; is the return differential between a long-term corporate bond and long-
term government bond, (c) MP; is the growth rate in monthly industrial production in the United
States and (d) Ul is the change of inflation rate. The betas are estimated using contemporaneous
values of these variables. The UTS; and MP; are the same variable used by Chen, Roll and Ross.
While the UPR; and Ul; used in our test should be similar to those corresponding factors used by
Chen, Roll and Ross, they may not be exactly the same since we do not have access to their data.
The data series on inflation, corporate-bond return, and long-term government bond return are
from Ibbotson Associates.'® Monthly industrial production data are obtained from Table 2.10 in
the Federal Reserve Bulletin published by the Board of Governors of the Federal Reserve System.

We consider the following models:

E[Rz] = ¢+ cowB™ +cursBlTS + cuprBUE R + emp BME + cur B! (32)
E[th] = cg+cwf” + Cpremﬁ;P R Claborﬁzabor
+cursBY TS + cuprBYT T + emp BT + cuBy! (33)

where all the betas are calculated in the same way as G}V

The results are given in Table III. The top half of the table gives the estimates for model (32).
The R? for the model is 38.96 percent, which is substantially less then the R2 for the PL-model
(55.21 percent). The HJ-distance for equation (32) is 0.6529, which is larger than the HJ-distance
for the PL-model (0.6184). So, the R? and the HJ-distance consistently indicate that the PL-
model performs better than model (32). The p-value shows that the HJ-distance for model (32) is
significantly different from zero. The lower half of the table gives the results for model (33). Both
the R? and the HJ-distance indicate that inclusion of the four additional factors in Chen, Roll and
Ross (1986) does not substantially improve the performance of the PL-model. More importantly,
none of the coefficients corresponding to the factors in Chen, Roll and Ross (1986) is significantly
different from zero after taking sampling errors into account.

Barlier, we examined the possibility of model misspecification by checking whether firm size can
explain the cross-sectional variation of expected returns that cannot be explained by our conditional
CAPM specification. An alternative is to examine whether the betas with respect to the size and
book-to-market factors, SMB; and HML;, introduced in Fama and French (1993), can explain the

cross-sectional variation of expected returns not explained by our model. Although Berk (1995)
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showed that the log of size and the log of book-to-market equity should be correlated with expected
returns in the cross-section, his observation does not imply that this correlation can be captured
by the two factors. Hence, we are interested in examining whether the two factors that Fama
and French (1993) .identiﬁed from the data are proxying for the risk associated with the return on

human capital and beta instability that we modeled.?? For this purpose, we consider the following

models:
E[Ry] = co+cowf" +csmpBi® + camufi (34)
E[th] = c¢p+ va,H;’w + cpremﬁi)rem '+ Clabor ﬁql:abor
+esmpfy " + camnBi T (35)

where all the betas are calculated in the same way as G;™.

The empirical results are given in Table IV. The top half of the table gives the estimates for
model (34). The R? is 55.12 percent, which is not much different from 55.21 percent, the R? for
the PL-model. This means that the PL-model fits the data at least as well as model (34) does.
Also, the estimated value of the zero-beta rate is not very different from the one obtained using
the PL-model. However, the HJ-distance for model (34) is 0.6432, which is clearly larger than that
for the PL-model (0.6184). In other words, 'although the two models do equally well on average,
the pricing error for the portfolio that is most mispriced by model (34) is larger than the pricing
error for the portfolio that is most mispriced by the PL-model. The p-value also shows that the
HJ-distance for model (34) is significantly different from zero. The lower half of the table gives
the estimates for model (35). The R? goes up from 55.21 percent to 64.04 percent when the two
factors in Fama and French (1993) are included. This is about the same increase that is obtained
when size is included. None of the coefficients corresponding to the two factors in Fama, and French
(1993) is statistically significantly different from zero after taking sampling errors into account.
These results suggest that the two Fama and French (1993) factors may be proxying for the risk
associated with the return on human capital and beta instability.

In our study we focused on the Black version of the conditional CAPM which assumes that the
borrowing and the lending rates are different. The zero-beta rate in such an environment should
lie between the riskless borrowing and riskless lending rates. To examine whether this is true, we

proceed as follows. We first assume that the riskless lending and borrowing rates are the same
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as the interest rate on one month Treasury Bills (T Bills). In that case the model should assign
the right average return to T Bills as well. Let Rrgii; denote the monthly return on the T Bills.

Applying the PL-model to the T Bill, we have
E[RTBillt] = ¢p + vaﬁ‘fvﬁm + Cpremﬂflﬁgirﬁ + Cla.borﬁ']raBbﬂll. . (36)

Subtracting the above equation from the PL-model gives the relation between expected excess

returns and betas for the 100 portfolios:
B[R] = el + CoremB"™™ + Clabor B i=1,...,100, (37)

where Ry = Ry — Rypyye and B}’W = Cov(R,-t,Rt"W) [Var(Ry%) for i = 1,...,100, and other Bs are
defined in a similar way. If the borrowing and lending rates are different, the relation given in (37
should be modified to include a positive intercept term, which should equal the difference between
the average zero-beta rate and the average T-bill rate. One way to examine model misspecification
is to estimate the above relation with an intercept term and test if it is positive and reasonable
given our priors regarding what the difference between the zero-beta rate and T-bill rate should

be. The moment restrictions implied by this model are
E [th (1 + vaRtvw -+ gprengielm + gla.borlzlabor)] = 0,

where SVW, 5prem and 5labor are the constants defined as follows:

Sy = — _Cow y - _ Cprem 31 bor = —= Clabor
W &g Var(RyV) PR §gVar(RPM) PP 6o Var(Rlaber)

where

% CVWE[RYW] CpremE[Rg rem] ClaborE[R}tabor]
do=1+ prem iab
Var(R{") = Var(R{[") Var(Ri*>°F)

These moment restrictions can be tested using the Generalized Method of Moments as described
in Section II-B. Notice that one should not subtract the T-Bill return from any of the factors when
calculating betas or constructing the stochastic discount factor since the zero-beta return may be
different from the T-bill return. In contrast, the three-factor model for the excess returns specified

in Fama and French (1993) is

E[Rit] = cowly™ + csmpfEMB + e BIME | (38)
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where ﬂ:"” = Cov(f%,-t, R} — Rypimnt)/Var(RY™ — Rrpit), which is the slope of regressing the excess
asset return on the excess return of the CRSP value-weighted portfolio.

The results for excess returns are presented in Table V. The intercepts in the regressions for
both the models are significantly different from zero, which suggests that the zero-beta rate is
different from the T-bill rate. Neither our conditional CAPM specification nor the Fama-French
three-factor specification assigns the right value to T-bills. The fact that the intercept term exceeds
one percent per month suggests that both the specifications are missing some important aspect of
reality.

Ferson and Foerster (1994) point out that the GMM has rather poor finite sample properties.
It is for this reason that we chose not to test the conditional CAPM directly, but rather to test
its unconditional implications. This reduces the dimenéiona.lity of the problem and hence is likely
to result in better finite sample statistical properties. This is also the reason we chose to use
the weighting matrix suggested by Hansen and Jagannathan (1994) instead of the optimal GMM
weighting matrix. Since the HJ weighting matrix does not depend on the unknown parameters
that are being estimated, if is likely to improve the statistical properties of the GMM tests in finite
samples.?! Zhou (1994) recently provided some evidence that supports this view. In addition,
we also formed portfolios of stocks by first sorting them into size quintiles and then on pre-beta
quintiles. We then repeated all the tests, using the time series of monthly returns on these 25
portfolios. The results for the 25 portfolios are qualitatively similar to those for the 100 portfolios

reported in this paper.

IV Conclusion

There are two major difficulties in examining the empirical support for the static CAPM. First, the
real world is inherently dynamic and not static. Second, the return on the portfolio of aggregate
wealth is not observable. These issues are typic;.a,lly ignored in empirical studies of the CAPM. It
is commonly assumed that betas of assets remain constant over time, and the return on stocks
measures the return on the aggregate wealth portfolio. Under these assumptions, Fama and French
(1992) find that the relation between average return and beta is flat and that there is a strong size

effect.
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We argue that those two assumptions are not reasonable. Relaxing the first assumption natu-
rally leads us to examine the conditional CAPM. We demonstrate that the empirical support for
our conditional CAPM specification is rather strong. When betas and expected returns are allowed
to vary over time by assuming that the CAPM holds period by period, the size effects and the
statistical rejections of the model specifications become much weaker. When a proxy for the return
on human capital is also included in measuring the return on aggregate wealth, the pricing errors
of the model are not significant at conventional levels. More importantly, firm size does not have

any additional explanatory power.

Although the conditional model performs substantially better than the static model, we still
advocate caution in interpreting these results as strong support for the conditional CAPM for the
following reasons:

First, our modeling of the time variations in betas is rather simple. If one were to take seriously
the criticism that the real world is inherently dynamic, then it may be necessary to model explicitly
what is missing in a static model. In particular, in a dynamic world, investors may care about
hedging against a variety of risks that do not arise in a static economy. One possibility is to
extend Merton’s inter-temporal CAPM for empirical analysis, along the lines suggested by Campbell
(1993a and 1993b). However, the dynamic conditional CAPM has an undesirable feature. The
econometrician has to take a stand on the nature of the information available to the investors. For
example, while deriving the unconditional multi-factor model implied by the conditional CAPM, we
assumed that the conditional market risk premium is a linear function of the yield spread between
low- and high-grade bonds. An alternative is to follow Bansal, Hsieh and Viswanathan (1993) and
Bansal and Viswanathan (1993) and consider unconditional nonlinear factor models which may be
relatively more robust to information-set misspecification.

Second, a number of events occur at deterministic monthly and yearly frequencies. It may be
reasonable to expect that such events may influence the behavior of asset prices at these frequencies.
Since such events are outside the scope of asset-pricing models like the CAPM, one strategy would
be to study the performance of models by using annual data over a sufficiently long period of time,
as in Amihud, Christensen and Mendelson (1992), Jagannathan and Wang (1992), and Kothari,

Shanken, and Sloan (1995). Such an approach has its own shortcomings, the most important
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of which is that the economy may not really be stationary. There is some need for developing
statistical sampling theories for making inferences that are robust to the presence of such features,
possibly along the lines of Bossaerts (1994).

Finally, we have to keep in mind that the CAPM, like any other model, is only an approximation
of reality. Hence, it would be rather surprising if it turns out to be “100 percent accurate.” The
interesting question is not whether a particular asset-pricing model can be rejected by the data.
‘The question is: “How inaccurate is the model?” Fama and French (1992) showed us that the
static version of the CAPM is very inaccurate. We find that the conditional version of the CAPM
explains the cross-section of stock returns rather well. In doing so, we implicitly assume that the
portfolio of stocks used in our study is economically important. As we point out in Appendix B,
it is possible to mask or highlight the model specification error through appropriate choice of the
portfolios. We will not be surprised if subsequent studies form a set of portfolios for which the
model we examine in this study performs rather differently. In order fo reconcile these differing
views, we need to devise methods for evaluating the economic importance of the data sets used in
empirical studies of asset-pricing models. We intend to focus on this issue in our future research.

The conditional CAPM we study in this article is very different from what is commonly under-
stood as the CAPM, and resembles the multi-factor model of Ross (1976). The model we evaluate
has three betas, whereas the standard CAPM has only one beta. We chose this model because (i)
the use of a better proxy for the return on the market portfolio results in a two-beta model in place
of the classical one-beta model, and (ii) when the CAPM holds in a conditional sense, unconditional
expected returns will be linear in the unconditional beta as well as a measure of beta-instability
over time. When the CAPM holds conditionally, we need more than the unconditional beta calcu-
lated by using the value-weighted stock index to explain the cross-section of unconditional expected

returns.

Appendix A: Modeling the Unconditional Expected Returns

We first show that when betas vary over time, (8;, 87) is a linear function of (5;,;). We then show
that if ¥; is a linear function of §;, the static CAPM will obtain even in the unconditional sense

— i.e., unconditional expected returns will be linear in the market beta 5;. In this case, f] is also
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a linear function of ;. Finally, we show that when 87 is not a linear function of §;, which should
be the usual case, (8;, 8]) will contain all the necessary information contained in (8;,1;). Hence,
expected returns will be linear in (8;,9;) as well as (8;, 7).

To show that (8;,/]) is a linear function of (f;,9;), note that the market return R also

satisfies the conditional CAPM. This gives the following equations:

ElRmt|l1-1] = Yot—1 + Y1211 (A1)
Mt-1 = B[R — voi-111t-1] - (A2)

We then define ¢;; as
€it = Rit ~ Yot-1 — (Rt — Yot—1)Fit—1 - (A3)

It follows from equations (2), (3) and (A3) that

E[EitIIt—I] =0 (A4)

E[EitRmtlIt—l] =0. (A5)

These two equations together imply the following orthogonality conditions:

Elei] =0 (A6)
E[Githnt] = (A7)
Eleity1i—1] = 0. | (A8)

We can substitute equation (7) into (A3) to obtain

Ri = vot—1 + (Rt — Yot-1)Bi
+(Rme — Yot—1) (Vie—1 — 71)%:

+(Bmt — Yot—1)Mit-1 + €t - (A9)

From the definition of covariance, the expression given above for R;; in (A9), and the orthogonality

conditions in (A6), (A7) and (A8), we obtain

Cov(Rit, Rint) = Var(Rm:)B;
= Cov(Yot—1, Rmt) + Cov(Bmt — Yot—~1, Rmt)Bi
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+Cov((Bmt — Yot-1)(11t—1 — M), Rt )V
+Cov ((Rmt — Yot—1)7it—1, Bmt) » (A10)
Cov(Rit, y1e-1) = Var(mie-1)06]
= Cov(7ot-1,71t-1) + Cov(Rmt — Yot-1,T1e-1)0i
+Cov((Rmt — Yot-1) (Vit—1 — m1), Y1e-1)%:
+Cov ((Rmt — Yot-1)it—1, Y1t-1) - (Al1)

Let us denote the conditional variance of the market return by v;_; = E[Rp¢|li—;1]. Using

equations (8), (9), (Al) and (A2), one can show that the last term in equation (A10) is
Cov ((Rmi — ’Ym-l)ﬁit—h Ret) = E{(ve—1 + vi_1 + Y16-1Y0t-1)7it—1] » (A12)
and the last term in equation (A11) is
Cov ((Rmt — Yot—1)thit—1, Vie-1) = B{vdi_1mie—1] - (A13)

Then, equations (A10) and (A11) imply that there will be a linear relation between (8;, 7) and
(Bi,¥;), if the expressions in (A12) and (A13) are zero. Hence, we make the following additional

assumption throughout the paper unless mentioned otherwise:

Assumption 3 For each asset i, the residual beta 7;:_1 satisfies

Efni_1v1] =0 (A14)
E["?it—l'Y%t-—l] =0 (A15)
E[nit-171t-170e-1] =0 . (A16)

According to the first equation in Assumption 3, the residual betas are uncorrelated with the
conditional volatility of the market return. If the market return is conditionally homoskedastic,
which is an assumption sometimes made by researchers, then the first equation in Assumption 3
is a consequence of equation (8). Since the residual betas do not affect the unconditional expected
return, as was shown in Section I-C, we can ignore 7;;—; by assuming that they are random noises
that are uncorrelated with the market conditions, then all the equations in Assumption 3 will hold.
Under Assumption 3, the following linear function for the betas follows from equations (A10) and

(A11):
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Lemma 1 There are constants {by; : k=1,2; | =0,1,2} such that

Bi bio bii b2\ /B
()= () (o o) (5)- i
B bao ba1 baa/ \¥;

If the beta-prem sensitivity is a linear function of the expected beta, then the unconditional
expected return will be linear in the market beta, i.e., the CAPM will hold unconditionally as well.

This observation leads to the next lemma:

Lemma 2 If 9; is a linear function of B;, then there are some constants ag and ay such that the

equation
E[Rit] = ao + a15; (A18)
holds for every asset i, i.e., the static CAPM will hold for unconditional expected returns.
Proof: Let 9; = dg + élﬁi and substitute it into equation (10) to get
E[Rit] = [0 + doVar(yae—1)] + [71 + dy Var(vie-1)]5; - (A19)
Substitute 9; = dy + d1 B; into the first equation in (A17) to obtain
Bi = (bio + dobi) + (b11 + d1b12)0; , (A20)

which implies that f§; is a linear function of 5;. Since f3; is not a constant across assets, by1 + d b1
must be nonzero. So, we can substitute.(A20) into equation (A19) to obtain equation (A18), which
completes the proof.

One important special case arises when the conditional betas are uncorrelated with the market
risk premium. In this case, we have 9; = 0, and thus, the single beta model (A18) in Theorem 2

holds. Chan and Chen (1988) derived equation (A18) by assuming
Bit—1 = i + X-1(B: — B*) +nf_y (A21)

where B* is the cross-sectional average of §;, A\;—1 has zero mean, and 7};_; is the random noise.
With this specification for the conditional betas, we have

_ Cov(Ae-1,71¢-1) Bi— ") . (A22)

19 .
: Var(7yis—1
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Therefore, the assumption made by Chan and Chen (1988) implies that the beta-prem sensitivity
¥; is a linear function of B;, and hence, equation (A18) holds under their assumption.
The restriction that the beta-prem sensitivity is a linear function of the expected beta implies

the following restriction on the premium betas:

Lemma 3 If ¥; is a linear function of §;, then B is a linear Sunction of S;.

k)

Proof: We substitute 9; = dy + dy 3; into equation (A17) to obtain

Bi = [bwo +dobig] + [b11 + d1b12],5i (A23)

B = [bao + dobag] + [ba1 + d1be2]; - (A24)

Since f; is not constant across assets, we must have b;; + dibiz # 0. We can then substitute
equation (A23) into equation (A24) to express B; as a linear function of 8;, which completes the
proof.

If the premium beta is not a linear function of the market beta, then, by Lemma 3, beta-prem
sensitivity cannot be a linear function of the expected beta. In this case, the single-beta model
in Lemma 2 will not hold, i.e., the CAPM will not hold unconditionally, even though it holds in
a conditional sense. Instead, the unconditional expected return will be a linear function of two
variables — the market beta and the premium beta. This fact is stated as Theorem 1 in Section
I-C.

Now, let us prove Theorem 1. We first prove that the 2 by 2 matrix in equation (A17) is
invertible. Suppose it is singulé,r; then there is a nonzero vector (z, y) such that

buin b1z
(z, v) ( ) =0, (A25)

b1 bao
which implies that z0; +y@;] is a constant across assets. Since B; is not a constant across assets, we
must have y # 0. But this means that 3} is a linear function of B;, which contradicts the assumption
in Theorem 1. Now we can invert equation (A17) such that (3;, 9;) are linear functions of (3;, B7)

and then substitute them into equation (10) to obtain equation (13).
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Appendix B: The Cross-Sectional Regressions

For the purpose of developing the sampling theory, it is more convenient to write all the uncondi-

tional models that we have discussed into the following form:
K Ko
ERy] = Y ciezi+ > conlik (B1)
k=1 k=1

where {zit}x=1,.. K, are K observable characteristics of asset i, Bix = Cov(Ryt, yke)/Var(yg:), with

{ylct}k=1,__,, K, being K, economic variables, and {cjx} are some coefficients. As an example, for

equation (24), we can let K1 = 2, z;; = 1, z;p = log(ME;), K, = 3, Y1t = RV, yor = RIS,
yse = REEPT, B = BY™, Bio = FP™™ and fiz = BT,
Equation (B1) can be written in a more concise form as
E[R¢] = Zc; + Bey = X, (B2)
where R; = (th,---,RNt)', c1 = (c,...,0K,), ¢ = (ea1,.-.,62x1,), ¢ = (cf : ), and X =
(Z:B), where
(211 S 21K
7. =
\2n1 -+ zNk,
(,311 o Bk,
B = P :
\Bv1 - Bux,

In the cross-sectional regression method, we first estimate Bir by the slope coefficient in the
univariate regression of R;; on y; and a constant over time. Let Bik be the estimated slope coefficient
in this regression. Replacing all the betas in B by their estimates, we obtain an estimate of B which
we denote by B. Let X = (Z : B) and R be the time-series average of Ry, i.e., R = (1/T) =X | R..
The estimator of the parameters, denoted by &, in the cross-sectional regression method is obtained
by regressing R on X, that is, & = (X’X)‘IX’R. Here, we assume that both X and X have the rank
K1 + Kj. If plimp_,o, B = B and plimy_,o, R = E[Ry], then plimy_, & =c, i.e., & is a consistent
estimator of c.

Although the cross-sectional regression method does not provide a test for the linearity imposed

by the model, it is still a very natural and intuitive tool for checking the ability of an unconditional
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model to explain the cross-sectional variation of average returns. The R2 of the cross-sectional
regression associated with a particular empirical specification provides a natural measure of how
well that particular model does in explaining the cross-section of average returns. However, it is
necessary to use caution in interpreting a low R? as indicating that a particular specification is bad
in any absolute sense.

To see why, consider a hypothetical economy where the econometrician has observations on four
assets. The betas with respect to a proxy market portfolio folr the four assets are 0.5, 0.5, 2 and 2.
The corresponding expected rates of returns are 12 percent, 8 percent, 24 percent, and 20 percent.
There are no measurement errors involved here. It can be verified that, in this case, the estimated

regression equation will be
Ri=6+8,3i+€i i=1,2,3,4

and that the R? of the regression is 95 percent. Now consider forming four other portfolios (by an
invertible linear transformation) from the four given assets as follows. Let z = Rs — R4 denote the
payoff on the zero investment portfolio constructed by going long one dollar on the third asset and
going short one dollar on the fourth asset. The beta of the payoff, z, is 0 by construction. Define the
return on the four new portfolios by Rf = R; + 3z; R5 = Ry + 32z; R = R3; and R} = Ry. Notice
that the original four assets can be constructed as portfolios of these four new portfolios. The betas
of the four portfolios defined this way are 0.5, 0.5, 2, and 2 respectively. The expected returns on
these portfolios are 24 percent, 20 percent, 24 percent and 20 percent respectively. Clearly, when
these four portfolios are used, the relation between expected return and beta is flat (i.e., the R? is
0 percent). This shortcoming is not an issue for the way we use R? to compare the performance of
different competing specifications of the CAPM, since we use the same set of portfolios across all
model specifications.??

To assess the sampling errors associated with the estimated parameters, Fama and MacBeth

(1973) suggest regressing R;, instead of R, on X for each period ¢ to obtain
& = (XX)1X'R, (B3)
and then estimate the covariance matrix of v/T'(¢ — c) by

T
V=%Z@-a@—w, (B4)
=1
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where € = (1/T) T, &. It is easy to see that € = &. Substituting &; = (X'X)‘IX’Rt into equation

(B4), we have

G5y —1

T
v =&%)1% [% S (R: —R)(R: - R)'| X(X'X) (B5)
t=1

In order to understand the properties of the estimated covariance matrix V provided by the
Fama-MacBeth procedure, it is convenient to define 4 = E[R;] and use equation (B2) to write the

average return as
R=Xc+R-p)-X-X). (B6)
Substituting it into the definition for ¢, we can obtain
t—c = EXR) KR - p) ~ (X'R) IR (B - B)e, - (B7)

Suppose that vT'(R— p) converges to a random variable i in distribution and VT(B —B) converges

to a random variable H in distribution. If plimy_, B = B, then
VT(& ~¢) <4 (X'X)~1X'(d — Hey) . (B8)

Here, (X'X)~1X'ii is the sa.mpling error of ¢ from replacing expected returns by average returns, and
(X'X)~1X'Hc, is the sampling error from replacing true beta by their estimates. The conventional

consistent estimate for the variance of i is
1 & _ _
T;(Rt -R)®:~R)".
Hence, a consistent estimate for the variance of (X'X)~1X'i is given by
Al o~

T
&'%)-1%’ [% ;(Rt —R)(R; — R)'} X(Xx)1,

which is exactly V in view of equation (B5). If we can ignore the sampling error H that is due
to the errors associated with the estimated betas, then the consistent estimate for the variance of
& is given by V obtained from the standard Fama-MacBeth procedure. If H is not negligible, the
standard error of ¢ provided by the Fama-MacBeth procedure will generally be biased.

In general, it is difficult to assess the magnitude of the bias of the Fama-MacBeth procedure.

However, under some additional assumptions, Shanken (1992) derived an expression for the bias
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when the betas are estimated using multiple regression. Since we use betas estimated from uni-
variate OLS regressions, Shanken’s formula is not directly applicable in our case.

In what follows, using methods similar to those used by Shanken (1992), we derive an expression
for the sampling errors associated with parameters estimated using the cross-sectional regression
method. We need to introduce two additional assumptions. Fori = 1,...,N, k=1,..., K3, and

t=1,...,T, define

oir = E[Ri] — BirElykd] (B9)
eikt = Rit— otk — BikYkt - (BL1o)
We then have
Ryt = ouk + Birykt + ekt (B11)
Eleixt) =0 (B12)
Efeixiyre] = 0 . (B13)

Let § be the time-series average of yx; and Yz = (yz1—7k, - - - , Ykr—Tz)"- We also define an (N x K»)-
dimentional vector § such that each of its elements is of the form Yiei/T for i = 1,---,N and

k=1,---,K;. The two additional assumptions are as follows:

Assumption 4 For each of i,j = 1,...,N and k = 1,...,Ks, conditional on Y, we have
Eleirt|Yz] = 0, and there exists a constant Ty such that Elejrejr:|Yi] = 7ijk for allt = 1,-.-,T.
When T — oo, the vector S converges to zero in probability, and VTS converges to a normal

distribution with zero mean and some covariance matriz I1.
Assumption 5 Let §jx = (1/T) L, yre. We assume that the probability limit
1 T
plim = S @kt — e (wie — 1) = wi
T—o00 t=1
exists for k,l =1,..., Ky, and wg, >0 for k=1,..., Ko.
Notice that e is assumed to be orthogonal to ¥;,2 and ;i is assumed to be independent of

time £ but may depend on the value of Y;.2* Assumption 4 guarantees consistency and asymptotic
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normality of vec(é). Let 7;jx; be the element of II corresponding to the covariance of the limiting
distributions of Y]e;x/ VT and Y/eu/ VT. We introduce the notation:
Tilkl -~ TNkl
Oy = : : . (B14)
TNkl °°° TNNkl
Under Assumptions 4 and 5, the limiting distribution of the estimated parameter vector is given

by the following:2?

Theorem 2 Under Assumptions 4 and 5, the estimator € is consistent, and \/T(é — ¢) converges

to a normal distribution with mean zero and variance V + W, where

V = plimV (B15)
T—o0
K2

W = Y eaeawplwp (X' X)X Ty X (X' X)L (B16)
k,l=1

Hence, with Assumptions 4 and 5, the bias of the Fama-MacBeth procedure is W. To obtain a
consistent estimate of the sampling errors, we first use the Fama-MacBeth procedure to obtain v,
and then apply Theorem 2 to obtain a consistent estimate of W as

s Ka n"  a aeml A a1 ~fe\N—1 ot~ ~ ~fa\—1
W= éntu (oplonop') (XX) XX (XX) (B17)
k=1
where @y and IIy; are consistent estimates of wy; and ITjy.

Theorem 2 can be proved as follows. Consistency and asymptotic normality of ¢ follow easily

from assumptions. We only show that the assymptotic variance is V+ W as given in the theorem.

It follows from (B11) that

_ 1
R; — p; = (Jx — Elyre)) Bix + Te:"“lT’ k=1, ..., Kz, (B18)

where e;; = (eix1,- -, eikT). Substituting equation (B11) into the formula of estimated betas, we

have
Gir. — Bie = (YiYi) Yiei . (B19)
In view of Assumption 4, equations (B18) and (B19) imply
BB — Bi) (R — )] = E[E[(Bux — Be)(Rs — 1) |Ya]]
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1 _
= FE[(Yi%k) Y{E[eweli | YillT]

1 _
= “T‘E[Tijk(YkIYk) Yilr]=0.

This implies that B — B is uncorrelated with & — p. Therefore, i and Hes should be uncorrelated
with each other, where i and H are the assymptotic distributions of VT(R - p) and VT(B — B).
Thus, the ésymptotic variance of /T (& — ¢) should be

(X'X) "X/ [Var(ii) + Var(Hep)]X(X'X) "1 . (B20)
As we have discussed earlier, the following should hold:

(X'X)"'X'Var(u)X(X'X)~! = plim V.
T—o0
Let us denote the limiting distribution of VTS as S. Correspondingly, denote the limiting dis-
tribution of Y{e;/VT as si. Since, by Assumptions 4 and 5, VT(By — Bix) converges to wk‘kls,-k
in distribution. the asymptotic covariance between vT'(f3;; — Bix) and \/T(le — (i) should be
w,:klE[siksﬂ]wE 1= w,:klmjklwﬁ 1. It follows that
~ K2
Var(Hcg) = Z czkc%w;klnklwﬁl ,
k,l=1

which implies
(X'X) ™' X Var(He) X(X'X) ' =W .

This completes of the proof.

Appendix C: The Hansen-Jagannathan Distance

If there is only one asset, then it is relatively straightforward to compare the performance of the
different versions of the unconditional model implied by the conditional CAPM. All we have to do
is to compare the pricing error — i.e., the difference between the market price of an asset and the
hypothetical price assigned to it by the stochastic discount factor implied by a particular empirical
specification. When there are many assets (100 in our study), it is rather difficult to cémpare the

pricing errors across the different candidate stochastic discount factors for the model.
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In view of this, we follow Hansen and Jagannathan (1994), who suggest examining the pricing
error on the portfolio that is most mispriced by a given model. There is a practical problem
in implementing this simple idea. Suppose there are at least two assets which do not have the
same pricing error for a given candidate stochastic discount factor. Let Ry; and Ry; denote the
corresponding gross returns. The date ¢ — 1 prices of these payoffs are both 1, i.e., by investing one
dollar at date ¢ — 1 in asset i, the investor gets the payoff R;; at date £. A given asset-pricing model
may not assign a price of 1 at date t — 1 to the payoff R;;. Suppose the pricing error is 9, i.e., the
model assigns a price of 1 + ;. Consider forming a zero-investment portfolio by going long one
dollar in security 1 and short one dollar in security 2. The pricing error on this zero-investment
portfolio is 91 — 4p2. So long as this is not zero, the pricing error on any portfolio of the two
assets with a price of one dollar can be made arbitrarily large by adding a scale multiple of this
zero-investment portfolio. The same problem arises if instead of examining the pricing error we
examine the difference between the expected return on a portfolio and the expected return assigned
by a particular asset-pricing model to that portfolio. To overcome this problem, it is necessary to
examine the pricing error on portfolios that have the same “size.” Hansen and Jagannathan (1994)
suggest using the second moment of the payoff as a measure of “size,” i.e., examine the portfolio
which has the maximum pricing error among all portfolio payofls that have the unit second moment.

Consider a portfolio of the N primitive assets defined by the vector of portfolio weights x. The
date ¢ payoff on this portfolio is given by x'R;. It has a price of 'l at the beginning of each
date. The pricing error on this portfolio is x’E[w;(8)]. The second moment of this portfolio payoff
is E[x'R¢]?, i.e., the norm of this portfolio is \/E[x'R4]?. For a given vector of parameters §, Hansen
and Jagannathan (1994) show that the maximum pricing error per unit norm on any portfolio of

these N assets is given by

Dist(d) = /B[w.(8) G Elw.(5)] , (1)

where G = E[R;R{] and is assumed to be nonsingular. We refer to Dist as the HJ-distance. It
is also the least-square distance between the given candidate stochastic discount factor and the
nearest point to it in the set of all discount factors that price assets correctly. (See Hansen and

Jagannathan (1994) for details.)

Since the vector, 8, of parameters describing a particular asset-pricing model is unknown, a
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natural way to estimate them is to choose those values for § that minimize Dist given in (C1).
We can then assess the specification error of a given stochastic discount factor by examining the

maximum pricing error Dist associated with it, as suggested by Hansen and Jagannathan (1994).

Let
1 T
Dr = T Z R:Y} (C2)
t=1
1 T
wr() = 7 > wi(6) =Dré — 1y (C3)
=1
1 T
Gr = 'sztR'lt . (C4)
t=1

The sample analog of the HJ-distance defined in (C1) is thus

Disty(6) = \/msinwfr(é)G;le(é) . (Cs)

We will therefore estimate dr by minimizing the sample analog of (C1), i.e., choose 6r as the

solution to
n?an(J)’Ggle(é) : (C6)
The first order condition of the minimization problem is
DrGrlwr(ér) =0, (C7)
which gives
r —1 “1r -1
or = (DrG7'Dr) DGrlly . (C8)

The estimator 1 is equivalent to a GMM estimator defined by Hansen (1982) with the moment
restriction E[w(8)] = 0 and the weighting matrix G™'. It is also an extremum estimator described
in Amemiya (1985). Therefore, ‘under some regularity conditions, 7 is consistent and has an
asymptotic normal distribution. For details, we refer readers to Hansen (1982) or Chapter 4 of
Amemiya (1985). We refer to G~! as the HJ weighting matrix.

If the weighting matrix is optimal in the sense of Hansen (1982), then T'[Distr(d7))? is asymp-
totically a random variable of x? distribution with N — K degrees of freedom, where K is the

dimension of the vector J of unknown parameters. However, G™! is generally not optimal, and
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thus the distribution of T[Distr(ér)]? is not x2(N — K). The following theorem shows that the
asymptotic distribution of T'[Distr(dr)]? is a weighted sum of x2 distributed random variables, each

of which has 1 degree of freedom.

Theorem 3 Suppose that for some & we have v/Twz(6) AN (Ow,S), where S is a positive
definite matriz. Assume Dp -2 D, where D is an N X K matriz of rank K, and assume G - G,

where G is non-singular. Let
A =83G™H(Iy — (G~3)'DID'G™'D]'D'G})(G-3)(sty (C9)

where S and G are the upper-iriangle matrices from the Cholesky decomposition of S and G,
and Iy is the N-dimensional identity matriz. Then A has ezactly N — K non-zero eigenvalues,
which are positive and denoted by Ay,...,AN_k, and the asymptotic sampling distribution of the

HJ-distance s

N-K
T[Distr (7)) 4, Z Ajvj as T — oo, (C10)
Jj=1

where v1,...,uN—k are independent (1) random variables.

Notice that, when all the eigenvalues are unity, T[Distr(é7)]? has an asymptotic Chi-Square

distribution with N — K degrees of freedom. In this case, G is optimal.

As long as we have a consistent estimate St of the matrix S, we can estimate the matrix A

defined in Theorem 3 by
L o1 -1 1, 1 1
Ar = S}G7* (Iy — (G7*)'Dr{Dy.G7'Dr] =" DyGr? ) (GF2) (S3) - (o11)

Then we can estimate the ;s by the positive eigenvalues of A7.

Let u be the asymptotic distribution of T[Distr(67)]?, i.e.,
N-K
u= Z /\jvj s
i=1

and let 9(u) be the probability distribution function of u. Although 1/(u) is not a known distribution
function, we can still conveniently compute the p-value to test the null hypothesis that the discount

factors are specified correctly. Let
{vij}iz1,...1%; j=1,..N-K
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denote T*(N — K)) independent random draws from a x2(1) distribution. These random draws can
be easily obtained on computer. Then, we can obtain a set of independent samples, {u,-};?:‘l, by

letting

N-K

Uy = Z /\jvz-j .

J=1

By the Law of Large Numbers, for each nonnegative number a, we have, as T* — oo,
1 = p [°
F.‘:I(ui <a) — /0 di(u) = Prob{u < a},
1=

where I(u < a) is an index function defined as

1 ifu<a
Iu<a)= (C12)
0 ifu>a.

Here is the proof of Theorem 3. It follows from equation (C3) that
wr(07) = wr(do) + D (o1 — Go) . (C13)

Multiplying both sides of equation (C13) by D,-.G=! and applying the first order condition (C7),
Drlp

we obtain
6r — b = — (DG7'Dr) ” DipGrlwr(s) - (C14)
Substituting (C14) into (C13) gives
wr(ér) = (Iv — Dr(DyGz'Dr)'DrG7') wr(3) . (C15)
After substituting (C15) into (C5) and some algebraic simplifications, we obtain
[Distr (¢r)] = wr(é0)' (G7" ~ G7'Dr(DyG7'Dr) ' DrG7L) wr(bo), (C16)
which gives
T [Distr(6r)]* <+ 2/ (67" - G™'D(D'G™'D)'DG) Z, (C17)

where Z is the N-dimensional random vector of normal distribution with zero mean and covariance

maitrix S.
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Let z be the N-dimensional random vector of normal distribution with zero mean and covariance

matrix Iy. Then Z = (S':li)'z. Substituting this into equation (C17), we have
T [Dist(67)]2 -2 2/ Az, , (C18)

where A is defined in (C9) and is obviously symmetric and positive semi-definite.

It is easy to check that
Iy — (G~3)'D(D'G~'D)~'D'G—}

is symmetric and idempotent, and that its trace is N — K. Thus, we know that its rank is N — K,
which implies that the rank of A is also N — K. It follows that A has exactly N — K positive
eigenvalues, denoted by Aj,...,An_g. Then there is an orthogonal matrix H and a diagonal

matrix A such that
A= diag{/\l, ey /\N—K; ’K} (019)

and A = H'AH. Let x = Hz, then x ~ N(Ox,Iy). Then we have

N-K
T [Distr(o7)] - xAx = 3 Ma? . (C20)
Jj=1
2

Letting vj = x5

;7 completes the proof.
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Notes

[y

10.

11.

12.

13.

. See Sharpe (1964), Lintner (1965) and Black (1972).

See Banz (1981), Reinganum (1981), Gibbons (1982), Basu (1983), Chan, Chen and Hsieh
(1985), Shanken (1985), and Bhandari (1988).

. Hansen and Jagannathan (1994) find that this is true even after controlling for systematic

risk using a variety of other measures.

See Hansen and Singleton (1982), Connor and Korajczyk (1988a and 1988b), Lehmann and
Modest (1988), and Hansen and Jagannathan (1991 and 1994).

Also see Jegadeesh (1992), who obtains results similar to Fama and French.

This is because an asset that is on the conditional mean-variance frontier need not be on the

unconditional frontier, as Dybvig and Ross (1985) and Hansen and Richard (1987) point out.

See Bollerslev, Engle and Wooldridge (1988), Harvey (1989), Ferson and Harvey (1991, 1993),
and Ferson and Korajczyk (1993).

. See Merton (1973) and Long (1974).

Note that expected betas are not the same as unconditional betas, but we will relate the two

in the next subsection.

See Bodurtha and Mark (1991) for an empirical examination of the conditional CAPM spec-

ification under more restrictive assumptions.

Keim and Stambaugh (1986), Fama and French (1989), and Chen (1991) provide empirical

evidence that supports this view.

See Table 2.2 in National Income and Product Account of the U.S. published by the Bureau

of Economic An‘a.lysis, the U.S. Department of Commerce.

See Shanken (1987) and Kandel and Stambaugh (1987 and 1990), who show how the corre-
lation between the market index proxy return and the unobserved wealth return is related to

the mean-variance efficiency of the market-index proxy portfolio.
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14.

15.

16.

17.

Notice that we can rewrite the conditional CAPM given in equation (2) to get the following

conditional stochastic discount factor representation: E [Ritd¢|I;—1] = 1, where d; = xg;_; +

1 Yit—1 — Yii—1
Yoot T ['rot—lVar(RmtIIt—Tf] E[Rmt|ls-1], and &1y = Yot—1Var(Bme[lz-1) °

Cochrane (1992) suggests examining E [R;d;|I;_1] = 1 empirically by assuming that kg;_1

K1t—1BRmt, Kot—1 =

and k¢ are linear functions of variables in the date t—1 information set I;_,. Ifone assumes,
as in Carhart et al. (1995), that (i) x1;—1 = #; (a constant) and (ii) kot—1 = wo1+ro2 RET", the
stochastic discount factor then becomes d; = xq; -{—ngng_felm—i-an}’ ¥, which resembles the one
given in equation (25) with djapor = 0. However, these assumptions are rather unreasonable.
First, since k11 is a function of the conditional market risk premium, conditional zero-beta
rate, and conditional variance of the market portfolio, it should be time-varying in nature.
It is not reasonable t(.) assume that x1;_; is a constant when the purpose is to evaluate the
conditional CAPM with time-varying expected returns, variances, and covariances. Second,
with assumption (i), it follows that xos—1 = (1/70¢—1) — k1 E[Rmt|I;—1]. Thus, assumption (ii)
implies that the conditionally expected market return is a linear function of RP™ and the
inverse of the zero-beta rate. This is very hard to justify because the conditionally expected
market return should, according to the conditional CAPM, be the sum of the market risk
premium and the zero-beta rate (see equation (A1) in Appendix A). In contrast, to derive
model (25), we only assume that the conditionally expected market risk premium is a linear
function of the variables in the information set. This assumption can be justified under joint

normality.
See Chari, Jagannathan and Ofer (1986).

Chan, Jegadeesh, and Lakonishok (1995) report that the sample selection bias, if any, does
not explain the superior performance of value stocks for the top quintile of the NYSE-AMEX

stocks.

Davis (1994), using a database that is free of survivorship bias, finds that book-to-market
equity has significant explanatory power with respect to the cross-section of realized stock
returns during the period of July 1940 through June 1963. It is worthwhile pointing out that
we do not claim that the “book-to-market” variable does not help predict future returns on a

stock. We are only pointing out that the COMPUSTAT data set has some selection bias and

52



18.

19.

20.

21.

22,

23.

hence is unsuitable for econometric evaluation of asset-pricing models until we have a clearer

understanding of the bias.

Our empirical specification with labor income is similar to that used by Fama and Schwert
(1977) when betas do not vary over time. The difference is that we used lagged labor income
since labor income is published with a one-month lag. For a more detailed discussion of this

issue, see Jagannathan and Wang (1993).
See Stocks, Bonds, Bills and Inflation, 1991 Year Book by Ibbotson Associates Inc.

Daniel and Titman (1995) find that only part of the return premia on small capitalization
and high book-to-market stocks can be explained by the betas with respect to the two factors
introduced by Fama and French (1993). Hansen and Jagannathan (1994) point out that any
given misspecified model can be “fixed” by adding a particular “modifying portfolio payoff” to
the stochastic discount factor associated with the model. Equivalently, any given misspecified
linear beta-pricing model can be “fixed” by adding one more beta, where the additional beta
is computed with respect to the return on the “modifying portfolio”. The results in Fama
and French (1993) suggest that the modifying portfolio associated with the static CAPM is
a portfolio of only two factors — the size and book-to-market factors. However, there is no

theoretical explanation for this empirical regularity.

However, this issue will not be explored in this paper. In a separate paper, we will compare

the sampling properties of the optimal and HJ weighting matrices.

Kandel and Stambaugh (1995) suggest using an alternative measure of goodness of fit that is
invariant to portfolio formation for examining the performance of a given model. However,
for comparing the relative performance of different models using the same set of assets, the

OLS R? measure is quite appropriate.

In the previous version of the paper (published in the Journal of Finance 53, 3-53), we
assumed Ele;|Y] = 0, which unreasonably requires that e;x; is orthogonal to all the y-
variables (thanks to Reymond Kan for pointing out this), although the formula for W is still

the same if we simply replace Ele;:|V] = 0 by Ele;x¢|Yz] = 0 in Assumption 4.
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24. In the previous version of the paper, we assumed that Eleie;i¢|Y] does not depend on Y,

which is removed in this report. This leads to some slight modifications to the formula for

W.

25. The formula for W here is slightly different from the formula in the previous version of the
paper. The difference is due to the changes in Assumption 4. All the empirical results with

bias-corrected t- and p-values presented later in this report are based on this new formula.
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Table I. Basic Characteristics of the 100 Portfolios
Using stocks of non-financial firms listed in the NYSE and AMEX covered by CRSP, the 100

portfolios are formed in the same way as in Fama and French (1992). For every calendar year,
starting from 1963, we first sort firms into size deciles based on their market value at the end of
June. For each size category, we estimate the pre—Beta of each firm by the slope coefficient in the
regression of the 24 to 60 months of past-return data on a constant and the CRSP value-weighted
index of the corresponding months. We then sort firms within each size decile into beta deciles based
on their pre-betas. This gives 100 portfolios, and we compute the return on each of these portfolios
for the next 12 calendar months by equally weighting the returns on stocks in the portfolio. We
repeat this procedure for each calendar year. This gives a time series of monthly returns (July
1963 — December 1990, i.e., 330 observations) for each of the 100 size-beta portfolios. BV is the
slope in the regression of portfolio i’s return on the CRSP value;weighted stock index return and
a constant for the entire 330 month period. A portfolio size is calculated as the equally-weighted
average of the logarithm of the market value (in million dollars) of the stocks in the portfolio. g™
and B2 are calculated in a similar way. The numbers given in panel D are the part of g"™
orthogonal to a constant and 8", and the numbers in panel E are the part of 3!25°f orthogonal to

a constant, BY% and BP™™.
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Panel A: Time-Series Averages of Returns

B-L

5-2

B-3

B-4

B-5

B-6

8-7

B-8

B-9

f-H |

Size-S
Size-2
Size-3
Size-4
Size-5
Size-6
Size-7
Size-8
Size-9

Size-B

1.44
1.13
1.26
1.37
0.97
1.07
0.99
0.95
0.94

1.06

1.53
1.22
1.27
1.47
1.53
1.36
1.18
1.19
0.92
0.97

1.56
1.09
1.22
1.40
1.10
1.34
1.13
1.02
1.05
1.02

1.71
1.19
1.26
1.28
1.28
1.12
1.19
1.39
1.17
0.94

1.36
1.38
1.16
1.01
1.18
1.25
0.96
1.18
1.15
0.83

1.44
1.37
1.29
1.39
1.04
1.27
0.99
1.24
1.03
0.93

1.37
1.37
1.34
1.11
1.35
0.84
1.11
0.94
1.02
0.82

1.33
1.30
1.19
1.33
1.07
0.94
0.91
1.02
0.84
0.83

1.46
1.15
1.12
1.07
1.23
0.92
0.90
0.88
0.80
0.61

1.34
0.95
0.89
0.95
0.82
0.77
0.83
1.08
0.51

0.72

Panel B: The Estimated gY%s

B-L

B-2

B-3

B-4

B-5

B-6

B-7

B-8

8-9

AH |

Size-S
Size-2
Size-3
Size-4
Size-5
Size-6
Size-7
Size-8
Size-9

Size-B

0.90
0.83
0.78
0.75
0.57
0.62
0.64
0.64
0.62
0.68

0.99
1.00
0.93
0.91
0.78
0.77
0.84
0.73
0.78
0.76

1.01
1.09
1.09
1.05
1.10
0.88
1.01
0.91
0.88
0.80

1.13
1.12
1.11
1.13
1.10
1.01
1.07
1.04
0.96
1.00

1.17
1.18
1.18
1.19
1.12
1.08
1.16
1.07
1.04
0.97

1.21
1.29
1.27
1.32
1.20
1.25
1.21
1.17
1.05
1.00

1.20

1.33
1.29
1.25
1.25
1.22
1.26
1.22
1.13
1.04

1.31
1.39
1.40
1.32
1.43
1.34
1.26
1.19
1.17
1.09

1.44
1.48
1.42
1.56
1.45
1.32
1.31
1.23
1.22
1.10

1.54 |

1.63
1.70
1.61
1.54
1.59
1.54
1.50
1.34
1.28

Panel C: The Time-Series Averages of Size (log $million)

B-L

B-2

-3

-4

B-5

p-6

B-7

£-8

£-9

Size-S
Size-2
Size-3
Size-4
Size-5
Size-6
Size-7
Size-8
Size-9
Size-B

2.48
3.71
4.21
4.67
5.07
5.47
5.91
6.44
6.98
8.11

2.50
3.72
4.21
4.65
5.09
5.48
5.92
6.42
6.98
8.26

2.49
3.73
4.21
4.64
5.07
5.47
5.93
6.43
7.00
8.22

2.48
3.73
4.21
4.65
5.08
5.48
5.92
6.39
6.98
8.19

2.48
3.71
4.21
4.65
5.08
5.48
5.92
6.43
6.96
8.16

2.50
3.71
4.23
4.65
5.07
5.48
5.89
6.41
6.97
8.18

2.46
3.72
4.21
4.65
5.07
5.48
5.91
6.43
6.95
8.06

2.46
3.72
4.22
4.64
5.07
5.48
5.90
6.42
6.96
8.03

2.46
3.72
4.21
4.64
5.07
5.47
5.92
6.40
6.95
7.92

2.34
3.72
4.20
4.64
5.05
5.48
5.90
6.40
6.97

7.81
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Panel D: The Estimated 8] that is Orthogonal to B

Size-B

BL B2 B3 B4 p5 p6 AT B8 (9 [H|

Size-S | -0.03 0.30 020 008 043 025 0.16 025 046 0.24
Size-2 | -0.47 041 047 -0.23 002 032 040 0.66 034 -0.03
Size-3 | -0.04 0.0 041 027 -0.01 006 -0.50 -0.04 018 -0.38
Size-4 | -0.04 037 -007 -0.28 024 013 071 -0.28 -026 -0.18
Size-5 | -0.06 -0.13 0.8 0.08 0.06 0.17 011 0.14 -019 -0.79
Size-6 | 0.21 0.38 038 -0.01 0.2 062 -0.30 0.02 -045 -0.49
Size-7 |-0.06 0.44 044 026 0.19 015 -0.07 0.06 031 0.05
Size-8 | -0.44 -0.33 -002 0.16 041 011 005 -0.34 -0.60 -0.37
Size9 |-0.26 -0.34 0.14 009 -0.14 -0.13 0.5 -0.53 -0.03 -0.40
Size-B | -0.45 -0.07 -0.02 -0.26 -0.09 -0.64 -0.53 -0.34 -0.89 -0.25
Panel E: The Estimated 82" that is Orthogonal to SP™™ and B/ )

| pL B2 p3 P4 P55 (6 p7 p8 (9 MH|
[ Size-S | 1.23 1.15 071 048 065 019 138 073 108 073
Size-2 | 0.60 055 020 -0.10 051 053 -0.30 -0.84 035 -0.30
Size-3 | 0.32 0.9 -044 0.79 -0.29 0.07 094 013 013 052
Size-4 | -0.04 048 046 -0.17 -0.05 -0.18 -1.40 0.5 030 0.42
Size-5 | 0.19 0.27 -015 0.30 0.6 -0.58 002 0.2 110 0.16
Size-6 | -0.09 -0.05 -0.05 -0.08 0.2 -0.66 001 -0.52 -0.01 -1.04
Size-7 | -0.66 -0.22 -0.38 -0.26 0.07 -0.07 -0.58 -0.21 -0.16 -0.45
Size-8 |-0.25 0.16 -0.40 0.20 -0.53 -0.35 -0.76 -0.50 0.73 -0.78
Size-9 | -0.38 -0.16 -0.27 -0.64 -0.07 -0.21 -0.25 -0.29 -0.39 -0.67

0.32 -0.04 -0.04 -037 -024 0.01 -023 -043 0.02

-1.24
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Table II. Evaluation of Various CAPM Specifications

This table gives the estimates for the cross-sectional regression model

E[Rit] = o + Csize 10g(ME;) + cywf™ + CpremBr™ + Clabor 8200

and the model for the moments
E [th (50 -+ 5vatvw + 5premRtprem + 6la.borR}§abor)] =1 )

with either a subset or all of the variables. Here, R;; is the return on portfolio i (¢ =1,2,..., 100)
in month ¢ (July 1963 — December 1990), R}" is the return on the value-weighted index of stocks,
R}T" is the yield spread between low- and high-grade corporate bonds, and RI2b°r js the growth
rate in per capita labor income. The S}V is the slope coefficient in the OLS regression of Ry
on a constant and R}". The other betas are estimated in a similar way. The portfolio size,
log(ME;), is calculated as the equally-weighted average of the logarithm of the market value (in
million dollars) of the stocks in portfolio i. The regression models are estimated by using the
Fama-MacBeth procedure. The “corrected t- and p-values” take sampling errors in the estimated
betas into account. The models for the moments are estimated by using the Generalized Method
of Moments with the Hansen-Jagannathan weighting matrix. The minimized value of the GMM
criterion function is the first item under the “HJ-dist,” with the associated p-value immediately

below it. All the R-squares and p-values are reported in percentage.
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Panel A: The Static CAPM without Human Capital

Coefficient:

Co Cvw Cprem Cilabor  Csize R-square
Estimate: 1.24 -0.10 1.35
t-value: 5.17 -0.28
p-value: 0.00 78.00
Corrected-t: 516 -0.28
Corrected-p: 0.00 78.01
| Estimate: 2.08 -0.32 -0.11 57.56
t-value: 5.79 -0.94 -2.30
p-value: 0.00 34.54 2.14
Corrected-t: 5.76 -0.94 -2.29
| Corrected-p: 0.00 34.61 2.21
Coeflicient: 80 Ovw Oprem  Olabor HJ-dist
| Estimate: 097 155 6548
t-value: 89.01 1.09
p-value: 0.00 27.59 0.22

Panel B: The Conditional CAPM without Human Capital

Coefficient:

Co Cvw  Cprem Clabor  Csize .R-square
| Estimate: 0.81 -031 0.36 29.32
t-value: 2.72 -0.87 3.28
p-value: 0.66 38.45 0.10
Corrected-t: 2.23 -0.70 2.62
Corrected-p: 2.55 48.33 0.89
| Estimate: 1.77 -0.38  0.16 -0.10 61.66
t-value: 475 -1.10 2.50 -1.93
p-value: 0.00 27.17 1.26 5.35
Corrected-t: 4.56 -1.04 2.38 -1.85
Corrected-p: 0.00 29.62 1.74 6.42
| Coefficient: 8  Oww Oprem Otabor HJ-dist
[ Estimate: 148 2.05 -45.94 6425
t-value: 6.71 147 -2.36
p-value: 0.00 14.14 1.83 0.98
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Panel C: The Conditional CAPM with Human Capital

Coeflicient: co Cyw Cprem  Clabor  Csize R-square
Estimate: 124 -040 0.34 0.22 55.21
t-value: 5.51 -1.18 3.31 2.31
p-value: 0.00 23.76 0.09 2.07
Corrected-t: 431 -0.90 2.37 1.74
Corrected-p: 0.00 36.87 1.78 8.15
Estimate: 1.70  -0.40 0.20 0.10 -0.07 64.73
t-value: 4.61 -1.18 3.00 2.09 -1.45
p-value: 0.00 23.98 0.27 3.62 14.74
Corrected-t: 4.16 -1.07 2.68 1.92 -1.31
Corrected-p: 0.00 28.58 0.73 5.54 19.13
| Coefficient: G0 Ovw Oprem  Olabor HJ-dist
[ Estimate: - 2.26 181 -65.72 -97.72 6184
t-value: 6.39 1.26 -3.10 -2.94
p-value: , 0.00 20.65 0.20 0.33 19.38
) Panel D: The Static CAPM with Human Capital
Coeflicient: co Cyw Cprem  Clabor  Csize R-square
Estimate: 1.67 -0.22 0.23 30.46
t-value: 6.91  -0.63 2.37
p-value: 0.00 53.19 1.77
Corrected-: 5.67 -0.52 1.91
Corrected-p: 0.00 60.64 5.63
| Estimate: 2.09 -0.32 0.05 -0.10 58.55
t-value: 5.80 -0.96 122 -2.15
p-value: 0.00 33.78 -22.29  3.19
Corrected-t: 5.66 -0.95 1.20 -2.09
Corrected-p: 0.00 34.45 22.04 3.67
Coefficient: 8o dyw Oprem  Otabor HJ-dist -
Estimate: 1.37 122 -68.68 6422 |
t-value: 7.73 0.85 -2.32
p-value: 0.00 39.65 2.01 1.94

60




Table III. Comparison with the Factors Used by Chen, Roll and Ross (1986)

This table gives the estimates for the cross-sectional regression model

E[Rg] = co+ el + Cpremﬂ,P e Clabor.Bql:abor

+cursBPTS + cuprBYTR + empBE + eyt
and the model for the moments

E [R4t (60 + 6vatVW + premR}-)rem + 6la‘b°rR}"abor

+0ursUTS; + duprUPR; + SppMP; + duiUL)] =1,

with either a subset or all of the variables. Here, R;; is the return on portfolio i (i=1,2,...,100) in
month £ (July 1963 — December 1990), RY"™ is the return on the value-weighted index of stocks, RM
is the yield spread between low- and high-grade corporate bonds, RI2P°T is the growth rate in per
capita labor income, UTS; is the return spread between long-term government bonds and Treasury
Bills, UPR; is the return differential between long-term corporate and long-term government bonds,
MP; is the growth rate in monthly industrial production in the USA, and Ul is the change of
inflation rate. The BV is the slope coefficient in the OLS regression of R;; on a constant and R}¥.
The other betas are estimated in a similar way. The regression models are estimated by using the
Fama-MacBeth procedure. The “corrected ¢- and p-values” take sampling errors in the estimated
betas into account. The models for the moments are estimated by using the Generalized Method
of Moments with the Hansen-Jagannathan weighting matrix. The minimized value of the GMM
criterion function is the first item under the “HJ-dist,” with the associated p-value immediately

below it. All the R-squares and p-values are reported in percentage.
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Coeflicient: Co Cyw  Cprem Clabor CUTS CUPR  CMP cul R-square
Estimate: 1.88 -0.44 -1.07 039 -0.02 -0.07 38.96
| t-value: 7.18 -1.28 244 163 -0.17 -1.95 ‘
p-value: 0.00 20.14 146 1033 86.27 5.13
Corrected-t: 591 -1.08 -2.08 144 -0.15 -1.72
Corrected-p: 0.00 27.89 3.74 14.95 88.34 8.46
| Coefficient: %  Oew Oprem  Ombor OuTs Oupr  Omp  Oul HJ-dist
Estimate: 0.97 1.15 ' 281 340 230 B8.08 6529
t-value: 8.47 0.76 088 045 0.19 0.23
p-value: 0.00 44.77 37.96 65.19 85.12 81.70 0.16
Coefficient: €  Cvw  Cprem Clabor CUTS CUPR CMP cul R-square
Bstimate: 1.37 -0.51 0.29 0.18 -0.17 0.19 0.07 -0.03 57.87
t-value: 6.33 -1.46 3.54 244 -046 092 0.61 -0.99
p-value: 0.00 14.50 0.04 1.47 64.75 35.72 54.26 32.11
Corrected-t: 5.08 -1.13 2.71 197 -035 0.75 047 -0.76
Corrected-p: 0.00 25.76 0.66 486 72.42 4546 63.73 44.71
Coefficient: do dyw  Oprem Olabor OuTs Oupr  Oump oyl HJ-dist
r Estimate: 2.38 173 -7205 -10433 -027 731 -591 -9.81 6152
t-value: 6.14 113 -3.19 -284 -0.08 0.86 -0.43 -0.27
p-value: 0.00 25.86 0.14 046 94.01 38.95 66.68 78.80 22.06
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Table IV. Comparison with the Factors Used by Fama and French (1993)

This table gives the estimates for the cross-sectional regression model

E[Rtt] = ¢p+ vaﬁg, Y+ Cpremﬁ-,P rem + Clabor,&,]:abor

B HML
gM B;

+csMB =+ cumMmL

and the model for the moments

E [th (50 + vaR;’W + 5premerem + ‘Sla.bor Riabor

+0sMBSMB; + dumr, HML,)] =1,

with either a subset or all of the variables. Here, R;; is the return on portfolio ¢ (¢ =1,2,...,100)
in month ¢ (Jﬁly 1963 — December 1990), RY™ is the return on the value-weighted index of stocks,
RI™™ is the yield spread between low- and high-grade corporate bonds, RI*° is the growth rate
in per capita labor income, and SMB; and HML; denote the respective Fama and French (1993)
factors that are designed to capture the risks related to firm size and book-to-market equity. The
B is the slope coefficient in the OLS regression of R;; on a constant and RY™. The other betas
are estimated in a similar way. The regession models are estimated by using the Fama-MacBeth
procedure. The “corrected ¢- and p-values” take sampling errors in the estimated betas into account.
The models for the moments are estimated by using the Generalized Method of Moments with the
Ha.nsen—Jagaﬁnathan weighting matrix. The minimized value of the GMM criterion function is the
first item under the “HJ-dist,” with the associated p-value immediately below it. All the R-squares

and p-values are reported in percentage.
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Coefficient:

R-square -

Co Cyw  Cprem Clabor CSMB CHMIL
Estimate: 1.39 -045 0.33 0.25 55.12
t-value: 6.07 -0.95 1.53 0.96
p-value: 0.00 34.34 12.60 33.59
Corrected-t: 5.87 -0.92 1.49  0.94
Corrected-p: 0.00 35.69 13.65 34.69
Coefficient: do Svw (Sprem Olabor OSMB  OHML HJ-dist
Estimate: 0.98 2.62 -4.56 -0.94 .6432
t-value: 35.00 1.35 -2.10 -0.28
p-value: 0.00 17.78 3.60 7791 0.65
Coefficient: co Cvw  Cprem  Clabor CSMB CHML R-square -
Estimate: 1.20 -0.38 0.22 0.11  0.16 0.22 64.04 -
t-value: 524 -0.80 3.32 225 0.78 0.84
p-value: 0.00 4241 0.09 244 43.79 40.24
Corrected-£: 4.65 -0.69 2.90 202 068 0.72
Corrected-p: 0.00 49.17 0.37 4.30 49.76 47.15
| Coefficient: 8  Oww Oprem Olabor OsMB  OmML HJ-dist
Estimate: 2.17 2.62 -62.00 -89.33 -3.30 -0.59 6123
t-value: 6.09 126 -294 -2.67 -142 -0.18
p-value: 0.00 20.90 0.32 0.77 15.52 85.98 18.58
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Table V. Tests Using the Time Series of Monthly Excess Returns on the 100 Size-Beta
Sorted Portfolios

This table gives the estimates for the following two regression models:

E[Rtt] = va,Bng + cpremB? rem + Claborﬂ%a‘bor

E[Rit] = cowfB™ + compBEME + e BEMY
and the two models for the moments

B [th (1 + vaRtvw + 3DfemR11§):elm + ‘glabor labor)] =0

E [Rit (1 + bvwRY™ + dsmp RPME + SHMLREIML)] =0.

Here, Ry = Rit — RTBill where Ry is the return on portfolio ¢ (i = 1,2,...,100) in month ¢
(July 1963 ~ December 1990) and RJP! is the return on the T-Bill. RY¥ is the return on the
value-weighted index of stocks and Ry™ = Ry" — RTBl. RP™™ is the yield spread between low-
and high-grade corporate bonds, RI2P is the growth rate in per capita labor income, and SMB;
and HML; denote the respective Fama and French (1993) factors that are designed to capture the
risks related to firm size and book-to-market equity. The ﬁ;’w is the slope coefficient in the QLS
regression of R;; on a constant and Ry". The other Bs are estimated in a similar way. The ﬁ;’w is
the slope coefficient in the OLS regression of R;; on a constant and f?,t"w. The regression models are
estimated by using the Fama-MacBeth procedure. The “corrected ¢- and p-values” take sampling
errors in the estimated betas into account. The models for the moments are estimated by using the
Generalized Method of Moments with the Hansen-Jagannathan weighting matrix. The minimized
value of the GMM criterion function is the first item under the “HJ-dist,” with the associated

p-value immediately below it. All the R-squares and p-values are reported in percentage.
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[ Coeflicient:

€0 Cyw Cprem Clabor CSMB CHML R-square
Estimate: 0.79 -0.40 0.34 0.22 55.21
t-value: 3.58 -1.18 3.31 2.31
p-value: 0.03 23.76 0.09 2.07
Corrected-i: 2.79 -0.90 2.37 1.74
Corrected-p: 0.53 36.87 1.78 8.15
Coefficient: va Sprem gla,bor SSMB SHML HJ-dist
Estimate: -0.10 -48.21 -59.92 .1443
t-value: -0.25 -13.13 -9.25
p-value: 80.10 0.00 0.00 96.49
Coefficient: co Cvw Cprem  Clabor CSMB CHML R-square
Estimate: 0.86 -047 033 0.24 55.20
t-value: 3.76 -0.99 1.56 0.92
p-value: 0.02 32.20 11.91 35.97
Corrected-t: 3.64 -0.96 1.62 0.90
Corrected-p: 0.03 33.57 12.94 37.06
Coefficient: 8w Sprem Slabor OSMB  OHML HJ-dist
Estimate: -4.58 -0.45 -9.94 .5348
t-value: -3.34 -0.23 -3.80
p-value: 0.08 81.79 0.01 26.48
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Figure 1. Fitted Expected Returns vs. Realized Average Returns

Each scatter point in the graph represents a portfolio, with the realized average return as the
horizontal axis and the fitted ezpected return as the vertical axis. For each portfolio 4, the realized
average return is the time-series average of the portfolio return, and the fitted expected return is

the fitted value for the expected return, E[R;], in the following regression model:
E[Ri] = co + el

where 3V is the slope coefficient in the OLS regression of the portfolio return on a constant and
the return on the value-weighted index portfolio of stocks. The straight line in the graph is the 45°

line from the origin.
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Figure 2. Fitted Expected Returns vs. Realized Average Returns

Each scatter point in the graph represents a portfolio, with the realized average return as the
horizontal axis and the fitted ezpected return as the vertical axis. For each portfolio ¢, the realized
average return is the time-series average of the portfolio return, and the fitted expected return is

the fitted value for the expected return, E[R;}, in the following regression model:
E[R;] = cp + Csize log(ME;) + cow ™

where 8V is the slope coefficient in the OLS regression of the portfolio return on a constant and
the return on the value-weighted index portfolio of stocks, and the portfolio size, log(ME;), is
calculated as the equally-weighted average of the logarithm of the market value (in million dollars)

of the stocks in portfolio 7. The straight line in the graph is the 45° line from the origin.
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Figure 3. Fitted Expected Returns vs. Realized Average Returns

Each scatter point in the graph represents a portfolio, with the realized average return as the
horizontal axis and the fitted ezpected return as the vertical axis. For each portfolio 7, the realized
average return is the time-series average of the portfolio return, and the fitted expected retumn is

the fitted value for the expected return, E[R;], in the following regression model:

E[Rz] =cp+ vaﬁyw + Cpremﬂf e Claborﬁ}:abm 1

where BY% is the slope coefficient in the OLS regression of the portfolio return on a constant and
the return on the value-weighted index portfolio of stocks, B,Pmm is the slope coefficient in the OLS
regression of the portfolio return on a constant and the yield spread between low- and high-grade
corporate bonds, and ﬂ}ab"’ is the slope coeflicient in the OLS regression of the portfolio return on
a constant and the growth rate in per capita labor income. The straight line in the graph is the

45° line from the origin.
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Figure 4. Fitted Expected Returns vs. Realized Average Returns

Each scatter point in the graph represents a portfolio, with the realized average return as the
horizontal axis and the fitted ezpected return as the vertical axis. For each portfolio ¢, the realized
average return is the time-series average of the portfolio return, and the fitted expected return is

the fitted value for the expected return, E[R;], in the following regression model:

E[-Rt] = ¢p + Cgize IOg(ME,-) + CVW,B:W + Cpremﬂ.? rem + Clabor ‘Bl!abor ,

where (Y7 is the slope coefficient in the OLS regression of the portfolio return on a constant and
the return on the value-weighted index portfolio of stocks, SP™™ is the slope coefficient in the OLS
regression of the portfolio return on a constant and the yield spread between low- and high-grade
corporate bonds, 812b°r is the slope coefficient in the OLS regression of the portfolio return on
a constant and the growth rate in per capita labor income, and the portfolio size, log(ME;), is
calculated as the equally-weighted average of the logarithm of the market value (in million dollars)

of the stocks in portfolio ¢. The straight line in the graph is the 45° line from the origin.
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