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Testing Portfolio Efficiency with Conditioning Information

We develop asset pricing moddsO implications for portfolio efficiency when there is
conditioning information in the form of a set of lagged ingruments. A modd of expected
returns identifies a portfolio that should be minimum variance efficient with respect to the
conditioning information. Our framework refines previous tests of portfolio efficiency by
usng a given set of conditioning information optimally. The optima use of the lagged
variables is economically important. With standad portfolio designsand lagged ingruments,
by udng the indruments optimaly we regject several efficiency hypoheses tha are not
otherwise rejected. The Shape ratios of a sample of hedge fund indexes appear congstent

with the optmal use of conditioning information.



Asset pricing modds say tha particular portfoliosare minimum variance efficient, and testing
the efficiency of agiven portfolio haslongbeen an important topic in empirical asset pricing.*
Classical efficiency tests ask if atested portfolio lies GignificantlyOinsde a sample mean
variance bounday. These studies form thebounday from fixed-weight combinaionsof the
tested asset returns However, many studiesin asset pricing now use predetermined variables
to modd conditiond expected returns correlationsand volatility, and portfolio weights may
befundionsof the predetermined variables. This paper developstests of portfolio efficiency
in aconditiond setting.

Our contribution is a new framework for testing asset pricing theories in the presence of
conditioning information. The framework uses QunoonditiondO efficiency as defined by
Hansen and Richard (1987) An unoondtiondly efficient portfolio uses the conditioning
information in the portfolio weight fundion, to minimize the unconditiond variance of return
for its unanditiond mean. We refer to this as (minimum variance) efficiency with respect to
the information, Z. By testing the implications of asset pricing modds for efficiency with
respect to Z, we use the conditioning information Gptimally,O alowing for nonlinear
fundionsof theinformation. Our testing framework has other attractive propeaties as well.

The basic logic of our approach is as follows. A modd of expected returns implies tha

for the right stochastic discount factor, m, E(mR|Z) = 1, whee Z are obrvable lagged

! The Capital Asset Pricing Model (CAPM, Sharpe, 1964) implies that a market portfolio should be mean
variance effi cient. Multiple-beta asset pricing models such as Merton (1973) imply that a combination of the factor
portfolios is minimum variance efficient (Chamberlain, 1983; Grinblatt and Titman, 1987). The consumption CAPM
implies that a maximum correlation portfolio for consumption is efficient (Breeden, 1979). More generally, any
stochastic discount factor model implies that a maximum correlation portfolio for the stochastic discount factor is
minimum variance effi cient (e.g., Hansen and Richard, 1987). Classical efficiency tests are studied by Gibbons (1982),
Jobson and Korkie (1982), Stambaugh (1982), MacKinlay (1987), Gibbons, Ross and Shanken (1989) and others.



ingruments and R is the vector of gross (i.e., oneplustherate of) returns Any specification
for mimpliestha particular portfolio(s) should beefficient with respect to Z. We test an asset
pricing modd by testing theefficiency of theindicated portfolio(s) with respect to Z.

Our testing framework involves expanding the mean variance frontier throughthe use of
noniinear Qlynamic strategies,Oas explained bdow. Therefore, a central empirical issue is
whether such strategies can improve the unconditiond Sharpe ratio. For example, some
hedge funds claim large Sharpe ratios and Fung and Hsieh (1997) find tha hedge funds
follow nonlinear strategies. We find tha an equity market neutral hedgefundindex ddivers
an average monthly Sharpe ratio of 0.76 during the 19952002period. Static combinaionsof
the 25 Fama-French portfolios formed on size and bookmarket can only achieve a (bias
adjuded) Sharpe ratio of 0.31. However, by efficiently usng standard lagged variables the
Sharperatio is 1.05. Thus the economic significance of our approach is potentially large
Hedgefunds might appear to expand the mean variance bounday dramatically, but not when
thebounday indudes the norlinear lagged variable strategies.

Previous studies also use condiioning information to expand the set of returns For
example, the GactorsO or assetsOreturns may be multiplied by lagged ingruments, as in
Shanken (1990) Hansen and Jagannahan (1991) Cochrane (1996) Jagannahan and Wang
(1996) or Ferson and Schadt (1996) This QnultiplicativeOapproach correspondsto dynamic
strategies whose portfolio weights are linear fundions of the lagged ingruments. However,
Ferson and Siegd (2001) show that the portfolio weight fundionstha maximize the Sharpe
ratio are not linear fundions They show (see ther Figure 1) tha the nonlinearities occur

within statistically reasonéable limits.



Recent evidence cals into question the ussfulness of standad lagged ingruments to
predict asset returns once bias and sampling errors are accounied for (e.g. Ghysals (1997),
Goyd and Welch (2008, 2004, Simin (2006), Ferson, Sarkissan and Simin, 2003)
However, these studies do not use the conditioning information optimally. We find tha when
smilar variables are used in the optimal nonlinear strategy they do have information.

In the standad approach, with N asset returns and L lagged ingruments, a NL | NL
covariance matrix mug be inveted. With our approach the matrices are N ! N, so larger
problems with fewer time series can be handled. The main cog is the requirement to modd
the conditiond meansand covariance matrix of returns We evalude this cog bd ow.

Anothe advantage of our approach is robudness. Asset pricing tests can be misspecified
for various reasons The econonetrician can assume the wrong probability distribution,
misspecify the moments of thereturns or the returns can be measured with error. It is well
known tha mean-variance portfolio solutions are especially sensitive to errors in estimating
the mean (e.g. Michaud, 1989). Since mean-variance andysis is the founddion of asset
pricing tests, errors in the means are particularly problematic. Our methodsshould be more
robus to these problems than the classical approach?

Therest of the pgpe is organized as follows. Section 1 further motivates and presents the
main ideas. Section 2 developsthetests. The daa are described in Section 3 and Section 4

presents themain empirical results. Section 5 concludes the pegper.

2 Abhyankanar, Basu and Stremme (2006) and Chiang (2007) study the out-of-sample performance of the

optimal portfolio strategies that form the basis our tests and find that they perform better than the standard mean
variance solutions.



1. Asset Pricing, Portfolio Efficiency and Conditioning Information

Mog asset pricing modds can berepresented usng thefundamental valuaion equation:

E{m.R.Z}=1, 1)
whee R is an N-vector of test asset gross returns Z; is the condtioning information, a
vector of observable variables at time t, my.4 is the stochadic discountfactor (SDF) implied
by the modd and 1 is an N-vector of ones. A common approach to testing an asset pricing
modd is to examine necessary conditions of (1). For example, multiplying both sides of
Equdion (1) by the elements of Z; and then taking the unanditiond expectationsleadsto a
multiplicative approadh:
Em.R.! Z )= 2} )
Equaion (2) asks the stochastic discount factor to (priceO the dynamic strategy payoffs,
R.,! Z, on average (or QuinoonditiondlyQ, where E{;! Zt} are the average prices. The
multiplicative approach captures only a portion of the information in Equdion (1). By usng
QherightOfundionsof Z; we can capture more of theinformation. Of coursg, if the choice
of Z excludes important, unobgrved information, this will result in a loss of power. In this
paper we take the choice of Z as given.
Equaion (1) is equivalent to Equaion (3), holding for all boundel integrable

fundionsf(.):
E{mabRaf @ )g=E{LT @)} 3)
Equation (2) isaspecial case of (3), which may be seen by taking f (Z,) to beeach of the

ingrumentsin turn and stacking the equaions Thus Equaion (2) asks the stochastic discount



factor to price only a subset of the strategies implied by Equation (1) and the asset pricing
modd. Our tests use thefollowing version of Equation (3):
E{m x'(Z)R..}=1 ' x(Z):x'(Z)1=1. 4

Equaion (4) usesal portfolio weight fundionsx(2) in place of the general fundionsin
Equation (3), subject only to therestrictions that the weights are boundel integrable fundions
that sumto 1.0.°

By udng all portfolio weights in Equdion (4), our approach rejects asset pricing modds
tha previousmethodswould notrgject. While many asset pricing modds are rejected in the
literature, Lewellen, Nagd and Shanken (2007)arguethat it may be too easy to find modds
that appear to GexplainOsome retumns like those of the Fama-French portfolios Our approach
appearsto be powerful in tha setting.

Ferson and Siegd (2001 provide the expressions from which we condruc the tests.
These describe the efficient frontier of al portfolio weight fundions The optima weight

fundion minimizes the uncondtiond variance of x'(Z,)R,, for its unacnditiond mean, ! ,

% Equation (4) follows by multiplying (1) by the elements of the portfolio weight vector x(Z) and summing,

using the fact that the weights sum to 1.0, then taking the unconditional expectation. Because of the portfolio weight
restriction, Equation (4) is an implication of but is not equivalent to (3). Equation (4) retains the dynamic asset
alocation decisions alowed by (3)N moving funds from one asset to another based on conditioning informationN but
leaves out the opportunity to save more or less, atering the overall scae of the investment based on conditioning
information. In equation (3), since both sides of the equation may be arbitrarily scaed by a constant, the
unconditional expectation of the portfolio weights sum to 1.0 (Abhyankar, Basu and Stremme, 2006). Restricting to
weights that @ most dways sum to 1.0 in Equation (4) allows us to work with portfolio returns and portfolio efficiency,
as opposed to asset prices and payoffs. Working with prices and payoffs, it would be necessary in any event, to
normalize the prices to achieve stationarity for empirical work.



ove thefundionsx(Z). Thesolution for the weights on therisky assets, in the presence of a
risk free asset with return R;, is given by Ferson and Siegd (2007) as: *
1 ! Rf 1
x@)="""{u@)! R1'Q, (5

whee Q= Hu(2)! RDMZ)! R1"+H2)$

and "= E{WZ)#R,DIOWEZ)#R, D)},
and 1 isan N-vector of ones. We post a paametric modd for the conditiond mean vector,
M(Z,), and the conditiond covariance matrix, ¥(Z,). Note tha even if the conditiond mean
fundionislinear in Z, the optimal weightis noninear.

Ferson and Siegd (2001)study the shape of theoptimal weightfundion of Equaion (5).
They show tha the portfolios are likely to be robug to extreme observations because the
nonlinear shgpe makes them congervative in theface of extreme realizationsof Z.. Fersonand
Siegd (200) apply the expressions to the Hansen-Jagannahan (1991) boundsand find
robugness in tha setting. Ferson, Siegd and Xu (2006) study modificationsof the solutions
to compute maximum correlation portfoliosand find evidence of robudness. Bekaert and Liu
(2008) arguethat an approach like oursis inherently robug to misspecifying the conditiond
moments of returns Theintuitionis tha with thewrongmoments pu(z,) and Y (z,), usngthe
expression for the ptimalOx(2) is suboptmal. However, the solution still describes a valid

portfolio strategy. The strategy will no longe expand the bounday to the maximum possible

* Equation (5) applies when there is a fixed risk-free rate or atime-varying, conditionaly risk-free rate. We have
experimented with each interpretation and find that in our sample of returns and monthly Treasury bills, the two
interpretations are virtually empirically indistinguishable.



extent. Thusthe tests may sacrifice power, but remain valid with misspecified conditiond
moments. Thekey to obtaining the advantages of our approach istherelation of Equéion (4)

to minimum variance efficient portfolios

1.1 Portfolio Efficiency with Respect to Conditioning Information
We first formally define efficiency with respect to the information, Z;.. Consder the set of all

portfolios of the N test assets R,,, where the weights x(Z,) tha determine the portfolio at

time t are fundions of the given information Z,. The restrictions on the portfolio weight

fundion are tha theweights mug sumto 1.0 (almog surely in Z), and tha the expected value
and second moments of the portfolio return are well defined. This set of portfolio returns
determines a mean-standard deviation frontier, as shown by Hansen and Richard (1987) This
frontier depicts the unanditional means versus the unanditional standad deviations of the
portfolio returns. A portfolio is defined to be efficient with respect to theinformation Z;, when
it is onthis mean standad deviationfrontier.

Propostion1. (Hansn andRichard, 1987,Corollary 3.1) Given N test asset grossreturns,

R:+1, a given portfolio with grossreturn R _,,, isminimum-variance efficient with respect to

p,t+1
theinformation Z; if andonly if Equaion (6) (equivalently, Equaion 7) is satisfied for all
X(Z,): x'(Z,)1=1 almog surely, where therelevant unconditional moments exist and

arefinite;

Var (R, ., )$Var ¢ (2 )R.ug if E(R,..)=E$(Z)R..4 (6)
EgY (Z)R.#=% $Cov oy (Z)Rui R,1% (7)



Equdion (6) is the ddfinition of minimum variance efficiency with respect to Z. It states

tha R,,,, isontheminimum variance boundry formed by al possible portfoliostha use the

test assets and the conditioning information. Equaion (7) states tha the familiar expected
return - covaiance relation from Fama (1973) and Roll (1977) mug hold usng efficientb
with-respect-to-Z portfolios. The expected returns on all the portfolio strategies are linear

fundionsof therr unconditiond covariances with Ry+1. In Equéion (7), the codficients !

and !, arefixed scalars tha do notdepend onthefunctionsx(.) or therealizationsof Z, .

1.2 Asset Pricing Models and Efficiency with Respect to Information

Mog asset pricing modds specify a stochastic discount factor. In paticular, linear factor
modds say tha mislinear in oneor more factors. Propostion 2 describes the ssimplest case of
our framework, showing tha when there is conditioning information, testing linear factor
modds amounts to testing for the efficiency of a portfolio of the factors with respect to the
information.

Propostion 2. Given {R1, Zi} anda stochadic discountfactor my1 such that Equaion (4)

holds thenif m,, =A +BR;,, , where Rg+1 isa k-vector of benchmark factor returns,
andA andB are a condantanda fixed k-vector, there exists a portfolio, Ry+1 = W'Rg t+1,

w'l =1, where w = B/(1'B) isa condantk-vector, and Ry 1 is efficient with respect to the
information Z;.

Proof. SeetheAppendix for all proofs.



The intuition of Propostion 2 is the same as the classical case with no conditioning
information, as the proof in the appendix illugrates. Thedifference istha in our framework

the set of retumsis expanded to all x'(Z)R.

We are interested in general stochastic discount factors, m(X,"), where X is observable
data and " is a vector of parameters. We aso wish to allow for time-varying weights in the
efficient portfolio. This requires the déefinition of portfolios tha are maximum correlation
with respect to Z.

Definition. A portfolio Rp is maximum correlation for arandomvariable, m, with
respect to conditioning information Z, iff:

12(R,,m)" 1?[x(2)Rm] #x(Z):x'(Z)1=1, 8
where" ¥(.,.) isthe squared unconditional correlation coefficient and we restrict to fundionsx
for which the correlation exists.

Propostion 3. If a given m satisfies Equaion (4), then a portfolio Rp thatis maximum
correlation for m with respect to Z mug be minimumvariance efficient with respect to Z.

Propostion 2 is clearly a special case of Propostion 3, because a linear regression
maximizes the squared correlation. If m.1 islinear in Rg.q, alinear regression holdswith no
error. We use Propostion 3 in our tests as follows. Given a stochastic discountfactor, m, we
test themodd by constructing a portfolio tha is maximum correlation for this m with respect

to Z, and we then test theimplication tha the portfolio is efficient with respect to Z.°

® To construct the maximum correlation portfolio for m with respect to Z, we form the portfolio weights using
Equation (6) and the Corollary to Proposition 2 in Ferson, Siegel and Xu (2006).



With the preceding results we can consder a case where the modd implies a stochastic
discountfactor tha islinear in k factor-portfolios alowing for time-varying weights.
Corollary. Given {R1, Zi} anda stochadic discountfactor m; such that Equaion (4)
holds then if a maximumcorrelation portfolio for m.; with respect to Z; hasnonzro weights

only on the k-vector of benchmark factor returns Ry, (a subst of Ri.1), then this portfolio

is efficient with respect to Z, both in the full set of test asset returns and in the benchmark
returns

The situaion described in the Corollary is a QlynamicO version of mean variance
OntersectionOas developed by Hubeman, Kandel and Stambaugh (1987) The Corollary
follows because the factor portfolio in question satisfies the condition of Propostion 3, and so
is efficient with respect to Z, in both the full set and the subset of assets. Thus thefull set and
subset minimum variance boundaies mug toudh at the point defined by the maximum
correlation portfolio. The Corollary does not say tha all efficient combinationsof the factor
returns are efficient in the full set of returns Other points on the subst bounday may be

ingdethefull set bounday.

1.3 Conditional Efficiency
Previous studies test conditional efficiency given Z, where efficiency is defined in terms of

the conditiond meansand variances.® Tests of conditiond efficiency given Z may be handled

® Hansen and Hodrick (1983) and Gibbons and Ferson (1985) test versions of conditional efficiency given Z,
assuming constant conditional betas. Campbell (1987) and Harvey (1989) test conditiona efficiency restricting the
form of a market price of risk, and Shanken (1990) and Ferson and Schadt (1996) restrict the form of time-varying
conditional betas.

10



as a special case of our approach. If there is a (possibly, time-varying) combination of the k

benchmark returns Rg, tha is conditiondly efficient, there is an SDF, m = A(Z) + B(2)'Re.

The codficients are:  A(Z)=R'! E(R,1Z) Cov(R, |1Z) '#! R'E(R,1Z)§ and

1n

B(Z)=Cov(R,1Z) 'l ! R'E(Ry|1Z)# When k=1we have a single-factor modd, as in
the conditiond CAPM. (See Ferson and Jagannahan, 1996) We test conditiond efficiency

by condructing the maximum correlation portfolio for theindicated m with respect to Z. This
portfolio, call it RTD, should be efficient with respect to Z. Note tha R’E, will bedifferent from

Rs when the codficients A(Z) or B(Z) aretime varying fundionsof Z. Thus for example, the
conditiond CAPM does not imply that the market portfolio is efficient with respect to Z.
However, the conditiond CAPM does identify a portfolio of the test assets tha should be
efficient with respect to Z, and this can betested usng our approach.

If wereject conditiond efficiency, then we rglect dynamic intersection afortiori. This
follows from the Hansen and Richard (1987)result tha efficient-with-respect-to Z portfolios
mug beconditiondly efficient. If thereisno combinaion of the benchmark returnstha is
conditiondly efficient, then no combinaion can be efficient with respect to Z, so there can be

no dynamic intersection.

2. Testing Efficiency

11



Classicd tests of efficiency involve restrictionsontheintercepts of a system of time-series

regressons If r, isthevector of N excessreturnsat time t, measured in excess of arisk-free

or zero-betaretumn, and r,, istheexcessreturn onthetested portfolio, theregressionis:
rl:! +"rp,t+u1; t=1..T, (9)

where T is the number of time-series observations, # is the N-vector of betas and $ is the N-
vector of aphas. The portfolio r, is minimumvariance efficient and has the given zero-beta
return only if ! =0.

Classical test dtatistics for the hypothesis tha ! =0 can be written in terms of squaed
Sharpe ratios (e.g., Jobson and Korkie, 1982) Consde the smplest case of the Wald
Statistic:

"Sr) S )#

W =T#@$Cov(B] %:TW') &! ?(N) (10

where $ is the OLS or ML estimator of $ and \/'T(') "l )converges to a nomal random

vector with mean zero and covariance matrix, Cov($$). Theterm & (rp) isthe sample value

of the squared Sharpe ratio of r,, defined by S (rp):$E (rp)/#(rp /z Theterm & (r) is

the sample value of the maximum squaed Sharpe ratio tha can be obtained by portfolios of
theassetsinr (induding ry):

SZ(r) = max é[E(XIr)]Z#

X gVar (Xr) (1D
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The Wald statistic has an asymptotic chi-squared distribution with N degrees of freedom
unde thenull hypohesis’.
Classicd tests ignoring conditioning information restrict the maximization of Equaion

(11) to fixed-weight portfolios where x is a condant. Efficient portfolios with respect to the
information Z maximize the squared Sharperatio over all portfolio weight fundions x(Z).
2.1 Empirical Strategy

We compare the classical approach with no conditioning information, the multiplicative

approach, and the efficient use of the information. When we test the efficiency of a given
portfolio, Ry, then & (R,) in the test statistic is formed using the noma maximum
likelihood estimators of the mean and variance. We use the onemonth US Treasury bill
return as therisk-free or zero-betarate.

The squaed Sharperatio of thebounday portfolio, & (R), differs according to the way

conditioning information is used. When there is no conditioning information we use the

fixed-weight solution to (11) evaluated a the maximum likelihood estimates. For the
multiplicative approach we use theretums R =R, +(R ! R,)" Z,,, where Ry is the one
month Treasury bill return for month t. We then proceed as in the fixed-weight case with the

returns R in place of R. When theinformationis used efficiently, @(R) isformed usngthe

7 When the Wald statistic in (10) is multiplied by §T “ N 1 the result has an exact F distribution in finite
IN(T " 2) "
samples under the assumption that the (ry, ry) in (9) are normally distributed (e.g., Gibbons, Ross and Shanken, (1989).

13



sample mean and variance of ¥'(Z)R where X(Z) isthe sample version of the efficient-with-
respect-to-Z portfolio weight

The solution for #X(Z) is a fundion of the assumed parametric modds for
H(Z)=E(R.|Z) and V(Z)=var(R,|Z). In the smplest examples p(zZ,) is the linear
regression fundion for the returns on Z and Y (Z,) is the covariance matrix of the residuds,

which ishdd fixed over time. We aso consder modds with time-varying ¥ (Z;).2

We evauae the tests using smulations To generate daa congstent with the null
hypotesis tha a portfolio is efficient, we either restrict the return generating process to
guaantee the portfolio@ efficiency, or we replace its return with a portfolio that is efficient,
based on the specification of the asset-return moments. We construct the null distribution of
thetest statistic by using the artificial daa in the same way tha we use the actud data to get
thesample value of the statistic. The ddails are discussed in the Appendix.

We condud experiments to assess the accuracy of our empirica p-values. With no lagged
instruments and normality the exact finite sample p-values are known from the F distribution
(footnate 7). We generate arandom sample of normal returnsfrom a population with mean and
covariance matrix equal to our ML sample estimates. The tested portfolio, which isthe SP500, is
not efficient in this sample and the exact p-value from the F distribution is taken to be the
"correct” p-vaue We check whether our smulations generate similar p-values. We replace the

SP500 with the partfolio tha is efficient given the moments that generate the norma sample,

® Previous approaches to conditional asset pricing directly specify ad-hoc functional forms for x(Z). We use the
optimal strategies, which are given functions of p(Z) and Y (Z), but we must specify these functions. Pushing the

selection of the functiona forms closer to the data is an improvement because the functiona forms of asset return
moments can be evaluated independently of portfolio performance.

14



resample to generate 1,000 artificid samples, and compute thetest statistic on each sample. The
empirica p-valueisthe fraction of these 1,000 trids in which the smulated test statistic exceeds
the value computed on the origind norma sample. Averaging across 100 normal samples, we
find that theempirical p-values andthe GRS p-vaues are similar.” While similar p-valuesdonot
rule out the posshility tha both approaches are inaccurate, we take some comfort from the

amilarity.

3. TheData

We use a standad set of lagged variables to modd the condiioning information. These
indude: (1) the lagged value of a onemonth Treasury bill yield (see Fama and Schwert,
1977) (2) thedividend yield of themarket index (see Fama and French, 1988; (3) the spread
between Moody's Baa and Aaa corporate bondyields (see Keim and Stambaugh, (1986) or

Fama, 1990} (4) the spread between ten-year and oneyear congant maturity Treasury bond

° The p-values for 100 normal samples are summarized below:

industries industries industries industries Size/BM

1963-94 1963-72 1973-82 1983-92 1963-94
Avg. GRS 0.042 0.021 0.055 0.031 0.000
Avg. empirica 0.041 0.039 0.082 0.054 0.000
Mean [GRS-empirical| 0.005 0.018 0.027 0.023 1.08E-5
Std (GRS-empirical) 0.008 0.020 0.025 0.024 9.87E-5

The standard deviation of a correct empirica p-vaue of 5%, when 1,000 trials are used in its construction, is
[.95(.05)/1000]? = 0.007. The standard deviation of the difference between two such p-values, assuming independent
trials, is 0.010.

15



yields (see Fama and French, 1989) and (5); the difference between the onemonth lagged
returns of a three-month and aonemonth Treasury bill (see Campbdl, 1987).

We use two standard methodsof grouping monthly common stock returns into portfolios
Twenty five valueweighted indugry portfolios (from Harvey and Kirby, 1996 are used for
the period February, 1963 to December, 19%X° Table 1 shows the SIC indusry
classifications for the 25 portfolios and summary satistics of the returns The second
grouping follows Fama and French (1996). Stocks are placed into five groupsaccording to
ther prior equity market capitalization, and independently into five groups on the basis of
thar ratiosof bookvalueto market value of equity pe share. These are the same 25 portfolios
used by Ferson and Harvey (1999) who provide details and summary statistics.

This project has matured over a length of time, providing the oppotunity to investigae
the results over a Ghold-outOsample period, January, 1995throughDecember, 2002. We use
25 size x bookto-market and Indugry portfoliosfrom Kenneh French and updde the other
series with fresh daa™ The hold-out sample results are interesting in view of recent
evidence, cited above tha some of the lagged indruments may have log ther predictive
power for stock returns since the 1990s Table 1 reports the adjused R-squaes from
regressing the indugry returns on the lagged ingruments over the 1963-1994 period and the

19952002 sample. The R-squaes are subdantialy lower in the more recent period.

9\We are grateful to Campbell Harvey for providing these data.

M \We use a subset of the 48 value-wei ghted industry portfolios provided by French to match the definitions in
Table 1. We confirm that the matched industry returns produce similar summary statistics and regression R-sguares on
the lagged instruments as our original data, over the 1963-1994 period.
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Regressions on the 25 size and bookto-market portfolios produes a similar result. The

average adjused R-squaed over 19631994is 105%, while over 19952002it is only 1.4%.

4. Empirical Results
4.1 Inefficiency of the SP500Relative to Industry Portfolios

Table 2 summarizes results for the 25 indwstry portfolios where the tested portfolio, R, is
the SP500. In Pand A there is no conditioning information. Subdituting the maximum
likelihood estimates of @(Rp) and @(R) into (10) gives the sample value of the test

satistic. Referring to the asymptotic distribution, the right-tail p-value is 0.48 for 196494
and 0.14: 0.39in the ten-year subpeiods These tests produce little evidence to reject the
null hypotesis. During 19952002the maximum Sharperatio is subgantially higher, and so
isthevalueof thetest statistic: The asymptotic p-valueis 0.001.

Pand A of Table 2 also reports 5% critical values and empirical p-vaues based on Monte
Carlo simulation assuming nomality, and based on a resampling approach tha does not
assume nomality. In addition, we report p-values from the exact F satistic, unde the
assumption of nomality. Congstent with Gibbors, Ross and Shanken (GRS, 1989)the Wald
Test rgjects too often when the asymptotic distribution is used, and when we correct for finite
sample bias usng simulation we find no evidence agang the efficiency of the market index in
the indugry portfolios at least when the conditioning information is ignored. The Monte
Carlo and bootstrapped p-values are close to each other in every subpeiod, suggesting tha
thedepature from nomality of the monthly indudry returnsis not severe. Thep-valuesfrom

theF distribution are also similar to theempirical p-values.
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Pand B of Table 2 summarizes tests usng the OnultiplicativeO retumns
R=R,+(R!Ry)" Z,,. With 25 indusry portfolios the market retumn and five

ingruments plus a congant (L=6), there are 156 QeturnsO One disadvantage of the
multiplicative approach is tha the size of the system quickly becomes unwieldy. It is not
possible to condruct the Wald Test for the ten year subpeiods as the sample covariance
matrix is singular.

Over the 196394 peiod the value of the Wald Test statistic usng the multiplicative
returnsis 3486. Theasymptotic p-valueis close to zero. However, we expect afinite-sample
bias and the simulations confirm the bias. The empirical p-values rgect efficiency at either
the 2% (Monte Carlo) or 44% (resampling) levels. The GibbonsRoss-Shanken p-value
assuming nomality is 3%. Thus theresults in themultiplicative case are sengtive to the daa
geneating process. This makes sense, because even if R is approximately nomal, the

produds of returns and the elements of z,,, are notnormal. We therefore place more trug in

the resampling results. Using the resampling scheme we find no evidence to regect the
efficiency of the market index with the multiplicative approach.

Pand C uses the conditioning information Z optimally. With this approach results for the
subpeiods can be obtained. The empirical p-values are 0.5% or less in the full sample and
each ten-year subpeiod, and 4.4% or less during 19952002. Thus we reject the hypothesis
that the SP500is efficient when usng the conditioning information optimally. We even find
margind rejections during the 19952002 sample period, where Table 1 illudrates that the
predictive power of the lagged ingruments is low. The results based on the efficient-with-

respect-to-Z frortier are also fairly robug to the method of smulation (Monte Carlo or
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resampling). This makes sense in view of the GobugObehavior of the portfolio weights that

definethe efficient-with-respect-to-Z bounday, as described by Ferson and Siegd (2001)

4.2 Size and Book/Market Porfolios

Studies tha use portfolios grouped on firm size and book-to-market ratiosfind tha a market
index is not efficient (e.g. Fama and French, 1992) Table 3 presents results for these
portfolios In pand A there is no conditioning information. Congstent with previousstudies,
efficiency is rejected for the 19631994 peiod. However, in the 19952002 period, the
efficiency of the market index is not regjected when the finite sample bias in the statistics is
corrected. Thisis congstent with a weakening of the size and book-to-market effects dunng
19952002 In pand B the test assets are the multiplicative returns The empirical p-value

based on resampling is margind, at 4%, over the 1963-1994 sample.

In pand C thetest assets are al portfolios x'(Z,,)R . Theresampling p-values are 0.3%

or less, induding the 19952002 subsample. Thus efficiency can be regjected with our
approach. Expanding the set of portfolio returnswith the optimal nonlinear strategies changes

theresults, eveninthesize! bookto-market portfolio design.

4.3 Expanding the Mean Variance Boundary

The above evidence shows tha the market index retumn lies GignificantlyOinsde the
mean-variance boundaies when the conditioning information is used optimally, but does not
address directly the relations beween the boundaies formed with versus without the
information. Table 4 examines whether the use of conditioning information expands the

mean variance boundry. For these tests we replace the market index with a portfolio of the
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test assets whose weights are propottiond to /' ', where ¥ is the unconditiond covariance
matrix and p is the unoonditiond mean of the excess returns. This is a portfolio on the

simulationgD(popubtionOmean-variance bounday with no conditioning information. We
then test for the efficiency of this portfolio indead of the SP500. In pand A we use the
multiplicative approach to expanding the boundxry. The empirical p-values are 0.464 and

0.686, thusproviding no evidence tha the multiplicative approach expandsthe bounday.*?

In Pand B of Table 4 the test assets are al portfalios x'(Z,,)R . Inthe 196394 period

the empirical p-values are 0.1% and 2.5%, showing that when the conditioning informationis
used optimally the mean variance bounday is expanded. However, during 19952002we do
not reject the null hypohesis. This is the weakest showing tha our new approach makes.
Note tha the critical values are not drastically highe, but the sample values of the test
statistic are lower during 19952002. This reflects the low explanaory power of the lagged
variables during this period, as indicated in Table 1. The satistical noise involved in
estimating the maximum Sharperatio for the 26 test assets in this experiment differs from that
involving a smaller number of factors, so we may find rejectionsof other hypotheses during

the 19952002 period.

4.4 Testing Static Combinations of the Fama-French Factors
Thenull hypothesis may be stated as m = a + biRy, + boRum + bsRsus, Where the coeficients

are fixed ove time. Ry is the gross return of the market index. Rum. is the onemonth

12 Using a fixed risk-free rate these tests may sacrifice power, as there may be other regions, corresponding to
other values of the zero-betarate, where the two boundaries are reliably distinct.
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Treasury bill gross return plus the excess return of high bookto-market over low book-to-
market stocks, and Rsvs is Similarly constructed usng small and large market-capitalization
stocks. We replace thefirst andlast portfoliosin theindugry or size! bookto-market design
with the returns Rym. and Rsyg, to insure that the factor portfolios are a subset of the tested
portfolio returns

Table 5 presents thetests. Withoutconditioning information the only rejections occur for
theindugry portfolios The GRS and empirical p-values produe similar condusons Fama
and French (1997)a so find that their factors don®explain averageindusry returnsvery well.
In Pand B the multiplicative approach is used, and the empirical p-values strongly reject the
modd for 196394. This is congstent with studies such as Ferson and Harvey (1999) who
find that the Fama-French factors do not explain time-varying expected returnsover a similar
sample peiod. We cannot examine the multiplicative approach over the hddout sample
because the covariance matrices are too largeto invert.

Pand C of Table 5 presents the tests relative to the efficient-with-respect-to-Z frortier.
The tests confirm the value of usng the conditioning information optimally. We obsrve
strong rejections both over 19631994 and in the 19952002 sample, and for both portfolio

designs

4.5 Testing Time-Varying Combinations of Fadors

In Table 6 we use our framework to test the conditiond efficiency of the market index (Pand
A) and of time-varying combinations of the three Fama-French factors (Pand B). We reject
both modds over 19631994 in both portfolio designs. The bootstrapped p-values are 1.2%
or less. We also rgect both modds in the 19952002 sample period with p-values of 1.8% or
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less. Thus when the conditioning information is used optimally our tests strongly reject
conditiond versionsof both the CAPM and the Fama-French three-factor modd. If notime-
varying combinaion of the factors is condtiondly efficient, then no timevarying
combindion can be efficient with respect to Z. Thus Table 6 rgjects dynamic intersection a

fortioni.:®

4.6 A HedgeFund Example

This section fleshes out the hedge fund example from the introdudion. We use monthly
returns for six hedge fund indexes from Credit Suisse/Tremont for the 19952002 period.
Pand A of Table 7 presents the Sharperatios which vary from -0.05 to 0.76 across the fund
styles.

Fixed-weight combinaions of the Fama-French portfolios and the CRSP vaue
weighted market index produe a Shape ratio of only 0.72 (Pand B). Using indugry
portfolios and the market, the maximum Sharperatio is 0.76 (Pand C). Sample Sharperatios
are known to be biased when N is large relative to T. Using the correction in Ferson and
Siegd (2003 the Shape ratios are 0.31 and 0.38. The hedge funds apper to offer
impressive Shape ratios in compaison. However, usng the efficient-with-respect-to Z
portfolio weights the Sharpe ratios are 1.39 and 1.36 before adjusment, and 1.05 and 1.02

after adjugment.

3 We explicitly test dynamic intersection and confirm that it is rejected in all the sample periods and portfolio
designs.

|f the unadjusted squared Sharperatio is S, the adjusted squared ratio is (T DN D2)/T DN/T.
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We test thenull hypothesistha the hedgefundindexes offer no expanson of themean
variance oppotunity set. This says tha the alphas in regression (9) are jointly zero when rp;
is the efficient portfolio formed from the test assets, excluding the hedge funds The test
statistic is Equaion (10), which now compares the maximum Sharpe ratios attainable with
versuswithoutthe hedgefunds We strongly reject the null hypothesis usng the fixed-weight
benchmark, with empirical p-values of 1.2% or less. Using thelagged variables optimally the
p-valuesrangefrom 4.9% to 175%. Thus while the hedgefunds do expand the fixed-weight
bounday, the tests do not regject the hypothesis tha the hedge fund returns could have been

generated with nonlinear strategies based on the lagged ingruments.

5. Conclusions
We develop a framework for testing asset pricing modds in the presence of lagged
conditioning information. Our tests examine the (unconditiond) minimum variance efficiency
of a portfolio with respect to the conditioning information, a version of efficiency introducd
by Hansen and Richad (1987) Asset pricing modds identify porntfolios that should be
efficient with respect to the conditioning information, and by testing the efficiency of the
portfolio, we test the asset pricing modd. We illudrate the approach with versions of the
Capital Asset Pricing modd and the Fama-French (199%) factors.

Using a standad set of lagged indruments and test portfolios the efficiency of all time-
varying combinaions of the Fama-French factors is reglected. In the same setting, the
commonly-used OnultiplicativeOapproach to conditioning information does not significantly

expand the mean variance bounday, nor can it regject all themodds. The predictive power of
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the lagged variables declines after 1995 but even during this period the optimal use of these
variablesis econonically and statistically significant.

Our pgper suggests oppottunities for future research. We use the Treasury bill return as
therisk-free rate. It should be interesting to apply our framework in a setting where the zero
betarate is a paameter to be estimated, perhgos by extending resultsin Kandel (1984) Some
of our results use a maximum correlation, mimicking portfolio. It should be possible to study
modds in which the correlation is less than the maximum, as would be implied by missing
assets, for example, pehgps by extending results in Kandd and Stambaugh (1989. Future
applicationsof our framework should also consder aternaive test statistics, test assets, asset
pricing modds and daa generating processes. Internaiond asset pricing and portfolio
performance evaludion where nonlinearities may be important, such as for hedge funds

could be especially interesting applications

Appendix
Proof of Propostion 2. By thedefinition of covariance, Egm.,X!(Z,)R,,#5 1 implies

E4x!(Z )R.#=f1$ Covim., X (Z )R8 E(m.,). (12)
Now, udng m.1 = A + B®g1, we find tha Equdion (7) is satisfied, with R ., =WIR; .,
w! B/(I'B), #h=[A+BE(Rsuy)]  and ", =#",(1'B). $
Proof of Propostion 3. Regress m on Re usng a smple regresson: m=a+bR, +u, where
without loss of generality a and b are condants and E(u) = E (UR,)=0. If Re is maximum

correlation with respect to Z, then the error also satisfies: E[ux'(Z)R]=0 ! x(Z): x'(2)1=1. If
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this were not true for some x(Z), then x!(Z)R enters an expanded regression with Re and

X(2)R on the righthand side Since the regression maximizes the squaed correlation, this

would contradict the assumption tha Re is maximum correlation. Subditute the smple
regression into (4) to obtain Ega+bR, +u)X(Z)Rg = 1 = Ega+bR.)x(Z)R¢

I X(Z): x'(Z2)1=1. Propostion 2 now establishestha Rp is efficientwithrespecttoZ.  $

Evaluating the Tests by Simulation
Consde first a case with no condtioning information. For the Monte Carlo experiments we
draw from a nomal distribution with mean vector and covariance matrix set equd to the ML

estimates for the sample period of the andysis. We replace the tested portfolio R, by a

portfolio whose weights maximize the Sharpe ratio at the ML estimates. The empirical 5%
critical valueis the value abovewhich 5% of the 1,000 simulated statistics lie. The empirical
p-value is the fraction of the 1,000 statistics that are larger than the value obtained in the
origind sample.

We also resample usng a paametric bootstrap approach. A regression of the returnson
the condtioning information ddines the conditiond mean fundion and the matrix of
resduds defines the unexpected returns  We choos randonly selected rows, with
replacement, from the matrix of residuds; the number of draws matches the length of thetime
series. We us the conditiond mean fundions evaluaed at the smulated Z, and add the

indgendently resampled residuds to obtain thesmulated returns
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We modd Z; as a vector AR(1) process, and the sample AR(1) codficient matrix is a
parameter of the smulations. We resample from the matrix of residuds of the AR(1) modd
and build thetime series of the Z@& recursively.

When the null hypotesis places a given portfolio on the efficient-with-respect-to-Z
frontier, we replace the tested portfolio return with the time-varying combinaion of test assets
tha is ex ante efficient given the data generating process (Tables 2 through4). When thenull
hypotesis specifies tha afixed weight combinaion of factorsis efficient, we replace thefirst
factor with the ex ante efficient portfolio (Table 5). When the null hypohesis specifies the
conditiond efficiency of atime-varying combinaion of thebenchmark returns R, we replace
the conditiond mean fundions of the test assets with the expressions implied by the

conditiond betapricingrestriction: p(z) =1, +""_#(2)E[Ry $!,|Z], where %(Z) isthe vector

of conditiond betas on the j-th benchmark retum (tables 6 and 8). In Table 7 we set the

alphas of the hedgefundson theefficient-with-respect-to Z partfoliosequd to zero.

Conditional Heterokedadicity

We evaluae the senstivity of the tests to alternaive specifications for conditiond
heterokedadticity in the returns. The "artificid analyst” in the smulations estimates the test
datigtics as if the daa were homoskedastic. The goal of these experiments is to see how our
inferences, based on the datigtics tha ignore heterokedaticity, might be affected by
heterokedadticity.

Since it may not be possible to agree on theright modd for condtiond heteroskedadticity,
we use two dternative gpproaches. In the first approach (method A) the haerokedasticity is

driven by afactor, where the conditiond betas on the common factor (the CRSP value-weighted
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stodk index return) are linear functionsof the lagged indruments. The conditional betas, %2),
are estimated by regressng the unexpected asset returns on the index return and the produds of
the index return with the lagged indruments. Thetime-varying betais theregression coefficient
on theindex plusthe codficients onthe product terms multiplied by the lagged indruments. The

conditiond covariance matrix is modded as ¥ (Z)="(Z)"'(z)#; +V,, where ¥, is the fixed
covariance matrix of the factor model resdudsand ! # is the fixed conditional variance of the

common factor, estimated from the resduals of its linear regresson on the lagged Z.

The second approach to modding heteroskedasticity (method B) follows Davidian and
Carroll (1987) and Ferson and Foerster (1994). Thecondtiond standard deviationsof thereturns

are assumed to be linear functions. To estimate this modd the absolute resduds from the linear
expected return models are regressed on theingruments. Thefitted value multiplied by 172,
isthe conditiond standard deviation. The conditiond covariances are modeled as the produds of
the standard deviations and the fixed condtiond correations whee the correations are

estimated fromtheresiduals of themean equationrs.

The modds tested in Table 6 are evaluated under heteroskedastic datain Table 8. In
pands A and and B the null digribution is generated by method A. Pands C and D use the
linear conditional standard deviation approach, method B. The results of both approaches are
amilar. When testing conditional efficiency the specification of the stochastic discount factor

changes under heteroskedasticity,™ but the effect is small. We experiment by computing the

15 Under conditional effi ci ency the stochastic discount factor is A(Z) + B(2)'Rs, and the coeffi cients A(Z) and
B(2) change when the data generating process changes.

27



sample vaues of the various test gatistics, either using the heterokedagtic strudure in the

caculationsor ignaringit, and the sample values are not very sengtiveto thischoice,
References

Abhyankar, A., D. Basu, and A. Streme, 2007, GPortfolio Efficiency and Discount Factor
Bounds with Conditioning Information: An Empirical Study,OJournal of Banking and Finance
(forthcoming, 2007).

Abhyankar, A., D. Basu, and A. Streme, 2006, Orhe optimal use of return predictability, Oworking
paper, Warwick Business School .

Bekaert, G, and J. Liu, 2004, QConditioning Information and Variance Bounds on Pricing
Kernels,OReview of Financial Studies 17, 339-378.

Breeden, D.T., 1979, QAn Intertemporal Asset Pricing Model with Stochastic Consumption
and Investment Opportunities,OJournal of Financial Economics 7, 265-296.

Campbell, John Y, 1987, (Btock returns and the Term Structure,OJournal of Financial Economics
18, 373-399.

Chamberlain, G., 1983, Grunds, Factors and Diversification in Arbitrage Pricing Models,O
Econometrica 51, 1305-1324.

Chiang, Ethan, 2007, Vlodern Portfolio Management with | nformation,Oworking paper, Boston
College.

Cochrane, J.H., 1996, O\ Cross-Sectional Test of a Production Based Asset Pricing Mode,0
working paper, Journal of Political Economy.

Davidian, M., and R.J. Carroll, 1987, O/ariance Function Estimation,OJournal of the
American Satistical Association, 82, 1079-1091.

Fama, E.F., 1973, A Note on the Market Model and the Two-Parameter Mode ,QJournal of
Finance 28, 1181-1185.

Fama, E.F., 1990, (Btock Returns, Expected Returns, and Real Activity,OJournal of Finance
45, 1089-1108.

Fama, E.F., and K.R. French, 1988, ividend Yields and Expected Stock Returns,OJournal
of Financial Economics 22, 3-25.

Fama, E.F., and K.R. French, 1996, Multifactor Explanations of Asset Pricing Anomalies,O
Journal of Finance 51, 55-87.

28



Fama, E.F., and K.R. French, 1997, Ondustry Costs of Equity,OJournal of Financial
Economics 43, 15-193.

Fama, E.F., and G.W. Schwert, 1977, (A sset Returns and Inflation,OJournal of Financial
Economics 5, 115-146.

Ferson, W.E., and S.R. Foerster, 1994, CFinite Sample Properties of the Generalized Method of
Momentsin Tests of Conditional Asset Pricing Models,OJournal of Financial Economics, 36, 29-
55.

Ferson, W.E., and C.R. Harvey, 1999, GConditioning Variables and the Cross-Section of Stock
Returns,OJournal of Finance 54, 1325-1360.

Ferson, W.E., and R. Jagannathan, 1996, GEconometric Evaluation of Asset Pricing Models,O
In G.S. Maddala and C.R. Rao (eds.), The Handbook of Statistics, Volume 14 (Chapter One),
Elsevier, New York.

Ferson, W. E., and R.W. Schadt, 1996, M easuring Fund Strategy and Performance in Changing
Economic Conditions,OJournal of Finance 51, 425-462 .

Ferson, W.E., S. Sarkissian, and T. Simin, 2003, CSpurious Regressionsin Financial
Economics?OJournal of Finance 58, 1393-1414.

Ferson, W.E., and A.F. Siegel, 2001, Orhe Efficient Use of Conditioning Information in
Portfolios,OJournal of Finance 56, 967-982.

Ferson, W.E., and A.F. Siegel, 2003, (Btochastic Discount Factor Bounds with Conditioning
Information,OReview of Financial Studies 16, 567-595.

Ferson, W.E., and A.F. Siegel, 2007, O\ note on the optimal orthogonal portfolio with
conditioning information,Oworking paper, University of Southern California.

Ferson, W.E., A.F. Siegel, and P. Xu, 2006, Mimicking Portfolios with Conditioning
Information,OJournal of Financial and Quantitative Analysis 41, 607-635.

Fung, W. and D. Hsieh, 1997, Empirical characteristics of dynamic trading strategies. The case of
hedge funds,OReview of Financial Studies 10, 275-302.

Ghysels, E., 1997, (GDn Stable Factor Structures in the Pricing of Risk: Do Time-Varying Betas
Help or Hurt?OJournal of Finance 53-549-573.

Gibbons, M.R., 1982, QMultivariate Tests of Financia Models,OJournal of Financial Economics
10, 3-27.

Gibbons, M.R., and W.E. Ferson, 1985, (r'esting Asset Pricing Models with Changing
Expectations and an Unobservable Market Portfolio,OJournal of Financial Economics 14,
217-236.

29



Gibbons, M.R., S.A. Ross, and J. Shanken, 1989, O\ Test of the Efficiency of a Given
Portfolio,OEconometrica 57, 1121-1152.

Goyal, A., and |. Welch, 2003, GPredicting the Equity Premium with Dividend Ratios,O
Management Science 49, 639-654.

Goyal, A., and |. Welch, 2004, O\ Comprehensive Look at the Empirical Performance of Equity
Premium Prediction,Oworking paper, Emory University.

Grinblatt, M., and S. Titman, 1987, Orhe Relation Between Mean-Variance Efficiency and
Arbitrage Pricing,OJournal of Business 60, 97-112.

Hansen, L.P, and R.J. Hodrick, 1983, CRisk Aversion Speculation in Forward Foreign
Exchange Markets. An Econometric Analysis of Linear Models,Oin J.A. Frenkel, (ed.)
Exchange Rates and International Macro Economics, University of Chicago Press.

Hansen, L.P., and R. Jagannathan, 1991, Omplications of Security Market Data for Models of
Dynamic Economies,OJournal of Political Economy 99, 225-262.

Hansen, L.P., and S.F. Richard, 1987, Orhe Role of Conditioning Information in Deducing
Testable Restrictions Implied by Dynamic Asset Pricing Models,OEconometrica 55, No. 3,
587-613.

Harvey, C.R., 1989, Ofime-Varying Conditional Covariancesin Tests of Asset Pricing
Models,OJournal of Financial Economics 24, 289-318.

Harvey, C.R., and C. Kirby, 1996, Q\nalytic Tests of Factor Pricing Models,Oworking paper,
Duke University, Durham, N.C.

Huberman, G., S. Kandel, and R. Stambaugh, 1987, Mimicking Portfolios and Exact
Arbitrage Pricing,OJournal of Finance 42, No. 1, 1-9.

Jagannathan, R., and Z. Wang, 1996, Orhe Conditional CAPM and the Cross-Section of
Expected Returns, Journal of Finance 51, 3-53.

Jobson, J.D., and B. Korkie, 1982, GPotential Performance and Tests of Portfolio Efficiency,O
Journal of Financial Economics 10, 433-466.

Kandel, S.A., 1984, Orhe Likelihood Ratio Test Statistic of Mean Variance Efficiency
Without a Riskless Asset,OJournal of Financial Economics 13, 575-592.

Kandel, S.A., and R.F. Stambaugh, 1989, O\ Mean-Variance Framework for Tests of Asset
Pricing Models,OReview of Financial Studies 2, 125-156.

Keim, D.B., and R.F. Stambaugh, 1986, CPredicting Returnsin the Bond and Stock Markets,O
Journal of Financial Economics 17, 357-390.

Lewellen, J., S. Nagel and J. Shanken, 2007, O\ skeptical appraisal of asset pricing tests,O

30



working paper, Emory University.

MacKinlay, A.C., 1987, GDn Multivariate Tests of the CAPM,OJournal of Financial
Economics 18, 341-371.

MacKinlay, A.C., 1995, QMultifactor Models Do Not Explain Deviations From the CAPM,0
Journal of Financial Economics 38, 3-28.

Merton, R., 1973, OAn Intertempora Capital Asset Pricing Model,OEconometrica 41, 867-887.

Michaud, R., 1989, The Markowitz Optimization Enigma: |'s optimized optimal 20 Financial
Analysts Journal 24 (January/February).

Roll, R.R., 1985, G\ Note on the Geometry of Shanken's CSR T? Test for Mean/Variance
Efficiency,OJournal of Financial Economics 14, 349-357.

Roll, R., 1977, QA Critique of the Asset Pricing Theory's Tests - Part 1: On Past and Potential
Testability of the Theory,OJournal of Financial Economics 4, 129-176.

Shanken, J., 1987, Multivariate Proxies and Asset Pricing Relations: Living with the Roll
Critique,QJournal of Financial Economics 18, 91-110.

Shanken, J., 1990, Ontertemporal Asset Pricing: An Empirical Investigation,OJournal of
Econometrics 45, 99-120.

Sharpe, W.F., 1964, CCapital Asset Prices: A Theory of Market Equilibrium Under Conditions
of Risk,OJournal of Finance 19, 425-442.

Simin, T., 2003, Orhe Poor Predictive Performance of Asset Pricing Models,OJournal of
Financial and Quantitative Analysis (forthcoming).

Stambaugh, R.F., 1982, GDn the Exclusion of Assetsfrom Tests of the Two-Parameter Model,O
Journal of Financial Economics 10, 235-268.

Treynor, J. and F. Black, 1973, QHow to use Security Analysisto Improve Portfolio Selection,
Journal of Business, 66-86.

31



Table 1. Monthly Industry Returns

Industry SIC codes Mean & ") R? R0 bout
1 Aerogpace 372, 376 1.0107 0.0644 0.13 9.9 11
2  Transportation 40, 45 1.0094 0.0648 0.08 9.1 0.0
3 Banking 60 1.0086 0.0631 0.10 4.3 24
4  Building materials 24, 32 1.0097 0.0608 0.09 104 0.0
5 Chemicals/Plastics 281, 282, 286-289, 308 1.0094 0.0525 -0.01 8.0 2.5
6 Construction 15-17 1.0109 0.0760 0.16 10.2 0.0
7  Entertainment 365, 483, 484, 78 1.0135 0.0662 0.14 57 0.0
8 Food/Beverages 20 1.0117 0.0449 0.05 6.6 0.2
9 Hedthcare 283, 384, 385, 80 1.0113 0.0524 0.01 2.4 0.0
10 Industrial Mach. 351-356 1.0089 0.0587 0.05 8.2 0.0
11 Insurance/Real Estate 63-65 1.0095 0.0581 0.15 6.4 2.3
12 Investments 62, 67 1.0097 0.0453 0.05 8.7 4.1
13 Metals 33 1.0075 0.0610 -0.02 4.5 0.2
14 Mining 10,12, 14 1.0108 0.0535 0.01 7.2 0.3
15 Motor Vehicles 371, 551, 552 1.0095 0.0584 0.11 10.6 0.0
16 Paper 26 1.0095 0.0536 -0.02 6.9 2.4
17 Petroleum 13, 29 1.0102 0.0518 -0.02 4.4 0.0
18 Printing/Publishing 27 1.0114 0.0586 0.21 11.3 0.0
19 Professional Services 73, 87 1.0111 0.0693 0.13 84 2.8
20 Retailing 53, 56, 57, 59 1.0106  0.0597 0.15 8.7 3.7
21 Semiconductors 357, 367 1.0080 0.0559 0.08 9.0 0.0
22 Telecommunications 366, 381, 481, 482, 489 1.0085 0.0412 -0.05 54 8.8
23 TextilesApparel 22,23 1.0100 0.0613 0.21 11.0 0.0
24 Utilities 49 1.0078 0.0392 0.02 6.8 4.3
25 Wholesaling 50, 51 1.0109 0.0614 0.13 10.7 0.0

Monthly returns on 25 portfolios of common stocks are from Harvey and Kirby (1996) The portfolios are
value-weighted within each indugry group, based on the SIC codes as shown. Mean is the sample mean of
the gross (oneplusrate of) return, & is the sample standard deviation and ! ; isthefirst order autocorrelation
of the monthly return. R? is the adjusted codficient of determination in percent from the regression of the
returns on the lagged ingruments. The sample peiod is Februay of 1963through December of 1994 (383
observationy. RZ,pour i for the 19952002 holdout sample (96 observationy. Negdive adjused R-

squaes are reported as 0.0.



Table 2. Tests of the Mean Variance Efficiency of the Standard and Poors 500 Stock I ndex.

Subperiod 63-72 73-82 83-92 63-94 95-02
Panel A: Test assets R, no conditioning infor mation:
Wald Statistic 32.8 26.3 29.8 24.8 51.3
asymptotic p-value 0.14 0.39 0.23 0.48 0.001
GRS p-value 0.45 0.71 0.57 0.57 0.10
Monte Carlo 5% Critical Value 52.8 52.3 50.8 51.9 120.1
empirical p-value 0.43 0.71 0.58 0.59 0.44
Resampling 5% Ciritical Value 60.1 63.9 62.3 40.0 121.4
empirical p-value 0.52 0.81 0.65 0.58 0.49
Panel B: Test assetsare R, + (R ! Ry)" Z,,;:
Wald Statistic NA NA NA 348.6 NA
asymptotic p-value 0.00
GRS p-value 0.03
Monte Carlo 5% Critical Value 328.0
empirical p-value 0.02
Resampling 5% Critical Value 476.0
empirical p-value 0.44
Panel C: Test assetsareall Portfolios X'(Z,,, )R,
Test Statistic 203.3 188.6 165.0 161.8 148.2
Monte Carlo 5% Critical Value 125.7 121.6 121.6 133.3 139.9
empirical p-value 0.000 0.000 0.001 0.002 0.029
Resampling 5% Ciritical Value 117.3 130.6 121.6 118.8 144.9
empirical p-value 0.003 0.005 0.003 0.001 0.044

The monthly returns on 25 indudry-sorted portfolios of common stocks are test assets for Februay 1963
through Decembe 1994 (T=383 obsrvationg, and ten-year subpeaiods A hddout sample from Januay,
1995 through December, 2002 (96 obervationg is aso shown. The conditioning information conssts of a
lagged Treasury bill yield, dividend yield, excess bill return, and yield spreads of long over short-term
Government bondsand low-grade over high-grade corporate bonds NA denotes not applicable, when the
number of assetsis larger than the number of time series observations Asymptotic p-values are from the chi-
squaed distribution. GRS p-values are from the F distribution, after the test statistic is rescaled to have an
exact F distributon assuming nomality asin Gibbons Ross, and Shanken (1989.



Table 3: Tests of the Mean Variance Efficiency of the Standard and Poors 500 Stock

Index in Size and Book/M arket Portfolios.

Sample size/BM industry
63-94 95-02 63-94 95-02
Panel A: No conditioning infor mation:
Sample Statistic 83.0 74.1 24.8 51.3
GRS p-value 0.000 0.007 0.57 0.102
Resampling 5% Ciritical Value 45.1 1315 40.0 121.4
Empirical p-value 0.000 0.277 0.58 0.49
Panel B: Test assetsareR, +(R ! Ry)" Z,,;:
Sample Statistic 517.1 NA 348.6 NA
Resampling 5% Critical Value 508.8 476.0
Empirical p-value 0.040 0.44
Panel C: Test assetsareall Portfolios X'(Z,,, )R,
Sample Statistic 272.7 2104 161.8 148.2
Resampling 5% Ciritical Value 107.6 135.1 118.8 144.9
Empirical p-value 0.000 0.003 0.001 0.044

The size/BM returnsare 25 portfolios of stocks sorted on market capitalization and bookto-market ratio, for
the sample peiod July 1963 through December 1994 (T=378 observationy. A holdout sample covers
Januay 1995throughDecember, 2002 (96 observationg. The condiioning information congsts of a lagged
Treasury bill yield, dividend yield, excess bill return, and yield spreads of long over short-term Government
bondsand low-grade over high-grade corporate bonds NA indicates that the sample size does not allow the

statistic to be calculated.



Table 4: Tests of the Hypothesis that Conditioning I nformation does not Expand the

Mean Variance Boundary.

size/BM industry
63-94 95-02 63-94 95-02

Panel A: Test assetsareR,, + (R ! Ry)" Z,;:

Sample Statistic 356.3 NA 304.3 NA
Resampling 5% Critical Value 520.4 486.0
Empirical p-value 0.464 0.686
Panel B: Test assetsareall Portfolios X'(Z,,)R,:
Sample Statistic 155.8 7.7 128.8 63.8
Resampling 5% Critical Value 108.7 138.3 118.8 148.1
Empirical p-value 0.001 0.539 0.025 0.779

Theindudry daaare monthly returnson 25 indudry-sorted portfoliosof common stocks and a market index
return. The size/BM returns are for 25 portfolios of stocks sorted on market capitalization and book-to-
market ratios and a market index return. The conditioning information congsts of a lagged Treasury bill
yield, dividend yield, excess bill return, and yield spreads of long over short-term Government bondsand
low-grade over high-grade corporate bonds NA indicates that the sample size does not allow thetest statistic
to becalculated.
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Table 5: Tests of the Efficiency of Fixed-weight Combinations of the Fama-French

Factors.

size/BM industry
63-94 95-02 63-94 95-02

Panel A: Test assetsare R;:

Sampl e Statistic 35.0 49.5 43.0 55.5

GRS p-value 0.154 0.123 0.035 0.064

Resampling 5% Ciritical Value 41.6 64.0 39.2 61.2
empirical p-value 0.117 0.157 0.021 0.077

Panel B: Test assetsareall Portfolios R, +(R ! Ry)" Z,;:

Sample Statistic 521.9 NA 415.0 NA

Resampling 5% Ciritical Value 319.3 NA 313.7 NA
empirical p-value 0.000 0.000

Panel C: Test assetsare X'(Z,,)R;:

Sample Statistic 340.6 181.6 180.1 174.6

Resampling 5% Critical Value 70.5 128.0 75.6 1184
empirical p-value 0.000 0.003 0.000 0.001

The indudry daa are monthly returns on 25 indudry-sorted portfolios of common stocks and a value-
weighted index. The size/BM returns are for 25 pontfolios of stocks sorted on market capitalization and
book-to-market ratio and a valueweighted retum. In each design the first and 25" portfolio returns are
replaced with the returns of the HML and SMB factors, respectively. The conditioning information congsts
of alagged Treasury bill yield, dividend yield, excess bill return, and yield spreads of long over short-term
Government bondsand low-grade over high-grade corporate bonds NA indicates tha the sample size does
not alow thetest statistic to be calculated.
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Table 6: Tests of Conditional Efficiency.

size/BM industry
63-94 95-02 63-94 95-02

Panel A: Conditional Efficiency of the Market Index

Sample Statistic 339.2 131.7 189.7 143.0

Resampling 5% Critical Value 116.1 83.4 98.8 86.4
Empirical p-value 0.000 0.011 0.002 0.011

Panel B: Conditional Efficiency of the Fama-French Factors

Sample Statistic 347.3 138.7 147.5 142.1

Resampling 5% Critical Value 67.3 95.0 71.2 99.1
Empirical p-value 0.000 0.012 0.000 0.018

Theindudry daaare monthly returnson 25 indudry-sorted portfoliosof common stocks and a market index
return. The size/BM returns are for 25 portfolios of stocks sorted on market capitalization and book-to-
market ratios and a market index. In each design the first and 25" portfolio returns are replaced with the
returns of the HML and SMB factors. The conditioning information conssts of a lagged Treasury bill yield,
dividend yield, excess bill return, and yield spreads of long over short-term Government bondsand low-
grade over high-grade corporate bonds
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Table 7: The Efficiency of Hedge Funds
Sharpe Adjusted

Ratio Sharpe
Panel A: Hedge Fund I ndexes
Convertible Arbitrage 0.49 0.49
Dedicated Short Bias -0.05 -0.05
Equity Market Neutral 0.76 0.76
Event Driven 0.32 0.31
Long/Short Equity 0.24 0.23
Hedge Fund Index 0.26 0.26
Panel B: Sizeand B/M Portfoliosand Market | ndex
Fixed-weight Benchmark:
Sharpe ratios 0.72 0.31
Empirical p-vaue 0.002 0.001
Efficient wrt.Z benchmark
Sharpe ratios 1.39 1.05
Empirical p-vaues 0.052 0.049
Panel C: Industry Portfoliosand Market I ndex
Fixed-weight Benchmark:
Sharpe ratios 0.76 0.38
Empirical p-vaue 0.009 0.012
Efficient wrt.Z benchmark
Sharpe ratios 1.36 1.02
Empirical p-vaues 0.171 0.175

The indexes of hedge fundsare monthly total returns from Credit Suisse/Tremont The indugry portfolios
are monthly returns on 25 indugry-sorted portfolios of common stocks and a market index return. The
size/BM returnsare for 25 portfolios of stocks sorted on market capitalization and bookto-market ratios and
amarket index. In each design the first and 25" portfolio returns are replaced with the retumns of the HML
and SMB factors. The conditioning information conssts of a lagged Treasury bill yield, dividend yield,
excess bill return, and yield spreads of long over short-term Government bondsand low-grade over high
grade corporate bonds
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Table 8: The Impact of Conditional Heter oskedadicity.

size/BM industry
63-94 95-02 63-94 95-02
Panel A: Conditional Efficiency of the Market Index DPMethod A
Sample Statistic 344.5 131.4 184.9 144.3
Resampling 5% Critical Value 48.8 80.3 56.8 84.0
Empirical p-value 0.000 0.010 0.000 0.005
Panel B: Conditional Efficiency of the Fama-French FactorsBDMethod A
Sample Statistic 357.2 145.4 145.5 148.5
Resampling 5% Critical Value 66.7 94.2 70.0 89.6
Empirical p-value 0.000 0.004 0.000  0.007
Panel C: Conditional Efficiency of the Market Index PMethod B
Sample Statistic 371.3 152.5 211.3 158.4
Resampling 5% Critical Value 84.6 89.8 79.2 86.9
empirical p-value 0.000 0.000 0.000 0.000
Panel D: Conditional Efficiency of the Fama-French FactorsBMethod B
Sample Statistic 371.3 174.5 152.2 174.4
Resampling 5% Critical Value 79.9 117.5 90.5 108.7
empirical p-value 0.000 0.002 0.004  0.003

The smulated daa incorporate conditiond heteroskedasticity either througha factor modd with conditiond
beas tha are linear fundions of the lagged ingruments (method A) or through a modd in which the
conditiond standad deviations are linear fundions of the conditioning variables and the conditiond
correlationsare congant over time (method B). Theindugry data are monthly returns on 25 indugry-sorted
portfolios of common stocks and a market index return. The size/BM returns are for 25 portfolios of stocks
sorted on market capitalization and bookto-market ratios and a market index. In each design the first and
25" portfolio returns are replaced with the returns of the HML and SMB factors. The condtioning
information conssts of a lagged Treasury bill yield, dividend yield, excess bill return, and yield spreads of
longover short-term Government bondsand low-grade over high-grade corporate bonds
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