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1. Introduction

Overwhelming evidence exists that risk premiums vary
over time (Campbell and Shiller, 1988; Cochrane, 2011).
Yet, widely used empirical asset pricing methods such as
Fama and MacBeth (1973) two-pass regressions rely on the
assumption that prices of risk are constant.

This paper proposes regression-based estimators for
dynamic asset pricing models (DAPMs) with time-varying

prices of risk. The estimators and associated standard
errors are computationally as simple as Fama-MacBeth
regressions, but they explicitly provide estimates of time-
varying prices of risk, as well as estimates of the associated
state variable dynamics. Our model combines key assump-
tions of the dynamic asset pricing models from fixed
income applications with the computational ease of
Fama-MacBeth regressions that are popular in empirical
equity market research. The setup can also be viewed as a
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reduced form representation of dynamic macro-finance
models with time-varying prices of risk.

We distinguish three different types of aggregate
state variables: risk factors, price of risk factors, and
factors that are both. By risk factors, we refer to variables
that are significant factors for the cross section of asset
returns, i.e. they have nonzero betas. By price of risk
factors, we refer to variables that significantly forecast
the time series variation of excess returns but do not
necessarily have nonzero betas. Prices of risk are
assumed to be affine functions of price of risk factors.
We show that by introducing this risk price specification
into generic asset pricing models, one can derive simple
regression-based estimators for all model parameters
that are consistent and asymptotically normal under
mild conditions.

Our baseline estimator is a three-step regression that
can be described as follows. In the first step, shocks to the
state variables are obtained from a time series vector
autoregression (VAR). In the second step, asset returns
are regressed in the time series on lagged price of risk
factors and the contemporaneous innovations to the cross
sectional pricing factors, generating predictive slopes and
risk betas for each test asset. In the third step, price of risk
parameters are obtained by regressing the constant and
the predictive slopes from the time series regression on
the betas cross-sectionally. We give asymptotic variance
formulas that allow for conditional heteroskedasticity and
correct for the additional estimation uncertainty arising
from using generated regressors.

We show that this three-step estimator coincides with
the Fama-MacBeth estimator when two conditions are
met. First, state variables have to be uncorrelated across
time. Second, prices of risk have to be constant. Our
approach can thus be viewed as a dynamic version of the
Fama-MacBeth estimator, nesting the popular uncondi-
tional estimator as a special case.

We also introduce an additional (quasi-) maximum
likelihood estimator (QMLE). This estimator is replacing
the third regression step with a simple eigenvalue decom-
position. The QMLE is asymptotically equivalent to the
three step regression estimator even in the case of condi-
tional heteroskedasticity in the return errors. We show
that in our model generalized method of moments (GMM)
and minimum distance (MD) estimation are exactly
equivalent and that the QMLE is a special case of this
more general class of estimation approaches for certain
choices of weighting matrix.

While our main results are extensions of classic results
in the cross-sectional pricing literature to a dynamic
setting, we provide new interpretations of results in the
model when prices of risk are constant. For example, the
equivalence between GMM and MD estimation implies
that the cross sectional T? statistic of Shanken (1985) could
be directly interpreted as a J-test for the moment restric-
tions of the static model.

We also extend the three-step regression estimator to
the case where betas and the parameters in the vector
autoregression of the state variables are time-varying. We
assume that these parameters evolve smoothly over time
and estimate them using a kernel regression approach

pioneered by Robinson (1989). Kernel regressions have the
appealing feature of nesting least squares rolling window
regressions which are often used in the empirical litera-
ture (see, for example, Fama and French, 1997; Lewellen
and Nagel, 2006; among many others). In our implemen-
tation, however, we use a Gaussian kernel estimator with
data-driven bandwidth choice following Ang and
Kristensen (2012).

The affine price of risk specification we use closely
resembles affine term structure models." Our approach
thus lends itself to asset pricing applications across differ-
ent asset classes. We present an empirical application for
the cross section of size-sorted equity portfolios and
maturity-sorted Treasury portfolios. We show that a par-
simonious model with two pricing factors, two price of
risk factors, and one factor that serves both roles fits this
cross section of test assets very well on average, while, at
the same time, giving rise to strongly significant time
variation in risk premiums. We further find that allowing
for time variation in prices of risk is more important than
modeling time variation in factor risk exposures in terms
of minimizing squared pricing errors of the model. In our
application, traditional estimation approaches such as the
one by Fama and MacBeth (1973) and Ferson and Harvey
(1991) imply substantially larger pricing errors than the
estimators we propose.

The remainder of the paper is organized as follows.
Section 2 provides a discussion of the contribution of this
paper to the existing literature. We present the dynamic
asset pricing model in Section 3. We discuss estimation
and inference when betas are assumed to be constant in
Section 4. In Section 4.1, we formally present the link of
the dynamic asset pricing estimator to the static Fama-
MacBeth estimator, and we explain the contributions of
our results to the existing literature in detail. In Section 5,
we derive the corresponding estimator under the assump-
tion that betas vary over time. We illustrate our estimators
in an empirical application in Section 6. Section 7
concludes.

2. Related literature

Our approach can be seen as a generalization of the
static Fama and MacBeth (1973) cross sectional asset
pricing approach to dynamic asset pricing models. The
empirical applications of the static Fama-MacBeth
approach are too numerous to list, but some of the seminal
works are Chen, Roll, and Ross (1986) and Fama and
French (1992).

Some previous authors have extended the Fama-
MacBeth approach to conditional asset pricing models.
Ferson and Harvey (1991) use period-by-period Fama-
MacBeth regressions to obtain estimates of time-varying
market prices of risk, which they then regress on lagged
conditioning variables. They find evidence for predict-
able variation in prices of risk and associate most of the

! For regression-based approaches to term structure models featur-
ing an exponentially affine pricing kernel, see Adrian, Crump, and
Moench (2013) and Abrahams, Adrian, Crump, and Moench (2014).
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predictable variation in stock returns to time variation in
risk compensation instead of time variation in betas. Our
estimation approach generalizes the one used in Ferson
and Harvey (1991) by allowing for estimation in the
presence of serially correlated pricing factors and expli-
citly incorporating time variation of prices of risk. In
addition, we provide asymptotic standard errors for all
parameters of the model taking into account the uncer-
tainty generated at each step of the estimation.
Jagannathan and Wang (1996), Lettau and Ludvigson
(2001), and others have used the Fama-MacBeth tech-
nology to estimate scaled factor models. The beta repre-
sentations of such models are nested in our more
general framework. Moreover, in contrast to our pro-
posed estimators, the scaled factor approaches typically
do not explicitly provide estimates for the price of risk
parameters and the number of parameters grows quickly
with the number of factors.

Our paper is further related to Balduzzi and Robotti
(2010), who estimate time-varying risk premiums for
maximum-correlation portfolios, i.e., portfolios result-
ing from the projection of a candidate pricing kernel on
the set of test assets. Moreover, Gagliardini, Ossola, and
Scaillet (2014) and Chordia, Goyal, and Shanken (2013)
present alternative estimation approaches for models
with time-varying risk premiums using Fama-MacBeth-
type estimators when both the number of assets and
the number of time series observations tend to infinity.
Ang, Liu, and Schwarz (2010) study the implications for
efficiency of using individual stocks versus portfolios in
estimating cross-sectional pricing models. Finally,
another strand of the literature investigates the impli-
cations of model misspecification in cross sectional
asset pricing models. For example, Kan, Robotti, and
Shanken (2013) derive the asymptotic distribution of
the cross-sectional R?> and develop model comparison
tests which accommodate model misspecification.
Here, instead, we assume that the model is correctly
specified.

Our empirical application is closest to Ferson and
Harvey (1991) and Campbell (1996), who use similar test
assets and similar pricing factors in models with time-
varying and constant prices of risk, respectively. A number
of recent papers estimate dynamic pricing kernels for the
cross section of stocks and bonds (see, for example,
Mamaysky, 2002; Bekaert, Engstrom, and Grenadier,
2010; Lettau and Wachter, 2011; Ang and Ulrich, 2012;
and Koijen, Lustig, and van Nieuwerburgh, 2013). What
distinguishes our approach from that literature is the
regression-based estimation methodology, which is simple
to implement, is computationally robust, and allows for
standard specification tests. We show that our empirical
application features good pricing properties across stocks
and bonds and that it implies notable time variation of
expected returns associated with highly significant
dynamic price of risk parameters. Moreover, the dynamic
asset pricing model that we estimate yields substantially
smaller mean squared pricing errors than several alter-
native models with constant prices of risk.

Some prior literature on conditional factor pricing
models has assumed that betas are (linear) functions of

observable variables, see, for example, Shanken (1990),
Ferson and Harvey (1999), and, recently, Gagliardini,
Ossola, and Scaillet (2014) and Chordia, Goyal, and
Shanken (2013). A drawback to this approach is that it
requires the correct specification for the functional form of
the betas. As pointed out by Ghysels (1998) and Harvey
(2001), models with misspecified betas often feature
larger pricing errors than models with constant betas. In
contrast, the kernel estimator that we use imposes less
structure than assuming a specific functional form for the
parameters and, therefore, is likely more robust to mis-
specification. Moreover, we show that our Gaussian kernel
estimator yields smaller pricing errors than simple rolling
window regressions for both specifications with constant
and time-varying prices of risk.

We provide a further comparison of our results to
the existing literature throughout the remainder of
the paper.

3. Pricing kernel and return generating process

Before describing the model, it is convenient to intro-
duce the following notations that are used throughout the
paper. The symbol ® represents the Kronecker product;
vec(-), the vectorization operator. I, and 1, denote the
m x m identity matrix and a n x 1 column vector of ones,
respectively. Moreover, let [I'; | I';] be the matrix formed
by appending the columns of the matrix I, to the columns
of the matrix 7. Finally, throughout the paper, equalities
involving conditional expectations are understood to hold
almost surely.

We assume that systematic risk in the economy is
captured by a K x 1 vector of state variables X; that follow
a stationary vector autoregression:

Xip1=pu+DPXi+veiq, t=0,....T-1, (1)

with initial condition Xo. The dynamics of these state
variables can be assumed to be generated by an equili-
brium model of the macroeconomy.

The state variables can be risk factors, price of risk
factors, or both. By risk factors, we refer to variables that
are significant factors for the cross section. By price of risk
factors, we refer to variables that significantly forecast the
time variation of excess returns.” While some state vari-
ables act as both price of risk and risk factors, many
commonly used state variables act exclusively as one or
the other. This setup thus nests that of Campbell (1996),
who argues that innovations in variables that have been
shown to forecast stock returns should be used in cross-
sectional asset pricing studies.

As a consequence, we partition the state variables
into three categories: X;,eRf': risk factor only,
Xa¢ € R2: risk and price of risk factor, and X3, e RF3:
price of risk factor only. In Section 6 we use all three
types of factors in an application investigating the cross

2 Variables which predict excess returns but are not contempora-
neously correlated with excess returns are sometimes referred to as
“unspanned” factors. For applications to affine term structure models
with unspanned factors see, for example, Joslin, Priebsch, and Singleton
(2012) or Adrian, Crump, and Moench (2013).
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section of equity and bond returns. For simplicity of
notation, we define
Vit
, U= |:v2,[:|, 2)

X1t
Xo ¢

where C; is for cross section and F; is for forecasting. Let

Kc=Ki+K;3, Krp=K;+Ks, and K= Ki+K;+Ks. We

assume that

E[Ver1|Fe] =0, V[vegr|Fe] =2, 3)

Xt
X3¢

Ce= =

>

where F; denotes the information set at time t. We
denote holding period returns in excess of the risk free
rate of asset i by R;;,;. We assume the existence of a
pricing kernel M, such that

E[M¢41Ri¢+1|F¢] =0. “4)

Moreover, we assume that the pricing kernel has the
linear form

Mt+1—[E[Mt+1|]:t]_ /—1/2
[E[Mt+1}-7:t] = A[Zu,[ U1, (5)

where 4. is the K¢ x 1 vector of period t prices of risk and
where the K¢ x K- matrix X, is the conditional variance
of uy 1. It is important to point out that the above form
for the pricing kernel incorporates that the covariance
C[Rit+1.V3c+1|F¢] =0 for all t. The same restriction is
imposed in term structure models that feature
unspanned factors.

As in Duffee (2002), we assume that prices of risk are
affine functions of the price of risk factors F, so that

At =Zu_,t1/2 (do+A1Fe), (6)

where Ag is a K¢ x 1 vector, A; is a K¢ x Kr matrix, and
A = [ | Aq] has full row rank. We then find the following
beta representation of expected returns:

<D[1\/11'+1>R1’,t+1 |-7:t]

e 20 ==

=212 Clues 1. Rig 11 Fe]

= (Ao +A1Fe) 2, C[Ces 1, Rig sl Fi]. @)
Thus,
E[Ric+1]Ft] =Bir (lo+A1Fr), ®)

where f;, is a (time-varying) Kc-dimensional exposure
vector,

Bic= ZJ,t] ClCti1.Ric11 7] 9

We can then decompose excess returns into an expected
and an unexpected component:

Ritr1=Pi(do+A1Fe) + (Ries1—E[Rig 41| 7). (10)

The unexpected excess return Rj;,1—E[R;¢,1|F¢] can be
further decomposed into a component that is condition-
ally correlated with the innovations of the risk factors,
Ur41="Cey1—E[Ci411F¢], and a return pricing error e;;
that is conditionally orthogonal to the risk factor innova-
tions:

Rt 1—ERier11Ft] =7i (Coa1—E[Cei1lF])
+eir1 =ViUrs1+Cirs1- (11)

By definition of f3;

Vie =20 C[Cos1.Rics1|Fe] =iy (12)
so that
Rit 41 =P (Ao+A1F) +fi e +eie i1 (13)

The excess returns, R;;,1, thus depend on the expected
excess return, ﬂg’t(/lg +A1F;), the component that is con-
ditionally correlated with the innovations to the risk
factors, [f;’tutﬂ, and a return pricing error, e;; 4, that is
conditionally orthogonal to the risk factor innovations.
Therefore, the innovations to the pricing factors C, capture
systematic risk exposure, and the levels of the price of risk
factors F; are forecasting variables.

Previous approaches have been taken to model the
time variation in risk premiums in equity returns (for
example, in Gibbons and Ferson, 1985; Campbell, 1987;
Ferson and Harvey, 1991; Lettau and Ludvigson, 2001;
among others). However, most, if not all, of these
approaches can be viewed as special cases of our more
general framework which has been derived from first
principles. Affine prices of risk are also commonly used
in the fixed income literature, see e.g., Duffee (2002), Dai
and Singleton (2002), or Ang and Piazzesi (2003).

The system of equations (13) for i=1,...,N embeds the
no-arbitrage restrictions that were derived from the form of
the pricing kernel introduced in Eq. (5). Relative to a see-
mingly unrelated regressions (SUR) model in which
Riti1 =a,-,f+c,;tFt+ﬁ;vtu[+1+e,;r+1, the assumption of no-
arbitrage implies a;; =f; 4o and ¢, =p; ,A;. These are
reduced rank restrictions resulting in a smaller number of
parameters to estimate. To the extent that the model is well
specified, then the parameter restrictions imposed by no-
arbitrage help in increasing the predictive accuracy for the
entire cross-section of excess returns. Hence, in our dynamic
asset pricing model, a clear connection exists between the
cross-sectional pricing performance and the predictive ability
of a given set of model factors.

Standard, static cross-sectional asset pricing models
make two additional assumptions: A; =0 in Eq. (13), and
® =0 in Eq. (1) (see the reviews by Campbell, Lo, and
MacKinlay, 1997 and Cochrane, 2005). We consider these
special cases in the following sections. However, the main
contribution of this paper is to study the dynamic case in
which @0 and A, #0.

While the focus of this paper is the estimation of the beta
representation of dynamic asset pricing models, an extensive
literature estimates the stochastic discount factor (SDF) repre-
sentation using GMM (Hansen, 1982). In that literature, the
expression E[M;,1R;1|F¢] =0 is estimated directly (see
Harvey, 1989, 1991). Singleton (2006) provides an overview of
dynamic asset pricing estimators, Nagel and Singleton (2011)
provide a GMM estimator with an optimal weighting matrix,
and Roussanov (2014) proposes a nonparametric approach to
estimating the SDF model.

4. Estimation with constant betas

In this section, we assume that ;= f; for all i and ¢,
and we analyze an extension of the model with time-
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varying f3;, in Section 5. We can then stack this model as

R=BAoty +BAF_ +BU+E (14)
and
X=pu+®dPX_+V, (15)

where R=[R;--Rr] is NxT with R =(Ris....Rn:),
F_ :[FO"'FT—I] is KF xT, U:[ulmur] is I(C x T,
E= [e1---er] is N x T with er = (elvt, ...,eN,t)’, X= [X] XT]
is Kx T,and V = [vy---v7] is K x T. Hereafter, we assume that
N > K¢. The parameters of the return equation are the
stacked risk exposures B, which is a N x K¢ matrix with
rows composed of {5;: 1 <i <N} and the prices of risk, A.
We can nest the model in the SUR model,

R=Agt;+AF_ +BU+E=AZ +E, (16)

where Ais a N x (Kc+Kg+1) matrix, Z = [i7 | F_ | U] is of
dimension (Kc+Kr+1) x T, and

Ag=Blo, A1=BA;, A=[Ao|A1}|B] a7

In practice, we do not observe U so that we replace it
with the residuals from OLS estimation of the VAR. The
asymptotic variance formulas we provide in Theorem 1
incorporate the additional estimation uncertainty gen-
erated by replacing U with U. In Appendix A, we provide
explicit instructions on how to construct estimators and
their associated standard errors. In Appendix B, we
discuss how to impose linear restrictions on the para-
meters B and A and conduct inference on these
restricted estimators. Here we focus on developing
intuition for the form of the estimators and discussing
their properties. , 1

Let Z=|ir ' F_ 10| and Ags =RZ(2Z") ', and parti-
tion the estimator A5 as Ag s, A1 015, and Bgys, respectively,
with associated heteroskedasticity-robust variance matrix
estimator Vyqp [s0 that Viop = pViop and +/T (vec (Aols —A))
=N (0, Viop)]-

Given this parameterization, two natural approaches
can be taken to estimating the parameters B, 1o, and A;.
The first is an indirect approach based on backing out Aq
and A; via

Jo=(BWB) 'BWAy, A= (BWB) 'BWA, (18)

for some positive-definite weight matrix W.> When W = Iy
this produces the regression-based counterpart to Eq. (18)

N ’

~ Al A 1., & ~ ~ -1, ~
/10,015 = (BolsBols> BolsAO,OISa Al,ols = ( olsBols> BolsAl,ols-
(19)

We could consider alternative estimators that use data-
dependent weight matrices, but we prefer this formulation
in conjunction with heteroskedasticity-robust standard
errors to avoid taking a stance on the exact form of the
variance matrix of the return innovations.

3 Here we assume that B is of full-column rank and is consequently
strongly identified. For cases in which B could be weakly identified see
Kleibergen (2009), Burnside (2010), Kleibergen and Zhan (2013), and
Burnside (2011). In cases of weak identification, the robust test statistics
of Kleibergen (2009) could be generalized to our setting. For weak
identification robust inference in an SDF representation setting, see
Gospodinov, Kan, and Robotti (2012).

The expressions in Eq. (19) can be interpreted as a
three-step estimator in the following way. In the first
step, shocks to the state variables are obtained from a
time series vector autoregression. In the second step,
asset returns are regressed in the time series on lagged
price of risk factors and the contemporaneous innova-
tions to the cross-sectional pricing factors, generating
predictive slopes and risk betas for each test asset. In
the third step, price of risk parameters are obtained by
regressing the constant and the predictive slopes from
the time series regression on the betas cross-
sectionally. This three-step estimator was initially pro-
posed by Adrian and Moench (2008) in an application
to affine term structure models with a linear pricing
kernel. In Section 4.1, we show that this estimator nests
the two-pass regressions of Fama and MacBeth (1973),
when A; =0 and @ =0. In Section 5, we further discuss
the differences between our approach and the one
proposed in Ferson and Harvey (1991). Heuristically,
these authors first estimate A, from cross-sectional
Fama-MacBeth regressions on time-varying betas and
then A by regressing A, on a constant and lagged state
variables.

The second regression-based approach is the following
MD procedure,

(Bma:Ama) = rg}\nQ(B,A;Aols, wm), (20)
where
Q(B.A:Ags, W) =T

-vec(Ags—B[A I ] ) W™vec(Aas—B[A | Ic.]). @D

This estimator finds the closest approximation of the
unconstrained estimator, A, to values of B,lg, and A,
which satisfy the restrictions in Eq. (17). This MD approach
turns out to be exactly equivalent to the GMM estimator in
this model and, under certain choices of W™, nests the
MLE if the error terms {e;: 1 <t < T} are jointly Gaussian.*
Specifically, ~when the  weighting matrix is
w™ — (27" @ Iy), then the solutions to Eq. (21) are the
MLEs under the ‘assumption that e; ~ ;;3V (0,62 - Iy). We
label these estimators as “quasi-maximum likelihood esti-
mators” (qule,Aqmle>. Closed-form expressions for these
estimators are given in Appendix A. Specifically, these
estimators replace the third regression step in the ordinary
least squares (OLS) estimation with a simple eigenvalue
decomposition.

In Theorem 1, we show that these two estimators
are asymptotically equivalent under our assumptions,
as they both converge to the same limiting normal
distribution.

Theorem 1. Under our assumptions,
- d - d
VT vec (ADIS —A) —SN(0,V,), ~Tvec (Aqmle —A) SN0, V),
4 In addition, this equivalence combined with the results of Andrews

and Lu (2001) could be used to produce an intuitive model-selection
criterion to compare across specifications.
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as T — oo, where
Va=(Yi' ® Zu)+Ha(B.A) Vi Ha (B.A)
=[ir|F_], and

~(2e ®B)'B)].

Ye=p JimF_F_/T-1),F-

Ha(B,A) = [(I(KM) ® (B/B)*‘B’)

The first term of V, accounts for replacing the
unobserved innovations U by estimated innovations.
The second term accounts for all other sources of
estimation uncertainty, including that of using an
estimate of B to construct the estimator of A. Relative
to the existing literature, Theorem 1 provides a number
of insights. First, it extends feasible inference from the
static Fama-MacBeth approach that assumes @ =0 and
A1 =0 to the case with persistent factors and time-
varying prices of risk. Second, Theorem 1 provides a
generalization of Theorem 1 of Shanken (1992), which
provides a correction for the uncertainty generated by
estimating B to a setting with persistent factors and
time-varying prices of risk [under conditional homo-

skedasticity, i.e., when Vo, = (plimhoo(ZZ//T) ® 2e)

for a positive-definite variance matrix 2.]. More gen-
erally, the results allow for conditionally heteroskedas-
tic errors in the spirit of Theorem 1 of Jagannathan and
Wang (1998), and so those results are extended to the
dynamic setting as well. Finally, we show the asympto-
tic equivalence of the QML approach (a special case of
GMM/MD, as mentioned above) and the OLS approach
even under conditional heteroskedasticity, which is
also an extension of Theorem 4 of Shanken (1992) both
for constant and time-varying prices of risk.

Remark 1. (i) Although Aols and Aqmle are asymptotically
equivalent, the associated estimators of B are generally
not. This is because the estimator B is not constructed
under the restrictions in Eq. (17). However, with a simple
additional step, we can construct an estimator of B based
on Aols that is asymptotically equivalent to qule

Baos =R(AqsF— +0) [(AaF - +0) (AgsF —+0) ] -

Intuitively, Bs is the OLS estimator of B taking the
estimated prices of risk Aols as given.

(ii) Under the assumption that e|F;_q ~ ;3N (0,62 - Iy)
and all variables are X,-type variables, the estimators Aols
and AqmlE are asymptotically efficient. qu]e and B, are
also asymptotically efficient, although B, is asymptoti-
cally efficient only when N =K¢.

In traditional asset pricing models with constant prices
of risk, the parameter 1o determines whether a risk factor
is priced in the cross section of test assets. However, when
prices of risk are time varying, this parameter is no longer
of independent interest. Instead, to gauge whether differ-
ential exposures to a given pricing factor result in sig-
nificant spreads of expected excess returns, one has to test

whether a specific element of 4 is equal to zero, where

A = Ao +AE[F. (22)

Theorem 2. Under our assumptions,
«/_vec< 015—/1)—>/\/(0 V- ) «/_vec< qmle—l)—v\/(o V- )

as T— oo, where V; is given in Appendix D.1.

In Appendix D.I we show that V; is a simple
expression that invokes quantities that are known in
closed form and easy to compute. Using this result, we
can form a t-statistic of the null hypothesis that the
sample average of the market price of risk for a given
pricing factor is equal to zero. This allows us to test
whether a given factor is unconditionally priced in the
cross section of test assets.

4.1. Relation to Fama-MacBeth regressions

Standard factor pricing models assume that prices of
risk are constant and that the pricing factors are unfor-
ecastable. Hence, the prevalent factor model used in the
literature implicitly assumes that data are generated by

Ritv1=PiAo+PvVeie1+eiri1 (23)
and
Xey1=p+veyr, t=0,...T-1; (24)

see, for example, Cochrane (2005, p. 276). This setup is
nested in our model if @=0 and A; =0. This model is
most commonly estimated by the two-pass Fama-MacBeth
estimator (Fama and MacBeth, 1973) whose properties
have been studied by Shanken (1992), Jagannathan and
Wang (1998), and Shanken and Zhou (2007) among many
others. The Fama-MacBeth estimator for A is

~ ~ 1A, A

Agl\ﬁls (BolsBolS> BoisAoolss (25)
where Ay is the estimated constant term from a contem-
poraneous regression of returns on de-meaned factors. For
comparison with Theorem 1, note that under our assump-
tions it can be shown that

JT </10015 /10)—>N(0 ),

VZM :Zu—i-H/F‘ (B lo) (B ﬁo)
M (B.A)=[(BB)'B'| - (/10 ® (BB) 'B). @6
where VM is the probability limit of the

heteroskedasticity-robust variance matrix from a contem-
poraneous regression of returns on factors and a constant.
Because we allow for conditional heteroskedasticity, the
variance matrix VM is in the spirit of that obtained by
Jagannathan and Wang (1998) when the risk-free rate is
observed. Similarly, the variance expression derived in
Shanken (1992) can be obtained by using VM with VM

rob

> Here we are assuming that the risk-free rate is observed, so the
model does not include the zero-beta rate. Similar results can be obtained
with the inclusion of a zero-beta rate.
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formed under the assumption of conditionally homoske-
dastic errors. M

The analogous estimator, A e, has received relatively
less attention in the literature than its counterpart, derived
under the assumption that e; ~ ;3 N'(0, X,).° As in the more

~FM ~FM
general case above, 4 s and 4g g are still asymptotically
~FM
equivalent so that +/T (ﬂqumle—ﬂ()) —4N'(0,VEM) even in

the presence of conditional heteroskedasticity. To our
knowledge, this has not previously been pointed out in
the literature. Following similar steps as in Appendix C,
even with the inclusion of a zero-beta rate, the direct
equivalence between the MD and GMM estimators (for
any choice of weight matrix) and the MLE (for specific
choices of weight matrix) can be established for the model
of Egs. (23) and (24). Special cases of this result have been
pointed out in the literature. Ahn and Gadarowski (1999)
discuss, and Kan and Chen (2005) show, the equivalence
between the MD estimator and the MLE. More recently,
Shanken and Zhou (2007) show the equivalence between
the GMM estimator and the MLE (see also Zhou, 1994;
Kleibergen, 1998).

It follows from the equivalence between MD and GMM
estimation for the model of Egs. (23) and (24) that the J-
statistic is equivalent to the MD criterion function [i.e., Eq.
(21)]. Thus, the cross-sectional T? statistic of Shanken
(1985) [see Lewellen, Nagel, and Shanken (2010) for a
detailed discussion of the test statistic], which corresponds
to the MD criterion function when there is an unknown
zero-beta rate (evaluated at the two-pass estimators) may
be interpreted directly as a J-test of the moment restric-
tions for the model. This is an intuitively appealing inter-
pretation because the J-statistic is then a direct joint test of
the cross-sectional asset pricing restrictions imposed by
the assumption of no-arbitrage. This is consistent with
Lewellen, Nagel, and Shanken (2010), which emphasizes
the importance of analyzing the estimators of all the
parameters of the model instead of solely focusing on
the price of risk. More generally, one key part of our
contribution is to extend the static setting discussed here
to the dynamic setting introduced in Section 3 without
compromising the simplicity of implementation that has
made the Fama-MacBeth estimator so popular in the
applied finance literature.

Some authors apply the Fama-MacBeth estimator in
model specifications with constant prices of risk, where
the pricing factors are given by the VAR(1) innovations of a
vector of state variables (see, for example, Chen, Roll, and
Ross, 1986; Campbell, 1996; Petkova, 2006). These speci-
fications thus rely on the return generating process:

Rity1=PiAo+PiVes1+e€ir1 27)
and
Xei1=p+DPX+vepr, t=0,...T—1. 28)

6 See, for example, Gibbons (1982), Kandel (1984), Roll (1985),
Shanken (1985, 1986), Kan and Chen (2005), Shanken and Zhou (2007),
and Kleibergen (2009), among others.

As an exercise, consider the case in which the true data
generating process is governed by Eqgs. (1) and (13) so that
the prices of risk vary over time but are mistakenly
assumed to be governed by Egs. (27) and (28) and
estimated via two-pass Fama-MacBeth regressions. Inter-
estingly, it can be shown that in this case

ﬁ(iﬁ“-ﬁ)iw(o,vz) (see Theorem 2). Thus, the

conventional estimator is consistent for the parameter A.
However, Wald-type test statistics would commonly be
constructed using a plug-in version of the variance for-
mula of Shanken (1992), which under technical conditions,

converges in probability to X,+ (1 +72v‘11) - (BB)"!

B/ZQB(B’B)A. Comparing this expression and that of V;
from Appendix D.1 shows that the bias of the standard
variance estimator depends on the values of A, @, and X,,.

5. Estimation with time-varying betas

A large literature exists on estimating beta representa-
tions of asset pricing models assuming that the betas vary
over time. For example, see Fama and MacBeth (1973),
Ferson and Harvey (1991), and many more. In this section,
we discuss estimation of our model in the case in which
factor risk exposures as well as the parameters governing
the dynamics of the factors are time-varying. The model is,
therefore,

Ric1=Piho+PiAFe+ e +eiia (29
and
X1 =P+ DeXe+Vei1. (30)

To motivate our estimator consider the case in which the
innovations {u;} and the betas are known. In addition, let
B: = (ﬂl’[,..., Bn,) - Then, passing through the vectoriza-
tion operator yields

Rey1—Biu1 = (F; ® Bt>VeC(A)+et+1- 31

From there it is easy to see that the associated estimator of
the price of risk is

vec (/les)

_ g
- (Tz:l <Ftij/t ® B;Bf>> 72:1 (Ft ® B})(Rtﬂ —Betlg ).
t=0

i=o
(32)

In practice, the estimator of Eq. (32) is infeasible without
estimates of By, i, and @,. Furthermore, without additional
assumptions, identification of these parameters would be
impossible as the number of parameters grows too quickly
as T—oo.

One approach to identify time variation in f3;, that has
been used in the literature is to posit that the parameters
P, are (linear) functions of observable variables (see, for
example, Shanken, 1990; Ferson and Harvey, 1999;
Gagliardini, Ossola, and Scaillet, 2014; and Chordia,
Goyal, and Shanken, 2013). However, a drawback to this
approach is that it requires the correct specification for the
functional form of the f;,. In fact, as pointed out by
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Ghysels (1998) and Harvey (2001), among others, the beta
estimates obtained in this way are typically sensitive to the
specification of the information set. As a consequence, the
magnitude of the resulting estimated pricing errors can
vary substantially with the choice of conditioning vari-
ables. Other limitations to this approach are that the
number of regressors can grow large and that
commonly-used conditioning variables are available only
at low frequencies.
An alternative identifying assumption is that

Pic=Pi(t/T)+0(1), p,=pu(t/T)+o(1),

@ =D(t/T)+0(1), (33)

where all (), u(-), and @() are sufficiently smooth
functions to estimate the parameters nonparametrically.
Appendix D.2 provides some additional details about this
assumption and its implications.” This assumption has the
appeal that it implies that the betas do not vary too much
over short time periods, which is consistent with both
economic theory and prior empirical studies (see, for
example, Braun, Nelson, and Sunier, 1995; Ghysels, 1998;
and Gomes, Kogan, and Zhang, 2003). Importantly, it
imposes less structure than assuming a precise functional
form for the parameters and so is likely more robust to
misspecification. Intuitively, the functional form assump-
tions in Eq. (33) imply that as T grows, the amount of local
information about the function value increases.

A number of different options exist for nonparametri-
cally estimating the f;,. We follow Ang and Kristensen
(2012) and use kernel smoothing estimators. We can then
derive, at any point in time, an asymptotic distribution for
all parameters of our model, including the conditional
betas and the price of risk parameters obtained from the
beta estimates. In addition to being more robust to mis-
specification, kernel smoothing estimators have the
appealing feature that they nest, as a special case, rolling
window estimates of f3;,, which are popular in the empiri-
cal literature (for example, Chen, Roll, and Ross, 1986;
Ferson and Harvey, 1991; Petkova and Zhang, 2005; among
many others). Rolling beta estimates are equivalent to
using a uniform one-sided kernel instead of a Gaussian
two-sided kernel, as we do here. The standard approach of
using backward-looking, five-year rolling regressions has
two noteworthy drawbacks. First, for the estimator to be
consistent, the bandwidth sequence (i.e., the window)
needs to shrink to zero. However, the choice of five-year
windows is not data-dependent and so might not be
appropriate for many applications (see Section 6 for
further discussion). Second, the order of the smoothing
bias of the estimator for the betas and the price of risk
parameters is larger for one-sided kernels. In fact,
although the estimator of A based on rolling regressions
(with appropriate data-dependent bandwidth choice) in
Eq. (36) below is consistent, a non-negligible bias term

7 See Robinson (1989). A number of other authors have used this
assumption in conjunction with time-varying parameters. See Ang and
Kristensen (2012) for a lucid discussion about this approach to modeling
time-varying parameters.

precludes standard inference procedures without further
adjustment.

Eq. (29) is nested in a time-varying equivalent of the
SUR system discussed in Section 4. We solve the system by
equation-by-equation weighted least squares regressions:

(RosrcAoi i) = (3

-

(ij (s=)/T) WR,S)

(34

-1
(S t)/T tv tV/)

and

~ ’ T o ~ -1
(ﬂt,l,@[_1> = (Z /Cb((s—f)/T)Xs_1X51>

s=1

T
x ( > Kn((s— t)/T))?s1X;>, (35)
s=1

where z¥ = (1,X,_;,C;)" and Kp(x)=K(x/h) for some ker-
nel functlon K(-) and bandwidths h=hr and b=b; are
positive sequences that converge to zero. The set of regressors,
zV, is different than in the constant beta case in which
estimated innovations, ii;, were used instead of C; to estimate
the betas. When betas are time-varying, it is technically
convenient to make this change as we can then directly rely
on results from Kristensen (2009).

Intuitively, the kernel function in Egs. (34) and (35) places
more weight on observations nearby and less weight on those
farther away, where the rate of decay is governed by the
bandwidths h and b, respectively. Moreover, because we
smooth only in the time dimension, our approach does not
suffer from the so-called curse of dimensionality. To choose
the bandwidths we use a plug-in method developed in
Kristensen (2012) and Ang and Kristensen (2012). In
Appendix A.2, we provide more details on the implementa-
tion of the bandwidth selection.

Given these first-stage estimates, the feasible estimator
of A is then

— -1 —
vec(A%) = (Z (R, o BiB:) +pT> S (Fof)
t=

t=0
x (R[+1 _mm), (36)

where p; is a positive sequence that satisfies pr—0. This
additional term guarantees the stability of the estimator by
ensuring that the matrix is always invertible. It is straightfor-
ward to show that when the betas and VAR coefficients no
longer time vary and pr =0, then A is analytically equiva-
lent to Ay from Section 4. We then have Theorem 3.

Theorem 3. Under our assumptions,
fvec( ols A) “Lavy),

as T— oo, where
.1 -1
Vi = < /0 (£2(7) ® B(z)'B(7)) dr)

1
x { /0 ( (Qf(r)A’Dg.Qz(f) ~ DAL (2) +Qf(f))
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®B(7) X, (7)B(7)) dr.

1
+ /o (2¢(7) ® B(r)B(t)Xu(t)B(7) B(7)) d’r}
; “1
x < /o (2¢(7) ® B(z)'B(7)) d1>

and £2;(-), £¢("), Zy(-), and Dg are defined in Appendix D.2.

Despite the fact that/izs is based on estimates of 3, ftr,
and @,, which converge at a rate slower than the para-
metric rate, our estimator of the price of risk achieves the
parametric rate. This is an appealing feature as it means
that the additional flexibility we introduce in modeling the
time variation in the betas and VAR coefficients does not
come at the cost of asymptotic efficiency. The intuition
behind this result is that the additional averaging over
time to estimate A accelerates the rate of convergence.
Furthermore, in the spirit of the comment in Remark 1, we
can then reestimate the ;. from a kernel regression of
Ri¢.1 on the sum (A F¢+1i,, 1). Finally, in Appendix B, we
discuss how to carry out restricted estimation and infer-
ence for the price of risk parameter A.

The time variation in g, and @, implies that the mean of
the factors is also shifting over time. The definition of 1
must be changed accordingly:

t=1

A=Ao+A4 - lim T~ EF). 37)
Do -

We then have Theorem 4, an analogous result to Theorem 2,

Theorem 4. Under our assumptions,
ﬁ(xols ~D-Ln(0.),
where V%’ is defined in Appendix D.2.

The asymptotic variance, V%", can be estimated in a
straightforward manner, and so inference on whether a
factor is priced on average can be conducted easily.

5.1. Comparison with estimators using rolling regressions

In Section 6, we compare our results with the estima-
tors proposed by Fama and MacBeth (1973) and Ferson
and Harvey (1991) (hereafter “FM” and “FH”), both imple-
mented using rolling regressions to obtain time-varying
betas in the first estimation stage. To properly account for
the persistent nature of (some) factors, we implement
these procedures using the estimated innovations i, as
pricing factors. This is in contrast to much of the empirical
literature, which estimates betas using the level of the
pricing factors without controlling for lagged observations.
When the pricing factors are persistent, these estimates
are not consistent.® Rolling regressions yield estimates

8 While the results they report are based on simple rolling regres-
sions without controlling for the potential persistence in the pricing
factors, Ferson and Harvey (1991) mention in Footnote 7 that their results
are robust to the estimation of rolling betas controlling for the lagged
level of the pricing factors.

{,B;:i: 1,...N,t=1,...T}, which we stack as
{B;r: t=1,...,T}. We then obtain the FM estimator of the
constant price of risk parameter Ao from

>FM e N AT ATE\ — 1 ATE AT
Ao =T ' Z Yeo Ve= (Bt B, ) B, Agys (38)
t=1

where A;t is the (stacked) estimated intercept from the
rolling regressions, the analog to the constant beta case in
Eq. (25). In practice, a five-year burn-in period is necessary
to construct these estimators. For ease of notation, the
equations presented in this subsection ignore this distinc-
tion. As in the constant beta case, the estimator in Eq. (38)
is derived from the asset pricing restriction that the
intercept satisfies Ao = B:Ao.

Ferson and Harvey (1991) have proposed to estimate
time-varying prices of risk in conditional factor pricing
models by first running Fama-MacBeth two-pass regres-
sions as above and, subsequently, in a third estimation
step, regressing the obtained time series of market prices
of risk (7,) on one-month lagged predictor variables. This
estimator is similar in spirit to our estimator in which
market prices of risk are modeled as affine functions of a
set of forecasting (X, and X3) variables.

To implement the FH estimator, we again use the
innovations #i;,, as pricing factors but also control for
the lagged values of the price of risk factors, F; [i.e.,, Eq.
(29)] to estimate the betas. We then estimate the price of
risk parameters A by regressing 7, on a constant and the
lagged price of risk factors, i.e.,

R T-1 AN/ N
A= <Z 7t+1Ft> (Z FtFr> . (39
(=0 (=0

We compare the two estimators with the ones derived
in this paper in terms of model-implied mean squared
pricing errors in Section 6.

6. Empirical application

In this section, we apply our estimation method to a
dynamic asset pricing model for equity and Treasury
returns. We choose test assets that have been studied
extensively in the empirical asset pricing literature to
illustrate the usefulness of the regression-based dynamic
asset pricing approach. We show that a parsimonious
model with two pricing factors, two price of risk factors,
and one factor that is both fits the cross section of size-
sorted equity portfolios and constant maturity Treasury
portfolios very well on average while, at the same time,
giving rise to strongly significant time variation in risk
premiums. We further show that allowing for time varia-
tion in factor risk exposures substantially improves the
precision of price of risk parameters. Finally, allowing for
time variation in prices of risk is more important than
modeling time variation in factor risk exposures for mini-
mizing squared pricing errors of the model. Traditional
estimation approaches such as the one by Fama and
MacBeth (1973) and Ferson and Harvey (1991) imply
substantially larger pricing errors than our estimator.
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6.1. Data

We obtain ten size-sorted portfolios for US equities from
Ken French's online data library. We further use constant
maturity Treasury portfolios with maturities one, two, five,
seven, ten, 20, and 30 years from the Center for Research in
Securities Prices (CRSP). We compute excess returns over the
one-month Treasury bill yield, which we also obtain from
French's website. Our sample spans the period 1964:01-
2012:12 for a total of 588 monthly observations.

We use the following set of factors to price the joint
cross section of equities and Treasuries. The excess
return on the value-weighted equity market portfolio
(MKT) from CRSP and the small minus big (SMB) portfo-
lio from Fama and French (1993), and the ten-year
Treasury yield (TSY10) serve as cross sectional pricing
factors. We obtain the first two factors from French's
website, and the third from the Federal Reserve Statis-
tical Release H.15. The first two factors explain a sub-
stantial share of the variance of the size decile portfolio
returns. However, they are not usually considered to be
return forecasting variables. We, therefore, treat them as
cross-sectional pricing factors and do not attribute to
them a role for explaining time variation in prices of risk.
The ten-year Treasury yield can be considered a good
proxy for the level of the term structure of Treasury
yields, which has been shown to be a priced factor in the
cross section of Treasury returns (see e.g., Cochrane and
Piazzesi, 2008; Adrian, Crump, and Moench, 2013). We
also allow this factor to determine time variation in
factor risk premiums, as long-term Treasury yields have
been shown to contain predictive information for bond
and stock returns (see e.g., Keim and Stambaugh, 1986;
Campbell, 1987; Fama and French, 1989; Campbell and
Thompson, 2008). In addition to these three factors, we
consider two price of risk factors: the term spread
between the yield on a ten-year Treasury note and the
three-month Treasury bill (TERM) (also obtained from
the Federal Reserve Statistical Release H.15), and the log
dividend yield (DY) of the Standard & Poor's (S&P) 500
index from Haver Analytics. Both factors have previously
been shown to predict equity and bond returns (see e.g.,
Campbell and Shiller, 1988; Fama and French, 1989;
Campbell and Thompson, 2008; Cochrane, 2008) and
are, therefore, good proxies for time variation in risk
premiums. In summary, in our model excess returns are
determined by risk exposures to MKT, SMB, and TSY10,
where the market prices of risk of these three pricing
factors are assumed to vary over time as affine functions
of TSY10, TERM, and DY.

Given this set of test assets and pricing factors, the total
number of risk exposure parameters to estimate is N x K¢
or 17 x 3=>51. The number of market price of risk para-
meters is K¢ x (Kp+1) or 3 x 4=12.

6.2. Empirical results

We start by discussing the estimates of factor risk
exposures assuming constant betas. Table 1 provides beta
estimates for all size and Treasury portfolio returns related
to the three risk factors, implied by the estimators in

Section 4. The first panel reports the OLS estimates and the
second the QML estimates. In each panel, we provide the
estimated betas and associated standard errors for the
three cross-sectional pricing factors MKT, SMB, and TSY10.
Several results are worth highlighting. First, the coeffi-
cients and standard errors implied by the OLS and the QML
estimator are very similar. Hence, any discussion of esti-
mated risk premiums does not qualitatively depend on the
choice of estimator of B. Second, while all size portfolios
significantly load on MKT and SMB, the Treasury portfolios
do not. That is, Treasury portfolio returns do not contem-
poraneously co-move with shocks to the two equity
pricing factors in the constant beta specification. The
market betas of the size portfolios have the expected
magnitudes around one with relatively little dispersion.
This is the well-known size effect: exposure to MKT does
not explain the large spread between average excess
returns on small versus large market cap stocks. In con-
trast, the risk exposures to SMB show a strong differential
between the smallest and the largest size deciles. Finally,
while the Treasury portfolios do not load on the two
equity risk factors, the equity portfolios generally load
significantly on the ten-year Treasury yield factor.

We now compare these estimates with those obtained
assuming betas are time-varying. Fig. 1 provides plots of
factor risk exposures of two test assets, size5 and cmt10,
for all three pricing factors in our model: MKT, SMB, and
TSY10. For each factor-asset pair we compare three differ-
ent beta estimates. The constant one (dash-dotted line) is
obtained using the estimator in Section 4, the time-varying
one (solid line) is obtained using the Gaussian kernel
estimator with data-driven bandwidth choice discussed
in Section 5, and the five-year rolling window estimator
(dashed line) often used in the empirical asset pricing
literature and also represents the first-stage estimates in
our implementation of the Fama and MacBeth (1973) and
Ferson and Harvey (1991) estimators.

Several remarks are in order. First, in all cases, the time-
varying beta estimates are centered around the constant
estimates. Second, while the Gaussian kernel with data-
driven bandwidth implies some variability in factor risk
exposures, it features considerably less time variation in betas
than the five-year rolling beta estimator. In particular, for all
factor-asset pairs, the latter implies betas with signs flipping
multiple times across the sample period. At low frequencies,
however, the rolling beta estimates mimic the evolution of the
Gaussian kernel-based betas. Moreover, despite the smooth
nature of Gaussian kernel estimates, their evolution over time
gives rise to some interesting observations. Most important,
the size5 portfolio's beta on the Treasury factor switches from
a negative to a positive sign in the mid-1990s. Around the
same time, the cmt10 portfolio's beta on the equity market
portfolio switches from a positive to a negative sign. Hence,
our time-varying beta estimates replicate the empirical obser-
vation that the correlation between stock and bond returns
has flipped signs sometime in the 1990s (see e.g. Baele,
Bekaert, and Inghelbrecht, 2010; Campbell, Sunderam, and
Viceira, 2013; David and Veronesi, 2013). Another interesting
observation is that the beta of the ten-year constant maturity
Treasury return (cmtl10) onto the ten-year Treasury yield
factor (TSY10) fluctuates quite substantially over time. Because



Table 1

Factor risk exposure estimates.

This table provides estimates of factor risk exposures from the constant-beta specification of the dynamic asset pricing model discussed in Section 6. It
reports ordinary least squares (OLS) estimates and quasi-maximum likelihood (QML) estimates. Asymptotic standard errors are provided in parentheses.
The pricing factors are MKT, the excess return on the Center for Research in Security Prices (CRSP) value-weighted equity market portfolio, SMB, the small
minus big portfolio both obtained from Ken French's website, and TSY10, the constant maturity ten-year Treasury yield from the Federal Reserve Statistical
Release H.15. The test assets are the ten size-sorted stock decile portfolios from Ken French's website (size1 ... size10), as well as constant maturity Treasury
returns for maturities ranging from one through 30 years (cmt1 ... cmt30). We obtain the latter from CRSP. “Wald stats” denote Wald tests for the joint
significance of all factor risk exposures associated with the respective pricing factor. “LR stat” is a likelihood ratio test for the joint significance of all factor
risk exposures across test assets and pricing factors in the model of Eq. (16) (see Kleibergen and Zhan, 2013). The sample period is 1964:01-2012:12. ***

denotes significance at 1%, **, significance at 5%, and *, significance at the 10% level.
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Pt s.e.(fuxr) Psvs s.e.(Bsmp) Prsvio s.e.(frsy10)
OLS estimates
sizel 0.851%* (0.030) 117179 (0.020) 0.109%** (0.021)
size2 0.984%%* (0.019) 1.066%+ (0.018) 0.053%* (0.017)
size3 1.007%%* (0.016) 0.898*** (0.015) — 0117 (0.014)
size4 0.996™* (0.007) 0.804** (0.004) —0.099%* (0.005)
size5 1.018%* (0.007) 0,662+ (0.008) 0.036%* (0.010)
size6 1.003%%* (0.017) 0.480%** (0.021) — 0277 (0.045)
size7 1.031%%* (0.029) 0.3627%* (0.039) —0.160™** (0.038)
size8 1,033% (0.032) 0.264%+ (0.035) —0.293% (0.029)
size9 0.995%+* (0.028) 0.067*+ (0.020) —0.429% (0.012)
size10 0.988%* (0.005) —0.276% (0.007) 0.188"* (0.009)
emtl 0.004 (0.011) 0.009 (0.012) —1.043%% (0.019)
cmt2 0.001 (0.025) 0.008 (0.320) —2.049% (0.204)
cmt5 —0.006 (0.201) ~0.003 (0.184) — 4206 (0.168)
cmt7 ~0.000 (0.149) —0018 (0.160) —5.164%* (0.138)
cmt10 0.007 (0.156) —0.015 (0.073) —6.165% (0.085)
cmt20 0.003 (0.129) ~0.009 (0.111) —7.893%* (0.117)
cmt30 ~0.027 (0.184) ~0.004 (0.269) _8.581%* (0.320)
Wald stat 182,785.308*** (0.000) 81,346.613*** (0.000) 30,021.782%* (0.000)
LR stat 6,297.355%** (0.000)
QML estimates
sizel 0.852%* (0.030) 1174% (0.020) 0.001%* (0.021)
size2 0.980% (0.020) 1.060%* (0.018) 0.053% (0.017)
size3 1,007%* (0.016) 0.898** (0.015) —0.082% (0.014)
sized 0.997%++ (0.007) 0.804%+ (0.004) —0.089%* (0.005)
size5 1.019%+* (0.007) 0.664™ (0.008) 0.039%+ (0.010)
size6 1.005%* (0.017) 0.485%+ (0.020) —0.291%* (0.045)
size7 1,031 (0.029) 0.363%* (0.038) —0.185%* (0.037)
size8 1.032% (0.032) 0.263%* (0.035) _0.288% (0.029)
size9 0.994%%* (0.027) 0.066%* (0.020) — 0417+ (0.011)
size10 0.987%%* (0.005) 0277 (0.007) 0186+ (0.009)
cmtl 0.004 (0.010) 0.009 (0.012) —1.048% (0.019)
cmt2 0.001 (0.025) 0.008 (0.318) —2.047%%* (0.204)
cmt5 —0.006 (0.201) —0.003 (0.182) 4217w (0.169)
cmt7 —0.000 (0.147) —0.018 (0.158) 5158 (0137
cmt10 0.007 (0.154) —0015 (0.071) —6.151% (0.080)
cmt20 0.002 (0.121) —0.009 (0.106) —7.916%* (0.114)
cmt30 ~0.027 (0.180) —0.004 (0.268) 8579 (0.319)
Wald stat 184,171.026*** (0.000) 80,463.712%** (0.000) 31,121.825%** (0.000)

the return on a bond is, to a first-order approximation, equal
to minus its duration times the yield change, this time
variation reflects the fact that the duration of longer-dated
Treasury securities has changed substantially over the 50 year
sample that we consider. In fact, duration was low in the late
1970s and early 1980s, when rates were high, and has since
experienced a secular upward trend against the backdrop of
falling rates. These dynamics are well captured by the time-
varying beta estimates. Moreover, the five-year rolling
regression-based estimates mimic the evolution of time-
varying betas from the Gaussian kernel-based estimates with
data-driven bandwidth choice well. For other asset-factor
pairs, they appear too noisy.

We next turn to a discussion of the estimated market
prices of risk. Table 2 provides estimates of the market
price of risk parameters Ao and A; implied by three
different estimators. The second-to-last column provides
the average price of risk estimates /1 for each factor and its
asymptotic standard error as provided in Theorems 2 and
4, respectively. These statistics allow us to test whether a
given factor is priced on average in the cross section of test
assets. Finally, the last column provides a Wald statistic for
a test of whether the coefficients in a particular row of A,
are jointly equal to zero. This statistic thus indicates
whether there is time variation in each of the factor risk
prices.
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Fig. 1. Comparison of beta estimates. This figure provides plots of beta estimates obtained for different pairs of test assets and cross-sectional pricing
factors. p;, A shows time-varying betas estimated using the kernel regression approach presented in Section 5. 8y, 4; denotes the constant beta estimate
obtained using the ordinary least squares (OLS) estimator described in Section 4. Rolling refers to the five-year rolling window estimate. size5 denotes the
fifth decile portfolio from the set of size-sorted stock portfolios from Ken French's website. cmt10 refers to the constant maturity Treasury returns for the
ten-year maturity, obtained from the Center for Research in Security Prices (CRSP). MKT, SMB, and TSY10 denote the value-weighted stock market portfolio
from CRSP, the small minus big portfolio from Fama and French (1993), and the ten-year Treasury yield from the Federal Reserve Statistical Release H.15.
The sample period is 1964:01-2012:12.

constant betas, respectively. The asymptotic standard
errors (and p-values in the case of the W, statistic) are
shown in parentheses. We make the following

Table 2 reports estimates based on time-varying betas
implied by a Gaussian kernel and Panels B and C show
them for the three-step OLS and QML estimators under
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Table 2
Price of risk estimates.

This table provides estimates of market price of risk parameters from the dynamic asset pricing model discussed in Section 6. Panel A reports ordinary
least squares (OLS) estimates for the specification with time-varying betas, and Panels B and C provide OLS and quasi-maximum likelihood (QML) estimates
for the specification with constant betas. The pricing factors are MKT, the excess return on the Center for Research in Security Prices (CRSP) value-weighted
equity market portfolio, SMB, the small minus big portfolio both obtained from Ken French's website, and TSY10, the constant maturity ten-year Treasury
yield from the Federal Reserve Statistical Release H.15. The price of risk factors are TSY10, TERM, the spread between the constant maturity ten-year
Treasury yield and the three-month Treasury bill, both obtained from the H.15 release, as well as DY, the log dividend yield obtained from Haver Analytics.
The first column, Ao, gives the estimated constant in the affine price of risk specification for each pricing factor. The second through fourth columns provide
the estimated coefficients in the matrix A;, which determine loadings of prices of risk on the price of risk factors. The column 7 provides an estimate of the
average price of risk as given in Eq. (22). The last column provides the Wald test statistic of the null hypothesis that the associated row is all zeros. The
sample period is 1964:01-2012:12. *** denotes significance at 1%, **, significance at 5%, and *, significance at the 10% level.

Ao TSY10 TERM DY N Wy,
Panel A: Time-varying betas
MKT 0.0627%** —0.184™** 0.3027%* 0.014™** 6.797** 25.328%*
(0.017) (0.058) (0.088) (0.004) (2.785) (0.000)
SMB 0.054%*** —0.194%* 0.099 0.011%** 3.565 23.190***
(0.013) (0.044) (0.066) (0.003) (2.690) (0.000)
TSY10 0.004%** —0.014*** —0.046™** 0.001** -0.359 48.636™**
(0.001) (0.005) (0.007) (0.000) (0.229) (0.000)
Panel B: Constant betas (OLS)
MKT 0.063** —-0.187* 0.301%** 0.014** 6.067%* 8.975%*
(0.028) (0.098) (0.147) (0.006) (1.487) (0.030)
SMB 0.054** —0.192%* 0.093 0.011** 3.023 7.599*
(0.022) (0.073) (0.108) (0.005) (2.336) (0.055)
TSY10 0.004 —-0.013 —0.050™* 0.001 —0.386™* 21237
(0.002) (0.008) (0.012) (0.001) (0.085) (0.000)
Panel C: Constant betas (QMLE)
MKT 0.063** —-0.187* 0.301** 0.014** 6.066™* 8.975**
(0.028) (0.098) (0.147) (0.006) (1.424) (0.030)
SMB 0.054** —0.192%** 0.093 0.011** 3.025 7.598*
(0.022) (0.073) (0.108) (0.005) (2.037) (0.055)
TSY10 0.004 -0.013 —0.050™** 0.001 —0.386™** 21.237%*
(0.002) (0.008) (0.012) (0.001) (0.103) (0.000)

observations. First, the estimated market price of risk
parameters are strikingly similar across the three estima-
tors. This reinforces the above observation that the
Gaussian kernel-based beta estimators with data-driven
bandwidth choice do not move sharply over time. Second,
the price of risk parameters are estimated with much
greater precision in the time-varying beta case, as the
standard errors of most elements of Ao and A; are
substantially smaller in Panel A. Hence, because the price
of risk parameters are identified based on cross-sectional
variation of the betas, allowing for time-varying risk
exposures more precisely captures the dynamics of the
price of risk. Third, while the constant coefficients in the
market prices of risk are all individually significant at the
1% level across the three estimators, the average price of
risk statistic 1 discussed in Theorems 2 and 4 is statisti-
cally different from zero only for MKT in the time-varying
beta case and for MKT and TSY10 in the constant beta
case. Hence, according to all three estimators exposure to
SMB risk is not unconditionally priced in our cross section
of test assets. This is consistent with other studies
showing that SMB is not priced in the cross section of
size- and book-to-market-sorted equity portfolios (see,
for example, Lettau and Ludvigson, 2001). However,
while the price of SMB risk is statistically not different

from zero on average, it exhibits substantial time varia-
tion and fluctuates between positive and negative values
that are significantly different from zero. This is also
indicated by the Wald statistic W,, for the rows of A,
being jointly equal to zero, provided in the last column.
All three estimators suggest significant time variation in
the prices of risk on all three cross-sectional pricing
factors of our model, including SMB.

Looking at individual elements of A;, we find strong
evidence for time variation in the prices of risk of MKT,
SMB, and TSY10 as all but one element of the coefficient
matrix A; are individually significant at least at the 10%
level. In particular, TSY10 affects the prices of risk of all
three factors with a negative sign. That is, higher long-
term interest rates drive down the price of risk for both
equity and bond market factors. Third, while TERM does
not significantly add to the variation in the price of SMB
risk, a high term spread strongly raises the price of MKT
risk and reduces the price of TSY10 risk. Because equity
portfolios load positively on MKT, this implies that a
positive term spread predicts higher expected excess
returns on stocks, in line with, e.g., Campbell (1987) and
Fama and French (1989). Moreover, noting that the factor
risk exposures of bond returns on TSY10 are negative, the
latter finding is consistent with the evidence in, e.g.,
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Fig. 2. Comparison of cross-sectional pricing properties. This figure provides plots of observed versus model-implied average excess returns on the set of
test assets estimated using four different approaches as discussed in Section 6. The upper-left graph reports results based on our benchmark specification
(B¢, Ac) with time-varying betas and time-varying prices of risk, estimated using the approach presented in Section 5. The upper-right graph shows the
unconditional fit of the specification with constant betas but time-varying prices of risk, estimated using the three-stage ordinary least squares (OLS)
estimator discussed in Section 4. The lower-left graph shows the average fit of the model estimated using the approach suggested in Ferson and Harvey
(1991), designated FH, which is based on time-varying betas estimated using five-year rolling window regressions. The lower-right graph presents results
for the Fama and MacBeth (1973), designated, FM, two-pass estimator that is also based on time-varying betas estimated using five-year rolling window
regressions but features constant prices of risk. We implement FM by treating the ten-year Treasury yield as a X1-type pricing factor and omitting the
dividend yield and the term spread as factors. All excess returns are stated in annualized percentage terms. The test assets are the ten size-sorted stock
decile portfolios from Ken French's website (sizel ... size10), as well as constant maturity Treasury returns for maturities ranging from one through 30
years (cmt1 ... cmt30), obtained from the Center for Research in Security Prices (CRSP). The plots are based on the OLS estimates of the model. The sample
period is 1964:01-2012:12.

Campbell and Shiller (1991), that a positive slope of the different model specifications and corresponding estima-
yield curve predicts higher future Treasury returns. Finally, tors. The upper-left graph shows the average model fit for
the log dividend yield DY has a positive impact on the the specification with both betas and market prices of risk
prices of risk of all three factors. This confirms previous time-varying, estimated with the Gaussian kernel-based
evidence, e.g. in Fama and French (1989), that the dividend estimator discussed in Section 5. The upper-right graph
yield predicts excess returns on stocks and bonds. displays the model fit for the specification with constant

Before diving into a more specific analysis of time betas, estimated using the three-step OLS regression
variation in risk premiums, we show the good perfor- approach outlined in Section 4. The lower two graphs
mance of our dynamic asset pricing model in explaining show average pricing errors implied by the Ferson and
average excess returns on size and Treasury portfolios. Harvey (1991) and Fama and MacBeth (1973) estimation
Fig. 2 shows average model-implied excess returns against approaches. While the former features time-varying and

average observed excess returns, as implied by four the latter constant prices of risk, both are based on betas
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Table 3
Mean squared pricing error comparison.

This table compares mean squared pricing errors across various model
estimation approaches for the asset pricing model discussed in Section 6.
Panel A reports, for each test asset, the mean squared pricing error implied by
the various estimation approaches. g, A; denotes our benchmark specification
with both time-varying betas and market prices of risk and the betas being
estimated using the approach discussed in Section 5. gy, 4 is a specification
with constant betas but time-varying prices of risk estimated using the
ordinary least squares (OLS) estimator discussed in Section 4. Columns 3
(Bt,20) and 4 (B, 49) denote specifications with time-varying and constant
risk exposures, respectively, and constant prices of risk. “FH” refers to the
Ferson and Harvey (1991) estimator discussed in Section 5, which is based on
time-varying betas estimated using five-year rolling window regressions.
“FM” denotes the Fama and MacBeth (1973) two-pass estimator also based on
time-varying betas estimated using five-year rolling window regressions.
Mean squared pricing errors are stated in percentage terms. Panel B shows
the mean squared pricing errors of all model specifications relative to the
benchmark estimation. The test assets are the ten size-sorted stock decile
portfolios from Ken French's website (sizel ... size10), as well as constant
maturity Treasury returns for maturities ranging from one through 30 years
(cmt1 ... cmt30), obtained from the Center for Research in Security Prices
(CRSP). The sample period is 1964:01-2012:12.

P de Pos At P> 20 Po> %0 FH FM
Panel A: Mean squared pricing errors
sizel 5.87 6.13 7.07 7.06 6.35 6.34
size2 2.77 2.80 349 349 3.25 331
size3 1.96 2.00 2.80 2.80 245 2.53
size4 1.90 1.92 2.75 2.75 2.37 2.49
size5 1.69 172 249 2.49 2.16 2.26
size6 1.78 1.88 2.67 2.67 2.38 2.38
size7 1.74 1.78 2.32 232 2.08 212
size8 1.51 1.52 1.96 1.96 1.79 1.81
size9 127 127 1.60 1.60 144 147
size10 0.33 0.33 0.58 0.58 0.48 0.54
cmtl 0.08 0.10 0.10 0.11 0.08 0.09
cmt2 0.17 0.21 0.22 0.23 0.18 0.19
cmt5 0.35 0.38 0.44 0.44 0.38 0.40
cmt7 0.44 0.49 0.58 0.57 0.46 0.50
cmt10 0.43 0.61 0.71 0.74 0.55 0.58
cmt20 1.24 172 1.85 2.03 148 1.52
cmt30 1.80 2.82 2.85 314 2.08 2.08
Average 149 1.63 2.03 2.06 1.76 1.80

Panel B: Mean squared pricing errors relative to g, A

sizel 1.04 1.20 1.20 1.08 1.08
size2 1.01 1.26 1.26 117 1.20
size3 1.02 143 143 1.25 1.29
size4 1.01 145 145 1.24 131
size5 1.02 1.47 147 128 134
size6 1.06 149 150 133 133
size7 1.02 133 133 1.20 1.22
size8 1.01 1.29 130 119 119
size9 1.00 1.26 1.26 113 115
size10 1.00 173 174 145 1.62
cmtl 127 1.26 132 1.03 1.05
cmt2 127 1.28 135 1.08 111
cmt5 1.09 1.26 1.26 1.09 115
cmt7 110 1.31 130 1.05 113
cmt10 143 1.65 173 130 1.36
cmt20 139 1.50 1.64 1.20 1.23
cmt30 1.56 1.58 174 115 115
Average 114 140 143 119 1.23

estimated via five-year rolling regressions. The graphs
show that our joint dynamic asset pricing model fits the
cross section of average excess returns very well, in both

the constant and the time-varying beta specification.
In contrast, both the Ferson and Harvey (1991) and
Fama and MacBeth (1973) estimators imply average fitted
excess returns for the equity portfolios in our cross section
that are all lower than the observed average excess
returns.

The model's ability to fit returns should be assessed not
only on average but also at each point in time. Panel A of
Table 3 reports mean squared pricing errors for our model
as implied by the different specifications and estimation
approaches. Specifically, for each test asset i, we report the
quantity®

—_

11,

MSE; =23 & 1. (40)
t=0

The first column (f;,A;) shows our benchmark specifica-
tion with both time-varying betas and market prices of
risk and the betas being estimated using the approach
discussed in Section 5. The second column (f,,4;) is a
specification with constant betas but time-varying prices
of risk estimated using the OLS estimator discussed in
Section 4. Columns 3 (f3;,40) and 4 (f,, o) denote speci-
fications with time-varying and constant risk exposures,
respectively, and constant prices of risk. The fifth column
(“FH”) provides the Ferson and Harvey (1991) estimator
discussed in Section 5, which is based on time-varying
betas estimated using five-year rolling window regres-
sions. Finally, the last column (“FM”) shows the Fama and
MacBeth (1973) two-pass estimator based also on time-
varying betas estimated using five-year rolling window
regressions. All mean squared pricing errors are stated in
percent.

The main result of the table is that none of the
alternative estimation approaches generates mean
squared pricing errors that are smaller than those implied
by the benchmark (f,, 4;) specification for any of the test
assets. In particular, the specifications with constant prices
of risk imply substantially larger pricing errors. The FH
estimator, which features time-varying prices of risk but
betas estimated using five-year rolling window regres-
sions, also produces pricing errors that substantially
exceed those implied by our benchmark estimator. The
relative performance of the various estimation approaches
can best be seen from mean squared error (MSE) ratios
with respect to our benchmark estimation specification
(B¢, A¢), provided in Panel B of Table 3. These ratios show
that the benchmark specification outperforms the specifi-
cation with time-varying prices of risk but constant betas,
substantially for the Treasury portfolios but, at most by a
few percentage points for the size-sorted equity portfolios.
This implies that in our model allowing for time variation
in betas is relatively more important for Treasury returns.
In contrast, allowing for time variation in prices of risk
dramatically reduces the mean squared pricing error, as
evidenced by the fact that both specifications with con-
stant prices of risk (f,,40 and Sy, Ao) imply MSEs that

° To ensure a fair comparison across estimators, we report mean
squared errors taken over the same sample period, thus taking into
account the trimming of data in the time-varying beta case.
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Fig. 3. Price of MKT risk dynamics. This figure provides plots of the estimated time series of the price of MKT risk implied by the dynamic asset pricing
model with time-varying betas and prices of risk estimated using the approach in Section 5 and discussed in Section 6. The upper-left graph plots the price
of market risk along with its conditional 95% confidence interval. The remaining graphs provide the contributions of the three price of risk factors TSY10,
TERM, and DY to the dynamics of the price of market risk. All quantities are stated in annualized percentage terms. The sample period is 1964:01-2012:12.

exceed the benchmark specification between 20% and 74%.
Turning to the last two columns, when betas are estimated
using five-year rolling regressions, allowing for prices of
risk to vary over time, as in the Ferson-Harvey estimator,
improves the model fit with respect to the Fama-MacBeth
estimator, but the difference is substantially smaller than
when betas are estimated using Gaussian kernels. More
important, both the FH and FM estimators imply an
average MSE of 19% and 23% larger than that of our
benchmark specification. Hence, estimators using rolling
five-year window regressions perform substantially less
well than our estimator using time-varying betas obtained
from Gaussian kernel regressions.'°

In sum, our results show that the time variation of
excess returns on stock and bond portfolios is mainly

10 For comparison, we consider estimators of the price of risk
parameters based on estimated betas using the level of price of risk
factors instead of innovations. However, not surprisingly, the results are
very poor and so we omit them from the presented results.

driven by time-varying prices of risk and, to a much
smaller extent, by changes in the factor risk betas.
This finding is consistent with the results of Ferson and
Harvey (1991) and highlights the importance of using a
dynamic framework and an estimation approach consis-
tent with such a framework when testing asset pricing
models.

We now turn to a characterization of the dynamics of
the price of risk. Fig. 3 provides a plot of the estimated
price of MKT risk implied by the model, as given by our
benchmark estimation approach with time-varying betas
and time-varying prices of risk. The upper-left graph
shows the time series evolution of the estimated price of
risk along with its conditional 95% confidence interval. The
plot shows that the price of MKT risk is strongly time-
varying. While it has on average amounted to about 6%
over the past 50 years, there have been a few episodes in
which the estimated price of market risk has been mark-
edly negative. In particular, during the final two years of
the dotcom bubble as well as in the two years before the
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Fig. 4. Time variation in the price of SMB and TSY10 risk. This figure provides plots of the estimated time series of the price of SMB and TSY10 risk implied
by the dynamic asset pricing model estimated using the method outlined in Section 5 and discussed in Section 6. The left panel plots the price of SMB risk
along with its conditional 95% confidence interval, and the right panel reports the price of TSY10 risk along with its conditional 95% confidence interval. All
quantities are stated in annualized percentage terms. The sample period is 1964:01-2012:12.

recent financial crisis, the estimated market risk premiums
fell below zero, indicating that, according to our model,
equity investors would have anticipated negative excess
returns on equity in these periods.

The remaining graphs in Fig. 3 show the contribution of
the three price of risk factors to these dynamics. Recall that,
in our model, A; = 19 +A1F;, where F, is the vector of price of
risk factors. Accordingly, the three graphs show the quan-
tities A4;Fjr, where A4; is the (1,j) element of A; and Fj; is the
jth factor in F,. These graphs thus allow one to attribute the
dynamics of the price of market risk to its various compo-
nents. As an example, our model implies that the equity risk
premium was at an all-time high in the spring of 2009.
Looking at the individual contributions of the three price of
risk factors, this period was characterized by a combination
of a very low ten-year Treasury yield, a relatively high term
spread, and a fairly elevated dividend yield.

Fig. 4 shows the estimated time series of annualized
prices of risk for the SMB and TSY10 factors along with
their conditional 95% confidence intervals. Both series
exhibit substantial time variation. The price of SMB risk
largely mimics the dynamics of the price of MKT risk, but it
has a somewhat lower average level. As shown in Table 2,
the average price of SMB risk is not significantly different
from zero in our sample. However, as shown by its
conditional 95% confidence interval, the price of SMB risk
has been significantly different from zero over various
subperiods in our sample. Turning to the evolution of the
market price of TSY10 risk, shown in the right graphs of
Fig. 4, exposure to long-term Treasury risk was associated
with a positive price of risk for much of the period from
the beginning of the sample in 1963 through the early
1980s. However, around the time of the Volcker disinfla-
tion period, the price of TSY10 risk switched sign and has
since fluctuated around mostly negative values. The expo-
sure of equity portfolios to the Treasury factor switched
signs from negative to positive sometime in the mid-
1990s. Combined, these results imply that exposure to

long-term Treasury risk generated strongly fluctuating risk
prices for stock portfolios over the last 50 years. While the
price of risk was mostly negative in the early part of the
sample, it flipped sign in the early 1980s and became
negative again around the mid-1990s.

An important aspect of our modeling framework is that
we can use the dynamics of the pricing factors to predict
expected excess returns further out than one month
ahead. This is useful as it facilitates a quantitative analysis
of risk premiums at longer-term investment horizons.
Fig. 5 shows the model-implied expected excess return
on the fifth size portfolio and the ten-year constant
maturity Treasury portfolio one year and five years into
the future, as implied by our benchmark specification with
time-varying betas and prices of risk. The charts indicate
that the model-implied risk premiums feature sizable time
variation. For the fifth size portfolio, they varied in a range
from minus 15% to 30% at a one-year-ahead horizon and
between 2% and 12% at a five-year-ahead horizon. For the
ten-year Treasury portfolio, the time variation of risk
premiums is in a narrower range of around minus four
to slightly over 10% at the one-year horizon and between
slightly below zero and around 5% at the five-year horizon.
Hence, our model and estimation approach predict mean-
ingful variation of longer-term risk premiums, consistent
with the persistence of actual excess returns over long
horizons. For comparison, we superimpose the corre-
sponding long-horizon risk premiums implied by the
specification with time-varying betas but constant prices
of risk. Not surprisingly, this specification implies only
minor time variation in risk premiums.

7. Conclusion

Dynamic asset pricing models constitute the core of
modern finance theory. Virtually all of the macro-finance
literature of recent decades is cast in dynamic terms,
often giving rise to time-varying risk prices. Empirically,
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Fig. 5. One-year and five-year risk premium dynamics. This figure provides plots of the estimated one- and five-year ahead expected excess returns for two
test assets implied by the dynamic asset pricing model with time-varying betas and prices of risk estimated using the approach in Section 5 and discussed
in Section 6. size5 denotes the fifth decile portfolio from the set of size-sorted stock portfolios from Ken French's website. cmt10 refers to the constant
maturity Treasury returns for the ten year maturity, obtained from the Center for Research in Security Prices (CRSP). All quantities are stated in annualized

percentage terms. The sample period is 1964:01-2012:12.

the time variation in prices of risk has been shown
robustly (see, e.g., Campbell and Shiller, 1988; Cochrane,
2011).

In this paper, we provide a unifying framework for
estimating beta representations of generic dynamic asset
pricing models that impose cross-sectional no-arbitrage
restrictions and allow for betas to vary smoothly over time
and for prices of risk to vary with observable state
variables. We allow for state variables that are cross-
sectional pricing factors or forecasting variables for the
price of risk, or both. Our estimation results show that all
three types of variables are empirically relevant.

Our regression-based estimation approach can be
explained as a three-step estimator. First, shocks to
the state variables are obtained from a time series vector
autoregression. Second, asset returns are regressed on
lagged state variables and their contemporaneous innova-
tions, generating predictive slopes and risk betas for

each test asset. In the third step, prices of risk are obtained
by either regressing the predictive slopes on the betas
cross-sectionally or by an eigenvalue decomposition of
the predictive slopes and betas. The three-step regression
estimator coincides with the estimator of Fama and
MacBeth (1973) when state variables are uncorrelated
across time and prices of risk are constant. Our approach
thus nests the popular Fama-MacBeth two-pass estimator.

All of the estimators presented in this paper are either
directly or indirectly based on standard regression outputs.
As a result, our estimation approach is computationally
efficient and robust. We provide an application to the joint
pricing of stocks and bonds, which features very good
cross-sectional pricing properties with small average pri-
cing errors as well as strongly significant time variation of
risk premiums. We find that the time variation in risk
prices is more important than the time variation in betas
for achieving good model fits.
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Appendix A. Implementing the estimators
A.l. Constant betas
More concretely ;10,015, /Alo’qmle, /A\l’ols, and /A\Lqmle can be obtained by the following three steps.

1. Estimate the joint VAR in Eq. (1) via V =X— ‘Polsf( where ¥ =XX_ (X_X"_ ) and X_ i X ]'. Form U as the

K¢ x T matrix extracted from the first K- rows of V. Finally, construct the estimators 3.=0 U’ /T and YFF —F_F _JT.
2. Estimate Ags =RZ (ZZ ) and then form the heteroskedasticity robust standard errors

Vi =T - ((Z >_ ®IN> <Z=T: (2e2; ® 6:8}) >(<ZZ')_1 ®IN>,

where ¢ = (1,F,_,,#;)" and é; = R, —AgsZc.

3. Estimate

a VN —1,, =« A Al A —1,, =~

AO,O]S = (BolsBols> BolsAO,Ols= Al,ols = (BolsBols> BolsAl,ols-
Next, let L= [¢;--Cy. ], where {; is the eigenvector associated with the ith largest eigenvalue of the matrix AysZZ'Aq
Then let

qule,o =1L, qule,o = L/Aols~
Define A ymie as the last K¢ columns of the matrix qule,O‘ Then,

~ ~ ~ ~ ~—1 ~
qule = qule,OA qmle,0» qule =A qm]e,qumle,O s

and Aqmle is the matrix formed from the first Kr+1 columns of qule. Finally, construct the variance estimators

ﬁ/\,ols = (f};l ® Eu) +HA( OISaAols) robHA( OlS’Aols)/

and

. ~—1 ~ ~ ~ ~ ~ ~ ’
VA,qmle = (YFF ® 2“) +Ha (Blee,Aqmle) ViobHa (BCImleyAqmle) .

A.2. Time-varying betas

A

A" can be obtained in three steps. The implementation requires choices of the trimming parameter p; . In our empirical
application, we choose pT=1O’6. In addition, to avoid boundary bias issues we drop the first and last 12 monthly
observations in our empirical application, following Ang and Kristensen (2012).

1. Estimate the time-varying joint VAR in Eq. (30). Assume ¥, follows a polynomial of order P in ¢, i.e., regress X;;, on

(7(t) ® X;—1), where z(t) = (1,¢, ..., tP) fori=1,...,K. Combine these coefficient estimates to form 'IA’?. In our application,
we choose P=6 following Ang and Kristensen (2012). Next, follow the steps in Ang and Kristensen (2009) and Kristensen
(2012) to obtain the short-run and long-run bandwidth choices b;" and b%r fori=1,...,K. Then construct the estimator of
the ith row of ¥, via

~1
A s—t ~/ s—t ~7
['{It—l] Z’Cb< > lS s— 1<Z Kb( ) s— 1X51> 5
s=1
where b e {bfr,b?}. Xis is the ith element of X; and X;_1 = (1,X,_,)". Here, K(x) = (2) " '/* exp(—x?/2). Then form ¥, by
V¢ =Xe— ¥, _1X,_1. Finally, construct

t ~ !
Qe =T" ch( )s Xy, Zoe=T" ch,,(T>v5v

s=1 s=1

where b = b, is a common bandwidth choice. In our application, we use the average bandwidth chosen across the K equations.
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2. Estimate the time-varying reduced-form return generating Eq. (29). Assume A, follows a polynomial of order P in ¢, i.e.,
regress Ri¢, 1 on (z(t) ® z¥), where z(t) = (1,t,....t") for i=1,...,N. Combine these coefficient estimates to form Agt. In
our application we choose P=6 following Ang and Kristensen (2012). Next, follow the steps in Ang and Kristensen (2009)

and Kristensen (2012) to obtain the short-run and long-run bandwidth choices h;" and h%r fori=1,...,N. Then, construct
the estimator of A;; via

p L S=E\ v tw Y S—\ w
Ajg1= ;Kh T Zg Zg ;’Ch T z;'Ris,

where he{h?r,h}r} and z¥ = ()N(;_l,C;>l. Here, K(x)=(27)~"/? exp(—x2/2). Then, form &;, =Ri;—A;, _1z". Finally,
construct
A = S—t\x & < = S—1\, A
.Qf’tZT ZK:}, T Fs—1F571, Ze,[=T Z’Ch T eses,
s=1 s=1

where h =h. is a common bandwidth choice. In our application, we use the average bandwidth chosen across the N

equations.
3. Estimate
- -1, “tror » .
VeC(Aols> = <Z (Fth ® BtBt> +pr- IKC(KFH)) Z (Ft ® Br) (Rt+1 _Btﬁt+1>,
=0 =0

where B, = [ﬁht---/},\“] and ﬁ,-’t are the last K¢ elements of A;, from Step 2 using the long-run bandwidths h!" for
i=1,...,N. Finally, construct the variance estimators

~ v ~tv ~ v

VA = V/\,] +VA,2’

where

-1
9 [i (@ 3;1&_1)}
and
-1
(@ o 3;1&])] {Z (@ o B;1Btlﬁu,té’”fs”)}

t=1
-1
X[i (@ ®B’Hét_1)} |

Appendix B. Imposing restrictions on parameters

Although the classification of state variables into risk and price of risk factors allows for the specification of more
parsimonious models, situations still could exist in which one would like to impose zero (or other linear) restrictions to the
parameter of interest A (or possibly to B). These restrictions could be most easily imposed by the following steps. Suppose,
without loss of generality, the restrictions are of the form H vec(#) =0, where H is a known q x K¢(Kr+1) matrix with
rank(H) = q, @ = (vec(B),vec(A)')’, and the restrictions do not violate that rank{B’B) =Kc. For example, if one wanted to
impose the restriction that the second element of Ao is equal to zero, then H = (Oy_,1,(0,1,0,...0)') .

Let B and A, and the corresponding @, stand in for either the OLS or QMLE estimators introduced in this paper. Then the
restricted estimator can be found by

r

P PR -1
= min OWr0=0-W-"H(HW:'H) H6. 41
0 st H vec(9) =0 T T ( T ) ( )
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The optimal weight matrix is one that satisfies Wr—,Vy 1, as T— oo, where Vy is the asymptotic variance of 6. Under this
choice of weighting matrix with H vec(6) =0,

VT(vec(6-06)) —d>/\/<0, Vo—VoH (HVoH )~ 'HVy), (42)
as T—oo. In the case of By and Agy, Vg is
Viols  Col ,
Vo=| o o SS . Cols = [Ongr+1) | Inke ] ViobHa (B.A)', (43)
ols A

and Vg s is the (NK¢ x NK¢) bottom right sub-matrix of V.. In the case of qule (or Bygys) and Aqmle. Vg is

Vy = VB,qmle Cqmle 44)
0= C:]mle Vao | (
Cqmle ="Hg (B,A)VrobHA (B,A)’, VB,qmle =Hp (B,A)VrobHB (B,A)/, (45)
and
HB(B,A) = ([AYFFA/-FZ“} -1 [A ! IKC} Yzz ® IN)
- ([AYFFA’+Z 1 'AYr ® B)HA (B,A), (46)

where Yz = p] 11rn 27 /T. Further details are provided in Appendix D.
In the case i which betas are time- -varying we can follow similar steps. For the linear restriction HO =0, where
6 =vec(A), the restricted estimator can be written as

At

0, =vec (Aols> Wi 'H (HW 'H')H vec (Aols) (47)

The optimal weight matrix is one that satisfies W1 —,(VY) ~! as T— oo. Under this choice of weighting matrix with H =0,

ﬁ(éﬁv_@ SN (0.~ VYH (HVYH) T HVY). (48)

Appendix C. Preliminary results

Before proving Theorem 1, we provide some useful results on reduced rank regressions that are used throughout the
Appendix. We work in the generality of the model

Vi=AX:+FZi+e, t=1,..T, (49)

where A=BD, Bis n x k, Dis k x m, k<min(n,m), X;ism x 1, Z; is p x 1, and Fis full rank. Let G=[A | F] and Z = (X;,Z’t)'. If
we stack the model, we have Y =AX+FZ+£=GZ+¢€ and Gy =YZ (22") . Under the population moment condition
[E[(Z[ ® &:)] =0, the GMM objective function can be written as

T- (T_1i:(zt®€r)>,wgmm< i Zt®€t >

:Tfl-vec<<y—(folsé+< ols — ) ) )ngmvec((y—ﬁolsé+(Cols—G>Z)Z/)

—T. vec(Cols—G> ((zz /T> )ngm((zz’ /T) ® In)vec(Cols—G>, (50)

which is the MD criterion function with W™ = ((2’2//T ®1 )ngm«éé//T ® In). Thus, the GMM and MD criterion
functions are one-to-one. To show that ML is a special” case of MD/G M, note that under the assumption
vec(£) ~N (0, (It ® 62I,)) the log-likelihood is #(B, Dy, 6?) = - log(276%) — 51, tr (€'€). However,

tr(£'€) = tr((y—éolsz) (y—(";olsz)) +tr<<Cols—G) (c”;ols—c)ZZ’>, (51)
so that the ML, which solves mingtr(£'€) is the same as the MD estimator with weight matrix ((ZZ/ /T) ® I,,). Under the
general symmetric weight function W™ = (Wmd ® Wmd> with

rnd W‘i“?] W!-ln‘(l:lZ

W md/ 4 (52)

Wit2 W1 22
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and the normalization B’W'z“de I (because B and D are not separately identified without further assumption), it can be
shown that the MD estimators are

. -1/2 . N N N " N A A -1
Bmd = (lend> L, Dmd = Bde‘indAols, Fmd = Fols+ (Aols *BmdDmd> WT?z (W;ngz) P (53)

where £ = [{;---{;] and {; is eigenvector associated with the ith largest eigenvalue of the matrix
1/2 « 1 1/2

(lend) Aols (W???l -wre, (Wl 22) WT31>A015 (Wmd) . (54

This follows because
: ~ ! md md ~
%gvec(cols—G) (W1 ® W, )vec(Gols—G)
= tr(é’olswg‘déolsw;"d> +tr(c’w5“dcw‘{‘d) 2 tr(colswg‘dcqud) (55)

We can ignore the first term as it is not a function of B, D, or F. If we fix A (i.e., B and D) and solve for F, then

N 1

Fmd = ((Aols _A) ernglz +ﬁolsWT§2) (Wllngz) - = ﬁols + (Aols _BD> ern]dz (ernglz) ) > (56)

and plugging this back in and using the normalization B/WIZ“dB =1, we can obtain
: ~ ! md md ~
g}},rFl vec (Gols —G) (W1 ® W, )vec (Gols —G)
-1
—tr (D (W‘{‘% ~ Wi, (Wi,) w;‘};g) D )

~2-tr(D( Wit -wrth (Wig) Wi ) A wi). 67)

Given B we can solve for D, which yields Dq :Bﬁndwg’di\ols. Plugging this back in yields the following maximization
problem:

~ 1/2 ~ 1 , /2 ~7
mBaxtr<B (W) A015<WT11 Wi, (W) Wq?giz)Aols(wmd) B) st BB=I, (58)

where B = (W5 "?B and the result follows.

Using these derivations, it is straightforward to form a bias-corrected estimator of A for the bias induced by replacing
Ury1 by ¢, 1. In particular, this bias arises because i, 1 is a function of Xy, which does not show up in the formulation for
returns in Eq. (13). The prescription to deal with this bias is simply to include X;, in the first-step regression (associated
with a full-rank coefficient matrix). The degree of the bias is affected by a subset of elements of @, namely, those parameters
that designate how strong the predictive power of X;-type variables is for X;- and X,-type variables. The proofs of Theorems
1 and 2 can then be straightforwardly modified to provide appropriate limiting distributions for these estimators using the
results in this section and Appendix D.

Appendix D. Proofs
D.1. Constant betas

For the results in the constant-beta case, we make the following assumptions (in addition to those made in the main
text): (i) all eigenvalues of @ have modulus less than one; (ii) X, =%, for all tand 2, is positive definite; (iii) the initial
condition Xp is fixed; (iv) (R}, v;)’ is a stationary ergodic sequence with [EH(Rt,vt) || < oo; (V) the matrix B'B has minimum
eigenvalue bounded away from zero; and (vi) E[e;v¢V;|F;_1] =0 VYt and i=1,.

All of these assumptions are standard except perhaps assumption (vi). Assumption (i) ensures that the dynamics of X; are
stationary. From an economic perspective, this restriction rules out phenomena such as rational bubbles that would be
associated with exploding risk premiums. From a statistical point of view, the assumption allows us to avoid nonstandard
asymptotic arguments. Assumption (ii) is natural given that B does not time-vary in this case. Assumption (iii) ensures that
the influence of the initial condition is asymptotically negligible. Assumption (v) guarantees that the matrix B'B satisfies
rank(B'B) =K. Intuitively, we are assuming away the presence of redundant, uninformative or unspanned factors.
Assumption (vi) limits the degree of dependence between e;; and v, and consequently simplifies our asymptotic variance
formulas. To provide intuition for this assumption note that it would hold in the case that we assumed that (R;,v,)" are
jointly independent and identically distributed, conditional on F,_1, from an elliptically symmetric distribution. Under



T. Adrian et al. / Journal of Financial Economics 118 (2015) 211-244 233

these assumptions we have the following results

T-12. vec(V)N(/_)
o Ysix @ 2 0
T*l/z-vec(Ex,) LY 0,{( XXO V) . bD (59)
Io
T-V2.vec(EV')

and V,op—=Vron, Where Yy = pTlim)?,X’_ JT.

D.1.1. Proof of Theorem 1 . X R R . N T
We first show the result for A 5. Let Agq 015 = [Al,ols lAz,ols] so that Ay = (BolsBols) BisAo1.0s- Then,
Aols
-1

= (BosBoss) - "B, RM,F (F-MyF")

=A+UMyF" (F _MyF ) g (B;lséols) "B EMF (F _MF- ) B

_ (B;,Séols> Bl (13‘015 —B)A (30153015) Bl (Bols —B) UM, F (F,MUFL) - (60)

where M =IT7LA]’(ULA]/> 0. Under our assumptions, the last term is o, T‘”Z) so that

«/—vec( ols—A) T1+T2+T3+0p(1), (61)
where

T, = ((ﬁ,ﬁ’, m e IKC)vec(T*‘/ZUF’), 62)

T2 = (I +1) ® (BB) B )vec(VT(Aoras—A) ). (63)
and

Ty=— (/\’ ® (BB) ’1B’>vec<«/f<l§015 —B)). (64)

Under our  assumptions, ~T(vec(Ags—A))—>eN(0,V;es) and is  asymptotically uncorrelated  with
vec‘ST 2UF") - 4N (0, (Yrr ® Xy)) and so the result follows.

ow let us consider Agm. By the derivations above (when F=0) and with weight matrix W““Gl =77 /T and W2 =lIy,
then we can find qule and Aymie as transformations of the K¢ eigenvectors associated with the largest eigenvalues of the

matrix A (ZZ /T) ols (see Appendix A). By standard properties of MD estimators, we know that the asymptotic variance of

(vec (qule) ,vec (Aqmle) ) "is

-1 -1
VBA gmle = (J}nd Wmd]md) (J;ndWderomedde> (ﬂndwmdjmd) ) ©3)
where
o vec (Aols —A) avec (Aols —A>
jmd: aVeC(B)/ i aVeC(A)/
- {_ (A [KC}’ ® In) ' — (Ike+Kks +1) ® B) [IKC(KF+1) i OKC(KF+])><K€-:| ] (6)

After incorporating the uncertainty from replacing U by U, it can then be shown that this yields

Hg (B,A)ViopMs (B, A)’ Hg (B, A)VioyHa (B, A)’
Vtamie = | 30 (B A)VyopH3 (BA) (Y © ) +Ha (B.AViosHa (BA) |1 67)
where
HB(B,A) = ([AYFFA/-FZ”} - [A | IKC}YZZ ® IN>
—([AYRA'+ 2] " "AY i @ B)H, (B.A), (68)

and Y, =plim; , 22 /T =plim;_, ZZ'/T.
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D.1.2. Proof of Theorem 2 ~
Let pr = E[F]and i =T~ 1 3T _ | F;. Here we derive,the asymptotic distribution of the estimator 4 = 4¢+A 1. We could
also estimate y by the last Kr elements of (I,(7<15> /1. These two approaches are asymptotically equivalent. Then,

Z —7» = (;10 —/10) + (A] —A1>ﬂF+A1 (ﬂp —MF) +0p (T71/2>. (69)
Define ﬂF = (1,”;;)/ and /~\1 = [OKnglAl} so that

A=A = (iip ® Ik )vec(A A ) +A; (- p) +0p(T712), (70)
where i, =T~ ' S°7_, X,. Note that

VT (g —px) =k — D) ' T~ 2Vir+0p(1) (71)
and, from the proof of Theorem 1,

vec(ﬁ(ﬁols —A)) = (YF}] ® IKC)vec(UI:",) +Hy (B,A)«/Tvec(ﬁ\ols —A) +op(1). (72)
Under our assumptions, the only covariance term arises from

., , T,
T~ vec(Vir/~/T)vec(UF /VT) =T~ 37 3 (Fioy @ vay). (73)
s=1t=1

For s # t, the sum converges in probability to zero under our assumptions so that

ﬁ(i_z) Ln(ovy), (74)
where

V= (i ® Ik )Va(if ® Ix.) + AUk — D) ' Z, [(1,(_@)”] A+ G+, (75)

C; =A1(x— D)2, and X, is formed from the first K¢ columns of the matrix X,.

D.1.3. Derivations for Appendix B
First we derive the asymptotic covariance matrix Cy. The asymptotic variance of /T vec (Bols fB> is the bottom-right
block element of the matrix V.o, and, from the proof of Theorem 1,

vec(ﬁ(/iols —A)) = <YEF] ® IKC)vec(UI:‘L) +H, (B,A)ﬁvec(AOIS —A) +0p(1). (76)

Thus, Cols = [Onges+1) | Inke] Viob™a (B,A)". Next, we derive the asymptotic covariance matrix Come. From the proof of
Theorem 1,

vec («/T(qule fB)) =Hp(B,A)VT vec(Aols 7A> +0p(1),
so that under our assumptions Come = Hg (B,A) VigpHa (B, A)".
D.2. Time-varying betas

For the results in the time-varying beta case, we proceed conditional on the realizations of the random processes ¥(-)
and f;(-) fori=1,...,N. However, we suppress these arguments in the expectation operator to simplify notation. To simplify
the notation in this Appendix we map, without loss of generality, §;,~p;, , 1, #y—H; , 1, and @~ 1. For the case in which
betas are time-varying it is more convenient to state the assumptions in terms of the linear model Y, = A;r Xt 7+ &1, t=1,
...,T, which nests both Egs. (29) and (30). Although this is a triangular array of models, we suppress the dependence on T for

simplicity of notation. Finally, define €, =E[zzV], .Qf,rz[E[F"[qF;_J, Qx,t:[E[)N(t,lf(;q], Zer=E[ee}], and

Z.,,f:[E[v[v;]. where X, ; is the matrix formed from the first K- rows and columns of X,;. We make the following
assumptions.

(i) For all t=>1, supy., supth[E[H (X&) \\8+45] <oo for some §>0 and is mixing where the mixing
coefficients

mr(i)= sup sup |P(A N B)—P(A)P(B)|

~T<¢<TAeF” BeFy,

satisfy mr(i) < m(i), T > 0, and the dominating sequence m(i) is geometrically decreasing. &; is a martingale
difference sequence with respect to 7y =o(X¢, &1, Xt—-1,E—2,...).
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(ii) The observed data { ()¢, &;):t=0,...,T} have been symmetrically trimmed with positive trimming sequence
ar, which satisfies ay /by -0, ar/hy -0, and ~/Tar —0.

(iii) The sequence f3;, satisfies f3;, =p;(t/T)+o(1) for i=1,...,N and similarly for ¥;, £2x;, X¢;, and X, for some
functions B;(-), ¥() = [1(-) D()], x(-), Ze(-) and X,(-), respectively. The elements of these functions are in
C'[0, 1], the space of r times continuously differentiable functions, for some r > 2. For all 7 € [0, 1], £2x(7), 2¢(7),
and X,(r) are positive definite with eigenvalues bounded and bounded away from zero. Finally,
SUPg <7 <1 |ymax(d>(r))| is bounded below one, where y,..(-) is the maximum eigenvalue of a matrix.

(iv) limy_ o T3 1 (&2 ® BB;) = fo (£2(7) ® B(r)B(r)) dr exists and is positive definite with all eigenvalues
bounded and bounded away from zero. Also,

lim T~ ((Qf A'Dj ZJDBAth+th) ® B,Z, tBt)

T—-o0 (-1

1
_ /0 (@A D20 DALY (D) +24(D)) ® B) Ze(0B()) d 77)

and

T—o0

T
lim T~ Z (2, ® B,B:X.B,B)
t=

1
/ (/1) ® Bty B@)Zu(0)B(x)B(z) de (78)
and limr_ ., T~! thl E[X¢] exist.

(v) Xo is fixed, and for 1 <i<N, E[e;;vev;|F¢—1] =0.

(vi) The kernel K satisfies the following conditions. There exists B, L < oo such that either K£(w) =0 for ||w| > L and
[Kw)—KW)| <Blw—w'|l, or K(w) is differentiable with |oK(w)/ow|<B and, for some ¢>1,
|alC(w)/aw| <|w|~¢ for |w| >L. Also, <B|w|~¢ for |w|>L [Kw)dw=1 and for some r>2,
JwWiKw)ydw=0fori=1,...,r—1 and [|w|"K(w) dw < oo.

(vii) The sequence '05 satisfies ~/Tpy —0. The bandwidth sequence hr satisfies Thzrao log(T)? Thiao, and
T€~ ”/zh_(l+ )/+9) 0 for some € > 0. The bandwidth sequence by satisfies szr—>0 log(T) /TbT—>0, and
T€- ”/sz (H&)/(“&)HO for some € > 0.

Assumptions (i)-(iii) and (vi)-(vii) are essentially the same as those of Kristensen (2012). The remaining assumptions are
tailored to our model specification. Following similar steps as in Section 3, the martingale difference assumption implies
that [E[MHlRt“ |(es,v5:s < t)} =0. Thus, these assumptions are consistent with the asset pricing restrictions discussed in
Section 3. When implementing the estimators introduced in this paper, different bandwidths should be used for each series
(see Appendix A.2), however, without loss of generality, the derivations rely on a common bandwidth choice hr and by to
simplify the presentation. In addition, we suppress the dependence of the bandwidth sequences on T. Finally, define
[T™ Ai =A1A;--An for a sequence of square matrices and ||A|| = ,/tr(A’A) the matrix Euclidean norm.

To proceed, we make repeated use of the following two lemmas. The second lemma is Lemma B.11 of Kristensen (2012).
We restate it for convenience.

Lemma D.1. Under our assumptions,

~ _ T —t 5 o7 &/ _ 1 T
@ P ¥e=1 Y0 () - [P PR X, ki 240, (57) 400 (D).

s=1

(b) At_At ]Z]C (S t) (AS At)zsz +€sZ}Qz[ +Op<h2r)+0p <lc;1gTT>’
s=1
A r l T
(©) sup HAtAtHzop(h)mp( o8 )>,
1<t<T

(d) ] i‘ﬂ'i TH‘I"Q - 'PtH =0p(b") +0p ( /IO;;;;T)>’

uniformly over 1 <t<T.

Proof of Lemma D.1. Parts (a) and (b) follow by the same steps as in the proof of Theorem 2 in Ang and Kristensen (2009).
Parts (c) and (d) follow Kristensen (2009).0
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Lemma D.2. Assume that m(t)*/(2+%) = o(t=2+¢) for some &, € > 0. Then, for any symmetric function ¢(Ys,Y:), the following
decomposition holds:

T 2
(2> Zd)T(Ys,Yf)—er T;[WY[)—HT]WT,

s<t

where

T\ ! —
9T=< ) Z[E[qﬁT(YS,Y[)}, D) =E[pr(y, Y1),
s<t
and

(E ["R%D]/z = O<5T,a : T_l“/z), 515 = SUp ([E [|¢T(YS, Yt)}2+5] ) 1/(2+9).

D.2.1. Proof of Theorem3
Throughout we use z; instead of z{¥ for simplicity of notation. We first find the asymptotic linear representation of

T -1
fvec( 015) = {T] Z (I:‘[,1I:‘;,1 ® B’rB’r) +PT'11<C<1<F+1>]

T
XTﬁl/ZZ (F[_] ®B[)VeC<Rt—Btflt). (79)
t=1
The first factor satisfies
-1

-1
= {/ (£f(7) ® B()'B(7)) dr} +0p(1). (80)

T
[Tl > (FeaFiy @ BiBe)+pr

=1
This follows because

‘w > (ﬁmﬁ;,] ® (BB B

t=1

|

2 [FerFa [ (Ber) s

IA
-]
I Mw

<C sup H(Bt—Bt)H sup (Bl T-1 7, [[FeoFy|

1<t<T 1<t<T
:Clilgliru@r_ t)H [:itr@f*lﬁ/tq)
=O0p (") +op< IOE(T)>, "
and, by similar steps,
TS (R (B (3e-8)) = 0n (1) 40n (7). o

Thus we just need to deal with the term T~ "2 _, B;(Rt—Btizt). Combining
Rt 7Btat = BfAF[,] — (B[*Bt) (AF{,] +u[> 7Bt (l:ltfut) — (Bt 7Bt) (ﬂf 7Uf) + €, (83)

and, by similar steps as above, that

= 0p(1) (84)

T
‘T_1/2 Z B/t (B[—B[) (ﬁt—ut)F[_l

t=1

yields
1 -1
vec (Aols A> =—pr { /0 (2¢(7) ® B(z)'B(1)) dr} vec(A)

] “1
+ /0 (2¢(7) ® B(7)'B()) dr}
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i (F 1 ®By) [~ (Be—Be) (AFe 1 +ue) +e—Be (e —ur) | +0, (T'72). (85)
The first term is o, (T~ 2) under our assumptions and so we only need deal with
“12 XT: fgé(- (ét—Bt> (/\F‘t,1 +ut) +e[—B[(ﬂt—ut)>F‘;_l
t=1

T-12 XT: B;<— (3[73[) (AF‘[,1 +ut) +et73t(a[fut))ﬁg_1 +op(1), (86)

t=1

where the equality follows because

T AR ~ ~/
T-1/2 Z (gt—Bf) (Bt—Bt)AFulel =0op(1), 7
t=1
T AN ~/
712y (gt,gt) (Bth[)utF“l =op(1), (88)
t=1
T Ny
5 (b e o *
t=1
and
T ’ ~/
T2y (Br—3t> B (le—ue)Fr || =0p(1), e
t=1

under our assumptions. Egs. (87), (88), and (90) follow by similar steps as in Eq. (81) and Eq. (82). Equation (89) is

T2 i (Be—B.) eFr_,

t=1
T R '

=772 Dy(Ac—Ac) eFy
t=1
T

_ s—t

=T Z Z/C,,( T ) D2, {2,Z,(As — Ar) +2s€} teFy_; +0p(1), 91

=1t=1

where Dg is the (K+1+K¢) x K¢ matrix, which satisfies A;Dg = B; and the second equality follows by Lemma D.1. To find the
order of this term, we follow similar steps as in Ang and Kristensen (2009). Thus, we need to find the order of two terms:

T
T-3/2 S Kn(0) - D;;Q;fzte;etﬁq -
t=1
and
B s—t
T 3/ZZIC < ) DBta {ZsZ (As —Ar) +2z; s}E[Ft 1 (93)
S#L

For Eq. (92), note that

T T
HT—3/2 > Kn0) Dp2, zejedy || <C- T2 3 K40 - |ziejedFy |

t=1 t=1
T
<C- TR 1 T3 iz e
t=1

=0p(T712n71), (94)

which is op(1) under our assumptions. For Eq. (93) note that
— s—t 'y — , , , =/ -
2.T32% Ky <T> -DpQ2, {22\ (As—A) +z5€, YerF, =T33 ho (Y5, Yo), (95)
s<t s<t

where

Gor(Ys, Y =@or(Ys, YO +@o1r(Ye,Ys) (96)
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and

s—t ' O~ / ’ / o
@or(Ys,Ye) =Ky (T) : DBQz,t1 {z52(As —Ao) +zses JecF 4, 97

where Y; = (e, z,¢;) with ¢, = £ € [0, 1]. We can, without loss of generality, proceed under the assumption that ¢, ~ ;;42/[0, 1].
Note first that [E[goO’T(YS, Y[)] =0(h"). Next, define y = (e,z,7),

E[@or(,Yo] =E[Kn(r—c) - Dpz(ce) "' {22 (A@ - A(cy)) +2¢ YeeF, | =0, (98)
and
E [goo’T(Yt,y)] = [E[Kh (t—¢;) - Dp€2:() " Hzez, (Asy) —A(T))’+zte;}el:‘/]
=eF - O(h")+o(h), (99)
so that, by Lemma D.2,

T3> "o (Y, Y) = 0p (") +~T - Ror. (100)
s<t
. : PR —1+€/2 245)1/(2+9)
The remainder term of the Hoeffding decomposition is Ror=O0p( T sups#t[E[H(po’T(Ys,Y[)H } and, under
our assumptions,
1/(2+6) _
SUPE [ (Ys. Yo || 77T =0 (R (/G (101)
S#L
Then we have
1/2 u I = ~ ~/
IEDY B;(— (Bt—Bt) (AFM +u[) +et—Bt(u[—u[)>Ft_l =TV LTV +TY, (102)
t=1
where
T A ~ ~7
TV = _T"17 23;(3[73,) (AFt,ﬁut)FH, (103)
i=1
T ~7
T =—T V2> BB (l—u)F, ., (104)
t=1
and
T ~/
T =T 17 ZB/tefF[—l' (105)
t=1
TY is already simplified, so we need only simplify 7% and 7%'. First consider 79"
T A ~ ~7
V=T 123 B, (B[—B[) (/\Ft,1 +ut)FH
i=1
T T s—t
R IICR
s=1t=1
B, [(As —A0)zsZ, +e52,] €27, Dg (ADg 12 +Dyvi) 2D}, +0p (T - 2)
=T+ T +0p(T712), (106)

where the first equality follows by Lemma D.1, Df, is the (Kp+1) x (K+1+K¢) matrix such that D¢,z =F,_q, D, is the
K¢ x K matrix such that D,v; = u;, and

_ T , ') — e
Tgvl =-T 312 Zt -1 ’Ch(o) . Btetztgz,tl Dg (ADF,zZt +Dth)Z[DF,z (107)
and
- s—t / / / - /Y
TV, =T Ky (T) - B, [(As —A0)zsZ, +esz,] ;' Dy (ADp ;2 +Dyve) 2, Dj. . (108)
S#L
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78] =0p (h T ]/2) by similar steps as above, and 7Y, is

T?{z = T_3/ZZ¢1,T(Y5, Yo),
s<t
where ¢1,T(Ys, Y)=@17(Ys, YO +@q 1(Yr, Ys),
DatVe¥o =~ (CF) B - Az +ed) Q5 Do (AFe 1 +u)F
Y= (e, 2, 6,), and ¢, =4 Then, by Lemma D.2,

+0p(1),

T —
T, = [ Z D17V +R7

where ¢, 1(y) = [E[ [(pl’T(Y[,y)]. We have

E [¢’1,TO’, Yr)]

—E {_%;ch (t—c)B(t/T) [(AD) - A(¢,)) 22 +e2]2(¢) ' DsAD.$2,(¢) Dy,

1
= /0 — Kn(t—©)B(¢) [(A(r) —A(¢))2Z +€2'162,(¢) ~ ' DpADF .£2,(¢)Dj;, dg

th~!

= — K(w)B(r —wh) [(A(z) — A(t — wh))zZ + ez | £, (v — wh) ™ 'DADE,Q,(z— wh)D;, dw

(—1Dh™!
= —B(1)'e282,(t) " ' DpADF ,£2,(t)D; , +O(h") +o(h").
Similarly,
E [%,T(Yt,J/)]
=E[~Kn(t—¢:) - B®) (A(c)) ~A®)) 2:(¢)2:(2)~ ' Dy(ADp.z+Dyv)2 D

-1
= /0 —Kn(t—¢) - B() (A(¢) — A(1)82:(5)§2,(7) ~ ' Dy (ADp .2+ Dyv)Z D, dg

th~1
= — Kn(@) - B(t) (At + wh) — A(1))$2,(t + wh)$2,(t) ~ ' Dg (ADfzz+Dyv)Z' Dp, dw
(T—1Dh! ’
=0(h")+o(h").

Thus the contribution from this term is

T
TV = -T2 Beiz;2,,' DsADr .82, (D, +0p(1),

t=1

because +/T9R; 1 = 0p(1) under our assumptions by similar steps as for %o r. Next consider 7%

T T A ~ </
TY = ~T V23" BB (il —u)F,_ =T 123" B’tBtDU('P[—‘[’t>Xt,1X[71DF,X,
t=1 t=1

where Dr is the (Kr+1) x (K+ 1) matrix such that Dp,xf([,l =F;_;. Then by Lemma D.1,

S—t\ o
=T" 3/222/@,( )BBIDU[(’P W) Xs_1Xy_q+vsXy_ 1].(2X[Xt 1X¢_1Dpx+0p(1)

t=1s=1
=T5+T5,+0p(1),
where

T
T8, =T33 Ky(0) - BiBDyviX, 12, X¢_1X;_1Dj.

t=1
and

_ s—t , ~ ~ 0 o7 _1& ~7 ,
T, =T 23K (T) BIBDu [ (¥s—¥o)Xs 1Ko 1+ VKo 1|2 Ko 1R 1Dy
s#L
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(110)

(111)

(112)

(113)

(114)

(115)

(116)

117)

(118)
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7%, =0p (T’”zb”) by similar steps as above, while

Yy =T 2> "y 1 (Yas. Yay). (119)
s<t
where
Par(Yos, Yor) =@a7(Yas. Yor) + 0o 1 (Yar. Yas), (120)
®21(Yas, Yar) =Kp ( T )B B:Dy [(‘Ps —¥)Xs1Xg 4 +vs)Z;fl]Q;tl)?t,l)Z’ti]D’F‘x, (121)

and Yy, = (vt,f(t,l,gt). Then, by Lemma D.2,

T

75, =~T { Z 1(Yar) + R | +0p(D), (122)

where ¢, 1 (v;) = [E[(p” (yz,Yzyf)] +[E{(p2’T(Y2’[,y2)] and y, = (v,f(,r). First,
E[@2r(v2: Y20)| = E[Ky(r—6) B(6:) B(t) Du | (¥(0) ¥ (¢)) XX +vK | u(cr) "' Ko 1%, 1 Df,

1 ~ o~ ~ 7
= | K- 0B@B@Du [ (#(0)- F@)XX +VX | D} dg
!
- K(w)B(z — wh) B(z — wh)Dy [(?’(r) —¥(r—wh)XX + v)?/] D}, dw
(-1b~! ’
= B(7)B(z)DyvX Dj, +0(b") +o(b"). (123)

Similarly,

E[@ar(Yaeny2)] = E[Ko (7 =) B@ B@ODu [ (¥ (6) = #@)Xe 1K,y +viXi_ | (@) XX Dp,|

] ~ o~
= {/o /Cb(T—g)B(T)’B(T)Du(‘P(g)—'P(T))-Qx(g)gx(f)_l dg| XX Df,
~th~!
= { / K(m@) - B(t) B(t)Dy (¥ (z— wh) — ¥ (7)) £2x(t — wh)Qx(7) ~ 1 dw} )N()N(/D’F X
Ja—1p1 .
—0(b") +o(b). (124)
Thus, the contribution from this term is

T
T8, =T~ >3 BBDyviX;_Dj,+0(b")+o(b"), (125)

t=1

because /T .Ry = 0p(1) under our assumptions by similar steps as for R,. Thus,
-1
ﬁvec( ols A) [/ (22¢(1) ® B(r)B(1)) dT:|

T
X |:T 172 Z (Dﬁz <I(K+1+Kc) _-Qz,tD/F,zA’DI/S'QZTt]) ® B;)Vec (eczt)

t=1

T
+T 23" (Drz @ BiBDu)vec(veX,_y ) | +0p(1), (126)
t=1

and the result follows by Wooldridge and White (1988) and Df,Dg =0.

D.2.2. Proof of Theorem 4
By Theorem 3 and similar steps as in the proof of Theorem 2, we have that

T . T
VT(2 ( 05— =VT(Ags—A) (T”Zim) +A1<T‘”ZZ(ﬁx,t—ux,f)>+op<1>, (127)
t=1 t=1

where iy, = E [F'é] and puy , = E[X;]. By Theorem 3, we only need focus on the expression T~ "2/ _, (ﬂx,r —ﬂx’t). Recursive
substitution yields that

-1 _ 1 | t A\ ~12
Z[E[X] T- Zyt” Z I P pe| +0p(T712), (128

t=1 t=1 t=
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with associated plug-in estimator, T~' S3{_; fiy,. We aim to write

T
T3 (Axe—pixe) =T Z wvec(®—®;)+T" Z W (i — ). (129)
=1 =1
where w® =w@ (D _,u_ ) W“(@ ) and @ _;=(Dy,...,P;_1, P, 1,...,Dr) and similarly for u_,. We now need to
find the weights w/ and w® lt is more straightforward to deal with the weights w/,
1 T 1 L 1 L
TEY Wi (Ae—pe) =T 1Y (e —p) +T71 > W (ft—pae). (130)
t=1 t=1 t=1
where
~ - T “ ; '
W =W @D = > n o). (131)
1 =t+1 \L2=t+1
so that
T 4 4
wi=w{(@ )=Ik+ Y ( I cb;z) (132)
1 =t+1 ty=t+1

with w¥ =I. Next we need to find w.

-1 -1 ' ' T ‘ /
wP(@ o )= > | O @, |u,)©(lk+ > | II @,])) (133)
=1 \l2=7¢1+1 fr=t+1 \L2=t+1

with w® = 0. Let
We=w(P_ru_) = [w"(@ 0! W?(QD,[,/L[)]. (134)
Then by repeated applications of Lemma D.1, we have that

T T A
T 2% (ﬂx,t—/.tx’t) T2} w[vec(Y’t— ‘Pt) +op(1). (135)
t=1

t=1
By an additional application of Lemma D.1,

T-172 XT: wwec(ﬁi’t— ‘}’[)

t=1

T 32 z:l E] le< )wtvec([('{’s—ﬁt’t) s_ 1XS 1+VSXS 1][2 >+op(1) (136)
under our assumptltons.S Let Yqr = (v[,)?t,l,g, ...,gT) and, following steps in the proof of Theorem 3,
T-12 ZT: wtvec(ﬁi’t— 5"[) T +T5,+0p(1), (137)
where .
Ty, =T Z[T: . ICb(O)vaec(vs)N(;qQ;‘[l) (138)
and
v, = T*3/22¢4,T(Y4‘5,Y4,t), (139)
5<

where ¢y 1 (Yas, Yar) = @ar(Yas, Yar) +@a7(Yar, Yas) and

Par(Yas,Yar) = ICb< T )wtvec([(Ts—Y’t)Xs_lf(;4+v5)~(;71][2£t1), (140)

|75 || = 0p(1) under our assumptions by similar steps as in the proof of Theorem 3. By Lemma D.2,

T —
T8, =T- [11 > har(Yar)+Rax | +0p(D), (141)

t=1

where ¢, (Yar) =E {(pu (V4o Y4,[)] +E [¢4,T(Y4,t,y4)} andy, = (v,f(,r], TT). If we define ¢_, to be (¢, ...,¢r) excluding ¢,
and similarly for 7_¢, then

E [(ﬂu Va Y4,t)}
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[E{ch Te—Go)We(T— )vec([(?’(rt)—‘P(g[)))?)?#v)?/]!)x(gt)*]ﬂ

/0] .../01 Kp(7— gr)w[(g,t)vec([(&”(r)—Y’(g[)))?)?#vf(/}ﬂx(gr)71) dg, dg_,

= /01 .../01 we(g_p) dgft_ /01 IC,,(ngt)vec([(‘P(T)fY’(gt)))?)?/+v)~(/]!2x(g[)71) de,

1 1 th™! o -
- / / we(c_) de_, / /C(w)vec([('P(T)—'i’(f—wh))xx’+vx’]!2x(r—wh)‘1) dw
o Jo 1 Je

T—l)h’]

! ! v -1 r r
= /0 /0 we(s_ ) dgft_vec(vXQX(r) )+O(b)+o(b), (142)

Similarly, it can be shown that
E {(P4,T(Y4,t’Y4)] =0(b")+o(b") (143)
and that +/T - %41 = 0p(1) under our assumptions, so that
T . . 1 1
=T 12 Z tvec(thF].Qx"’t >+op(1), W = / / we(s_) dg_,. (144)

w; is a function 0f5 fo D(r)dr and i = fo 4(7) dr and from Eqgs. (132) and (133) we have that

T /, foT-
Wh=ler 3 ( [ ) Z (145)

1 =t+1 ‘) =t+1
with W4 =1 and

-1 . _ ’ ’
o= ((S 5, o 5, 8,9))
£ =1 ty=01+1 £ =t+1 ty=t+1

-1 ! T
_ (( 5 cb(tf‘l)ﬁ) ® <11<+ 3 45“’1”)) (146)
H=1 =t

with W? = 0. Thus, we have that
Ltv —_
JT (A )

T 5 T
= VT(Ags- )(T”tzlﬂfa +A1<T-”2Zwt(!2x,3®1K)vec(vr»2;1)> +0p(1), (147)

t=1

and so using Theorem 3 the asymptotic variance is

Wy — <<11mT Z:]ﬂpt> ®IKC>VR’<<11mT 121/4”) ®IKC>
t= t=

T ~/
+A <um T (Q;J ® zv,t)w;>A1 +CY+CY, (148)

T—-o0

’

-1

T ! -1
C%V = K(TILH;T1 Zﬂ”> ® IKC)} {/0 ($2¢(7) ® B(7)'B(7)) dr}

T
X |:11m T Z (DFx ® B B DuZ\,t)Wt]A (149)
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