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Dynamic Factors and Asset Pricing

ABSTRACT

In this study, we develop a dynamic factor model that incorporates features
of price dynamics across assets as well as through time. With the dynamic fac-
tors extracted via the Kalman filter, we formulate two testable asset-pricing
models: the risk-adjusted pricing model (RAPM) and the bias-adjusted pric-
ing model (BAPM). We then conduct asset-pricing tests in the in-sample
context. In addition, we perform out-of-sample tests for competing models,
presenting pair-wise comparisons of the accuracy in one-step-ahead forecasts.
We provide evidence that the ex post dynamic factors alone do a better job
than the Fama-French (FF, 1993) three factors both in-sample and out-of-
sample. Our analyses also demonstrate that the ex ante factors are a key
component in asset pricing and forecasting. By employing the ez ante factors
together with ex post ones, the BAPM further improves upon the explana-
tory and predictive power achieved by the naive benchmark, the FF 3-factor
model, and the RAPM. In particular, the BAPM can even explain and better
forecast the momentum portfolio returns, which are mostly missed by the FF

3-factor model.



Since the preeminence of the capital asset pricing model (CAPM) was challenged by
many studies, conditional versions of the CAPM with time-varying parameters or the
arbitrage pricing theory (APT) were proposed as alternative models.! Given the fact
that the explanatory power of these models was not satisfactory, yet another series of
alternative models was proposed, and the most prominent of them is Fama and French’s
(1993, hereafter “FF”) three-factor model. After the publication of their study, there has
been enduring controversy over the effectiveness of this model. For example, Ferson and
Harvey (1999) test its empirical performance, concluding that the FF 3-factor model is
rejected as a pricing model. Other recent studies (Stambaugh, 1999; Ferson, Sarkissian
and Simin, 2003) also find that the forecasting ability of some macroeconomic variables
(especially dividend yield) may be spurious. Moreover, Simin (2006) shows that existing
conditional and unconditional asset-pricing models produce very poor one-step-ahead
forecasts compared to a simple benchmark. His result is intriguing because it implies
that existing asset-pricing models provide little guidance to investment practitioners, to

whom acquiring more accurate forecasts in future asset returns is of primary concern.

Recognizing the issues mentioned above, in this study we propose a new approach to
identifying factors that can incorporate features of price dynamics across assets as well
as through time. The controversy notwithstanding, we cannot deny the fact that the
FF 3-factor model has been the most popular benchmark in the modern empirical asset
pricing literature. Therefore, we start with the same data sets as the FF 3-factor model
uses, attempting to develop an econometric method that can extract more informative
risk factors, which in turn produce better in-sample pricing performance as well as more
accurate step-ahead forecasts than the FF 3 factors. Specifically, in the spirit of Stock
and Watson (1989, 1991), we employ the Kalman filter to estimate unobservable state
variables: i.e., the ex ante factors that capture the time-varying expected factor premia,
and the ex post factors that are formed as a linear combination of a predictable component
and an unpredictable forecast error. Given that as an adaptive process the Kalman filter
repeats a sequence of forecasting and updating as the information set develops, we refer

to our model as a “dynamic” factor model.

The dynamic factor model has both cross-sectional and time-series features that dis-

tinguish this model from the FF 3-factor model or other statistical factor models. Cross-

'For example, see Ross (1976), Harvey (1989), Ferson and Harvey (1991), Ferson and Korajczyk
(1995), Jagannathan and Wang (1996), and Brennan et al. (2004).



sectionally, the dynamic factors are identified through a prespecified factor-loading ma-
trix, where parameter restrictions are imposed across assets. Through time, the dynamic
factors are formed as linear combinations of both contemporaneous and past returns so
that they can capture the entire history of the information set. These features of our
dynamic factors appear to play an important role in enhancing the performance in in-
sample pricing and out-of-sample forecasting. Especially, our finding suggests that the
ex ante size factor is a good proxy for information uncertainty, effectively capturing the

momentum effect missed by the FF 3 factors.

For empirical tests, we formulate two asset-pricing models after extracting the dy-
namic factors via the Kalman filter. One is a restricted model hypothesizing that the
three ex ante dynamic factors are irrelevant for asset pricing. Thus, this model uses the
three ex post factors only and is termed as the risk-adjusted pricing model (RAPM).
The other is an unrestricted model, termed as the bias-adjusted pricing model (BAPM),
which employs the three ex ante dynamic factors as well as the three ex post dynamic
factors. We then conduct asset-pricing tests in the in-sample context for the two models
(RAPM, BAPM) through the two-pass regression procedure as in Cochrane (2005) and
Brennan et al. (2004) using the size and book-to-market sorted portfolios as well as the
momentum portfolios over the past 600 months (50 years: 1955:01-2004:12), and compare
the performance of the two models with that of the FF 3-factor model. More importantly,
we perform out-of-sample tests for several competing models, presenting pair-wise com-
parisons of the accuracy in one-step-ahead forecasts using the 35 extended portfolios as

test assets.

Our in-sample test results show that the model which uses the ex post dynamic factors
only (RAPM) tends to do a better job than the FF 3-factor model in explaining the return
variation over time and across assets. For example, the RAPM presents on average higher
adjusted R%s and lower standard errors of residuals than the FF 3-factor model in the
time-series regressions. In the cross-sectional regressions, the RAPM exhibits large pricing
errors in the extreme portfolios such as smallest growth, smallest value, largest growth, or
largest value portfolios, confirming the general tendency that the extreme size and book-

to-market portfolios are most mispriced by any pricing models.? However, the absolute

2Tt is well known that the FF 3 factors can explain most portfolios well, but for the smallest growth
portfolio, the FF factors systematically misprice its excess returns by over 4% per year. Fama (1998)
describes this as a “bad model” problem.



error levels of the RAPM are lower in general than those of the FF 3-factor model in

these extreme portfolios.

We also test the relevance of the ex ante factors and find that the ex ante factors,
especially book-to-market and size factors, are a key component in asset pricing. The high
explanatory power of the residual loadings on the ex ante book-to-market factor results in
a strong rejection of the RAPM in favor of the unrestricted model that additionally uses
the ex ante factors (BAPM). Our asset-pricing tests suggest that the strong incremental
power of the BAPM stems from the fact that the loadings on the ex post factors alone do
not fully incorporate all the past and current information. With the residual explanatory
power of the ex ante factors, the BAPM can better explain returns than the RAPM as
well as the FF 3-factor model.

To alleviate the possible data-snooping biases described in Lo and MacKinlay (1990),
we extend the scope of test assets by adding 10 momentum portfolios formed on past
returns to the 25 portfolios. The two-pass procedure with the augmented 35 portfolios
exhibits that the RAPM again performs quite well, providing more evidence that even the
ex post factors alone do a better job than the FF 3 factors in explaining time variation in
the momentum portfolio returns. Together with the ex ante factors, the BAPM further
improves upon the performance achieved by the RAPM and the FF 3-factor model. In
particular, the cross-sectional regressions with the 35 portfolios show that, owing to the
role of the ex ante size factor, the BAPM well explains the momentum portfolio returns:
None of the pricing errors is statistically significant, and none has a pricing error greater
than 0.20% per month. This presents a sharp contrast to the large pricing errors and
their high significance levels in the RAPM and the FF 3-factor model. Considering that
the FF 3-factor model cannot explain the returns on portfolios formed on short-term past

returns (Fama and French, 1996), our results are quite encouraging.

In addition, the out-of-sample tests reassure that the ex post factors alone (RAPM)
outperform the FF 3 factors in the one-step-ahead forecasts as well, in the sense that
the RAPM by and large generates a lower level of forecast errors than the FF 3-factor
model. Moreover, when the ex ante factors are jointly used, the BAPM provides more
accurate forecasts than the naive benchmark (9.35%), the FF 3-factor model, and the
RAPM. Again, the better predictive power of the BAPM over the FF 3-factor model
occurs mainly in the extreme portfolios such as the loser/winner deciles and the small

stock portfolios, which are exactly the ones for which traditional asset-pricing models



have difficulties in pricing or forecasting.

Our motivation for using the Kalman filter is to demonstrate that the FF 3 factors
miss some important intertemporal information which is vital to explain the momentum
effect, and to utilize an econometric technique that can help extract more efficient factors.
While the momentum effect remains as a puzzle for the FF 3 factors, the effect can be
well explained by our ex ante dynamic factors. We attempt to find a reason from the
fact that the FF 3 factors are correlated with each other but not serially correlated. In
contrast, our dynamic factors are weakly correlated with each other but highly serially
correlated. Given that the FF 3 factors, like any factors, are subject to some noise in
their measurement, our study shows that the Kalman filter provides us with a recursive

process in extracting more efficient unobserved factors.

The remainder of this paper is organized as follows. Section I presents model specifi-
cation, factor identification, and properties of the dynamic factors. Section II discusses
estimation of model parameters, specification tests, descriptive statistics of the factors,
and their relations to other variables. Section III formulates the null and alternative
hypotheses associated with the models. In Sections IV and V, we conduct in-sample
performance tests of the null and alternative models, comparing the results with those of
the FF 3-factor model. In Section VI, we discuss the robustness of the above results. In
Section VII, we conduct out-of-sample tests, comparing the accuracy of one-step-ahead

forecasts among competing models. Section VIII concludes.

I. The Dynamic Factor Model

Stock and Watson (1989, 1991) form a composite index of coincident economic indicators
based on the notion that co-movements in observed macroeconomic time series have a
common component that can be captured by a single time-varying latent variable. Along
the lines of Stock and Watson (1989, 1991), we develop a dynamic multifactor model
of stock returns, with each of the dynamic factors being identified within a prespecified

factor structure.

Our dynamic factor model may be viewed as a conditional APT with time-varying
expected factor premia but with constant factor variances. Stambaugh (1983), Gibbons

and Ferson (1985), and Connor and Korajczyk (1989) follow a similar approach of time-



varying factor premia and constant betas. A different approach is considered by Harvey
and Kirby (1996), Ferson and Harvey (1999), and others in order to express the betas as
linear functions of conditioning variables. Ferson and Harvey (1991), Evans (1994), and
Ferson and Korajczyk (1995) argue that predictability is primarily driven by changes in
risk premia through time, whereas the impact of variation in conditional betas is marginal.
Moreover, researchers have raised a concern that conditional beta models are subject to
model misspecification (Ghysels, 1998) and variable selection biases (Wang, 2004). Our
model can largely circumvent these empirical difficulties, because a model specification

test is conducted to ensure that the estimated dynamic factors are unbiased.

Following Fama and French (1993), we begin our discussion on the model specification
by looking at the returns of the six portfolios formed on size and book-to-market equity
(BTM). Given the fact that most commonly used risk factors in the finance literature
are Fama and French’s three factors (M KT, SMB, and HML)? and these factors are
originated from the six size and book-to-market sorted portfolios, we conjecture that
presumably useful latent variables may be extracted from the six portfolios formed in
this way. Our goal in this study is to develop an econometric method that enables us to
extract risk factors more efficiently using the same data sets as the FF 3-factor model
employs. That is why we use the six size- and BTM-sorted portfolios as our starting

point.

We notate the six size- and BTM-sorted portfolios as SL, SM, SH, BL, BM, and BH.*
Now let R, = [Rgr; Rsny RBsuy Bprs Bpyy Rpr,]” denote a vector of demeaned excess
returns on the six portfolios at month t.> Also let D, = [Diktt Dsizetr Ditmt]” denote
a vector of zero-mean unobserved state variables (termed as dynamic factors: market
factor, size factor, and BTM factor, respectively) at month ¢. The dynamic factor model

is then specified as follows. The six observation or measurement equations are given (in

3MKT is the excess return on the market portfolio, SM B is the return on a zero net investment
portfolio which is long in small firms and short in large firms, and HML is the return on a zero net
investment portfolio which is long in high book-to-market firms and short in low book-to-market firms.

4As usual, S and B denote ‘small’ and ‘big’ in firm size, respectively. Similarly, L, M, and H denote
‘low’ ‘medium’ and ‘high’ in the book-to-market ratio, respectively.

®Throughout the paper, we denote R;; as the excess return (over the one-month T-bill rate) on asset

i at time ¢, R; as the sample mean of R;;, and Ei’t = R;+ — R; as the demeaned excess return.



the form of deviations from the means) by

ESL,t 51,1 51,2 51,3 WSt
ESM,t 52,1 52,2 52,3 D WsM,t
mkt,t
ESH,t 53,1 53,2 53,3 WsH,t
- Dsize,t + y (]-)
EBL,t 54,1 54,2 54,3 D WBL,t
btm,t
EBMyt 55,1 55,2 55,3 WBM,t
i EBH¢ ] i 56,1 56,2 56,3 ] i WBH,t ]

and the three transition or state equations are expressed as

Dot t Ppre O 0 Dokt t—1 Ut ¢
Dsize,t - O ¢size 0 Dsize,tfl + 'Usize,t ) (2)
Dbtm,t 0 0 ¢btm Dbtm,tfl Vbtm,t

where ('s in Eq.(1) are the loadings on the state variables and ¢'s in Eq.(2) are the AR(1)
coefficients of the factors. The state-space representation of the dynamics of D, is also

given in a matrix form by the following system of equations:
R, = BD; + wy, (3)

Dt = (I)thl + Uy, (4)

where B is a prespecified constant factor-loading matrix whose columns have identifying
restrictions on the market, size, and BTM factors, w; is a vector of idiosyncratic returns
on the six portfolios, ® is a constant matrix whose diagonal elements consist of the
AR(1) coefficients that capture the time-series predictability of the three factors, and v,
is a vector of factor disturbances. The factor model is dynamic in a sense that the state
vector D, follows a stationary vector autoregressive process of order 1, VAR(1). That
is, the three equations in Eq.(2) or Eq.(4) describe the dynamics of the state variables,
D, = [Dmkt,t Dsize,t Dbtm,t] "

We make the following conventional assumptions for Eq.(3) and Eq.(4): w; and v,



follow joint normal distributions, with their covariance matrices given by

, A fort=r7
Elwwl] = (5)
0 fort#r
Q fort=
Bow]=¢ = (6
0 fort#7
Elww!] =0 for all t and 7 (7)

where A = diag[o%;, 0%, 0%y OBy s> O5p) is a (6 x 6) diagonal covariance matrix
of idiosyncratic risk for the six portfolios, and Q = diag[o?,,,, 02.., 0%,.] is a (3 x 3)

diagonal covariance matrix of factor disturbances.

The dynamic factor model has both cross-sectional and time-series features that dis-
tinguish this model from the FF 3-factor model or other statistical factor models such as
Roll and Ross (1980), Lehmann and Modest (1988), and Connor and Korajczyk (1988).
Cross-sectionally, the three dynamic factors are identified through a prespecified factor-
loading matrix, in which parameter restrictions are imposed across assets (see the next
subsection for details about the parameter restrictions). As a result, the three factors
are not only readily interpretable, but they also preserve some desirable properties (e.g.,
mutually uncorrelated, minimum variances) of purely statistical factors. Through time,
the three factors are formed as linear combinations of both contemporaneous and past

returns, thereby incorporating the entire history of the information set.

A. Factor Identification

The first factor, Dy, in Eq.(1) is identified from the first column of the coefficient
matrix, B, with no restrictions on the six factor loadings. Using the firm characteristic
notations employed above for the six portfolios, we can denote the parameters in the first

column of B as follows:

51,1 - 5SL
52,1 - BSM
53 1 = 551{



541 = 5BL

)

55,1 = BBM
561 = BBH' (8)

)

Given that the six portfolios consist of market-wide assets, this factor (D,,x) can cap-
ture price dynamics common across the six types of assets or portfolios formed on firm
characteristics. That is why we term this dynamic factor as the market factor. In this

sense, the market factor may be interpreted as a composite index.

The size factor, Dy;.,., is identified from the second column of matrix B by imposing
the restrictions that /3’s should be the same within each of the small- and big-stock groups.
That is, the first set of parameter restrictions are:

512 = 52,2 = 53,2 = ﬁs

)

542 = 55,2 - 56,2 - 53- (9)

)

These restrictions are reasonable, because assets within the same size group must have
the same sensitivity, while assets belonging to different size groups should have different
sensitivities to the size-related factor. The restriction ensures that if there exists any
systematic variation in returns beyond that captured by the market factor, this factor

will pick up the size-related variation.

Similarly, the book-to-market factor, Dy, is identified from the third column of B
by imposing another set of restrictions that 3’s should be the same within each of the

low, medium, and high book-to-market groups. That is,

5173 - 54,3 - 5L
52,3 = 55,3 = ﬁM
53 3 = ﬁ6,3 - 6H' (10)

)

These restrictions ensure that Dy, captures the variation that is related to the book-to-

market effect beyond that captured by the market factor.

Finally, we normalize the variances so that each of the factors has a unit variance



: 2 _ 2 2
(1'6'7 Omkt = Osize — Obtm

= 1).5 In addition, because the three factors are, by construc-
tion, mutually uncorrelated (i.e., diagonal ® and §2), the dynamic factor model uniquely
identifies the three common factors with zero means and unit residual variances.” Our
dynamic factors may be viewed as the ICAPM state variables (Merton, 1973) that con-
temporaneously span investors’ investment opportunity sets, or as the coincident financial
indicators (Chauvet and Potter, 2000) that capture investors’ contemporaneous beliefs

about the cycles of financial markets.

B. The Kalman Filter as a Model of Conditional Expectations

Under the assumptions in Eq.(5)-Eq.(7), the Kalman filter is a statistically optimal pro-
cedure to extract the unobserved factors from a finite set of observed returns. Using the
Kalman filter, we first estimate the parameters in matrices B, A, and ® specified by
Eq.(1) to Eq.(4), with the state vector being initialized by the unconditional means and
variances.® The Kalman filter is then iterated for t = 1,...,7T to recursively extract
conditional expectations of the dynamic factors, Dy,—; and Dy, as well as their mean

squared error (MSE) matrices, Py;—1, and Py.

At the beginning of month ¢, investors make prior assessments about the conditional
means and variances of the unobserved factors (D;) based on the information set [, i,

which have the following characteristics:

Property 1 (Producing a Forecast of D, Based on I; ;): In a conditional
distribution Dy | I_1 ~ N(Dys-1, Piy—1) and from Eq.(4),

1) A wvector of the ex ante (prior) expectations of the unobserved true factors (Dy) is

gwen by Dyy—1 = PDy_q4—1.

2) Pyi—1 = ®P,_1;_19'+Q is a function of the population parameters (hence a constant

6This choice of normalization is standard in state-space models, as is also adopted by Stock and
Watson (1991).

"The restrictions on the factor-loading matrix B are both necessary and sufficient to identify the three
factors. If no restriction is imposed, then the total number of free parameters (18 factor loadings + 6
variances) exceeds the number of independent variance-covariance terms of returns (21). In addition,
the factor-loading restrictions make the three factors free from arbitrary rotations, thereby keeping the
factor identities unique. To see this, consider a (3 x 3) orthogonal transformation matrix M (MM = I),
so that Eq. (3) becomes R, = (BM)(MD,) + w;. Any non-zero off-diagonal elements in the second or
third row of M destroy the factor-loading pattern and violate the definition of the size or book-to-market
factor.

8For details, see Kim and Nelson (1999) and Hamilton (1994), for instance.

9



matriz).

8) Dyjs—1 is the minimum mean squared error (MMSE) estimator of D, with respect

to Pt\tfl-

Dy—1 defines a vector of time-varying expected factors, which we term as the exr
ante factors. The MMSE property of Dy;_; is a well-established result of the Kalman
filter.” Constant P,;_; follows from the stationary joint normal distributions of R, and
D,. This characterizes the conditional structure of the dynamic factor model as having
time-varying expected factors (Dt|t,1), constant conditional factor variances (Pt‘t,l), and
constant factor loadings (B), as in Stambaugh (1983). The constant and MMSE features
of Py;_; imply that we can define a time-varying maximum ez ante squared Sharpe ratio
(SSR) as

SSRyi—1 = Dy, Pyl Dy, (11)

tlt—1

which reflects investors’ optimal forecast of the anticipated reward-risk tradeoff in the
factors. Due to the constant property of P,;_;, any intertemporal variation in SSRy;_;
is solely driven by the ex ante forecasts, Dy;_;, that describe anticipated shifts in the

investment opportunity set.

At the end of month ¢, investors make contemporaneous (real-time) assessments about
the conditional means and variances of the unobserved factors as the data (R,) are ob-

served, leading to the following characteristics:

Property 2 (Updating the Inference about D; Based on [;): In a conditional
distribution Dy | I ~ N(Dyy, Py),

1) A vector of the ex post (posterior) expectations of the true factors (Dy) is given by
Dyt = Dyp—1 + Kieys—1, (12)

where Ky = Py B’ Zt_|t1—1 is the Kalman gain matriz (which is a function of the popula-
tion parameters). In the Kalman gain matriz, ¥y;—1 = (BPy,—1B' 4+ A) is the variance-

covariance matriz of the forecast error, eyr—1 = By— Ryyy_y.

2) Py = Pyi—1 — KyBP,;_, is a function of the population parameters (hence a con-

stant matrizx).

9Harvey (1989) and Hamilton (1994) provide details on the MMSE estimators obtained from the
Kalman filter.

10



3) Dy is the MMSE estimator of D, with respect to Py.

Dy, defines a set of ex post factors that capture investors’ contemporaneous beliefs
about the state of financial markets, and P,; measures the constant real-time uncertainty
when making new inferences about the unobserved factors, D;. As we see in Eq.(12)
above, the ex post factors (Dy) are formed as a linear combination of the factors predicted
at timet—1 (Dt|t_1) and contemporaneous information surprises contained in the forecast
error (e;;—1), with the weight being the constant (3x 6) Kalman gain matrix, K;. The
MMSE property means that D, is extracted in a way that the variance of tracking error
(D¢ — Dy) is minimized. Thus, Dy is said to mimic D; in the MMSE sense, so that the
ex post factors can replace the unobserved true factors within a finite sample of assets

for exact arbitrage pricing.!’

It is worth mentioning some advantages of our approach (that estimates the latent
factors using the Kalman filter) relative to other statistical methods such as principal
component analysis. For example, principal components are essentially of contemporane-
ity, and so they do not have dynamic features. Moreover, they are purely statistical
factors that cannot be intuitively understood or named. With the cross-sectional restric-
tions on the factor loading matrix [i.e., Eq.(9) and Eq.(10)], however, our dynamic factors
are intuitive and reasonably interpretable, which in turn enables us to call them (D,
Dyizey Dpm) market, size and BTM factors. On balance, our employing the Kalman filter
is justified, especially because the filter is a useful vehicle as an adaptive process with
which a sequence of updating and forecasting becomes available in order to form rational

expectations as the information set evolves over time.!!

Rational expectations carry two testable implications on the relations between Dy,
and Dy;. First, by invoking the law of iterated expectations, we obtain E[Dy; | I;—1] =
Dyj;—1, which reveals an essential feature of time-varying expected premia of the ex post
factors. Whether or not this factor predictability is empirically important depends on the
significance of the AR(1) coefficients in ®. Second, rational expectations imply that Dy
is predictable only to the extent that conditioning information is used to form Dy;_;. This

entails a testable hypothesis that the difference 1, = Dy — Dy—1 = Kyey4—1, or equiva-

th\t is in the spirit of returns on a set of factor-mimicking portfolios analyzed by Grinblatt and
Titman (1987) and further characterized by Huberman, Kandel, and Stambaugh (1987). Recently,
Sentana (2004) formally discusses and evaluates the mimicking property of Kalman filter portfolios in
the MMSE sense.

"Engle and Watson (1987) use the Kalman filter to formulate rational-expectations models.

11



lently the forecast errors et‘t_l,u should be unpredictable using the existing information

set, I;_1. These empirical implications are examined in the next section.

II. Estimation of the Dynamic Factor Model and Spec-
ification Tests

A. Data and Estimation Methods

We obtain monthly returns on the six portfolios formed on size and book-to-market
equity from Kenneth French’s website. To compute excess returns on the six portfolios,
we subtract the one-month T-bill rate. The sample used in this study ranges from January
1955 to December 2004, covering the past 600 months (50 years: 1955:01-2004:12) of the
U.S. stock market.

With the excess returns on the six portfolios, we first estimate the 20 model parameters
in matrices B, A, and ® with the maximum likelihood method. For this purpose, we
run the Kalman filter as described in Kim and Nelson (1999) with iterations until all the
parameters converge to a high precision.!® Given these parameter estimates, we run the
Kalman filter again to recursively extract the ex ante (forecast at month ¢t — 1) factors
Dyi-1 = (Dbt tjt-1 Dsizetfi—1 Ditmyp—1)" as well as the ex post (updated at month t)
factors Dyy = (Dmpttt Dsizetlt Dotmygye) for t = 1955:01 to 2004:12.

B. Descriptive Statistics and Estimated Parameters

Means and variances of excess returns (over the 1-month T-bill rate) for the six size- and
BTM-sorted portfolios are contained in Panel A of Table I. It shows that mean returns
increase monotonically with book-to-market equity within each of the two size groups
[small (S), and big (B)], while volatilities of returns are highest for growth stocks (L)
within each of the two size groups. The former fact is consistent with the well known
book-to-market effect. Considering that growth portfolios are likely to consist of small,

tech-oriented stocks, the latter is also a reasonable feature.

12Note that K; is constant.
13The maximum likelihood estimates converge quickly to a preset 10~° convergence criterion and are
robust to different sets of reasonably chosen starting values of parameters.

12



Panel B of Table I presents the maximume-likelihood parameter estimates and their
standard errors of the model specified in Eq.(1) to Eq.(7).!* The parameter estimates are
all statistically significant at the 5% level: 3's are larger than 1.96 standard errors from
zero, and mostly are larger by the factor of 10-30; ¢'s are larger than 2.8-4.5 standard
errors from zero; and o?s are larger than 5 standard errors. These results, including
the highly significant factor loadings, suggest that excess returns on the six portfolios

conform to our three-dimensional factor structure.'®

Specifically, the loadings on the market factor (D,,x) in the small-stock group (8,
Bsus Bgp) are significantly larger than those in the big-stock group (8gr, Buis Brr)-
This suggests that the market factor captures well the notion that small stocks are rela-
tively riskier than big stocks. As for the loadings on the size factor (Ds;.), the magnitude
of loadings in the big-stock group (85) is more than twice as large as that in the small-
stock group (8g), indicating that returns are more sensitive to the size factor in the
big-stock group. We also find that low book-to-market (L) stocks have a significantly
negative loading (-1.09) on the book-to-market factor (Dyyy, ), while high book-to-market
(H) stocks have a significantly positive loading (1.21), providing evidence of the growth
and value effects. The loading on the factor in the medium BTM group (5,,) is small and
marginally significant. This is a desirable feature because it implies that in a portfolio
with a medium level of book-to-market equity, stock returns are not very sensitive to the
BTM factor.

For the predictability of our dynamic factors, we find in Panel B that the AR(1)
coefficients on the three factors specified in Eq.(2) are all statistically significant at any
conventional level. A change in the factor realizations by one standard deviation in the
current month will affect the unobserved factor realizations by 14-21% in the following
month. To visualize the level of time variation in investors’ optimal forecasts about
the risk/reward ratio, we draw a graph of the maximum ex ante squared Sharpe ratio
(SSRy¢-1) based on Eq.(11) over the sample period (1955:01-2004:12). Figure 1 shows
that there exists substantial variation in investors’ forecasts about their risk-return trade-

off. The average value of the ex ante squared Sharpe ratio is 0.09, which is comparable

14The magnitude of factor loadings in B is with respect to the normalization of unit factor residual
variances (02,,, = 0%,. = 0%, = 1 ).

5We also perform a number of likelihood ratio tests for the hypotheses that the returns on the six
portfolios can be explained by any one or two of the three factors. These tests strongly reject one- or

two-factor structure at any significance level.
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to that of the FF 3 factors (0.06). The ratio is highest (1.76) in March 2000, when the
S&P 500 index reached its peak in our sample period.

C. Specification Tests of the Model

A specification test is necessary to ensure that our dynamic factors are unbiased. The key
testable hypothesis of the model specification is that forecast errors of portfolio returns,
etjt—1, shown in Eq.(12) should be unpredictable based on the available information set,
I;_1. Following Stock and Watson (1989, 1991), we test the predictability by regressing
one-step-ahead forecast errors of portfolio returns on six lagged returns and forecast errors

as in the equation,

6 6
e =0+ Y Vs oRir D OissCiv o+ sis, (13)

s=1 s=1
where €;; = R;, — R;;,_jdenotes forecast errors obtained from the Kalman filter, and
R, , denotes lagged returns on portfolio 7 (i = SL, SM, SH, BL, BM, BH). The null

hypothesis of the test is that the six coefficients (7's) of R,, . (s = 1,..., 6), or the six

—,t—s
coefficients (0's) of e; ;s (s = 1,..., 6) for each portfolio 7 are jointly zero.
The p-values of the joint F-test are reported in Table II. Considering that the null
hypothesis is rejected at the 5% significance level only for four cases out of the total 72

tests, it is likely that our dynamic factor model is reasonably well specified.'6

D. Descriptive Statistics and Correlations of the Dynamic Fac-
tors

As we have examined above that our dynamic factor model is appropriately specified, we
now report in Table III the descriptive statistics and correlations of the three dynamic
factors after estimating the ex post factors (Dmgesjts Dsizetit, and D) as well as
the ex ante factors (Dpktse—1, Dsizett—1, and Dy, gp—1) using the Kalman filter. For
D}, )and (D°,., D% DY ) asthe time

notational simplicity, we denote (D! ,. D! o .
series collection of Dy, and D;_,, respectively. In general, we let superscript ‘1’ denote

size?

16We also estimate several more parameterized models. For example, we test other models, where w;
in Eq.(3) follows an AR(1) process, and/or D, in Eq.(4) follows a VAR(2) process, and so on. These
additional specifications do not significantly improve upon the current parsimonious specification.
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ex post and ‘0’ er ante. For comparison purposes, we also report the statistics about
the FF 3 factors (M KT, SM B, and HM L) and the excess return on the equal-weighted
market index (EWM).

The first part of Table III shows that the means of the ex post and ex ante estimates
of the three dynamic factors are all zero by construction. The volatility of the ex ante
factor estimates is about 14-22% of the ex post factor volatility. The middle part of the
table presents the correlations between the two types of dynamic factors and the FF 3
factors. Most notable is that the FF 3 factors are highly correlated with each other: The
absolute values of the correlation coefficients are as high as 27%-39%. However, both the
ex post and the ex ante factors are very weakly correlated with each other within each
of the two groups: The absolute values of the correlation coefficients are only 1%-3%.7
This implies that each of D,x¢, Dsize, and Dy, independently captures specific aspects
in return variations, whereas M KT, SMB, and HML tend to jointly explain return

variations.

Looking at the cross-correlations between the dynamic factors and the FF 3 factors,
the ex post BTM factor (D},,,) is strongly correlated with HML (92%). The ex post
market factor (D} ,,) is also highly correlated with M KT (77%), and especially with
SMB (82%). Tt is interesting to see that the ex post size factor (D},

correlated with SM B (—55%), while it is positively correlated with M KT (64%). The

ex ante factors are relatively weakly correlated with the FF 3 factors in general, but

) is negatively

there are some statistically significant relations: positive correlation of D? . with SM B,
negative correlation of DY _, with SM B, and positive correlation of DY, =~ with HML.

Another noteworthy aspect is that the correlations of the equal-weighted market index
(EWM) with D} . and D°,. are 95% and 24%, respectively.

Lastly, both ex post and ez ante factors are highly autocorrelated, compared to the
FF 3 factors. For example, the 1st- and 2nd-order autocorrelation coefficients of DY, .

are 21% and 10%, respectively. This indicates that our two types of the dynamic factors
0

are more predictable than the FF 3 factors. Particularly interesting is that Dj;,. has a
negative and statistically significant 1st-order autocorrelation (—14%), while SM B has
a small positive serial correlation (6%). These features may have some implications for

the better performance of our dynamic factors, as we will see later.

17 A formal test does not reject the null hypothesis that the dynamic factors are uncorrelated with each
other. However, the test strongly rejects the null that the FF factors are uncorrelated with each other.
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III. Formulating the Asset-Pricing Tests

Assume that the excess return on a given asset or portfolio, R; (i = 1,..., N), follows
a conditional factor structure with the true factors identified as D; = (Dpits Dsizer
Diym,) whose prior (ex ante) expectations are extracted as Dyy—1 = (Dputgjt—1 Dsizetit—1
Dbtm,ﬂt,l)', and posterior (ex post) expectations are extracted as Dy, = (Dmkt,ﬂt Dyize st
Dyt ) using the Kalman filter. Both Dy;_; and D, have zero unconditional means.
Also assume that the information set (I;_;) contains only the excess returns on the six

portfolios formed on size and BTM up to time ¢ — 1.

Now consider the following return-generating process for asset ¢ conditional on I;_1:
Riy = Riy—1 + B! (D, — Dyjy1) + €ig, (14)

where Ri7t|t—1 = E[R’ht | Itfl]ﬂ Dt\t—l = E[Dt | It*1]7 and le = [ﬁz{mkt 5*},32’26 5'},btm] is a
(1 x 3) row vector of constant factor loadings on the factor innovations for asset i. Let
the error term €;; be El¢;; | I;-1] = 0 and Ele;+D; | I;—1] = 0. Furthermore, conditional

asset pricing assumes that R;;;—; is linearly related to Dy;_; so that

Rigi—1 = R+ B?Dﬂt—l, (15)

0 0

where R; is the unconditional mean of R;y, and BY = 37,1, 1 size Bipm) i @ (1 X 3) row
vector of constant factor loadings on Dy;_;. For convenience, Eq.(15) can be expressed

. _ B _ 1o
in a demeaned form as Ei,th‘/fl = Riy—1 — Ry = By Dyjy—1.

Combining Eq.(14) and Eq.(15), we have the following asset-pricing test equation:

Ry = R + Bi Dy + BZ’IDt + €4, (16)
where Bz* = B”? - le = [( ?,mkt - ;’L,mkt) (ﬁgsize - z‘l,size) (ﬁ?,btm - ﬁz‘{btm)] = [ﬁ:,mkt
B size DBipm denotes a (1 x 3) row vector of the differences between the loadings on

Dy, and those on D; for asset i. What B captures is the portion of factor loadings
B? that is left over by B}. Henceforth, B} is referred to as the residual factor loadings,
and B Dy;_; is referred to as asset i’s residual predictability that reflects a bias in the ex

post risk adjustment. Missing out B;Dy;_; leads to a bias because it is the portion of
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the predictable return but is not incorporated into the asset’s ex post expected value.'®
Thus, we call Eq.(16) the bias-adjusted pricing model (BAPM), because this equation
explicitly adjusts for the bias.

Now, Eq.(16) involves a testable restriction that distinguishes between the null and

alternative hypotheses. If we set the null hypothesis as Hy: B} = 0, this in turn implies:
Riy = Ri+ B} D, + €y, (17)

which is referred to as the risk-adjusted pricing model (RAPM) in our study. Given that
the vector of true factors (D;) is not observable to an econometrician in a finite sample
of assets, Dy in Eq.(16) and Eq.(17) is proxied by its factor-mimicking estimate, Dy,
for our empirical testing purposes [e.g., see Eq.(20) and Eq.(22) later]. Under the null
hypothesis (Bf = 0), Eq.(16) reduces to Eq.(17) as B} fully incorporates all the past
and present information, thereby making Dy;_; irrelevant in pricing asset . Under the
alternative hypothesis of H,: B} # 0, however, D; (and hence D) alone does not fully
explain conditional expected returns, and thus D,;_; has explanatory power beyond what
Dy captures in Eq.(16). Accordingly, the essence of testing the alternative hypothesis
(BAPM) is to detect any incremental explanatory power over and above what is explained
by the null hypothesis model (RAPM).

For Eq.(16), asset pricing imposes the following restriction on the unconditional mean
of excess returns:

R; = B;\’ + B} )\, (18)

where \” = [\2,,, A% A)]'is a three-vector of ex ante factor risk premia (corresponding
to Dye1); and A' = (AL, AL, Ayl is a three-vector of ex post factor risk premia

size

(corresponding to D, and hence Dy).

Eq.(18) decomposes the mean excess return into a risk-adjusted return attributed to

risk factors, B} X', plus a portion of predictable return that is missed by risk adjustments,

18Formally, the conditional expectation of R,y ie, B[R 4y | Ii1] = B} Dyj;—1, is a biased estimate
of R, yjy—1 = B?Dt‘t,l unless BY = B}. Allowing the bias in risk adjustment addresses Elton’s (1999)
concern that the ex post (realized or expected) returns may not be an unbiased estimate of the ez ante
returns.
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B;)\°. Under the null hypothesis (B} = 0), Eq.(18) reduces to:
R; = B\ (19)

Thus, testing Eq.(18) is essentially to gauge the economic significance of B;“)\O over and
above BI\'.

In the next sections, we test whether B Dy;_; in Eq.(16) and B;\° in Eq.(18) have
any incremental explanatory and predictive power (RAPM vs. BAPM), investigating how
the two models compare to the FF 3-factor model. We impose on Eq.(16) the restriction
of B} =0, which results in the risk-adjusted pricing model (RAPM) specified in Eq.(17).
We relax the restriction later, in which case the model is the BAPM. For expositional
convenience, we first present the in-sample test results in the next three sections and then
perform the out-of-sample tests in the following section making pair-wise comparisons of

the accuracy in one-step-ahead forecasts.

IV. Testing the Risk-Adjusted Pricing Model (RAPM)

A. Time-Series Regressions

Following Cochrane (2005, Chapter 12) and Brennan, Wang, and Xia (2004), we run the
two-pass regressions in order to test the risk-adjusted pricing model (RAPM). As a first
step, we estimate the loadings on our three ex post dynamic factors by regressing the

excess return on the three ex post dynamic factors for the 25 portfolios over the sample
period (600 months: 1955:01-2004:12) as in the equation,

3
Ry = a; + Z 51{ij,¢|1§ + Ui g, (20)
j=1
where R, ; is the excess return on portfolio ¢ (i = 1,...,25), and D;; is ex post factor j

(j = mkt, size, btm) extracted from the Kalman filter. We report in Table IV the factor
loadings (/3"s), their t-values [t(3")'s], adjusted R?, and standard errors of the regressions
[s(u)’s] for each of the 25 portfolios. For brevity, we do not report all the corresponding

results with FF' 3 factors, but some parts or averaged values only are reported.
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As can be seen in Panel A of Table IV, the loadings on factor D!, (i.e., 8.,,)
are relatively large, and their statistical significance is remarkably strong across all 25
portfolios. Also notable is that the magnitude of its loadings is decreasing with the book-
to-market ratio within a given size group and decreasing with size within a given BTM
group. Returns are most sensitive to D} ,, in the portfolio with the smallest size and
the lowest BTM, while they tend to be least sensitive to the factor in the portfolios with
the biggest size and the highest BTM. This suggests that small, growth stocks are riskier

and vice versa. On the contrary, although the pattern is not so salient within a given
1

size group, the loadings on Dy, become larger as asset size increases within a given
BTM group, presenting that returns are more sensitive to the ex post size factor in the
larger stock groups.'® The statistical significance of the loadings is also pronounced. The
coefficients of D}, =~ are mostly negative in the two lowest BTM groups, and they turn
larger and positive as BTM rises within a given size group. But the pattern is not so
salient in the other direction. The coefficients are all statistically significant at the 1%

level except for one portfolio.?

In terms of explanatory power, the adjusted R? values are higher than 90% for 21
cases out of the total 25 portfolios, with the average across the portfolios being 92%.
This is 2% higher than that from the regressions using the FF 3 factors (see Panel B).
The standard error of residuals, s(u), is 1.51% on average, which is 10 basis points lower
than the average s(u) computed from the regressions with the FF factors. These results
exhibit that our ez post dynamic factors (even without the ex ante factors) are likely to

do a better job than the FF 3 factors in explaining the time variation in stock returns.

19We note that this observation is consistent with the pattern of the loadings on the dynamic factors
reported in Table I as well as that of the cross-correlation coeflicients between the ex post factors and the
FF 3 factors reported in Table III. For instance, the loading on the size factor (Ds;..) in the big-stock
portfolio (i.e., 85 = 2.86) is substantially larger than that in the small-stock portfolio (i.e., Sg = 1.32) in
Panel B of Table I. Also, the correlation coefficient between D!, . and SMB is negative and large (—55%)
in Table III. Another notable aspect in Table III is that the correlation coefficient between the equal-
weighted market index return (EWM) and D], is relatively small (23%) but the coefficient between
EWM and D} ,, is as high as 95%. However, D!,.. and D} ,. are uncorrelated with each other. Given
that EWM places greater weights on small firms, this finding suggests that D! . effectively captures
the return behavior of small stocks while D!, is more likely to capture that of large stocks. Thus, the
pattern shown in Table IV reflects how the model parameters are estimated and the latent factors are
extracted via the Kalman filter.

20Tn Panel B of Table I, we also observe that low book-to-market stocks have a negative loading
(8, = —1.09) on the book-to-market factor (Dpyy,), while high book-to-market stocks have a positive
loading (8 = 1.21). These provide evidence of the growth and value effects. The loading on the factor
in the medium BTM group (8,; = 0.47) is small and marginally significant. These loading patterns are

again reflected in f3,,, reported in Table TV.
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B. Cross-Sectional Regressions

In the second step, based on Eq.(19) we cross-sectionally regress the sample mean of

monthly excess returns on the factor loadings (estimated in the first-step above) as in the

equation,
3
— ~1
R; = Z)\}ﬁw + €, (21)
j=1
— ~1
where R; is the mean excess return on portfolio i,(i = 1,...,25), 3, is an estimated

loading on ex post factor j (j = mkt, size, btm), /\; denotes the coefficient to be estimated
as a factor risk premium for ex post factor j, and e; is the residual term that measures
the pricing error in portfolio 7. From the regression above, we report the estimated factor
risk premia and pricing errors together with their test statistics. The t-statistics and the
covariance matrix of pricing errors, ¥ = Cov(e), are computed with Shanken’s (1992)
correction. For comparison purposes, we also report the results from the FF 3-factor

model.

First, we check the risk premia ()\Jl-, Jj = mkt, size, btm) for our ex post dynamic
factors. Panel A of Table V shows that the levels of the risk premia for the dynamic factors
are 0.06%-0.20%, with the premia for the market and BTM factors being statistically
significant at any conventional level. But the premium for the size factor is not significant.
The monthly risk premia for the FF 3 factors are of a similar pattern (see Panel B), but

the significance levels of A\y;xr and Ay are lower than the corresponding premia for
the RAPM factors.?!

Next, we examine the pricing errors (es) of the RAPM. It is discernible that large
pricing errors tend to fall on the “corner” portfolios such as smallest growth, smallest
value, largest growth, or largest value portfolios. For example, the pricing error in the
portfolio with the smallest size and the lowest BTM amounts to —0.34% monthly (—4.08%
annually). This shows that it is the extreme size and book-to-market portfolios that are
most mispriced by the ex post dynamic factors. As we see in Panel B, the pricing errors

of the FF 3-factor model also show a qualitatively similar pattern, but the absolute levels

21 Because our ex post dynamic factors and the FF factors are different in the scale of variances, the
level of risk premiums is not directly comparable. To compare the two sets of factors, one can rescale the
ex post factors to have the same pair-wise standard deviation as that of the FF factors. For example,
A = [/\:nkt/a(D}nkt)] x o(MKT), and so on. The rescaled premiums are A, ., = 0.56%, A,;., = 0.19%
and )\;tm = 0.60%, which are comparable to but higher than the premiums for the FF 3 factors.

size
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of the errors in the corner portfolios are likely to be higher than those of the RAPM in
general. The average absolute error (AAE) of the RAPM (0.099%) is lower by 7.2 basis
points annually, and the sum of squared errors (SSE) of the model (0.408) is also smaller
than that from the FF 3-factor model. When the null hypothesis of a zero pricing error is
formally tested using the quadratic statistic, ¢’S~te, which is distributed as y%(22) under
the null hypothesis, the hypothesis is strongly rejected for both models, however.

Based on the two-pass test results above, we find that the RAPM appears to per-
form better than the FF 3-factor model in explaining asset returns. However, the simple
approach of Fama and French (1993) also produces comparable results. Given that ex-
tracting the dynamic factors is more involved than using the simple FF 3 factors, more
questions still remain to be answered: 1) Can the ez ante dynamic factors, together with
the ex post factors, achieve beyond what the RAPM (and hence the FF 3 factors) can do
in the in-sample context?; 2) More importantly, can the ez post dynamic factors alone (or
jointly with the ex ante factors) generate more accurate one-step-ahead forecasts than

the FF 3 factors? We examine these issues in the next three sections.

V. Testing the Bias-Adjusted Pricing Model (BAPM)

The role of the ex ante dynamic factors seems to largely hinge upon the extent to which
pricing errors in the corner portfolios are reduced. We first investigate if the ex ante

factors play an incremental role beyond what the FF 3-factor model and the RAPM do.

A. Time-Series Regressions

We test our alternative, bias-adjusted pricing model (BAPM) specified in Eq.(16). In the
first step, we estimate the factor loadings by regressing the excess return on the ex ante

dynamic factors as well as the ex post dynamic factors as in the equation,

3 3
Riy = a; + Z Biij,t\t + Z BiiDjie—1 + i, (22)
j=1 j=1
where R;; is the excess return on portfolio 7 (i = 1,...,25), D; and D, ;1 are ex post

and ex ante factors j (j = mkt, size, btm), respectively.
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Panel A of Table VI contains the estimates of the residual factor loadings (5;’;s)
(i =1,...,25) and their t-values from the time-series regressions for the 25 portfolios.
We do not report the estimates and their ¢-values of the loadings on the ex post factors
(ﬁllljs) to save space, because they are similar to those in Table V. Note that many of the
residual loadings are statistically significant at the 10% level, especially in the extreme
size or BTM groups. Given the statistical significance levels of the loadings on the ex post
and ex ante factors, it is not likely that our second-step results in the next subsection
are subject to the “useless” factor problem described in Kan and Zhang (1999).> In
particular, the magnitude of the residual loadings and their statistical significance are
often much higher in the corner portfolios. For instance, the loadings on the market and
the BTM factors in the portfolio with the smallest size and the lowest BTM are 2.14 and
-1.45, and their t-values are 3.42 and —2.64, respectively. This suggests that the ex post
dynamic factors alone (and hence the RAPM) cannot fully explain the return variation
over time, especially in the extreme portfolios, and it is the ex ante dynamic factors that

capture additional explanatory power in those portfolios.

B. Cross-Sectional Regressions

Based on Eq.(18), we cross-sectionally regress the sample mean of monthly excess returns

on the residual and ez post factor loadings (estimated in the first-step above) as in the

equation,
8. 3.
Ri=) NBis+ D NiBij+es (23)
j=1 j=1
— ~1
where R; is the mean excess return on portfolio 7,(i = 1,...,25), 3, ; is the loading on ex

post factor j (j = mkt, size, btm), B:J is the residual factor loading on ex ante factor
7, )\} and )\2 denote the coefficients to be estimated as factor risk premia, and e; is the

residual term that measures the pricing error of the BAPM for portfolio i.

Panel B of Table VI reports the estimated factor risk premia and pricing errors with

their test statistics.”> The size of the factor premia for the ez post factors (A\Ys) and their

22Kan and Zhang (1999) suggest testing the significance of factor loadings as a diagnostic tool to detect
useless factors. To formally test the null hypothesis of jointly zero coefficients on the dynamic factors,
we conduct the F-test in a seemingly unrelated regression (SUR) system for the 25 portfolios. The test
strongly rejects the null hypothesis.

23 Again, the t-statistics and the covariance matrix of pricing errors, 3 = Cov(e), are computed with

22



statistical significance are similar to those of the RAPM reported in Table V. Notice
here that the premium for the ez ante BTM factor, )y, is positive and statistically
significant at the 1 % level: i.e., the beta risk of the ex ante BTM factor is priced. The
strong residual predictability of the ex ante BTM factor (Dbtm,t\t—l) is consistent with
Lewellen (1999), who documents significant predictability of the book-to-market ratio for

time-varying expected returns.

Panel B also shows that in general the pricing errors (€’s) of the BAPM become much
lower (especially in the extreme portfolios), compared to those of the RAPM reported in
Panel A of Table V. It follows that the average absolute error (AAE) is down by 24%
from 10 basis points (bps) to 7.6 bps per month, and the sum of squared errors (SSE)
decreases from 0.41 to 0.26. In particular, the decreases in pricing errors mainly occur in
the corner portfolios: For instance, the pricing error in the smallest growth portfolio for
the BAPM is only —0.14% per month, while its counterparts are —0.34% in the RAPM
and —0.37% in the FF 3-factor model. The decreases are mainly because of the residual
power of the loading on the ex ante BTM factor. As mentioned in the previous section,
the RAPM is likely to perform better than the FF 3-factor model. Given the incremental
role of the ex ante factors, it is obvious that the BAPM in turn performs better than
the FF 3-factor model. As we can compare the results, the pricing errors of the BAPM
are substantially reduced (with a few exceptions in the non-corner portfolios), relative to
those of the FF 3-factor model reported in Panel B of Table V.

Next, we examine the joint test statistics 'Y~ !e. This quadratic term follows a x?(19)
distribution under the null hypothesis. For the BAPM, ¢/Y e is 39.68, which is much
smaller than that for the RAPM. However, the null hypothesis of a jointly zero pricing
error is still rejected at the 5% level for this model, as the p-value indicates. However,
as Fama and French (1993, 1996) suggest, the rejection of the BAPM appears to reflect
the high explanatory power of the test. The time series regressions for the 25 portfolios
produce an average R? of 92%, leading to a small covariance matrix, ¥. Thus, even
small pricing errors suffice to generate rejectable test statistics. In the same context, the
reason that some recent ICAPM studies cannot reject the null hypothesis may be that

the explanatory power of their tests is low (Daniel and Titman; 2005).2* As Fama and

Shanken’s (1992) correction.
2 For example, The ICAPM of Brennan, Wang and Xia (2004) produces comparable pricing errors to
those of the FF 3-factor model, but the ICAPM cannot be rejected due to a larger residual covariance
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French (1993, 1996) suggest, therefore, it may be more meaningful to assess the economic
significance of pricing errors. Judging by this criterion, we see that the BAPM performs
better than the RAPM as well as the FF 3-factor model, particularly in the extreme size
or BTM quintiles. For the BAPM, only two portfolios have pricing errors larger than 2%

per year, and the largest error is about 3% per year.

Overall, our analyses demonstrate that the exr ante factors are a key component in
asset pricing. The high explanatory power of the residual loadings on the ex ante BTM
factor results in a strong rejection of the RAPM. Ferson and Harvey (1999) conduct asset-
pricing tests of the FF 3-factor model. They find that loadings on lagged macroeconomic
variables have significant premia that explain variation in expected returns not captured
by the FF model. However, Ferson and Harvey (1999) do not propose an alternative
model that can explain expected returns better than the FF 3-factor model. Our asset-
pricing tests present that the residual power of the BAPM stems from the fact that
loadings on the ex post factors alone do not fully incorporate all the past and current
information. Once the bias is adjusted by adding the ex ante factors, the BAPM can
better explain expected returns than the RAPM as well as the FF 3-factor model.

V1. Robustness Checks

A. Analysis with an Extended Set of Portfolios

Lo and MacKinlay (1990) raise an issue of possible data-snooping biases when drawing
inferences from samples of characteristic-sorted data. To reduce the potential problem,
we now extend the scope of test assets by adding 10 momentum portfolios formed on
past returns to the 25 size and book-to-market sorted portfolios (total 35 portfolios).
Following Fama and French (1996), we form 10 momentum portfolios by splitting NYSE
common stocks into deciles based on continuously compounded returns over the past 11
months (from month ¢ — 1 to ¢ — 11) in an ascending order, and then computing equal-

weighted excess returns (in excess of the one-month T-bill rate) for each decile over the

matrix (p. 1764). In addition, Petkova (2006) cannot reject an ICAPM for a similar size of pricing errors
because the model leaves a large portion of portfolio variance unexplained (compare the R? values in
Tables IIT and IV of her paper).
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sample period (1955:01-2004:12).2> We then apply the two-pass regression procedure in
the same way as described in the previous sections. As shown in Panel A of Table VII,
the 10 portfolio monthly returns, by construction, monotonically increase from 0.11%
(decile 1) to 1.38% (decile 10). Note also that the portfolios show U-shaped volatility,

with the returns of extreme portfolios (e.g., decile 1 and decile 10) being more volatile.

We first apply the two-pass procedure to the RAPM and the FF 3-factor model with
the augmented set of portfolios. For brevity, we report the results for the 10 momentum
portfolios only in Panels B-C in Table VII. Comparing the R? values and standard errors
[s(u)’s] from the time-series regressions for the RAPM (Panel B) with those for the FF
3-factor model (Panel C), we find that with no exception the RAPM has higher R¥s and
lower standard errors than the FF 3-factor model. The average R? is three percentage
points higher, and the average s(u) is 17 basis points lower. This provides further evidence
that even the ez post dynamic factors do a better job than the FF 3 factors in explaining

time variation in returns.

Next, we relax the restriction of Bf = 0 in Eq.(16) and Eq.(18), which results in
the BAPM. With the same procedure, we check whether the BAPM has incremental
explanatory power beyond what the RAPM or the FF 3-factor model can capture in
pricing assets. Panel A of Table VIII presents the first-step results for the 10 momentum
portfolios. The loading on the ex post market factor, 8. ,,, shows a U-shaped pattern,
while the loadings on the ex post size and BTM factors exhibit little variation across the
deciles. The statistical significance of the loadings on the three ex post factors is very
strong. The features of the loadings on the ez ante factors, 5*'s, may be of more interest,

however. While 3, ., shows a U-shaped pattern, this and f;,, are both statistically

*

insignificant. On the contrary, the residual loading on the ez ante size factor, f3,..,

increases monotonically with momentum, and it is significant at the 5% level in 8 cases
out of the 10 portfolios. This indicates that the ex ante size factor plays an important

role in describing momentum portfolio returns.

Panel B of Table VIII contains the results from the cross-sectional regressions using
the 35 portfolios. The risk premia for the ex post factors, A's, are comparable to those
reported in Table VI. The size and statistical significance of the premium for the ex ante

BTM factor (\j,,) are also similar to those in Table VI. However, the premium for the

25Thus, decile 1 (10) is the portfolio with the lowest (highest) continuously compounded past returns.
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ex ante size factor, A\, ., is 0.16% and statistically significant at the 1% level, which
contrasts with its counterpart in Table VI. This significant premium, coupled with the
increasing pattern of the loadings described above, suggests that the ex ante size factor
(Dsz’ze,t\t—l) plays a key role in explaining the momentum portfolio returns. To gauge the
incremental impact of this factor, we see that monthly excess returns for the extreme
loser (decile 1) and winner (decile 10) portfolios are —0.57% (= —3.58 x 0.16%) and
0.32% (=1.99 x 0.16%), respectively. This means that such a large portion of explainable

returns is missed by the RAPM and the FF 3-factor model.

Panel B also reports the pricing errors of the BAPM for the 10 momentum portfolios
and the 25 size and book-to-market sorted portfolios. We find that once biases are ad-
justed with the ex ante factors, the BAPM completely describes the momentum portfolio
returns: None of the pricing errors is statistically significant, and economically, none has
a pricing error greater than 0.20% per month. This presents a sharp contrast to the large
pricing errors and their high significance levels in the RAPM and the FF 3-factor model
reported in Panel B of Table VII. For instance, compare -0.16% of decile 1 in Table VIII
with -0.92% (both RAPM and FF 3) in Table VII, and 0.20% of decile 10 in Table VIII
with 0.60% (RAPM) or 0.61% (FF 3) in Table VII. For the 25 size and book-to-market
portfolios, the largest pricing error is 0.27% per month. Moreover, the average absolute
error (AAE) of the 35 portfolios is less than 0.11% in Table VIII, but its counterpart of
the FF 3-factor model in Table VII is 0.17%. Finally, given the magnitude of the p-value,
we cannot reject the null hypothesis that pricing errors in the 35 portfolios are jointly

zero.26

Grundy and Martin (2001) and Jegadeesh and Titman (2002) document that risk
adjustments have little to do with the momentum effect. The RAPM is more or less
in line with their findings. With bias adjustments, however, the BAPM explains the
momentum portfolio returns quite well. This result is very encouraging given that the
FF 3-factor model misses the continuation of returns for portfolios formed on short-term
past returns (Fama and French, 1996). What captures this effect is the residual loading

on the ez ante size factor. To our knowledge, this is the first study that documents this

26However, we do not place much significance upon the non-rejection of the joint test. The joint test
with the 35 portfolios may not have the same power as that with the 25 portfolios because of the different
residual covariance matrices between the two sets of portfolios. A more meaningful criterion would be
the economic significance of the pricing errors and the relative performance between the different models.
See Cochrane (2001, Chapter 11) for similar discussion.
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feature in the asset-pricing literature.?”

To further assess the incremental role of the ex ante factors, we directly examine
to what extent our dynamic factors can explain this anomaly (the momentum effect) in
asset pricing. For this purpose, we obtain the time series of the momentum factor, UM D,
from the website of Kenneth French. Because our goal is to investigate the incremental
explanatory power of the dynamic factors after accounting for the effects of the FF 3
factors, we first estimate the risk-adjusted (against FF 3 factors) momentum factor.
Then we test if the dynamic factors can explain the risk-adjusted momentum factor by

running a time-series regression,

UMD; =a+Y 8D}, +> 69D, +¢,. (24)
J J

where j = mkt, size, btm and UM D* is the residual from the regression of UM D on the

Fama-French (1993) three factors. As we see in specification 1 of Table IX, none of the
0

ex post factors can explain the momentum effect. However, D, has strong explanatory
power as shown in specification 2 in the table. When we include both groups in Eq.(24),
the result is again similar: The ex ante size factor plays an important role in describing

the momentum effect.

Previous studies find that information uncertainty plays an important role in explain-
ing the momentum effect, and firm size is often used as a reasonable proxy for infor-
mation uncertainty. For example, Daniel, Hirshleifer, and Subrahmanyam (1998, 2001)
argue that return predictability should be stronger for firms with greater uncertainty be-
cause investors tend to be more overconfident when firms’ businesses are hard to value.
Recently, Zhang (2006) extends their idea and uses firm size as a proxy for information
uncertainty, providing evidence that greater information uncertainty produces higher re-

turn momentum. In the same context, our finding suggests that the ex ante size factor
0

(DY.,) is a good proxy for information uncertainty. What distinguishes DY, . from the

size

27 Avramov and Chordia (2006) show that the conditional FF 3-factor model provides the best result.
In their study, it is ‘best’ in a sense that the conditional FF 3-factor model captures the impact of
size and BTM on stock returns. However, the model cannot capture the predictive ability of past
returns (momentum variables) even when the momentum factor is included in the first-pass regressions.
Moreover, they use returns of individual stocks instead of portfolios as test assets. Although our dynamic
factor model is within the conditional framework, it is hard to directly compare our model with the
conditional FF 3 factor model tested in Avramov and Chordia (2006), given the differences in the
approach.
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FF 3 factors (especially SMB) is that D°

oize 1 essentially dynamic and more efficient in

0

exploiting available information through the Kalman filter. Therefore, Dg,.. appears to

effectively capture the momentum effect while the FF 3 factors cannot.

B. Further Robustness Checks

In addition to the above robustness checks, we conduct a number of other tests. First,
we again extend the scope of assets by forming 10 reversal portfolios based on the contin-
uously compounded returns for the past 13 to 60 months. We then follow the two-pass
procedure with the new augmented set of the 35 portfolios to test both the RAPM and the
FF 3-factor model over the sample period. Not surprisingly, our ex post dynamic factors
(RAPM) perform better than the FF 3 factors. Furthermore, we conduct a more compre-
hensive test with the 45 portfolios after pooling the 25 size and book-to-market sorted,
10 momentum, and 10 reversal portfolios all together. As before, the RAPM exhibits
significant pricing errors in the 10 momentum portfolios. Once the ex ante factors are
added, however, the BAPM has substantial incremental explanatory power. This model
explains both momentum and reversal portfolios, with the largest (absolute) pricing error
across the 45 portfolios being below 0.30%, and the average absolute error (AAE) below
0.11% per month.

Second, we re-estimate the model specified in Eq.(3) to Eq.(4) to extract another set
of ex ante and ex post dynamic factors over the period from July 1963 to December 1993,
which is the same sample range studied by Fama and French (1996). The parameter
estimation shows that the magnitude of the AR(1) coefficients is larger for this sample
period.?® The BAPM test results with the new set of factors using the 35 portfolios (the
25 size and book-to-market and 10 momentum portfolios) again confirm the additional
explanatory power left out by the RAPM or the FF 3-factor model.? The BAPM ex-
plains momentum in all the deciles, except for decile 1 whose pricing error is —0.45% per

month. Although this level is still economically significant, it is a substantial improve-

28In this case, the maximum-likelihood estimates of the AR(1) coefficients and their t-values for the
three factors are as follows: ¢,,,, = 0.23 (¢t = 4.37), ¢, = —0.18 (t = —2.90) and ¢, = 0.26
(t = 4.26). The statistical significance levels of the coefficients are similar to the results reported in
Table I, but the magnitude of the coefficients is much higher.

29The residual premium for the ez ante size factor (A%, ) is similar (0.15%) to that reported in Table
VIII for our whole sample period, and statistically significant.
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ment upon the corresponding error of —1.15% reported in Fama and French (1996).3
The BAPM also explains excess returns on the 25 size and book-to-market sorted port-
folios, generating the largest pricing error of 0.33% in the smallest growth portfolio. This
is again much lower than that of —0.45% reported in Fama and French (1996).%!

VII. Out-of-Sample Tests

In the previous sections, we have shown that the RAPM generally outperforms the FF
3-factor model, and that the ex ante dynamic factors play key roles in explaining returns.
However, these results are in the context of in-sample tests. Simin (2007) argues that
while conditional asset pricing models outperform unconditional models in the in-sample
tests, they perform poorly in the out-of-sample tests. He also documents that simply us-
ing the historical average return (6% annually, or 0.5% monthly) gives the best result in
the one-step-ahead forecasts for most of his test assets, compared to other sophisticated
models (regardless of conditional or unconditional).*> From the perspective of practition-
ers, being able to obtain more accurate forecasts is particularly important in a variety of
settings. In this section, therefore, we focus on the performance of our dynamic factors in
the out-of-sample context. Specifically, we make pair-wise comparisons of the accuracy

in one-step-ahead forecasts.

In comparing the accuracy of the forecasts, we use the following five competing models:
1) CAPM: the capital asset pricing model; 2) 9.35%: a simple benchmark that uses a fixed
annual rate of 9.35% (monthly 0.78%), which is the time-series average of the CRSP value-
weighted index returns over our 300-month training period (1955:01-1979:12); 3) FF3: the
Fama-French (1993) 3-factor model; 4) RAPM; and 5) BAPM. To see how our results
compare to those of Simin (2007), we include the low cost forecast (historical average
return of 9.35%) and the CAPM in the analysis. We use the 35 portfolios (10 momentum
portfolios and 25 size and book-to-market sorted portfolios) as test assets. For this
purpose, the first 300 months (1955:01-1979:12) of our whole sample period (600 months:
1955:01-2004:12) are used as a training period in order to estimate the first set of model

parameters. The first one-step-ahead forecast is then computed for January 1980 using

30See Table VII in Fama and French (1996).
31See Table I in Fama and French (1996).
32See Table 8a in Simin (2007), for instance.
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the estimated model parameters. The one-step-ahead forecasts for the remaining 299
months (1980:02-2004:12) are also computed based on the model parameters estimated
using the relevant data from the 300-month rolling windows, resulting in the total 300
forecasts (from 1980:01 to 2004:12) for each model.

For pair-wise comparisons between the competing models, the average of differentials
T

in the mean squared forecast errors (MSFEs), d, is computed as d = £ > [u?, — u}],
=1

where u;; is the time ¢ forecast error of model ¢ (i.e., u;s = Rt — E,t“_l, where ﬁi,t\t—l
is the forecast of excess return R;; at time t) and 7" is the total number of the forecasts
(300). In a comparison pair, BAPM vs. FF3, for instance, u;; is the forecast error of
the BAPM and us, is the forecast error of the FF3. Following Simin (2007), we compute
DM-stat based on Diebold and Mariano (1995) to test the null hypothesis of Hy: d = 0.
This test statistic is defined as

DM-stat = ———,
27 fa(0)

T
where f,(0) is a consistent estimator of the spectral density of [uf, — u3,] at frequency 0
and 27 /T is the length of time required for the process to repeat a full cycle. To examine
if the average of d’s are zero, we also conduct the overall ¢-test for each of the eight pairs

using d’s obtained from the 35 portfolios.

The results are contained in Table X. Given the best performance of the simple bench-
mark (6%) in Simin (2007), we first compare the predictive ability of our fixed benchmark
(9.35%) with that of the other four models. As Panels A and B show, the average MSFE
differentials (d’s) of the first two pairs (CAPM vs. 9.35% and FF3 vs. 9.35%) are mostly
positive (in both the 10 momentum portfolios and the 25 size- and BTM-sorted portfo-
lios) and many of them are statistically significant at 10% (12 cases for the first pair and
8 cases for the second). The overall ¢-test results in Panel C exhibit that d’s are positive
on average and statistically significant at 1% for both pairs. This indicates that indeed
the naive low cost forecast (9.35%) does a better job than the CAPM or the FF 3-factor
model, which is consistent with Simin (2007). In the next pair (RAPM vs. 9.35%), the

33Note that, unlike our study, Simin (2008) uses the first 60 months (1926:01-1930:12) as the training
period for estimating the first set of model parameters and repeats the estimation using the subsequent
60-month rolling windows. In his study, the 6% benchmark is the average of the CRSP value-weighted
index returns during the initial 60-month training period (1926:01-1930:12).
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results are mixed. Some of d’s are negative, while others are positive. Though the overall
mean of d’s are negative, it is not significant (Panel C), suggesting that the levels of

forecast errors in the RAPM and the historical average are about the same.

However, the last comparison pair (BAPM vs. 9.35%) shows that d’s in many port-
folios are negative (22 cases out of the 35 portfolios) and statistically significant at 5%
in the extreme portfolios such as the loser and winner deciles as well as the small (MV1)
stock portfolios. The overall ¢-test presents that d’s are negative on average and statis-
tically different from zero at the 1% level in this pair. This clearly demonstrates that
the BAPM generally performs better than the naive benchmark in the one-step-ahead

forecasts.?*

Next, we turn to the comparisons among the four models (CAPM, FF3, RAPM,
and BAPM) in Panels D-F. As we see the average MSFE differentials and the ¢-test
for the first pair (FF3 vs. CAPM), the FF3 outperforms the CAPM, especially in the
winner portfolios (deciles 6-10) and the high book-to-market (BTM3-BTM5) assets. It
is interesting to see that our result is not consistent with Simin (2007). Comparing the
RAPM and the FF3 in the second pair, we find that d’s are negative in 22 cases out of the
total 35 portfolios and significant at 10% in eight portfolios. The overall ¢t-test in Panel
F shows that d’s are negative and statistically significant at 5%, confirming again that
our ez post factors alone (RAPM) tend to perform better than the Fama-French (1993)

3-factor model in the one-step-ahead forecasts as well.

Now we examine if the BAPM performs better than the FF3 or the RAPM. As the
third comparison pair (BAPM vs. FF3) exhibits, the average MSFE differentials are
negative with no exception in the 10 momentum portfolios (in Panel D) and significant
at 10% in three cases. Panel E also shows that the vast majority of d’s are negative except
for some larger portfolios (MV4-MV5) and six cases are statistically significant at 5%.
The overall t-test presents that d’s are negative on average and statistically significant
at the 1% level, demonstrating that the BAPM provides more accurate forecasts than
the FF3. Noteworthy is that the better predictive ability of the BAPM over the FF3
occurs mainly in the extreme portfolios such as the loser/winner deciles (deciles 1-2,
and 10) and the small stock portfolios (MV1-MV2). Theses portfolios or assets are

exactly the ones for which traditional asset-pricing models have difficulties in pricing

34The performance of the BAPM is much better if we use other benchmarks, such as 6% used in Simin
(2007).
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or forecasting. Qualitatively similar results are observed in the last comparison pair
(BAPM wvs. RAPM), which suggests that the BAPM has lower forecast errors than
the RAPM. On balance, the out-of-sample tests reassure that the ex post factors alone
(RAPM) outperform the FF 3 factors in that the RAPM by and large generates a lower
level of forecast errors. Furthermore, if the ex ante factors are jointly used, there is solid
evidence that the BAPM outperforms the naive benchmark (9.35%), the FF3, and the
RAPM in the one-step-ahead forecasts.

To summarize, our analyses in Sections IV-VII uncover that our dynamic factors (the
ex post factors alone and jointly together with the ez ante factors) generally perform
better than the FF 3 factors out-of-sample as well as in-sample. In addition, the ex ante
dynamic factors, especially BTM and size factors (Dbtm,t‘t,l and Dsizew,l), play key roles
in describing and forecasting asset returns. We conjecture that the better explanatory
and predictive power of our factors is related to their lower correlations within each
group but higher serial correlations, which may stem from the dynamic features of the
Kalman filter. As we have seen in Table III, the FF 3 factors are highly correlated
with each other, while the ex ante and ex post factors are weakly correlated with each
other within each of the two groups. However, the 1st-order autocorrelations of the ex
post and ex ante factors are much higher than those of the FF 3 factors. In particular,
the 2nd-order autocorrelation of the ex ante BTM factor is quite high (10%), compared
with that of HML (4%). Moreover, the ex post and ex ante size factors have negative
and substantially high 1st-order autocorrelations (—14%), while SM B has positive and
low autocorrelations (6%). These differences may induce the higher explanatory and
predictive power of the dynamic factors relative to the FF 3 factors. This is an interesting

issue that deserves further investigation in future research.

VIII. Conclusion

The FF 3-factor model has been subject to controversy because its empirical performance
in describing stock returns is not unambiguously successful. Researchers also recognize
that the forecast ability of some macroeconomic variables may be spurious, while predic-
tive variables are not empirically observable but instead their predictable elements may
be reflected on some latent variables. In consideration of this situation, we develop a

dynamic factor model that incorporates features of price dynamics across assets as well
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as through time. These aspects of our factors extracted via the Kalman filter make the

model distinctive from the FF 3-factor model or other statistical factor models.

With the extracted dynamic factors, we formulate the two testable asset-pricing mod-
els. The first is the risk-adjusted pricing model (RAPM) which uses the three ex post
factors only. The second is the bias-adjusted pricing model (BAPM) that employs both
the ex ante factors and the ex post factors at the same time. We then conduct in-sample
asset-pricing tests for the two models through the two-pass regression procedure using
the 25 size and book-to-market sorted portfolios or the more extensive sets of assets. In
addition, we perform out-of-sample tests, thereby presenting pair-wise comparisons of the

accuracy in one-step-ahead forecasts using the 35 extended portfolios as test assets.

We provide evidence that the ex post dynamic factors alone do a better job than the
FF 3 factors in describing the return variation over time and across assets, as well as in
forecasting one-step-ahead asset returns. Our analyses also demonstrate that the ex ante
factors, especially book-to-market and size factors, are a key component in asset pricing
and prediction. The high explanatory and predictive power of the residual loadings on
the ex ante book-to-market and size factors leads to the dominance of the BAPM over the
other competing models. Together with the ez ante factors, the BAPM further improves
upon the performance achieved by the naive benchmark, the FF 3-factor model, or the
RAPM, especially in forecasting the extreme portfolio returns. In particular, owing to
the role of the ex ante size factor, the BAPM can even explain and better forecast
the momentum portfolio returns, which are mostly missed by other competing models

including the FF 3-factor model.

Our results suggest that there is an interesting economic story behind the latent
state variables. They are common factors related to the market, firm size, and book-to-
market equity that capture stock returns. The results carry implications for performance
measurement, risk analysis, and other applications, although many aspects still remain
to be explored. We hope future research will continue to address the issues not resolved

in this study.
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Table |
Maximum Likelihood Estimates of the Parameters for the Dynamic Factor Model

Panel A reports the means and variances of excess returns (over the one month T-bill rate, in %) on the six size and
book-to-market sorted portfolios over the past 600 months (50 years: 1955:01-2004:12). Panel B reports the maximum-
likelihood estimates (Est) of the parameters (Para) and their standard errors (SE) of the dynamic factor model obtained
using the Kalman filter. The six size and book-to-market sorted portfolios are notated as SL, SM, SH, BL, BM, and
BH, where S and B denote 'small' and 'big' in firm size, respectively, and L, M, and H denote 'low,' 'medium,' and 'high’
in the book-to-market ratio, respectively. R, = [Rs;, Rsu; Rsu: Rsr: Rpy: Rpu,)' is a (6x1) vector of demeaned
excess returns on the six portfolios at month # and D; = [Dyg;  Dsizer  Dpms)’ 18 a (3x1) vector of zero-mean
unobserved state vector at month ¢. The dynamic factor model is specified as 1) an observation equation:
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Dxiz@.l 0 ¢sizr’ O sz:e,t—l + vsizr’.l

_Dbtm,l 0 0 ¢btm Dbtm,tfl | _vbfm,r

_ g 2 2 2 2 2 2 _ Vg 2 2 2 . —
where A = E[ww,']=diag[og,,04,,04,0 5,045,051+ Q=E[vy,']=diag[o,,,0..,,0,,] With O nia

e = Opm = 1, and §y V' follows multivariate normal distributions, with w, and v, uncorrelated at all leads and
27t )=l

lags. Other notations are defined as follows: Para: the parameters in the above specifications; Est: the estimated value
for each of the parameters; and SE: standard error. Using the firm characteristic notations employed above for the six
portfolios, we can denote S’s in the first column of the parameter matrix in the observation equation as follows:

ﬂ1,1 =By ﬁz,l =B > ﬁ3,1 =By /34’1 =B ﬂs’l = Ba > and Ber =B - In the same context, the restrictions
that # ’s should be the same within each of the small- and big-stock groups can be expressed as:

Bia=P,=B,=p,and B, =B, =p, =, The restrictions that 3’s should be the same within each of the
low, medium, and high book-to-market groups can be expressed as: Bis=Pis=P8r> Pos=Pss=Py > and

ﬁ},s = ﬁé,} = ﬁH'

Panel A: Descriptive Statistics about the Six Portfolios Formed on Size and BTM

SL SM SH BL BM BH

Mean 0.52 0.88 1.06 0.49 0.60 0.74

Var 45.02 26.22 26.95 21.55 16.93 19.41

PanelB: Parameter Estimates and Standard Errors of the Dynamic Factor Model

Para Est SE Para Est SE Para Est SE
2

By, 6.26  0.22 Bs 132 0.8 Ost 151  0.25
2

ﬂSM 4.79 0.16 ﬂB 2.86 0.18 Osu 0.38 0.06
2

B 4.72 0.17 Osu 0.60 0.11
2

B 314 023 By .09 027 Ty 191 024
2

Bon 259 0.0 By 047 024 T 142 014
2

ﬁB[[ 2.81 0.20 ﬂ!l 1.21 0.24 O gy 1.62 0.17

¢mkt 0.18 0.04 ¢size -0.14 0.05 ¢btm 0.21 0.05
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Table 11
Specification Tests of the Dynamic Factor Model
This table reports the specification test results for the dynamic factor model: p-values from the joint F-test. The null
hypothesis of the test is that the six coefficients (y's) of R; ., (s = 1,..., 6), or the six coefficients (9 's)ofe;.s (s=1,...,
6) for each portfolio i are jointly zero in the regression equation,

6 6
e,=a+ z Vii-s Bi,r—s +Z gi,rfsei,t—s +Gi”
s=1 s=1

where ¢;; = R;, — R;..; denotes forecast errors obtained from the Kalman filter, and R;, denotes lagged returns on
portfolio i (== SL, SM, SH, BL, BM, BH: here S stands for small, B for big, L for low, M for medium, and H for high).

In the table below, y, . stands for six coefficients fromy, . to y,, ., and HSL 16

sample period ranges over the past 600 months (50 years: 1955:01-2004:12) of the U.S. stock market.

is also similarly defined. The

Ysas  Vswas  Vswas  Veias  Vewas Vs Osne  Oswns  Osune  Osne  Oswne  Owiae
esL 069 073 041 063 043 0.70 072 080 047 076 057 0.80
esuy 0.65 065 045 021 012 037 067 072 053 032 020 049
esy 072 066 052 006 004 0.6 075 076 064 012 008 0.25
esLs 051 031 017 035 007 050 056 040 024 047 011 0.3
esu 046 016 008 009 001 0.9 053 026 014 017 001 0.9
eBi 054 025 018 013 003  0.29 059 035 026 020 005 0.38
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Table 111
Descriptive Statistics and Correlations of the Estimated Dynamic Factors and Other Related Variables
This table reports the descriptive statistics and correlations of the estimates of the three dynamic factors and other related variables over the past 600 months (50 years: 1955:01-
2004:12). The variables are defined as follows: Mean: the mean of the variable in %; STD: the standard deviation of the variable; D, = (D L D'z D) a vector of the ex
post (updated at month #) dynamic factors; Dy, = (De D’e DY) a vector of ex ante (forecast at month ¢-1) dynamic factors; (MKT SMB HML)’: a vector of the FF 3
factors; EWM: the excess return on the equal-weighted market index; and p;: an autocorrelation coefficient of order k.

Mean STD Cross Correlations Autocorrelations

Dlmkt Dlsize letm Domkt Dosize Dobtm MKT SMB HML EWM ,01 p2 p6
Dt 0.00 1.01 1 018 000 0.04
Dsize 0.00 0.95 0.03 1 -0.14 0.02 -0.03
Dbim 0.00 0.93 0.02 -0.01 1 0.21 0.10 0.08
[DRNON 0.00 0.18 0.18 -0.07 0.08 1 0.18 0.00 0.04
DC%ize 0.00 0.13 -0.12 0.14 -0.08 -0.03 1 -0.14 0.02 -0.03
DC%m 0.00 0.20 -0.01 -0.04 0.21 0.02 0.01 1 0.21 0.10 0.08
MKT 0.52 4.33 0.77 0.64 -0.12 0.09 0.00 -0.04 1 0.07 -0.04 -0.03
SMB 0.21 3.05 0.82 -0.55 0.02 0.18 -0.16 0.02 0.27 1 0.06 0.04 0.06
HML 0.40 2.79 -0.33 -0.02 0.92 0.00 -0.03 0.14 -0.39 -0.27 1 0.13 0.04 0.06
EWM 0.80 5.48 0.95 0.23 0.05 0.24 -0.08 -0.03 0.85 0.66 -0.29 1 0.21 -0.01 0.00

40



Table IV
Time-Series Regression Results with the Ex Post Dynamic Factors to Test the Risk-Adjusted Pricing
Model (RAPM)
This table (in Panel A) reports the first-step results (time-series regressions) in the two-pass procedure for the risk-
adjusted pricing model (RAPM),

3
_ 1
Ri,t - ai + z ;ﬂi,ij,r\t +ui,t’
J=1

where R;; is the excess return on portfolio i (i = 1,..., 25) formed on size and book-to-market equity, and D;, is ex post
(updated at month 7) dynamic factor j (j = mkt, size, btm) extracted from the Kalman filter. Other statistics are defined as

follows: ﬂl_lj: the factor loading on ex post factor j for portfolio i; ¢( ﬂ/‘_): the t-value for the factor loading ﬂil/'; R

adjusted R-squared; s(u): the standard error of residuals in the regression; Avg R’: the average of R*’s across the 25
portfolios; and Avg s(u): the average of standard errors across the 25 portfolios. The values in Panel B [Avg R’, Avg s(u)]
are the average R’ and standard error from the time-series regressions with the Fama-French (1993) three factor model
(FF3). The sample range is over the past 600 months (50 years: 1955:01-2004:12) in the US stock market.

Panel A: Time-Series Regression Results for RAPM

Book-to-Market Book-to-Market
Size 1 low 2 3 4 5 high 1 low 2 3 4 5 high
B 1(Bo)
1 small 7.22 6.40 5.47 5.06 5.22 63.64 80.28 92.53 96.22 92.34
2 6.55 5.40 4.70 4.44 4.90 109.86 10198 102.73 98.22 90.93
3 5.82 451 3.93 3.69 4.10 100.50 76.87 72.73 71.04 62.37
4 4.80 3.81 3.44 3.32 3.67 81.36 63.66 59.80 56.38 46.61
5 big 2.88 2.66 2.28 2.14 2.50 51.29 51.50 36.69 39.50 29.09
B (B
1 small 0.52 0.37 0.55 0.63 0.71 4.36 4.35 8.78 11.40 11.92
2 1.40 1.36 1.35 1.45 1.47 22.17 24.20 27.93 30.23 25.78
3 1.73 2.00 2.08 211 2.10 28.11 32.26 36.33 38.37 30.12
4 231 2.72 2.72 2.54 2.78 36.92 42.88 44.66 40.72 33.31
5 big 3.19 3.37 3.20 3.26 3.25 53.67 61.59 48.76 57.03 35.66
IB[:tm t(ﬂ[:zm )
1 small -1.52 -0.46 0.32 0.77 1.38 -12.37 -5.27 5.03 13.56 22.55
2 -1.86 -0.18 0.55 1.09 1.56 -28.79 -3.17 11.10 22.29 26.66
3 -1.97 -0.02 0.79 1.26 1.72 -31.34 -0.38 13.45 22.39 24.16
4 -1.88 0.05 0.74 1.12 1.60 -29.38 0.80 11.93 17.45 18.77
5 big -1.56 -0.18 0.29 1.13 1.47 -25.65 -3.12 4.30 19.25 15.73
R? s(u)
1 small 0.88 0.92 0.94 0.94 0.94 2.80 1.96 1.46 1.30 1.39
2 0.96 0.95 0.95 0.95 0.94 1.47 131 1.13 111 1.33
3 0.95 0.92 0.92 0.92 0.90 1.43 1.45 1.33 1.28 1.62
4 0.94 0.91 0.91 0.90 0.86 145 1.47 1.42 1.45 1.94
5 big 0.91 0.92 0.87 0.90 0.80 1.38 1.27 1.53 1.33 2.12
Avg R% 0.92 Avg s(u): 1.51

Panel B: Summary of Time-Series Regression Results for FF3
Avg R* 0.90 Avg s(u): 1.61
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Table V
Cross-Sectional Regression Results to Test the Risk-Adjusted Pricing Model (RAPM)
This table reports the second-step results in the two-pass procedure from cross-sectional regressions to test risk-adjusted
pricing model (RAPM). For this, the sample mean of monthly excess returns is regressed on the estimated factor loadings
as in the equation,

3
o 1 pl
R :le,ljﬁ,.’j +e,,
=
where E is the sample mean of monthly excess returns on portfolio i (i = 1,...,25), ,81-1,- is the estimated loading on factor j

(j = mkt, size, btm), ,1‘/, denotes the coefficient to be estimated as a factor premium, and e; is the residual term that

measures the pricing error for portfolio i. From the regression, the estimated factor risk premiums and pricing errors (e)
are reported in Panel A, together with their test statistics. The #-statistics and covariance matrix of pricing errors, 2 =
Cov(e), are computed with Shanken's (1992) correction. A4E stands for the average absolute error, and SSE = e’e is the

sum of squared errors. €'Y e is the quadratic test statistic, which is distributed as #°(22) under the null hypothesis that
pricing errors are zero. For comparison purposes, similar results from the FF 3-factor (MKT, SMB, HML) model are also
reported in Panel B.

Panel A: for RAPM

Ao A A (Ao (A (Ayr)
Premium 0.13% 0.06% 0.20% 3.18 1.46 5.27
Book-to-Market Book-to-Market
Size 1 low 2 3 4 5 high 1 low 2 3 4 5 high
e (in %) t(e)
1 small -0.34 0.05 0.03 0.22 0.16 -3.88 0.68 0.62 4.56 3.02
2 -0.15 -0.04 0.07 0.06 0.06 -2.58 -0.71 1.44 1.16 0.89
3 0.03 0.04 -0.06 0.03 -0.03 0.58 0.72 -1.13 0.55 -0.46
4 0.18 -0.10 0.03 0.04 -0.13 3.56 -1.84 0.54 0.62 -1.74
5 big 0.22 0.02 0.06 -0.12 -0.20 3.32 0.39 0.87 -1.97 -2.09
AAE: 0.099 SSE: 0.408
ey e:70.08 p-value: 0.000
Panel B: for FF 3-factor Model
ﬂ“MKT }’SMB /IHML J (}“MKT ) ! ( /ISMB ) ! (/IHML )
Premium 0.48% 0.21% 0.44% 2.68 1.61 3.76
Book-to-Market Book-to-Market
Size 1 low 2 3 4 5 high 1 low 2 3 4 5 high
e (in %) t(e)
1 small -0.37 0.04 0.04 0.23 0.17 -4.17 0.57 0.80 4.78 3.26
2 -0.17 -0.03 0.09 0.08 0.06 -2.80 -0.57 1.74 1.50 1.08
3 0.02 0.06 -0.05 0.04 -0.02 0.33 0.92 -0.84 0.76 -0.37
4 0.16 -0.09 0.04 0.03 -0.14 3.28 -1.67 0.73 0.60 -1.89
5 big 0.22 0.02 0.06 -0.14 -0.24 3.27 0.44 0.89 -2.21 -2.53
AAE: 0.105 SSE: 0.463
ey e:7452 p-value: 0.000
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Table VI
Two-Pass Regression Results to Test the Bias-Adjusted Pricing Model (BAPM)
This table reports the two-pass regression results to test the bias-adjusted pricing model (BAPM). Panel A contains the
first step results that include the estimates of the residual factor loadings (8™'s), their r-values [#(8*)'s] for each of the 25
portfolios, and the averaged values of adjusted R? (4vg R?) and standard errors [Avg s(u)] after running the time-series
regression,

3 3
1 *
Ri,x =a; + Zﬁi,ij,t\t + Zﬂi,ij,t\t—l +u,,
= =1

where R;, is the excess return on portfolio i (i = /,..., 25) formed on size and book-to-market equity, D;, and D; ., are
ex post and ex ante dynamic factors j (j = mkt, size, btm) extracted from the Kalman filter. Panel B contains the results
from the second step which involves cross-sectionally regressing the sample mean of monthly excess returns on the
estimated factor loadings as in the equation,

3 3
o 1 a1 0 %
Ry =2 AiBi, + 2 A58, e,
j=1 j=1
where E is the sample mean of monthly excess returns on portfolio i (i = 1,...,25), Bil/' is the estimated loading on ex

post factor j (j = mkt, size, btm), '[3:/ is the estimated loading on ex ante factor j, }jj and }8, denotes the coefficient to be

estimated as factor premiums, and ¢; is the residual term that measures the pricing error of the BAPM in portfolio i.
From the regression, we report the estimated residual factor premiums, pricing errors (e), together with their test
statistics [#(e)]. The f-statistics and covariance matrix of pricing errors, 2 = Cov(e), are computed with Shanken's
(1992) correction. AAE stands for the average absolute error, and SSE = e’e is the sum of squared errors. €'Y e is the
quadratic test statistic, which is distributed as °(19) under the null hypothesis that pricing errors are jointly zero.

Panel A: Time-Series Regression Results for BAPM

Book-to-Market Book-to-Market
Size 1 low 2 3 4 5high 1 low 2 3 4 5high
ﬂ*mkt t(ﬂ*mkt)
1 small 2.14 1.02 0.91 1.29 2.24 3.42 2.32 2.79 4.51 7.41
2 -0.34 -0.10 -0.65 -0.67 -0.91 -1.02 -0.34 -2.56 -2.67 -3.04
3 -2.09 -0.56 -0.05 -0.80 -0.23 -6.77 -1.70 -0.17 -2.79 -0.62
4 -0.91 0.31 -0.23 -1.25 -0.56 -2.78 0.93 -0.70 -3.84 -1.28
5 big 0.79 0.55 -0.39 -0.50 0.51 2.56 1.94 -1.12 -1.68 1.07
ﬂ *size 4 (ﬂ*xize)
1 small 0.92 1.69 1.20 0.83 0.47 1.06 2.76 2.65 2.09 1.12
2 0.26 0.43 -0.74 -0.12 -0.58 0.57 1.04 -2.10 -0.33 -1.39
3 -1.17 -0.87 -0.08 -0.84 0.48 -2.73 -1.92 -0.19 -2.10 0.94
4 0.15 0.02 0.17 0.04 0.46 0.33 0.04 0.38 0.10 0.75
5 big -0.73 -0.86 -0.36 0.37 -1.40 -1.70 -2.16 -0.75 0.88 -2.13
ﬂ*btm t(ﬂ*btm)
1 small -1.45 -0.09 -0.10 -0.69 -0.14 -2.64 -0.20 -0.32 -2.55 -0.49
2 0.18 0.55 -0.05 0.25 0.29 0.57 1.96 -0.20 1.04 1.04
3 1.01 0.10 0.01 0.01 -0.40 3.49 0.32 0.05 0.03 -1.14
4 0.45 0.30 -0.10 -0.54 -0.35 1.44 0.97 -0.32 -1.77 -0.86
5 big 0.79 0.68 0.39 -0.54 -1.52 2.70 2.51 1.19 -1.90 -3.39
Avg R? : 0.92 Avg s(u): 1.50
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(Table VI continued:

Panel B)

Panel B: Cross-Sectional Regression Results for BAPM

ﬂvlmk! ﬂ’]size ﬂvlbtm ﬂvomkt ﬂ()size ﬂvobtm
Premiums 0.14% 0.05% 0.24% 0.04% 0.00% 0.17%
t 3.27 1.24 5.77 1.30 0.35 3.27
Book-to-Market Book-to-Market
Size 1 low 2 3 4 5 high 1 low 2 3 4 5 high
e (in %) t(e)
1 small -0.14 0.04 0.00 0.26 0.06 -2.12 0.46 0.05 432 1.11
2 -0.12  -0.13 0.07 0.00 -0.04 -1.63  -1.77 1.16  -0.07 -0.51
3 -0.02 0.04 -0.09 0.00 -0.01 -0.30 0.54 -1.27 0.06 -0.17
4 020 -0.15 004 0.13 -0.10 330 -2.15 0.55 1.94 -1.08
5 big 0.14  -0.08 0.02  -0.04 -0.01 191  -1.35 020 -0.55 -0.12
AAE: 0.076 SSE: 0.255
e’>%: 39.68 p-value: 0.004
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Two-Pass Regression Results to Test the RAPM and the FF 3-factor Model with an Augmented Set of Portfolios Using the 10 More Portfolios Formed on Past Returns
This table reports the two-pass regression results to test the RAPM and the FF 3-factor model using the 25 size and book-to-market sorted portfolios augmented by 10 momentum
portfolios (total 35 portfolios). The 10 momentum portfolios are formed by splitting NYSE common stocks into deciles after sorting in ascending order by the continuously
compounded return over the past 11 months (from month #-/ to #-17), and then the equal-weighted excess return (in excess of the one-month T-bill rate) is computed for each
decile over the sample period (1955:01-2004:12). Decile 1 (10) is a portfolio with the lowest (highest) continuously compounded past returns. Panel A contains the means (Mean)
and standard deviations (STD) of the excess returns for each decile. The two-pass regressions are performed with the 35 portfolios in the same way as described in Table VI. The
adjusted R?’s (R? ) and residual standard errors [s(u)] from the time-series regressions for the 10 momentum portfolios are reported in the upper parts of Panels B and C. The
pricing errors (e) and associated statistics [#(e)] from the cross-sectional regressions across the 35 portfolios are reported (for the 10 momentum portfolios only) in the middle parts
of Panels B and C. In the lower parts in Panels B-C, we report other statistics from the cross-sectional regressions with the 35 portfolios. The #-statistics [#(e)] and covariance
matrix of pricing errors, 2 = Cov(e), are computed with Shanken's (1992) correction. AAE stands for the average absolute error, and SSE = e’e is the sum of squared errors.

Table VII

€'Y 'eis the quadratic test statistic, which is distributed as 7°(29) under the null hypothesis that pricing errors are jointly zero.

Decile
1 loser 2 3 4 5 6 7 8 9 10 winner Avg(abs)
Panel A: Descriptive Statistics for the 10 Momentum Portfolios
Mean 0.11 0.53 0.55 0.64 0.74 0.77 0.89 0.97 1.08 1.38 0.77
STD 7.64 5.65 5.15 4.84 4.68 4.57 4.60 4.80 5.07 6.03 5.30
Panel B: Two-Pass Regression Results for RAPM
Time-Series Regressions:
R’ 0.72 0.83 0.87 0.91 0.93 0.93 0.93 0.92 0.90 0.83 0.88
s(e) 4.05 2.32 1.85 1.48 1.26 1.19 1.22 1.33 1.64 2.49 1.88
Cross-Sectional Regressions:
e(in %) -0.92 -0.34 -0.28 -0.15 -0.03 0.01 0.15 0.22 0.33 0.60 0.30
t(e) -6.22 -4.05 -4.42 -2.92 -0.75 0.21 3.25 4.24 4.86 5.87
AAE: 0.17 SSE: 2.10
e'Y'e:107.96 p-value: 0.00
Panel C: Two-Pass Regression Results for FF 3-Factor Model

Time-Series Regressions:
R? 0.71 0.81 0.84 0.87 0.90 0.90 0.90 0.90 0.88 0.82 0.85
s(e) 4.12 2.46 2.06 1.72 1.49 1.44 1.42 151 1.78 2.55 2.05
Cross-Sectional Regressions:
e(in %) -0.92 -0.33 -0.27 -0.13 -0.02 0.02 0.16 0.23 0.33 0.61 0.30
t(e) -6.23 -3.96 -4.22 -2.65 -0.50 0.44 3.43 4.40 4.96 5.92
AAE: 0.17 SSE: 2.15
ey 'e:112.13 p-value: 0.00
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This table reports the two-pass regression results to test the BAPM using the 25 size and book-to-market sorted portfolios augmented by 10 momentum portfolios (total 35
portfolios). The 10 momentum portfolios are formed by splitting NYSE common stocks into deciles after sorting in ascending order by the continuously compounded return over
the past 11 months (from month #-7 to ¢-117), and then the equal-weighted excess return (in excess of the one-month T-bill rate) is computed for each decile over the sample period
(1955:01-2004:12). Decile 1 (10) is a portfolio with the lowest (highest) continuously compounded past returns. The two-pass regressions are performed in the same way as
described in Table VI with the 35 portfolios. Panel A contains the time-series regression results for the 10 momentum portfolios (factor loadings and associated #-statistics). Panel
B contains the cross-sectional regression results across the 35 portfolios (factor premiums and associated z-statistics for the ex post and ex ante dynamic factors, and pricing errors

(e) and associated statistics #(e)). A4E stands for average absolute error of the 35 portfolios, and SSE = e'e stands for the sum of squared errors of the 35 portfolios, 'S e s the
quadratic test statistic, which is distributed as #’(29) under the null hypothesis of jointly zero pricing errors. The f-statistics for the factor premiums, the z-statistics for the pricing

Table VIII
Two-Pass Regression Results to Test the BAPM with an Augmented Set of Portfolios Using the 10 More Portfolios Formed on Past Returns

errors, and the covariance-matrix of pricing errors () are computed with Shanken’s (1992) correction.

Panel A: Time-Series Regression Results for BAPM

Decile
1 loser 2 3 4 5 6 7 8 9 10 winner
B 5.94 4.50 4.05 3.90 3.78 3.68 3.71 3.93 4.16 5.03
t 35.57 46.71 52.99 63.90 72.44 74.07 73.04 71.11 61.09 48.74
B 1.93 2.11 2.25 2.17 2.21 2.22 2.25 2.27 2.26 2.07
t 11.02 20.92 28.06 33.94 40.36 42.74 42.35 39.16 31.72 19.18
Bom 1.01 0.95 1.04 0.91 0.89 0.87 0.72 0.61 0.50 0.08
t 5.58 9.04 12.55 13.73 15.63 16.22 13.05 10.18 6.76 0.74
B 1.19 0.76 0.33 0.14 0.15 -0.16 -0.04 0.05 0.06 0.27
t 1.31 1.45 0.80 0.42 0.52 -0.60 -0.15 0.17 0.17 0.48
B -3.58 -1.64 -1.83 -1.74 -0.93 -0.74 -0.06 0.58 1.24 1.99
t -2.83 -2.26 -3.17 -3.77 -2.37 -1.97 -0.17 1.39 2.42 2.55
Boun -1.16 -0.11 -0.27 0.28 0.14 0.12 0.04 0.04 0.04 0.24
t -1.35 -0.22 -0.68 0.90 0.51 0.46 0.14 0.15 0.13 0.46
Panel B: Cross-Sectional Regression Results for BAPM
A A A Ao A A
Premium 0.12% 0.09% 0.23% -0.01% 0.16% 0.21%
t 2.78 2.20 4.98 -1.15 3.18 2.86
e (in %) -0.16 -0.12 -0.02 0.00 0.01 0.02 0.08 0.05 0.05 0.20
t(e) -1.28 -1.18 -0.19 -0.02 0.16 0.25 0.96 0.62 0.56 1.43
e (in %) for the 25 Portfolios t(e) for the 25 Portfolios
1 low 2 3 4 5 high 1 low 2 3 4 5 high
1 small -0.05 -0.12 -0.08 0.27 0.15 -0.50 -0.91 -0.86 3.02 1.72
2 -0.14 -0.19 0.20 0.00 0.05 -1.40 -1.81 2.10 0.05 0.48
3 0.06 0.15 -0.09 0.10 -0.09 0.80 1.46 -0.91 1.09 -0.76
4 0.09 -0.21 -0.05 0.05 -0.22 0.96 -2.04 -0.49 0.52 -1.61
5 big 0.16 -0.04 -0.05 -0.19 0.24 1.44 -0.46 -0.38 -1.63 1.64
AAE: 0.108 SSE: 0.599
ey e:36.02 p-value: 0.173
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Table IX
Regression Results for FF3-adj Momentum Portfolio Returns (UMD?*) Using the Dynamic Factors
This table reports the time-series regression results using the risk-adjusted momentum portfolio return over the past 600
months (50 years: 1955:01-2004:12) from the equation,

UMD, =a+ Zd}D}J + Zé‘ED}?J +¢,, j = mbkt,size, btm,
=1 j=1

where the dependent variable, UMD, is the residual from the regression of the momentum portfolio return (UMD) on
the Fama-French’s (1993) three factors; UMD is the winner portfolio (decile 10) return less the loser portfolio (decile
1) return (after the CSRP stocks are sorted into deciles based on the past returns (from month #-2 to month #-72)), which
is obtained from the Kenneth French’s website; D ;=@ L D'e D'ym) is a vector of the ex post (updated at
month f) dynamic factors; Doj =D’ e D’ie D) is a vector of ex ante (forecast at month 1) dynamic factors. The
values in the first row for each explanatory variable are the coefficients of the variable and those in the second row are
their #-statistics. adj-R? is the adjusted R-squared in the regressions, and N is the number of observations in the
regressions. Coefficients significantly different from zero at the significance levels of 1% and 5% are indicated by **
and *, respectively.

Explanatory Dep Var = UMD*

Var 1 2 3
Intercept 1.032 1.032 1.032
6.69 6.75 6.74
Drlnkt -0.035 0.018
-0.23 0.12
D, -0.061 0.138
-0.37 -0.84
Dbltm 0.032 0.083
0.19 0.49
Dy, 0.434 0.338
0.52 0.40

Dy, 3834 = 4033 *
3.32 3.42
Dl?lm -0.177 -0.284
-0.23 -0.35
adj-R2 -0.003 0.015 0.012
N 600 600 600
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Table X
Out-of-Sample Tests: Comparison of Accuracy in One-Step-Ahead Forecasts
This table presents the pair-wise comparison of the accuracy in one-step-ahead forecasts from the competing
models using the 35 portfolios (10 momentum portfolios and 25 size and book-to-market sorted portfolios). As in
Fama and French (1996), the 10 momentum portfolios in Panels A and D are formed by splitting NYSE common
stocks into deciles after sorting in ascending order by the continuously compounded return over the past 11
months (from month #-/ to #-11). Thus, decile I in Panels A and D is the ‘loser’ portfolio, while decile 10 is the
‘winner’ portfolio. Similarly, the 25 portfolios in Panels B and E are formed by first splitting the component
stocks into 5 portfolios based on firm size (market capitalization, MV), and then by splitting each of the 5
portfolios again into 5 portfolios based on book-to-market equity (BTM) in ascending order. Thus, MVIBMS5 in
Panels B and E denotes the portfolio that includes stocks of size (MV) group 1 (smallest) and book-to-market
(BTM) group 5 (highest). The five competing models are as follows: 1) CAPM: the capital asset pricing model; 2)
9.35%: a simple benchmark that uses a fixed annual rate of 9.35% (monthly 0.78%), which is the time-series
average of the CRSP value-weighted index returns over the 300-month training period (1955:01-1979:12); 3) FF3:
the Fama-French (1993) 3-factor model; 4) RAPM: the model defined in Section III; and 5) BAPM: the model
defined in Section III. The first 300 months (1955:01-1979:12) of our whole sample period (600 months: 1955:01-
2004:12) are used as a training period in order to estimate the first set of model parameters. The first one-step-
ahead forecast is then computed for January 1980 using the estimated model parameters. The one-step-ahead
forecasts for the remaining 299 months (1980:02-2004:12) are also computed based on the model parameters
estimated using the relevant data from the 300-month rolling windows, resulting in the total 300 forecasts (from
1980:01 to 2004:12) for each model. For pair-wise comparison between the competing models, the average of

_ T
differentials in the mean squared forecast errors (MSFEs), d , is computed as g = i Z[u 12t - u22 nE where U, ,
-1

A

is the time ¢ forecast error of model 7 (i.e., u, =R, —R where R

et is the forecast of excess return R, at

ift-17
time ¢) and 7 is the total number of the forecasts (300). In the comparison pair of BAPM vs. FF3 in the table
below, for instance, U, , is the forecast error of BAPM and U, , is the forecast error of FF3. DM-stat is the test

statistic computed based on Diebold and Mariano (1995) to test the null hypothesis of Hy: d = 0. The test statistic

is defined as DM-stat = d , where f ,(0) is a consistent estimator of the spectral density of
27 f,(0)
T

[u 12 ; uzz z] at frequency 0 and 277/T is the length of time required for the process to repeat a full cycle. Panels

C and F contain the overall #-test results for each of the 8 pairs using d s obtained from the 35 portfolios.

Average MSFE differentials (c? ) in Panels A-B and D-E or overall averages of d ’s in Panels C and F that are
statistically different from zero at the significance levels of 1%, 5%, and 10% are indicated by ***, ** and *,
respectively.
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(Table X continued: Panels A-C)

CAPM vs. 9.35% FF3 vs. 9.35% RAPM vs. 9.35% BAPM vs. 9.35%

DM- DM- DM- DM-
Portfolio stat stat stat stat

Panel A: 10 Portfolios Formed on Past Return (Momentum)

1 Loser -0.361  * -2.12 0529  w 2.66 -0.799 -1.52 2391 -3.32
2 0.019 0.10 0.078 1.00 0.068 043 -0.477 -1.48
3 0.036 0.22 0.051 0.79 0.060 043 -0.208 -0.65
4 0.155 0.97 0.042 0.79 0.086 0.87 -0.194 -0.88
5 0.209 1.58 0.086 1.36 0.084 * 1.68 0.000 0.00
6 0.215 1.62 0.080 1.26 0.075 * 1.81 0.053 0.23
7 0278 * 2.06 0.089 * 1.68 -0.002 -0.04 -0.056 -0.23
8 0.337  x* 2.74 0.134  * 2.08 -0.064 -0.82 -0.147 -0.44
9 0.356  ** 2.52 0126 * 1.78 -0.177 -1.37 -0.302 -0.66
10 Winner 0316 ** 1.96 0.142 1.26 -0.442 -1.47 -1.123  # -2.00
Panel B: 25 Portfolios Formed on Size (MV) and Book-to-Market Equity (BTM)
MV1BTM1 -0.250 -1.13 -0.069 -0.63 -0.363 -0.95 -4.608 -4.17
MV1BTM2 0.035 0.22 0.084 1.46 0.086 1.35 2462 -4.01
MV1BTM3 0.194 1.19 0.049 0.84 0.024 0.31 -1.627 -3.31
MV1BTM4 0350 * 2.30 0.010 0.22 -0.140 -1.20 -1.959 -4.53
MV1BTM5 0381 ¢ 1.95 -0.136 -1.08 -0.239 -1.22 2494 -3.85
MV2BTM1 -0.035 -0.20 0.032 0.18 0.017 0.06 -1.288 -1.62
MV2BTM2 0.122 0.78 0113 = 1.98 0.095 1.46 -0.474 -1.13
MV2BTM3 0331 = 2.29 0.087 * 1.88 0.007 0.13 -0.337 -1.32
MV2BTM4 0421 * 2.88 0.025 0.54 -0.090 -0.97 -0.343 -1.26
MV2BTM5 0.358  * 2.47 -0.115 -0.92 -0.145 -1.00 0726 * -2.09
MV3BTM1 0.088 051 0.121 0.58 0.102 0.42 -0.181 -0.37
MV3BTM2 0.216 1.44 0156 * 1.69 0133 * 2.01 0.145 0.57
MV3BTM3 0.214 1.38 0.099 * 1.76 0101 ¥ 1.87 -0.020 -0.09
MV3BTM4 0302 ¢ 1.84 0.067 1.28 0.023 0.63 0.026 0.11
MV3BTM5 0442 * 3.10 -0.164  * -1.92 0175 = -2.05 -0.244 -0.72
MV4BTM1 0.074 0.42 0.184 0.71 0.162 0.72 0.087 0.22
MV4BTM2 0.068 0.47 0.054 0.47 0.143 0.80 0.381 1.04
MV4BTM3 0.194 117 0.068 0.74 0.063 1.45 -0.006 -0.03
MV4BTM4 0.220 141 0.017 0.43 0.016 0.62 0.180 1.01
MV4BTM5 0324 * 2.19 -0.041 -0.55 0.002 0.04 0.126 0.45
MV5BTM1 0.114 0.62 0.317 0.88 0.209 0.87 0.151 0.40
MV5BTM2 0.165 0.99 0.185 1.06 0.151 0.96 0.423 1.38
MV5BTM3 0.093 0.46 0.041 0.28 0.088 0.62 0.404 1.43
MV5BTM4 0.142 0.79 0.049 0.64 0.054 051 0.278 0.91
MV5BTM5 0.255 1.44 0.056 0.80 0132 * 1.70 0.328 1.27
Panel C: Overall t-Test
Mean 0.182%* 0.076*** -0.019 -0.545%
t-value 6.21 3.69 -0.55 -2.96
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(Table X continued: Panels D-F)

FF3 vs. CAPM RAPM vs. FF3 BAPM vs. FF3 BAPM vs. RAPM

DM- DM- DM- DM-

Portfolio d stat d stat d stat d stat

Panel D: 10 Portfolios Formed on Past Return (Momentum)

1 Loser 0791 = 2.13 -1.364  * -1.79 -3.045 W -3.31 -1.653  ** -3.40
2 -0.043 -0.21 0.011 0.06 -0.643  * -1.92 0522 * -1.69
3 -0.076 -0.44 0.026 0.17 -0.300 -1.20 -0.288 -0.95
4 -0.201 -1.40 0.067 0.69 -0.296 -1.26 -0.318 -1.32
5 -0.196 -1.58 -0.005 -0.17 -0.111 -0.48 -0.097 -0.41
6 0.213  * -2.15 -0.007 -0.47 -0.051 -0.20 -0.041 -0.16
7 -0.252  * -2.42 -0.085 -1.40 -0.121 -0.47 -0.066 -0.28
8 -0.270  w -2.64 -0.180 * -1.83 -0.253 -0.75 -0.067 -0.21
9 -0.295  w -2.97 -0.297 * -1.93 -0.401 -0.87 -0.077 -0.16
10 Winner -0.248  * -2.56 -0.556  * -1.64 -1.198 = -1.98 0719 *» -1.96
Panel E: 25 Portfolios Formed on Size (MV) and Book-to-Market Equity (BTM)
MV1BTM1 0.166 1.01 -0.385 -1.06 -AATT e -4.46 -4.488 -4.32
MV1BTM2 -0.029 -0.18 0.018 0.33 -2.574 W -4.22 -2.575 W -4.17
MV1BTM3 -0.231 -1.15 -0.025 -0.36 -1.708 W -3.53 -1.683 -3.56
MV1BTM4 0424 = -2.15 -0.130 * -1.81 -1.971 W -4.53 -1.821 R -4.21
MV1BTM5 -0.608  ** -2.09 -0.082 -1.36 2437 -4.02 -2.381 -4.40
MV2BTM1 0.064 0.64 -0.025 -0.24 -1.295 -1.53 -1.353  * -1.80
MV2BTM2 -0.076 -0.68 0.003 0.14 -0.592 -1.27 -0.606 -1.29
MV2BTM3 0321 = -2.24 -0.078 -2.94 -0.415 -1.62 -0.351 -1.36
MV2BTM4 -0.464  w -2.81 -0.110 * -2.08 -0.379 -1.53 -0.304 -1.29
MV2BTM5 -0.560  ** -2.10 -0.014 -0.29 -0.656  ** -2.06 -0.644  * -2.22
MV3BTM1 0.052 0.48 -0.010 -0.27 -0.376 -0.79 -0.377 -0.78
MV3BTM2 -0.100 -1.17 -0.066  * -1.74 -0.029 -0.09 0.012 0.04
MV3BTM3 -0.200 -1.60 0.005 0.26 -0.132 -0.53 -0.145 -0.66
MV3BTM4 0312 = -2.01 -0.028 -0.71 -0.054 -0.22 -0.025 -0.11
MV3BTM5 -0.677 W -3.25 0.003 0.10 -0.137 -0.45 -0.136 -0.43
MV4BTM1 0.148 1.63 -0.070 -1.32 -0.211 -0.48 -0.158 -0.38
MV4BTM2 -0.054 -1.35 0.090 1.33 0.247 0.70 0.173 0.46
MV4BTM3 0209 * -1.82 -0.005 -0.12 -0.095 -0.40 -0.112 -0.52
MV4BTM4 -0.288  ** -2.10 0.001 0.05 0.134 0.77 0.140 0.83
MV4BTM5 0432 = -2.16 0.039 121 0.113 0.45 0.084 0.32
MV5BTM1 0.229 1.43 -0.155 -1.53 -0.259 -0.73 -0.135 -0.41
MV5BTM2 0.020 1.20 -0.040 -1.33 0.111 0.38 0.174 0.61
MV5BTM3 0072 = -2.38 0.012 0.59 0.239 1.05 0.213 0.98
MV5BTM4 -0.154 -1.21 0.016 0.37 0.214 0.63 0.170 0.54
MV5BTM5 -0.281 -1.42 0.080 1.22 0.255 0.88 0.159 0.55
Panel F: Overall t-Test
Mean -0.166%* -0.096* -0.654%+ -0.572%+*
t-value -3.66 -2.21 -3.60 -3.38
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Figure 1. Maximum Ex Ante Squared Sharpe Ratio over the Past 50 Years
This figure plots the maximum ex ante squared Sharpe ratio (SSR,.;) over the past 600 months (50 years: 1955:01-
2004:12). The maximum ex ante squared Sharpe ratio (SSR,.;) is defined as SSR,., =D,_' P D

flt-1 tlt—1""tlt—1

, where Dy, ; =

[Duissie-t Dsizesii-i - Dpmmge-1]” 18 @ vector of the ex ante expectations of the three dynamic factors estimated using the
Kalman filter. P, is a (3 x 3) matrix of the mean squared error (MSE) of the ex ante expected factors, D,.;.
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