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Abstract

We estimate conditional multifactor models over a large cross-section of stock returns matching 25
CAPM anomalies. Using conditioning information associated with different instruments improves
the performance of the Hou, Xue, and Zhang (2015, HXZ) and Fama and French (2015, 2016, FF)
models. The largest increase in performance holds for momentum, investment, and intangibles-
based anomalies. Yet, there are significant differences in scaled models’ performance: HXZ clearly
dominates FF in explaining momentum and profitability anomalies, while the converse holds
for value-growth anomalies. Thus, the asset pricing implications of alternative investment and
profitability factors (in a conditional setting) differ in a non-trivial way.

Keywords: asset pricing models; conditional factor models; conditional CAPM; equity risk
factors; investment and profitability risk factors; stock market anomalies; cross-section of stock
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I. Introduction

Explaining cross-sectional equity risk premia represents one of the major goals in asset pricing.
Recently, this line of research has been particularly active with the emergence of new multifactor
models having the objective of representing the new work horses in the empirical asset pricing
literature. These include the four-factor model of Hou, Xue, and Zhang (2015) and the five-factor
model of Fama and French (2015), which represent a response to the failure of the traditional
multifactor models (e.g., three-factor model of Fama and French (1993) and four-factor model of
Carhart (1997)) in explaining several market anomalies. The key risk factors in both models are
related with the investment and profitability anomalies, yet, as shown in Maio and Santa-Clara
(2017), Maio (2018), and Cooper and Maio (2018), among others, the performance of the two
models varies widely when it comes to pricing a large cross-section of stock returns.

This paper contributes to the empirical asset pricing literature by testing conditional versions of
the multifactor models mentioned above given the widespread evidence of predictable time-series
variation in future stock returns.! In fact, a large body of the asset pricing literature has focused on
estimating conditional factor models in an attempt to solve the failure of the baseline CAPM of
Sharpe (1964) and Lintner (1965) when it comes to explaining several patterns in the cross-section
of stock returns like the size, value, and momentum anomalies. A partial list includes Ferson,
Kandel, and Stambaugh (1987), Harvey (1989), Cochrane (1996), He, Kan, Ng, and Zhang
(1996), Jagannathan and Wang (1996), Ferson and Harvey (1999), Lettau and Ludvigson (2001),
Wang (2003), Petkova and Zhang (2005), Avramov and Chordia (2006), Ferson, Sarkissian, and
Simin (2008), and Maio (2013a). Yet, most of this literature focuses on the conditional CAPM and
neglects the role of conditioning information for multifactor models (with He et al. (1996), Ferson
and Harvey (1999), Wang (2003), and Maio (2013a) representing notable exceptions).?

We test conditional factor models over a large cross-section of stock returns associated with 25

different CAPM anomalies. These anomalies can be broadly classified as strategies related with

"Most of the time-series predictability literature focuses on the market return (see, e.g., Campbell and Thompson
(2008), Welch and Goyal (2008), and Maio and Santa-Clara (2012) for a comprehensive empirical analysis). However,
some studies have investigated the time-series predictability of value (see, e.g., Ferson and Harvey (1999), Stivers
and Sun (2010), and Gulen, Xing, and Zhang (2011)) and momentum factors (see, e.g., Chordia and Shivakumar

(2002), Cooper, Gutierrez Jr., and Hameed (2004), and Stivers and Sun (2010)). In related work, Maio (2014),
(2016) and Maio and Santa-Clara (2015) look at the time-series predictability of the returns on portfolios sorted on
size, book-to-market ratio, and momentum.

?In related work, Dumas and Solnik (1995) derive and test a conditional international asset pricing model.



value, momentum, investment, profitability, and intangibles. We test conditional versions of the
CAPM, four-factor model of Hou et al. (2015), (2017) (HXZ), and the five-factor model of Fama and
French (2015), (2016) (FF). We estimate a conditional HXZ model that contains the value spread,
T-bill rate, investment-to-capital ratio, and return dispersion as instruments. In the estimation
of the conditional FF model we use the value spread, relative T-bill rate, net equity expansion,
and return dispersion as the conditioning variables. The choice of these variables stems from our
evidence showing that they produce the largest forecasting power for the profitability and investment
factors in each of these two models among a list of 21 predictors and is also consistent with previous
evidence (see, e.g., Cohen, Polk, and Vuolteenaho (2003), Stivers and Sun (2010), and Maio
(2016)). In line with the related literature, we employ the time-series regression approach to test
and evaluate the different factor models.

The analysis of the alphas for the 25 “high-minus-low” spreads in returns suggests that using
conditioning information has a positive impact on the performance of the two multifactor models
mentioned above. The model that registers the greatest improvement relative to the unconditional
test is the five-factor model. Yet, HXZ shows the best overall performance under both the
unconditional and conditional tests. When we test the alternative models over the full cross-section
of stock returns (for a total of 248 portfolios), our results also indicate that using conditioning
information improves the performance of the two multifactor models for the broad cross-section
of stock returns. The increased explanatory power is similar across both multifactor models: the
explanatory ratios associated with the benchmark scaled HXZ and FF models are 52% and 27%,
respectively, compared to 30% and 7% for the corresponding unconditional models, and these gains
in fit are statistically significant. However, the conditional HXZ model clearly dominates when it
comes to explaining the cross-sectional dispersion in risk premia as indicated by the substantially
larger explanatory ratios. Our results also suggest that the investment-to-capital ratio is the most
important instrument for the performance of the conditional HXZ model, while the value spread is
the key instrument in terms of driving the fit of the augmented conditional FF model. Our findings
are robust to several robustness checks: using alternative instruments in the construction of the
scaled factors in the conditional models; employing an alternative sample that covers a cross-section
of 29 market anomalies; and allowing the alphas to be time-varying.

We find that there is significant heterogeneity in the performance of the two multifactor models



across groups of anomalies. On one hand, using conditioning information improves the performance
of HXZ for the investment (like operating accruals, net operating assets, investment-to-assets, or
inventory growth), intangibles (like organizational capital-to-assets and operating leverage), and
momentum (like earnings momentum) anomalies. The performance of FF also improves substantially
in terms of explaining the momentum (like industry momentum) and investment-based anomalies
(like accruals-related anomalies). On the other hand, the scaled factors do not help HXZ and FF (or
even have a negative impact) in terms of explaining the value-growth and profitability anomalies,
respectively. With regards to relative performance, our results suggest that the conditional HXZ
model outperforms the scaled FF model in terms of explaining the momentum and profitability
anomalies, while the inverse holds when it comes to pricing the group of value-growth anomalies.
This suggests, that even after accounting for the role of conditioning information, the asset pricing
implications of the different versions of the investment and profitability factors are quite different
for a large cross-section of stock returns.

In the last part of the paper, we estimate restricted versions of the conditional HXZ and FF
models in which only the scaled factors associated with the investment and profitability factors are
included. The objective is to better disentangle the effect of conditioning information associated with
the investment and profitability factors in terms of driving the explanatory power of each model for
the cross-section of stock returns. The results suggest that the scaled profitability and investment
factors are the most relevant in terms of driving the performance of both the conditional HXZ and
FF models. This implies that the remaining scaled factors in these models are of second-order
importance at explaining cross-sectional risk premia. This pattern is especially notable in the case
of the conditional HXZ models, while in the case of the scaled FF the missing factors have some
contribution in terms of pricing several anomalies (e.g., momentum anomalies). This suggests that
the conditional HXZ model not only achieves better overall pricing performance than the scaled FF
model, but it also does so with fewer scaled factors.

We also compute a decomposition of risk premia for each scaled model across the high-minus-low
return spreads associated with the 25 anomalies. Our results indicate that typically an instrument
produces a higher explanatory power for cross-sectional risk premia when combined (into a scaled
factor) with a raw factor for which it has greater forecasting power in the time-series.

The improved performance of the scaled models for momentum portfolios is consistent with the



findings of time-variation in momentum profits (Chordia and Shivakumar (2002)). We hypothesize
a real options explanation as follows. Winner firms are firms with valuable growth options, that
is ‘in-the-money’ growth options, and are therefore riskier (see Sagi and Seasholes (2007) for a
formal model relating the momentum effect in stock returns to real options). Winner stocks are
likely high profitability stocks, whereas loser stocks likely experienced negative growth shocks and
are less profitable. This conjecture is supported by our untabulated result that the momentum
(UMD factor) and ROE factors are positively correlated (with a correlation coefficient of 0.5). Thus,
allowing for time variation in the betas with the profitability factor helps explaining the time
varying momentum profits. Conditioning is especially important for the profitability factor in the
FF model (RMW), which is rebalanced annually, and less important for the quarterly-updated
profitability factor (ROE) in the HXZ model in terms of explaining momentum profits. Hence, the
scaled factors in the FF model can act as a (partial) substitute for the ROE factor when it comes
to pricing momentum-based anomalies. Our hypothesized explanation certainly does not rule out

other possible explanations.

The improvement of the models in pricing the investment anomalies is consistent with a time-
varying cross-sectional dispersion in firms’ real options. When the dispersion is large, investing
firms are exercising particularly valuable growth options, leading to a sharp fall in their risk. Our
evidence presented in the paper that the value spread (a measure of the cross-sectional dispersion
in growth options) is a predictor of the investment factors of HXZ and FF lends support for the

conjecture that the real options dispersion drives the improvement of the conditional factor models.

Furthermore, the predictability tests that we conduct indicate that in both HXZ and FF models
the profitability and investment factor premiums exhibit countercyclical time variation. Thus, given
the importance of these two factors in summarizing the cross section of stock returns, countercyclical

risk aversion is potentially a driving force of time variation of several of the stock market anomalies.

The paper proceeds as follows. Section II. shows the theoretical background and models, while
Section III. describes the data and empirical methodology. In Section IV., we assess whether the
lagged instruments forecast the equity factors, while the main empirical analysis is presented in
Section V.. In Section VI., we provide a sensitivity analysis. Section VII. presents the estimation

results for restricted conditional models, and Section VIII. concludes.



II. Conditional Factor Models

In this section, we present the theoretical background and the conditional factor models that are

tested in the following sections.

A. Theoretical Background

Given a raw risk factor (fj+y1,7 = 1,..., K) and an instrument (z;), the term f;;y12; denotes a
scaled factor. This is often interpreted as the return on a “managed portfolio” (see, e.g., Hansen and
Richard (1987), Cochrane (1996), (2005), Bekaert and Liu (2004), and Brandt and Santa-Clara
(2006)).

We consider the following factor model (in unconditional representation) in which the role of

conditioning information is captured by the scaled factors,
K K

(1) E( f,t+1) = Z/Bi,j)‘j + Z/Bi,j,z)\j,27
j=1 J=1

where R, | denotes the excess return (relative to the risk-free rate) on an arbitrary risky asset i.

The factor loadings are obtained from the following regressions:

K K

(2) RS =0+ Bijfizer+ > Bijefiwr12e + €igsr.
= =1

As shown in the online appendix, a K-factor conditional model with time-varying pricing kernel
coefficients (that are affine in the lagged instrument) is equivalent to the 2K-factor model presented
above.? The regression above is equivalent to a conditional specification in which the loadings on

the original factors are allowed to be time-varying and affine in the instrument:*

K
(3) RS =i+ Y (Bij+ Bijz2t) fiart + Eiget.
=1

3We follow most of the literature on the conditional CAPM by estimating the unconditional representation of the
conditional factor models. Nagel and Singleton (2011) and Ang and Kristensen (2012) use alternative methods to
estimate the conditional CAPM.

“The practice of specifying time-varying betas as a function of lagged instruments is popular in the literature (see,
e.g., Shanken (1990), Ferson and Schadt (1996), Ferson and Harvey (1999), Lewellen (1999), Ferson et al. (2008),
among others). In related work, Lewellen and Nagel (2006) and Boguth, Carlson, Fisher, and Simutin (2011) use
realized betas estimated from daily returns.



As noted in Cochrane (2005), Lewellen, Nagel, and Shanken (2010), and Maio (2018), when

the factors represent excess returns, the prices of risk must be equal to the corresponding factor

means:
(4) E(fit+1) = A
(5) E(fj7t+1zt) = )\j,zu.j = 1, ceey K

These conditions are obtained by applying the beta equation above for each factor, and noting
that each factor has a (multiple regression) beta of one on itself and a beta of zero on all the other
factors.’ By substituting the restrictions on the factor risk prices back into the beta equation, we

obtain the following multifactor model:

(6) : t+1 Z Bij E fj t+1) + Z Bij- E fj t+1%t)-

7j=1

This specification represents the basis for the empirical work conducted in the following sections.

B. Models

Next, we present the empirical conditional factor models tested on the cross-section of stock returns.

The first model analyzed is the conditional CAPM,

(7) E(R{ ;1) = E(RMy11)8im + E(RMy12) 83,2,

where RM denotes the excess market return.

The second model is a conditional version of the four-factor model of Hou et al. (2015), (2017)

(HXZ),

E(R{ ;1) = E(RM¢11)8im + E(RMi112) B v, + E(MEg11) 8 mE + E(ME¢112¢) 8i ME, -

(8) +E(IA¢11)8i1a + E(IA¢112:) Bi1a - + E(ROE 1) 8 ror + E(ROE¢412¢) 8i ROE, 2,

where ME, TA,| and ROE represent the size, investment (investment-to-assets), and profitability

This restriction also applies to the scaled factors since they represent the returns on traded assets.



(return-on-equity) factors, respectively.

The third model represents a conditional version of the five-factor model of Fama and French
(2015), (2016) (FF), which adds an investment (CMA) and a profitability (RMW) factor to the
three-factor model of Fama and French (1993), (1996):

E(R{ ;1) = E(RM¢11)8i,m + E(RMyy12)8i m,2 + E(SMBy11) 8 smB + E(SMBy112¢) 8 smB, -
+E(HML¢41)8; umr + E(HMLy41 2) 85 imr, - + E(RMW, 1) 8 rmw + E(RMW 41 2¢) 85 Rmw 2

9) +E(CMA41)8i,cma + E(CMA 41 2)5i cMA 2

Both RMW and CMA are constructed in a different way than the investment and profitability

factors in Hou et al. (2015).

III. Data and Methodology

In this section, we describe the data and methodology employed in the empirical analysis conducted

in the following sections.

A. Data

The data on the risk factors associated with the CAPM and FF models (RM, SMB, HML, RMW,
and CMA) are retrieved from Kenneth French’s data library. The data on the remaining factors
(ME, IA, and ROE) are obtained from Lu Zhang. The sample is 1972:01 to 2013:12. The descriptive
statistics for the factors are displayed in Table 1. The factors with the largest mean returns are
ROE and RM, with estimates above 0.50% per month. On the other hand, the factor with the
lowest mean is SMB (0.23% per month), followed by ME with an average return of 0.31%. This
confirms previous evidence showing that the size premium has declined over time. The factor with
the highest volatility is the equity premium, with a standard deviation above 4.5% per month.
On the other hand, the investment factors (IA and CMA) are the least volatile, with standard
deviations below 2% per month.

Panel B of Table 1 shows the pairwise correlations among the different factors. The two size

(SMB and ME) and investment (IA and CMA) factors are strongly correlated as indicated by the



correlation coefficients above or around 0.90. On the other hand, the two profitability factors (ROE
and RMW) are not as strongly correlated (correlation of 0.67), thus indicating that they do not
exhibit a very large degree of overlap. Both investment factors are positively correlated with HML
(around 0.70). Further, both profitability factors show weak negative correlations with the size
factors as indicated by the correlation coefficients between —0.31 and —0.39.

We use six conditioning variables in the construction of the scaled risk factors. The instruments
are the T-bill rate (TB, Fama and Schwert (1977)); value spread (VS, Cohen et al. (2003), Campbell
and Vuolteenaho (2004), Liu and Zhang (2008)); relative T-bill rate (RREL, Campbell (1991),
Hodrick (1992)); stock return dispersion (RD, Stivers and Sun (2010), Maio (2016)); net equity
expansion (NTIS, Boudoukh, Michaely, Richardson, and Roberts (2007), Welch and Goyal (2008));
and the investment-to-capital ratio (IK, Cochrane (1991)).

The portfolio return data used in the cross-sectional asset pricing tests are associated with some
of the most prominent market anomalies. We employ a total of 25 anomalies or portfolio sorts,
which represents a subset of the anomalies considered in Hou et al. (2015). Table 2 contains the
list and description of the anomalies included in our analysis. Following Hou et al. (2015), these
anomalies can be broadly classified as strategies related with value-growth (BM, DUR, and CFP),
momentum (MOM, SUE, ABR, IM, and ABR*), investment (IA, NSI, CEI, PIA, IG, IVC, IVG,
NOA, OA, POA, and PTA), profitability (ROE, GPA, NEI, and RS), and intangibles (OCA and
OL). All the portfolios are value-weighted and all the groups include decile portfolios, except IM and
NEI with nine portfolios each. Compared to the portfolio groups employed in Hou et al. (2015),
we do not use portfolios sorted on earnings-to-price ratio since these deciles are strongly correlated
with the book-to-market (BM) deciles. Similarly, we do not consider the return on assets deciles
because they are strongly correlated with the return on equity deciles (ROE). Moreover, we use
only one measure of price momentum (MOM) and earnings surprise (SUE), since the other related
anomalies used in Hou et al. (2015) are strongly correlated with either MOM or SUE. We also
exclude all portfolio sorts used in Table 4 of Hou et al. (2015) that start after 1972:01. In contrast
to Hou et al. (2015), we use the deciles associated with revenue surprise (RS) since the respective
spread “high-minus-low” in average returns is statistically significant for the 1972:01-2003:12 sample
(t-ratio of 1.97). All the portfolio return data are obtained from Lu Zhang. To construct portfolio

excess returns, we use the one-month Treasury bill rate.



Table 3 presents the descriptive statistics for high-minus-low spreads in returns between the
last and first deciles among each portfolio class. The anomaly with the largest spread in average
returns is price momentum (MOM), with a premium above 1% per month. The spreads in returns
associated with BM, ABR (abnormal one-month returns after earnings announcements), ROE, and
net stock issues (NSI) are also strongly significant in economic terms with (absolute) means around
0.70% per month. The anomalies with lower average returns are ABR* (abnormal six-month returns
after earnings announcements), RS, and operating leverage (OL), with average gaps in returns
around or below 0.30% in magnitude. MOM is the anomaly with more return volatility (standard
deviation above 7% per month) followed by IM and ROE (with standard deviations above 5%). The

least volatile return spreads are ABR*, NEI, and IG, all with volatilities below 3%.

B. Methodology

We use time-series regressions to test the alternative factor models, as in Fama and French (1993),
(1996), (2015) and Hou et al. (2015). This methodology is adequate when all the factors in the
model represent excess stock returns as it is the case in this paper (see Cochrane (2005)). In this

method, the implied risk price estimates are forced to be equal to the respective factor means.%

We estimate the conditional specifications associated with each of the multifactor models (HXZ
and FF) by using different sets of four instruments in each case.” The conditional HXZ model
includes VS, TB, IK, and RD as instruments, while the conditional FF model contains VS, RREL,
NTIS, and RD as conditioning variables.® The choice of these variables stems from the analysis
conducted in the next section showing that they produce the largest forecasting power for the
profitability (ROE and RMW) and investment (IA and CMA) factors among a list of different 21

predictors.?

Therefore, the time-series regressions for the conditional CAPM associated with the first set of

5This avoids the critique of implausible risk price estimates (see Lewellen and Nagel (2006) and Lewellen et al.
(2010)).

"The choice of four instruments in each scaled model is admittedly an ad hoc one. We follow previous studies that
employ a similar number of instruments in conditional asset pricing tests (see, e.g., Ferson and Harvey (1999) and
Petkova and Zhang (2005)).

8Other papers use lagged stock characteristics, like size and BM, as the instruments that drive factor loadings (e.g.,
Lewellen (1999) and Avramov and Chordia (2006)) in tests of the conditional CAPM.

9We thank the referee for suggesting this procedure in selecting the instruments.



instruments are given by

R{ 11 = ai+ Bi yRMiy1 + B, vsRMi11VS; + Bi v, rBRM 1 TBy

(10) +B8i, v,k RMy 11Ky + B pr RoRMy 1 1RDy + €4 441,

and similarly for the scaled HXZ model (containing 4 x 4 = 16 scaled factors).

By using the second set of instruments, the regressions for the scaled CAPM are as follows:

R{ v = i + Bi MBMit1 + Bi v vs RMe11 VSt + Bi v RRELRM 11 RREL;

(11) +Bi,mNTISRM; 1 1NTIS; + B; vy RoRMy 1 RDy + €441,

and similarly for the scaled FF (containing 4 x 5 = 20 scaled factors).

To control for possible overfitting and multicollinearity problems, in addition to the augmented
conditional models (based on four instruments) we estimate single-instrument versions of the
conditional HXZ and FF models. This also enables to assess which instruments are driving the
performance of each conditional factor model and which instruments are less important. To evaluate
the statistical significance of the factor loadings, we use t-ratios based on heteroskedasticity-adjusted

standard errors.0

For the conditional models to be valid one needs to impose the condition that the intercepts
are zero for every testing asset i (a; = 0), which arise by taking expectations on both sides of the
regressions presented above. It is important to note that any conditional factor model does not
necessarily outperform the corresponding unconditional specification. The reason is that adding

factors to the time-series regressions does not imply lower intercept estimates (alphas).!!

Assume that E(f) is the vector of factor means; T is the number of time-series observations;
N is the number of testing assets; K is the number of factors (including the scaled factors); and

~

= (ay, ..., ay) denotes the vector of alphas. A formal statistical test for the null hypothesis that

o))

10T the time-series tests, the lagged conditioning variables are demeaned, which is a common practice in the
conditional CAPM literature (see, for example, Lettau and Ludvigson (2001) and Ferson, Sarkissian, and Simin
(2003)).

" Ghysels (1998) provides evidence that the unconditional CAPM produces smaller pricing errors than the
conditional CAPM.

10



the alphas are jointly equal to zero is the following Wald test,
A -1~
(12) T+ EE)QTER)] &S la ~ x*(N),

which is based on the GMM distribution, and thus is only valid asymptotically (see Cochrane
((2005), chapter 12) for details). In the expression above, the covariance matrices of the factors

(f: = (fit,---» frt)") and residuals from the time-series regressions (€; = (€1, ...,En,)") are given by

T
(13 O = 5[ B[ - B
t=1
- 1 &,
(14) ¥ = fZEtet.

&~
Il
—

This statistic generalizes the test provided by Gibbons, Ross, and Shanken (1989) (GRS) by relaxing
the restrictive assumptions that the errors from the time-series regressions are jointly normally
distributed and have a spherical variance (ie., the errors are homoskedastic and jointly orthogonal)
and is valid for finite samples.!?

Although the y? statistic represents a formal test of the validity of a given model for explaining
a given cross-section of average returns, it is in general not robust and may produce perverse results.
The reason hinges on the problematic inversion of f), especially when there is a large number of
testing assets as in our case. Thus, one might reject a model (i.e., the value of both statistics is large)
because of a large estimate of 31 even with low magnitudes of the alphas.!® This problem might
be accentuated by the term involving ﬁfl, which might be poorly estimated with a large number of
factors. This is especially relevant in this paper since the conditional models have significantly more
factors than the corresponding unconditional models. Consequently, in the full estimation with the
25 anomalies, we report the number of anomalies (or portfolio groups) in which the model is not
rejected (at the 5% level) rather than reporting the p-values for the null that the alphas for the
248 portfolios are jointly equal to zero. We also report the number of alphas that are individually

statistically significant (at the 5% level) in each cross-sectional test.!4

12The x?-test is slightly more conservative than the GRS-test, hence we do not report the results associated with
the latter statistic.

131t is well known that both the GRS and Wald tests have size distortions (tend to over-reject the null of zero
pricing errors) when there is a large number of testing assets.

We note that the number of significant ¢-ratios is not an exact measure of the joint statistical significance of the

11



Compared to the Wald statistic, a more robust (albeit less formal) goodness-of-fit measure to

evaluate factor models is the mean absolute alpha,
1 XN
(15) MAA = & ; | .

The statistics mentioned above only refer to the magnitudes of the alphas (pricing errors),
without relating them to the magnitudes of the raw portfolio risk premia that we seek to explain. To
evaluate the capacity of the model in terms of explaining cross-sectional dispersion in risk premia,

we compute the (constrained) cross-sectional R? proposed in Maio (2018),

Var (&)

(16) R =1- Vary (R¢)’

where Vary(-) stands for the cross-sectional variance and R¢ is the sample mean of the excess return
for asset 1. R% represents a measure of the proportion of the cross-sectional variance of average
excess returns on the testing assets explained by the factor loadings associated with a given model.
Maio (2018) uses the above measure to evaluate the fit of multifactor models from a constrained
cross-sectional regression of average excess returns on factor betas in which the factor risk price
estimates correspond to the respective factor means. For example, in the case of the conditional

CAPM the constrained regressions are given by

(17)  R? = RMB; » + RMVSS; ar,vs + RMTBS; a8 + RMIKS; a1k + RMRDS; a,RD,

(18)

R¢ = RMB; ar + RMVSSi ar,vs + RMRRELS; ar rreL + RMNTISS; arnT1s + RMRDS; 1 RD,

where RM denotes the sample mean of the market factor, and RMz represents the sample mean of
each of the scaled factors where z = VS, TB,IK, RD, RREL, NTIS. It is straightforward to show
that the pricing errors from such cross-sectional equations are numerically equal to the alphas
obtained from the time-series regressions. Thus, a cross-sectional regression where the factor risk

prices are equal to the factor means is equivalent to the time-series regression approach.!®> This

alphas. The reason relies on a multiple testing problem, that is, the correlation of t-ratios (of alphas) among different
testing portfolios.
5Fama and French (2015) employ a similar measure based on the alphas from the time-series regressions.

12



R? measure can assume negative values, which means that the multifactor model does worse
than a simple cross-sectional regression containing just a constant. In other words, the factor
betas underperform the cross-sectional average risk premium in terms of explaining cross-sectional
variation in risk premia (the model performs worse than a model that predicts constant risk premia
in the cross-section of average returns).

The focus of this paper is in evaluating the incremental performance of conditional multifactor
models relative to the corresponding unconditional models. To assess the statistical significance of
the gain in RQC between the scaled and unscaled models, S = R?),C — RéU, we compute empirical
p-values based on a bootstrap simulation (see, e.g., Kan and Zhang (1999), Jagannathan and Wang

(2007), Maio and Santa-Clara (2017), and Maio (2018)). The empirical p-values represent the
fractions of artificial samples in which the pseudo spread in RZC is higher than the corresponding
sample estimate. In this bootstrap simulation, the joint data-generating process for portfolio returns
and factors is simulated under the assumption that the factors are independent from the testing
returns (“useless factors”, as in Kan and Zhang (1999)). Nevertheless, this analysis of statistical
significance of S should be interpreted with some caution given previous evidence showing that the
cross-sectional R? (and its difference across two different models) often exhibits large sampling error
in cross-sectional tests of multifactor models (see, e.g., Lewellen et al. (2010) and Kan, Robotti,
and Shanken (2013)). The full details of the bootstrap simulation algorithm are available in the

online appendix.

IV. Predicting Factors

In this section, we evaluate whether the factor risk prices are time-varying and predicted by

conditioning variables. To achieve this goal, we regress the equity factors onto the lagged instruments.

A. Selecting Instruments

We start by selecting the instruments employed in the construction of the scaled factors. We use
a set of popular variables from the equity premium predictability literature to forecast the equity
factors. We use univariate predictive regressions to assess the forecasting power of each individual

predictor in isolation. Our focus is on the profitability and investment factors since these are the
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most relevant factors in terms of driving the performance of the unconditional HXZ and FF models

(see Fama and French (2015) and Hou et al. (2015)).

We use the following list of 21 predictors, many of them employed in the comprehensive analysis
conducted in Welch and Goyal (2008): Term spread (TERM); Default spread (DEF); Dividend-
to-price ratio (DP); T-bill rate (TB); Dividend-payout ratio (DE); Net equity expansion (NTIS);
Cross-sectional portfolio return dispersion (RD); Default return spread (DFR); Value spread (VS);
Realized stock market variance (SVAR); Inflation rate (INF); Change in the Fed funds rate (AF FR);
Relative T-bill rate (RREL); Cross-sectional stock return dispersion (CSV); Industrial Production
(IPG); Earnings-to-price ratio (EP); Stock-bond yield gap (YG); Price-earnings ratio (PE); Book-
to-market ratio (BM); Consumption-to-wealth ratio (CAY); and the Investment-to-capital ratio
(IK). A detailed description of these variables and their original references is included in the online

appendix.

Table 4 displays the estimates, and respective heteroskedasticity-robust t-ratios, for the slopes in
the single predictive regressions as well as the corresponding R? estimates.! We can see that both
the relative T-bill rate and NTIS forecast a significant decline in RMW, while CAY is positively
correlated with future RMW (¢-ratio of 2.13). When it comes to predicting ROE, it turns out that
the T-bill rate forecasts a rise in the profitability factor, with an explanatory ratio around 1%.
IK is also positively correlated with future ROE, with the respective coefficient being marginally
insignificant at the 5% level (t-ratio=1.92). Yet, the corresponding R? has a similar magnitude

(1.12%) to the fit in the regression with TB.

Turning to the investment factors, we can see that the slopes associated with RD are marginally
significant (10% level) when it comes to forecasting either IA or CMA, with the R? estimates being
in the 1.32-1.91% range. This result is in line with the evidence in Stivers and Sun (2010) and Maio

(2016) showing that RD forecasts an increase in the returns of the value-minus-growth portfolios.
Since the investment factors are positively correlated with HML (see Table 1), it is natural that
return dispersion also has some forecasting power for both IA and CMA. Furthermore, the value
spread is a strong predictor (1% level) of a rise in both investment factors, with R? estimates around

or above 2%. Most of the remaining predictors do not forecast significantly (at the 10% level) any

18T order to facilitate the interpretation of the size of the slope estimates, the predictors are standardized in this
section.
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of these four factors. The few exceptions are TERM and IPG (when it comes to predicting RMW).

In light of these results, we select VS, TB, IK, and RD as the conditioning variables employed
in the conditional HXZ model. In the case of the conditional FF model, the instruments are VS,
RREL, NTIS, and RD. The rationale subjacent to this choice is to employ the variables with greater
forecasting power for the profitability and investment factors associated with the two multifactor
models. Moreover, most of these slope estimates seem economically significant: the magnitudes vary
between 0.20% and 0.30%, which indicates that a one-standard deviation increase in the predictor
leads to a change in the predicted future monthly return of the factor of around 20-30 basis points.
In Section VI., we estimate other specifications for these two models, which rely on alternative

instruments.

Figure 1 presents plots of the time series of the profitability and investment factor premiums.
These premiums represent the fitted values from the univariate regressions of each of the factors (on
selected predictors) described above. Both the investment and profitability premia are countercycli-
cal.!” This result supports the notion that the factors’ average returns represent compensations
for risk required by investors with countercyclical risk aversion, as for example, in Campbell and
Cochrane (1999). The prominence of the profitability and investment factors in summarizing the
cross section of average returns (as shown in the following sections) suggests that several stock

market anomalies might be time varying in a countercyclical fashion.

The predictive performance of the value spread for the investment factors can have the following
economic interpretation, consistent with the predictions of real options models (see, e.g., Carlson,
Fisher, and Giammarino (2006) and Cooper (2006)). A large value spread, that is book-to-market
spread, indicates a large dispersion in firms’ growth options, implying that some firms have very
valuable growth options (while others have little growth options and are likely highly operationally
leveraged). Under such circumstances, investing firms will be exercising valuable growth options
and will experience a sharp fall in volatility and risk (as they no longer possess the risky growth
options). Thus, the expected returns of high investment firms are substantially lower than those of
low investment firms. Given the positive correlation between the investment factors and HML, the

predictability associated with VS can also be explained by the present-value relation proposed in

17"These results are confirmed by regressing each factor premium on the NBER business cycle dummy. Untabulated
results show that the slopes of these regressions are significantly negative in all four cases.
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Cohen, Polk, and Vuolteenaho (2003), which states that VS is positively correlated with future
returns on the value-growth factor.

We propose the following real options explanation for the predictive role of the aggregate
investment-to-capital ratio for ROE. The investment-to-capital ratio is highly persistent.'® Thus,
high IK in a given period indicates that many firms have exercised their investment options, whereas
a large group of other firms are about the exercise their valuable growth options in near future.
Hence, high IK is associated with a large cross-sectional dispersion in growth options. A large

cross-sectional dispersion in growth options implies that profitable firms are riskier because their

expected investment is high as their growth options are in-the-money.?’

B. Forecasting Factor Risk Premia

Next, we assess the joint forecasting power of the selected instruments for each of the factors within
the HXZ and FF models.

Specifically, in the case of IA and CMA, we run the following multivariate regressions,

(19) IAiv1 = v +nVSe +%»TB: + 131K + 7RDy + mi41,

(20) CMA+1 = 7 +7VS: +»RREL; + v3NTIS; + v4RD¢ + 41,

and similarly for the other factors in HXZ and FF. We test the null hypothesis of no joint significance
of the four slopes in the regressions above (71 = 72 = 3 = 74 = 0) with a Wald test based on a
x2(4) distribution.

From the regressions above it follows that the conditional mean of each factor, which corresponds
to the conditional risk price, is time-varying and affine on the lagged instruments. Since the

stochastic discount factor (SDF) coefficients are a linear transformation of the conditional risk prices

18Quarterly IK has an autocorrelation of 0.97 during the sample period.

¥ Gourio and Kashyap (2007) find that changes in the number of establishments undergoing investment spikes
(and thus exercising their growth options) account for the bulk of variation in aggregate investment.

20Hou, Mo, Xue, and Zhang (2018) find that an expected investment growth factor, defined as the excess returns of
high expected investment growth firms over low investment growth firms, earns on average 0.56% per month (¢-ratio
= 6.66). An extensive literature documents that cash flows are significant predictors of future investment (Fazzari,
Hubbard, and Petersen (1988)). Profitable firms are likely high cash-flow firms. Hou et al. (2015) define ROE as
the ratio of income before extraordinary items to lagged book equity. The common definition of cash flows in the
literature is the ratio of the income before extraordinary items and depreciation and amortization to lagged total
assets. Because total assets and book equity are slow moving variables, much of the variation of ROE and cash flows
comes emanates from income before extraordinary items.
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(see Cochrane (2005)), the presence of time-variation in the conditional factor means legitimates an
SDF with time-varying coefficients (as suggested in Section II.).

The results for the multiple forecasting regressions for the equity factors are presented in Table
5. Starting with the HXZ factors (Panel A), we can see that there is a significant amount of
predictability in the regression for IA as the null of joint no-predictability from the four predictors
is strongly rejected (p-value of 1%) and the explanatory ratio is 3%. We do not reject the null of
joint no-predictability in the case of the other factors, including ROE, as the p-values are always
above 10%. In terms of individual significance, only the slopes associated with VS and TB in
the regression corresponding with future IA are significant at the 5% level. This arises from the
multicollinearity induced by the correlation among the predictors, which is especially relevant when
it comes to forecast ROE as none of the coefficients (including the slopes associated with TB and
IK) is significant at the 10% level.

The predictability results associated with the FF factors indicate stronger forecasting power.
Specifically, there are three factors (HML, RMW, and CMA) in which the null of no joint predictabil-
ity from the four instruments is rejected at the 5% or 1% levels. In terms of individual marginal
significance, VS helps to predict CMA, while the slopes associated with RREL are significant in
the regressions for all five factors. On the other hand, in contrast with the evidence for the single
regressions, there is no significance at the 5% level for both NTIS and RD, which again should be a
consequence of multicollinearity (the positive slope of RD is marginally significant in the regression
for HML).2!

Overall, the results in this subsection indicate that there is a relevant share of multivariate
predictability from the lagged macro variables for the equity factors. This predictability is stronger

for the profitability (especially RMW), investment, and value factors.

V. DMain results

In this section, we test the two conditional multifactor models presented above by using a broad

cross-section of stock returns. Our focus is more on assessing the impact of conditioning information

21The positive correlation between RD and future HML is consistent with the empirical and theoretical evidence
that both variables are countercyclical (see, e.g., Gomes, Kogan, and Zhang (2003), Petkova and Zhang (2005),
Zhang (2005), and Stivers and Sun (2010)).
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in the performance of each model rather than conducting a formal comparison of conditional models.

A. Return Spreads

As a preliminary exercise, we assess whether the loadings associated with the original equity factors
are time-varying. This justifies testing the conditional models in the first place. Hence, we conduct
Wald tests to assess if the loadings on the four scaled factors associated with a given factor (e.g.,
the four scaled factors corresponding to IA) are jointly statistically significant. The testing assets
employed are the spreads high-minus-low for each of the 25 market anomalies. The results presented
and discussed in the online appendix suggest that the betas associated with the scaled factors within
both HXZ and FF are statistically significant in most cases. Hence, it makes sense to conduct
conditional asset pricing tests in order to evaluate these two multifactor models.

We estimate time-series regressions for each factor model applied to the spreads high-minus-low
in returns. The alphas for the return spreads associated with both the unconditional and conditional
multifactor models are presented in Table 6. Results presented in the online appendix show that all
the 25 alphas associated with the baseline CAPM are statistically significant, thus confirming that
the single-factor model in its unconditional form cannot explain any of these 25 patterns in stock
returns.?? The conditional CAPM based on VS, TB, IK, and RD does not significantly improve
the corresponding baseline model as only in one case (GPA spread) is the respective alpha not
significant at the 5% level (still, there is significance at the 10% level). These results are in line
with previous evidence showing that the conditional CAPM is not a valid answer for explaining
cross-sectional equity risk premia (see Lewellen and Nagel (2006)).

The benchmark conditional HXZ model (with four instruments) improves marginally the baseline
four-factor model of Hou et al. (2015), (2017), with a mean absolute alpha (across the 25 spreads)
of 0.19% (versus 0.20%). Among the major changes relative to the unconditional model, the alphas
associated with both the BM and DUR return spreads become significant at the 5% level. In
opposite direction, the ABR* and NOA return spreads produce insignificant alphas under the
conditional model. Interestingly, the alpha estimate associated with the BM return spread becomes
insignificant in the conditional HXZ specification based on a single instrument (IK), while the

corresponding mean absolute alpha is the same as in the augmented model (0.19%). The scaled

22This is why these patterns in cross-sectional returns are often denominated as CAPM or market anomalies.
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HXZ based on TB produces a similar average pricing error, yet with more significant alphas (six
in total). This provides preliminary evidence that adding more instruments does not necessarily
improve the performance of the conditional HXZ model. On the other hand, the scaled model based
on RD does not seem to improve the unconditional model in terms of pricing the 25 return spreads,
with an average alpha of 0.21%.

The results for the scaled FF models (based on VS, RREL, NTIS, and RD) show that the
benchmark conditional model (with four instruments) registers an improvement against the respective
unconditional model of Fama and French (2015), (2016), with 12 significant alphas and a mean
absolute alpha of 0.29% (compared to 14 and 0.33%, respectively, for the unscaled model). The
main changes occur for the IM and NSI spreads, whose alphas become insignificant under the
conditional tests. The single-instrument conditional FF models based on VS and NTIS perform
slightly worse than the corresponding augmented model with mean alphas of 0.31%, with the return
spreads corresponding to NSI (both scaled models) and IM (version based on NTIS) being now
significant at the 5% level. The conditional model corresponding to RREL seems to be the worst
performer among the scaled FF models with a mean absolute alpha of 0.34% and 14 return spreads
with significant alphas, thus indicating that it does not improve the baseline model. We can also see
that the alphas associated with the ABR and OA return spreads are statistically significant across
both the benchmark and single-instrument conditional specifications associated with both HXZ and
FF.

Overall, the evidence from Table 6 suggests that using conditioning information has a small
positive impact on the performance of the two multifactor models. The model that registers the
greatest improvement relative to the corresponding unconditional tests is the five-factor model. Yet,

HXZ shows the best overall performance under both the unconditional and conditional tests.

B. Full Cross-Section of Stock Returns

Analyzing the spreads high-minus-low in average returns is important because a large portion of the
cross-sectional variation in average returns is associated with the extreme first and last deciles within
each portfolio group. Nevertheless, this represents a rather incomplete picture of the cross-section
of average returns since it ignores all the remaining deciles within each anomaly. For this reason, we

assess the explanatory power of the different factor models for all the deciles associated with each
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anomaly, which represents a total of 248 portfolios.

The results are presented in Table 7. First, both versions of the conditional CAPM cannot
really outperform the baseline CAPM as indicated by the negative R2C estimates, which shows that
the scaled CAPM does worse than a trivial model that predicts constant equity risk-premia in the
cross-section. The benchmark conditional HXZ model improves considerably the performance of the
corresponding unconditional model as indicated by the MAA and R% estimates of 0.09% and 52%,
respectively (which compare to 0.11% and 30%, respectively, for the baseline four-factor model).
This represents an economically significant gain in fit for the large cross-section of 248 portfolios
that arises by incorporating conditioning information. Moreover, the gain in R% is also statistically
significant (at the 10% level). There are 28 individual portfolios with significant alphas in the
conditional model compared to 39 in the unconditional case. Moreover, there are 13 anomalies
or portfolio groups in which the conditional model passes the specification test, compared to only

seven anomalies for the baseline four-factor model.

Turning to the single-instrument conditional HXZ models, the specification that performs better
is the one using IK as instrument, with an average alpha of 0.10% and a R% of 48%, which nearly
matches the fit of the augmented HXZ. This suggests there is a good deal of overlapping among the
alternative instruments and scaled factors in terms of explaining cross-sectional risk premia and
it is consistent with the results obtained for the return spreads discussed above. Moreover, that
single-instrument model is not formally rejected in 12 of the 25 anomalies. This performance signals
an economically significant improvement relative to the unconditional HXZ. Yet, the conditional
models based on either VS or RD also register a sizable gain in terms of explaining risk premia
relative to the baseline model: a substantial fraction (around 40%) of the cross-sectional variation
in equity risk premia is explained by the factor loadings associated with those scaled models. The
single-instrument model that produces the smaller improvement relative to the four-factor model is
the one based on TB, with an explanatory ratio of 33% and seven anomalies in which the model is

not formally rejected (same as in the baseline case).??

The results presented in Panel B of Table 7 indicate that using conditioning information also

23 As discussed in Section II., the scaled factors can originate from time-varying risk prices or time-varying conditional
factor loadings in which both are affine in the lagged instrument. Hence, the fact that a given instrument (e.g., TB)
forecasts factor risk premia does not necessarily imply that the corresponding scaled factor explains cross-sectional
risk premia.
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produces a considerable improvement in the performance of the FF model: the average alpha and
R% estimates associated with the augmented conditional FF model are 0.10% and 27%, respectively,
which compare to 0.11% and 7%, respectively, for the baseline five-factor model. This rise in fit is
statistically significant (10% level) and of similar magnitude to that observed for the conditional
HXZ model (around 20 percentage points), representing also a substantial improvement relative to
both the baseline and scaled CAPM. Turning to the single-instrument scaled FF models, we can
see the specification based on VS dominates the other versions as suggested by the explanatory
ratio of 19% and 46 significant alphas. The versions associated with NTIS and RD have a weaker
performance, but the R% estimates around 10% suggests that these two instruments contribute in a
non-negligible way for the fit of the augmented scaled FF model. On the other end of the spectrum,
the conditional FF based on RREL does not seem to improve the baseline five-factor model, with a
R%; around zero (4%) and as many as 56 significant alphas, which is consistent with the performance
for the return spreads discussed above. This suggests that the choice of instruments can have a
relevant impact in the performance of conditional factor models. Indeed, instruments with high
forecasting power for factor risk premia (e.g., RREL) do not necessarily translate into scaled factors
with high predictive power for cross-sectional risk premia. On the other hand, instruments like
the value spread do have consistent predictive power in both the time-series and cross-sectional
dimensions.

When it comes to comparing the two conditional multifactor models, the augmented conditional
HXZ appears to clearly dominate the augmented conditional FF in terms of explaining cross-sectional
dispersion in risk premia, as indicated by the difference in R% estimates (a gap around 25 percentage
points), and this difference is statistically significant at the 10% level (p-values reported in the
online appendix). Moreover, the conditional HXZ also produces a smaller number of portfolios with
significant alphas (28 versus 43) and a larger number of anomalies in which the specification test is
passed (13 versus 9). Comparing the two scaled models when the sole conditioning variable is either
VS or RD allows for a sharper comparison since the instrument is common in both models. Results
presented in the online appendix show that the scaled HXZ model outperforms the scaled FF in
both specifications, with the differences in R% being significant at the 10% and 5% levels when the
instruments are VS and RD, respectively.

Overall, the results of this subsection indicate that using conditioning information improves in a
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relevant way the performance of the two multifactor models for the broad cross-section of stock
returns. The increased explanatory power is similar across both multifactor models. However, the
conditional HXZ model clearly dominates when it comes to explaining the cross-sectional dispersion
in risk premia as indicated by the substantially larger explanatory ratios. Our results suggest
that IK is the most important instrument for the performance of the conditional HXZ model,
while VS seems to be the most relevant instrument in terms of driving the fit of the augmented
conditional FF model.?* Furthermore, our results also show a substantial larger improvement in
model’s performance (by adding conditioning information) in comparison to the tests for return
spreads documented in the last subsection. This confirms the importance of looking at the full
cross-section of portfolios (rather than focusing only at the very extreme deciles within each portfolio
group) and shows that cross-sectional dispersion in risk premia is not exclusively concentrated in

these extreme deciles.

C. Categories

Next, we estimate the conditional factor models by categories of anomalies, whose results appear in
Table 8.

We conclude that using conditioning information tends to deteriorate the performance of the
HXZ model in terms of pricing the three value-growth anomalies (BM, DUR, and CFP): the average
alpha increases from 0.10% to values in the 0.12-0.13% range (depending on the instruments used),
while the cross-sectional R? declines from 36% to values in the 9-30% range. The exception is the
scaled model based on TB, which produces a marginally better fit (explanatory ratio of 41%) than
the baseline model. In comparison, the fit of both the augmented conditional FF model and the
single-instrument versions based on VS and RD is slightly higher than the corresponding baseline
model, as indicated by the decline in average alpha (from 0.08% to 0.06-0.07%) and the increase in
the explanatory ratio from 66% to 72-79%. Hence, the conditional FF models seem to dominate the
conditional HXZ models when it comes to explaining the value-growth anomalies and the difference
in R% estimates across the two models is significant when we use the augmented specifications

as well as the single-instrument models based on VS (results provided in the online appendix).

24We estimate a conditional version of the four-factor model of Carhart (1997). Unreported results show that using
conditioning information has a negligible effect in the models’s performance in terms of explaining the 25 anomalies.
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Moreover, all five versions of the conditional FF model pass the specification test for the three
value-growth anomalies (in contrast to the conditional HXZ models).

Using instruments improves substantially the performance of the five-factor model for the five
momentum anomalies (MOM, SUE, ABR, IM, and ABR*), particularly when we consider the
augmented version containing four instruments: the average alpha declines from 0.16% to 0.13%,
while the cross-sectional R? rises from negative (-33%) to marginally positive values (7%), with
such improvement being statistically significant (5% level). Yet, as with the unscaled model, the
benchmark conditional FF model is rejected by the x2-test in the estimation with each of the
five momentum groups. Further, all the four single-instrument specifications produce negative R%
estimates (although significantly less negative than the baseline FF model when the conditioning
variable is VS with the gain in fit being statistically significant). This means that those conditional
models perform worse than a trivial model that predicts constant cross-sectional momentum risk
premia. Apart from the model scaled by TB, the improvement in the performance of HXZ (resulting
from adding the scaled factors) for the momentum anomalies seems economically significant: the
explanatory ratios vary between 53% (conditional model based on RD) and 66% (augmented
specification), compared to 42% for the unconditional model. Yet, none of these gains is statistically
significant at the 10% level, which suggests high statistical uncertainty when it comes to pricing
momentum risk premia. Still, the benchmark conditional HXZ is not formally rejected when tested
on three (out of the five) momentum anomalies, and there are only three individual portfolios with
significant alphas (compared to 12 in the augmented conditional FF model). These results suggest
a sharp dominance of HXZ relative to FF when it comes to pricing the five momentum anomalies
even after incorporating conditioning information (despite the significant gain in performance of the
second model by incorporating the scaled factors). Indeed, the results reported in the appendix
indicate that the spread in explanatory ratios between the two models is strongly significant (5%
level) when we use VS or RD as scaling variables as well as when comparing both augmented scaled
models.

In comparison to the momentum anomalies, the scaled factors have a smaller impact in the
performance of HXZ for the four profitability-based anomalies (ROE, GPA, NEI, and RS): the
average alphas associated with both the augmented conditional model and the specification based

on IK (0.08-0.09%) are very close to the corresponding estimate for the unconditional model, while
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the explanatory ratios increase marginally from 48% to values in the 56-58% range. These two
conditional specifications are not rejected by the y2-test in the estimation with three of the four
profitability groups. On the other hand, the conditional HXZ models based on TB, RD, and VS do
not improve the performance of the baseline four-factor model (R% in the 45-49% range). Using
conditioning information has nearly no impact in the performance of the five-factor model for the
profitability anomalies as the R% estimates are negative in the augmented conditional model as well
as in the single-instrument models based on RREL, NTIS, and VS, similarly to the baseline model.
In the case of the model based on NTIS, the mean alpha is around 0.11%, while the explanatory
ratio is around zero (2%). Therefore, these results also suggest that the conditional HXZ models
clearly outperform the conditional FF models in terms of explaining the four profitability anomalies,
with the gap in fit assuming similar magnitudes to the case of the momentum anomalies (around
60 percentage points). In fact, the positive gaps in R% estimates between the two models are
statistically significant at the 5% level when comparing the augmented models as well as the versions
based on VS and RD.

Using conditioning information has a significant positive effect in the performance of both
multifactor models for the larger group of 11 investment-based anomalies. This is especially true for
HXZ, with average alphas varying between 0.09% (augmented model) and 0.10% (versions based on
VS and IK), compared to 0.11% for the baseline model. The range for the RQC estimates is between
33% (version based on VS) and 48% (four-instrument model), which represents an economically
significant gain relative to the fit of the unscaled HXZ model (10%). This gain in performance
is statistically significant (at the 10% or 5% level) in the cases of the augmented HXZ as well as
the version scaled by IK, while being borderline insignificant in the version based on VS (p-value
marginally above 10%). The number of individually significant alphas is in the 11-14 range for
these three scaled models compared to 20 in the baseline case. In comparison, the models scaled
by either TB or RD do not improve significantly the baseline model. The augmented conditional
FF model outperforms the corresponding baseline model in a relevant way, as indicated by the
R2, of 31% (compared to 18% in the baseline case). The scaled FF based on VS also improves the
performance of the baseline model as suggested by the R% estimate of 26%, while the remaining
three single-instrument versions do not add explanatory power (explanatory ratios in the 16-20%

interval). By comparing the performance of the two augmented conditional models, we can see that
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HXZ dominates FF, although by a significantly smaller margin than in the cases of the momentum
and profitability anomalies (which can also be seen by the fact that both models are not formally
rejected in four of the 11 investment-based anomalies). Indeed, the spreads in RZ between the two
models are not significant at the 10% level (as shown in the online appendix).

Finally, we assess the models’ performance for the two anomalies related to intangibles (OCA
and OL). We can see that both the augmented conditional HXZ and the version based on IK
improve the baseline model by a considerable margin: the explanatory ratios are in the 54-65%
range (compared to 11% in the baseline case), while the mean alpha is 0.09% (compared to 0.12%).
Moreover, these gains in RZ are statistically significant (10% or 5% level). The scaled HXZ based
on VS also outperforms considerably the baseline model (M AA = 0.11% and R% = 42%), and this
gain is insignificant by a small margin (p-value of 11%). Using conditioning information improves
the performance of the FF model for the 20 portfolios as indicated by the MAA of 0.08% (compared
to 0.10% in the baseline case) and the explanatory ratio of 35% (versus 18%), when we use the four
instruments. Yet, this level of fit is substantially smaller than that associated with the augmented
scaled HXZ and the difference in RZ, (relative to the baseline FF model) is not statistically significant.
The single-instrument FF specifications based on RREL, RD, and NTIS offer a marginal incremental
explanatory power relative to the baseline model (explanatory ratio in the 21-24% range), but the
same does not occur with the specification associated with VS (RZ = 15%). In terms of comparing
the scaled HXZ and FF models, the former model deliver higher Ré estimates but the differences
are not significant at the 10% level.

By comparing the single-instrument HXZ models, we can see that the version based on IK
dominates the other specifications across the profitability, intangibles, and investment (by a smaller
margin in the latter case) anomalies. When it comes to explaining the momentum anomalies, the
models scaled by VS and IK deliver a similar performance, while in the case of the value-growth
anomalies the model based on TB achieves the best fit. In the case of the conditional FF models,
the specification based on VS tends to outperform the other versions when it comes to pricing the
momentum and investment anomalies, while the model scaled by NTIS seems to dominate in terms
of explaining the profitability and intangibles anomalies.

The improved pricing of momentum-based anomalies for the scaled FF model stems largely

from the fact that RMW is updated only annually. Conditioning enables a monthly version of
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RMW, improving its ability to capture the time-varying momentum premium. Profitability is
important in capturing momentum because winner stocks are likely profitable stocks with good
growth opportunities, whereas loser stocks likely lack such options. Growth opportunities resemble
in nature to financial call options, and hence their moneyness (capture by their loadings with respect
to either ROE or RMW) is positively related to their risk.

Relatedly, Liu and Zhang (2014) find that winners have higher expected investment growth
and higher expected marginal productivity of capital (see also Maio and Philip (2018) for further
related evidence). Intuitively, high expected future value of capital (which means higher expected
investment) next period (relative to investment this period) implies higher riskiness. Similarly,
high expected capital productivity relative to current investment also signals higher risk. It is
plausible that high profitability firms have both features. That is, high current profitability implies
high expected profitability (see Hou et al. (2015)). Moreover, high profitability is also associated
with higher expected investment (see Hou et al. (2018). Therefore an updated RMW might have
a substantial advantage over the unscaled RMW in pricing momentum-related anomalies. An
alternative explanation is related to Johnson (2002). According to Johnson (2002), stock prices
are convex in growth rates, and given that winners are likely to have experienced positive growth
rate shocks, they are riskier. This explanation is also consistent with the substantial improvement
of the scaled FF model in terms of pricing the momentum-related anomalies.

We conjecture that the improvement of the conditional HXZ in describing the investment
anomaly is partially due to conditioning on the value spread. The value spread is the spread in
book-to-market ratios and hence is a proxy for the dispersion in growth options. Therefore, at times
of high value spread, investing firms are exercising valuable growth options, entailing a sharp fall in
their risk. On the other hand, low investment firms are likely particularly highly operationally (or
financially) levered during times of large value spreads, implying they are particularly risky in such
times.

Overall, the results of this subsection indicate that there is significant heterogeneity in the
performance of the two multifactor models across groups of anomalies. On one hand, using
conditioning information improves the performance of HXZ for the investment, intangibles, and
momentum anomalies, while the performance of FF improves substantially in terms of explaining the

momentum and investment anomalies. On the other hand, the scaled factors do not help HXZ and FF
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(or even have a negative impact) in terms of explaining the value-growth and profitability anomalies,
respectively.?> With regards to relative performance, our results suggest that the conditional HXZ
model outperforms the scaled FF model in terms of explaining the momentum and profitability
anomalies, while the inverse holds when it comes to pricing the group of value-growth anomalies.
The scaled HXZ also produces higher explanatory ratios than the scaled FF in the estimation with
the investment and intangibles anomaly groups, yet the gaps in fit are not statistically significant in

those cases.

D. Selected Anomalies

Next, we assess the performance of the two multifactor models for a selected number of relevant
market anomalies. We select nine anomalies with magnitudes of average spreads high-minus-low
above 0.50% per month (see Table 3). These include the spreads associated with BM, DUR, MOM,
ABR, IM, ROE, NSI, CEI, and OCA. Thus, these nine portfolio groups represent each of the five
categories described in Section III.. In principle, these anomalies are more difficult to explain than
the remaining anomalies given the largest spreads in average returns among the extreme deciles.
We also include ABR*, NOA, and OA given the evidence above showing that the return spreads
associated with these three anomalies are not explained by both unconditional multifactor models.

The results for the two multifactor models tested on each of the 12 anomalies referred above
are presented in Table 9. To keep the table readable, we only present results for selected single-
instrument conditional specifications associated with both HXZ and FF. Incorporating conditioning
information improves significantly the performance of HXZ in terms of pricing the ABR, ABR*,
NOA, OA, and OCA deciles as the the R% estimates increase by around or more than 20 percentage
points relative to the fit in the baseline four-factor model and these differences in R2C are statistically
significant at the 5% in most cases (in the case of ABR*, there is significance at the 10% level). This
rise in fit is especially notable in the case of the OA deciles as the R% rises from a very negative
estimate (—1.05%) to a positive (albeit quite modest) fit when one uses the four instruments (5%).

Moreover, the augmented conditional HXZ passes the specification test (at the 5% level) in the

25The improved performance in terms of pricing the momentum anomalies of both models in their conditional
forms is consistent with evidence of time-variation in momentum profits (e.g., Chordia and Shivakumar (2002)). The
improved performance of the conditional models in pricing the investment-related anomalies is consistent with time
variation in the cross-sectional dispersion of growth options.
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estimations with the DUR, IM, ABR*, CEI, and OCA deciles.

The scaled FF model outperforms the respective unconditional model by a big margin when it
comes to pricing the MOM and IM deciles as indicated by the positive explanatory ratios (21%
and 53%, respectively), although only in the latter case the gain in R% is statistically significant
(5% level). There is also a substantial rise in fit in the estimation with the ABR, ABR*, and OA
deciles. Yet, such improvement is not enough to warrant a positive performance of the conditional
FF since the explanatory ratios are still negative in all three cases. Moreover, the gain in R% is
only statistically significant in the estimation with the OA deciles. The augmented conditional FF
is not rejected by the x2-test when the testing assets are BM and DUR, thus confirming the good
performance for the value-growth anomalies.

At the other end of the spectrum, adding the scaled factors seems to hurt the performance of
HXZ when it comes to explaining the BM, DUR, ROE, and NSI deciles as indicated by the lower R%
estimates (relative to the baseline model), although these differences are not statistically different
from zero. On the other hand, the augmented scaled FF model produces lower explanatory ratios
than the corresponding unconditional model when it comes to pricing the ROE and NSI deciles, but
again these gaps in R% are not statistically significant.

Turning to the single-instrument HXZ specifications, we can see that the version based on IK
seems to dominate the model based on VS when it comes to pricing the DUR, OA, and OCA
deciles: the positive spreads in cross-sectional R? are above or around 20 percentage points, which
is consistent with the evidence above for the full cross-section. The model scaled by IK dominates
statistically the baseline model in terms of pricing the NOA, OA, and OCA deciles, while in the
case of the model scaled by VS, such dominance only occurs in the estimation with the OA deciles.
In what relates the single-instrument FF models, the results suggest that the version based on VS
outperforms the specification associated with NTIS when it comes to pricing the MOM, IM, and
NOA deciles, while an inverse pattern holds in the estimation with the OA deciles. However, these
two conditional models do not outperform in statistical terms the baseline FF model for any of these
12 anomalies (marginally so for the version based on VS in the estimation with the IM portfolios).

The good performance of the scaled models also holds for some of the other anomalies studies in
this paper. Results presented in the online appendix show that the augmented scaled HXZ generates

statistically significant gains in R% (relative to the baseline model) in terms of pricing the GPA, OL,
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IA, PIA, and IVG deciles. A similar pattern holds for the single-instrument model based on IK when
it comes to pricing the first four of these anomalies in addition to the RS deciles. On the other hand,
the model scaled by VS generates statistically significant gains when it comes to price the GPA,
PIA, and IVG deciles. Turning to the five-factor model, the gain in performance of the augmented
scaled FF model (relative to the five-factor model) is statistically significant in the estimation with
the GPA, POA, PTA, and RS deciles. Yet, in the case of the single-instrument FF model based
on VS the difference in cross-sectional R? is statistically significant only in the estimation with
the GPA deciles, while in the version based on NT'IS there are no significant gains in R% for any
of these 13 anomalies. This suggests that excluding some of the scaled factors affects more the
performance of the conditional FF model in comparison to the scaled HXZ model. Moreover, these
results also suggest that the critical instruments for the performance of the augmented scaled HXZ
are VS and IK, while in the case of the augmented scaled FF model the other two instruments
(RREL and RD) also seem to play a relevant role for its pricing performance.

Overall, the results of this subsection are in line with the evidence above showing that the role
of conditioning information is especially important in driving the performance of both models for
the momentum and investment-based anomalies and the intangibles anomalies (in the case of HXZ).
However, this role is less relevant in terms of improving the performance (and is actually negative

in some cases) of HXZ and FF for the value-growth and profitability anomalies, respectively.

V1. Sensitivity Analysis

In this section, we present some robustness checks to the results presented in the last section.

A. Alternative Conditional Specifications

We estimate the conditional HXZ and FF models by using alternative instruments. First, we replace
IK by the log earnings yield (EP) in the augmented conditional HXZ, while NTIS is substituted by
CAY in the conditional FF model. The rationale for using these instruments is that EP is borderline
insignificant (at the 10% level) when it comes to predicting ROE (¢-ratio=1.61), while CAY helps
to predict a significant rise in RMW, as shown in Table 4.

The results reported in the online appendix are similar to the corresponding results for the
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benchmark conditional models. Specifically, we obtain MAA and R% estimates of 0.10% and
49%, respectively for the augmented conditional HXZ (based on VS, TB, EP, and RD), while
the corresponding estimates for the four-instrument conditional FF (based on VS, RREL, CAY,
and RD) are 0.10% and 28%, respectively. It turns out that the pricing performance of the
single-instrument conditional HXZ model based on EP is quite similar to the version based on IK
(MAA = 0.10%, R% = 46%). On the other hand, the single-instrument FF version based on CAY
outperforms marginally the version based on NTIS when it comes to explaining cross-sectional
dispersion in risk premia, as indicated by the explanatory ratio of 19% (versus 12%). Hence, the
single-instrument FF models based on CAY and VS have an identical global explanatory power. In
terms of the spreads high-minus-low the results are also quite similar to those in the benchmark scaled
models: the main differences are that the return spread associated with CEI becomes significant in
the new augmented HXZ model, while the same occurs for the new augmented FF model in terms

of pricing the NSI return spread.

In the second alternative conditional tests, the lagged instruments associated with both the
scaled HXZ and FF models are TERM, DEF, DP, and TB. These conditioning variables have been
widely used in previous cross-sectional tests of conditional factor models (see, e.g., Harvey (1989),
Jagannathan and Wang (1996), Ferson and Harvey (1999), Petkova and Zhang (2005), and Maio

(2013a)), and represent traditional predictors of the aggregate equity premium.

The results tabulated in the online appendix indicate that the performance of the new augmented
HXZ (based on TERM, DEF, DP, and TB) is similar to the benchmark conditional model as indicated
by the average alpha and explanatory ratio of 0.10% and 53%, respectively. Among the single-
variable specifications, the version based on DP clearly dominates the versions based on TERM,
DEF, and TB, as indicated by the cross-sectional R? of 53%, which coincides with the fit obtained
for the corresponding augmented model.?6 This implies that the scaled HXZ models based on
TERM and DEF (as well as the case of TB already reported in the last section) improve marginally

(or do not improve) the baseline model.

Using the traditional equity premium predictors as instruments also leads to a significant rise in

the performance of the five-factor model: the mean alpha and RQC estimates are 0.09% and 34%,

26These results are consistent with the evidence in Maio (2013a) showing that a scaled factor based on the lagged
dividend yield helps explaining cross-sectional equity risk premia.
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respectively, which indicates a slightly better fit than the benchmark augmented conditional FF
model. The gain in performance relative to the unconditional FF is in the same order of magnitude
as that registered for the conditional HXZ and is economically significant. The instruments that
drive the performance of the new scaled FF are DP and TERM as indicated by the explanatory
ratios above 20% in the corresponding single-instrument specifications.?”

This conditional specification allows a more appropriate comparison between the two conditional
multifactor models, as the set of instruments is fixed across the two models. The results suggest that
the conditional HXZ clearly dominates the conditional FF when it comes to explaining cross-sectional
dispersion in risk premia, as indicated by the higher R% estimates. Turning to the anomaly return
spreads, the results displayed in the appendix confirm the positive performance of the scaled HXZ
based on DP: only three anomalies (ABR, NSI, and OA) have significant alphas. In comparison,
the single-instrument scaled FF based on DP originates 10 significant alphas (compared to 14 in the

baseline model), which is another sign of the dominance of the HXZ model in terms of explaining

the extreme deciles.

B. Alternative Sample

We estimate the conditional factor models by using a restricted sample, 1976:07 to 2013:12. This
enables to include deciles associated with four additional anomalies in the set of testing returns: Net
payout yield (NPY, Boudoukh et al. (2007)); revisions in analysts’ earnings forecasts with one-month
holding period (RE, Chan, Jegadeesh, and Lakonishok (1996)); advertisement expense-to-market
(ADM, Chan, Lakonishok, and Sougiannis (2001)); and R&D-to-market (RDM, Chan et al. (2001)).
Following Hou et al. (2015), NPY and RE belong to the larger groups of value-growth and
momentum anomalies, respectively, while ADM and RDM are included in the group of intangibles.
In total, we have 29 anomalies corresponding to 288 testing portfolios.

The results reported in the online appendix are qualitatively similar to the findings obtained
for the full sample (with 25 anomalies). Specifically, the augmented conditional HXZ produces an

explanatory ratio of 44%, which is more than twice the fit obtained for the unconditional four-factor

2TThese results also suggest that instruments with relatively weak time-series predictive power (e.g., DP, as shown in
Table 4) can originate scaled factors with large explanatory power for the cross-section of average returns. Hence, DP
can be motivated as a driving force of the (unobserved) conditional factor loading rather than a source of time-varying
factor risk premia.
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model (18%). As in the benchmark tests, the best performing single-instrument HXZ model is
the version associated with IK, with a R% of 36%, while the versions based on vs and RD, with

explanatory ratios around 30%, also outperform the baseline model.

In the restricted sample, using conditioning information has a smaller contribution to the
performance of the FF model, as indicated by the RZ of 20%, which represents an increase of about
10 percentage points relative to the fit of the baseline five-factor model (9%). As in the benchmark
tests, the key instrument for the performance of the scaled FF is VS: the explanatory ratio of
the single-instrument version based on this variable is about the same magnitude as that of the
augmented model (20%), while the other single-instrument specifications improve rather marginally
(versions based on NTIS and RD) or do not improve at all (RREL) the baseline model in terms of

explaining cross-sectional risk premia.

Regarding the new anomalies, it turns out that the alpha for the high-minus-low spread
corresponding to NPY is priced by the conditional FF models (unlike the respective baseline model),
as suggested by the insignificant alphas. A similar pattern holds for the augmented conditional HXZ
in terms of driving the RDM spread. On the other hand, both the unconditional and conditional
HXZ models price the RE and ADM spreads and the same occurs for the FF model in terms
of explaining the ADM and RDM return gaps. Hence, incorporating conditioning information
is especially important for the FF and HXZ models in terms of explaining the NPY and RDM

anomalies, respectively.

C. Time-Varying Alphas

In this subsection, we allow alphas to be time-varying following Christopherson, Ferson, and

Glassman (1998), Ferson and Harvey (1999), Ferson et al. (2008), among others,

(21) i = a0+ o vsVS: + a; TBTB: + oy 1kIKy + a; RpRDy,
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which implies that the time-series regression for the conditional CAPM (based on VS, TB, IK, and

RD) is now as follows,

Rf 1 = ipo + a;vs VSt + a; rTB: + o 1k 1Kt + a; rpRD:
+8i, M RMyy1 + Bi v, vsRMy11VSy + B; p TBRMy 1 TBy

(22) +Bi Mk RMi 111K + Bi pr RoRMi+1RDy + €4 141,

and similarly for the other factor models (and alternative conditional specification).

Since the instruments are demeaned, by taking unconditional expectations of the previous

regressions, we obtain:

E(R{ 1) = aio + Bim E(RMy11) + Biv,vs E(RM1VSy) + Bi v, mB E(RMy 11 TBy)

(23) +8i,m, 1k E(RMy111Ky) 4 B; mr,rp E(RM11RDy).

This means that to check the validity of the conditional models for unconditional risk premia, we
need to test whether the intercept is zero (a; o = 0), exactly as in the benchmark specification tested
in the previous section. In other words, non-zero alpha coeflicients on the instruments (o, # 0)
do not affect the asset pricing implications of the conditional factor model for unconditional risk
premia. Still, it could be the case that time-varying alphas can have an effect on the estimate of the
average alpha (o), which represents the unconditional pricing error, and also on the respective

standard errors.

We redo the asset pricing tests for the joint 25 anomalies by using the augmented time-series
regression presented above, which includes the four lagged instruments as regressors in each version
of the conditional factor models. Untabulated results show that the estimated alphas (intercepts)
and goodness-of-fit measures are very similar to the corresponding estimates in the benchmark tests.
These results suggest that allowing alphas to be time-varying has a negligible impact in the fit of

the conditional factor models for the cross-section of average stock returns.

33



VII. Restricted conditional models

A. Full cross-section

In this section, we estimate restricted versions of the scaled HXZ and FF models. In both groups of
conditional models, only the scaled factors associated with the investment and profitability factors
are included. The objective is to better disentangle the effect of conditioning information associated
with the investment and profitability factors in terms of driving the explanatory power of each

model for the cross-section of stock returns.

Specifically, the time-series regressions for the restricted HXZ model scaled by IK are given by

Rf i1 = i+ Bi mBMit1 + Bi MEMEi 1 + BigalAsi1 + Bipa kA1 1K

(24) +Bi RoEROE 11 + 3 RoE IKROE: 1 11K + €5 441,

and similarly for the models scaled by VS, TB, and RD. In the case of the restricted FF model

based on VS, we have

R{ i1 = i + Bi mRMit1 + BismBSMBey1 + 8 nmp HMLi 11 + B rmuwRMWy 4

(25) +6i rmw, vsRMW ;1 VS; + 8, cMaCMA 1 + Bi,.oma, vsCMA 1 VSt + €4 441,

and similarly for the models scaled by RREL, NTIS, and RD. Hence, each of these conditional
models contains only two scaled factors. We also estimate restricted versions of the augmented

scaled HXZ and FF models (based on all four instruments), which contain eight scaled factors.

The estimation results are presented in Table 10, which is similar to Table 7 above. We can see
that the performance of the restricted scaled HXZ models is very similar to that of the corresponding
models in Table 7. In particular, the MAA and R% are almost identical to the corresponding
estimates in the original scaled models. This suggests that the scaled factors associated with RM
and ME do not add significant explanatory power in terms of pricing the large cross-section of
equity risk premia. Importantly, it turns out that the gain in fit of the conditional model based on
IK (relative to the baseline HXZ) is now significant at the 10% level. This suggests that excluding

some noisy scaled factors can improve the power of the conditional asset pricing tests.

34



In the case of the scaled FF models there is a slightly larger difference in performance (relative
to the benchmark scaled models) by excluding some of the scaled factors. Specifically, for both the
augmented model and the model scaled by VS the explanatory ratios decline by around 5 percentage
points. This implies that the gain in fit of the augmented model (relative to the baseline FF) is no
longer significant at the 10% level (p-value of 11%). These results suggest that the performance of
the scaled FF is more dependent of the other scaled factors. Moreover, the scaled HXZ model tends
to achieve its performance with fewer scaled factors than the scaled FF model, which is consistent
with the evidence from Section V..

We also assess the performance of the restricted conditional models across each anomaly group.
Results presented in the online appendix show that the fit of the restricted HXZ models is quite
similar to that of the corresponding unrestricted scaled models. In the case of the augmented
model and the single-instrument models scaled by VS and IK the R% estimates are very close to
the corresponding estimates for the unrestricted models: Only in the version based on VS when
estimated on the investment group does the explanatory ratio decline by more than 5 percentage
points. Excluding some of the scaled factors has a slightly larger negative impact on the performance
of the scaled FF models, in line with the results for the full cross-section. Specifically, the explanatory
ratio declines by more than 5 percentage points for both the FF version based on VS and augmented
model (when tested on the momentum group) and the model based on NTIS (in terms of pricing
the profitability group). This implies that the gain in fit (relative to the unconditional FF) is no
longer significant (at the 10% level) for the FF scaled by VS (whereas in the case of the augmented
model there is significance (for the difference in RZ) only at the 10% level) when it comes to explain
the group of momentum anomalies.

Finally, we estimate restricted scaled models containing only one scaled factor. These models
represent special cases of the single-instrument HXZ models based on VS and IK on one hand
and the single-instrument FF models based on VS and NTIS on the other hand. Assessing the
fit of these lower-scale restricted models allows one to better discriminate which are the scaled
factors (profitability versus investment) driving the pricing performance of the models estimated
above. Untabulated results show that the explanatory ratios (for the full cross-section of stock
returns) associated with the scaled HXZ models containing ROE;;11K; and IA;11VS; as the sole

scaled factor are 36% in both cases. By comparing these values with the corresponding fit for the
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restricted models (based on two scaled factors) in Table 10, it follows that IA;1;IK; has an important
contribution in terms of pricing the average portfolio, while the incremental explanatory power
driven by ROE;1VS; is relatively marginal. On the other hand, the R% estimates for the scaled
FF models based on CMA;1VS; and RMW,, 1 NTIS; are 8% and 11%, respectively. This suggests
that RMW;11VS; helps explaining equity risk premia of the average portfolio while CMA;;1NTIS;
has no incremental pricing power for a model that already contains RMW; 1 NTIS;.

Overall, the results of this subsection suggest that the scaled profitability and investment
factors are the most relevant in terms of driving the performance of both the conditional HXZ and
FF models. This implies that the remaining scaled factors in these models are of second-order
importance at explaining cross-sectional risk premia. This pattern is especially notable in the case
of the conditional HXZ models, while in the case of the scaled FF the missing factors have some
contribution in terms of pricing several anomalies (e.g., momentum anomalies). This suggests that
the conditional HXZ model not only achieves better overall pricing performance than the scaled FF

model (as shown in the previous sections), but it also does so with fewer scaled factors.

B. Decomposing return spreads

What is the role of conditioning information in terms of driving the fit of the conditional factor
models? More specifically, which scaled factors contribute the most for the fit of each model? To
answer this question, we conduct a decomposition for the spreads high-minus-low in average returns.
Following Maio (2013b) and Maio and Santa-Clara (2017), for each spread in returns we estimate
the contribution from each factor in producing the respective alpha, which arises from computing
the respective risk premium (beta times risk price). For example, in the case of the high-minus-low
spread associated with the BM deciles, the contribution of the scaled factor 1A+ 11K, from the HXZ

model is given by

(26) E(IA;+11Ky) Bro-1,BM,IA,IK,

where B10—1,Ba,1a, 1K denotes the loading on IA;1IK; for the high-minus-low BM return spread.
For a given factor to help explaining the raw return spread, the risk premium associated with that

factor needs to have a relevant magnitude and the same sign as the original spread.
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We focus on the single-instrument restricted conditional models presented above in order to better
disentangle the contribution of each scaled factor for the model’s performance. The results tabulated
in the online appendix indicate that the scaled factors ROE;11IK; and TA;4; VS, contribute the most
to explaining the raw risk premia for the conditional HXZ models based on IK and VS, respectively.
In the case of the conditional FF model based on VS and NTIS, the most relevant scaled factors
are CMA ;1 VS, and RMW, 1 NTIS;, respectively, as indicated by the signs and magnitudes of the
respective risk premiums.

To a large extent these results support a consistency in the time-series and cross-sectional
dimensions of stock returns: an instrument produces a higher explanatory power for cross-sectional
risk premia when combined (into a scaled factor) with a raw factor for which it has greater forecasting
power in the time-series. Hence, this legitimates our method of selecting instruments based on the
time-series (univariate) predictive performance of the conditioning variables for the equity factors.
Nevertheless, the results of this subsection should be interpreted with some caution, since the
high-minus-low return spreads represent a rather incomplete picture of the broad cross-section of

equity risk premia.

VIII. Conclusion

In this paper, we test conditional factor models over a large cross-section of stock returns associated
with 25 different CAPM anomalies. These anomalies can be broadly classified as strategies related
with value, momentum, investment, profitability, and intangibles. We test conditional versions of
the CAPM, four-factor model of Hou et al. (2015), (2017) (HXZ), and the five-factor model of
Fama and French (2015), (2016) (FF). We employ alternative instruments in the construction of the
scaled factors within the conditional HXZ and FF models.

The analysis of the alphas for the 25 “high-minus-low” spreads in returns suggests that using
conditioning information has a positive impact on the performance of the two multifactor models
mentioned above. When we test the alternative models over the full cross-section of stock returns
(for a total of 248 portfolios), our results also indicate that using conditioning information improves
the performance of the two multifactor models for the broad cross-section of stock returns. The

increased explanatory power is similar across both multifactor models, however, the conditional
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HXZ model clearly dominates when it comes to explaining the cross-sectional dispersion in risk
premia as indicated by the substantially larger explanatory ratios. Our results also suggest that the
investment-to-capital ratio is the most important instrument for the performance of the conditional
HXZ model, while the value spread is the key instrument in terms of driving the fit of the augmented
conditional FF model.

We find that there is significant heterogeneity in the performance of the two multifactor models
across groups of anomalies. On one hand, using conditioning information improves the performance
of HXZ for the investment (like operating accruals, net operating assets, investment-to-assets, or
inventory growth), intangibles (like organizational capital-to-assets and operating leverage), and
momentum (like earnings momentum) anomalies. The performance of FF also improves substantially
in terms of explaining the momentum (like industry momentum) and investment-based anomalies
(like accruals-related anomalies). On the other hand, the scaled factors do not help HXZ and FF (or
even have a negative impact) in terms of explaining the value-growth and profitability anomalies,
respectively. With regards to relative performance, our results suggest that the conditional HXZ
model outperforms the scaled FF model in terms of explaining the momentum and profitability
anomalies, while the inverse holds when it comes to pricing the group of value-growth anomalies.
This suggests, that even after accounting for the role of conditioning information, the asset pricing
implications of the different versions of the investment and profitability factors are quite different
for a large cross-section of stock returns.

In the last part of the paper, we estimate restricted versions of the conditional HXZ and FF
models in which only the scaled factors associated with the investment and profitability factors
are included. The results suggest that the scaled profitability and investment factors are the most
relevant in terms of driving the performance of both the conditional HXZ and FF models. This
pattern is especially notable in the case of the conditional HXZ models, while in the case of the
scaled FF the missing factors have some contribution in terms of pricing several anomalies (e.g.,
momentum anomalies). This suggests that the conditional HXZ model not only achieves better

overall pricing performance than the scaled FF model, but it also does so with fewer scaled factors.
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Table 1: Descriptive Statistics for Equity Factors
This table reports descriptive statistics for the equity factors from alternative factor models. RM, SMB,
and HML denote the market, size, and value factors, respectively. ME, IA, and ROE represent the
Hou—Xue-Zhang size, investment, and profitability factors, respectively. RMW and CMA denote the
Fama—French profitability and investment factors. The sample is 1972:01-2013:12. ¢ designates the
first-order autocorrelation coefficient. The correlations between the factors are presented in Panel B.

Panel A. Basic Statistics

Mean (%) Std. Dev. (%) Min. (%) Max. (%) o)

RM 0.53 4.61 —23.24 16.10 0.08
ME 0.31 3.14 —14.45 22.41 0.03
IA 0.44 1.87 —7.13 9.41 0.06
ROE 0.57 2.62 —13.85 10.39 0.10
SMB 0.23 3.07 —15.26 19.05 0.03
HML 0.40 3.00 —12.61 13.88 0.15
RMW 0.29 2.25 —17.60 12.24 0.18
CMA 0.37 1.96 —6.76 8.93 0.14

Panel B. Correlations

RM ME IA ROE SMB HML RMW CMA
RM 1.00 0.25 —0.36 —0.18 025 -0.32 -023 -0.39
ME 1.00 —0.12 -0.31 098 -0.07 -038 —0.01
IA 1.00 0.06 -0.15  0.69 0.10 0.90
ROE 1.00 -0.38 —-0.09 0.67 —0.09
SMB 1.00 -0.11 -0.39 —-0.05
HML 1.00 0.15 0.70
RMW 1.00 —0.03
CMA 1.00
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Table 3: Descriptive Statistics for Spreads in Returns
This table reports descriptive statistics for the “high-minus-low” spreads in returns associated
with different portfolio classes. See Table 2 for a description of the different portfolio
sorts.  The sample is 1972:01-2013:12. ¢ designates the first-order autocorrelation coefficient.

Mean (%) Std. Dev. (%) Min. (%) Max. (%) )

BM 0.69 4.86 —14.18 20.45 0.11
DUR —0.52 4.34 —21.38 15.77 0.09
CFP 0.49 4.66 —18.95 16.26 0.02
MOM 1.17 7.21 —61.35 26.30 0.05
SUE 0.44 3.05 —14.27 12.09 —0.00
ABR 0.73 3.17 —15.80 15.32 —0.10

IM 0.54 5.09 —-33.33 20.27 0.05
ABR* 0.30 2.08 —10.45 9.86 —0.01
ROE 0.75 5.28 —26.37 29.30 0.16
GPA 0.34 3.36 —13.55 12.35 0.04
NEI 0.36 2.79 —12.10 12.21 0.00

RS 0.30 3.46 —12.85 20.08 0.07

1A —0.42 3.62 —14.39 11.83 0.04
NSI —0.69 3.28 —20.47 12.88 0.10
CEI —0.55 4.06 —16.34 17.94 0.06
PIA —0.49 3.00 —10.37 8.60 0.08

1G —0.38 2.83 —12.81 9.67 0.07
IvC —0.43 3.19 —-12.21 11.64 0.06
IVG —-0.36 3.15 —9.69 12.04 0.07
NOA —0.39 3.11 —14.26 13.45 0.02

OA -0.27 3.10 —10.39 12.81 —0.01
POA —0.43 3.12 —11.84 19.87 0.06
PTA —0.40 3.38 —11.25 19.13 0.01
OCA 0.55 3.13 —13.68 13.60 —0.02

OL 0.39 3.86 —10.34 17.37 0.11
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Table 4: Univariate Predictive Regressions for Equity Factors
This table presents the slopes and respective t¢-ratios (in parentheses) in single regressions of eq-

uity factors on lagged predictors.

The second row contains the R? associated with each regression

(in %). IA and ROE represent the Hou-Xue-Zhang investment and profitability factors, respec-

tively. RMW and CMA denote the Fama-French profitability and investment factors, respectively.

The sample is 1972:01-2013:12. The t-ratios are heteroskedasticity-robust.
tistical significance at the 5% level.

Bold t-ratios indicate sta-

For a description of the variables see the text in Section 4.

IA ROE RMW CMA

DP 0.000  (0.14)  0.00I  (0.53) —0.00 (—0.73) —0.001 (—0.75)
0.01 0.09 0.22 0.18

TERM —0.001 (—0.91) —0.002 (—1.49) 0.002  (1.68) —0.001 (—1.05)
0.17 0.49 0.56 0.24

TB 0.001  (1.34)  0.003  (2.22) —0.000 (—0.17) 0.001  (0.84)
0.28 1.04 0.00 0.13

DE 0.00L  (0.60) —0.003 (—1.56) 0.000  (0.03) —0.000 (—0.13)
0.08 1.35 0.00 0.00

NTIS  0.001  (0.76) —0.000 (—0.30) —0.002 (—1.98) 0.000  (0.42)
0.10 0.02 0.53 0.03

RD 0.002  (1.66)  0.001  (0.26)  0.002  (0.96)  0.003  (1.82)
1.32 0.05 1.07 1.91

DEF  0.000 (0.09) —0.002 (—1.49) —0.001 (—0.54) —0.000 (—0.40)
0.00 0.78 0.05 0.03

DFR  0.000  (0.04)  0.000  (0.11) —0.001 (—0.85) 0.000  (0.02)
0.00 0.01 0.20 0.00

VS 0.003  (2.61) —0.001 (—0.38) 0.001  (0.44)  0.003  (3.08)
1.93 0.07 0.15 2.70

SVAR  —0.001 (—0.79) —0.001 (—0.75) —0.000 (—0.02)  0.000  (0.46)
0.07 0.22 0.00 0.02

INF 0001  (1.22) 0.0l  (0.93)  0.000  (0.05)  0.001  (0.76)
0.24 0.16 0.00 0.10

AFFR 0001  (1.45) —0.000 (—0.37) —0.001 (—1.08) 0.001  (0.88)
0.29 0.03 0.19 0.15

RREL  0.000  (0.49) —0.001 (—0.89) —0.003 (—3.00) 0.001  (1.18)
0.04 0.15 1.32 0.26

CSV  0.001  (0.46) —0.001 (—0.67) —0.000 (—0.07) 0.001  (0.83)
0.12 0.28 0.01 0.39

YG  —0.000 (—0.32) 0003  (1.56) —0.001 (—0.88) —0.001 (—0.70)
0.03 1.13 0.21 0.13

IPG  0.000 (0.43)  0.000  (0.18) —0.002 (—1.73) —0.000 (—0.07)
0.03 0.01 0.52 0.00

EP  —0.000 (—0.25) 0003 (1.61) —0.001 (—0.84) —0.001 (—0.66)
0.02 1.18 0.19 0.11

PE  —0.000 (—0.44) —0.000 (—0.25) 0.001  (0.71)  0.000  (0.32)
0.06 0.02 0.20 0.03

BM 0.00L  (0.69)  0.001  (0.83) —0.001 (—1.35) —0.000 (—0.08)
0.11 0.18 0.43 0.00

CAY  —0.001 (—1.10) 0.001  (1.34) 0002  (2.13) —0.001 (—1.56)
0.20 0.22 0.53 0.40

IK 0.001  (0.48)  0.003  (1.92)  0.001  (0.42)  0.001  (0.92)
0.08 1.12 0.08 0.27
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Table 5: Multivariate Predictive Regressions for Equity Factors
This table presents the results for regressions of equity factors on lagged predictors. In Panel A, the
lagged instruments are the value spread (VS), one-month T-bill rate (TB), investment-capital ratio (IK),
and stock return dispersion (RD). In Panel B, the instruments are VS, RD, relative T-bill rate (RREL),
and net equity expansion (NTIS). RM, SMB, and HML denote the market, size, and value factors, re-
spectively. ME, TA, and ROE represent the Hou—Xue-Zhang size, investment, and profitability factors,
respectively. RMW and CMA denote the Fama-French profitability and investment factors. The sam-
ple is 1972:01-2013:12. For each regression, the first row presents the coefficient estimates and the
second row reports GMM-based t-ratios. R? denotes the coefficient of determination. The column la-
beled x? presents the Wald statistic (first line) and associated p-value (in parenthesis) for the test on
the joint significance of the four predictors. Bold t¢-ratios indicate statistical significance at the 5% level.

Panel A. HXZ (VS,TB,IK,RD)

VS TB IK RD R? x>

RM  —0.00l —0.001 —0.004 —0.001 0.01 4.74
(—0.46) (—0.29) (—1.43) (-0.48) (0.32)

ME 0.002 —0.000 0.000 —0.001 0.01 2.22
(1.21)  (=0.13)  (0.03) (—0.32) (0.69)

IA 0.003 0.002 —0.001  0.001  0.03 14.32
(2.33) (2.33) (—0.56) (0.82) (0.01)

ROE  —0.000  0.002 0.002 0.000 0.01 6.63
(—0.06)  (1.29) (1.25) (0.04) (0.16)

Panel B. FF (VS,RREL,NTIS,RD)

VS RREL NTIS RD R? X2

RM  —0.00 —0.004 0.000 —0.003 0.01 5.63
(-0.43) (—2.04) (0.18) (—1.02) (0.23)
SMB  0.001  —0.003  0.001 —0.001 001 7.25
(0.74)  (—2.15)  (0.56)  (—0.41) (0.12)
HML  0.001 0.004 0.001  0.004 004 12.79
(0.74)  (2.68)  (0.45)  (1.89) (0.01)
RMW  —0.001 —0.002 —0.001  0.002 0.03 15.59
(-0.32) (—2.12) (—1.24) (1.02) (0.00)
CMA  0.003 0.002  —0.001  0.001 0.04 12.36
(2.69) (2.13) (—0.81)  (0.90) (0.01)

43



Table 6: Spreads “High-minus-Low”
This table presents alphas for “high-minus-low” portfolio return spreads associated with unconditional

and conditional factor models.
models are the Hou-Xue-Zhang four-factor model (HXZ) and Fama-French five-factor model (FF).
In the conditional HXZ models, the lagged instruments are the value spread (VS), one-month T-bill

See Table 2 for a description of the different portfolio sorts.

The

rate (TB), investment-capital ratio (IK), and stock return dispersion (RD). In the conditional FF

models, the lagged instruments are VS, RD, relative T-bill rate (RREL), and net equity expansion
(NTIS). “All” refers to
ployed. The sample is

conditional models in which all the corresponding four instruments are em-
1972:01-2013:12. Bold values indicate statistical significance at the 5% level.

HXZ VS TB RD IK All FF RREL NTIS RD VS All

BM 0.23 0.38 0.22 0.32 0.36 0.42 0.04 0.06 —0.03 0.03 0.02 0.01
bUR -027 -049 -026 -032 -039 -042 -0.15 -0.12 -0.13 -0.10 -0.12 —0.06
CFP 0.22 0.36 0.21 0.31 0.34 0.36 0.07 0.10 0.03 0.03 —0.03  —0.06
MOM 0.26 0.03 0.29 0.21 0.08 0.04 1.22 1.31 1.13 1.21 1.02 1.00
SUE 0.16 0.09 0.15 0.17 0.09 —0.01 0.44 0.44 0.39 0.48 0.48 0.42
ABR 0.64 0.58 0.63 0.63 0.59 0.50 0.84 0.84 0.81 0.85 0.83 0.78
IM 0.05 —0.09 0.03 -0.02 -0.03 —0.11 0.60 0.58 0.50 0.57 0.46 0.31
ABR* 0.26 0.18 0.25 0.24 0.20 0.11 0.44 0.42 0.42 0.44 0.43 0.39
ROE 0.02 0.10 0.05 0.10 0.11 0.19 0.54 0.57 0.52 0.60 0.63 0.67
GPA 0.11 0.12 0.07 0.11 0.11 0.11 0.11 0.11 0.14 0.09 0.09 0.11
NEI 0.15 0.10 0.13 0.10 0.12 0.05 0.44 0.44 0.44 0.45 0.47 0.45
RS 0.18 0.09 0.15 0.14 0.14 0.03 0.50 0.50 0.48 0.51 0.55 0.50
IA 0.13 0.03 0.10 0.05 0.09 0.01 0.11 0.10 0.11 0.09 0.08 0.05
NSI -026 -037 -028 -037 -032 -042 -026 -027 -025 -028 -026 —0.23
CEI -021 -026 -0.22 -023 -024 -027v -020 -0.20 -0.15 —-0.16 —0.13 —0.05
PIA -024 -025 -026 -021 -0.12 -0.18 -030 -0.32 -028 -030 -032 -0.31
1G 0.07 0.03 0.02 0.09 0.08 0.01 -0.02 -0.04 -0.06 -0.01 -0.02 —-0.07
IvC -0.26 -026 -030 -0.23 -0.16 —-0.22 -034 -037 -036 -033 -036 —-0.38
VG 0.02 —0.02 0.01 0.02 0.06 0.03 -0.08 -0.09 -0.09 -0.10 -0.08 —0.09
NOA -037 -024 -032 -035 -027v —-0.18 -043 -048 -046 -043 -0.32 -0.39
OA -053 -040 -049 -047 -043 -033 -051 -052 -046 —-0.51 -0.48 -041
POA -0.11 -013 -0.10 -0.15 -0.13 -014 -0.12 -0.13 -0.09 -0.14 -0.11 -0.11
PTA -0.11 -021 -0.14 -0.16 -0.16 -—-021 —-0.06 -0.07 —-0.04 —-0.05 —-0.06 —0.03
OCA 0.11 0.17 0.14 0.12 0.14 0.23 0.30 0.33 0.32 0.31 0.33 0.41
OL —0.06 0.09 —0.04 0.04 0.02 0.05 0.02 —0.01 0.02 0.05 0.09 0.07
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Table 7: Joint Time-Series Tests
This table presents joint time-series tests of unconditional and conditional factor models. The test portfolios
are the 25 different portfolios sorts defined in Table 2. The unconditional models are the CAPM, Hou—Xue—
Zhang four-factor model (HXZ), and Fama-French five-factor model (FF). In Panel A, the lagged variables used
in the (single-instrument) conditional specifications of HXZ are the value spread (VS), one-month T-bill rate
(TB), investment-capital ratio (IK), and stock return dispersion (RD). In Panel B, the lagged variables used in
the (single-instrument) conditional specifications of FF are VS, RD, relative T-bill rate (RREL), and net equity
expansion (NTIS). “All” refers to conditional HXZ and FF models in which all the corresponding four instruments
are employed. “CAPM(AIll)” denotes the conditional CAPM containing all four instruments. The sample is 1972:01—-
2013:12. MAA denotes the mean absolute alpha. # < 0.05 represents the number of portfolios in which the alphas
are significant at the 5% level. #x? denotes the number of portfolio groups in which the model is not rejected
by the x? specification test. R% is the cross-sectional constrained R?. The numbers in parentheses represent
empirical p-values (obtained from a bootstrap simulation) for testing the null hypothesis that the difference in

RZ between each conditional multifactor model (and the corresponding unconditional model) is equal to zero.

Panel A. HXZ (VS,TB,IK,RD)

CAPM CAPM(All) HXZ VS TB IK RD All

MAA 0.15 0.13 0.11 0.10 0.10 0.10  0.11 0.09
# < 0.05 82 67 39 30 37 31 38 28
#x2 4 6 7 8 7 12 9 13

R% —0.46 —0.20 0.30  0.41 0.33 048 039  0.52

(0.21) (0.41) (0.12) (0.25) (0.07)

Panel B. FF (VS,RREL,NTIS,RD)

CAPM CAPM(AL) FF VS RREL NTIS RD All

MAA 0.15 0.14 0.11  0.11 0.11 0.11 011  0.10
# < 0.05 82 77 56 46 56 55 50 43
#x2 4 6 8 9 8 11 8 9

RZ —0.46 —0.34 0.07  0.19 0.04 0.12 010  0.27

(0.16) (0.43) (0.32) (0.41) (0.06)
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Table 9: Time-Series Tests for Selected Anomalies
This table presents time-series tests of unconditional and conditional factor models for selected individual anomalies. The
portfolios are sorted on BM, MOM, ROE, NSI, OCA, ABR, CEI, DUR, IM, ABR*, NOA, and OA. See Table 2 in the paper
for a description of the different portfolio sorts. The models are the Hou-Xue-Zhang four-factor model (HXZ) and the Fama—
French five-factor model (FF). In the conditional HXZ models, the lagged instruments are the value spread (VS), one-month
T-bill rate (TB), investment-capital ratio (IK), and stock return dispersion (RD). In the conditional FF models, the lagged
instruments are VS, RD, relative T-bill rate (RREL), and net equity expansion (NTIS). The sample is 1972:01-2013:12. MAA
denotes the mean absolute alpha. # < 0.05 represents the number of portfolios in which the alphas are significant at the
5% level. x? denotes the p-value associated with the x? specification test. RZC is the cross-sectional constrained R2. The
numbers in parentheses represent empirical p-values (obtained from a bootstrap simulation) for testing the null hypothesis that

the difference in R2c between each conditional multifactor model (and the corresponding unconditional model) is equal to zero.

BM DUR MOM ABR M ABR* ROE NSI CEI NOA OA OCA

Panel A. HXZ (Uncond.)

MAA 009 008 013 013 013 007 009 011 01L 012 015  0.12
# < 0.05 0 0 0 2 3 1 2 1 2 2 3 2

X2 022 060 001 000 004 000 002 00l 00l 000 000 0.01

R, 0.60 062 067 —008 079 00l 077 057 033 009 —1.05 0.16

Panel B. HXZ (IK)

MAA 012 013 015 011 007 007 010 011 012 009 0.12  0.10
# < 0.05 1 2 0 3 1 1 3 2 0 1 2 2

X2 012 014 001 000 018 002 000 00l 003 00l 000  0.09

RZ, 051 039 064 018 08 045 067 063 055 047 —022 0.55

(0.40) (0.28) (0.47) (0.14) (0.46) (0.12) (0.39) (0.41) (0.22) (0.06) (0.02) (0.10)
Panel C. HXZ (VS)

MAA 0.12 0.14 0.15 0.12 0.06 0.07 0.10 0.11 0.12 0.11 0.13 0.11
# < 0.05 1 2 0 3 1 0 2 1 0 2 1 2

X2 0.07 0.12 0.01 0.00 0.11 0.03 0.00 0.00 0.02 0.00 0.00 0.03

R% 0.34 0.17 0.67 0.14 0.83 0.44 0.65 0.63 0.58 0.31 —0.59 0.36

(024) (0.13) (0.49) (0.18) (0.46) (0.13) (0.37) (0.40) (0.19) (0.18) (0.09) (0.24)
Panel D. HXZ (VS,TB,IK,RD)

MAA 0.12 0.15 0.15 0.10 0.05 0.06 0.11 0.11 0.10 0.09 0.11 0.10
# < 0.05 2 5 0 2 0 1 2 1 1 1 1 0

X2 0.05 0.07 0.02 0.01 0.25 0.05 0.00 0.00 0.08 0.01 0.00 0.14

RZC 0.40 0.30 0.69 0.44 0.80 0.55 0.60 0.56 0.70 0.54 0.05 0.64

(0.33)  (0.25) (0.48) (0.02) (0.46) (0.08) (0.36) (0.51) (0.11) (0.04) (0.01) (0.05)
Panel E. FF (Uncond.)

MAA 0.05 0.05 0.23 0.16 0.23 0.08 0.11 0.11 0.10 0.11 0.13 0.11
# < 0.05 0 0 3 3 6 3 2 3 2 4 5 2

X2 0.72 0.84 0.00 0.00 0.00 0.00 0.03 0.01 0.03 0.01 0.01 0.01

R% 0.83 0.84 -0.10 -0.52 —-0.36 —1.18 0.46 0.54 0.43 0.22 —0.60 0.26

Panel F. FF (VS)

MAA 0.05 0.06 0.18 0.16 0.15 0.08 0.11 0.13 0.10 0.10 0.13 0.12
# < 0.05 0 0 1 4 3 2 2 3 1 3 3 2

x2 0.60 0.87 0.00 0.00 0.01 0.00 0.00 0.00 0.03 0.01 0.01 0.00

Ré 0.83 0.88 0.21 —0.51 0.18 —-1.21 0.34 0.50 0.50 0.41 —0.56 0.26

(0.47)  (0.43) (0.16) (0.47) (0.10) (0.50) (0.36) (0.45) (0.39) (0.18) (0.42)  (0.48)
Panel G. FF (NTIS)

MAA 0.07 0.05 0.22 0.16 0.22 0.08 0.10 0.11 0.10 0.12 0.12 0.11
# < 0.05 0 0 4 3 7 3 2 3 2 4 3 2

X2 0.80 0.64 0.00 0.00 0.00 0.00 0.08 0.01 0.05 0.01 0.02 0.02

R2C 0.85 0.81 0.02 -0.45 -0.07 -1.15 0.52 0.51 0.46 0.11 —-0.33 0.31

(0.45)  (0.48) (0.35) (0.36) (0.23) (0.44) (0.41) (0.44) (0.44) (0.32) (0.18)  (0.39)
Panel H. FF (VS,RREL,NTIS,RD)

MAA 0.04 0.05 0.17 0.15 0.14 0.07 0.13 0.13 0.10 0.10 0.11 0.10
# < 0.05 0 0 1 4 4 2 2 4 1 3 2 2

x? 0.92 0.79 0.00 0.00 0.02 0.00 0.00 0.00 0.03 0.01 0.02 0.01

R% 0.89 0.85 0.21 —-0.31 0.53 —0.91 0.26 0.44 0.51 0.30 —0.08 0.35

(0.41) (0.45) (0.17) (0.15) (0.03) (0.19) (0.31) (0.37) (0.35) (0.32) (0.05) (0.30)
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Table 10: Joint Time-Series Tests: Restricted Conditional Models
This table presents joint time-series tests of restricted conditional factor models. The test portfolios are the 25 different
portfolios sorts defined in Table 2. The unconditional models are the Hou-Xue-Zhang four-factor model (HXZ) and
Fama-French five-factor model (FF). In Panel A, the lagged variables used in the (single-instrument) conditional speci-
fications of HXZ are the value spread (VS), one-month T-bill rate (TB), investment-capital ratio (IK), and stock return
dispersion (RD). In Panel B, the lagged variables used in the (single-instrument) conditional specifications of FF are VS,
RD, relative T-bill rate (RREL), and net equity expansion (NTIS). “All” refers to conditional HXZ and FF models in
which all the corresponding four instruments are employed. Only the investment and profitability factors in both models
are scaled. The sample is 1972:01-2013:12. MAA denotes the mean absolute alpha. # < 0.05 represents the number of
portfolios in which the alphas are significant at the 5% level. #x? denotes the number of portfolio groups in which the
model is not rejected by the x? specification test. RZ is the cross-sectional constrained R?. The numbers in parentheses
represent empirical p-values (obtained from a bootstrap simulation) for testing the null hypothesis that the difference

in RZ between each conditional multifactor model (and the corresponding unconditional model) is equal to zero.

Panel A. HXZ (VS,TB,IK,RD)

HXZ VS TB IK RD All

MAA 0.11  0.10 0.10 0.10 0.10  0.09
#<0.05 39 33 39 31 39 28
#x° 7 8 8 12 9 12

RZ 0.30  0.40 0.32 048 038  0.50

(0.22) (0.44) (0.10) (0.28) (0.07)

Panel B. FF (VS,RREL,NTIS,RD)

FF VS RREL NTIS RD All
MAA 0.11 0.11 0.11 0.11 0.11 0.10

# <005 56 50 56 53 50 46
#x° 8 8 8 8 8 9
R 0.07  0.15 0.11 0.10 0.10 0.22

(0.25) (0.38) (0.40) (0.40) (0.11)
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Figure 1: Investment and Profitability Factor Premia
This figure plots the time-series for the fitted values of the equity factors, which are obtained from regressing
the factors on a lagged instrument. The factors are the investment (IA and CMA) and profitability (ROE and
RMW) factors. The instrument associated with both IA and CMA is the value spread (VS). In the regres-
sions for ROE and RMW, the instruments are investment-capital ratio (IK) and net equity expansion (NTIS),
respectively. The sample period is 1972:01-2013:12. The vertical lines indicate the NBER recession periods.

49



References

Ang, A., and D. Kristensen. “Testing Conditional Factor Models.” Journal of Financial Economics,

106 (2012), 132-156.

Avramov, D., and T. Chordia. “Asset Pricing Models and Financial Market Anomalies.” Review of

Financial Studies, 19 (2006), 1001-1040.

Barth, M. E.; J. A. Elliott; and M. W. Finn. “Market Rewards Associated with Patterns of Increasing

Earnings.” Journal of Accounting Research, 37 (1999), 387-413.

Bekaert, G., and J. Liu. “Conditioning Information and Variance Bounds on Pricing Kernels.”

Review of Financial Studies, 17 (2004), 339-378.

Belo, F., and X. Lin. “The Inventory Growth Spread.” Review of Financial Studies, 25 (2011),

278-313.

Boguth, O.; M. Carlson; A. Fisher; and M. Simutin. “Conditional Risk and Performance Evaluation:
Volatility Timing, Overconditioning, and New Estimates of Momentum Alphas.” Journal of

Financial Economics, 102 (2011), 363-389.

Boudoukh, J.; R. Michaely; M. Richardson; and M. R. Roberts. “On the Importance of Measuring

Payout Policy: Implications for Empirical Asset Pricing.” Journal of Finance, 62 (2007), 877-915.

Brandt, M. W., and P. Santa-Clara. “Dynamic Portfolio Selection by Augmenting the Asset Space.”
Journal of Finance, 61 (2006), 2187-2217.

Campbell, J. Y. “A Variance Decomposition for Stock Returns.” Economic Journal, 101 (1991),

157-179.

Campbell, J. Y., and J. H. Cochrane. “By Force of Habit: A Consumption-Based Explanation of
Aggregate Stock Market Behavior.” Journal of Political Economy, 107 (1999), 205-251.

Campbell, J. Y., and S. B. Thompson. “Predicting Excess Stock Returns Out of Sample: Can

Anything Beat the Historical Average?” Review of Financial Studies, 21 (2008), 1509-1531.

50



Campbell, J. Y., and T. Vuolteenaho. “Bad Beta, Good Beta.” American Economic Review, 94

(2004), 1249-1275.

Carhart, M. M. “On Persistence in Mutual Fund Performance.” Journal of Finance, 52 (1997),

D7-82.

Carlson, M.; A. Fisher; and R. Giammarino. “Corporate Investment and Asset Price Dynamics:
Implications for SEO Event Studies and Long-Run Performance.” Journal of Finance, 61 (2006),
1009-1034.

Chan, L. K. C.; N. Jegadeesh; and J. Lakonishok. “Momentum Strategies.” Journal of Finance, 51
(1996), 1681-1713.

Chan, L. K. C.; J. Lakonishok; and T. Sougiannis. “The Stock Market Valuation of Research and

Development Expenditures.” Journal of Finance, 56 (2001), 2431-2456.

Chordia, T., and L. Shivakumar. “Momentum, Business Cycle, and Time-Varying Expected Returns.”

Journal of Finance, 57 (2002), 985-1019.

Christopherson, J. A.; W. E. Ferson; and D. A. Glassman. “Conditioning Manager Alphas on
Economic Information: Another Look at the Persistence of Performance.” Review of Financial

Studies, 11 (1998), 111-142.

Cochrane, J. H. “Production-Based Asset Pricing and the Link between Stock Returns and Economic

Fluctuations.” Journal of Finance, 46 (1991), 209-237.

Cochrane, J. H. “A Cross-Sectional Test of an Investment-Based Asset Pricing Model.” Journal of
Political Economy, 104 (1996), 572-621.

Cochrane, J. H. Asset Pricing, rev. ed. Princeton, NJ: Princeton University Press (2005).

Cohen, R. B.; C. Polk; and T. Vuolteenaho. “The Value Spread.” Journal of Finance, 58 (2003),
609-641.

Cooper, 1. “Asset Pricing Implications of Nonconvex Adjustment Costs and Irreversibility of

Investment.” Journal of Finance, 61 (2006), 139-170.

51



Cooper, 1., and P. Maio. “Asset Growth, Profitability, and Investment Opportunities.” Management

Science, Forthcoming.

Cooper, M. J.; H. Gulen; and M. S. Schill. “Asset Growth and the Cross-Section of Stock Returns.”
Journal of Finance, 63 (2008), 1609-1651.

Cooper, M. J.; R. C. Gutierrez Jr; and A. Hameed. “Market States and Momentum.” Journal of

Finance, 59 (2004), 1345-1365.

Daniel, K., and S. Titman. “Market Reactions to Tangible and Intangible Information.” Journal of

Finance, 61 (2006), 1605-1643.

Dechow, P. M.; R. G. Sloan; and M. T. Soliman. “Implied Equity Duration: A New Measure of

Equity Risk.” Review of Accounting Studies, 9 (2004), 197-228.

Dumas, B., and B. Solnik. “The World Price of Foreign Exchange Risk.” Journal of Finance, 50
(1995), 445-479.

FEisfeldt, A. L., and D. Papanikolaou. “Organizational Capital and the Cross-Section of Expected
Returns.” Journal of Finance, 68 (2013), 1365-1406.

Fama, E. F., and K. R. French. “Common Risk Factors in the Returns on Stocks and Bonds.”

Journal of Financial Economics, 33 (1993), 3-56.

Fama, E. F., and K. R. French. “Multifactor Explanations of Asset Pricing Anomalies.” Journal of

Finance, 51 (1996), 55-84.

Fama, E. F., and K. R. French. “A Five-Factor Asset Pricing Model.” Journal of Financial Economics,

116 (2015), 1-22.

Fama, E. F., and K. R. French. “Dissecting Anomalies with a Five-Factor Model.” Review of

Financial Studies, 29 (2016), 69-103.

Fama, E. F., and G. W. Schwert. “Asset Returns and Inflation.” Journal of Financial Economics, 5

(1977), 115-146.

Fazzari, S. M.; R. G. Hubbard; and B. C. Petersen. “Financing Constraints and Corporate Invest-

ment.” Brookings Papers of Economic Activity, 1 (1988), 141--195.

92



Ferson, W. E.; and C. R. Harvey. “Conditioning Variables and the Cross Section of Stock Returns.”

Journal of Finance, 54 (1999), 1325-1360.

Ferson, W. E.; S. Kandel; and R. F. Stambaugh. “Tests of Asset Pricing with Time-Varying Expected
Risk Premiums and Market Betas.” Journal of Finance, 42 (1987), 201-220.

Ferson, W. E.; S. Sarkissian; and T. Simin. “Spurious Regressions in Financial Economics?” Journal

of Finance, 58 (2003), 1393-1413.

Ferson, W. E.; S. Sarkissian; and T. Simin. “Asset Pricing Models with Conditional Betas and
Alphas: The Effects of Data Snooping and Spurious Regression.” Journal of Financial and
Quantitative Analysis, 43 (2008), 331-354.

Ferson, W. E.; and R. W. Schadt. “Measuring Fund Strategy and Performance in Changing Economic
Conditions.” Journal of Finance, 51 (1996), 425-461.

Foster, G.; C. Olsen; and T. Shevlin. “Earnings Releases, Anomalies, and the Behavior of Security

Returns.” Accounting Review, 59 (1984), 574-603.

Ghysels, E. “On Stable Factor Structures in the Pricing of Risk: Do Time-Varying Betas Help or
Hurt?” Journal of Finance, 53 (1998), 549-573.

Gibbons, M. R.; S. A. Ross; and J. Shanken. “A Test of the Efficiency of a Given Portfolio.”
Econometrica, 57 (1989), 1121-1152.

Gomes, J.; L. Kogan; and L. Zhang. “Equilibrium Cross Section of Returns.” Journal of Political

Economy, 111 (2003), 693-732.

Gourio, F., and A. K. Kashyap. “Investment Spikes: New Facts and a General Equilibrium

Exploration.” Journal of Monetary Economics, 54 (2007), 1-22.

Gulen, H.; Y. Xing; and L. Zhang. “Value versus Growth: Time-Varying Expected Stock Returns.”
Financial Management, 40 (2011), 381-407.

Hafzalla, N.; R. Lundholm; and E. M. Van Winkle. “Percent Accruals.” Accounting Review, 86
(2011), 209-236.

93



Hansen, L. P., and S. F. Richard. “The Role of Conditioning Information in Deducing Testable

Restrictions Implied by Dynamic Asset Pricing Models.” Econometrica, 55 (1987), 587-613.

Harvey, C. R. “Time-Varying Conditional Covariances in Tests of Asset Pricing Models.” Journal of

Financial Economics, 24 (1989), 289-317.

Haugen, R. A., and N. L. Baker. “Commonality in the Determinants of Expected Stock Returns.”
Journal of Financial Economics, 41 (1996), 401-439.

He, J.; R. Kan; L. Ng; and C. Zhang. “Tests of the Relations among Marketwide Factors, Firm-
Specific Variables, and Stock Returns Using a Conditional Asset Pricing Model.” Journal of
Finance, 51 (1996), 1891-1908.

Hirshleifer, D.; K. Hou; S. H. Teoh; and Y. Zhang. “Do Investors Overvalue Firms with Bloated

Balance Sheets?” Journal of Accounting and Economics, 38 (2004), 297-331.

Hodrick, R. J. “Dividend Yields and Expected Stock Returns: Alternative Procedures for Inference

and Measurement.” Review of Financial Studies, 5 (1992), 357-386.

Hou, K.; H. Mo; C. Xue; and L. Zhang. “The Economics of Value Investing.” Working Paper, Ohio

State University (2018).

Hou, K.; C. Xue; and L. Zhang. “Digesting Anomalies: An Investment Approach.” Review of
Financial Studies, 28 (2015), 650-705.

Hou, K.; C. Xue; and L. Zhang. “Replicating Anomalies.” Working Paper, Ohio State University
(2017).

Jagannathan, R., and Y. Wang. “Lazy Investors, Discretionary Consumption, and the Cross-Section

of Stock Returns.” Journal of Finance, 62 (2007), 1623-1661.

Jagannathan, R., and Z. Wang. “The Conditional CAPM and the Cross-Section of Expected
Returns.” Journal of Finance, 51 (1996), 3-53.

Jegadeesh, N., and J. Livnat. “Revenue Surprises and Stock Returns.” Journal of Accounting and

Economics, 41 (2006), 147-171.

o4



Johnson, T. C. “Rational Momentum Effects.” Journal of Finance, 57 (2002), 585-608.

Kan, R.; C. Robotti; and J. Shanken. “Pricing Model Performance and the Two-Pass Cross-Sectional

Regression Methodology.” Journal of Finance, 68 (2013), 2617-2649.

Kan, R., and C. Zhang. “Two-Pass Tests of Asset Pricing Models with Useless Factors.” Journal of

Finance, 54 (1999), 203-235.

Lakonishok, J.; A. Shleifer; and R. W. Vishny. “Contrarian Investment, Extrapolation, and Risk.”

Journal of Finance, 49 (1994), 1541-1578.
Lamont, O. “Earnings and Expected Returns.” Journal of Finance 53 (1998), 1563-1587.

Lettau, M., and S. C. Ludvigson. “Resurrecting the (C)CAPM: A Cross Sectional Test When Risk
Premia Are Time-Varying.” Journal of Political Economy, 109 (2001), 1238-1287.

Lewellen, J. “The Time-Series Relations among Expected Return, Risk, and Book-to-Market.”

Journal of Financial Economics, 54 (1999), 5-43.

Lewellen, J., and S. Nagel. “The Conditional CAPM Does Not Explain Asset-Pricing Anomalies.”
Journal of Financial Economics, 82 (2006), 289-314.

Lewellen, J.; S. Nagel; and J. Shanken. “A Skeptical Appraisal of Asset-Pricing Tests.” Journal of
Financial Economics, 96 (2010), 175-194.

Lintner, J. “The Valuation of Risk Assets and the Selection of Risky Investments in Stock Portfolios

and Capital Budgets.” Review of Economics and Statistics, 47 (1965), 13-37.

Liu, N., and L. Zhang. “Is the Value Spread a Useful Predictor of Returns?” Journal of Financial

Markets, 11 (2008), 199-227.

Liu, L. X., and L. Zhang. “A Neoclassical Interpretation of Momentum.” Journal of Monetary

Economics 67 (2014), 109-128.

Lyandres, E.; L. Sun; and L. Zhang. “The New Issues Puzzle: Testing the Investment-Based
Explanation.” Review of Financial Studies, 21 (2008), 2825-2855.

95



Maio, P. “Intertemporal CAPM with Conditioning Variables.” Management Science, 59 (2013a),
122-141.

Maio, P. “Return Decomposition and the Intertemporal CAPM.” Journal of Banking and Finance,
37 (2013b), 4958-4972.

Maio, P. “Don’t Fight the Fed!” Review of Finance, 18 (2014), 623-679.

Maio, P. “Cross-Sectional Return Dispersion and the Equity Premium.” Journal of Financial Markets,

29 (2016), 87-109.

Maio, P. “Comparing Asset Pricing Models with Traded and Macro Risk Factors” Working Paper,
Hanken School of Economics (2018).

Maio, P., and D. Philip. “Economic Activity and Momentum Profits: Further Evidence” Journal of
Banking and Finance 88 (2018), 466-482.

Maio, P., and P. Santa-Clara. “Multifactor Models and Their Consistency with the I[CAPM.” Journal
of Financial Economics, 106 (2012), 586-613.

Maio, P., and P. Santa-Clara. “Dividend Yields, Dividend Growth, and Return Predictability in the

Cross-Section of Stocks.” Journal of Financial and Quantitative Analysis, 50 (2015), 33-60.

Maio, P., and P. Santa-Clara. “Short-Term Interest Rates and Stock Market Anomalies.” Journal of

Financial and Quantitative Analysis, 52 (2017), 927-961.

Moskowitz, T. J., and M. Grinblatt. “Do Industries Explain Momentum?” Journal of Finance, 54

(1999), 1249-1290.

Nagel, S., and K. J. Singleton. “Estimation and Evaluation of Conditional Asset Pricing Models.”
Journal of Finance, 66 (2011), 873-909.

Novy-Marx, R. “Operating leverage.” Review of Finance, 15 (2011), 103-134.

Novy-Marx, R. “The Other Side of Value: The Gross Profitability Premium.” Journal of Financial
Economics, 108 (2013), 1-28.

56



Petkova, R., and L. Zhang. “Is Value Riskier than Growth?” Journal of Financial Economics, 78

(2005), 187-202.

Pontiff, J., and A. Woodgate. “Share Issuance and Cross-Sectional Returns.” Journal of Finance, 63

(2008), 921-945.

Rosenberg, B.; K. Reid; and R. Lanstein. “Persuasive Evidence of Market Inefficiency.” Journal of

Portfolio Management, 11 (1985), 9-17.

Sagi, J. S., and M. S. Seasholes. “Firm-Specific Attributes and the Cross-Section of Momentum.”

Journal of Financial Economics, 84 (2007), 389-434.

Shanken, J. “Intertemporal Asset Pricing: An Empirical Investigation.” Journal of Econometrics, 45

(1990), 99-120.

Sharpe, W. F. “Capital Asset Prices: A Theory of Market Equilibrium under Conditions of Risk.”

Journal of Finance, 19 (1964), 425-442.

Sloan, R. G. “Do Stock Prices Fully Reflect Information in Accruals and Cash Flows about Future

Earnings?” Accounting Review, 71 (1996), 289-315.

Stivers, C., and L. Sun. “Cross-Sectional Return Dispersion and Time Variation in Value and

Momentum Premiums.” Journal of Financial and Quantitative Analysis, 45 (2010), 987-1014.

Thomas, J. K., and H. Zhang. “Inventory Changes and Future Returns.” Review of Accounting
Studies, 7 (2002), 163-187.

Wang, K. Q. “Asset Pricing with Conditioning Information: A New Test.” Journal of Finance, 58
(2003), 161-195.

Welch, 1., and A. Goyal. “A Comprehensive Look at the Empirical Performance of Equity Premium
Prediction.” Review of Financial Studies, 21 (2008), 1455-1508.

Xing, Y. “Interpreting the Value Effect through the Q-Theory: An Empirical Investigation.” Review
of Financial Studies, 21 (2008), 1767-1795.

Zhang, L. “The Value Premium.” Journal of Finance, 60 (2005), 67-104.

o7



	Introduction
	Conditional Factor Models
	Theoretical Background
	Models

	Data and Methodology
	Data
	Methodology

	Predicting Factors
	Selecting Instruments
	Forecasting Factor Risk Premia

	Main results
	Return Spreads
	Full Cross-Section of Stock Returns
	Categories
	Selected Anomalies

	Sensitivity Analysis
	Alternative Conditional Specifications
	Alternative Sample
	Time-Varying Alphas

	Restricted conditional models
	Full cross-section
	Decomposing return spreads

	Conclusion



