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Abstract

We revisit the asset pricing tests conducted in Lettau and Ludvigson (2001) (LL). Con-

trary to LL’s claim, their conditional models based on cay do not explain the dispersion in

risk premia among the size/book-to-market portfolios. The pricing performance is either very

poor (conditional CAPM/Consumption-CAPM) or quite modest (conditional Human-capital-

CAPM), with all models largely underperforming the Fama–French model. Furthermore, the

risk price estimates for the scaled factors are insignificant in several cases. When the zero-

beta-rate is unrestricted, we obtain average pricing errors that are similar or above the raw

average risk premia. Alternatively, LL’s extreme intercept estimates are inconsistent with the

equity premium puzzle. Employing alternative test portfolios and evaluating the identification

of the risk prices substantially reinforces the negative outlook on their results. LL’s models

also perform poorly out-of-sample. Overall, LL’s wrong conclusions stem from a combination

of incorrect empirical choices and a misinterpretation of their results.
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1 Introduction

In an influential study, Lettau and Ludvigson (2001) (LL henceforth) claim that conditional

versions of the CAPM or Consumption-CAPM (CCAPM) based on the lagged log consumption-

to-wealth ratio (cay) go a long way in pricing the 25 size/book-to-market portfolios, and thus in

explaining the value-growth anomaly. Specifically, they write in their abstract: “We demonstrate

that such conditional models perform far better than unconditional specifications and about as

well as the Fama-French three-factor model on portfolios sorted by size and book-to-market char-

acteristics. The conditional consumption CAPM can account for the difference in returns between

low-book-to-market and high-book-to-market portfolios...”

We revisit LL’s empirical evidence by conducting a replication (in both a narrow and a broad

sense) of their cross-sectional tests. That is, we rely on the same sample period and testing portfo-

lios, but offer a more complete and appropriate picture in terms of empirical methods and empirical

choices. Our conclusions are straightforward: Contrary to LL’s claim, their three conditional mod-

els based on cay do not explain the dispersion in risk premia among the 25 portfolios. Indeed, their

pricing performance is either very poor (for both the three-factor conditional CAPM and condi-

tional CCAPM) or it is quite modest (for the five-factor conditional version of the human-capital

CAPM (HCAPM)). Moreover, all three conditional models underperform to a very large degree

the benchmark Fama–French three-factor model (FF3).

Below, we summarize the main issues with LL’s empirical asset pricing tests. First, LL do not

report the results for the specification with a restricted zero-beta rate, which is consistent with

the underlying theoretical model (under the usual assumption that there is a risk-free asset). By

estimating the cross-sectional regressions without an intercept, we obtain a negative cross-sectional

R2 for the conditional consumption model (LL3*), while the fit for the scaled CAPM (LL3) is

very close to zero. This reveals a very negative pricing performance, that is, these two models do

either worse or nearly about the same as a trivial factor model containing solely a constant. In

the case of the conditional HCAPM (designated by LL5), the corresponding explanatory ratio is

positive, but the magnitude is quite modest (29%), representing less than half the fit obtained for

FF3 (80%). Importantly, we cannot reject the null that such a level of fit is equal to zero by relying

on a bootstrap simulation that offers good size and power properties.
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Second, LL incorrectly interpret the intercept estimates (which reflect severe model misspecifica-

tion) as part of the risk premium explained by each model rather than as part of the corresponding

pricing errors. By including the intercept estimates in the definition of mispricing, we obtain av-

erage absolute pricing errors that are actually around or above the average raw risk premium for

all three conditional models, with estimates varying between 95% (for LL3) and 168% (for LL5).

These estimates of relative mispricing are very large in economic terms and represent a clear re-

jection of the three scaled models. To have another perspective on the degree of empirical failure

of LL’s models, those extreme relative average pricing errors arise from the very large intercept

estimates, which are above 2% per quarter (or roughly 8% per year) in all three cases. These

extreme estimates of the “excess zero-beta rate”, if taken seriously, would imply that the equity

premium puzzle of Mehra and Prescott (1985) is not really a puzzle, that is the aggregate equity

premium would be much smaller than what we find in the data when using the observed risk-free

rate.

Third, LL do not provide the individual stochastic discount factors (SDF) coefficient (or equiva-

lently, the covariance risk price) estimates. By estimating the covariance representation of LL5, we

find that the risk price estimate for the scaled labor income factor is strongly insignificant. Hence,

such a factor is not significantly correlated with the corresponding SDF, and thus it is irrelevant

(in statistical terms) to price risk premia.

Fourth, LL actually downplay some of the adverse results reported in their paper. One example

is the statistical insignificance of the (beta) risk price estimates for both scaled factors (within their

five-factor model) when one relies on the standard errors proposed by Shanken (1992).

To put the previous results into perspective, we employ alternative test portfolios when eval-

uating the pricing performance of LL’s models, which can be interpreted as an “out-of-sample”

evaluation of these models at the cross-sectional dimension. Concretely, we consider decile port-

folios sorted on three stock characteristics—book-to-market ratio, investment, and operating prof-

itability. We use LL’s original sample period, as well as a longer sample period that ends in 2013.

Overall, the conditional models from LL are not able to explain portfolios sorted on investment and

operating profitability (in addition to the value portfolios). Importantly, LL’s models underperform

the reference model for this new cross-section (the five-factor model of Fama and French (2015)

or FF5) to a large extent. On the other hand, the risk price estimates for the three scaled factors
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are insignificant in most cases. Thus, if something, the picture looks even more adverse than in the

estimation with the baseline 25 portfolios.

Furthermore, we inspect whether the risk prices in LL’s models are identified by conducting

rank tests on the respective factor loadings. The results indicate that the risk price estimates

(and pricing errors) associated with LL’s conditional models are largely questionable, including the

estimations conducted over the more relevant cross-section of 30 portfolios. This further reinforces

the negative outlook on the empirical performance and credibility of LL’s models.

We also conduct Monte-Carlo experiments to inspect the relationship between missing factors

in the model and the cross-sectional intercept to help us understand the empirical results discussed

above. The simulation results show that model misspecification has an important role in terms of

driving large intercept estimates, in line with the empirical evidence produced by LL’s models.

In the last part of the paper, we evaluate the out-of-sample pricing performance of LL’s models

over the time-series dimension by comparing predicted risk premia (from the models estimated in

sample) with one-quarter ahead realized excess returns. The results show that LL’s models have a

weak out-of-sample performance, underperforming the reference models (either FF3 or FF5) by a

large degree in nearly all cases.

Several studies in the literature have estimated or inspected LL’s conditional models. Among

these papers, Lewellen et al. (2010) estimate LL’s three-factor conditional CCAPM over the

1963–2004 period and assess the statistical significance of the corresponding cross-sectional R2 (see

their Section 4). In related work, Lewellen and Nagel (2006) claim (in their Section 5) that this

same model is inconsistent with the underlying consumption CAPM. Yet, Lewellen and Nagel

(2006) do not perform any formal estimation and evaluation of the scaled CCAPM, which makes

their proposition somewhat speculative and difficult to judge. Importantly, none of these two

studies address any of the main issues associated with LL’s analysis that are discussed above—e.g.,

not reporting the results for the restricted zero-beta-rate specification, exclusion of the intercept

estimates from the pricing errors, or not reporting the covariance risk price estimates.

The rest of this paper is organized as follows. Section 2 describes the theoretical and empirical

backgrounds. Section 3 presents the main asset pricing results, while Section 4 presents the results

for the covariance representation of the conditional models. In Section 5, we consider alternative

test portfolios, while Section 6 evaluates the identification of the risk prices in LL’s models. Section
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7 contains a Monte-Carlo analysis, while Section 8 refers to an out-of-sample evaluation of LL’s

models. Finally, Section 9 concludes.

2 Background

2.1 Theory and Models

Assume that there is a gross-risk free rate between t and t+1, denoted by Rf,t, which is known at

the end of period t. The excess return for asset i is defined as Rei,t+1 ≡ Ri,t+1−Rf,t. Working with

excess returns represents the norm in the literature and has the advantage of leaving no room for a

constant term in the pricing equation, as long as the unobserved zero-beta rate equals the risk-free

rate (the common assumption in the literature). Lettau and Ludvigson (2001) (LL henceforth)

assume a linear stochastic discount factor (SDF) with time-varying coefficients. To simplify the

notation, we consider the following single-factor model with a single instrument,

Mt+1 = at + btFt+1, (1)

where at = γ0 + γ1zt, bt = η0 + η1zt, and zt is the conditioning variable, which is observed at time

t. Hence, the SDF can be rewritten as

Mt+1 = γ0 + γ1zt + η0Ft+1 + η1Ft+1zt. (2)

By taking unconditional expectations to both sides of the conditional SDF representation, we

obtain an equivalent unconditional representation,

0 = Et(R
e
i,t+1Mt+1)⇒ 0 = E(Rei,t+1Mt+1), (3)

by using the law of iterated expectations.

The equivalent covariance pricing equation is given by

E(Rei,t+1) = −E(Rf,t) cov(Rei,t+1,Mt+1), (4)
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where we use the equality between the average gross risk-free rate and the reciprocal of the mean

SDF, E(Rf,t) = 1/E(Mt+1). By substituting the SDF above in this general pricing equation, we

obtain the following three-factor model,

E(Rei,t+1) = γz cov(Rei,t+1, zt) + γf cov(Rei,t+1, Ft+1) + γfz cov(Rei,t+1, Ft+1zt), (5)

where γz ≡ −E(Rf,t)γ1, γf ≡ −E(Rf,t)η0, and γfz ≡ −E(Rf,t)η1 denote the covariance risk prices.

The risk prices coincide with (minus) the SDF coefficients up to a constant close to one, E(Rf,t) ≈ 1.

Equivalently, we can define the pricing equation in terms of multivariate betas, which is the

representation estimated by LL. First, we define the covariance representation as follows,

E(Rei,t+1) = γ ′σi, (6)

where γ ≡ (γz, γf , γfz)
′ is the vector of risk prices and

σi ≡ [cov(Rei,t+1, zt), cov(Rei,t+1, Ft+1), cov(Rei,t+1, Ft+1zt)]
′, (7)

denotes the vector of factor covariances for asset i. Denoting the (3× 3) factor variance-covariance

matrix by Σf , it follows that the pricing equation can be written as

E(Rei,t+1) = γ ′ΣfΣ
−1
f σi = λ′βi, (8)

where λ ≡ Σfγ is the (3× 1) vector of (beta) risk prices and βi ≡ Σ−1
f σi is the (3× 1) vector of

factor betas. This pricing equation can be rewritten as

E(Rei,t+1) = λzβzi + λfβfi + λfzβfzi, (9)

where the factor betas are obtained from the following multiple time-series regression:

Rei,t+1 = δi + βzizt + βfiFt+1 + βfziFt+1zt + εi,t+1. (10)

This derivation makes clear that the factors used in the computation of the multivariate betas
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need to be the very same factors included in the pricing equation. Otherwise, we have an inconsis-

tency between the model being estimated and the underlying “theoretical” pricing equation.

In the empirical analysis conducted in the following sections, we consider the three conditional

factor models estimated by LL. The first model is the three-factor conditional CAPM (LL3 hence-

forth),

E(Rei,t+1) = λzβzi + λvwβvwi + λvwzβvwzi, (11)

where λvw and λvwz denote the risk prices for the raw and scaled market factors, respectively.

βvwi and βvwzi represent the corresponding factor loadings. λz and βzi denotes the risk price and

beta for the lagged instrument as a separate factor. The baseline CAPM is obtained by setting

λz = λvwz = 0.

The second conditional model is the five-factor conditional human-capital-CAPM (LL5 hence-

forth),

E(Rei,t+1) = λzβzi + λvwβvwi + λvwzβvwzi + λ∆yβ∆yi + λ∆yzβ∆yzi, (12)

where λ∆y and λ∆yz denote the risk prices for the original and scaled labor income growth factors,

respectively. β∆yi and β∆yzi represent the corresponding factor loadings. The baseline two-factor

human-capital-CAPM (HCAPM) is obtained by imposing λz = λvwz = λ∆yz = 0.

The last conditional model represents a scaled version of the Consumption-CAPM (LL3* hence-

forth),

E(Rei,t+1) = λzβzi + λ∆cβ∆ci + λ∆czβ∆czi, (13)

where λ∆c and λ∆cz denote the risk prices for the raw and scaled consumption growth factors,

respectively. The respective betas are β∆ci and β∆czi. The baseline CCAPM is obtained by setting

λz = λ∆cz = 0.

Finally, and following LL, we also estimate the three-factor model of Fama and French (1993)

(henceforth, FF3), which acts as the reference model.

2.2 Methodology

Following LL, we use the two-pass ordinary least squares (OLS) regression approach to estimate

the different factor models (e.g., Brennan et al. , 2004, Cochrane , 2005, among many others).
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Taking LL3 as an example, in the first step the factor betas are estimated from the time-series

regressions for each testing portfolio,

Rei,t+1 = δi + βzizt + βvwiRvw,t+1 + βvwziRvw,t+1zt + εi,t+1, (14)

where Rvw denotes the baseline market factor (excess market return). In the second step, the beta

representation is estimated from an OLS cross-sectional regression,

µi = λ0 + λzβ̂zi + λvwβ̂vwi + λvwzβ̂vwzi + αi, (15)

where µi represents the average (time-series) excess return for asset i, αi denotes the respective

pricing error, and β̂zi, β̂vwi, and β̂vwzi represent the factor loading estimates for asset i.1 We

estimate the cross-sectional regression both with and without the intercept (λ0). The t-statistics

associated with the risk price estimates are based on Shanken’s standard errors (Shanken , 1992),

which account for the estimation error in the factor loadings.2

Following LL, we compute the cross-sectional OLS coefficient of determination,

R2 = 1− VarN (α̂i)

VarN (µi)
, (16)

where VarN (·) stands for the cross-sectional sample variance.3 R2 represents the fraction of the

cross-sectional variation in the average excess returns (on the test assets) that is explained by the

factor loadings associated with a given model.4 Following Lewellen et al. (2010) and Guo and

1Throughout the paper, we use a “hat” to denote a sample estimate.
2LL also consider the t-ratios based on the standard errors from Fama and MacBeth (1973). We do not consider

these standard errors, as it is well known that the Shanken’s standard errors tend to be more conservative (e.g., Kan
et al. , 2013).

3α̂i represents the residual from the cross-sectional regression, albeit we often designate it by “pricing error.”
4Following LL, we do not consider the case in which the second-step cross-sectional regression is estimated by GLS

(rather than OLS), an approach that is advocated by Kandel and Stambaugh (1995) and Lewellen et al. (2010),
among others. The reason is that, similarly to LL, we are interested in assessing the capacity of the conditional
models in explaining the original 25 portfolios, which are associated with the size and value anomalies, rather than
explaining a mean-variance transformation of those same portfolios (“repackaged portfolios”). Importantly, it is often
the case that the repackaged portfolios involve extreme weights on the original portfolios, which makes the former
difficult to be implemented in practice. For these reasons, and despite Lewellen et al. (2010), the bulk of the
literature still focuses nowadays on the OLS (rather than the GLS) cross-sectional regression when estimating and
evaluating linear models that contain non-traded factors. As discussed in Cochrane (2005), if all the factors in the
model are traded, it follows that the GLS risk price estimates (obtained from a cross-section that includes the factors
as test assets) coincide with the sample factor means (that is, the implied risk price estimates when using the popular
time-series approach). Yet, the corresponding GLS cross-sectional pricing errors do not measure the capacity of the
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Maio (2020), to address the statistical uncertainty associated with the sample R2, we compute

empirical p-values based on a bootstrap simulation. The empirical p-value represents the fraction

of artificial samples in which the pseudo explanatory ratio is higher than the corresponding sample

R2. Our simulation extends the bootstrap employed in Guo and Maio (2020) in two aspects. First,

we impose the restriction that the risk prices (but not the intercept) of a given model are zero,

something that is consistent with the null of no pricing ability, when simulating the (realized) excess

portfolio returns. Second, we impose a common resampling on all portfolio returns and factors, to

allow for a possible correlation among both sets of variables. Appendix A.1 contains the complete

description of the bootstrap simulation.

Despite representing an intuitive goodness-of-fit measure, the cross-sectional R2 might be mis-

leading. For example, we can have a situation in which the pricing errors are large (in magnitude),

but close to each other, thus originating a small value of VarN (α̂i), and thus a high R2. On the

other hand, we can have a situation in which the risk premia does not vary much across the testing

assets (i.e., a low value of VarN (µi)), thus originating a low R2 despite the small magnitudes of the

pricing errors. Moreover, R2 might be sensitive to outlier test assets, that is, assets having pricing

errors and risk premia that deviate substantially from those of the other portfolios. Therefore, we

also compute the mean absolute pricing error (MAE),

MAE = EN (|α̂i|), (17)

where EN (·) stands for the cross-sectional sample mean.5 MAE does not suffer from some of the

problems associated with R2 described above. However, one key disadvantage of MAE is that it

represents a measure of absolute pricing performance. Thus, it could be the case that the average

pricing error seems economically significant (i.e., assumes a large magnitude), yet such an estimate

is small in comparison to the cross-sectional average risk premium that we seek to explain in the

first place. To address such an important limitation, we also compute the MAE/MAR ratio,

where MAR is the mean absolute raw risk premium, MAR = EN (|µi|). This metric measures the

mispricing as a proportion of the mean raw (absolute) risk premia to be explained, and (similar to

model in terms of explaining the original test portfolios of economic interest. Importantly, the three conditional
models employed by LL contain non-traded factors.

5LL report the root mean squared pricing error in their Table 4. Yet, the two average pricing error metrics are
very similar.
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R2) represents a measure of relative pricing performance.6

When the cross-sectional regression contains the intercept, we include the “excess zero-beta”

rate estimate (λ̂0) in the definition of the “pricing error” (e.g., Burnside , 2011 and Maio , 2024).

This choice comes from acknowledging that the intercept should be interpreted as a specification

error (“common pricing error”), and thus handled in the same way as the cross-sectional residual.

This implies that the mean absolute pricing error becomes:

MAE = EN (|α̂i + λ̂0|). (18)

Since EN (α̂i) = 0, the intercept estimate represents the mean pricing error. In comparison,

R2 is not affected by the inclusion of the intercept in the pricing errors, as it is based on centered

(rather than uncentered) cross-sectional second moments.

LL’s empirical approach has several key differences relative to the standard two-step approach

described above. First, they introduce a decoupling between the factors used in the time-series

regressions and those employed in the cross-sectional regression, a procedure that is theoretically

invalid. Specifically, in the estimation of their two-factor conditional CAPM that excludes the

lagged instrument, both β̂vwi and β̂vwzi are obtained from a regression that also includes the lagged

instrument,

Rei,t+1 = δi + βzizt + βvwiRvw,t+1 + βvwziRvw,t+1zt + εi,t+1, (19)

instead of a bivariate regression that excludes such a variable. Given that both Rvw,t+1 and

Rvw,t+1zt have non-zero correlations with zt, it follows that both β̂vwi and β̂vwzi differ from the

“correct” estimates, which in turn has an impact on the second-pass risk price estimates and as-

sociated pricing errors. Such a procedure is theoretically incorrect and difficult to accept (even by

the standards of the asset pricing literature back in 2001).7 LL argue in their footnote 25 that the

reason for including cay in the time-series regression is that the corresponding SDF coefficient (b)

may be non-zero despite the beta risk price (λ) being zero. This argument makes no sense. In

6In our empirical analysis in the next section, it turns out that MAR is equal to the mean risk premium, MAR =
EN (µi), as all testing portfolios have positive risk premia (i.e., positive average excess returns).

7Note that the pricing errors (and thus the aggregate performance metrics) are the same under the multivariate-
and single-beta representations of a given linear asset pricing model. However, such an equivalence does not hold
when the multivariate betas are estimated from time-series regressions that incorporate “outside” factors, that is,
factors that are not in the model.
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multifactor models, there can exist a discrepancy between the covariance and beta prices of risk

(and also in their statistical significance) due to the non-zero correlations among the factors (and

this is the reason why we also estimate covariance risk prices in our empirical analysis). However,

this issue has no connection with the (wrong) practice of including outside factors (factors that do

not belong to the model) when computing the (multivariate) betas for the relevant factors (those

that are in the model). In fact, we are not aware of another study in the literature that adopts such

a decoupling in the factors used in the time-series and cross-sectional regressions (when estimat-

ing the multivariate beta representation of a given model). Moreover, the decoupling between the

factors included in the time-series and cross-sectional regressions has an impact on the standard

errors of the risk price estimates.8 In light of this discussion, we do not attempt to replicate the

results for LL’s scaled models that exclude the lagged instrument as a factor, a choice that is also

consistent with the theoretical derivations above.

A second major issue with LL’s empirical approach is that they do not report the estimation

results when the “excess zero-beta rate” is constrained to zero, λ0 = 0. As noted above, restricting

the intercept to zero is consistent with the underlying theoretical model under the assumption that

there is a risk-free asset, thus implying that a risky asset with zero factor loadings earns a zero risk

premium. There are several other important advantages of restricting the intercept to zero. First, it

allows a proper comparison with APT-based equity models (containing exclusively traded factors),

such as FF3. These models are traditionally estimated under the time-series method in which

the intercept (in the corresponding cross-sectional pricing equation obtained from the time-series

regressions of the testing realized excess returns onto the factors) is implicitly restricted to zero

(e.g., Fama and French , 1993, 1996, Cochrane , 2005, among many others).9 Second, the presence

of the intercept in the cross-sectional regression often creates (near perfect) multicollinearity, which

is driven by the small cross-sectional dispersion in the betas for several factors in the literature

(with most macro factors and the market factor being notable examples). This often leads to

largely implausible factor risk price estimates from an economic perspective, such as negative

8Concretely, the Shanken’s standard errors are derived under the (usual) assumption that the decoupling docu-
mented above does not exist. Indeed, the GMM-based derivation of the Shanken’s correction presented in Cochrane
(2005) (Chapter 12) makes clear that such a decoupling is not possible. Thus, what LL label as “Shanken’s standard
errors” do not actually represent Shanken’s standard errors. Relatedly, several studies have shown that Shanken’s
standard errors are invalid in the context of misspecified models (e.g., Kan et al. , 2013 and Raponi et al. , 2020).

9In other words, the intercepts from the time-series regressions (alphas) represent the pricing errors.
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market prices of risk, which clearly represents an economic rejection of the models under analysis.

Third, the cross-sectional OLS R2 defined above can assume negative values when λ0 = 0, which

has an intuitive interpretation: A negative estimate indicates that the cross-sectional regression

(including the factor betas as regressors) does worse than a trivial regression containing only the

intercept, something that indicates a very negative performance. In contrast, when the cross-

sectional regression includes an intercept, the R2 always assumes positive values (by construction).

Yet, such positive estimates are often misleading, as these arise exclusively from the ability of the

model in matching (partially) the average risk premium rather than from explaining any cross-

sectional dispersion in risk premia. However, the latter represents the main goal of cross-sectional

asset pricing tests.

A third key problem with LL’s empirical approach is a clear misinterpretation of their cross-

sectional regressions. As discussed in the next section, the estimates of the excess zero-beta rate are

very large in economic terms. Transaction costs or imperfections in money markets, such as bid-ask

spreads or liquidity premiums, do not represent credible explanations for such very large estimates

(e.g., Burnside , 2011). In fact, the most credible argument for including the intercept is that it

captures the cross-sectional average risk premium (risk price times average loading) associated with

missing risk factors. Importantly, such an argument reflects misspecification of the model, which

means that the intercept should be part of the pricing error (rather than included in the explained

part of the model, as done by LL). On the other hand, a statistically insignificant intercept estimate

provides a statistical validation of the zero-intercept restriction, especially when such a specification

is consistent with theory, as discussed above.

To see why large intercept estimates reflect model’s misspecification, consider the case of the

baseline CCAPM as an example. The OLS estimate of the intercept is given by

λ̂0 = EN (µi)− λ̂∆c EN (β̂∆ci), (20)

where λ̂∆c denotes the risk price estimate for the baseline consumption factor. If the average

portfolio consumption beta, EN (β̂∆ci), has a small magnitude, it follows that the average portfolio

fitted risk premium, λ̂∆c EN (β̂∆ci), clearly falls below the average portfolio raw risk premium,

EN (µi), thus originating a large λ̂0. In fact, if the average beta is around zero, EN (β̂∆ci) ≈ 0, it
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follows that the intercept estimate roughly equals the average raw risk premium, which is positive

by construction, λ̂0 ≈ EN (µi) > 0. Hence, large intercept estimates represent a situation in

which the factors are nearly “useless” (very small or near zero correlations with all the testing

returns). In turn, this implies that there are important missing factors in the model. In the

CCAPM example, suppose the “true” model includes an additional factor (G), which is assumed

to be orthogonal to ∆c, without loss of generalization.10 G is assumed to drive nearly all of the

model’s pricing performance for equity risk premia. The intercept estimate in the cross-sectional

regression associated with this two-factor model is given by

θ̂0 = EN (µi)− θ̂∆c EN (β̂∆ci)− θ̂G EN (β̂Gi), (21)

where θ̂∆c and θ̂G denotes the risk price estimate for ∆c and G, respectively. β̂∆ci and β̂G represent

the respective estimated factor loadings. Given the factor orthogonality assumption, it follows that

the consumption beta estimated from the following multiple time-series regression,

Rei,t+1 = δi + β∆ci∆ct+1 + βGiGt+1 + εi,t+1,

is equal to the corresponding univariate consumption beta. Given the assumption that the two-

factor model is correctly specified, it follows that θ̂0 ≈ 0, which in turn implies that EN (µi) ≈

θ̂∆c EN (β̂∆ci) + θ̂G EN (β̂Gi). Consequently, the intercept estimate in the single-factor model be-

comes:

λ̂0 ≈ (θ̂∆c − λ̂∆c) EN (β̂∆ci) + θ̂G EN (β̂Gi). (22)

Under the assumption that EN (β̂∆ci) ≈ 0, the intercept estimate equals the average risk pre-

mium of the missing factor:11

λ̂0 ≈ θ̂G EN (β̂Gi). (23)

We note that the existence of missing risk factors in the empirical conditional models tested

by LL might be generically consistent with the underlying theoretical background of those models.

10Gagliardini et al. (2019) propose a method to determine the approximate number of factors consistent with a
given cross-section of asset returns.

11Note that EN (β̂∆ci) ≈ 0 also implies θ̂∆c ≈ λ̂∆c from the algebra of least squares.
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This is because the “theoretical” conditional CAPM (CCAPM) does not specify the identity of

the instruments that drive variation in the SDF coefficients over time. Indeed, the choice of the

instruments used in the empirical specifications is largely an arbitrary one, and the assumption that

cay is the sole driver of the SDF coefficients can be overly restrictive. Consequently, there might

be missing scaled factors in the empirical conditional models, but, as noted above, the average

risk premium associated with those omitted factors (captured by the estimate of λ0) represents

misspecification error of the model being tested.

2.3 Data and Variables

This section offers a concise description for the factors’ construction, eliminating the need for

readers to refer back to Lettau and Ludvigson (2001). All the factor and portfolio return data

used in this study are obtained from Zhaoguo Zhan and correspond to the data employed in the

replication of LL conducted by Kleibergen and Zhan (2020).

Consumption growth is measured as the log growth in real aggregate per capita consumption,

where consumption data is restricted to nondurables and services, excluding shoes and clothing,

and is presented in 1992 chain weighted dollars. To compute per capita real consumption, nominal

consumption is divided by both total population and the Personal Consumption Expenditure defla-

tor. The standard “end-of-period” timing convention, matching consumption growth from time t to

t+ 1 with asset returns calculated over the same time interval, is used. Labor income is measured

as total personal income minus dividend income from NIPA. A one-month lag in labor income is

adopted to account for any reporting delays in official reports of aggregate income. Labor income

growth is calculated using the same approach as for consumption growth, by representing the log

growth in real per capita labor income.

The lagged instrument used in LL is the log consumption-to-wealth ratio, denoted as cay.12 cay

is demeaned, following the convention in the conditional asset pricing literature. The test portfolios

are 25 size/book-to-market sorted portfolios over the period from 1963:Q4 to 1998:Q3. Accordingly,

cay is used from 1963:Q3 to 1998:Q2. Excess portfolio returns are computed by subtracting the

12It should be noted that LL re-scale cay by multiplying it by 10 in some specifications, while using the original
scale in other specifications. To ensure consistency and eliminate any ambiguity in the interpretation of the asset
pricing results, we employ the original scale of cay in all models. As a result, the magnitudes of some of the estimated
risk prices reported in our study differ from those reported by LL.
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quarterly three-month Treasury-bill return from the raw quarterly returns.

3 Main Results

This section contains a replication (both in a narrow and in a broad sense) of the cross-sectional

tests conducted in LL. That is, we rely on the same sample period and test portfolios, but offer a

more complete and appropriate picture in terms of empirical methods and empirical choices.

3.1 Conditional CAPM

We start with the empirical tests for the three-factor conditional CAPM.13 We note that our

intercept estimates represent proxies of the “excess zero-beta rate” (relative to the T-bill rate),

whereas LL’s estimates represent proxies of the “zero-beta rate”.

The results presented in Table 1 (Panel A) show that the scaled market factor, Rvw,t+1cayt,

is priced (at the 5% level). However, the R2 is somewhat modest, representing less than half

the corresponding fit obtained for FF3 (31% versus 80%), and such a fit is strongly statistically

insignificant based on the bootstrap. Importantly, the intercept estimate is 2.14% per quarter,

compared to only 0.30% for FF3, which translates into an annual estimate as large as 8.56%. This

represents a significant misspecification of the model, which is reflected in a very large average

pricing error (2.14% per quarter or around 8.6% per year). Such level of mispricing is very close

to the raw average risk premia that we want to explain in the first place, as indicated by the

MAE/MAR ratio of 0.95 (compared to a ratio of only 0.17 for FF3), something that reveals a very

negative performance. This fact is, however, ignored by LL, as they (erroneously so) include the

intercept as part of the portfolio risk premia being explained by the model.

[Table 1 here]

In fact, another way to assess the severe implausibility of such an intercept estimate is by looking

at the implied, and counterfactual, aggregate equity premium. Given the average risk-free rate of

13Our risk price estimates have a different scaling than LL’s counterparts in their Table 1: While we use the
standard procedure in the literature of multiplying all (beta) risk price estimates by 100, LL’s adopt an asymmetric,
and unusual, scaling across factors: The risk prices associated with cayt and the scaled factor are both multiplied by
1000, while the baseline market risk price is multiplied by 100.
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1.56% (per quarter) over LL’s sample period, an intercept of 2.14% translates into a zero-beta

rate as large as 3.70% per quarter (or 14.80% per year). With an average market return of 4.79%

per quarter, the corresponding equity premium would be as low as 1.09% per quarter (or 4.36%

per year), which compares to the observed quarterly equity premium in LL’s sample of 3.23% (or

12.92% per year).

Critically, the simple fact that the intercept estimate is largely insignificant in statistical terms

(t-ratio of 1.51) would indeed legitimate focusing on the specification with a restricted zero-beta

rate, especially when such a specification is consistent with the theoretical model. Yet, when we

estimate such a specification, the results in Panel B of Table 1 show a R2 very close to zero (7%)

for LL3, compared to a fit as large as 80% for FF3.14 This also illustrates that the three-factor

conditional CAPM does not perform much better than the baseline (single-factor) CAPM in terms

of tracking cross-sectional dispersion in portfolio risk premia. The poor fit also makes it irrelevant

the fact that λvw,cay remains statistically significant when the intercept is restricted to zero. In

other words, why would one be interested in the finding that the two factors in such a model are

priced (in the specification without an intercept) when these two factors combined deliver a fit close

to zero? Actually, this represents a very good example that significant factor risk price(s) does not

imply that the respective model explains the cross-section of equity risk premia (that is, the factor

betas are closely aligned cross-sectionally with the raw portfolio risk premia).15

Next, we turn attention to the five-factor conditional human capital-CAPM, which incorporates

both the baseline and scaled human capital factors.16 The results in Panel A of Table 1 show that

the risk price estimates of both scaled factors are strongly statistically insignificant (in fact, there is

no significance even at the 10% level), something that is in line with the evidence provided in LL’s

14We note that the appropriate method to estimate FF3 is the time-series method (Fama and French 1993, 1996)
rather than the two-step procedure. This is because all of the factors in the model are traded (excess returns), which
implies that the OLS risk price estimates should coincide with the corresponding factor sample means. Yet, the
sample means of the size (0.50%) and value (1.27%) factors do not differ substantially from the respective OLS risk
price estimates. The reason is that these two factors are strongly correlated with the 25 portfolios by construction.
Hence, the R2 of 80% does not significantly overstate the fit of the three-factor model in this specific empirical setting.

15The classic example is the baseline CAPM: Typically, the market price of risk is statistically significant when the
intercept is restricted to zero and the test assets represent equity portfolios. Yet, the corresponding cross-sectional
OLS R2 is often negative, which means that the single-factor model does worse than a trivial constant factor (that
is, the market betas do not align with the portfolio risk premia and can actually go in the wrong direction). The
evidence provided in Panel B of Table 1 represents another example of such a pattern.

16By comparing with our results, it looks like LL multiply the risk price for cayt within LL5 by 100 (rather than
1000). This lack of consistency in scaling the risk price estimates for either different factors in the same model or the
same factor in different models is clearly non-standard in the literature and makes it difficult to replicate LL’s results
in a narrow sense.
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Table 1. Thus, each of these factors is irrelevant, in statistical terms, to explain risk premia. This

very negative result is, however, “downplayed” by LL (see their page 1259). Indeed, they argue

that the Shanken’s standard errors are inevitably large for macro risk prices, something that is not

true, as evidenced by the subsequent voluminous empirical asset pricing literature.

The five-factor model generates a large R2, which is only slightly below the fit obtained for FF3

(77% versus 80%), being also identical to the estimate reported in LL. However, such apparent

large fit is illusory and mainly arises from the inclusion of the intercept in the pricing equation.

In fact, we obtain an even more extreme intercept estimate than in the three-factor conditional

CAPM, as the “excess zero-beta rate” becomes as large as 3.77% per quarter (or 15.08% per year).

Such an estimate represents almost 13 times (!) the magnitude of the corresponding estimate for

the benchmark model (FF3). Naturally, this represents an extreme level of misspecification and a

strong economic rejection of the model. To have an idea of the degree of model misspecification,

the associated MAE of 3.77% per quarter is approximately 70% above (!) the observed average

risk premium among the 25 portfolios (that is, a MAE/MAR ratio as large as 1.68), something

that represents evidence of a very negative pricing performance. In other words, the seemingly

large fit of 77% is entirely illusory (even if statistically above zero based on the empirical p-value of

2%), and this represents a great example of how misleading the cross-sectional R2 can be when the

intercept is not restricted to zero. To add to the negative picture, we see that the cross-sectional

R2 associated with LL5 is only moderately above the corresponding fit achieved by the simple

two-factor human capital model (77% versus 58%), which indicates that the two scaled factors

combined play a secondary role.

To have another idea on the very large misspecification of the five-factor model, the intercept

estimate of 3.77% implies a zero-beta rate of 5.33% per quarter, which translates into a negative

equity premium (−0.54% per quarter or −2.16% per year) compared to a sample (annual) equity

premium of nearly 13%, as reported above. Hence, if we would take the estimation results of the

model at face value, the equity premium puzzle of Mehra and Prescott (1985)—one of the classic

findings in asset pricing—would simply not represent a puzzle in the first place. In other words,

the five-factor model is strongly rejected on economic grounds.

The results in Panel B of Table 1 show that the five-factor model has a modest performance

when λ0 = 0, as indicated by the R2 of only 29% (representing about a third the fit obtained for the
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benchmark model), an estimate that is largely statistically insignificant according to the bootstrap.

This shows the very perverse effect of the intercept in terms of inflating the cross-sectional fit of

the conditional model (from 29% to 77%). Moreover, the risk price estimates associated with all

factors, except the baseline market factor, remain insignificant (at the 5% level) when we drop the

intercept. This represents “bad news” for LL, as both scaled factors, arguably the key factors in

the conditional HCAPM, are not priced irrespective of whether the intercept is omitted or not.

We can also see from Table 1 that the risk price estimate associated with the lagged instrument

is largely insignificant in both LL3 and LL5, irrespective of whether we include or not the intercept.

In other words, the lagged instrument is irrelevant on a separate basis.

The results above show that the conditional model has either a very poor (CAPM) or a rather

modest (HCAPM) pricing performance for the 25 portfolios.17 Moreover, both models are clearly

dominated by the benchmark model (FF3). Since the size premium has become insignificant since

the 1980s, our results suggest that the two conditional models are not able to explain the value

premium anomaly. To inspect this further, we conduct an “accounting” decomposition of the value

premium (the average return of the high-minus-low BM portfolio) within each size quintile for LL3,

where the risk price estimates are obtained from the zero-intercept specification.

The results in Table 2 (Panel A) show that the risk premium (risk price times the beta of the

long-short BM portfolio) associated with the baseline market factor is negative within all five size

quintiles, something that only confirms the well known failure of the simple CAPM in explaining the

value premium anomaly. In comparison, the risk premium associated with the scaled market factor

has the right sign (positive) within the first four size quintiles. However, the respective magnitudes

are too small to compensate for the negative risk premia associated with the baseline market factor,

and thus, too small to match the original raw value premia (even if added to the smaller positive

risk premia attached to cay). Consequently, the pricing errors for the value-growth portfolio vary

between 1.61% and 2.48% within the first three size quintiles, estimates that are either around or

close to the corresponding original value premia. The situation is even worse in the case of the last

17We compute another widely used goodness-of-fit metric, R2∗ = 1 − EN (α̂2
i )/VarN (µi), which is based on the

cross-sectional second moment (rather than variance) of the pricing errors. This metric accounts for the possibility
that the pricing errors have a large magnitude in average, but a small cross-sectional dispersion. The distinction
between R2∗ and the baseline metric (R2) only arises in the specification with λ0 = 0. When there is an intercept,
the two metrics coincide, since EN (α̂i) = 0 by construction. Untabulated results show that R2∗ produces identical
estimates to the baseline metric. Specifically, the explanatory ratios associated with LL3 and LL5 are 0.06 and 0.28,
respectively. The empirical p-values are also very similar to those associated with the main metric.
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size quintile, as both the scaled factor and cay risk premia become negative (−0.15% and −0.07%,

respectively), leading the model further away (compared to the simple CAPM) in terms of matching

the raw value premium of 0.59% per quarter (as indicated by the pricing error of 1.24%). The sole

exception to this very negative pattern holds in the case of the fourth size quintile, in which case

the risk premium for the scaled factor (1.42%) has an important contribution in terms of producing

a small pricing error for the respective value-growth portfolio (−0.21%).

[Table 2 here]

We observe a similar pattern for the scaled market risk premia within the five-factor conditional

model (LL5), as illustrated in Panel B of Table 2: With the sole exception of the fourth size

quintile, the scaled market risk premia are either very small with respect to the raw value premia

to be explained (first three size quintiles) or have the wrong sign (last size quintile). The key

difference relative to the three-factor conditional model is that both the original and scaled labor

income factors help the model in explaining the value premium, as the corresponding factor risk

premia are positive in nine out of 10 cases (two factors times five size quintiles). Nonetheless, the

magnitudes of the risk premia associated with the two labor income factors are still modest (in

comparison to the raw value premia) across most size quintiles. Moreover, the cay risk premium

assumes the wrong sign (negative) both in the first and last size quintiles. Consequently, the model

does not succeed in explaining the value-growth portfolios within the first three size quintiles (with

pricing errors varying between 0.78% and 2.40% per quarter) and also within the last size quintile

(pricing error of 0.48% compared to a raw value premium of 0.59%). As in the case of the three-

factor model, only within the fourth size quintile does the model do better in terms of matching the

value premium, with a pricing error of only −0.49% (compared to a raw value premium of 1.47%).

Yet, such a level of mispricing is larger (in magnitude) than the corresponding estimate from the

three-factor model (−0.21%).

Obviously, as with any linear asset pricing model, the failure of these two conditional models

in explaining the risk premia associated with the 25 portfolios stems from the absence of enough

dispersion in betas across the extreme BM portfolios (which are associated with the bulk of the

observed value premia). These facts can be confirmed in Figure 1, which plots the factor betas

associated with LL3 alongside the portfolio risk premia (to save space, we do not plot the betas
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for cay). We can see that the scaled factor betas go in the “wrong direction” within the last

size quintile, while showing little dispersion (with the right direction) within the first three size

quintiles. With the exception of the fourth size quintile, such dispersion in betas is too small to

offset the systematic wrong pattern in the loadings of the original market factor. Consequently,

the three-factor conditional model cannot explain the value premia embedded in the 25 portfolios.

Critically, Table 3 shows that nearly all the 25 betas associated with the scaled market factor are

statistically insignificant, the sole exception holding for the S4B5 portfolio (with significance at

the 5% level). In other words, Rvw,t+1cayt largely represents an “useless factor” (Kan and Zhang

, 1999), and a similar pattern holds for cayt. In comparison, all the 25 betas associated with the

baseline market factor are strongly significant (1% level).

[Table 3 here]

[Figure 1 here]

The results in Figure 2 show a similar pattern for the scaled market betas within the conditional

HCAPM. Turning to the scaled labor income factor, the pattern in betas (across the extreme BM

portfolios) is relatively flat within the first two and last two size quintiles. Hence, the negative

(high-minus-low) spreads in betas multiplied by the respective negative risk price are not large

enough (in magnitude) to generate sizable positive risk premia for such a scaled factor. On the

other hand, the direction of the betas for the baseline labor income factor is always the correct one,

yet the respective dispersion is also not large enough to match the corresponding raw value premia.

Therefore, the conclusion is the same as that obtained for LL3: With the exception of the fourth

size quintile, there is not enough cross-sectional dispersion (with the right direction) in the betas

of both scaled factors, as well as in the betas of the baseline labor income factor, to compensate for

the large dispersion (in the wrong direction) in betas for the raw market factor. Consequently, the

model produces average pricing errors for the value-growth portfolios that, despite being generally

smaller than the corresponding mispricing obtained under the three-factor model, are still large

relative to the raw value premia (at least within four of the five size quintiles). Importantly,

according to Table 3, only seven of the 25 betas for the scaled labor income factor are statistically

significant (5% level), while only two portfolios have significant loadings on the scaled market factor
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(S4B4 and S4B5) under LL5. This provides another perspective on the (statistical) irrelevance of

the scaled factors within the conditional HCAPM.

[Figure 2 here]

3.2 Conditional CCAPM

In this section, we shift attention to the three-factor conditional CCAPM.

The results in Table 4 (Panel A) show that the risk price estimate for ∆ct+1cayt is significant (5%

level) and the fit is large (70%) and statistically significant. However, this apparent positive pricing

performance is entirely illusory. Indeed, the excess zero-beta rate estimate is as large as 2.76% per

quarter (with significance at the 1% level) and the corresponding average pricing error as large as

2.8% per quarter, which is above the average raw average risk premia by 23% (MAE/MAR of

1.23). These results point to a strong empirical rejection of the model. In other words, the model’s

performance is quite negative if we look beyond the cross-sectional R2 and correctly interpret the

estimate of λ0. In the same vein as the case of LL5 discussed above, this example illustrates well

the danger of assessing the performance of linear asset pricing models by relying exclusively on R2,

something that is especially relevant when the intercept is not restricted to zero. The reason is

that R2 is not penalized by large intercepts, which in turn indicate a large model’s misspecification.

One aspect that represents particularly bad news for LL is that their three-factor consumption

model generates an average pricing error clearly above that associated with the baseline CCAPM

(2.76% versus 1.58% per quarter), when the pricing error is correctly computed. All of these facts

are ignored by LL, as they (incorrectly) include the intercept in the risk premium explained by the

model rather than as part of the pricing error, while also failing to report the average pricing error

as a fraction of the raw risk premia.18

[Table 4 here]

When we restrict the cross-sectional intercept to zero, it turns out that the scaled consumption

factor remains priced (at the 1% level), as shown in Panel B of Table 4. However, the model’s

18See their Table 4. They also report the formal χ2 specification test on the joint significance of the pricing errors.
However, such a statistic is often irrelevant in empirical applications given the poor inversion of the covariance matrix
of the pricing errors. For this reason, many studies do not even report such a statistic.

21



explanatory ratio becomes negative (−4%), which reveals a very poor performance: As discussed

in the previous section, a negative R2 means that the model has a very negative performance, that

is, it does worse than a trivial model containing a constant as the sole risk factor.19 Indeed, this

example illustrates well the very perverse effect driven by the inclusion of the intercept, as the fit

moves from being negative to 70%. This result also means that the model does not do better than

the baseline consumption model (on qualitative terms) when it comes to pricing the 25 portfolios

(as both models produce a negative fit). Naturally, these results could not have been inferred by

LL, as they do not report results for the zero-intercept specification. Similarly to the cases of the

conditional CAPM and conditional HCAPM, it turns out that the risk price estimate for the lagged

instrument is insignificant (at the 5% level) irrespective of whether we include or not the intercept,

albeit in the latter case there is marginal significance (10% level).

The accounting decomposition of value risk premia in Panel C of Table 2 helps us understand the

very poor performance of the three-factor conditional CCAPM. We can see that the risk premium

associated with the scaled consumption factor is positive within all size quintiles, thus helping

the model in terms of explaining the value premium. However, given the large negative premia

associated with the lagged instrument and nearly zero premia for the unscaled consumption factor,

it follows that the magnitudes of the scaled factor premia are not large enough to produce small

pricing errors for the value-growth portfolios. Indeed, the pricing error for the high-minus-low BM

portfolio varies between 0.77% and 2.32% within the first four size quintiles (which compares with

raw value premia between 1.47% and 2.46%). On the other hand, the risk premium associated

with the scaled factor is too large (“overshooting”) in the last size quintile (1.65% compared to a

raw value premium of 0.59%), thus producing a somewhat large negative pricing error (−0.34%).

As shown in Figure 3, there is not enough dispersion in the betas of the scaled consumption factor

across the extreme BM portfolios within most size quintiles. Importantly, as shown in Table 3,

none of the 25 betas associated with the scaled consumption factor is significant (at the 5% level),

which suggests that such a factor is irrelevant to price these portfolios.

[Figure 3 here]

19The estimate of R2∗ associated with LL3* is −0.08, and thus, very close to the corresponding R2 counterpart
(when there is no intercept in the cross-sectional regression).
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To summarize, the punchline from the results above is straightforward: Contrary to LL’s claim,

their three conditional models based on cay do not explain the dispersion in risk premia among

the 25 portfolios. If we consider the specification with no intercept and rely on the cross-sectional

R2, it turns out that the pricing performance is either very poor (LL3 or conditional CCAPM) or

it is quite modest (LL5). On the other hand, if we consider the specification with an intercept, it

turns out that all three conditional models produce a very large mispricing, generating an average

pricing error that is around or above the average risk premia that we want to explain in the first

place. Moreover, all three models underperform to a very large degree the benchmark Fama–French

model.

Therefore, LL’s conclusion that “Although the (C)CCAPM can explain a substantial fraction of

the cross-sectional variation in these 25 portfolio returns, this result suggests that the conditional

models do a poor job of simultaneously pricing the hypothetical zero-beta portfolio” does not

provide a minimally correct picture on the performance of their models. Importantly, the very

large intercept estimates discussed above cannot be credibly interpreted as valid estimates of the

“excess zero-beta rate”, as money market frictions cannot (even remotely) explain those extreme

magnitudes. Instead, these large intercept estimates indicate a very large misspecification of these

models in terms of pricing the 25 portfolios, that is, there are important missing risk factors, which

in turn represents a clear empirical failure of LL’s models.20

3.3 Inspecting the Bootstrap

We conduct Monte-Carlo experiments to assess the validity of the bootstrap simulation associ-

ated with the cross-sectional R2. We employ the 25 portfolios as test assets and rely on FF3. The

corresponding cross-sectional regression,

µi = λ0 + λvwβ̂vwi + λSMBβ̂SMBi + λHMLβ̂HMLi + αi, i = 1, .., 25, (24)

is estimated over the original sample (with and without intercept).

In each of the Monte-Carlo pseudo samples, we implement the bootstrap simulation (with

20We note that, even by the standards of the asset pricing literature back in 2001, imposing the restriction on the
zero-beta rate was a frequent procedure used in empirical tests of asset pricing models. A self-contained list includes
Fama and French (1993, 1996, 1997), Cochrane (1996), Carhart (1997), Grauer (1999), Lewellen (1999), and
Davis et al. (2000).
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1000 replications) and compute the empirical p-value for the simulated OLS R2. Based on the

distribution of 2000 pseudo bootstrap p-values, we compute the fraction of the 2000 Monte-Carlo

draws in which the null, R2 = 0, is rejected at the 5% level (that is, the empirical p-value is below

5%).21

The experiment consists of several steps. First, we compute the residuals from the following

auxiliary time-series regressions for portfolio i,

Rei,t = µi + ςi,t, (25)

which decomposes the total excess return into the expected (µi) and unexpected excess return (ςi,t).

Then, we simulate (jointly) the factors and the unexpected returns (with 2000 draws) by using the

multivariate normal distribution and the first two sample moments of all the variables. We use the

same sample size as the original data (T = 140), thus producing pseudo series for these variables,{
Rmvw,t, SMBm

t , HMLmt , ς
m
i,t

}
, i = 1, ..., 25,m = 1, ..., 2000.

We use different return generating processes when evaluating the power and size of the boot-

strap. To assess power, the pseudo return for portfolio i (in each Monte-Carlo draw) is defined

as

Re,mi,t ≡ λ̂vwβ̂vwi + λ̂SMBβ̂SMBi + λ̂HMLβ̂HMLi + ςmi,t, (26)

where the risk price estimates (λ̂) are obtained from (24). This return generating process is con-

sistent with a scenario in which FF3 is true in the population. We obtain a rejection rate of 92%,

irrespective of whether we include or not the cross-sectional intercept, which indicates a high power

of the bootstrap.

To assess the size of the bootstrap, the pseudo return for portfolio i is defined as

Re,mi,t ≡ λ̂0 + α̂i + ςmi,t, (27)

where λ̂0 and α̂i denotes respectively the intercept and the pricing error from (24). Naturally,

when the cross-sectional regression does not include the intercept, the pseudo return for portfolio

21We use the terminology “pseudo bootstrap p-value” to make it clear that the empirical p-value at Monte-Carlo
draw m comes from applying the bootstrap simulation to an artificial (rather than the original) sample.

24



i equals:

Re,mi,t ≡ α̂i + ςmi,t. (28)

This return generating process is consistent with the null that the factors in FF3 have no pricing

power in the population (that is, all risk prices are zero). We obtain a rejection rate (across the 2000

Monte-Carlo draws) of 6.8% and 6.3% in the specifications without and with intercept, respectively.

These rejection rates indicate only a slightly over-rejection of the null. Overall, these results show

good size and power properties for the bootstrap simulation associated with the sample R2.

4 Covariance Representation

In this section, we estimate the covariance representation of the conditional factor models (e.g.,

Eq. (5)), which is identical to the representation based on single-regression betas. This enables

us to obtain direct estimates of the SDF coefficients, which represent the covariance prices of risk

(γs). Unless the factors in a given model are uncorrelated, we can have a scenario in which the

beta prices of risk (λ) are statistically significant, but the corresponding SDF coefficients (γ) are

insignificant, and vice versa. In fact, we can even face a situation where the sign differs among the

two types of risk price (see Cochrane , 2005 and Kan et al. , 2013 for a discussion).

The estimation of the covariance representation is by first-stage GMM (based on the identity

matrix), which is equivalent to an OLS cross-sectional regression of risk premia onto factor co-

variances (Cochrane , 2005). We use heteroskedasticity-robust standard errors (White , 1980).

Importantly, the GMM standard errors relax some of the restrictive assumptions underlying the

Shanken’s standard errors for the beta risk prices, namely the assumption of independence between

the factors and the errors (from the time-series regressions) and the assumption that the model is

true (that is, correctly specified). It is important to note that, contrary to the beta models esti-

mated in the previous section, we can compare nested models on statistical terms. For example, if

the risk price estimates associated with the two scaled factors within LL5 are both insignificant, we

can conclude that such a model is equivalent (from a statistical viewpoint) to the baseline HCAPM.

The risk price estimates for the conditional CAPM and conditional HCAPM are presented in

Table 5. To be consistent with the previous section, we report the results for both the restricted and
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unrestricted zero-beta rate.22 Since the pricing errors are the same as those from the corresponding

beta specifications, we do not report the aggregate performance metrics. The results show that

the estimates of γ for both scaled factors have roughly the same sign and the same qualitative

significance as the corresponding estimates of λ. In particular, both scaled factors within LL5 do

not significantly influence the SDF in the specification with an intercept (even at the 10% level),

and the same holds for cayt. This means that the model that excludes those three factors (i.e.,

the baseline two-factor HCAPM) is statistically equivalent to the conditional HCAPM. In other

words, both scaled factors are irrelevant when the intercept is included in the pricing equation.

When the intercept is excluded from the estimation, it follows that the conditional HCAPM is

equivalent (in statistical terms) to the three-factor conditional CAPM, as the risk price estimates

associated with both labor income factors are largely insignificant. Another relevant finding from

Table 5 is that the risk price estimates for cayt are strongly insignificant, and this pattern holds

irrespective of whether the intercept is included or not in the pricing equation. This result is in line

with the evidence obtained from the beta representation of these models in Table 1 and confirms

the irrelevance of the lagged instrument on an individual basis.

[Table 5 here]

Table 6 presents the risk price estimates for the conditional CCAPM. It turns out that the

scaled consumption risk price is statistically significant (5% level) in both specifications, something

that is consistent with the corresponding beta risk price estimates in Table 4. However, the risk

price estimate for cayt is strongly insignificant (even at the 10% level) in both cases, which makes

LL3* invalid from a statistical viewpoint.

[Table 6 here]

The findings from this section could not have been inferred from the evidence provided by LL:

In their Section 5, LL conduct a GMM estimation of the SDF representation of their models (which

is equivalent to the covariance representation described above) by using equally-weighted moments

(see their Table 8). However, they do not report the estimates (and respective significance) of

22Naturally, the estimates of the excess zero-beta rate are numerically equal to those in the beta representations.
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the individual SDF coefficients. Instead, they report the joint significance of the SDF coefficient

estimates associated with a given model. However, such a statistics is useless when it comes to

assessing the statistical significance of the impact of each individual factor into the SDF.

5 Alternative Test Assets

In this section, we employ alternative test portfolios when evaluating the pricing performance of

LL’s models. Roughly speaking, this analysis can be interpreted as an “out-of-sample” evaluation

of the conditional models for cross-sectional equity risk premia. To keep the focus, and given the

shortcomings associated with the cross-sectional intercept, as discussed in the previous sections, we

restrict the analysis to the zero-intercept specification.

Concretely, we consider decile portfolios sorted on three stock characteristics—book-to-market

ratio (BM10), investment or asset growth (INV10, Titman et al. , 2004, Fama and French , 2008,

and Cooper et al. , 2008), and operating profitability (OP10, Novy-Marx , 2013 and Fama and

French , 2015). The choice of these portfolios is straightforward. First, these portfolio groups corre-

spond to prominent patterns in cross-sectional risk premia left unexplained by the baseline CAPM

(designated by “CAPM anomalies”), offering a significant cross-sectional dispersion in equity risk

premia. Second, these portfolios are closely connected to the non-market factors in the five-factor

model of Fama and French (2015) (FF5 henceforth), which represents one of the most popular

models in the literature. The reason is that the underlying equity characteristics are the same for

both the factors and portfolios (with the latter being constructed from a finer sorting). We ignore

the portfolios sorted on the market value of equity (size), as it is well known that the size premium

has declined substantially since the 1980s. We also note that the BM deciles are strongly correlated

with the 25 portfolios by construction. Hence, INV10 and OP10 represent the “truly” new port-

folios to be priced. In sum, these 30 portfolios can be interpreted as a “minimum cross-section”

to judge the pricing performance of LL’s models.23 The monthly data on the new decile portfolio

returns and factors are obtained from Kenneth French’s data library. We compound the monthly

23We note that a positive pricing performance for the three portfolio groups (on a joint basis) does not imply a
positive pricing performance for each group of deciles on a stand-alone basis, as discussed in Maio (2024). Yet, we
avoid estimating the conditional models on each individual decile group for two main reasons. First, these models do
poorly in terms of explaining jointly the 30 portfolios, as discussed below. Second, there is a severe risk of overfitting
for the model containing more factors (LL5).
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returns and monthly factors to get the quarterly counterparts. To obtain quarterly excess portfolio

returns, we subtract the quarterly risk-free rate from the quarterly returns.

The estimation results for the conditional CAPM and conditional HCAPM are displayed in

Table 7 (Panel A). The reference model is now FF5 given the well known failure of FF3 in terms of

explaining both INV10 and OP10 (e.g., Fama and French , 2015). The corresponding cross-sectional

regression is given by

µi = λ0+λvwβ̂vwi+λSMBβ̂SMBi+λHMLβ̂HMLi+λRMW β̂RMWi+λCMAβ̂CMAi+αi, i = 1, .., N, (29)

where RMW and CMA denote respectively the profitability and investment factors.

[Table 7 here]

We can see that the cross-sectional R2 is negative for LL3. On the other hand, LL5 delivers

a positive explanatory ratio, yet the level of the fit is modest and far below that of FF5 (29%

versus 74%), being also strongly insignificant (according to the empirical p-value of 0.28). Turning

to the risk prices, it follows that the estimates of λ associated with the scaled factors, including

caytRvw,t+1, are strongly insignificant (even at the 10% level) in all cases. By comparing these

results with those associated with the 25 portfolios in Table 1 (Panel B), the evidence against the

conditional models looks even stronger.

Table 8 (Panel A) presents the estimation results for the conditional CCAPM. In contrast to

the estimation with the 25 portfolios, the R2 associated with the conditional consumption model

appears positive, yet the magnitude is very modest (14%) and the estimate is strongly insignificant

in statistical terms. On the other hand, the risk price estimate associated with the scaled consump-

tion factor is strongly insignificant, something that is clearly at odds with the largely significant

estimate reported in Panel B of Table 4.

[Table 8 here]

Similarly to the baseline empirical setting in Section 3, we report the covariance risk prices

obtained from the new test portfolios. Table 9 (Panel A) reports the risk price estimates for the

conditional CAPM and conditional HCAPM models, whereas Table 10 (Panel A) does the same
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for the conditional CCAPM. We can see that the estimates of γ associated with all scaled factors

in these models are insignificant at the 5% level, something that is in line with the evidence for

the beta prices of risk discussed above. Again, this represents a more negative scenario as in the

corresponding estimations with the 25 portfolios (displayed in Panel B of Tables 5 and 6), thus

indicating that the scaled factors are irrelevant on statistical grounds: A given conditional model

is equivalent to a nested model that excludes the scaled factor(s).

[Table 9 here]

[Table 10 here]

Next, we inspect the capacity of the conditional models in terms of pricing the same 30 portfolios,

but using an extended sample that ends in 2013, which corresponds to the sample period employed

in Fama and French (2015). The construction of the factors for the “out-of-sample period” is as

follows. The cay series, obtained from Martin Lettau’s website, corresponds to the latest version

estimated over the sample period from 1952:Q1 to 2019:Q3 and is used for the period from 1963:Q3

to 2013:Q3.24 The log growth in real aggregate per capita consumption (∆c) and labor income (∆y)

is constructed in the same way as described in Section 3.25 All data used to compute consumption

and labor income growth are obtained from the NIPA, published by the Bureau of Economic

Analysis. The construction of both the quarterly factors and quarterly portfolio excess returns is

identical to the procedure employed for the early sample period.

The estimation results for the scaled CAPM and scaled HCAPM are displayed in Table 7 (Panel

B). At a first glance, the picture looks more favorable for LL3, as the corresponding explanatory

ratio becomes positive. However, the level of fit is quite modest for both LL3 and LL5 (8% and

28%, respectively) and we cannot reject the null of no explanatory power for both models, as the

empirical p-values are quite large. Indeed, the main novelty relative to the early sample estimation

(with the same portfolios) is that the risk prices for the scaled market factor are now significantly

negative in both conditional models. As shown in Panel B of Table 9, the same pattern holds for

24This version of cay is constructed using Personal Consumption Expenditures (PCE), whereas the version used in
the original study is based on nondurables and services. See Martin Lettau’s website for further details. Naturally,
for our purposes, cay is demeaned over the sample period from 1963:Q3 to 2013:Q3.

25Note that the series for consumption and labor income used to construct the factors differ from those used in
estimating cay. Specifically, the consumption factor is based on nondurables and services, whereas cay is constructed
using PCE consumption. Labor income for estimating cay is defined as wages and salaries plus transfer payments
plus other labor income minus personal contributions for social insurance minus taxes.
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the corresponding covariance risk price estimates. The negative scaled market risk prices represent

a key difference relative to the corresponding positive estimates documented in Panel B of Tables

1 and 5 and raises obvious concerns about the economic plausibility of the conditional CAPM and

conditional HCAPM when forced to explain the 30 portfolios.

Panel B in Table 8 displays the estimation results for the conditional CCAPM. The picture is

even worse than in the estimation over the short sample, as the model produces a very negative

explanatory ratio. Moreover, the estimate of λ for the scaled consumption factor remains strongly

insignificant (even at the 10% level), and the same holds for the respective covariance risk price, as

shown in Panel B of Table 10. Thus, similarly to the baseline sample period, we cannot reject the

null that LL3* is statistically equivalent to a nested model that excludes the scaled consumption

factor.

Finally, one relevant finding is that both the beta and covariance risk price estimates associated

with cayt are insignificant in most estimations of the conditional models with the 30 portfolios. The

sole exception arises for LL5 over the early sample period, where the estimate of γ is significantly

negative (5% level). This implies that the scaled models are not correctly specified from a statistical

viewpoint.

Overall, according to the evidence in this section, the conditional models from LL are not

able to explain portfolios sorted on investment and operating profitability (in addition to the BM

portfolios). If something, the picture looks even more adverse than in the estimation with the

baseline 25 portfolios.

6 Risk Price Identification

In this section, we inspect whether the risk prices in LL’s models are identified. Burnside

(2011) and Kleibergen and Zhan (2015, 2020), among others, argue that the risk price estimates,

and associated pricing errors, are unreliable when the risk prices are not identified. This happens

when the N ×K factor loading matrix (β) does not have full column rank (considering the case

with λ0 = 0), where K denotes the number of factors. In the specification with an intercept, the

condition for identified risk prices is that the matrix containing the factor loadings and a vector of

ones (β∗ ≡ [1
...β]) has full column rank.
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We employ the rank tests on the factor loadings proposed by Kleibergen and Zhan (2020). The

null hypothesis is that there is a reduced rank for either β or β∗, which means that the risk prices

are not identified. When λ0 = 0, the statistic is distributed as F (N + 1 −K,T − N − 1). When

there is an intercept, the statistic is distributed as F (N −K,T −N). Full details are available in

Kleibergen and Zhan (2020), including their internet appendix.

The p-values associated with the rank tests are displayed in Table 11. We consider four different

setups. The first two columns correspond to the estimations in which the test assets are the 25

portfolios (with and without intercept). The last two columns correspond to the estimations in

which the test assets are the 30 portfolios (over both the early and more recent sample periods).

[Table 11 here]

Overall, the evidence is very negative for LL’s models. Indeed, in none of the 12 estimations

of their conditional models (three models and four estimations for each model), is the null of a

reduced rank (in β or β∗) rejected (at the 5% level). These results generalize the evidence offered

in Kleibergen and Zhan (2020) exclusively for LL3* when estimated with an intercept over the 25

portfolios (see their Section II). Importantly, the rank-test results are consistent with the evidence

provided in Table 3 above showing that most factor loadings in these three models (in particular

for the scaled factors) are statistically insignificant.

For comparison purposes, the null is strongly rejected (1% level) for the CAPM as well as the

reference multifactor models (FF3 and FF5) in most cases. The sole exception holds for FF3 when

estimated with an intercept over the 25 portfolios, in which case the rejection is at the 5% level.

This example also shows that including the intercept in the cross-sectional regression makes it more

difficult to pass the identification test (and thus, makes it more likely that the risk price estimates

are not credible). The reason is that it is no longer enough that the betas associated with a given

factor are jointly different from zero, as there must exist relevant dispersion in betas (among the

test assets) for the rank condition to be satisfied.26

The punch line of this section is clear: The risk price estimates (and pricing errors) associated

with LL’s conditional models, which have been the focus of the analyses conducted in the previous

26Often, the violation of the rank condition under λ0 6= 0 represents a situation where the cross-sectional regression
exhibits (near) multicollinearity: The betas associated with a given factor are approximately constant, thus being
proportional to a vector of ones.
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sections, are questionable (at best) in most cases, including the estimations conducted over the

more relevant cross-section of 30 portfolios. This further reinforces the negative outlook on the

empirical performance and credibility of LL’s models.27

7 Monte-Carlo Experiments

In this section, we conduct Monte-Carlo experiments to illustrate the relationship between

model misspecification and the cross-sectional intercept.28

We use the 25 portfolios as the test assets and either FF3 or the CAPM as the reference model.

In all three experiments, we simulate (jointly) the factors and the unexpected portfolio returns in

Eq. (25) (with 10000 draws) by using the multivariate normal distribution and the first two sample

moments of the factors and residual returns. We use the same sample size as the original data (over

the early sample period), thus producing the following pseudo series:

{
Rmvw,t, SMBm

t , HMLmt , ς
m
i,t

}
,{

Rmvw,t, ς
∗m
i,t

}
,m = 1, ..., 10000.

Armed with the artificial data, we estimate the models (by using the two-step approach) and

obtain a pseudo intercept estimate for each of the 10000 draws,
{
λ̂m0

}
,m = 1, ..., 10000. Finally,

we compute the average pseudo intercept estimate across the 10000 replications:

E∗(λ̂0) ≡ 1

10000

10000∑
m=1

λ̂m0 . (30)

The first two experiments are based on the CAPM. The corresponding cross-sectional regression

is given by

µi = λ0 + λvwβ̂vwi + αi, i = 1, .., 25, (31)

which is estimated over the original sample.

First, we assume that the CAPM is the true model in the population. Thus, the pseudo return

27There are concerns about the low power of the F -tests (see Kroencke , 2025 and Kleibergen and Zhan , 2025
for a discussion). However, we note that the p-values associated with LL’s conditional models are very large (above
10%) in most cases.

28We thank an anonymous referee for suggesting this analysis.
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for portfolio i (in each Monte-Carlo draw) is defined as

Re,mi,t ≡ λ̂vwβ̂vwi + ς∗mi,t , (32)

where the beta and risk price estimates are obtained from the original sample. It follows that the

average CAPM intercept estimate (across the 10000 replications) is around zero (−0.02%).

In the second experiment, we assume that the CAPM is misspecified, thus implying the following

return generating process,

Re,mi,t ≡ λ̂0 + α̂i + ς∗mi,t , (33)

where the intercept and pricing error estimates are also obtained from the original sample. In this

case, the average pseudo intercept estimate is as large as 2.62% per quarter, as a result of the

CAPM being misspecified in the population.

The last experiment is based on FF3, with cross-sectional regression given in Eq. (24). We

assume that FF3 holds in the population, with the return generating process given in Eq. (26).

The intercepts associated with both FF3 and the CAPM are estimated for each of the 10000

replications. We obtain average intercept estimates of 0.62% and 2.32% for FF3 and CAPM,

respectively. In other words, the misspecified model (CAPM) produces an average intercept that

is nearly four times as large as the corresponding estimate for the “true” model.

Overall, these Monte-Carlo experiments suggest that model misspecification has an important

role in terms of driving large cross-sectional intercept estimates.

8 Out-of-Sample Asset Pricing Tests

In this section, we evaluate the out-of-sample pricing performance of LL’s models over the

time-series dimension.29

Following Simin (2008) and Cooper et al. (2021), we form one-quarter ahead forecasts of

portfolio excess returns using only information available at the forecast date, and compare these

forecasts with realized excess returns next quarter. A key ingredient in our analysis is in employing

a real-time estimate of cayt: At each forecast date t, we re-estimate the dynamic least squares

29We thank an anonymous referee for suggesting this analysis.
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specification of Lettau and Ludvigson (2001) on a 20-year rolling window (ending at t) to construct

the trend deviation from consumption, asset wealth, and labor income. In addition to the baseline

25 portfolios, we consider the 30 portfolios employed in Section 5 as test assets. The whole sample

period spans 1963:Q4–2013:Q4. To keep the focus, and given the discussion in the previous sections,

this analysis is restricted to the specification without an intercept.

The first 20 years in the sample (1963:Q4–1983:Q3) serve as the initial training window for

in-sample estimation of factor betas and risk prices.30 The first one-quarter ahead portfolio excess

return forecast is computed for 1983:Q4. The forecasts for the remaining 120 quarters (1984:Q1–

2013:Q4) are constructed by using a 20-year rolling window (i.e., moving one quarter ahead at

a time), based on the in-sample betas and risk prices estimated with data available up to each

forecast date (i.e., the end of each window). At the end, this procedure yields 121 equity premium

forecasts (from 1983:Q4 to 2013:Q4) for each model and test portfolio.

The estimation procedure for the in-sample factor betas and risk prices is as follows. Taking

the three-factor scaled CAPM (LL3) as an example, for each portfolio i and for each quarter t,

the in-sample betas are estimated by running the following time-series regression over the rolling

window:

Rei,τ = δi + βzizτ−1 + βvwiRvw,τ + βvwziRvw,τzτ−1 + εi,τ , τ ∈ {t− 79, . . . , t}. (34)

Next, the in-sample factor risk prices are estimated by running an OLS cross-sectional regression

of the (time-series) average excess portfolio returns on the in-sample betas (β̃),

µ̃i = λzβ̃zi + λvwβ̃vwi + λvwzβ̃vwzi + αi, (35)

where µ̃i denotes the sample risk premium (for asset i) computed over the rolling window. The

estimates λ̃ represent the in-sample factor risk prices (for the window ending at t). Finally, the

one-quarter ahead (i.e., for t+ 1) predicted portfolio risk premium is computed as the sum of the

risk premia (products of in-sample betas and risk prices) across all factors,

R̃ei,t+1 ≡ λ̃zβ̃zi + λ̃vwβ̃vwi + λ̃vwzβ̃vwzi (36)

30The window used to estimate cay matches the window used to obtain in-sample betas and risk prices.
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which relies exclusively on information up to quarter t.

Following Cooper et al. (2021), we define the out-of-sample one-period ahead forecasting error

as

$i,t+1 ≡ Rei,t+1 − R̃ei,t+1, (37)

i.e., the realized excess returns minus the fitted risk premia implied by the model (estimated at

t). Iterating this process forward (from t + 1 to T − 1) and averaging over the evaluation (or

out-of-sample) window yields,

Ê(Rei,s) = Ê(R̃ei,s) + Ê($i,s), (38)

where Ê(.) denotes a time-series sample mean computed over s = t+ 1, ..., T .

The out-of-sample cross-sectional R2, which is analogous to the in-sample cross-sectional R2, is

given by

R2
OS = 1− VarN [Ê($i,s)]

VarN [Ê(Rei,s)]
. (39)

Untabulated results show that the estimates of R2
OS for FF3, LL3, LL5, and LL3* in the

estimation with SBM25 are 0.23, 0.07, 0.40, and −0.09, respectively. On the other hand, when

the test assets are the 30 portfolios the estimates associated with FF5, LL3, LL5, and LL3* are

0.66, −0.24, 0.37, and −0.31, respectively. Thus, apart from the case of LL5 in the estimation with

the 25 portfolios, it follows that the conditional models substantially underperform the respective

reference model (either FF3 or FF5). Indeed, the scaled models produce a negative explanatory

ratio in three of the six cases (LL3 in the estimation with the 30 portfolios and LL3* in both

estimations), evidence that is not very different from the corresponding in-sample fit documented

in Sections 3 and 5.

The out-of-sample analysis has the advantage of imposing that the data used in the estimation

and evaluation of a given model do not overlap. Nonetheless, these results should be interpreted

with some caution. This is because the one-period realized excess return is a very noisy proxy for

“true” risk premia, implying that the out-of-sample forecasting errors defined in Eq. (37) represent

a poor proxy for the model’s pricing errors. Consistent with these concerns, we see that the out-

of-sample fit produced by FF3 is much smaller than the in-sample counterpart reported in Table

1 (23% versus 80%), albeit we obtain more similar (out-of-sample versus in-sample) levels of fit in
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the case of FF5 (66% versus 74%).

9 Conclusion

We revisit LL’s empirical evidence by conducting a replication of the cross-sectional tests con-

ducted in their study. Our conclusions are straightforward: Contrary to LL’s claim, their three

conditional models based on cay do not explain the dispersion in risk premia among the 25 size-

value portfolios. Their pricing performance is either very poor (for the scaled CAPM and the scaled

CCAPM) or it is quite modest (for the scaled HCAPM). Moreover, all three conditional models

underperform to a very large degree the benchmark Fama–French model.

When the zero-beta rate is unrestricted, we obtain average absolute pricing errors that are

actually around or above the average raw risk premium (among the 25 portfolios) for all three

conditional models, with estimates varying between 95% and 168% (thus indicating a very negative

performance). Furthermore, the SDF coefficient estimate associated with the scaled labor income

factor is strongly insignificant.

To summarize, LL’s misleading conclusions stem from a combination of (i) incorrect empirical

choices—e.g., not reporting the results when the excess zero-beta rate is restricted to zero and not

reporting the SDF coefficient estimates (and respective statistical significance)—and (ii) incorrect

interpretation of their results—not including the intercept estimates as part of the model’s pricing

errors and downplaying some of the adverse empirical evidence they actually report. Those prob-

lems reinforce each other in producing LL’s wrong conclusions regarding the pricing ability of their

conditional models.

Employing alternative test assets, namely portfolios sorted on investment and operating prof-

itability (over both the original sample period and an extended period), and evaluating the identi-

fication of LL’s risk prices reinforces the negative outlook on their models to a substantial degree.

Additionally, LL’s models perform poorly in an out-of-sample evaluation, substantially underper-

forming the Fama–French models in most cases.

Naturally, the evidence in this paper does not preclude LL’s conditional models from explaining

other dimensions of the cross-section of equity risk premia (that is, other CAPM anomalies beyond

the baseline book-to-market effect or the profitability and investment portfolios) or other asset
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classes (e.g., bond risk premia). This is left for future research.

Lastly, our critique does not question in any way the historical importance of LL from a method-

ological viewpoint. Indeed, LL represents one of the first studies that conducted cross-sectional tests

of linear conditional asset pricing models by specifying a pricing kernel with time-varying coeffi-

cients (as being affine in a lagged instrument), thus emphasizing the importance of scaled risk

factors for asset pricing. Therefore, their study significantly helped to establish a vast subsequent

literature.31

31Cochrane (1996) represents another early example of a study that specifies the SDF coefficients as being affine
in a conditioning variable. Yet, he estimates the SDF (rather than the beta) representation of his models by GMM
(on the cross-section of stock returns). Ferson and Harvey (1999) and Lewellen (1999) represent two other examples
of early studies that relied on scaled factors. Yet, unlike LL, they do not employ the two-step regression approach
when testing the beta representation of their models, using instead the time-series approach (given that their factors
are traded). Moreover, the scaled factors in these two studies arise from assuming time-varying betas rather than
time-varying risk prices.
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Table 1: Pricing Performance for Conditional CAPM and HCAPM

This table presents the estimation and evaluation results for the conditional CAPM and conditional human-
capital CAPM. The estimation procedure is the two-pass regression approach. The test portfolios are the
25 size/book-to-market sorted portfolios. Rvw, ∆y, SMB, and HML represents the excess market return,
labor income growth, size, and value factor, respectively. caytRvw,t+1 and cayt∆yt+1 denotes respectively
the scaled market and scaled labor income growth factor, where the conditioning variable is the lagged
consumption-wealth ratio (cayt). The first line associated with each model contains the risk price estimates,
while the second line reports t-statistics based on Shanken’s standard errors (in parenthesis). Panel A and
B presents the results from estimating the cross-sectional regression with and without an intercept (λ0),
respectively. R2 denotes the cross-sectional OLS R2, with the respective empirical p-value obtained from
a bootstrap simulation reported in parentheses. MAE(%) is the average absolute pricing error (in %).
MAE/MAR represents the ratio of MAE to MAR, where MAR denotes the mean absolute raw portfolio
risk premium. The sample period is from 1963:Q4 to 1998:Q3. t-ratios marked with * and ** denote
statistical significance at the 5% and 1% level, respectively.

Model λ0(%) cayt Rvw,t+1 ∆yt+1 SMBt+1 HMLt+1 caytRvw,t+1 cayt∆yt+1 R2 MAE(%) MAE
MAR

Panel A (Intercept)
CAPM 2.62 −0.32 0.01 2.62 1.17

(2.78∗∗) (−0.27) (0.80)
HCAPM 3.22 −1.10 1.26 0.58 3.22 1.43

(1.89) (−0.61) (1.92) (0.06)
FF3 0.30 1.33 0.47 1.46 0.80 0.38 0.17

(0.19) (0.78) (0.94) (3.22∗∗) (0.01)
LL3 2.14 −0.05 −0.06 0.11 0.31 2.14 0.95

(1.51) (−0.15) (−0.03) (2.47∗) (0.47)
LL5 3.77 −0.44 −1.99 0.56 0.03 −0.02 0.77 3.77 1.68

(2.38∗) (−0.98) (−1.17) (1.29) (1.06) (−1.45) (0.02)
Panel B (No Intercept)

CAPM 1.84 −0.41 0.70 0.31
(2.49∗) (0.99)

HCAPM 1.61 0.99 −0.04 0.61 0.27
(2.14∗) (1.75) (0.72)

FF3 1.62 0.47 1.46 0.80 0.22 0.10
(2.32∗) (0.94) (3.22∗∗) (0.01)

LL3 −0.50 1.74 0.11 0.07 0.53 0.23
(−0.97) (2.23∗) (2.11∗) (0.72)

LL5 −0.45 1.72 0.94 0.08 −0.00 0.29 0.46 0.20
(−0.90) (2.38∗) (1.72) (1.83) (−0.21) (0.55)
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Table 2: Accounting of Value Risk Premia

This table reports a decomposition of risk premia for the value-minus-growth portfolio within each size
quintile associated with each of the three conditional factor models. cay, Rvw, ∆y, and ∆c represents the
risk premium (beta times risk price) associated with the cay, excess market return, labor income growth,
and consumption growth factor, respectively. cayRvw, cay∆y, and cay∆c represents the risk premium for
the scaled market factor, scaled labor income factor, and scaled consumption factor, respectively. R denotes
the average realized excess return for a given value-growth portfolio, E(R) represents the respective total
risk premium (the sum of the factor risk premia), while α = R−E(R) represents the respective pricing error.
All the values are presented in percentage points. The sample period is from 1963:Q4 to 1998:Q3. S1 (S5)
represents the first (last) size quintile.

Panel A (Conditional CAPM)

R cay Rvw cayRvw E(R) α
S1 2.46 0.13 −0.57 0.41 −0.02 2.48
S2 1.95 0.35 −0.63 0.62 0.35 1.61
S3 1.82 0.32 −0.58 0.33 0.07 1.75
S4 1.47 0.50 −0.24 1.42 1.68 −0.21
S5 0.59 −0.07 −0.43 −0.15 −0.65 1.24

Panel B (Conditional HCAPM)

R cay Rvw ∆y cayRvw cay∆y E(R) α
S1 2.46 −0.20 −0.57 0.41 0.31 0.12 0.06 2.40
S2 1.95 0.19 −0.63 1.06 0.52 0.04 1.18 0.78
S3 1.82 0.44 −0.56 0.63 0.29 −0.07 0.74 1.09
S4 1.47 0.43 −0.24 0.68 1.08 0.00 1.95 −0.49
S5 0.59 −0.51 −0.43 0.98 −0.08 0.16 0.11 0.48

Panel C (Conditional CCAPM)

R cay ∆c cay∆c E(R) α
S1 2.46 −1.14 −0.04 1.32 0.14 2.32
S2 1.95 −1.70 0.04 2.01 0.35 1.61
S3 1.82 −1.69 0.08 2.23 0.62 1.20
S4 1.47 −1.39 0.14 1.95 0.70 0.77
S5 0.59 −0.84 0.12 1.65 0.93 −0.34
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Table 4: Pricing Performance for Conditional CCAPM

This table presents the estimation and evaluation results for the conditional consumption-CAPM. The es-
timation procedure is the two-pass regression approach. The test portfolios are the 25 size/book-to-market
sorted portfolios. ∆c represents the consumption growth factor. cayt∆ct+1 denotes the scaled consumption
growth factor, where the conditioning variable is the lagged consumption-wealth ratio (cayt). The first line
associated with each model contains the risk price estimates, while the second line reports t-statistics based
on Shanken’s standard errors (in parenthesis). Panel A and B presents the results from estimating the
cross-sectional regression with and without an intercept (λ0), respectively. R2 denotes the cross-sectional
OLS R2, with the respective empirical p-value obtained from a bootstrap simulation reported in parentheses.
MAE(%) is the average absolute pricing error (in %). MAE/MAR represents the ratio of MAE to MAR,
where MAR denotes the mean absolute raw portfolio risk premium. The sample period is from 1963:Q4 to
1998:Q3. t-ratios marked with * and ** denote statistical significance at the 5% and 1% level, respectively.

Model λ0(%) cayt ∆ct+1 cayt∆ct+1 R2 MAE(%) MAE
MAR

Panel A (Intercept)
CCAPM 1.57 0.22 0.16 1.58 0.70

(2.19∗) (1.16) (0.27)
LL3* 2.76 −0.13 0.02 0.01 0.70 2.76 1.23

(2.66∗∗) (−0.31) (0.15) (2.25∗) (0.02)
Panel B (No Intercept)

CCAPM 0.64 −0.47 0.70 0.31
(1.52) (0.84)

LL3* 0.71 0.08 0.01 −0.04 0.59 0.26
(1.90) (0.49) (3.01∗∗) (0.70)

44



Table 5: Covariance Representation for Conditional CAPM and HCAPM

This table presents the estimation results for the covariance representation of the conditional CAPM and con-
ditional human-capital CAPM. The estimation procedure is first-stage GMM with equally-weighted moment
conditions. The test portfolios are 25 size/book-to-market sorted portfolios. Rvw, ∆y, SMB, and HML
represents the excess market return, labor income growth, size, and value factor, respectively. caytRvw,t+1

and cayt∆yt+1 denotes respectively the scaled market and scaled labor income growth factor, where the con-
ditioning variable is the lagged consumption-wealth ratio (cayt). The first line associated with each model
contains the covariance risk price estimates, while the second line reports t-statistics (in parenthesis). Panel
A and B presents the results from estimating the model with and without an intercept (γ0), respectively.
The sample period is from 1963:Q4 to 1998:Q3. t-ratios marked with * and ** denote statistical significance
at the 5% and 1% level, respectively.

Model γ0(%) cayt Rvw,t+1 ∆yt+1 SMBt+1 HMLt+1 caytRvw,t+1 cayt∆yt+1

Panel A (Intercept)

CAPM 2.62 −0.47
(2.77∗∗) (−0.27)

HCAPM 3.22 −0.95 176.48
(1.93) (−0.28) (2.05∗)

FF3 0.30 4.36 −0.71 8.15
(0.19) (1.09) (−0.23) (3.13∗∗)

LL3 2.14 −26.84 1.28 1062.13
(1.56) (−0.62) (0.36) (2.26∗)

LL5 3.77 136.72 −2.45 94.86 385.08 −10446.25
(2.46∗) (1.28) (−0.79) (1.18) (1.19) (−1.20)

Panel B (No Intercept)

CAPM 2.75
(2.31∗)

HCAPM 2.96 139.75
(1.62) (1.99∗)

FF3 5.05 −1.15 8.52
(3.43∗∗) (−0.66) (4.78∗∗)

LL3 −73.36 5.86 1108.52
(−1.30) (2.08∗) (2.18∗)

LL5 −116.06 6.01 133.74 961.39 3814.53
(−0.96) (2.12∗) (1.91) (2.05∗) (0.51)
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Table 6: Covariance Representation for Conditional CCAPM

This table presents the estimation results for the covariance representation of the conditional consumption-
CAPM. The estimation procedure is first-stage GMM with equally-weighted moment conditions. The test
portfolios are 25 size/book-to-market sorted portfolios. ∆c represents the consumption growth factor.
cayt∆ct+1 denotes the scaled consumption growth factor, where the conditioning variable is the lagged
consumption-wealth ratio (cayt). The first line associated with each model contains the covariance risk price
estimates, while the second line reports t-statistics (in parenthesis). Panel A and B presents the results from
estimating the model with and without an intercept (γ0), respectively. The sample period is from 1963:Q4 to
1998:Q3. t-ratios marked with * and ** denote statistical significance at the 5% and 1% level, respectively.

Model γ0(%) cayt ∆ct+1 cayt∆ct+1

Panel A (Intercept)
CCAPM 1.57 98.13

(1.92) (1.12)
LL3* 2.76 −79.21 27.61 16772.23

(3.07∗∗) (−1.59) (0.28) (2.00∗)
Panel B (No Intercept)

CCAPM 292.54
(1.32)

LL3* −0.62 70.50 14551.27
(−0.01) (0.85) (2.13∗)
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Table 8: Pricing Performance for Conditional CCAPM: Alternative Test Assets

This table presents the estimation and evaluation results for the conditional consumption-CAPM. The es-
timation procedure is the two-pass regression approach. The test portfolios are deciles sorted on book-
to-market ratio, investment, and operating profitability (for a total of 30 portfolios). ∆c represents the
consumption growth factor. cayt∆ct+1 denotes the scaled consumption growth factor, where the condi-
tioning variable is the lagged consumption-wealth ratio (cayt). The first line associated with each model
contains the risk price estimates, while the second line reports t-statistics based on Shanken’s standard
errors (in parenthesis). R2 denotes the cross-sectional OLS R2, with the respective empirical p-value ob-
tained from a bootstrap simulation reported in parentheses. MAE(%) is the average absolute pricing error
(in %). MAE/MAR represents the ratio of MAE to MAR, where MAR denotes the mean absolute raw
portfolio risk premium. t-ratios marked with * and ** denote statistical significance at the 5% and 1% level,
respectively.

Model cayt ∆ct+1 cayt∆ct+1 R2 MAE(%) MAE
MAR

Panel A (1963:Q4–1998:Q3)
CCAPM 0.77 −0.31 0.43 0.24

(1.36) (0.76)
LL3* 0.41 0.36 0.00 0.14 0.33 0.19

(1.19) (1.89) (1.43) (0.41)
Panel B (1963:Q4–2013:Q4)

CCAPM 0.60 −0.47 0.37 0.21
(1.77) (0.88)

LL3* 0.89 0.50 0.01 −0.30 0.37 0.21
(1.10) (1.68) (0.94) (0.94)
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Table 9: Covariance Representation for Conditional CAPM and HCAPM: Alternative Test Assets

This table presents the estimation results for the covariance representation of the conditional CAPM and con-
ditional human-capital CAPM. The estimation procedure is first-stage GMM with equally-weighted moment
conditions. The test portfolios are deciles sorted on book-to-market ratio, investment, and operating prof-
itability (for a total of 30 portfolios). Rvw, ∆y, SMB, HML, RMW , and CMA represents the excess market
return, labor income growth, size, value, profitability, and investment factor, respectively. caytRvw,t+1 and
cayt∆yt+1 denotes respectively the scaled market and scaled labor income growth factor, where the condi-
tioning variable is the lagged consumption-wealth ratio (cayt). The first line associated with each model
contains the covariance risk price estimates, while the second line reports t-statistics (in parenthesis). t-ratios
marked with * and ** denote statistical significance at the 5% and 1% level, respectively.

Model cayt Rvw,t+1 ∆yt+1 SMBt+1 HMLt+1 RMWt+1 CMAt+1 caytRvw,t+1 cayt∆yt+1

Panel A (1963:Q4–1998:Q3)

CAPM 2.57
(2.22∗)

HCAPM 3.09 84.05
(2.15∗) (1.54)

FF5 4.83 2.57 7.12 17.81 9.57
(2.79∗∗) (1.01) (2.05∗) (3.66∗∗) (1.78)

LL3 20.23 1.85 666.28
(0.65) (0.85) (1.52)

LL5 −235.93 6.09 152.16 463.38 13460.92
(−2.00∗) (2.29∗) (1.51) (0.73) (1.80)

Panel B (1963:Q4–2013:Q4)

CAPM 2.36
(2.62∗∗)

HCAPM 2.50 66.51
(1.97∗) (1.31)

FF5 3.72 1.78 1.71 6.31 5.11
(2.83∗∗) (0.80) (0.69) (2.67∗∗) (1.44)

LL3 11.37 1.45 −525.18
(0.51) (0.93) (−3.09∗∗)

LL5 −12.43 1.19 97.43 −383.55 5425.04
(−0.28) (0.62) (1.16) (−2.59∗∗) (1.06)
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Table 10: Covariance Representation for Conditional CCAPM: Alternative Test Assets

This table presents the estimation results for the covariance representation of the conditional consumption-
CAPM. The estimation procedure is first-stage GMM with equally-weighted moment conditions. The test
portfolios are deciles sorted on book-to-market ratio, investment, and operating profitability (for a total of 30
portfolios). cayt∆ct+1 denotes the scaled consumption growth factor, where the conditioning variable is the
lagged consumption-wealth ratio (cayt). The first line associated with each model contains the covariance
risk price estimates, while the second line reports t-statistics (in parenthesis). t-ratios marked with * and **
denote statistical significance at the 5% and 1% level, respectively.

Model cayt ∆ct+1 cayt∆ct+1

Panel A (1963:Q4–1998:Q3)
CCAPM 349.00

(1.20)
LL3* 18.99 182.05 5524.54

(0.37) (2.08∗) (0.80)
Panel B (1963:Q4–2013:Q4)

CCAPM 290.45
(1.47)

LL3* 5.39 275.69 4654.17
(0.15) (1.42) (0.76)

Table 11: Rank Tests on Factor Loadings
This table presents the p-values associated with the F -test on the factor loading estimates. For a
description of the different models, see Tables 1 and 4. The test portfolios are the 25 size/book-to-
market portfolios (SBM25) and deciles sorted on book-to-market ratio, investment, and operating
profitability (BM10+INV10+OP10). “SBM25 (int.)” refers to the case in which the cross-sectional
regression includes an intercept. In this case, the null hypothesis is that the matrix containing a
vector of ones and the factor loadings has a reduced rank. In the remaining three columns, the
intercept is excluded from the cross-sectional regression, which means that the null hypothesis is
that the matrix containing the factor loadings has a reduced rank. The sample period is from
1963:Q4 to 1998:Q3, except in the last column where the sample is 1963:Q4 to 2013:Q4.

SBM25 (int.) SBM25 BM10+INV10+OP10 BM10+INV10+OP10 (1963–2013)
Panel A (Conditional CAPM and HCAPM)

CAPM 0.00 0.00 0.00 0.00
HCAPM 0.54 0.56 0.52 0.77

FF3 0.03 0.00
FF5 0.00 0.00
LL3 0.13 0.16 0.89 0.57
LL5 0.95 0.96 0.99 0.91

Panel B (Conditional CCAPM)
CCAPM 0.15 0.12 0.31 0.39

LL3* 0.27 0.10 0.25 0.74
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Panel A: Market Factor

Panel B: Scaled Market Factor

Figure 1: Factor Betas: Conditional CAPM
This figure plots the beta estimates for the factors in the Conditional CAPM, along with the average ex-

cess returns of the 25 size/book-to-market portfolios. Each portfolio is represented by a two-digit num-

ber, where the first digit refers to the size quintile (1-5, smallest to largest), and the second digit refers

to the book-to-market quintile (1-5, lowest to highest). The sample period is from 1963:Q4 to 1998:Q3.
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Panel A: Consumption Factor

Panel B: Scaled Consumption Factor

Figure 3: Factor Betas: Conditional CCAPM
This figure plots the beta estimates for the factors in the Conditional consumption-CAPM, along with the aver-

age excess returns of the 25 size/book-to-market portfolios. Each portfolio is represented by a two-digit num-

ber, where the first digit refers to the size quintile (1-5, smallest to largest), and the second digit refers

to the book-to-market quintile (1-5, lowest to highest). The sample period is from 1963:Q4 to 1998:Q3.

53



A Online Appendix

A.1 Bootstrap Simulation

The bootstrap simulation used to assess the statistical significance of the cross-sectional OLS R2

consists of the following steps. We use the simple two-factor HCAPM to illustrate the procedure.

Moreover, we consider the case in which the intercept is included in the cross-sectional regression.

Naturally, the specification with no intercept holds by setting λ0 = 0.

1. First, we estimate the time-series regressions to obtain the factor loadings,

Rei,t = δi + βvwiRvw,t + β∆yi∆yt + εi,t,

and in a second step, the expected return-beta representation is estimated by an OLS cross-

sectional regression,

µi = λ0 + λvwβ̂vwi + λ∆yβ̂∆yi + αi.

We compute and save the sample explanatory ratio (R2), the intercept estimate (λ̂0), and the

series of the pricing errors (α̂i).

We also run the following auxiliary time-series regressions,

Rei,t = µi + ςi,t,

and save the series of the corresponding residuals, ςi,t.

2. In each replication b = 1, ..., 10000, we construct pseudo-samples for the time-series residuals

of each test asset and for each factor (of size T ) by drawing with replacement,

{ςbi,t}, i = 1, ..., N,

{Rbvw,t,∆ybt}, t = sb1, s
b
2, ..., s

b
T ,

where the time indices sb1, s
b
2, ..., s

b
T are created randomly from the original time sequence

1, ..., T . Notice that the time sequence is the same for all variables, thus we allow for a

possible correlation between the test returns and the factors.

3. For each replication, the pseudo asset excess returns are constructed by imposing the null
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that the factor risk prices are zero:

Re,bi,t ≡ λ̂0 + α̂i + ςbi,t.

4. In each replication, we estimate the CAPM by the two-step procedure, but using the artificial

data rather than the original data:

Re,bi,t = δbi + βbvwiR
b
vw,t + βb∆yi∆y

b
t + εbi,t,

µbi = λb0 + λbvwβ̂
b
vwi + λb∆yβ̂

b
∆yi + αbi .

We compute and save the pseudo cross-sectional R2, leading to an empirical distribution of

this statistic, R2
b , b = 1, ..., 10000.

5. Finally, the empirical p-value associated with R2 is computed as

p(R2) = #
{
R2
b ≥ R2

}
/10000,

where #
{
R2
b ≥ R2

}
denotes the number of pseudo samples in which the condition, R2

b ≥ R2,

is true.
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