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T

his paper derives and tests an intertemporal capital asset pricing model (ICAPM) based on a conditional
version of the Campbell–Vuolteenaho two-beta ICAPM (bad beta, good beta (BBGB)). The novel factor is
a scaled cash-flow factor that results from the interaction between cash-flow news and a lagged state variable
(market dividend yield or consumer price index inflation). The cross-sectional tests over 10 portfolios sorted on
size, 10 portfolios sorted on book-to-market, and 10 portfolios sorted on momentum show that the scaled ICAPM
explains relatively well the dispersion in excess returns on the 30 portfolios. The results for an alternative set of
equity portfolios (25 portfolios sorted on size and momentum) show that the scaled ICAPM prices particularly
well the momentum portfolios. Moreover, the scaled ICAPM compares favorably with alternative asset pricing
models in pricing both sets of equity portfolios. The scaled factor is decisive to account for the dispersion in
average excess returns between past winner and past loser stocks. More specifically, past winners are riskier
than past losers in times of high price of risk. Therefore, a time-varying cash-flow beta/price of risk provides a
rational explanation for momentum.
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1.

Introduction

(cash-flow news), revisions in future market discount
rates (discount-rate news), and a scaled factor that
corresponds to the interaction of cash-flow news and
the lagged state variable. The novelty relative to
the BBGB model is this scaled factor that accounts
for a time-varying cash-flow beta. Alternatively, the
scaled ICAPM can be derived by assuming that the
cash-flow risk price is a linear function of the state
variable, which leads to two distinct fundamental
components of the price of risk—a constant or longterm component of the risk price and a time-varying
component that is negatively correlated with the business cycle or, more generally, positively correlated
with “bad times,” and thus is interpreted as the cyclical or short-term component of the cash-flow risk
price (alternatively, risk aversion).
In the empirical implementation of the scaled
ICAPM, I use the market dividend yield, which is
a popular predictor of the market equity premium,
and is also a countercyclical variable. The second conditioning variable employed is the consumer price
index (CPI) inflation, which is used by Brandt and
Wang (2003) as a determinant of risk aversion. I conjecture that times of rising inflation are “bad times”
in the sense that positive shocks in inflation lead
to negative shocks in real financial and nonfinancial
wealth and thus a higher price of risk.
The cross-sectional tests with 10 portfolios sorted
on size, 10 portfolios sorted on book-to-market

The Merton (1973) intertemporal capital asset pricing model (ICAPM) postulates that state variables
that predict market returns should act as risk factors to help price the cross-section of average equity
returns. Among the papers that implement empirically testable versions of the original ICAPM are
Campbell (1993, 1996) and, more recently, Chen
(2003), Brennan et al. (2004), Guo (2006), and
Campbell and Vuolteenaho (2004). Common to these
papers is the assumption that the factor betas/risk
prices in the expected return-beta representation are
constant through time. Nevertheless, following the
conditional CAPM literature it seems reasonable to
assume that (some of) the factor betas/risk prices are
time varying.
This paper derives an ICAPM based on a conditional version of the two-beta ICAPM (bad beta,
good beta (BBGB)) from Campbell and Vuolteenaho
(2004). The beta/price of risk of aggregate cash-flow
news is assumed to be time varying, similarly to
the conditional CAPM literature regarding the market
beta/price of risk (Harvey 1989, Ferson and Harvey
1999, Lettau and Ludvigson 2001, and Petkova and
Zhang 2005, among others). Specifically, the conditional cash-flow beta is assumed to be linear in a state
variable, leading to a scaled ICAPM that contains
three factors: revisions in future aggregate cash flows
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(BM), and 10 portfolios sorted on momentum
(S10 + BM10 + M10) show that the scaled ICAPM
explains relatively well the dispersion in excess
returns on the 30 portfolios, with explanatory ratios
varying between 47% and 60%. Thus, the three-factor
model accounts for the value and momentum anomalies. The results for an alternative set of equity portfolios (25 portfolios sorted on size and momentum)
show that the scaled ICAPM prices particularly well
the momentum portfolios, with explanatory ratios
varying between 74% and 86%. Furthermore, the risk
price estimates show that the risk price for the scaled
factor is significantly positive, indicating that the conditional beta/risk price of cash-flow news increases
with the state variables; that is, the beta/price of
risk rises in “bad times.” The results show that the
time-varying or cyclical component of the cash-flow
risk price strongly dominates the constant or average component. Moreover, the scaled ICAPM compares favorably with alternative asset pricing models
in pricing both sets of equity portfolios—the BBGB
model; the unconditional CAPM (Sharpe 1964 and
Lintner 1965); the conditional CAPM (Jagannathan
and Wang 1996, Ferson and Harvey 1999, Lettau and
Ludvigson 2001, among others); the Fama and French
(1993) three-factor model; and the Carhart (1997) fourfactor model. Among the competing models, only the
Carhart (1997) model beats the scaled ICAPM.
The explanatory power of the model is robust to a
series of robustness checks: using the factors as additional test assets; adding bond premia to the set of test
assets; using alternative vector autoregression (VAR)
specifications to estimate cash-flow and discount-rate
news; including an intercept in the pricing equation; allowing the beta (or, alternatively, the price of
risk) of discount-rate news to also be time varying;
testing the model with 25 size-BM portfolios; using
alternative measurement of the lagged state variables;
conducting a bootstrap-based inference; or estimating
the model in expected return-beta form. I also test
the scaled ICAPM with alternative portfolio groups
that combine momentum with several other stock
characteristics (stock volatility, firm age, idiosyncratic
volatility, volume, and credit risk).
The fact that the scaled ICAPM is able to account
for momentum profits represents an important innovation to most of the empirical tests of the crosssection of stock returns found in the literature.1 The
scaled factor is decisive to account for the dispersion in average excess returns between past winner
and past loser stocks. More specifically, past losers are
riskier than past winners are in periods of low realizations of the state variable, that is, in times with a
1

Bansal et al. (2005) and Liu and Zhang (2008) test asset pricing
models that also account for momentum.

low price of risk. Therefore, a time-varying cash-flow
beta/price of risk provides a rational explanation for
momentum.
This paper is organized as follows. Section 2
presents the theoretical derivation of the scaled
ICAPM. Section 3 presents the main empirical crosssectional tests of the scaled ICAPM. Section 4 presents
several robustness checks to the main results in the
previous section. Section 5 provides additional discussion on why the scaled ICAPM prices the momentum
portfolios; time-varying risk aversion as an alternative source of the time-varying cash-flow risk price is
also discussed. Section 6 concludes.

2.

A Scaled ICAPM

Campbell (1993) uses an Epstein and Zin (1989, 1991)
utility function and a decomposition for innovations on consumption growth based on the investor’s
intertemporal budget constraint (combined with the
assumptions of joint conditional log-normality and
homoskedasticity for both asset returns and consumption growth) to derive a discrete-time version of
the ICAPM:
Et 4ri1 t+1 5 − rf 1 t+1 +

i12 t
= im1 t + 4 − 15iH1 t 1
2

(1)

where Et 4 · 5 denotes the conditional expectation at
time t; ri1 t+1 and rf 1 t+1 denote the log return on
stock i and log risk-free rate, respectively;  is the
coefficient of relative risk aversion (RRA); i12 t /2 is
a Jensen’s inequality adjustment arising from the
log-normal model, with i12 t ≡ Vart 4ri1 t+1 5 denoting
the conditional variance of stock i’s return; and
im1 t ≡ Covt 6ri1 t+1 1 rm1 t+1 − Et 4rm1 t+1 57 and iH1 t ≡
H
Covt 4ri1 t+1 1 rt+1
5 represent the conditional covariances
of stock i’s return with the current market return and
news about future market returns, respectively. News
about future market returns (discount-rate news) is
given by
H
≡ 4Et+1 − Et 5
rt+1


X

j rm1 t+1+j 0

(2)

j=1

The intuition behind the model in Equation (1) is
that for an investor with greater risk aversion than
an investor with log utility (i.e,  > 1), assets that
are positively correlated with future market returns
(changes in future investment opportunities) have a
higher expected return than predicted by the CAPM
(the first factor). The reason is that such assets do not
enable an investor to hedge against a deterioration in
future investment opportunities.
By using the same framework as in Campbell
(1993, 1996), Campbell and Vuolteenaho (2004; CV04
hereafter) rely on the dynamic accounting identity developed by Campbell and Shiller (1988) and
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Campbell (1991), which decomposes current unexpected market returns into discount-rate news, and
the residual, which they interpret as cash-flow news:
rm1 t+1 − Et 4rm1 t+1 5
= 4Et+1 − Et 5


X

j ãdt+1+j

j=0

− 4Et+1 − Et 5


X

CF
H
j rm1 t+1+j ≡ rt+1
− rt+1
1

(3)

j=1

P
CF
j
where rt+1
≡ 4Et+1 − Et 5 
j=0  ãdt+1+j = rm1 t+1 −
H
Et 4rm1 t+1 5 + rt+1 represents “news” about future cash
flows. CV04 derive a version of the ICAPM based
also on only two factors: the covariance (beta) with
discount-rate news (good beta) and the covariance
with cash-flow news (bad beta):
i12 t
= iCF 1 t − iH 1 t 1
Et 4ri1 t+1 5 − rf 1 t+1 +
2

(4)

CF
where iCF 1 t ≡ Covt 4ri1 t+1 1 rt+1
5 is the covariance of
asset i’s return with cash-flow news.2 The covariance with cash-flow news receives a risk price of ,
whereas the covariance with discount-rate news has a
risk price of −1. Thus, for a conservative investor (one
with  > 1), the covariance with upward revisions
in future cash flows has a higher risk price than the
covariance with downward revisions in future market returns. The intuition provided by CV04 relies
on the argument that adverse changes in future cash
flows have a permanent negative impact on wealth,
whereas adverse shocks (unexpected rises) in future
discount rates have only a transitory negative impact
on wealth because although current wealth declines
it will be reinvested at a higher rate of return.
Similarly to CV04, one can extend the model in
Equation (4) to allow for the possibility that the log
return on the reference portfolio is a weighted average of the log stock market return and the log riskfree rate:

rp1 t+1 = rm1 t+1 + 41 − 5rf 1 t+1 1

(5)

where  stands for the weight associated with
the stock index in the global portfolio. Given that
4Et+1 − Et 5rf 1 t+1 = 0 (i.e., the risk-free rate is known at
the beginning of the period) and by assuming that
rf 1 t+1 is approximately constant through time, then
the discount-rate and cash-flow news associated with
H
the aggregate return in Equation (5) are equal to rt+1
CF
and rt+1
, respectively. This leads to an “unrestricted”

version of the BBGB model:
i12 t
Et 4ri1 t+1 5 − rf 1 t+1 +
= iCF 1 t − iH1 t 0 (6)
2
The main innovation relative to Equation (4) is that
the risk price associated with i1 H is estimated in the
cross-section instead of being fixed at −1. By imposing  = 1 (i.e., the reference portfolio only contains
a stock index), one obtains the restricted version (4)
as a special case of (6). According to Equation (6) the
cash-flow risk price should be positive, whereas the
risk price for discount-rate news should be estimated
negatively.
Next, to derive the scaled ICAPM, I assume that the
conditional covariance with cash-flow news has the
following form:
CF
CF
Covt 4ri1 t+1 1 rt+1
5 = t Cov4ri1 t+1 1 rt+1
5
CF
+ t Cov4ri1 t+1 1 rt+1
zt 51

(7)

where zt is a time t state variable and both t and
t denote time t variables that depend on zt and
CF
the conditional variance, Vart 4rt+1
5. This functional
form for the conditional covariance is equivalent to
the conditional beta from conditional market regresCF
CF
CF
sions: t 4ri1 t+1 1 rt+1
5 = 4ri1 t+1 1 rt+1
5 + 4ri1 t+1 1 rt+1
zt 5zt 1
CF
CF
CF
where t 4ri1 t+1 1 rt+1
5 ≡ Covt 4ri1 t+1 1 rt+1
5/ Vart 4rt+1
5 deCF
notes the conditional cash-flow beta; 4ri1 t+1 1 rt+1
5≡
CF
CF
Cov4ri1 t+1 1 rt+1
5/ Var4rt+1
5 is the unconditional cashCF
CF
flow beta; and 4ri1 t+1 1 rt+1
zt 5 ≡ Cov4ri1 t+1 1 rt+1
zt 5/
CF
Var4rt+1 zt 5 denotes the unconditional beta with the
scaled factor.3 By substituting (7) on (6) and using the
law of iterated expectations, I obtain a three-factor
model in unconditional form:
2
E4ri1t+1 5−rf 1t+1 + i = CF iCF +CFz iCF z +H iH , (8)
2
where CF ≡  E4t 5, CFz ≡  E4t 5, H ≡ −, and
all the covariances are unconditional. In the restricted
version of the scaled ICAPM ( = 1), the risk prices
are equal to CF ≡  E4t 5, CFz ≡  E4t 5, and H = −1.
Alternatively, one can derive the three-factor scaled
ICAPM by allowing the cash-flow risk price to be
time varying, making it related with zt , as in Lettau
and Ludvigson (2001), Petkova and Zhang (2005), or
Zhang (2005):
 t =  0 +  1 zt 0
(9)
By imposing (9) in the pricing Equations (4) and (6)
and using the linearity of conditional expectations
and the law of iterated expectations, one obtains:
i2
= 0 iCF + 1 iCF z − iH 1
2

(10)

i2
= 0 iCF +1 iCF z −iH 0
2

(11)

E4ri1 t+1 5 − rf 1 t+1 +
E4ri1t+1 5−rf 1t+1 +

2

In (4) the difference from CV04 is that iH 1 t appear with a minus
sign in the pricing equation because they define the covariance
(beta) with respect to the negative (favorable change) of discountrate news.

3

This specification is widely used in the conditional CAPM literature (see Shanken 1990, Lewellen 1999, Petkova and Zhang 2005,
among others).
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By using excess simple returns Ri1 t+1 − Rf 1 t+1 on the
left-hand side (as in CV04), one obtains the unconditional pricing equations of the scaled ICAPM:
E4Ri1 t+1 − Rf 1 t+1 5 = CF iCF + CFz iCF z − iH 1

(12)

E4Ri1 t+1 − Rf 1 t+1 5 = CF iCF + CFz iCF z + H iH 0 (13)
Henceforth, Equation (13) is denoted as the benchmark scaled ICAPM, whereas Equation (12) corresponds to the restricted scaled ICAPM. Similarly, the
two versions of the BBGB model in unconditional
form are defined as
E4Ri1 t+1 − Rf 1 t+1 5 = CF iCF − iH 1

(14)

E4Ri1 t+1 − Rf 1 t+1 5 = CF iCF + H iH 0

(15)

Hereafter, Equations (14) and (15) are denoted as the
restricted and benchmark bad beta good beta ICAPM,
respectively. These four pricing equations will be
empirically tested in the next section.

3.

Asset Pricing Tests

3.1. Data
I use two sets of equity portfolios in the crosssectional tests of the different ICAPM specifications. The first group contains 30 portfolios (S10 +
BM10 + M10), which include 10 portfolios sorted
on size (denoted as S10); 10 portfolios sorted on
book-to-market; and 10 portfolios sorted on momentum (prior one-year returns, denoted as M10). The
second group stands for 25 portfolios sorted on
both size and momentum (SM25). All portfolio
return data and the one-month Treasury bill rate,
used to calculate excess returns, are obtained from
Kenneth French’s website. Return data on the valueweighted stock market index are from the Center
for Research in Security Prices (CRSP), whereas
monthly data on the price index, earnings, and dividends associated with the Standard & Poor’s (S&P)
Composite Index are obtained from Robert Shiller’s
website. Macroeconomic and additional interest rate
data, including the seasonally adjusted CPI, 10-year
and 1-year Treasury bond yields, and the threemonth Treasury bill rate are all obtained from the
FRED database, available from the St. Louis FED’s
website.
3.2.

Estimating the “Shifts in the Investment
Opportunity Set”: A VAR Approach
Following Campbell (1991, 1993), I rely on a firstH
CF
order VAR to estimate both rt+1
and rt+1
. The VAR
equation assumed to govern the behavior of a state
vector xt , which includes the excess market return and

other variables that help to forecast changes in the
expected market return, is given by4
xt+1 = Axt + Åt+1 0

(16)

In this framework the news components are estimated
in the following way:
H
rt+1
≡ 4Et+1 − Et 5


X

j rm1 t+1+j

j=1

= e10 A4I − A5−1 Åt+1 = Ý0 Åt+1 1
CF
rt+1
≡ 4Et+1 − Et 5


X

(17)

H
j ãdt+1+j = rm1 t+1 − Et 4rm1 t+1 5 + rt+1

j=0

= 6e10 + e10 A4I − A5−1 7Åt+1 = 4e1 + Ý50 Åt+1 0 (18)
Here,  is a discount coefficient linked to the
average log consumption-to-wealth ratio,  ≡ 1 −
exp6E4ct − wt 57, or average market dividend-to-price
ratio; e1 is an indicator vector that takes a value
of 1 in the cell corresponding to the position of
the excess market return in the VAR; A is the VAR
coefficient matrix; I is an identity matrix; and Ý0 ≡
e10 A4I − A5−1 is the function that relates the VAR
shocks with discount-rate news. To be consistent with
previous work (e.g., CV04), I assume  = 00951/12 ,
i.e., an annualized discount factor of 0.95, corresponding to an annual consumption-to-wealth ratio
of approximately 5%. In Equation (18) cash-flow news
is the residual component of unexpected stock market returns, which has the advantage that one does
not have to model directly the dynamics of aggregate
dividends.5
The state-vector associated with the first-order VAR
is given by xt ≡ 6RRELt 1 TERMt 1 VSt 1 EYt 1 rmt 70 , which
represents a parsimonious representation for the variables that forecast the market return and follows the
specification used in CV04. RREL is the relative or
detrended Treasury bill rate, representing the difference between the three-month Treasury bill rate
(rf 3 ) and a moving average of rf 3 over the previous
12 months.6 Its inclusion in the VAR is justified by
previous evidence that short-term interest rates forecast expected market returns, at least for short-term
forecasting horizons (Campbell 1991, Hodrick 1992,
Ang and Bekaert 2007, among others). TERM refers
to the term structure spread (measured here as the
difference between the 10-year and 1-year Treasury
bond yields), which represents a proxy for the yield
4
Any P -order VAR with P > 1 can be restated as a first-order VAR
if the state vector is expanded by including lagged state variables,
with A denoting the VAR companion matrix.
5

This avoids problems like the seasonality and nonstationarity of
dividends.
P
6
RRELt = rf 31 t − 41/125 12
j=1 rf 31 t−j .
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Table 1

VAR Estimation Results
RRELt

TERM t

VSt

EY

rm1 t

R̄2

RRELt+1

0095
4300375

0007
430325

−0001
4−20705

−0000
4−00005

0000
400735

0083

TERM t+1

−0004
(−2.41)
0043
420995

0094
4760005
0023
410505

0001
41083 5
0022
430185

−0000
4−10515
−0000
4−00925

0000
400015
0007
(2.18)

0094

EYt+1

2003
470585

1016
440225

0023
(2.02)

0099
4960785

−0016
4−10455

0099

rm1 t+1

−0020
4−00965

0039
41080 5

−0006
4−00895

0001
41068 5

0008
410405

0002

VSt+1

0005

Notes. This table presents the estimated coefficients (first row of each variable) and associated heteroskedasticityrobust t-statistics (second row) for a first-order VAR. The VAR vector is given by 6RRELt 1 TERM t 1 VSt 1 EYt 1 rmt 70 ,
where RREL is the relative bill rate, TERM is the term structure spread, VS is the value spread, EY is the log
earnings yield, and rmt is the excess log value-weighted market return. The original sample is 1953:05–2009:12.
Italic, underlined, and bold t-statistics denote statistical significance at the 10%, 5%, and 1% levels, respectively.
R̄2 is the adjusted R2 .

curve slope. This variable has been widely used in
the predictability of returns literature since Campbell
(1987) and Fama and French (1989) have found that
TERM tracks the business cycle and predicts market returns. VS is the small-value spread, which is
computed as the spread in log returns of the smallhigh BM and small-low BM portfolios.7 EY denotes
the log earnings yield, calculated as the log of the
earnings-to-price ratio associated with the S&P 500
index. This variable is used instead of the market dividend yield (Fama and French 1988) in light of recent
evidence that the forecasting power of the market dividend yield has decreased since the 1990s and also to
be consistent with CV04.8 The fifth variable used in
the VAR is the excess log market return (rm ), which
takes as proxy the value-weighted market return from
CRSP. The sample used in estimating the VAR is
1953:05–2009:12, because the Treasury bond yield data
are not available before 1953:04.
Untabulated results show that both TERM and EY
are quite persistent, with autoregressive coefficients
() of 0.97 and 0.99, respectively, whereas RREL is
also relatively persistent ( = 0091). Furthermore, the
VAR state variables are not highly correlated with the
exception of RREL and TERM with a correlation coefficient of −0.58 and, to a lower degree, TERM and EY
(−0.43) and VS and rm (−0.41).
7

A similar spread is used by CV04. The small-high and small-low
portfolios belong to the group of six portfolios sorted on size and
BM, available from Kenneth French’s library.
8

Instead of the annual earnings yield, CV04 use the smoothed
price-earnings ratio, which is based on a 10-year moving average
of past earnings. I have opted to use the annual earnings yield
because in unreported results the forecasting power of EY for the
market return at the one-month horizon is greater than the corresponding predictive power associated with the smoothed earnings yield.

The VAR coefficient estimates and associated
heteroskedasticity-robust t-statistics (White 1980) are
presented in Table 1. The market return equation, presented in the bottom row, shows that all four state
variables forecast the excess market return with the
expected sign: RREL predicts negative excess market returns one month ahead, consistent with previous evidence (Campbell 1991, Hodrick 1992, Ang
and Bekaert 2007), and both TERM and EY predict
positive market returns, also in line with previous
evidence (Fama and French 1988, 1989; CV04). On
the other hand, VS predicts negative changes in the
aggregate equity premium, which is in line with the
evidence in CV04 for a longer sample. Both RREL and
VS are not statistically significant, whereas TERM and
EY are significant at the 10% level. The small individual significance of the state variables might be a result
of some multicollinearity induced by the correlations
among some of the state variables as referred above.
The small degree of one-month momentum in market
returns, as captured by the estimated slope for rm1 t , is
not statistically significant. The adjusted R2 of 2% is
in line with the values for monthly predictive regressions found in the predictability literature. A Wald
test of the joint significance of the five predictors for
the excess stock return yields a p-value of 0.00; that
is, the predictors are jointly significant at forecasting
the equity premium.9 The other equations in the VAR
show that TERM is close to an AR(1) process, but it
9

Preliminary results show that there is a decline in the predictability of the equity premium in recent years. By estimating the VAR
over the 1953.05–2003.12 period, the adjusted R2 is slightly higher
(3%), whereas the slopes associated with RREL and EY are significant at the 10% and 5% levels, respectively. If one uses one-sided
t-stats (justified because the signs of the slopes are more or less
consistent and have an economic justification, e.g., EY ), all four
predictors are individually significant over this shorter sample.
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is also (negatively) predicted by RREL, whereas RREL
is mainly explained by its lagged value, although
both TERM and VS have also some forecasting power.
Regarding the value spread, it is (positively) predicted
by its lagged value, RREL, and the market return. In
the equation for EY , the autoregressive coefficient is
highly significant, and in addition, RREL, TERM, and
VS all forecast an increase in EY .
The results for the variance decomposition associated with the components of the excess market return
are given by
CF
H
5
5
Var4rt+1
Var4rt+1
+
Var6rm1 t+1 − Et 4rm1 t+1 57 Var6rm1 t+1 − Et 4rm1 t+1 57

−

H
CF
5
1 rt+1
2 Cov4rt+1
Var6rm1 t+1 − Et 4rm1 t+1 57

= 158033% + 67099% − 126031% = 100%0

(19)

Thus, cash-flow news represents more than twice the
weight of discount-rate news over the excess market return. These results are in contrast with previous findings showing that the major component
of aggregate (unexpected) stock returns is discountrate news followed by cash-flow news (Campbell
1991, Campbell and Ammer 1993, Campbell and
Vuolteenaho 2004, among others). The difference in
results should be attributable to a declining forecasting power for market returns in recent years,
which leads to a decrease in the weight of discountrate news.10 The absolute weights attached to cashflow news and the covariance term are above 100%,
because both components of market returns are positively correlated (0.61).
3.3. Econometric Framework
The asset pricing models presented in the previous section are estimated by a first-stage generalized method of moments (GMM) procedure (Hansen
1982, Cochrane 2005) in which all the moment conditions (that is, the pricing equations for the different test assets) receive the same weight. This
procedure is equivalent to an ordinary least-squares
(OLS) cross-sectional regression of average excess
returns on factor covariances (betas) and enables us
to assess whether the scaled ICAPM can explain the
returns of a set of economically interesting portfolios
10

In a VAR estimated over the 1953.05–2007.12 period, the weights
CF
H
CF
H
associated with Var4rt+1
5, Var4rt+1
5, and −2 Cov4rt+1
1 rt+1
5 are 98%,
104%, and −103%, respectively, which shows that the weights
associated with discount-rate and cash-flow news are approximate. The results showing a large weight for cash-flow news are
also consistent with the evidence from Campbell et al. (2011) that
the recent bear market (2007–2009) is mostly attributable to negative cash-flow news rather than positive shocks in market discount rates.

(e.g., value or momentum portfolios). The first N sample moments correspond to the pricing errors for each
of the N test assets:

CF
−CF 5
4Ri1t+1 −Rf 1t+1 5−CF ri1t+1 4rt+1





CF

zt −CFz 5
−CFz ri1t+1 4rt+1






H
−1  − r
1 TX
H i1t+1 rt+1 −H
gT 4b5 ≡
= 01
CF
T t=0 
rt+1
−CF





CF

zt −CFz
rt+1




H
rt+1 −H
i = 110001N 1

(20)

CF
where 4CF 1 CFz 1 H 5 denote the means of 4rt+1
1
H
CF
rt+1 zt 1 rt+1 5. The last three moment conditions in the
system above enable estimating the factor means,
which implies that the standard errors of the estimated covariance risk prices (s) account for the
error-in-variables associated with the factor means, as
in Cochrane (2005, Chap. 13), and Yogo (2006).11 In
the case of the benchmark scaled ICAPM, there are
three risk prices to estimate, CF , CFz , H , and thus
N − 3 overidentifying conditions, whereas the benchmark BBGB model has N − 2 overidentifying conditions in the respective GMM system.
The asymptotic test that the pricing errors are
jointly equal to zero, with Á̂ ≡ gT 4b̂5, is given by

Á̂0 Var4Á̂5† Á̂ ∼  2 4N − K51

(21)

where K is the number of factors and Var4Á̂5† denotes
a generalized inverse of the variance–covariance
matrix of the N pricing errors.12 The standard errors
for the parameter estimates and pricing errors are
computed as in Cochrane (2005, Chap. 11).13
Two simpler and more robust measures for the
global fit of a given model within the cross-section
of returns are the average pricing error (mean absolute pricing error, MAE) and the cross-sectional OLS
coefficient of determination. MAE is represented by
MAE =

N
1 X
ˆ 1
N i=1 i

(22)

11

This method enables estimating the risk prices in only one stage,
instead of first estimating the factor covariances (betas) and the factor risk prices in a second stage as in the time-series/cross-sectional
regressions approach presented in Cochrane (2005, Chap. 12).
12

Following Cochrane (1996, 2005), I perform an eigenvalue decomposition of the moments’ variance–covariance matrix, Var4Á̂5 =
QåQ0 , where Q is a matrix containing the eigenvectors of Var4Á̂5
on its columns and å is a diagonal matrix of eigenvalues; then only
the nonzero eigenvalues of å are inverted.
13

As discussed above, the signs of the risk prices are a priori
restricted by the model; thus, I use t-statistics with one-sided
p-values in evaluating the individual statistical significance.
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and the cross-sectional OLS R2 is equal to
R2OLS

PN ¯ 2
ˆ
= 1 − PNi=1 i2 1
i=1 R̄i

(23)

where
R̄i =

1
T

the value one in an economic expansion as defined
by the National Bureau of Economic Research (NBER)
and takes the value zero in recessions—and performing a monthly regression of DY on CYCLE, one gets
the following results (OLS t-statistics in parenthesis):
DYt = 00040 − 00009 CYCLEt 1
4380325 4−802051

TX
−1

4Ri1 t+1 − Rf 1 t+1 5

t=0


N 
−1
1 X
1 TX
4R
− Rf 1 t+1 5
−
N i=1 T t=0 i1 t+1
denotes the (cross-sectionally) demeaned (average)
excess returns, ˆ i represents the pricing errors, and
¯ˆ i stands for the (cross-sectionally) demeaned pricing
errors. R2OLS assigns equal weight to all pricing errors
and represents a proxy for the proportion of the crosssectional variance of average excess returns explained
by the factors associated with a given model.
3.4.

Benchmark ICAPM: Estimating the
Factor Risk Premia
In the cross-sectional tests the first group of test
portfolios (S10 + BM10 + M10) is linked to the most
important CAPM anomalies—size premium, value
premium, and momentum. Therefore, if a given asset
pricing model is to explain the cross-section of equity
returns, then it is reasonable to force that model
to price all three portfolio sorts simultaneously. The
second group is 25 portfolios sorted on size and
momentum, which enables assessing in greater detail
the explanatory power of the scaled ICAPM for the
momentum anomaly (Jegadeesh and Titman 1993).
In the empirical implementation of the scaled
ICAPM, I use two alternative state variables that
drive the time-varying cash-flow beta or cash-flow
risk price, t . The first state variable is the market dividend yield (DY ), computed as the ratio of the annual
sum of dividends to the monthly price level of the
S&P 500 index. The market dividend yield was one
of the first variables used to forecast market returns
at several horizons (see Fama and French 1988,
1989), being interpreted as a variable related with the
longer-term component of business conditions, which
makes it eligible to explain the time-varying cash-flow
beta/risk price.14 However, the predictive power of
DY has declined in recent years (see Cochrane 2005,
among others). On the other hand, the market dividend yield can be interpreted as a proxy for “bad
times” (in which the cash-flow price of risk is high)
because it represents a countercyclical variable. By
using a business cycle dummy (CYCLE)—which takes

14
Harvey (1989), Ferson and Harvey (1999), and Petkova and
Zhang (2005), among others, specify market betas as a function of
the market dividend yield.

R̄2 = 00091

which shows that DY represents an (imperfect) proxy
for the business cycle. An alternative interpretation
is that DY is negatively correlated with either stock
prices or financial wealth (because this ratio tends to
be high when stock prices and hence, financial wealth,
are low) and consequently represents a proxy for “bad
times” (times in which financial wealth is at lower
levels).
The second state variable is the CPI inflation rate,
computed as the log (one-year) difference on the CPI
index, ln4CPI t /CPI t−12 5, which is denoted as CPI. One
justification for using CPI as a state variable that
drives conditional cash-flow betas or the time-varying
cash-flow risk price follows from evidence showing
that inflation forecasts aggregate stock returns (Fama
and Schwert 1977). Another possible motivation for
using CPI as a scaling variable is that unexpected
rises in inflation lead to negative shocks in both real
financial and nonfinancial wealth, and thus CPI represents a proxy for “bad times.” In a related crosssectional study with both bonds and portfolios of
stocks, Brandt and Wang (2003) specify risk aversion
as a function of shocks to inflation.
Therefore, in the specification for the cash-flow
price of risk, t = 0 + 1 zt , with zt = DYt , CPI t , one
expects 1 (and thus CFz ) to be positive in both cases;
i.e., worsening business conditions or deteriorating
(real) financial and nonfinancial wealth lead to a
rising aggregate price of risk. Alternatively, higher
aggregate risk premia in the economy (as captured by
high realizations of DY ) lead to a higher cash-flow
price of risk. If one considers time-varying cash-flow
betas as the building block of the scaled ICAPM, then
there is a priori no constraint on the sign of CFz . Both
state variables are highly persistent with autoregressive coefficients of 0.99, and they are moderately correlated (correlation coefficient of 0.46). Thus, although
there is some overlapping, these two state variables
might explain different properties of the time-varying
cash-flow beta/price of risk.15
The estimation and evaluation results associated
with the benchmark ICAPM are displayed in Table 2,
in which the test assets are the 30 portfolios (panel A)
and the 25 size-momentum portfolios (panel B). In
15

In the estimation of the pricing equations, the lagged conditioning variables are demeaned, which is a common practice in the
conditional CAPM literature.
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Table 2

Factor Risk Premia for Scaled ICAPM
CF

CFz

2
ROLS
(%)

2

MAE (%)

−7013
4−10005

77087
400005

0016

−23045

H
Panel A (S10 + BM10 + M10)

BBGB

2096
420725

DY

−1015
4−00425

11656077
420705

−24000
(−1.87)

27044
400445

0011

59085

CPI

−4011
4−10195

568053
(2.03)

3072
400295

33073
400175

0013

47018

28054
400205

0024

34044

BBGB

Panel B (SM25)
−58041
4−20685

0063
400195

DY

−1020
4−00385

11259031
(1.80)

−50007
4−20335

33049
400065

0014

73068

CPI

−5078
4−10575

556081
(1.81)

−30002
(−1.90)

35059
400035

0011

86034

Notes. This table reports the estimation and evaluation results for the benchmark scaled ICAPM. The models are the BBGB
model and the ICAPM scaled by the dividend yield (DY ) and CPI inflation (CPI). The testing portfolios are 10 size portfolios,
10 book-to-market portfolios, and 10 momentum portfolios (S10 + BM10 + M10, panel A) and 25 portfolios sorted on both
size and momentum (SM25, panel B). The estimation procedure is first-stage GMM with equally weighted moments. CF and
H denote the (covariance) risk prices estimates for cash-flow and discount-rate news, respectively, whereas CFz denotes the
risk price associated with the scaled factor. Below the parameter estimates are reported asymptotic heteroskedasticity-robust
t-statistics. The column  2 presents the level (first line) and associated p-values (second line) for the asymptotic  2 test.
2
MAE refers to the mean absolute pricing error (in %), and ROLS
denotes the cross-sectional OLS R2 (in %). The sample is
1953:05–2009:12. Underlined and bold numbers denote statistical significance at the 5% and 1% levels, respectively.

the test of BBGB with the 30 portfolios, the point
estimate for CF is around 3 and is significant at the
1% level, whereas the point estimate for H is negative, as expected, but strongly insignificant.16 The
average pricing error is 0.16% per month and the
model is clearly rejected by the joint significance test
(p-value = 000%). Furthermore, the cross-sectional R2
is negative (−23%), which means that the model has
less explanatory power than a model with the constant as the sole factor has. Therefore, these results
show that the BBGB model is not capable of explaining simultaneously the returns of the three portfolio sorts and hence the corresponding three CAPM
anomalies.
The results for the ICAPM scaled by DY show that
the model is not rejected by the  2 test at the conventional levels (p-value = 44%), and around 60% of the
cross-sectional variance in average excess returns is
explained by the model, whereas the average pricing
error is 0.11% per month. This fit represents a dramatic improvement relative to the unscaled ICAPM.
The point estimate for CFz is positive and strongly
significant (1% level), whereas the estimate for CF is
negative but not statistically significant. On the other
hand, the point estimate for H has larger magnitude
16
Notice that CV04 define the beta (covariance) with the negative
of discount-rate news (good news); thus, their estimates for H are
positive.

than the corresponding estimate in the BBGB model,
being significant at the 5% level for a one-sided test.
When the conditioning variable is CPI, the scaled
ICAPM also passes the  2 test (p-value = 17%), and
the cross-sectional coefficient of determination is only
slightly lower than in the version based on DY (47%).
The point estimate for CFz is positive and statistically
significant (5% level), which means that a rise in inflation is associated with an increase in the aggregate
cash-flow price of risk. On the other hand, the point
estimates for both CF and H have the wrong sign;
that is, CF is estimated negatively and H is estimated
positively, but both coefficients are not significant.
Therefore, the scaled ICAPM is not rejected when
tested on portfolios sorted on size, BM, and momentum and is able to explain a significant fraction of
the dispersion in average excess returns on these
portfolios. In contrast, the two-beta ICAPM does not
perform well in pricing jointly those three portfolio groups, being also formally rejected. Moreover,
the estimates for the fundamental parameters in the
scaled ICAPM indicate that the time-varying or cyclical component of the cash-flow beta/price of risk
dominates the corresponding constant or long-term
component.
The results for the test with the SM25 portfolios
show that the fit of the BBGB model increases substantially in relation to the test with the 30 portfolios,
with an OLS R2 estimate of 34%. The model is not
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rejected by the  2 test, although the average pricing
error is 0.24% per month, which is economically large.
The point estimate for CF is below one, but largely
insignificant, whereas the estimate for H (−58) is significantly larger in magnitude than in the test with the
30 portfolios, being significant at the 1% level. Thus,
the positive fit of BBGB for the 25 portfolios seems
to be a result of the contribution of the discount-rate
factor rather than the cash-flow factor. The ICAPM
scaled by DY improves substantially the fit of BBGB
in pricing SM25, with an average pricing error (0.14%
per month) that is nearly half the corresponding value
for BBGB, and the coefficient of determination more
than doubles to 74%. Moreover, the model also passes
the joint significance test, with a p-value marginally
above 5%. The point estimate for CFz has a smaller
magnitude than in the test with the 30 portfolios, but
it is significant at the 5% level, whereas the magnitude of H is nearly twice the corresponding estimate
in the test with S10 + BM10 + M10, being significant
at the 1% level. When the conditioning variable is
CPI, the explanatory ratio increases further to 86%,
whereas the average pricing error is only 0.11% per
month. Despite the large fit, the model is rejected by
the  2 test, which should be the result of a poor inversion of the covariance matrix of the pricing errors,
Var4Á̂5. The point estimate for CFz is very close to the
corresponding estimate in the test with the 30 portfolios, being also significant at the 5% level. On the
other hand, the point estimate for CF is negative but
not significant at the 5% level, whereas H is estimated negatively in contrast to the benchmark test
and is significant at the 5% level.
I also estimated the scaled ICAPM for the 10
momentum deciles as the only test assets. Untabulated results show that the version based on DY
yields an explanatory ratio of 83% and an average
pricing error of 0.11% per month, which represents
a significantly larger fit than in the test with the
30 portfolios. In the case of the ICAPM scaled by
CPI, the coefficient of determination estimate is 86%,
which represents about twice the fit obtained in the
test with the 30 portfolios. In comparison, the BBGB
model explains only 23% of the cross-sectional dispersion in the average returns of the 10 momentum
portfolios, and the MAE estimate (0.20% per month)
is about twice the magnitude of mispricing for the
scaled ICAPM.
Therefore, the benchmark scaled ICAPM explains
a large fraction of the dispersion in average excess
returns of the momentum portfolios. This represents
a major improvement because most models in the
empirical asset pricing literature (including the Fama
and French 1993 three-factor model) fail to price
portfolios sorted on short-term past stock returns
(see Fama and French 1996, Cochrane 2007, among
others).

Management Science 59(1), pp. 122–141, © 2013 INFORMS

3.5.

Restricted ICAPM: Estimating the
Factor Risk Premia
I estimate the restricted version of the ICAPM in
which the (covariance) risk price associated with
discount-rate news is fixed at −1; that is, there is no
risk-free asset in the reference portfolio of the ICAPM
investor ( = 1). The estimation of this version of
the model enables one to assess whether allowing for
a free risk price for the discount-rate factor plays a
major role in driving the fit of the benchmark scaled
ICAPM.
The estimation results are displayed in Table 3. In
the test with the 30 portfolios the fit of the BBGB
model is very similar to the one obtained for the
benchmark specification, with a negative explanatory ratio (−25%), whereas the point estimate for
CF is 3.25 and significant at the 1% level. Moreover, the model is rejected by the  2 test (p-value
of zero). The ICAPM scaled by DY significantly outperforms the BBGB model, with an R2 estimate of
40%. This explanatory ratio falls behind the corresponding fit for the benchmark ICAPM scaled by DY ,
thus showing that the (free) discount-rate risk price
has some contribution to the overall fit of the unrestricted model. The cash-flow risk price is estimated
positively (in contrast to the benchmark version), but
it is strongly insignificant. The point estimate for CFz
has a lower magnitude than in the benchmark model,
but it remains significant at the 1% level. When the
conditioning variable is CPI, the explanatory ratio of
the restricted scaled ICAPM is nearly the same as
in the benchmark version (46%), and the magnitude
of the scaled risk price is very close to the corresponding estimate in the benchmark model, being significant at the 5% level. Both versions of the restricted
scaled ICAPM pass the  2 test, with p-values well
above 5%.
In the test with the SM25 portfolios, the restricted
BBGB performs poorly, as indicated by the negative explanatory ratio (−26%) and the average pricing error of 0.34% per month. Moreover, the model
does not pass the  2 test. Thus, a free estimated
discount-rate risk price is crucial to drive the positive explanatory power of the benchmark BBGB for
the SM25 portfolios, documented above. In the case
of the ICAPM scaled by DY , the R2 estimate is positive (30%), but the average pricing error of 0.26%
per month is almost twice the magnitude of the
mispricing in the corresponding test of the benchmark scaled ICAPM, leading to the formal rejection
of the model (p-value of zero). The point estimate
for CF is positive but largely insignificant as in the
test with the 30 portfolios, whereas the magnitude
of CFz is somewhat larger than in the benchmark
version, being strongly significant. When the scaling
variable is CPI, the model’s fit is as large as 74%,
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Table 3

Factor Risk Premia for Restricted Scaled ICAPM
CF

2

CFz

Panel A (S10 + BM10 + M10)
76042
400005

BBGB

3025
430085

DY

0050
400245

11372093
420925

CPI

−4012
4−10095

552029
(1.67)

MAE (%)

2
ROLS
(%)

0016

−25008

32070
400255

0013

40029

35072
400155

0013

46032

0034

−26039

Panel B (SM25)
116019
400005

BBGB

3027
420975

DY

0064
400295

11491065
430185

50088
400005

0026

30038

CPI

−6020
4−10495

683006
(2.03)

35048
400055

0016

74016

Notes. This table reports the estimation and evaluation results for the restricted scaled ICAPM. The models are the
BBGB model and the ICAPM scaled by the dividend yield (DY ) and CPI inflation (CPI). The testing portfolios are
10 size portfolios, 10 book-to-market portfolios, and 10 momentum portfolios (S10 + BM10 + M10, panel A) and
25 portfolios sorted on both size and momentum (SM25, panel B). The estimation procedure is first-stage GMM
with equally weighted moments. CF denotes the (covariance) risk price estimate for cash-flow news, whereas CFz
represents the risk price associated with the scaled factor. Below the parameter estimates are reported asymptotic
heteroskedasticity-robust t-statistics. The column  2 presents the level (first line) and associated p-values (sec2
ond line) for the asymptotic  2 test. MAE refers to the mean absolute pricing error (in %), and ROLS
denotes the
cross-sectional OLS R2 (in %). The sample is 1953:05–2009:12. Underlined and bold numbers denote statistical
significance at the 5% and 1% levels, respectively.

which is only marginally smaller than the corresponding explanatory ratio in the benchmark model, and
the average pricing error is 0.16% per month. Moreover, the model is not (marginally) rejected by the  2
test (p-value = 5%). The magnitude of the scaled risk
price is slightly above the counterpart estimate in the
benchmark model, being significant at the 5% level.
Overall, these results show that the scaled ICAPM significantly outperforms the unscaled ICAPM in pricing both sets of portfolios when the discount-rate
risk price is restricted in both models. Secondly, the
discount-rate factor does not play a relevant role in
the version based on CPI, whereas in the case of the
version based on DY , it has a relevant contribution for
the model’s global fit, especially in pricing the 25 sizemomentum portfolios.
3.6. Comparison with Alternative Factor Models
This subsection puts the results presented above in
perspective by comparing the fit of the scaled ICAPM
with alternative asset pricing models. Despite the documented failure of the unconditional CAPM in pricing the cross-section of returns, there is prior evidence
that the conditional CAPM does a good job in pricing
the returns of size/BM portfolios and thus explaining
the size and value anomalies (Jagannathan and Wang
1996, Ferson and Harvey 1999, Lettau and Ludvigson
2001, among others). Given that the scaled ICAPM
contains a scaled factor (similarly to the conditional

CAPM specifications), it should be relevant to compare the two models in pricing both portfolio groups
by using the same conditioning variables, DY and
CPI. The conditional CAPM specification is given by17
E4Ri1t+1 −Rf 1t+1 5 = M Cov4Ri1t+1 1RMRFt+1 5
+Mz Cov4Ri1t+1 1RMRFt+1 zt 51 (24)
where RMRF denotes the excess market return. The
baseline unconditional CAPM is obtained by imposing Mz = 0. The results presented in Table 4 show
that the baseline CAPM cannot price both sets of
portfolios, with a coefficient of determination around
−24% in both tests. This fit is the same as the BBGB
model in the test with the 30 portfolios, but the
unscaled ICAPM outperforms significantly in pricing
the 25 size-momentum portfolios. On the other hand,
the R2 estimates of the conditional CAPM in the test
with the 30 portfolios are 20% and 29% when the conditioning variables are DY and CPI, respectively. In
the test with SM25, the explanatory ratios are 16% and
87% in the versions with DY and CPI, respectively.
Thus, with the exception of the ICAPM scaled by CPI
17

Equation (24) is similar to the model presented in Lettau and
Ludvigson (2001), with the difference that there is no place for the
separated conditioning variable risk; that is, I explicitly impose the
constraint that the conditional covariance of returns with the lagged
state variable should be equal to zero.
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Table 4

Factor Risk Premia for Conditional CAPM
M

2

Mz

Panel A (S10 + BM10 + M10)
78093
400005

CAPM

3010
430285

DY

1091
410075

11350014
420215

CPI

−1004
4−00395

562081
420635

MAE (%)

2
ROLS
(%)

0016

−23068

41073
400055

0016

19062

42040
400045

0013

29038

0033

−22077

Panel B (SM25)
118090
400005

CAPM

3014
430195

DY

2015
410145

11429007
430335

63057
400005

0027

15060

CPI

−3056
4−10005

895033
420215

27077
400225

0010

86081

Notes. This table reports the estimation and evaluation results for the conditional CAPM. The models are the unconditional
CAPM (CAPM) and the CAPM scaled by the dividend yield (DY ) and CPI inflation (CPI). The testing portfolios are 10 size
portfolios, 10 book-to-market portfolios, and 10 momentum portfolios (S10 + BM10 + M10, panel A) and 25 portfolios sorted
on both size and momentum (SM25, panel B). The estimation procedure is first-stage GMM with equally weighted moments.
M denotes the (covariance) risk price estimate for the market factor, whereas Mz represents the risk price associated with
the scaled factor. Below the parameter estimates are reported asymptotic heteroskedasticity-robust t-statistics. The column  2
presents the level (first line) and associated p-values (second line) for the asymptotic  2 test. MAE refers to the mean absolute
2
pricing error (in %), and ROLS
denotes the cross-sectional OLS R2 (in %). The sample is 1953:05–2009:12. Underlined and
bold numbers denote statistical significance at the 5% and 1% levels, respectively.

in the test with SM25, both the restricted and unrestricted versions of the scaled ICAPM outperform the
conditional CAPM by a good margin, especially in
the case of the benchmark version. This finding has
two implications: First, the scaled factor associated
with aggregate cash-flow news has greater explanatory power for the cross-section of stock returns than
does the scaled factor associated with the market
return. Second, the unscaled ICAPM beats the unconditional CAPM; that is, assigning different risk prices
for the two components of the market return (cashflow and discount-rate news) helps explain the dispersion in equity premia within the cross section.
I also compare the performance of the scaled
ICAPM against the Fama and French (1993) threefactor model (FF3 hereafter):
E4Ri1 t+1 − Rf 1 t+1 5 = M Cov4Ri1 t+1 1 RMRFt+1 5
+ SMB Cov4Ri1 t+1 1 SMBt+1 5
+ HML Cov4Ri1 t+1 1 HMLt+1 51 (25)
and the Carhart (1997) four-factor model,
E4Ri1 t+1 − Rf 1 t+1 5 = M Cov4Ri1 t+1 1 RMRFt+1 5
+ SMB Cov4Ri1 t+1 1 SMBt+1 5
+ HML Cov4Ri1 t+1 1 HMLt+1 5
+ UMD Cov4Ri1 t+1 1 UMDt+1 51 (26)
where SMB, HML, and UMD denote the size, value,
and momentum factors, respectively. Both of these

models have less theoretical background than either
the CAPM or ICAPM but are nevertheless empirically
successful factor models in the literature. The results
reported in Table 5 show that FF3 cannot price the
30 portfolios as indicated by the negative explanatory
ratio (−19%), which means that the model performs
worse than a model that predicts constant excess
returns within the 30 portfolios. This poor fit results
from the poor performance of the model in pricing
the 10 momentum portfolios because it is well known
that it prices well both the size and value premia.
In the test with SM25, the R2 estimate is basically
zero (1%), thus confirming that the three-factor model
cannot price the momentum anomaly. On the other
hand, the four-factor model produces a large fit for
the two portfolio groups, with explanatory ratios of
89% in both cases. The large explanatory power of
the Carhart (1997) model in pricing the momentum
anomaly is not surprising because the UMD factor
was specifically designed to price the portfolios sorted
on short-term prior returns. What is more interesting is that the scaled ICAPM is almost as successful
in explaining the hard-to-price momentum portfolios.
Overall, the performance of the scaled ICAPM is quite
satisfactory in relation to the alternative models.
3.7. Individual Pricing Errors
To answer the question of which portfolios are priced
or not by the scaled ICAPM, I conduct an analysis of the individual pricing errors. Figure 1 plots
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Table 5

Factor Risk Premia for Alternative Factor Models
M

SMB

1

3010
430145

1011
400815

2

4087
440255

1045
410005

1

0073
400585

2080
410685

2

5079
440145

2033
410355

Row

HML

UMD

Panel A (S10 + BM10 + M10)
2033
410505
7066
440505

5098
440365

Panel B (SM25)
−10049
4−30015
11065
430765

7047
440495

2

MAE (%)

2
ROLS
(%)

73005
400005

0014

−18065

39078
400045

0005

88075

88049
400005

0030

1044

58086
400005

0010

88058

Notes. This table reports the estimation and evaluation results for alternative factor models. The models are the Fama and
French (1993) three-factor model (row 1) and the Carhart (1997) four-factor model (row 2). The testing portfolios are 10 size
portfolios, 10 book-to-market portfolios, and 10 momentum portfolios (S10 + BM10 + M10, panel A), and 25 portfolios sorted
on both size and momentum (SM25, panel B). The estimation procedure is first-stage GMM with equally weighted moments.
M , SMB , HML , and UMD denote the (covariance) risk price estimates associated with the market, size, value, and momentum
factors, respectively. Below the parameter estimates are reported asymptotic heteroskedasticity-robust t-statistics. The column
Õ2 presents the level (first line) and associated p-values (second line) for the asymptotic Õ2 test. MAE refers to the mean
2
absolute pricing error (in %), and ROLS
denotes the cross-sectional OLS R2 (in %). The sample is 1953:05–2009:12. Underlined
and bold numbers denote statistical significance at the 5% and 1% levels, respectively.

the estimated average excess returns (horizontal axis)
against the realized average excess returns (vertical axis) associated with both portfolio groups. We
can see that the pairs of realized/predicted returns
are much closer to the diagonal line (thus indicating
higher explanatory power) for the scaled ICAPM in
comparison with the BBGB model, which just confirms the higher R2 estimates discussed above. In the
test with the 30 portfolios, the biggest outlier in the
graphs for the ICAPM scaled by DY and CPI are
the extreme winner (decile 10 among M10) portfolio
with pricing errors of 0.38% and 0.41%, respectively,
which are still below the corresponding mispricing for
BBGB (0.46%). Another difficult portfolio to price is
the extreme loser portfolio (decile 1 among M10), for
which the BBGB model has a mispricing of −1.01%,
whereas the ICAPM scaled by DY and CPI produce
much lower pricing errors of −0.21% and −0.38%,
respectively. Thus, the outperformance of the scaled
ICAPM in pricing the 30 portfolios is closely related to
the better explanatory power for the momentum portfolios. The analysis of the SM25 portfolios confirms
this finding because the BBGB model has a number
of portfolios as significant outliers, with magnitudes
of mispricing above 0.30% per month. The portfolio
that is the hardest to price for the scaled ICAPM is the
loser portfolio within the second size decile (21), with
pricing errors of −0.38% and −0.28% in the versions
with DY and CPI, respectively, but the corresponding
mispricing in the BBGB model is significantly greater
(−0.78%). The small-winner portfolio (15) is also difficult to price for the ICAPM scaled by DY (alpha =
0.48%), but the version based on CPI produces a much

lower mispricing (0.19%).18 These results represent
additional evidence that the scaled ICAPM clearly
outperforms the BBGB model in pricing the momentum portfolios, especially the “extreme” hard to price
winner and loser portfolios.

4.

Additional Results

In this section, I conduct several robustness checks
to the main results associated with the benchmark
(unrestricted) scaled ICAPM in §3. The respective
results are presented in the online appendix to
this paper (available at http://www.hanken.fi/staff/
paulmaio/).
4.1. Alternative VAR Specifications
I use alternative VAR specifications to estimate the
components of unexpected market returns—cashflow and discount-rate news. In the first specification the value spread is excluded from the VAR state
vector; that is, xt ≡ 6RRELt 1 TERMt 1 EYt 1 rmt 70 . This
enables one to assess whether the inclusion of VS
drives the fit of the scaled ICAPM because CV04 claim
that the fit of the BBGB model is dependent on this
variable. The results show that the R2OLS estimates
for the scaled ICAPM are very similar to the corresponding estimates in the benchmark test, varying
between 51% (CPI in the test with the 30 portfolios)
and 88% (CPI, test with SM25). Thus, the two versions of the scaled ICAPM outperform significantly
the BBGB model, which has explanatory ratios of
18

Hong et al. (2000) document that the momentum profits are larger
among small stocks.

Maio: Intertemporal CAPM with Conditioning Variables

134

Management Science 59(1), pp. 122–141, © 2013 INFORMS

Figure 1

Individual Pricing Errors
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Notes. This figure plots the average excess returns (in %) of equity portfolios against the corresponding excess returns predicted from alternative ICAPM
models. The models are the BBGB model and the ICAPM scaled by the dividend yield (DY ) and CPI inflation (CPI). The equity portfolios are 10 size portfolios,
10 book-to-market portfolios, and 10 momentum portfolios (S10 + BM10 + M10; panels A, C, and E) and 25 portfolios sorted on both size and momentum
(SM25; panels B, D, and F). The sample is 1953:05–2009:12.
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−19% and 48% in the tests with S10 + BM10 + M10
and SM25, respectively. In the version based on CPI,
the point estimates for CFz are very close to the corresponding estimates in the benchmark test, whereas
in the version with DY the magnitudes are smaller.
However, these estimates are statistically significant
at the 5% level, the exception being the ICAPM scaled
by DY in the test with SM25.
The second alternative VAR specification includes
the default spread (DEF; Keim and Stambaugh 1986,
Fama and French 1989), constructed as the yield
spread between BAA and AAA corporate bonds from
Moody’s; xt ≡ 6RRELt 1 TERMt 1 DEFt 1 VSt 1 EYt 1 rmt 70 .
The results show that the fit of the scaled ICAPM is
quite close to the benchmark test, with R2OLS estimates
varying between 44% (CPI, S10+BM10 + M10) and
85% (CPI, SM25). The magnitudes of the scaled factor
risk price are marginally larger than in the benchmark
case and are statistically significant at the 5% and 1%
levels. The point estimates for CF are negative in all
four cases, but only in the version with CPI tested
with SM25 is the estimate statistically significant. The
fit of BBGB is basically the same as in the benchmark
case when the equity portfolios are S10 + BM10 + M10
and increases marginally to 44% in the test with SM25,
although still lagging behind the scaled ICAPM.
In a third VAR specification, I include the CP factor from Cochrane and Piazzesi (2005), xt ≡ 6RRELt 1
TERMt 1 CPt 1 VSt 1 EYt 1 rmt 70 . Overall, the results are
very similar to the benchmark VAR specification.
4.2. Augmented Scaled ICAPM
I estimate an augmented version of the scaled ICAPM
in which the price of risk for discount-rate news is
also time varying and linear in the state variable:
H 1 t = 2 + 3 zt 1

(27)

leading to the following four-factor model,

E4Ri1t+1 −Rf 1t+1 5 = CF i1CF +H i1H +Hz i1Hz 0

(28)

H
where iHz ≡ Cov4ri1 t+1 1 rt+1
zt 5 denotes the covariance
with the new scaled factor. The results show that the
point estimates for Hz are not robust in sign, being
positive when the scaling variable is DY and negative when the scaling variable is CPI, and in all cases
this coefficient is not significant at the 5% level. Moreover, the R2OLS estimates are only marginally greater
than in the benchmark test, varying between 51%
(S10 + BM10 + M10) and 90% (SM25) in both cases
with CPI as the state variable. On the other hand,
CFz is estimated positively and is statistically significant, the exception being the version with DY when
the test portfolios are SM25, for which case the coefficient is only marginally significant (at the 10% level).

(29)

The results show that the scaled discount-rate factor
is priced (1% level) for both tests when the conditioning variable is DY . In the version based on CPI, the
estimate for Hz is significant (5% level) in the test
with the 30 portfolios, whereas in the test with SM25
there is statistical significance only at the 10% level.
Compared to the benchmark scaled ICAPM from the
last section, the new model clearly underperforms in
the test with the 30 portfolios with R2 estimates of
26% and 2% when the state variables are DY and CPI,
respectively. In the test with SM25 the explanatory
ratios are 54% and 57% for DY and CPI, respectively,
which still lag behind the fit of the benchmark scaled
ICAPM by a good margin.
4.3. Expected Return-Beta Representation
I test the scaled ICAPM in expected return-beta form
by using the time-series/cross-sectional regressions
approach presented in Cochrane (2005, Chap. 12) and
Brennan et al. (2004), which enables us to obtain estimates for factor betas and (beta) prices of risk. The
factor betas are estimated from the following timeseries regressions for each test asset:
CF
CF
ri1 t+1 = i + i1 CF rt+1
+ i1 CF z rt+1
zt
H
+ i1 H rt+1
+ i1 t+1 0

(30)

The expected return-beta representation is estimated
in a second step by the following OLS cross-sectional
regression:
Ri − Rf = CF i1 CF + CFz i1 CF 1 z + H i1 H + i 1

E4Ri1 t+1 − Rf 1 t+1 5 = CF i1 CF + CFz i1 CF z
+ H i1 H + Hz i1 Hz 1

Therefore, the inclusion of the additional scaled facH
zt , does not add relevant explanatory power
tor, rt+1
to the scaled ICAPM.
I also estimate a three-factor model that excludes
the scaled cash-flow factor:

(31)

which produces estimates for factor (beta) risk prices
() and pricing errors (ˆ i ). In the above cross-sectional
P −1
regression, Ri − Rf ≡ 41/T 5 Tt=0
4Ri1 t+1 − Rf 1 t+1 5 represents the average excess return for asset i. The
main difference of this method relative to the GMM
estimation is that the factor betas in the crosssectional regression are multiple-regression betas
instead of single-regression betas or covariances; thus,
they account for the correlation among the factors.
The t-statistics for the factor risk prices and the
computation of Var4Á̂5 are based on Shanken (1992)
standard errors, which introduce a correction for the
estimation error in the factor betas from the timeseries regressions.
The results show that the R2 and MAE estimates are
the same as in the GMM estimation of the expected
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return-covariance representation of the model. Moreover, the estimates for CFz are positive in all four
cases, and most of these estimates are statistically significant at the 1% level. The sole exception is the
ICAPM scaled by DY when the test portfolios are
SM25 in which CFz is not significant, which represents a signal of multicollinearity. The point estimate
for CF is significantly positive in the version with CPI
tested on the 30 portfolios but estimated negatively in
the remaining three cases (similarly to the GMM test).
4.4. Alternative Portfolios
I test the scaled ICAPM with alternative portfolio
groups that combine momentum with several other
stock characteristics. The first three portfolio groups
are 25 (5 × 5) portfolios sorted on both momentum
and idiosyncratic volatility (MIR25), as in Ang et al.
(2006); 25 portfolios sorted on momentum and stock
volatility (MSD25), as in Jiang et al. (2005) and Zhang
(2006); and 25 portfolios sorted on momentum and
credit risk (MDEF25), as in Avramov et al. (2007).
The proxy for credit risk is the stock beta relative
to the default spread. Idiosyncratic volatility is measured relative to the Fama and French (1993) model,
and stock volatility corresponds to the standard deviation of daily stock returns over the last month. The
stock return data are from CRSP.
Untabulated results show that the ICAPM scaled by
CPI outperforms slightly the BBGB model in pricing
the MIR25 portfolios with a R2 estimate of 48% versus 36% for BBGB, whereas the version based on DY
has about the same explanatory power as the twofactor ICAPM. When the test portfolios are MSD25,
the ICAPM scaled by CPI significantly outperforms
the BBGB model with an explanatory ratio of 45%
(versus 13% for BBGB), whereas the version based on
DY has a relatively modest fit (R2 = 23%). In the test
with the MDEF25 portfolios, the explanatory power of
the two versions of the scaled ICAPM is very similar
(56% and 58% for DY and CPI, respectively) and also
very close to the fit of the two-factor ICAPM. Thus,
the scaled factor does not add explanatory power for
the MDEF25 portfolios.
The remaining portfolio groups analyzed are
30 (10 × 3) portfolios sorted on momentum and average daily volume (MV30), as in Lee and Swaminathan
(2000), and 15 (5 × 3) portfolios sorted on momentum and age (MAGE15), as in Jiang et al. (2005) and
Zhang (2006). Age (like stock volatility above) represents a proxy for information uncertainty and is measured as the difference between the date of the current
return observation and the first observation available
in CRSP. The results for the test with MV30 show that
the fit of the scaled ICAPM (26% and 21% for DY and
CPI, respectively) is only marginally higher than the
BBGB model (17%). In the test with the MAGE15 portfolios, the three models yield a similar explanatory
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power (R2 estimates around 74%), showing that the
scaled factor is not relevant to price these portfolios.
In all five cross-sectional tests, the discount-rate factor is priced and the associated risk price estimates are
positive, which is inconsistent with the negative sign
predicted from the ICAPM. Thus, the scaled ICAPM
can be interpreted as an empirical factor model that
can explain the dispersion in average returns for most
of these alternative portfolio groups, although the risk
prices are inconsistent with the underlying theory of
the Campbell (1993) ICAPM.
4.5. Additional Robustness Checks
I conduct several additional robustness checks, which
are presented in the online appendix. Specifically,
I conduct the cross-sectional tests by including bond
returns in addition to equity portfolios; estimate the
model by including an intercept in the pricing equation; estimate the scaled ICAPM for 25 portfolios
sorted on size and BM; use an alternative measure of
the state variables; and, finally, conduct a bootstrap
simulation to provide an empirical distribution for
the risk price estimates. Overall, the results indicate
that the scaled ICAPM largely outperforms the BBGB
model in pricing the cross-section of stock returns.

5.

Discussion

In this section, I provide additional discussion and
economic intuition for the empirical results reported
in the previous sections.
5.1. Factor Loading Estimates
To interpret the mechanism by which the scaled
ICAPM explains the cross-section of stock returns,
it is convenient to restate the pricing equation in
terms of single regression betas:
E4Ri1 t+1 − Rf 1 t+1 5
2
2
i1 CF z + H H2 i1 H
= CF CF
i1 CF + CFz CFz

= CF i1 CF + CFz i1 CF z + H i1 H 1

(32)

2
2
where CF
, CFz
, and H2 represent the unconditional
CF
CF
H
variances of rt+1 , rt+1
zt , and rt+1
, respectively; i1 CF ,
i1 CF z , and i1 H are the factor loadings; and the s
denote the (beta) risk prices.
To assess the way the scaled ICAPM explains the
momentum portfolios, one needs to analyze the single
regression betas associated with the SM25 portfolios,
for each of the factors in the model, which are presented in Figure 2. As expected, the betas associated
CF
H
with rt+1
and rt+1
are, respectively, positive and negative across all portfolios. The cash-flow betas display
an approximate u-shaped pattern within each size
quintile, with past losers having marginally larger
betas than past winners. On the other hand, in the
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Figure 2

Single-Regression Beta Estimates for SM25
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Notes. This figure plots the single-regression beta estimates associated with the SM25 portfolios from the benchmark scaled ICAPM. The factors are cash-flow
news (panel A), discount-rate news (panel B), and the scaled factors when the state variables are the dividend yield (panel C) and CPI inflation (panel D).
i = 11 21 31 41 5 designates the momentum (prior return) quintiles, and within each momentum quintile we have the portfolios associated with each size quintile
(from small to large). The sample is 1953:05–2009:12.

case of the discount-rate factor the betas for past winners are significantly more negative than the betas
for past losers, thus past winners are more sensitive
to shocks in future aggregate risk premia. RegardCF
ing the first scaled factor, rt+1
DYt , the betas of past
winners have greater magnitudes than do the betas
of past losers within each size quintile, although the
relation is not monotonic. Regarding the other scaled
CF
factor, rt+1
CPI t , it is also the case that past winners
have larger factor loadings than do past losers, and
the relation is more close to a monotonic one, with the
exception of the larger size quintile, in which case the
pattern of betas across the momentum portfolios is
relatively flat. This dispersion in the factor loadings
associated with the scaled and discount-rate factors
among the momentum portfolios should be linked to
the capacity of the scaled ICAPM in explaining the
momentum anomaly.
Thus, to explain which factors drive the explanatory power of the scaled ICAPM for the SM25 portfolios, I calculate the average factor risk premium
(average beta times factor risk price) for each momentum quintile, where the average beta for quintile i is
computed from the 5 (of 25) portfolios associated with
this quintile. The spread in average excess returns
between the first (Q1) and fifth momentum quintile
(Q5) is as large as −1.03% per month. This gap has

to be partially matched by the risk premium associated with one or more of the factors in the scaled
ICAPM, as shown in the beta pricing equation above.
In the case of the BBGB model, the gap in the cashflow risk premium between Q1 and Q5 is marginally
positive (0.03%), whereas the gap associated with the
discount-rate factor is negative (−0.64%). Thus, the fit
of the unscaled ICAPM for the momentum quintiles is
entirely attributable to the discount-rate factor. However, there is still a spread, Q1 − Q5, not explained by
the model of −0.42%. In the ICAPM scaled by DY , the
gap in risk premia, Q1 − Q5, attached to the discountrate news factor is about −0.55%, whereas the scaled
factor also produces a negative gap (−0.29%). This is
determinant to obtain a spread, Q1 − Q5, in mispricing of only −0.15%, which represents less than half
the corresponding mispricing in the BBGB model. In
CF
H
the version with CPI, both rt+1
CPI t and rt+1
have an
equal contribution in explaining the momentum premium, with risk premia gaps of −0.34% and −0.33%,
respectively. On the other hand, the cash-flow factor
also helps in explaining the momentum spread, with
a gap, Q1 − Q5, in risk premium of −0.25% resulting in a spread, Q1 − Q5, left unexplained by the
model of only −0.12%. Thus, the factors that allow
the scaled ICAPM to price momentum are basically
discount-rate news and the scaled factor. Specifically,
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the conditional cash-flow risk premium is greater for
winner stocks in comparison to loser stocks, and this
explains why the scaled ICAPM can explain momentum significantly better than the BBGB model can.
Thus, past winners are riskier than past losers not
because they have higher cash-flow risk in average times but because they are more correlated with
aggregate cash flows in “bad times,” that is, when
the realizations of the state variables are above their
means.19 To explore this issue in more detail, and following Lettau and Ludvigson (2001), I calculate average conditional cash-flow betas as
E4i1 CF 1 t 5 = i1 CF + i1 CF z E4zt 51

(33)

where E4zt 5 represents the average of the scaling variable, zt , calculated over periods with high and low
realizations of the state variable.20 A period with high
realizations of the state variable occurs when the state
variable is 2.5 standard deviations above its mean. On
the other hand, because of the asymmetric distribution of both DY and CPI, a period with low values
of the state variable is when zt is 1.8 standard deviations below its mean. When one considers all the
periods, the average conditional cash-flow beta corresponds to the unconditional (multiple-regression)
cash-flow beta because the state variable has unconditional zero mean.
Untabulated results show that in periods with low
realizations of either DY or CPI, past losers have significantly higher cash-flow betas than past winners
across all size quintiles. On the other hand, when the
state variables are significantly higher than the respective means, it follows that the pattern of cash-flow
betas between past losers and past winners is relatively flat; actually, for several size quintiles, winners
have larger cash-flow betas than losers. Thus, past
winners are riskier than past losers because they have
greater cash-flow risk in times of high realizations of
either DY or CPI.
Why are past winners riskier than past losers in
periods with high inflation? A possible explanation
is that during economic expansions (which tend to
be associated with higher inflation) winners tend to
be cyclical firms, which have high cash-flow betas.
On the other hand, during recessions (periods with
low inflation) winners tend to be noncyclical firms
with low cash-flow betas. The changing composition
19

Koijen et al. (2012) offer a similar business cycle argument to
explain the value premium; that is, the cash flows of value stocks
are more correlated with aggregate cash flows during recessions,
making those stocks riskier than growth stocks.

of the momentum portfolios leads to the time variation in the cash-flow betas of these portfolios. These
results are consistent with the evidence provided in
Daniel and Moskowitz (2011) that momentum profits are associated with time-varying market betas of
the winner and loser portfolios. Specifically, after a
bear equity market, the market (cash-flow) beta of
the momentum factor is low because past winners
have low betas (defensive stocks that performed relatively better in the bear market) and past losers
have high betas (aggressive or cyclical stocks that
underperformed in the bear market). Because in a
bear market the inflation rate is usually at low levels,
it follows that past losers have high betas when inflation is low and past winners have low betas. On the
other hand, in a bull market inflation is at relatively
high levels, and thus past winners (those that have
outperformed in the bull market) have high cash-flow
betas, whereas past losers have low betas. Thus, inflation represents an instrument that signals time variation in market (cash-flow) betas of the winner and
loser portfolios as a result of changing market conditions, and hence, of the changing composition of the
momentum portfolios.
When the state variable is DY , a possible explanation for why losers have higher cash-flow betas
than winners have in periods with low aggregate dividend yield (i.e., periods with low risk premia or low
aggregate cash-flow price of risk) is the convexity
effect described in Johnson (2002). Under this model,
stocks with higher expected growth in the future cash
flows are more sensitive to additional shocks in their
cash flows. This might explain why past winners,
which most likely had positive shocks in cash-flow
news in the recent past and have higher expected
growth for future cash flows, might be more correlated with aggregate cash-flow news. On the other
hand, in periods with low DY (that correspond to low
aggregate price of risk or low risk premia) the growth
options of past losers become in-the-money dominating the convexity effect. Consequently, past losers are
more correlated with aggregate cash flows in periods
with low aggregate dividend yield.21 This intuition is
also consistent with the theoretical model proposed
by Avramov and Hore (2008), which predicts that the
momentum profits are positively correlated with the
volatility and persistence of expected cash flows.
To assess how the scaled ICAPM performs in pricing the momentum portfolios during the momentum
crash occurred in 2009, as documented by Daniel
and Moskowitz (2011), I estimate the model in the
test with the SM25 portfolios for the 1953:05–2008:12
period. Untabulated results show that both versions

20

The multiple-regression betas are calculated from the time-series
CF
CF
H
regressions in (30): ri1 t+1 = ai + i1 CF rt+1
+ i1 CF z zt rt+1
+ i1 H rt+1
+
ei1 t+1 1 i = 11 0 0 0 1 N 0

21

Liu and Zhang (2008) make a similar argument by using industrial production growth as the factor that drives momentum.
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of the scaled ICAPM have an explanatory ratio
around 60% and an MAE estimate of 0.22% per
month. Thus, the fit of the model is slightly smaller
for the reduced sample, particularly in the version
based on CPI, which shows that the scaled ICAPM
performs relatively well in pricing the momentum
portfolios during the 2009 momentum crash.
5.2. Discount-Rate Prices of Risk
As shown in the derivation of the pricing equation for
the scaled ICAPM in (13), the risk price for discountrate news is given by −, where  represents the
weight associated with the stock index in the global
portfolio of the ICAPM investor. Thus, from the point
estimates of H we can obtain the implied estimates
for  = −H . In the case of the benchmark test in
Table 2, the point estimates for , which are statistically significant, vary between 24 (test with S10 +
BM10 + M10) and 50 (SM25). These estimates correspond to portfolio weights for the stock index of
2,400% and 5,000%, or alternatively, weights for the
risk-free asset of −2,300% and −4,900%, which represent very large leverage ratios. However, in the
test including bond risk premia, presented in the
online appendix, the magnitudes of the estimates for
 decrease significantly, varying between 7 and 15
in the test with the 30 portfolios. These estimates
correspond to implied weights on the risk-free asset
of −600% and −1,400%, respectively. Although these
estimates represent high degrees of financial leverage, they are in line with simulation results found in
the dynamic portfolio choice literature (e.g., Campbell
et al. 2003).
5.3. Time-Varying Risk Aversion
In the analysis conducted in the previous sections, the
assumption of a time-varying price of risk for cashflow news is related to time-varying aggregate risk
premia or the notion that the price of risk should
increase in “bad times.” Alternatively, one can assume
time-varying relative risk aversion (RRA) by specifying a state-dependent version of the Epstein and
Zin (1989, 1991) utility over consumption (C) that
accounts for time-varying RRA, similar to the specification used in Melino and Yang (2003):22
 4−15/

1− 1/ /4−15
Ut = Ct
+  Et 4Ut+1 t 5 t
1
(34)
where t ≡ 41 − t 5/41 − 1/5,  is the elasticity of
intertemporal substitution (which is assumed to be
constant through time), t demotes the time-varying
RRA coefficient, and  is a time discount factor. The
specification for t is given by t = 0 +1 zt . Thus, risk

aversion is driven by two distinct fundamental components: a constant or long-term component of risk
aversion, 0 , and a time-varying or cyclical component, 1 zt , where 1 measures the sensitivity of RRA
to the state variable.23 It is possible to show that under
these assumptions, and using the same framework as
in Campbell (1993) and CV04, one obtains the following log stochastic discount factor:
CF
CF
H
mt+1 = Et 4mt+1 5 − 0 rt+1
− 1 zt rt+1
+ rt+1
1

which leads to the expected return-covariance equation of the restricted scaled ICAPM in (12).24
Because DY is a countercyclical variable and positive shocks in CPI are associated with negative shocks
in real wealth, one expects 1 to be positive in the
versions with both state variables; that is, risk aversion increases in “bad times,” similar to the concept of countercyclical risk aversion in Campbell and
Cochrane (1999). In the case of the restricted scaled
ICAPM, the positive and statistically significant estimates of CFz = 1 confirm that risk aversion is an
increasing function of either DY or CPI. On the other
hand, the point estimates for CF = 0 , which correspond to the average RRA, E4t 5 = 0 + 1 E4zt 5 = 0 ,
are not statistically different from zero. Hence, the
time-varying or cyclical component of RRA largely
dominates the average or long-term component.
I compute the implied RRA function over time,
t = 0 + 1 zt , z = DY , CPI, by truncating the negative values of t to zero. The resulting series have no
apparent time trend, although there is a significant
variability over time in t . For both state variables
there is a sharp decline in risk aversion during the
1990s in line with existent evidence of a possible stock
bubble and risk-seeking behavior (Shiller 2000), which
extended to the 2000s. On the other hand, the risk
aversion estimates are significantly large in the 1970s
and early 1980s, and there is also a modest increase
in 2008. The implied time-series of RRA from the two
state variables are positively correlated, with correlation coefficients of 59% and 58% when the test portfolios are S10 + BM10 + M10 and SM25, respectively.
On the other hand, the estimated RRAs are weakly
negatively correlated with the NBER dummy, with
correlation coefficients of −36% and −29% when the
conditioning variables are DY and CPI, respectively.
Thus, these estimates for RRA seem to have some
economic plausibility. However, we cannot interpret
the resulting series of RRA as a strict estimate of
implied RRA. First, given the linear specification used
23

22

In related work Gordon and St-Amour (2000, 2004) specify preferences with explicit state-dependent RRA, in which t evolves
according to state Markov processes.

(35)

Brandt and Wang (2003) specify a model where log RRA is a
nonlinear function of innovations in both log consumption growth
and inflation.
24

The full derivation is available on request.

Maio: Intertemporal CAPM with Conditioning Variables

140

Management Science 59(1), pp. 122–141, © 2013 INFORMS

(required to obtain a linear pricing equation) one cannot constrain the risk aversion to be positive in all
periods. Thus, this linear specification might be interpreted as a first-order approximation of a more general nonlinear process, as in Campbell and Cochrane
(1999) or Brandt and Wang (2003). Secondly, there are
other potentially relevant sources of countercyclical
risk aversion (e.g., consumption growth).

in average excess returns between past winner and
past loser stocks. More specifically, past losers are
riskier than past winners in periods of low realizations of the state variable, that is, in times with a
low price of risk. Therefore, a time-varying cash-flow
beta/price of risk provides a rational explanation for
momentum.
Acknowledgments

6.

Conclusion

This paper derives an ICAPM based on a conditional version of the two-beta ICAPM (BBGB) from
Campbell and Vuolteenaho (2004). The beta of aggregate cash-flow news (or, alternatively, the respective
risk price) is assumed to be time varying, similarly to
the conditional CAPM literature. The scaled ICAPM
contains three factors: revisions in future aggregate
cash flows (cash-flow news), revisions in future market discount rates (discount-rate news), and a scaled
factor that corresponds to the interaction of cash-flow
news and the lagged state variable. In the empirical
implementation of the scaled ICAPM, I use the market dividend yield, which is a popular predictor of the
market equity premium and is also a countercyclical
variable. The second conditioning variable employed
is the CPI inflation, which is used by Brandt and
Wang (2003) as a determinant of time-varying risk
aversion.
The cross-sectional tests for 10 portfolios sorted
on size, 10 portfolios sorted on book-to-market, and
10 portfolios sorted on momentum show that the
scaled ICAPM explains relatively well the dispersion
in excess returns on the 30 portfolios; thus, the threefactor model accounts for the value and momentum
anomalies. The results for an alternative set of equity
portfolios (25 portfolios sorted on size and momentum) show that the scaled ICAPM prices particularly well the momentum portfolios, with explanatory
ratios varying between 74% and 86%. Furthermore,
the risk price estimates show that the risk price
for the scaled factor is significantly positive, indicating that the conditional beta/risk price of cash-flow
news increases with the state variables; that is, the
beta/price of risk rises in “bad times.” Moreover,
the scaled ICAPM compares favorably with alternative asset pricing models in pricing both sets of
equity portfolios—the BBGB model, the unconditional
CAPM, the conditional CAPM, the Fama and French
(1993) three-factor model, and the Carhart (1997) fourfactor model.
The fact that the scaled ICAPM is able to account
for momentum profits represents an important innovation to most of the empirical tests of the crosssection of stock returns found in the literature. The
scaled factor is decisive to account for the dispersion
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