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Abstract

We show that the relation between state variables, such as the term spread, and
future consumption growth varies significantly over time. Consistent with an Intertem-
poral CAPM, we find that state variable risk premiums (in the cross-section of indi-
vidual stocks) vary over time accordingly: Risk premiums increase by 5% (annualized)
when a state variable predicts consumption growth strongly relative to its own history.
This effect is magnified by time-variation in the variance of the state variables, which
we argue to be associated to general macroeconomic uncertainty. Our conditional evi-
dence contributes to recent literature that focuses on the unconditional pricing of state
variable risk and finds mixed results.
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State variables, such as the t-bill rate and the term spread, contain important information
about the future performance of assets in the consumption-investment opportunity set. This
informational content can change over time, however. A state variable whose shocks contain
on average good news about the economy can for prolonged periods convey no news at all
or even bad news. In this paper, we analyze the conditional asset pricing implications of
this low frequency variation in state variable risk in the cross-section of individual stocks.
We find that risk premiums for exposure to state variables that predict consumption growth
are time-varying in a manner consistent with the time-variation in this predictive relation.
That is, when a state variable predicts consumption growth unusually strongly at a certain
point in time, we find that its risk premium is also larger than usual. Moreover, we find that
the risk premium for a state variable is increasing in the conditional variance of the state
variable and we argue that this variance is associated to general macroeconomic uncertainty.
In all, we conclude that state variable risk premiums are conditionally consistent with an
Intertemporal CAPM (ICAPM).

Our paper responds to (Campbell and Cochrane (2000), Cochrane (2005, Ch. 8) and
Nagel and Singleton| (2011)) who argue that conditional tests have more statistical power to
distinguish between competing asset pricing models. A recent literature analyzes whether
unconditional risk premiums for exposure to state variables line up with macro-finance theory
and, in particular, the ICAPM of Merton, (1973)). Lewellen and Nagel (2006) and |Lewellen
et al.| (2010) argue that estimates of risk prices should not be treated as free parameters but
rather conform to sensible theoretical restrictions. Also, Famal(1991]) contends state variables
tested in asset pricing models should be well motivated by economic hedging arguments. Our
analysis responds to both of these concerns. However, as noted in Barbalau, Robotti, and
Shanken | (2015)), the evidence so far is mixed and inconclusive as to whether unconditional
risk premiums in the stock market for exposure to state variables are consistent with the
ICAPM.

We present four results that hold equally for four empirical multi-factor models that have



shown strong explanatory power for the cross section and time series.! First, we show that
the coefficients in a predictive regression of consumption growth on lagged state variables are
time-varying. In a simple two-stage test, controlling for these time-varying coefficients sub-
stantially improves consumption growth predictability relative to an unconditional model
that includes the same state variables. Second, we show that these time-varying coeffi-
cients predict the risk premiums for exposure to these state variables with a positive sign in
the time-series. Following recent literature (see, e.g., Gagliardini et al. (2012), Novy-Marx
(2015), and |Ang et al.| (2016)), we estimate these risk premiums in the cross section of indi-
vidual stocks. We find that state variable risk premiums are larger by about 5% annualized
(or, 0.35 in Sharpe ratio) whenever a state variable predicts consumption growth relatively
strongly. This effect is statistically significant and economically large, implying that risk
premiums change over time about as much as the market risk premium.

Third, we show that risk premiums are increasing (in absolute magnitude) in the condi-
tional variance of the state variables. When the conditional variance of a state variable is
high, the effect of a time-varying relation between the state variable and future consumption
growth doubles. This translates into an estimated risk premium of about 5% (-5%) when a
state variable predicts consumption growth positively (negatively) and variance is high versus
about 1% (-1%) when variance is low. Fourth, we argue that a large share of the variation in
the conditional variance of state variables is common and related to general macroeconomic
uncertainty, which we measure as the variance of consumption growth conditional on the
state variables. Our estimates are robust in two important dimensions: (i) using measures of
macroeconomic growth instead of consumption, such as industrial production and GDP, and

(ii) using state variable risk premiums that are estimated in the cross section of portfolios

IFollowing |Boons| (2016)), our first model includes the dividend yield (DY), the default spread (D.S), and
the term spread (7'S). Our second model substitutes the three-month t-bill rate (RF) for T'S, as in, e.g.,
Petkoval (2006]). Our third model includes T'S, the price-to-earnings ratio (PE), and the value spread (V'S)
of |Campbell and Vuolteenaho| (2004). Our fourth model has the |(Cochrane and Piazzesi| (2005) bond market
factor (C'P) and a term structure level factor (LVL).



sorted on exposure to state variable risk. We also verify with a simulation study that our
results are unlikely (likely) generated in unconditional (conditional) ICAPM world.

Systematic economics news should be priced in a stochastic discount factor (SDF) and
thus state variables embodying this news. Or study is motivated theoretically by a restriction
on the sign of state variable risk premiums and their (conditional) news content about
the economy. The unconditional implication from this SDF is identical to the ICAPM in
that the time series and cross section should be consistent: If a state variable predicts
the macroeconomy with a positive sign in the time series, it should capture a positive risk
premium in the cross section as well. In this paper, we allow the SDF-coefficients to be
time-varying and proportional to the time ¢ conditional relation between the state variables
and the macroeconomy. We test the conditional implication that the time-varying relation
between the state variable and the macroeconomy should predict the state variable risk
premium with a positive sign in the time series.

To see why this time-variation is important empirically, consider Panel B of Figure 1.
Here, we present the conditional relation between consumption growth and the one quarter
lagged three-month t-bill rate (denoted RF'), estimated with a ten-year backward-looking
rolling window regression. We see that the relation between the two series has changed
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considerably over time.” The predictive coefficient is large and negative in the 1970s and

1980s, suggesting that a shock to RF' is bad news. In contrast, the coefficient is close to zero
over the last decade, suggesting that RF-shocks are not bad news anymore.?
In line with standard ICAPM intuition, we argue that this variation should be mirrored

in the risk premium investors require for exposure to shocks to RF'. Stocks co-moving with

2The estimated coefficient from ten year rolling window regressions should naturally persist highly from
quarter to quarter. So it is not surprising it varies considerably over time as any near unit root process. But
we find this variation is not spurious as time-varying coefficients substantially improve predictability.

3Panel D of Figure 1 shows consistent evidence for the term structure level factor. Panel A of Figure 1
shows the opposite pattern for the term spread. Consistent with our results, Harvey| (1988) observes that
predictive coefficients for consumption growth vary across subsamples, and in an opposite manner for level
and slope variables.



RF should have negative risk premiums in the 1970s and 1980s and no discernible premium
now. As one can think of RF as a proxy for short-term expected inflation, this finding is
consistent with the recent reversal in the relation between inflation and the real economy
(documented in [Bekaert and Wang (2010)), |Campbell et al.| (2014), David and Veronesi
(2014), Kang and Pflueger| (2015) and Boons et al. (2016)). Similar to us, these authors
show that such time-varying inflation risk has an important impact on prices in stock as well
as corporate and government bond markets. In particular, Boons et al. (2016) derive a long-
run risk model that incorporates this time-variation. More generally, our work contributes
to literature that analyzes the conditional asset pricing implications of macroeconomic risks
(see the seminal work of Campbell and Cochrane (1999) on habits and of |[Bansal and Yaron
(2004) on long-run risk). We show that time-variation in the relation between a large set of
state variables and the macroeconomy has an important impact on equity risk premiums.
Natural candidates for factors driving this variation are monetary policy, the business cycle,
and the prevalence of supply and demand shocks.

Also consistent with the ICAPM, we argue that time-variation in the conditional variance
of a state variable magnifies the time-variation in the state variable risk premium. This
contributes to literature on the time-variation in the aggregate equity risk premium that is
either due to variance (i.e., the risk-return trade-off studied in, e.g., French et al. (1987),
Duffee (2005)) and Ghysels et al.| (2005))) or covariance with investment opportunities (i.e., the
time-varying hedge component studied in, e.g., Scruggs| (1998) and |[Rossi and Timmermann
(2015)). Recent literature on volatility-timing finds that a number of traded factors, and
most importantly momentum, have higher returns when volatility is low (Barroso and Santa-
Claraj (2015)) and Muir and Moreira| (2017))). In contrast to these findings, which are puzzling
in light of conventional wisdom and asset pricing theory, our state variable risk premiums are
consistent with rational expected return variation. In fact, we argue that most of the effect
of variance is associated to general macroeconomic uncertainty. In this way, we contribute

to a recent literature that analyzes whether risk premiums rise in uncertainty, as implied by



long-run risk models. We do not aspire to contribute to the growing literature on measuring
uncertainty (see | Jurado et al. (2015)) and Baker et al. (2016)). Rather we use the conditional
variance of consumption as a simple proxy. The asset pricing implications of this type of
uncertainty are well understood theoretically and a growing body of empirical work shows
that exposure to this risk captures a negative price of risk unconditionally (see, e.g., Boguth
and Kuehn| (2013), Bansal et al.| (2014), and (Campbell et al.| (2017)).

Most directly, however, our paper contributes to literature that tests whether uncondi-
tional risk premiums for a range of traded factors as well as state variables are consistent
with the ICAPM. Fama and French| (1996) advocate an ICAPM interpretation for the size
and book-to-market factors of Fama and French (1993). Maio and Santa-Clara (2012) con-
sider various popular multifactor asset pricing specifications and find that most models are
not consistent with an ICAPM interpretation.? |Cooper and Maio| (2015)) focus on models
with multiple traded factors and can only establish best convergence with the ICAPM as
none of the models studied satisfies all the restrictions imposed by the ICAPM. Barbalau,
Robotti, and Shanken | (2015) develop a formal test for sign consistency and find that with
a few exceptions, they cannot reject the null of consistency of the considered models with
the ICAPM restrictions. These papers focus on small sets of portfolios as test assets and
primarily analyze whether the factors predict aggregate stock market returns in the time
series. The approach in |Boons (2016) is different, as he finds that risk premiums in a large
cross section of individual stocks are consistent with how each state variable predicts macroe-
conomic activity in the time series. As argued in Cochrane (2005, Ch. 9), macroeconomic
activity is potentially a better proxy than stock returns for the return on aggregate wealth.

Given this conflicting unconditional evidence, it is important to ascertain that conditional
risk premiums are consistent with the ICAPM. (Chen et al. (1986) and [Ferson and Harvey
(1991)) represent early contributions in this spirit, but these authors focus on small sets of

test assets and do not decompose the time-variation in an ICAPM risk premium into its

4Lutzenberger| (2014) reaches similar conclusions for the European stock market.



relevant economic components. We finally show that the time-variation in state variable risk
premiums is not subsumed by the benchmark traded factors of |Fama and French| (1993) and
Fama and French (2015). This suggests once more that our approach of looking directly
at the state variables that theory suggests should capture a time-varying risk premium is
attractive. Indeed, a lot of interesting variation in expected returns might be overlooked
when analyzing traded factors that proxy only indirectly for state variable risk.

The rest of this paper is organized as follows. Section [I]provides the theoretical motivation
for the conditional asset pricing implications of state variable risk. Section [2] tests whether
state variables predict consumption growth in a time-varying way. Section [3| presents the
method to estimate state variable risk premiums. Section {4] analyzes whether these risk
premiums are time-varying. Section |5 analyzes the link with macroeconomic uncertainty.

Section [6] concludes. Additional details regarding the bootstrapped standard errors and the

simulations are in [Appendix Al and [Appendix B| respectively.

1 Motivation

In this section, we motivate time-variation in state variable risk premiums through a
conditional sign restriction that links predictability in the time series of economic activ-
ity with the cross section of stock returns. Consider the conditional asset pricing model
Eiy(mys1rie1) = 0, where 141, = Riv1; — Riy1 ¢ is the excess return of asset 4; myi; is a
non-negative SDF implied by the absence of arbitrage opportunities; and, the expectation
is conditional on the investor’s information set at time ¢. A priori there is no reason for the
SDF to be necessarily linear in an equilibrium model. Still, following the procedure outlined
in Cochrane (2005, Ch. 9), a non-linear SDF can be approximated using a linear function

of factors with time-varying coefficients:

mypr =1 — b;f;l, (1>



where vectors are evidenced with bold font in this equation and throughout the paper.
Without losing generality, we normalize the SDF using zero-mean conditional factors f; =
fio1 — Ei(fi1), such that Ey(myq) = 1. We assume the vector of factors contains the
unexpected excess return of the market portfolio and innovations in a set of K state variables
(Et+1,2 = Zet1e — Ei(zi1p) for B = 1,..., K), such that f;,, = (7‘2‘+17m,€;+1’2)’ and b, =
(be.m, by..)"

First and foremost, we test in this paper the hypothesis that b, ,, > 0 when z;;, forecasts
consumption growth with a positive sign, and vice versa. Intuitively, investors should want to
hedge their exposure to state variables that contain news about future consumption growth,
or macroeconomic activity more generally. Essentially, good news lower marginal utility
and so assets paying more in good states of the world should have lower prices (higher risk
premiums). Thus, an asset co-moving with a state variable that (conditionally) predicts
economic activity with a positive sign should provide investors with an additional reward for
that exposure. This is a common prediction in many equilibrium models and it does not rely
on assuming a specific utility function such as Epstein-Zin or constant relative risk aversion.
This prediction depends only on a relatively mild and realistic assumption that marginal
utility is decreasing in consumption. In our empirical analysis, we proxy the coefficients in
b, with the conditional relation between a state variable and future consumption growth
estimated over a backward-looking rolling window. This approach allows us to test the
conditional asset pricing implications from the model in Eq. using only information
that is known at time t. An alternative approach is to assume the SDF-coefficients, b,
vary over time as a linear function of instruments (see Cochrane (2005, Ch. 8)). However,
this approach is designed to estimate the unconditional asset pricing implications from the
conditional model in Eq. . Our approach does not require ex ante knowledge of the
instruments that guide this time-variation, which is another advantage.

Eq. implies a beta asset pricing model identical to the ICAPM of Merton (1973, Eq.



32):
By (re41,4) = MenBriigm + )\;,Z5t,i,z, (2)

where E; (r¢41,:) is the expected excess return of asset 7 and Ay = (Am, Ay ,) = Var(fi, )b
is the K + 1-vector of the conditional expected excess returns for exposure to the market
(Brim) and the state variables (d;;.) at time t. The exposures f;,,, and d;, . are the time

t slope coefficients from the return-generating process

!
Tist1 = Qit + BrimTm,s+1 + 5t,i,z€z,s+1 + Vi 511, (3)

where the time index s runs up to ¢t — 1, so that we only use historical data in the estimation.

We test the conditional pricing implications from this model running cross-sectional re-
gressions of stock returns on previously estimated exposures each period ¢ + 1. |[Fama/ (1976))
shows these risk premium estimates can be interpreted as the the return of a zero-investment
portfolio with a loading of one with respect to the factor of interest and a loading of zero
on the other factors. These returns thus recover the risk premiums A;. In other words, our
cross-sectional regressions estimate the conditional risk premium required by investors to
hold a portfolio with a conditional beta of one on a given factor.

There is a long literature analyzing time-variation in the market risk premium, A;,,, in
cross-sectional tests (see, e.g.,|Jagannathan and Wang] (1996)), Lettau and Ludvigson| (2001),
and |Lewellen and Nagel (2006)) as well as due to the hedge component of the ICAPM
(see, e.g., [Scruggs (1998) and Rossi and Timmermann| (2015])). Therefore, our main interest
is in analyzing the time-variation in the state variable risk premiums, A,.. To ascertain
that our results are not driven by a time-varying market risk premium, we orthogonalize
the innovations in the state variables from the market in our empirical analysis. When
the innovations in the state variables are also conditionally orthogonal to each other, the

state variable risk premiums in A, have the same sign of the respective elements of b, ..



In our empirical analysis, we conjecture that for the set of state variables considered, the
off-diagonal elements of Var;(€.+1 ) are of relatively small importance.® Thus, the model
implies a positive conditional risk premium, A, whenever a state variable k currently
forecasts consumption growth, or macroeconomic activity, with a positive sign (b;,, > 0).
Said differently, if the predictive relation between the state variable and consumption growth
varies over time, the risk premium must vary over time in a consistent manner. The model
further implies that the variation in ), ., due to variation in b, is magnified when the
conditional variance of the state variable, Vary(€; 41 ., ), is high. The intuition follows from
the fact that as conditional variance increases, shocks to z;j are more likely to be large in
absolute magnitude. Consequently, the premium investors require for a unit beta exposure
will also increase in absolute magnitude. As concluded in [Ferson and Harvey (1991), the
price of risk per unit of beta exposure to a state variable consists of two components: risk
aversion for the state variable, given by b, ., and the conditional variance of the state
variable, Vary(€;11.2,)-

These testable implications are similar in spirit to two strands of the literature. First, a
recent literature analyzes how inflation risk premiums in stock and bond markets vary with
the time-varying relation between inflation and consumption growth, or the nominal-real
covariance (Bekaert and Wang| (2010),Campbell et al.| (2014), David and Veronesi (2014)),
Kang and Pflueger| (2015) and |Boons et al.| (2016)). Second, in the ICAPM exposures to
state variables forecasting the distribution of aggregate stock market returns are priced as
opposed to market beta alone. The unconditional testable implication is that b, > 0 when

2y, forecasts high returns. As argued by [Roll (1977), the aggregate stock market return is not

5In fact, our analysis of macroeconomic uncertainty suggests a single time-varying scalar captures well
conditional risk. So, the possibility of off-diagonal elements in Var(e;11 ., ) overturning the consistency of
sign between A; , and b; , seems empirically remote.

6 Although the term Var;(e;41.,) can be divided out in Eq. (2)), it is important empirically. First, it
allows us to focus on the risk premium for a fixed unit beta of exposure, instead of covariance, as is common
in the literature. Second, it allows for the analysis of commonalities in the variance of the state variables and
macro-uncertainty, which is a key determinant of risk premiums in a number of recent asset pricing models.
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necessarily a good proxy for the return on aggregate wealth and this aggregate wealth is the
relevant variable for the representative investor. Unfortunately returns on aggregate wealth
are not directly observable but we follow the advice in Cochrane (2005, Ch. 9) and use
"recession state variables” instead. This bypasses the need to define the exact composition
of the aggregate wealth portfolio.

In short, we ascertain that market beta alone does not capture all the risk investors should
care about, as in the ICAPM. Rather, investors desire to hedge additional risk implying a
multifactor model of risk. In our case, this risk follows from shocks to consumption growth,
or macroeconomic activity more generally. The fact that unconditional ICAPM implications
have been studied recently with mixed and inconclusive results (see, e.g.,Maio and Santa-
Clara (2012), Cooper and Maio| (2015), Barbalau, Robotti, and Shanken | (2015), and |Boons
(2016))) and are subject to the critique that these implications do not directly follow from the
conditional ICAPM of Merton| (1973)) (see, e.g., Hansen and Richard (1987) and Cochrane
(2005, Ch. 8)), motivates us to study the model’s conditional implications.

2 The time-varying relation between state variables and consumption growth

In this section, we analyze if the relation between state variables and consumption growth
is time-varying in an economically important way. As discussed in the previous section, the
ICAPM implies that if such time-variation is present, risk premiums for exposure to state

variables should vary over time in a consistent manner.

2.1 Data

To start, we measure monthly nominal consumption growth (¢;) using the seasonally-
adjusted aggregate nominal consumption expenditures on nondurables and services from the
National Income and Product Accounts (NIPA) Table 2.3.5. Population numbers come from

NIPA Table 2.1 and price deflator series from NIPA Table 2.3.4, which we use to construct
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the time series of per capita real consumption growth.

We consider four empirical multi-factor specifications that are popular because the state
variables included in each model, denoted z; = (2¢1, ..., 2k )/, have shown strong explanatory
power for the cross section and time series. Our first three-factor model contains the default
spread (DS) between the yield of long-term corporate BAA- and AAA-rated bonds, the
dividend yield (DY) of the CRSP value-weighted stock market index (the ratio of dividends
in the previous 12 months to the current level of the index), and the term spread (7'S)
between the yield of the ten- and one-year Treasury bond. The yield data are taken from
FRED. Second, we follow [Petkova| (2006) and substitute the risk-free rate for 7°S. Third, we
use the model ofCampbell and Vuolteenaho (2004) that includes the price-to-earnings ratio
(PE), the value spread (V'S), and T'S.” Fourth, we use the model of [Koijen et al.| (2013,
denoted KLN) that includes the bond market factor (C'P) of |Cochrane and Piazzesi (2005)
and a term structure level factor (LV' L).® Consistent with most empirical studies of the
cross section, our sample starts in the second quarter of 1962 and ends in the fourth quarter

of 2014.

2.2 Unconditional versus conditional consumption growth predictability

Using these four sets of state variables, we compare the performance of unconditional
versus conditional models for predicting consumption growth. First, we run the uncondi-
tional predictive regression of log consumption growth (cumulated over horizons H = 1,4)

on the state variables from a particular model:

Cit14H = by + bzlzt + €?+1:t+H- (4)

"PE is the cyclically adjusted price-earnings ratio, that is the log ratio of the price of the Standard &
Poor’s 500 index to the moving-average of its earnings over the previous ten years. V.S is calculated from
six portfolios sorted on size and book-to-market.

8CP is the fitted value from a regression of excess bond returns on forward rates. LVL is the first
principal component of the one- through five-year Fama and Bliss forward rates.
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Table [I] presents the results. We see that some state variables predict consumption growth
with significant coefficients, such as DY and DS in Model 1. At the four-quarter horizon,
the adjusted R? ranges from -0.01 in Model 2 to 0.10 in Model 1. Thus, the fraction of
consumption growth variation explained by the state variables is modest even at the annual
frequency.

A possible explanation for this result is that an unconditional regression does not account
for time-varying predictability. To see why this is important, we present in Figure [1| rolling
ten-year coefficients from a regression of consumption growth on the lagged state variables
in each model. For the sake of exposition, we focus on the rolling coefficients for DY, DS,
and TS in Model 1, RF in Model 2, PE and V'S in Model 3, and C'P and LV L in Model
4. In short, we see large swings in the predictive coefficients for the state variables in each
of the four models.

To analyze whether this time-variation in the predictive coefficients is economically im-
portant, and not just driven by noise, we follow the two-stage approach introduced in [Boons

et al.| (2016):

H H/ H Hi c
Coptrr = dy +dj (at,z + bt,zzt) + €/ 41041, Where (5)

H Hr
Cstlis+H — Ay + bt,zzs + €si1:54H- (6>

In the first stage (Eq. @), we regress consumption growth on the lagged state variables
over a backward-looking 10-year rolling window using all data available up to quarter ¢ (as
in Figure [1).° Hence, the window s runs from t —40 — H + 1 to t — H, for H = 1,4. In the
second stage (Eq. (5)), we use the estimated coefficients and the state variables observed at
time ¢, i.e., afz +bfz'zt, to predict consumption growth from month ¢+ 1 to ¢4+ H. This setup

ensures that we use no forward-looking information when we predict consumption growth in

9We extend the sample back by an additional five years by estimating the same regression over an
expanding rolling window from five to ten years from 1967 to 1972. We fix the length of the rolling window
to five and fifteen years in a robustness check.
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the second stage.

If this structure correctly models the conditional expectation of consumption growth,
we should find that dff = 0 and df! = 1. However, the estimated b;’, contain noise and
are subject to misspecification and omitted variables bias. Consequently, one expects to
find dif > 0 and df’ < 1 empirically. In other words, it is unlikely that the simple rolling
regression fully captures the information set used by investors to form their conditional
expectations. However, an interesting question is whether controlling for the rolling relation
between the state variables and consumption growth improves the forecast of consumption
growth relative to an unconditional model. To this end, we calculate the R2-comparison
as: 1 —war(ef, ., p)/var(e} 1, ). Finally, we ascertain that the predictive performance
does not come from the time-varying intercept, afz, alone, which measures lagged average
consumption growth. To this end, we present an R? comparison between our model and a
specification of Eqs. and @ that leaves out the state variables. Table [[I| presents the
results. To test significance, we report bootstrapped t-statistics that address the concern that
our estimates are biased due to errors-in-variables (EIV). contains a detailed
description of the bootstrap experiment. We find that bootstrapped standard errors lead to
conservative inference relative to asymptotic Newey-West standard errors.

At the one-quarter horizon (H = 1), d¥ is significantly larger than zero for each model
at about 0.65. Consistent with this large and significant coefficient, we find that the simple
R? is much larger than in the unconditional models, ranging from 0.16 to 0.29. This find-
ing implies that consumption growth is predictable and a large chunk of this predictability
comes from time-varying coefficients on the state variables.!® Indeed, the (conditional ver-
sus unconditional) model comparison R? ranges from 0.10 to 0.28. The R? values for the
comparison to the conditional model that leaves out the state variables are similarly large.

The results at the annual horizon (H = 4) are also similar, although slightly weaker, which

10This conclusion is robust to including lags of consumption growth. These results are available upon
request.
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suggests that the two-stage predictive approach worsens as the horizon increases. At both
horizons, however, we can conclude that the state variables predict consumption growth in
an economically important, time-varying way. In the following section, we ask whether this
time-variation is mirrored in the risk premium investors desire for exposure to these state
variables.

bH

i, b ) is proportional to the vec-

Going forward, we assume the estimate b/’ = ( i

tor of time-varying SDF-coefficients b; . = (b ,, ..., b, ). Consequently, we have a simple,
backward-looking, empirical proxy that should guide time-variation in the state variables
risk premiums in an ICAPM (see Section [I)). To ascertain that our results are not sensitive
to our choice of proxy and to respond to the advice in Cochrane (2005, Ch. 9) to search for
"recession state variables,” we substitute alternative measures of macroeconomic activity for

consumption growth in Eqgs. and @ in a robustness check.!!

3 Measuring state variable risk premiums

Following recent literature we estimate risk premiums by running stock-level cross-sectional
regressions of quarterly returns on historical exposures to innovations in the state variables
of a particular model. Among others, [Litzenberger and Ramaswamy| (1979)) and |Ang et al.
(2016) contend that stock-level tests are more efficient than portfolio-level tests. While tests
with individual stocks are plausibly more subject to an error-in-variables problem (due to
noise in estimated exposures) the much wider cross section of true exposures should more
than offset that shortcoming. Nevertheless, in a robustness check, we also estimate the state
variable risk premiums by sorting stocks into portfolios. In the following, we present a brief
overview of our method, which is identical to Boons (2016). We refer the interested reader

to his paper for more detail and evidence on the robustness of this approach.

HFor this exercise, we use seasonally-adjusted industrial production growth and real GDP growth, down-
loaded from the FRED® database of the St. Louis FED.
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3.1 Innovations as risk factors

Following (Campbell (1996)), state variables are assumed to follow a first-order VAR. The
VAR(1) uses only historical data up to period ¢ so that the betas are fully conditional.
Therefore, for each collection comprising the stock market portfolio and a given set of state
variables, f, = (rym, 2})’, we estimate f, = A, o+ A1 f,_1+e,for s =1,...,t. Theresiduals
€, are orthogonal to the market return, r,,,, and we scale them to have the same variance
as Tym. In the rest of the paper €5 stands for the transformed innovations and those are
the risk factors used in the asset pricing model for each period ¢t. The correlations between
these risk factors for each model are generally weak (< 0.20). Thus, there is no need to
orthogonalize the state variables from each other, and our tests will provide direct evidence
on the conditional consistency of the sign of the cross-sectional risk premium )., and that
of the b, coefficients in the SDF. Recall also that the effect of time-variation in b, is
magnified by when conditional variance of the state variables is high. To consistently measure
the conditional variance of a state variable, denoted o7, , we estimate a GARCH(1,1)-model

for the VAR-residuals. Our conclusions are robust to using instead the squared innovations.!?

3.2 Conditional exposures

As standard practice, we use all common stocks listed on NYSE, Amex, and Nasdaq,
excluding financials and firms with negative book equity. We estimate historical loadings on
state variable risk in each period t for all stocks for which we have at least four out of the last
five years of returns in the database. Using only past data that are available each moment
in time ensures the analysis is truly out-of-sample and the focus on recent years addresses
the concern that loadings of individual firms can vary over time. |[Elton et al. (1978) and
Cosemans et al.| (2016]), among others, show that loadings on non-traded factors are often

small and hard to estimate. Therefore, we use a weighted least squares (WLS) regression

12These results are available upon request.
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over all observations s = 1,...,¢ to estimate a stock’s market beta, (3, and exposure
to the state variables, d;; . (see Egs. (7) and (8) in Boons| (2016)). We use an expanding
window of returns with an exponential decay in the weights, this ensures the estimated betas
are timely, in the sense they mostly reflect recent returns, but still the estimation uses as
much information as possible. We shrink these betas to the cross-sectional mean following

Vasicek (1973).13

3.8 Cross-sectional regressions

Our main interest in this paper is in analyzing conditional state variable risk premiums
At., which we estimate in each period ¢ by running a Fama and MacBeth| (1973) cross-
sectional regression of quarterly returns on lagged historical market beta, f;; ,, and loadings

on innovations of the state variables of a particular model, d;; ,:
Tyl = )\t,O + )\t7mﬁt,i7m + )\;’Z(st’i’z + Vt+1,i5 1= ].7 ce 7Nt. (7)

We estimate the state variable risk premiums for the four multi-factor models introduced in
Section 2.1} The estimation of the exposures implies an initial burn-in period of five years.
As a result, the sample for cross-sectional asset pricing tests consists of 191 quarters from
the second quarter of 1967 to the fourth quarter of 2014.

Panel A of Table [[T]] presents summary statistics for the eight risk premiums of interest,
i.e., M. py, At.ps, and Ay rg from Model 1, A gr from Model 2, A\, pg and ;g from Model 3,

and A\, cp and A\, v, from Model 4.'* Recall that these state variable risk premiums represent

13 An alternative approach is to estimate stock’s betas by dividing the conditional covariance of returns
and innovations in the state variables by the conditional variance of the state variables from a multivariate
GARCH-model (to be consistent with our GARCH-measure of conditional variance, o7, ). However, apply-
ing this approach in an out-of-sample context is impossible, because such models are hard to estimate using
only a small sample of historical data and for many stocks we do not have a long history of returns.

4We include each different state variable only once in our analysis of risk premiums, to not bias our
results in favor of state variables that are included in more than one benchmark model (e.g., DY and DS

are present in Models 1 and 2).
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the return of a mimicking portfolio with unit exposure to the state variable of interest in
quarter ¢ (and an exposure of zero to other factors in the model). The unconditional risk
premiums for DS, T'S, RF', V'S, and C'P are economically large and significant with absolute
Sharpe ratios ranging from 0.27 to 0.48. For comparison, the Sharpe ratio of the CRSP
market value weighted portfolio over this sample equals 0.35.

The cross-sectional regression in Eq. is subject to EIV. The independent variables
are unobserved exposures for each stock pre-estimated in a time series regression. This time
series regression, in turn, regresses actual returns on VAR innovations of state variables
that are themselves pre-estimated. EIV likely biases the estimates of risk premiums toward
zero but it is important to correct the standard errors when we analyze the variation of
the risk premiums over time. To do so, we estimate standard errors in all our conditional
asset pricing tests using a bootstrap exercise in which we perform 500 replications of the
coefficient estimates using artificial block-resampled data (see for more detail).
In addition, we sort stocks into equal-weighted or value-weighted quintile portfolios using
their conditional exposures to the state variables. We then use the return of the high-minus-
low quintile portfolio as an alternative measure of the state variable risk premium. With
this alternative estimate some stocks will surely be assigned to the wrong portfolio resulting

in a conservative inference under the null of true cross-sectional pricing ability (Boguth and

Kuehn| (2013))).

4 Time-variation in state variable risk premiums

In this section, we test the conditional asset pricing implications of state variable risk.
First and foremost, the ICAPM (see Section (1)) implies that the lagged relation between a
state variable and consumption growth predicts the risk premium for that state variable with
a positive sign. To get some intuition, we start by regressing each individual state variable

risk premium (compounded over a horizon of four quarters) on a constant and a dummy
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variable indicating whether the lagged predictive coefficient for consumption growth, bf,Zk, is

above the sample median for that state variable:

Astttitra = Po + Pdyt | smea + €z 144 (8)

This dummy-specification is attractive as it averages out the measurement error in the esti-
mated b¢ , ’s and controls for differences in the unconditional relation between a given state
variable and consumption growth. In short, we see that the estimate h, is positive for each
of the eight state variables under scrutiny. Averaged across state variables, the coefficient
estimate is economically large and suggests that risk premiums are increasing in the time
series by 4.84% (annualized) when the relation between the state variable and consumption
growth is relatively strong. The coefficients are imprecisely estimated, however, as only half
of them are individually significant at the 10-% level.

To gain power, we turn to pooled predictive regressions of the form:

H
Aty1a+H,z, = Jo + 10, + €14 m 2, (9)

that is, we jointly regress the risk premiums for the state variables on the lagged predictive
coefficient between that state variable and consumption growth. Besides the econometric
advantage of increasing power, the economic motivation for this pooled specification is that
in our model the time-variation in risk premiums is driven by the strength of the relation
between a state variable and consumption growth at a given point in time. This hypothesis
is not specific to a given state variable nor to a collection of state variables in a particular
multi-factor model. Therefore, we run this pooled regression for the complete set of eight
state variables. To take care of the noise in the estimated bka’s, we start by substituting in
this regression dummy variables either indicating whether a predictive coefficient is positive,

Iy <o, or whether it is above the sample median (as above). We present ¢-statistics using
2k

19



both asymptotic standard errors following |Driscoll and Kraay| (1998), which are robust to
very general forms of cross-sectional as well as temporal dependence, and block-bootstrapped
standard errors from 500 replications of our estimation procedure, which are typically more
conservative (see [Appendix A).

Table [[V] presents the results. In the first column, we run a pooled regression of risk
premiums on [bf,{zk>0 at horizons H = 1,4. At both horizons, the coefficient estimate,
g1, is positive, economically large and statistically significant using both asymptotic and
bootstrapped inference. The estimates imply an average increase in a state variable risk
premium of 4.90% (tpoor = 2.18) at H = 1 and 6.39% (tpoor = 2.83) at H = 4 when the
predictive coefficient between that state variable and consumption growth is positive. This
number is relative to a negative risk premium of -2.5%, on average, when the predictive
coefficient is negative. Although our focus is on time-variation, this result is also consistent
with the idea that a positive (negative) relation between the state variable and consumption
growth is rewarded with a positive (negative) state variable risk premium unconditionally.

Therefore, to control for unconditional differences between the predictability of consump-
tion growth from different state variables, we next run a pooled regression of risk premiums
on Ibka>med. We find that the coefficient estimate, g1, is similar to the first specification.
Qualitatively, this result implies that our estimates capture time-variation in the pool of
state variable risk premiums. Quantitatively, the coefficient estimates imply that, on aver-
age, when the predictive coefficient for consumption growth for a particular state variable
is above its time-series median, the state variable risk premium is larger by an economically
large and significant 4.96% (tpoor = 2.88) for H = 1 and 5.17% (tpoor = 2.82) for H = 4.

The next two models run the pooled regression of risk premiums on the raw predictive

coefficients, bka, both without and with state variable fixed effects. These two specifications
are similar to the first two specifications discussed above, in that the model with state variable
fixed effects picks up only time-series variation in the risk premium for a given state variable.

We see that our conclusions are robust. The coefficient estimates on bf’, are (marginally)
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significant and economically large at both horizons and in both specifications. For instance,
the model with fixed effects at H = 4 suggests that state variable risk premiums increase
over time by about 2.75%, on average, for a standard deviation increase in by, . This number
further implies that expected state variable risk premia move over time about as much as the
absolute unconditional average risk premium in the pool of state variables, which is 3.50%.

In the remaining four columns of the table, we run the pooled regression of risk premiums
on I, b, >med for each of the four separate models, where Model 1 includes (A\¢ py, A\t ps, Ae7s)’s
Model 2 includes (A py, At,ps, Ae,rr)’, Model 3 includes (A rs, A\t.pe, Atyvs), and Model 4
includes (A¢,cp, Ae.Lv). In each model, we see an economically large effect at both horizons,
although there is some variation in magnitude and significance. For instance, coefficient
estimates range from 2.38% (tpoor = 0.95) in Model 3 to 7.27% (tpoor = 2.88) in Model 1 at
the annual horizon. Given quantitatively similar effects across the four models, it is only

natural that our joint estimates come out as more significant statistically.

4.1 Simulation and robustness checks

Table [V] presents the results from two Monte Carlo simulation experiments.
provides a detailed description of each simulation. The first simulation assesses the size of our
tests. We ask how often we reject the null hypothesis of no time-variation in an unconditional
ICAPM world. In this world, the state variables capture a constant risk premium because
each predicts consumption growth with a coefficient that is constant over time. The second
simulation assesses the power of our tests. We ask how often we reject the null hypothesis
of no time-variation in a conditional ICAPM world. In this world, the state variable risk
premiums vary over time, because each state variable predicts consumption growth with a
time-varying coefficient. For both simulations, we report the empirical distribution of (i) the
R?-comparison between unconditional and conditional consumption growth predictability

(as reported in Table [[I), (i) the unconditional risk premiums (as reported in Table [[TI)),
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and (iii) the slope coefficients from the pooled predictive regressions of Eq. @ (as reported
in Table . To control for differences in the unconditional state variable risk premiums,
we focus on the coefficient estimates from two specifications: the dummy specification with
I bl >med (Spec 2) and the continuous specification with b, ., and state variable fixed effects
(Spec 4).

The median unconditional average risk premiums in both simulations are the same, but
risk premiums are more likely to be significantly positive in the unconditional than in the
conditional ICAPM-world (78% versus 61%). In addition, in the unconditional ICAPM
world, over 99% of the R?-comparisons are negative, consistent with the idea that any
estimated time-variation in the relation between a state variable and future consumption
growth is noise. Hence, it is unsurprising that the estimated slope coefficients are centered
around zero and it is in less than 6% of the simulations that the predictive coefficient is
positive and significant in either of the two specifications. In contrast, in the conditional
ICAPM-world, 60% of the R?-comparisons are positive, and more than 97% (77%) of the
slope coefficients are (significantly) positive. Also, the median estimates are similar to those
we find in the data. We conclude that our method does not over-reject and has power to
distinguish between the unconditional and conditional ICAPM world.

Next we present in Table [VI] robustness checks for the method focusing on the pooled
regression of Equation (9) with I b, >med: which is a direct and simple test of whether risk
premiums vary over time at the state variable level. Panel A analyzes the robustness of
our choice of proxy for the time-varying coefficients of the SDF (see Eq. ) Before, we
measured the conditional relation between a state variable and the consumption-investment
opportunity set using its rolling predictive coefficient for consumption growth. Now, we
substitute three measures of general macroeconomic activity for consumption growth to
estimate b7 : GDP growth, industrial production growth, and the first principal component

t,zg"

of the three macro-series.'® In short, we see a positive, economically large and significant,

15The principal component explains about 68% of the common variation in the three series.
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coefficient for all three alternatives, indicating that state variable risk premiums increase
over time by about 4% when the relation with general macroeconomic activity for that state
variable is above median. Our results are thus consistent with conditional asset pricing
implications from a model where general macroeconomic risk is priced.

Panel B analyzes the robustness of our measures of state variable risk premiums. First,
we replace the Fama and MacBeth! (1973) state variable risk premium estimates at the stock-
level with a high-minus-low quintile risk-sorted portfolio. The risk-sorted portfolios are sorted
on exposures (d;;.’s) to innovations in DY, DS, and T'S (from Model 1), RF (from Model
2), PE and VS (from Model 3) and CP and LV L (from Model 4). We consider both equal-
weighted (HLEW) and value-weighted (HLVW) portfolios. Furthermore, we estimate the
state variable risk premiums at the portfolio-level. The approach is similar to Table[[V]except
that we now use a total of 8 x5 = 40 value-weighted risk-sorted quintile portfolios, instead of
individual stocks, to run the quarterly Fama and MacBeth (1973) cross-sectional regressions
that estimate the conditional state variable risk premiums, A;,.'® Using these alternative
state variable risk premiums, we run the same pooled regressions as before of returns on
the dummy variable indicating whether the conditional predictive coefficient between a state
variable and consumption growth is above median. Again, our conclusions are robust, with
economically large and typically significant coefficient estimates for g; of about 4% for H = 1
and 3% for H = 4 for each of the three alternative methods.

Panel C analyzes the robustness of our results splitting our sample in two halves at the
end of 1990. In this exercise, we define the dummy indicator relative to the median predictive
coefficient in each subsample. In this way, we are really asking whether differences in the
strength of the relation with consumption growth in a particular subsample capture time-
variation in risk premiums. We see that the predictive coefficient is economically large in

both sample halves, and significant at the annual horizon at 6.36% (¢ = 2.32) in the first

I6For the sake of comparison, we scale these risk premiums to have the same standard deviation over time
as the estimates for individual stocks.

23



part of the sample and 3.69% (¢t = 2.00) in the second part. We conclude that time-variation
in the relation between a state variable and consumption growth robustly predicts state
variable risk premiums over time. Panel D shows that our results are not sensitive to the
choice of a ten-year rolling window to estimate the conditional relation between consumption
growth and the state variables (see Eq. ().

Finally, we show in Panel A of Table[VII| that this time-variation is robust to controlling
for contemporaneous exposure of the state variable risk premiums to the benchmark traded
factors of the CAPM (Sharpe (1964)), Lintner (1965) and Mossin| (1966)) and the Fama-
French three- and five-factor models (Fama and French (1993, FF3M) and Fama and French
(2015, FF5M)).17 This finding is interesting given previous literature that argues that these
factors (and their underlying characteristics) are associated to unconditionally priced state
variable risk (see, e.g., Fama and French| (1996)), Petkova (2006), and Boons (2016)). We
find that the unconditional association between factors and state variables is not enough
to capture the time-variation in the price of state variable risk. We conclude that a lot of
interesting variation in expected returns might be overlooked when analyzing factors that
proxy only indirectly for state variable risk. This is another advantage of our method to focus

directly on state variables that theory suggests should capture a time-varying risk premium.

4.2 Conditional variance of the state variables

The ICAPM (see Section (1)) implies that the effect of bka on risk premiums strengthens in
times of high conditional variance of the state variables. The intuition is that investors want
a larger compensation for a unit exposure when there is more risk (in absolute magnitude).

To test this implication, we extend the pooled predictive regressions to include an interaction

I"For this exercise, we orthogonalize the state variable risk premiums using the regression: A\ii1., =
a+ B Fii1 + €41, where Fyyy = (Pet1,m, Te41,9MB, Te41,mMm) for the FF3M, for instance. From this
regression, we use the estimate a + €;41 for each state variable zj as the left-hand side risk premium in the
pooled regression.
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effect:

_ H 2 2 H
Attt Hozy, = Jo + G1by s, + 9205, + 930, X b, + €rprivm 2, (10)

where o7, is the GARCH(L,1) conditional variance of a state variable. As before, the
dependent variable returns are the risk premiums for the eight state variables of interest.
The coefficient g; captures the effect on risk premiums of a time-varying relation between
the state variable and future consumption. The new coefficients g, and g3 capture the effect
of conditional variance on risk premiums. Given that our state variable risk premiums vary
in sign (in both the cross section and time series), there is no theoretical guidance on the
unconditional effect captured by g. The coefficient on the interaction effect, g3, should be
positive, however. If a state variable predicts consumption growth with a positive sign, its
risk premium should increase in the conditional variance of the state variable, and vice versa
for the negative case.

Given that the three independent variables are substantially correlated, we find that it
is hard to interpret the economic and statistical significance of the individual coefficients.
To deal with this issue and make reliable inferences on our hypotheses, we estimate the
predicted state variable risk premium from the regression in four different cases. These
predictions effectively evaluate the joint significance of the coefficients, for which purpose
multicollinearity typically has little impact (see, e.g., Judge et al. (1985])). In case one, the

predictive relation between the state variable and future consumption growth is weak and

H

the conditional variance of the state variable is high, which case is defined by setting b,

equal to one standard deviation below the mean (in the pool) and 02% equal to one standard
deviation above the mean (in the pool). In case two, bf;[Zk is again low, but aiZk is at the mean.
In case three, btb;k is one standard deviation above the mean and Ut?mc is at the mean. In case
four, both bka and O'sz are high. Our model implies that the predicted risk premium should
increase monotonically from case one to case four. We also estimate a dummy-specification

where we replace by, with the indicator Iz ., and o7, with the indicator I,z neq. In this
’ 2k s 2k
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specification, we should find that g, < 0 and g3 > 0.!® Table presents the results for the
annual horizon. We present t-statistics for coefficient estimates and predicted risk premiums
using both asymptotic Driscoll and Kraay| (1998) and block-bootstrapped standard errors
(sec Appendic ).

Looking at the four cases in Panel B, we see in both specifications that the coefficient
estimates jointly imply economically large and statistically significant variation in the pre-
dicted risk premiums that is driven by the conditional variance of the state variables. In
the continuous specification, the predicted risk premium for a state variable increases mono-
tonically from -4.69% (fpoor = —2.11) when b}, is low and o7, is high (case one) to 4.17%
(thoot = 1.85) when both b

1, and JZZk are high (case four). In the dummy specification,

the increase is even larger from -5.85% (tpoor = —3.17) to 6.42% (tpoor = 3.48).12 The net
effect of conditional variance when b,{ik is low (case one versus case two) as well as when
b{ik is high (case three versus case four) is economically large at about 2% in the continuous
specification and over 5.5% in the dummy specification. In the dummy specification, this
effect is measured by the coefficients g, and g3, which are both significant (using asymptotic
as well as bootstrapped standard errors). In the continuous specification, gs is positive, as
hypothesized, but only significant using asymptotic standard errors.

Panel A of Table [[X] shows that these results are robust. First, we see quantitatively
and qualitatively similar effects when we measure bf% using alternative measures of general
macroeconomic activity: GDP growth, industrial production growth, and the first princi-
pal component of the three macro-series. Second, we have qualitatively and quantitatively
similar results when we estimate state variable risk premiums as the High-minus-Low return
from a sort into equal- and value-weighted deciles. When we estimate the state variable risk

premium using a cross-sectional regression of portfolios, the results are qualitatively similar,

18We do not use the indicator Iyr < imeq here, because the interaction effect depends on the sign of bka,
12k s
not the relative magnitude.
9Tn both specifications, the difference between these two extreme cases is about 10% (tpeor > 3) and

measures the total variation in state variable risk premiums.
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but weaker in magnitude. We conclude that time-variation in the conditional variance of
the state variables magnifies the time-variation in state variable risk premiums that is due
to time-variation in the relation of the state variables with future consumption-investment

opportunities.?®

5 Macroeconomic uncertainty

In this section we analyze whether the results for the conditional variance of the state
variables are driven by state variable specific variance or rather associated to general macroe-
conomic uncertainty. If state variables contain important information about future macroe-
conomic activity, and the conditional variance of the state variables moves in a correlated
manner over time, this will translate into time-varying macroeconomic uncertainty. Hence,
all state variable risk premiums could rise during times of high economic uncertainty. In the
same way, the risk premium for exposure to news about future consumption growth, and
thus the market risk premium, increases in uncertainty in the long-run risk model of |Bansal
and Yaron (2004)). We measure macroeconomic uncertainty as the variance of consumption
growth conditional on the state variables. Previous literature finds that related proxies of
uncertainty are priced unconditionally in various asset classes. Different from these papers,
we ask whether uncertainty drives time-variation in state variable risk premiums and to what

extent uncertainty subsumes the role of time-varying variance of the state variables.

5.1 Time-varying macroeconomic uncertainty and state variable risk premiums

To start, we ask whether state variable risk premiums vary over time with the conditional
variance of consumption. From the two-stage setup for consumption growth predictabil-

ity in Egs. and @, we define two measures of conditional variance by estimating a

20Panel B of Table shows that controlling for contemporaneous exposure to the CAPM and Fama-
French factors does not materially affect this conclusion.
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GARCH(1,1)-model for the innovations:

6t1+1:t+H = crrarn — {d + d{{(aﬁl,z + bf—ll,zzt)} and (11)

6§+1:t+H = Ct+41:4+H — {aﬁl,z + bf{/Lzzt}- (12)

We denote the GARCH conditional variance estimates oy ;; and o, . These measures
ensure consistency in the way we measure the conditional expectation and variance of con-
sumption growth. To assess the sensitivity of our results, we also construct a third measure
of conditional variance by estimating a GARCH(1,1)-model for de-meaned consumption
growth, €}, ;7 = G4m0 — Mt 1:04H,c, which we denote ai’;*. Note that this third measure
does not depend on the collection of state variables in a particular model.

Next, we substitute each of the three uncertainty measures, ‘71%2, ., for the conditional

variance of the state variables in the pooled predictive regressions of Eq. and estimate:

Atttz = G0+ G1br, + 9207 i + 9301 X byl + €ri 1tz (13)

As before, we predict that the coefficient on the interaction effect, g3, is positive: If a
state variable predicts consumption growth with a positive sign, its risk premium should
increase with uncertainty, and vice versa for the negative case. To deal with the correlation

between the independent variables and facilitate economic and statistical inference, we again

bH

(i) provide the predicted risk premium in the four separate cases (Low b;", ,

High o7 ;;; Low

bH

t,2)

Low o7 High b, , Low o7 5; High b/’ , High o7y) and (ii) estimate a dummy

specification where we replace thZk with the indicator [,z -, and o,z with the indicator
i 32k

T2 >med Table [X] presents the results for the annual horizon. We present t-statistics for

coefficient estimates and predicted risk premiums using both asymptotic Driscoll and Kraay

(1998)) and block-bootstrapped standard errors (see |Appendix Al).

Looking at the four cases in Panel B, we see in both specifications that the coefficient
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estimates jointly imply economically large and statistically significant variation in the pre-
dicted risk premium for state variables driven by the conditional variance of consumption
growth. In the continuous specification, the predicted risk premium increases monotoni-
cally from -4.81% (tyor = —2.29) when b7, is low and o7, is high (case one) to 4.56%
(thoot = 2.03) when both b

{., and o7 are high (case four). In the dummy specification,

the increase is similar from -4.20% (tpoor = —2.39) t0 5.00% (tpoor = 3.01).2! The net effect
of macroeconomic uncertainty when bka is low (case one versus case two) as well as when

bH

i, s high (case three versus case four) is economically large at about 2% in the continuous

specification and about 3% in the dummy specification. In the dummy specification, this
effect is measured by the coefficients g and g3, which are both marginally significant (using
asymptotic as well as bootstrapped standard errors). In the continuous specification, gs is
positive, as hypothesized, but only significant using asymptotic standard errors.

In the remainder of the table, we see robust evidence for the alternative measures of
macroeconomic uncertainty: o}, and o;;"". Panel B of Table [IX|further shows that these
results are robust to using alternative measures of macroeconomic activity (instead of con-
sumption growth) to measure bka and ai 4 as well as when we estimate state variable
risk premiums using portfolios (instead of a cross-sectional regression of individual stocks).
We conclude that macroeconomic uncertainty, as measured by the variance of consump-
tion growth conditional on the state variables, magnifies time-variation in state variable risk

premiums.??

5.2 Macroeconomic uncertainty and the conditional variance of state variables

In this subsection, we analyze to what extent the results for the conditional variance of

the state variables (in Section |4.2)) are driven by macroeconomic uncertainty. We have shown

21Tn both the continuous and dummy specification, the difference between these two extreme cases is
about 9% (tpoor > 3) and measures the total variation in state variable risk premiums.

22Panel C of Table shows that controlling for contemporaneous exposure to benchmark asset pricing
factors does not materially affect this conclusion.
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that the two variance-measures affect state variable risk premiums in a similar way, and the
measures are, in fact, correlated. Figure [2| plots the conditional variance of consumption
growth (Jf;**) versus the conditional variance of the eight state variables. We aggregate
these conditional variances by taking an average across state variables (0‘2% ave) and by
estimating the first principal component (07, pe;). The correlation between 0752, o and
these measures of conditional state variable variance is about 0.5. Moreover, in about 60%

2 %%k . . 2 2
of the quarters that 0,7~ is above median, we also find that o}, 4y and o7, pc; are above

median.?3

This evidence suggests that periods with high common variance of the state
variables also tend to be periods with high conditional variance of consumption growth.
Hence, a large share of the variation in risk premiums due to conditional variance of the
state variables could be driven by macroeconomic uncertainty.

To test this hypothesis, we repeat the regressions of Section using measures for the
conditional variance of the state variables that control for quarters where macroeconomic
uncertainty is high. To do so, we set the conditional variance of a state variable, Uzzk, equal
to its time-series median in quarters when macro-uncertainty;, 0752727 1, 1s above median. In the
dummy specification, we set IO?,H>med to zero in quarters when atzyzy g 1s above median. To
proxy for macro-uncertainty, we consider each of the three measures of the conditional vari-
ance of consumption growth. Table [XI| presents the results, where, for the sake of brevity,
we focus on the predicted risk premiums in the four cases (from low bka and high Ut2,zk
(controlling for macroeconomic uncertainty) in case one to high bf, and High o7, (con-
trolling for macroeconomic uncertainty) in case four. We present t-statistics for coefficient
estimates and predicted risk premiums using both asymptotic |Driscoll and Kraay| (1998) and
block-bootstrapped standard errors (see |[Appendix Al).

For the first measure of macroeconomic uncertainty (columns one and four), we see that

the effect of conditional variance of the state variables is reduced by about two-thirds relative

23This fraction is similar when we do the comparison using the two alternative measures of the conditional
. . 2 2
variance of consumption growth, o;’; and 0,7
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to what we saw before. For the continuous specification, the difference in predicted risk
premium when variance is high versus low and when bﬁ% is low (high) is -2.89-2.35=-0.55
(3.30-2.56=0.74%) when controlling for macroeconomic uncertainty. In Table these
same differences were -2.56% and -1.99%, respectively. For the dummy specification, the
effect of controlling for macro uncertainty is even more pronounced at differences between
high and low variance of -0.95% when b’ is low and 1.70% when b, is high. These
numbers are relative to absolute differences of over 5.5% in Table [VIIIL In the remaining
columns of the table we see that these conclusions extend to alternative measures for the
conditional variance of consumption growth. Moreover, Panel C of Table [X] shows that
these results are robust to using alternative measures of macroeconomic activity as well as
when we estimate state variable risk premiums using portfolios. We conclude that the bulk
of the time-variation in state variable risk premiums due to time-variation in variance is not

state variable-specific, rather it is general macroeconomic uncertainty that matters most.

6 Conclusion

In this paper, we show that risk premiums for exposure to state variables are substantially
time-varying. We argue that this variation is driven by time-variation in the predictive
relation between the state variables and future consumption growth and magnified by time-
variation in the conditional variance of consumption growth.

To be precise, we show that controlling for time-varying coefficients in the relation be-
tween the state variables and consumption growth significantly improves consumption growth
predictability relative to an unconditional model. Consistent with this time-variation, we
show the risk premium for a state variable is larger in the time series by about 0.3 in Sharpe
ratio whenever a state variable predicts consumption growth relatively strongly. This effect
is statistically significant, robust, and economically large: state variable risk premiums move

over time about as much as the market risk premium. Further, we show that this effect dou-
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bles in strength when the conditional variance of a state variable is high. We argue that an
important share of the variation in conditional variances is common to all state variables and
translates to general macroeconomic uncertainty, measured as the variance of consumption
growth conditional on the state variables.

Our evidence is consistent with a SDF that prices systematic economic news and, in
particular, the ICAPM. We contribute to recent literature that tests the unconditional im-
plications of ICAPM-type models, as the evidence so far is mixed and inconclusive. Using
the broadest possible cross section of individual stocks, a large set of state variables, and
a conditional setup, we raise the bar considerably for the data to be consistent with the
model. Our evidence showing that time-variation in risk premiums is magnified by the time-
variation in the conditional variance of the state variables contributes to a large literature
on the time-varying risk-return trade-off. The fact that a large share of the variation in
conditional variances translates to uncertainty about future consumption growth adds to
the asset pricing implications of general macroeconomic uncertainty:.

Our results on the time-varying relation between state variables and consumption growth
contribute to recent literature that builds a time-varying price of inflation risk into popular
asset pricing models to address the observed time-variation in the relation between inflation
and the real economy. The evidence for state variables related to the level and slope of the
yield curve is broadly consistent with these models. Having said that, future work is needed
to pin down exactly why our state variables are predicting consumption growth in a time-
varying way. Natural candidates for factors driving this variation are monetary policy, the
business cycle, and the prevalence of supply and demand shocks. In either case, our findings
strengthen the case for time-varying, rational risk premiums that drive the predictability of

returns.

32



Appendix A Bootstrap

The block-bootstrap algorithm designed to deal with EIV consists of the following steps.
First, in each of 500 replications, m = 1,...,500, we construct pseudo-samples for con-
sumption growth, the state variables, and the state variable risk premiums. We draw with

replacement T, overlapping three-year blocks from:

m m . .m _m m
{Ct+1:t+127 zt+1:t+127 >‘t+1:t+12,z}7 = 51,89 5+, STm (Al)
where the time indices, s7", 53", ..., s7 , are drawn randomly from the original time sequence
1,...,T. The block size is chosen to preserve the (auto-) correlation structure in the data and

to respect the estimation setup in Eqs. and @ of the paper. Note, we do not re-estimate
the state variable risk premiums by re-sampling the CRSP file. Rather, we re-sample directly
from the estimated state variable risk premiums. First, this reduces the computing time of
the bootstraps significantly. Second, Boons| (2016) already performs a number of simulation
and bootstrap exercises to analyze the robustness of the state variable risk premiums to EIV
(and misspecification).?* We join these blocks to construct a quarterly time-series matching
the length of our sample from the second quarter of 1967 to the fourth quarter of 2014.

For each replication, m, we then run the two-stage tests described in Section [2] for the

artificial data:

m _ m,H m,H ; m,H m,H! _m m,c

Crrarn = do " +d7 (@27 + 007 2") + €4 1441 Where (A.2)
m _ m,H m,Hl m m
Cs+1:s+H =0y + bt—l Zs + es—i—l:s—i—H? (A3>

and save the estimates dJ"", /", and b*!"_ for H = 1, 4. The bootstrapped standard errors

for Table [[I|are calculated as the standard deviation of dj*"" and d}*" over the 500 bootstrap

24We found consistent evidence in a bootstrap of the CRSP file, although using only a small number of
replications.
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replications. The bootstrap estimates, bﬁ’fl, are going to be used to get the bootstrapped
standard errors for the remaining tests of the paper. For these tests, we also bootstrap the
conditional variance of consumption, denoted O'Z 7 by estimating a GARCH(1,1)-model for
the innovations €77, ;;. As in the paper, we also construct the two alternative measures of
the conditional variance of consumption: ai 7% (a GARCH(1,1) conditional variance for the
innovation ¢,y — (a1 + b 2")) and opl™ (a GARCH(1,1) conditional variance for
de-meaned consumption growth, ¢ ., | H—Mc;';l:tm). Following Section , we also construct

bootstrap estimates for the GARCH(1,1) conditional variance of the state variables, denoted

2,m
Tt

Using the bootstrapped predictor data, we then run the predictive regression described in
Sections [] and 5] of the paper. As in Table[[V] we first regress the artificial state variable risk
premiums (compounded over horizons H = 1,4 quarters) on the lagged predictive coefficient
bﬁ{{ (or the dummy variables derived from these coefficients) using:

H
)\?:Ll—lzt—&-H,zk = ggl + g?lbzlzk + e?j—l:t—l—H,zk' (A4)
We also regress the artificial state variable risk premiums (compounded over horizons H =
1,4 quarters) on the lagged predictive coefficient bﬁfl (or the dummy variables derived from
these coefficients), a measure of conditional variance, and its interaction using:
m mym,H m__2,m m __2m m,H m
Atr 14 Hz = 9o+ 91 bt,zk t 920,y T 930, 7 X bt,zk t €1t H oz (A.5)
where o771 is the conditional variance of a state variable (as in Table [VIII), the conditional
variance of consumption (as in Table [X]) or a measure of the conditional variance of a state
variable orthogonalized from the conditional variance of consumption growth (as in Table

XI). The timing in the different steps of the bootstrap is consistent with the data so that

the timing of the left-hand side returns is strictly after the timing of consumption growth
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and the state variables used to estimate the right-hand side predictive coefficient. We use
the standard deviation of the estimates (g¢*, 97", g5*, g5*) over the 500 bootstrap replications

as the standard error for the predictive regressions in the paper.

Appendix B Simulation analysis

We conduct two simulations. First, we assume that the unconditional ICAPM holds to
assess whether our empirical design has good size properties. Second, we assume that the
conditional ICAPM holds to analyze the power properties of our tests. Both simulations
use Model 1 as the representative model for the time-series properties of the state variables
and are calibrated to the quarterly data. Consumption in Model 1 is a function of DY, DS,
and TS, and its choice as a reference model is consistent with the univariate simulations
in Maio and Santa-Claral (2012)) and |Boons| (2016|) who use TS as the representative state
variable. Below we sometimes omit the specific reference to Model 1 when we talk about
sample values but stress that the simulations are consistent with the sample values in Model
1. Finally, to allow for a clearer interpretation of our results and more transparency, we
use only diagonal co-variance matrices for residuals and use for all three state variables the
same slope coefficients in the consumption process, the same parameters determining the
time-series behavior of these slopes, and the same unconditional means for the state variable
risk premiums.

Both simulations are based on 15, 000 samples of artificial data for the three state variables
stacked together in 27 |, with ¢ = 1,...,210 and n = 1,...,15,000. State variables follow

an AR(1) process

Zi = .z + Gg,t+1> (B.1)

where the elements in ¢, are set equal to their respective sample values for DY, DS, and
TS, and €?,,; has a multivariate normal distribution with zero means, and a co-variance

matrix with diagonal elements of 1 — ¢, o ¢,, where o is the Hadamard product, and zero
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off diagonal elements. The drift in (B.1]) is zero to take into consideration that the state
variables are standardized in the analysis. The initial realization of each state variable is
drawn for each pseudo-sample from a standardized normal distribution.

In the unconditional ICAPM world, log consumption growth ¢, follows
ciyy = b+ b1 et (B.2)

where bf is set to its sample value, €.}, is sampled from a normal distribution with zero
mean and variance set to its sample value, and all elements in b} are set equal to the average
absolute slope coefficient in the unconditional consumption growth prediction with Model 1

(see Table [I)).

State variable risk premiums ;7 , are generated from
Aii1. = bik + €3, (B.3)

where k is a scaling factor set to the average ratio of risk premiums to slope coefficients
in the unconditional consumption predictability regression, and eqj"’?ﬂ is sampled from a
multivariate normal distribution with zero means and diagonal co-variance matrix in which
the variances are equal to the average sample variance of the state variable risk premiums
of DY, DS, and TS.

To simulate data consistent with a conditional ICAPM, we relax the assumption that the
intercepts and slopes in the consumption process are fixed, and instead assume that bg”?ﬂ
and b7}, follow AR(1) processes. These processes are parametrized to AR(1) processes
(henceforth, simply referred to as sample values) fitted to the coefficients of the rolling

window regressions of consumption growth on DY, DS, and TS in the empirical analysis. In
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particular, the intercept byy,; follows

bg ?—&-1 - gbbo o+ gbbo lbO t + Ebo t+1° (B4)

where ¢y, 0 and ¢, 1 equal their sample values obtained by estimating an AR(1) model on
the intercepts in the rolling window regressions of consumption on past state variables, eggjt 41
is drawn from a normal distribution with zero mean and variance equal to the variance of
the residual in the AR(1) model estimated on the rolling window regressions’ intercepts, and
bg’ff is sampled from the unconditional distribution implied by . Similarly, the slope

coefficients of the consumption process follow

7 t+1 = ¢p, 0+ ¢b1 b(.{? + egﬁtﬂa (B.5)

where ¢, ; is set to 0.97 which is consistent with the empirical values which range from 0.94
to 0.98, the elements in ¢y, ; are chosen such that the slope coefficients in the conditional
simulation, by}, ;, and unconditional simulation, b}, ., have the same expected value, and
€y, 11 is drawn from a multivariate normal distribution with zero means and diagonal co-
variance matrix with variances equal to the average of the sample values. The initial values,
bi’y, are drawn from the unconditional distribution implied by (B.5).

Log consumption growth in the conditional ICAPM ¢;"; is then generated as

ciyy = Ko + K1 (bo 1 T 0T t+1zt ) + €ttty (B.6)

where kg and k; are two scalars which are chosen such that consumption has the empirically
observed mean and the same theoretical variance than in the unconditional simulation, and
€11 is sampled from a normal distribution with mean zero and variance equal to the average

variance in the rolling window regressions of Model 1.
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State variable risk premiums A} , are generated with
cn N NN (2 c,n
Atrr, = bl X k4 €54, (B.7)

where the scaling factor k is set to the same value as in the unconditional simulation, and
€., is sampled from a multivariate normal distribution with zero means and diagonal
co-variance matrix with variances equal to their average sample value in Model 1.

Armed with the two simulated data sets, {2}, €77, A1} and {2, ¢, AQL ) we
first run the analysis of Table [II| and report the R* comparison of the conditional versus
unconditional model in Table [V] Second, we run the analysis of Table [[T]] and report the
unconditional state variable risk premiums. Finally, we pool three simulations together,
reducing thereby the unconditional and conditional data sets to 5000 simulations each, and
run the analysis of Table [[V] Because Spec 1 and 3 in that table cannot distinguish between
constant state variables risk premiums with different signs and conditionally priced state

variables, we only report Spec 2 and 4 in the simulation table.
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Table I: Unconditional consumption growth predictability

This table presents an unconditional regression of future log consumption growth (cumulated
over horizons H = 1 in Panel A and H = 4 in Panel B) on the state variables, z;, from four
different models: ¢ 1.4 = bo + b’z + €}, 1., . Model 1 sets z, = [DY, DS, TS|, Model 2
sets z, = [DY, DS, RF], Model 3 sets z, = [T'S, PE,V S|, and Model 4 sets z, = [CP, LVL].
t-statistics are presented underneath each coefficient estimate in brackets and calculated
using Newey-West standard errors with H lags. The sample period is the second quarter of
1962 to the fourth quarter of 2014.

Model 1: DY, DS, TS Model 2: DY, DS, RF Model 3: TS, PE, VS Model 4: CP, LVL

Panel A: Quarterly growth (H = 1)

DY 0.41 DY 0.27 TS 0.05 CPp 0.27
(2.41) (1.40) (0.26) (1.35)
DS -0.65 DS -0.56 PE 0.11 LVL 0.13
(-3.45) (-2.99) (0.70) (0.70)
TS 0.25 RF 0.03 VS -0.18
(1.46) (0.16) (-1.26)
R? 0.08 R? 0.07 R? -0.01 R? 0.02
Panel B: Annual growth (H = 4)
DY 0.48 DY 0.41 TS 0.05 CP 0.29
(2.28) (1.81) (0.29) (2.05)
DS -0.52 DS -0.42 PE -0.05 LVL 0.17
(-2.43) (-1.93) (-0.24) (0.81)
TS 0.27 RF -0.08 VS -0.04
(1.66) (-0.33) (-0.24)
R? 0.10 R? 0.07 R? -0.01 R? 0.05
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Table II: Conditional consumption growth predictability

This table presents the results from a two-stage test for time-varying consumption growth
predictability. In the first stage, we regress consumption growth on the lagged state variables
over a backward-looking rolling window of 10 years (see Eq. @ in the paper). In the second

stage, we use the estimated rolling coefficients and the state variables observed at time

t, ie., afz + bfgzt, to predict consumption growth from month t + 1 to ¢t + H (see Eq.

(5) in the paper). This setup ensures that we use no forward-looking information when
we predict consumption growth in the second stage. We perform this test for each of the
four models with z; = [DY, DS, TS], z, = [DY, DS, RF|, z, = [T'S, PE,V S|, and finally,
zy = [CP,LVL]. The bootstrapped t-statistics use standard errors that are derived from
500 block-bootstrapped coefficient estimates. We report three measures of fit: the simple
R?, an R? comparison with the unconditional model of Table [, which is calculated as:
1 — var(ef, ., ) /var(el s, p), and, finally, an R? comparison with a conditional model
that leaves out the state variables, such that consumption growth is only conditioned on its
historical mean. The sample in the second stage regression runs from the second quarter of
1967 to the fourth quarter of 2014.

Model 1 Model 2 Model 3 Model 4

Panel A: Quarterly growth (H = 1)

a 001 001 00l 001
1.80]  [228)  [157]  [1.32]
d% 0.65 0.60 0.74 0.65
459 [412]  [552]  [3.58)
R? 0.29 0.26 0.29 0.16
R? vs Unconditional 0.25 0.23 0.28 0.10
R? vs Historical mean  0.26 0.22 0.26 0.12
Panel B: Annual growth (H = 4)
- 001 001 00l 001
224 277 244  [1.90]
d 046 044 047 045
[3.14] 3.12] [3.01] [2.31]
R? 0.21 0.23 0.17 0.11
R? vs Unconditional 0.15 0.21 0.14 -0.05
R? vs Historical mean  0.18 0.20 0.14 0.07
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Table III: State variable risk premiums

This table presents the eight state variable risk premiums that will be the test assets for our
conditional asset pricing tests. We estimate the state variable risk premiums with Fama and
MacBeth| (1973) cross-sectional regressions of quarterly individual stock returns on lagged
exposures to the innovations in the state variables of a particular model (see Section .
Panel A presents unconditional performance statistics for the risk premiums. Panel B re-
gresses the risk premiums on a constant and a dummy variable indicating whether the lagged
predictive coefficient for consumption growth, bﬁZk, is above the sample median for that state
variable: A\jii444., = ho + hl]b?,zk wmed T €t+1:1+4,2,- We report the coefficient estimates with
corresponding t-statistics (based on Newey-West standard errors with 4 lags) underneath
each estimate in parenthesis. The sample period is from the second quarter of 1967 to the
last quarter of 2014.

DY DS TS RF PE VS CP LVL

Panel A: Unconditional state variable risk premiums
Avg. Ret. 0.52 -6.22 5.67 -3.56 1.31 -5.08 3.74 1.91
(0.26) (-2.71) (3.32) (-1.84) (0.68) (-2.63) (2.10) (0.81)

Sharpe 0.04 -0.39 0.48 -0.27 0.10 -0.38 0.30 0.12
Panel B: Time-variation in risk premiums
ho -2.56 -9.08 2.48 -0.89 -8.02 -6.24 0.43 0.48

(-0.99) (-2.84) (2.05) (-0.40) (-2.43) (-1.71) (0.34) (0.31)
omed 865 673 642 346 261 639 286  1.57

(2.52)  (2.00) (1.72) (0.96) (0.75) (1.72) (0.80) (0.43)
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Table I'V: Time-varying state variable risk premiums

In this table, we present the results from pooled predictive regressions of state variable
risk premiums on the lagged relation between the state variable and consumption growth:
Nt 1:t4+H,z, = Go + glbf% + €t41:44+H,2, (see Section . Specifications 1 to 4 run the pooled
regressions for all eight state variables. To take care of the noise in the estimated bff%’s, we
start by constructing dummy variables either indicating whether bf”, is positive (7 b, ~0) In

specification 1 and whether bflzk is above its sample median in specification 2 (Ipp < peq)-
: L

Specifications 3 and 4 use the raw measure, bgzh, as independent variable, and specification 4
also includes state variable fixed effects. In specifications 5.1-5.4 we run the pooled regression
for the dummy specification with Ib{f%>med for the state variables in a specific model: z; =
(DY, DS, TS] in 5.1, z, = [DY, DS, RF] in Model 2, z, = [T'S, PE,VS] in Model 3, and
z; = [CP,LV L] in Model 4. The t-statistic in parentheses underneath each estimate is based
on asymptotic Driscoll and Kraay| (1998) standard errors; the t-statistic in brackets is based
on standard errors derived from 500 block-bootstrapped coefficient estimates. The sample
period is from the second quarter of 1967 to the last quarter of 2014.

Specification 1 2 3 4 5.1 5.2 5.3 5.4

Quarterly returns (H = 1)

9o -2.18 -2.67 0.04 -3.09 -6.19 -2.09 1.26
(-2.16) (-2.22)  (0.08) (-1.59)  (-2.62) (-1.77) (0.59)
[1.68] [-2.60] [0.07] [1.59] [-3.19] [-1.48] [0.64]
Iy . 0 4.90
(2.28)
[2.18]
Iy >med 4.96 651 544  3.05  3.19
(2.20) (2.39)  (1.94) (1.37) (0.94)
[2.88] 2.72]  [2.14]  [1.41]  [0.98]
b, 247.47  216.24
(2.06) (1.87)
2.05]  [1.97]
R2(x100) 0.74 0.79 0.83 2.25 1.33 0.89 0.35 0.30
Annual returns (H = 4)
9o -2.87  -2.50 0.31 -3.06  -5.06  -1.86 0.71
(:271)  (-2.44)  (0.59) (-1.92) (-2.82) (-1.96) (0.43)
[2.19]  [-2.32] [0.52] [1.58]  [2.81] [1.16] [0.35]
Ib§72k>0 6.39
(2.90)
[2.83]
Iyg . >med 5.17 727 415 238 4.42
(2.54) (2.76)  (1.99)  (1.10) (1.43)
[2.82] [2.88] [1.68]  [0.95] [1.32]
b} .. 269.77 238.52
(2.18)  (3.52)
[1.80] 50[1.72]
R?(x100) 4.13 2.71 2.70 7.61 5.42 1.94 0.60 2.09

Fixed effects? No No No Yes No No No No




Table V: Simulation results

We simulate unconditional and conditional ICAPM data sets each consisting of time series of
state variables, consumption growth rates, and state variable risk premiums. In the uncon-
ditional ICAPM, the relation between consumption growth rates and past state variables is
constant over time and so are the state variable risk premiums. In the conditional ICAPM,
the relation between consumption growth rates and state variables follows an auto-regressive
processes, and state variable risk premiums are generated using this time-varying relation.
All parameterizations are consistent with Model 1 where z; = [DY, DS, TS]. A detailed
explanation of the simulations is in [Appendix B| Using these two simulated data sets, we
compute the two-stage test for time-varying consumption growth predictability and report
the R? comparison of the conditional and unconditional model (see caption of Table [II)).
In addition, we compute average risk premiums in the simulations in analogy to Table [ITI}
Finally, we conduct pooled predictive regressions as in Table [[V] by pooling three simulations
at a time together (using each simulation only once). Here, the table reports the slope coef-
ficient for the specification 2 in which risk premiums are regressed on I, b, >med and the slope

coefficient in specification 4 which uses the raw measure bfz,c as an independent variable and
state variable fixed effects. The table reports the 5, 50 and 95 percentiles across simulations
and the fraction of times the coefficients was positive (‘> 0’) and significantly positive at the
5% significance level (‘>* 0).

Percent
Percentiles of replications
5 50 95 >0 >*0
Panel A: unconditional ICAPM
R? Cond. vs Uncond. -0.16 -0.10 -0.05 0.001
Avg. Ret. 1.6 4.9 8.2 0.992  0.779
Spec 2 -2.2 0.1 2.2 0.515  0.055
Spec 4 -230.7 4.7 230.8 0.514  0.052
Panel B: conditional ICAPM
R? Cond. vs Uncond. -0.10 0.02 0.20 0.595
Avg. Ret. -4.0 4.9 13.7 0.819  0.607
Spec 2 0.6 3.9 7.5 0972 0.775
Spec 4 92.7 387.7 694.9 0.983 0.861
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Table VII: Time-varying risk premiums controlling for benchmark factors

In this table we check if our conclusions extend when we control for contemporaneous expo-
sure of the state variable risk premiums to the benchmark traded factors of the CAPM as well
as the Fama-French three- and five-factor models. To this end, we simply run a time series
regression of the state variable risk premiums on the contemporaneous factors returns and
perform our analyses on the estimated intercept plus residual. In Panel A we run the pre-
dictive regression of orthogonalized (from the factors) risk premiums on the lagged relation
between the state variable and consumption growth (see Table . In Panel B we regress
orthogonalized risk premiums on the conditional relation between each state variable and
future consumption growth controlling for the GARCH(1,1) conditional variance of the state
variables (see Table . In Panel C we regress orthogonalized risk premiums on the con-
ditional relation between each state variable and future consumption growth controlling for
macroeconomic uncertainty, as measured by the conditional variance of consumption growth
(see Table [X). In all cases, we present results for the annual frequency and for the dummy
specifications. In Panels B and C, we focus on the predicted risk premiums in the four cases
where (i) the conditional relation between a state variable and consumption-investment op-
portunities is high or low and (ii) the conditional variance of state variables (Panels B) or
consumption growth (Panel C) is high or low. The ¢-statistics in parenthesis are based on
asymptotic standard errors calculated following Driscoll and Kraay| (1998)).

Panel A: Conditional relation with consumption (Iys < eq)
t,zp,
CAPM FF3M FF5M

90 -2.89 -2.54 -2.19
(-2.79)  (-2.61) (-2.30)

Iy ., >med 5.07 4.87 4.71

' (2.45)  (243)  (2.34)

R? x 100 2.71 2.89 2.75

Panel B: Conditional variance (Ib?,zk >0,Igtz,z)c ~med) Panel C: Macro-uncertainty (Ib;{z,c >0,Igt2‘,;4>med)
CAPM FF3M FF5M CAPM FF3M FF5M

Low bl , High o2, ~ -637 -463  -446 Lowb!  Higho® ', -459  -3.68  -3.36
(-3.94) (-3.14) (-2.92) (-3.37)  (-2.92) (-2.58)

Low bl , Avg. o2,  -098  -0.50 012  Lowb!,, Avg o7, -241  -119  -0.69
(-1.28)  (-0.66)  (0.18) (-2.31)  (-1.20) (-0.71)

High b;{%, Avg. o7, -0.03 -0.70 -0.75  High bf,,, Avg. 03”;’4 1.68 0.76 0.75
(-0.03)  (-0.84) (-0.88) (1.43)  (0.67)  (0.64)

High b}, , High o2, 612 541 566 Highbi  Higho?', 486 440 463
(3.18)  (2.90)  (2.94) (2.55)  (2.36)  (2.42)
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Table VIII: Conditional variance of state variables and risk premiums

This table presents pooled predictive regressions of state variable risk premiums on the
conditional relation between each state variable and future consumption growth controlling
for the GARCH(1,1) conditional variance of the state variables (see Section[B.1)): Attt 41,2, =
go+91by’, +9207 ., +9307., Xb{. +eii1.41m s, The dependent variables are the risk premiums
for the eight state variables of interest (i.e., At py, Ae.ps, and Ay rg from Model 1, \; gr from
Model 2, A\ pr and A\ ys from Model 3, and A\, cp and Ay from Model 4). In the right
block of results, we also estimate a dummy-specification where we replace bka with the
indicator ]bfzk >0 and oy ., with the indicator Io?,zk>med' We present the coefficient estimates
for the annual horizon H = 4 in Panel A. To grasp the economic significance of the estimates,
we present in Panel B the predicted risk premium in quarters with bka one standard below
or above the mean versus asz at the mean or one standard deviation above the mean. For
the dummy specification, we present the implied risk premium in quarters with positive or
negative b{’, and conditional variance below or above median. The t-statistic in parentheses
underneath each estimate is based on asymptotic Driscoll and Kraay| (1998)) standard errors;
the t-statistic in brackets is based on standard errors derived from 500 block-bootstrapped

coeflicient estimates.

Continuous: b?

2 .
t 2, and of Dummy: Ibi*,zk ~o and Iat272k>med

Panel A: Coefficient estimates

go 0.22 go -0.27
(0.44) (-0.32)
[0.37] [-0.20]
b} .. 21401 Iy - 0.39
(2.02) ' (0.30)
[1.41] [0.19]
o7, -0.08 Igg&k >med -5.58
(-0.10) (-3.28)
[-0.09] [-2.89]
bﬁ% X af,Zk 225.94 Ibf-m>0 X Iag,% >med 11.88
(2.63) (3.59)
[1.39] [4.04]
R?(x100) 6.29 7.68
Panel B: Predicted state variable risk premiums
Low b7, , High o7, -4.69 -5.85
(-2.62) (-3.54)
[-2.11] [-3.17]
Low b; ., , Avg. o7, -2.13 -0.27
(-1.92) (-0.32)
[-1.68] [-0.20]
High bﬁZk, Avg. aiZk 2.18 0.12
(1.89) (0.12)
[1.63] [0.09]
High b} . , High 07, 4.17 54 6.42
(2.29) (3.37)

[1.85] [3.48]




Table IX: Robustness checks (II)

This table presents robustness checks for Tables (Panel A), [X| (Panel B), and (Panel
C), where we focus on the predicted risk premiums. These predicted risk premiums follow
from pooled regressions (at the annual horizon H = 4) for the eight state variable risk premi-
ums on two dummy variables (and their interaction) indicating whether (i) the conditional
relation between a state variable and consumption-investment opportunities is high or low
and (ii) the conditional variance of state variables (Panels A and C) or consumption growth
(Panel B) is high or low. The left three columns substitute measures of macroeconomic
activity for consumption growth, such that we estimate bka as the conditional predictive co-
efficient in a regression of real gross domestic product (GDP), industrial production growth
(IPG), and the first principal component of the three macro growth series (PC1) on the
lagged state variables. The right three columns replace the Fama and MacBeth (1973)) risk
premium estimates at the stock-level with equal- or value-weighted high-minus-low quintile
risk-sorted portfolio (HLEW and HLMYV). The risk-sorted portfolios are sorted on exposures
(6.,.’s) to DY, DS, and TS (from Model 1), RF (from Model 2), PE and VS (from Model 3)
and CP and LVL (from Model 4). Finally, we estimate the state variable risk premiums at
the portfolio-level. To do so, we use a total of 8 x 5 = 40 value-weighted risk-sorted quintile
portfolios (40P) instead of individual stocks to run the cross-sectional regression at each
point in time to estimate conditional state variable risk premiums, A;.. The t-statistics in
parenthesis are based on asymptotic standard errors calculated following |Driscoll and Kraay

(1998).

GDP IPG  PCRA HLEW HLMV 40P

Panel A: Conditional variance of the state variables

Low b{fzw High Uf_’Zk -4.02 -3.04 -4.27 -5.00 -2.34 -1.75
(-2.56) (-1.67) (-2.61) (-4.00)  (-1.48) (-1.67)

Low bf, , Avg. o7, ~ -048  -048  -0.32 -1.24 -0.07  -0.44
(-0.61) (-0.52) (-0.37) (-1.97)  (-0.06) (-0.50)

High bﬁzw Avg. crt272k 0.39 0.29 0.14 0.71 0.96 0.21
(0.37)  (0.30) (0.14) (0.67) (0.55)  (0.20)

High bka, High af’Zk 5.72 4.20 5.76 4.51 3.37 1.14
(2.55)  (1.97)  (2.63) (421)  (2.29)  (0.70)

Panel B: Macroeconomic uncertainty

Low bf,zw High af_’z*A -3.66 -2.91 -3.69 -4.53 -2.41 -1.38
/ (-2.62) (-2.55) (-2.72) (-4.78)  (-1.58) (-1.35)

Low bf . , Avg. o},  -0.88  -0.64  -0.88 -1.48 014 -0.73
(-0.97) (-0.36) (-0.77) (-2.10)  (0.12)  (-0.68)

High b;{zw Avg. 02527’;’4 2.48 1.55 2.48 1.98 1.36 -0.52
(2.13)  (1.17)  (1.82) (2.03) (0.94) (-0.43)

High bf,zw High 03”;’4 3.64 2.85 3.34 3.52 3.15 1.93
(1.71)  (1.53)  (1.55) (2.88)  (1.90)  (1.26)

Panel C: Conditional variance of the state variables net of macro-uncertainty
Low b, , High o7, -0.07  -1.28  -1.00 -3.33 -1.32 -1.68
(-0.05)  (-0.455 (-0.63) (-2.48) (-0.79) (-0.92)

Low b{fzw Avg. atzﬂ -2.89 -1.95 -2.71 -2.91 -1.08 -0.89
(-2.79) (-2.08) (-2.51) (-3.79) (-0.88) (-1.09)

High bka, Avg. 037216 2.71 2.18 2.46 2.33 1.81 1.14
(1.74)  (1.61) (1.63) (2.33) (1.33)  (0.88)

High bf, , High o7, 4.26 2.23 4.33 4.23 3.84 -0.79

(2.06)  (0.92) (2.02) (2.81)  (1.87)  (-0.40)




Table X: Macroeconomic uncertainty and state variable risk premiums

This table presents pooled predictive regressions of state variable risk premiums on the
conditional relation between each state variable and future consumption growth controlling
for macroeconomic uncertainty, as measured by the conditional variance of consumption
growth: Ajiiutmz, = go + glbka + ggat%H + ggaiH X bfzk + CopiittH 2, - O'ZH is one of the
three uncertainty measures described in Section : 07 s Opas and o). The dependent
variable returns are the risk premiums for the eight state variables of interest (i.e., A py,
At.ps, and Ay rg from Model 1, A\, gp from Model 2, A\, pp and A\, yg from Model 3, and
Aecp and A pyr from Model 4). In the right block of results, we also estimate a dummy-

specification where we replace b;’, with the indicator Lyn o and oy with the indicator
5 32
Iy2 ~mea- We present the coefficient estimates for the annual horizon H = 4 in Panel A.

Tg grasp the economic significance of the estimates, we present in Panel B the predicted
risk premium in quarters with bka one standard below or above the mean versus Ut2, ; at the
mean or one standard deviation above the mean. For the dummy specification, we present
the predicted risk premium in quarters with positive or negative bfz . and conditional variance
below or above median. The t-statistic in parentheses underneath each estimate is based on
asymptotic |Driscoll and Kraay| (1998)) standard errors; the t-statistic in brackets is based on

standard errors derived from 500 block-bootstrapped coefficient estimates.

: LA 2 .
Continuous: b; ,, and o7 4 Dummy: Ib%,zk>0 and [af’4>med
2,% 2, %% PAEEES 2,% 2, %% PAEEES
Ot 24 Ot 2.4 Ot4 Ot 2,4 Ot 24 Ot4

Panel A: Coefficient estimates

90 0.24 0.41 011  go -1.56  -1.65 -1.81
(0.41)  (0.58)  (0.21) (-1.46)  (-1.53) (-1.62)

[0.35]  [0.61]  [0.16] [1.25]  [-1.21] [-1.44]

bi ., 64.64  170.08  60.04 Iy o 3.57 3.47 3.64
(0.48)  (1.40)  (0.46) ' (1.78)  (1.75) (1.79)

[0.36]  [1.09]  [0.34] [1.66]  [1.60] [1.68]

o, 0.01  -0.02 0.09  I,2 smed -2.64  -251 -2.18
(0.06) (-0.29)  (0.73) ' (-1.77)  (-1.82) (-1.36)

[0.05]  [-0.17]  [0.41] [-1.68]  [-1.47] [-1.37]

bf., X0ty 12123 1148 9251 Iz 50 X o2 >mea 564 5.81 5.47
(2.35)  (1.43)  (2.39) (1.83)  (2.24) (1.60)

[1.33]  [0.66]  [1.01] [2.14]  [2.14] [2.00]

R?(x100) 5.01 3.36 5.36 4.93 4.98 4.90

Panel B: Predicted state variable risk premiums

Low bf , , High o7, -481  -347  -4.66 420  -4.16 -3.99
(-3.44)  (-1.93)  (-3.06) (-2.92)  (-3.00) (-2.72)

[-2.29] [-2.54] [-2.13] [-2.39]  [-2.50] [-2.25]

Low bf ., , Avg. 07, -240  -226  -2.30 -1.56  -1.65 -1.81
(-2.22)  (-1.99)  (-2.09) (-1.46)  (-1.53) (-1.62)

[-1.96] [-2.06] [-1.88] [1.25]  [-1.21] [-1.44]

High b}, , Avg. 07,  2.49 2.42 2.49 2.01 1.82 1.83
©(2.00)  (1.86)  (1.98) 956 (1.72)  (1.43) (1.64)

[1.91]  [1.94]  [1.91] [1.68]  [1.51] [1.52]

High b ,, , High 07,  4.56 3.12 4.94 5.00 5.11 5.12
(2.64)  (2.34)  (2.73) (2.57)  (2.75) (2.52)

[2.03] [211]  [2.15] [3.01] [3.14] [3.04]




Table XI: Conditional variance of state variables net of macroeconomic uncer-
tainty

This table is similar to Table [VIII] and presents predicted risk premiums estimated from a
pooled regression of state variable risk premiums on the conditional relation between each
state variable and future consumption growth (bka) as well as the conditional variance of
the state variables (aiZk). In this case, the conditional variance measures control for quarters
where macroeconomic uncertainty (af’z’ ;) is high. To do so, we set O'sz equal to its time-
series median in quarters when macro uncertainty 0227 g 1s above median. In the dummy
specification, we set Iaf,zk>med to zero in quarters when 0,52,27  1s also above median. To proxy

for macroeconomic uncertainty, we consider each of the three measures of the conditional

2% 2 %% 2 ok

variance of consumption growth (crt;% 104t Ot s, 7). The predicted risk premiums are for
the four cases also analyzed in Table [VIII| (Low b;’, , High o7, ; Low b/, , Low o7, ; High

‘ t,25? 20
b’ Low o}, ; High b/, , High o7, ) and at the annual horizon (H = 4). The t-statistic
in parentheses underneath each estimate is based on asymptotic Driscoll and Kraay (1998)
standard errors; the t-statistic in brackets is based on standard errors derived from 500

block-bootstrapped coefficient estimates.

; . 2 .
Continuous: b; ,, and o} ., Dummy: Ibf,zk>0 and Iaf,zk >med
2,% 2, %% 2, %%k 2,% 2, %% 2, %%k
Ot,2,4 O¢.2,4 044 Ot 2,4 O¢.2.4 044

Predicted state variable risk premiums

Low b} ., , High o7, -2.89  -3.43 -3.84 -3.63  -4.17 -4.73
(-3.71)  (-2.06)  (-3.45) (-2.09) (-2.57) (-2.41)
[-1.80] [-2.08]  [-2.39] [2.01] [-2.19] [-2.61]
Low b .., Avg. o7, -2.35  -2.50 -2.49 -2.68  -2.52 -2.39
(-2.01)  (-1.93)  (-1.92) (-2.45)  (-2.42) (-2.21)
[1.95] [-2.28]  [-2.05] [-1.93]  [-1.90] [-1.72]
High b, , Avg. 07, 2.56 2.43 2.62 3.14 2.94 3.18
(1.88)  (1.91)  (1.82) (2.23)  (2.11) (2.16)
[1.99]  [1.95] [2.02] [2.43]  [2.28] [2.46]
High b, , High 07, 3.30 4.07 2.14 4.84 5.44 4.67
(3.12)  (2.11)  (3.15) (2.27)  (2.49) (2.24)
[1.89]  [2.32] [1.20] [2.76]  [3.12] [2.62]
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