Good and Bad Variance Premia and Expected Returns *

Mete Kilic Ivan Shaliastovich

December 20, 2015

Abstract

We measure “good” and “bad” variance premia that capture risk compensations for the
realized variation in positive and negative market returns, respectively. The two variance
premium components jointly predict excess returns over the next 1 and 2 years with statisti-
cally significant negative (positive) coefficients on the good (bad) component. The R?s reach
about 10% for aggregate equity and portfolio returns and about 20% for corporate bond
returns. We show that an asset pricing model that features distinct time variation in posi-
tive and negative shocks to fundamentals can explain the good and bad variance premium

evidence in the data.

*First draft: February 2015. Mete Kilic (mkilic@wharton.upenn.edu) and Ivan Shaliastovich (corresponding
author, ishal@wharton.upenn.edu) are at Wharton School, University of Pennsylvania, 3620 Locust Walk, Philadel-
phia, PA 19104, Phone: (215) 746-0005. We are grateful to Torben Andersen, Bjorn Eraker, Nicola Fusari, Jessica
Wachter, Amir Yaron, and Hao Zhou and seminar participants at Emory University, Temple University, University
of Maryland, University of North Carolina at Chapel Hill, University of Wisconsin-Madison, the Wharton School,
and the 2015 Midwest Finance Association meetings for helpful comments. We thank The Rodney L. White Center

for Financial Research for financial support.



1 Introduction

An important challenge in finance is to link expected asset returns in excess of the risk-free rate
to measures of the financial market risk. Using statistical estimates of return variance to measure
risk, the early asset pricing literature has generally produced inconclusive evidence for the risk
and return relationship.! A more recent strand of this literature relies on the information in
option prices to gauge and quantify time-varying risk compensations in the data. In particular,
the variance premium, defined as the difference between the model-free implied and realized return
variation, has been shown to be a robust predictor of asset returns at maturities of 3 to 6 months.
Because of its significant predictive power for short-term asset returns, the variance premium is
often viewed as a measure of transient risk in financial markets.

In this paper, we show that the variance premium is driven by two distinct factors that can
jointly predict future returns at long horizons of up to two years. Specifically, we decompose
the variance premium into “good” and “bad” components that capture the risk premium for the
realized variation in positive and negative market returns, respectively. Our proxies for the good
and bad variance premia correspond to the differences between the good and bad implied and
realized variance of returns. Good (bad) implied variance measures the conditional risk-neutral
expectation of the 1-month squared positive (negative) log equity return, computed from option
prices as in Bakshi and Madan (2000) and Bakshi, Kapadia, and Madan (2003). We also compute
the good and bad realized variance measures using the high-frequency return data, following
Barndorff-Nielsen, Kinnebrock, and Shephard (2010). The good variance premium is negative, on
average, while the bad variance premium is positive most of the time. The two variance premium
components have a lower correlation compared to the good and bad variance measures, and both
significantly contribute to the variation in the total variance premium.

Our variance premium measures are straightforward to compute and have significant implica-
tions for expected asset returns. The good and bad variance premia jointly predict excess equity

market returns with statistically significant coefficients at the 1- and 2-year horizons with R? val-

1See French, Schwert, and Stambaugh (1987), Campbell and Hentschel (1992), Glosten, Jagannathan, and
Runkle (1993), and Whitelaw (1994).



ues of 7% and 9%, respectively. In contrast, the predictive power of the total variance premium
at horizons longer than 6 months is essentially zero. Notably, both the good and bad components
of the variance premium need to be incorporated to obtain high return predictability: using the
individual components of the variance premium leads to results similar to those for the total vari-
ance premium alone. In particular, this suggests that both upward and downward risks play an
important role in capturing time variation in the asset risk premium.? The predictive coefficient
on the good variance premium is negative, while it is positive for the bad variance premium.
Because the good and bad variance premia drive the total variance premium in the same direc-
tion but predicted returns in the opposite direction, the variance premium decomposition helps
uncover long-horizon return predictability, absent when the total variance premium itself is used
as a predictor. This pattern holds across various markets, including aggregate equity, corporate
bonds, and the cross-section of equity portfolios.

To provide an explanation for our empirical findings, we start with an affine no-arbitrage
framework with exogenously specified equity price and state-price density processes.®> The equity
price and state-price densities are driven by upward (“good”) and downward (“bad”) jumps whose
time-varying intensities capture the variation in good and bad variances. We show that if all good
(bad) shocks to equity carry a positive (negative) market price of risk, the equity premium is
increasing in both good and bad jump intensities. At the same time, the good variance premium
is decreasing in good jump intensity, while the bad variance premium is increasing in bad jump
intensity. Therefore, in the return predictability regressions, the predictive coefficient for the good
variance premium is negative, while it is positive for the bad variance premium.

To quantify the model, we consider a general equilibrium framework that maps directly into
the no-arbitrage model specification. The economic model features upward and downward jumps
to consumption, and the recursive utility of the representative agent. In this equilibrium model,
equity exposures and market prices of risk are pinned down by the model and preference param-

eters. In particular, good (bad) consumption jumps increase (decrease) the equity prices and the

2See Ang, Chen, and Xing (2006) and Lettau, Maggiori, and Weber (2014), who emphasize the importance of
the downside market risk for the cross-section of asset returns.
3See Singleton (2009) for a textbook review of the no-arbitrage asset-pricing models.



state-price density, consistent with the assumptions of the no-arbitrage model. Using numeri-
cal calibrations, we show that the model can capture novel evidence of return predictability by
the variance premium measures, alongside standard aggregate asset pricing and macroeconomic
moiments.

Our paper is related to the literature that links the variance premium to uncertainty about
economic fundamentals. Bollerslev, Tauchen, and Zhou (2009) show a strong short-horizon pre-
dictive power of the variance premium for aggregate equity returns.* In their model, the variance
premium is related to the time-varying volatility of conditional consumption variance.” Drech-
sler and Yaron (2011) extend the long-run risk model of Bansal and Yaron (2004) by allowing
for multiple volatility factors and incorporating jumps in the expected growth and variance of
consumption. The variance premium in this model becomes a proxy for the variance factor with
the lowest persistence. Eraker (2008) studies the implications of volatility jumps for the variance
premium. The empirical evidence in our paper suggests that the variance premium is driven by at
least two factors that are related to long-horizon expected returns. Our economic model accounts
for this two-factor structure by linking the components of the variance premium to the good and
bad intensities of consumption jumps.

Our paper is also related to the recent literature that highlights the variation in positive and
negative shocks to fundamentals. Segal, Shaliastovich, and Yaron (2015) study the implications of
time variation in good and bad uncertainty, measured from macroeconomic data, for real growth
and asset valuations. Bekaert and Engstrom (2009) consider a habit formation model with distinct
variation in the volatilities of positive and negative Gamma shocks to fundamentals to address
several stylized asset pricing puzzles, including the predictability of returns by the total variance
premium. Tsai and Wachter (2014) construct a model with distinct time variation in the prob-
abilities of rare booms and disasters to explain the value premium. Our model integrates the

economic channels used in this literature in a parsimonious way, focusing on the novel empirical

4For long-horizon predictors of equity and corporate bond returns, see Keim and Stambaugh (1986), Campbell
and Shiller (1988), Fama and French (1989), Cochrane (2008), among others.

5Short-horizon stock return predictability results using the variance premium have been extended since then.
See Zhou (2009), Han and Zhou (2012), Bollerslev, Marrone, Xu, and Zhou (2014), and Bali and Zhou (2014),
among others.



evidence for a link between the good and bad variance premia and expected returns.

Our paper also contributes to a voluminous literature that shows that asset returns are pre-
dictable by volatility and jump risk factors.® Bollerslev, Todorov, and Xu (Forthcoming) statisti-
cally disentangle the diffusive and jump components of the variance premium and show that this
decomposition leads to stronger return predictability than previously shown, driven by the varia-
tion in the left jump tail. Guo, Wang, and Zhou (2014) find that realized positive and negative
jump volatilities jointly predict short-horizon excess stock returns and economic fundamentals,
while total jump variation has no significant predictive power. Feunou, Jahan-Parvar, and Okou
(2014) study the empirical implications of decomposing the VIX index into the components com-
puted using call and put options and find that most of the variance premium is related to downside
risk. In our paper, we consider an alternative decomposition of the variance premium into the
components associated with “good” and “bad” events and provide an economic model to explain
our empirical findings.

Finally, our paper is related to the recent literature that highlights the importance of sep-
arating upside and downside market volatilities. Feunou, Jahan-Parvar, and Tédongap (2013),
Patton and Sheppard (2013), and Bekaert, Engstrom, and Ermolov (2015) identify fluctuations
in these volatility components using historical return data and consider their implications for the
dynamics of equity returns. In our paper, we utilize option data and construct variance premium
measures, which we show can help to better isolate separate variations in the negative and positive
components of the return distribution, related to the expected excess returns.

The paper is organized as follows. Section 2 describes the empirical analysis, along with several
robustness tests for predictability regressions. Section 3 discusses the model and its quantitative

implications. Section 4 concludes.

6The literature that highlights jumps in prices includes Bakshi, Cao, and Chen (1997), Duffie, Pan, and Singleton
(2000), Pan (2002), Andersen, Benzoni, and Lund (2002), Eraker, Johannes, and Polson (2003), Eraker (2004),
Broadie, Chernov, and Johannes (2007), Santa-Clara and Yan (2010).



2 Empirical analysis

In this section, we develop measures of the good and bad variance premia and provide empirical
evidence for their relation to expected returns. Below, we describe the construction of the bench-
mark variance measures and provide a discussion of our findings, followed by various robustness

checks.

2.1 Good and bad implied variances

Our goal is to construct intuitive measures that separately characterize the variation in the positive
and negative components of the conditional aggregate equity return distribution. For this purpose,
we utilize the method developed by Bakshi and Madan (2000) and Bakshi, Kapadia, and Madan
(2003) to infer the moments of the risk-neutral return distribution from the cross-section of option
prices in a model-free way.

We consider the price of a volatility contract that pays off the squared log return at time ¢+ 1.
Let s; denote the natural logarithm of the price, Sy, of the underlying market index at time ¢. The
payoff of the contract is 7, = (s;41 — s¢)?. We define total implied variance, vy, as the price of

the contract:
. o
iy =e 't EtQ {rfﬂ} , (1)

where E? denotes the expectation under the risk-neutral measure conditional on time-¢ infor-
mation, and r{ is the risk-free rate. Bakshi, Kapadia, and Madan (2003) show that iv; can be
calculated using prices of OTM call and put options:
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where C(t,t + 1, K) and P(t,t + 1, K) denote the time-¢ prices of call and put contracts with a
time-to-maturity of one period and a strike price of K.

We can write the payoff of the volatility contract as a sum of the two components associated



with the positive and negative returns, respectively,”
ri =ri Wrea > 0) 4+ 17 Iregg <0). (3)

Following this decomposition, we define the good and bad implied variances, iv] and !, as the

prices of the positive and negative payoff components, respectively,

. .
iwf = e EY [Tt2+1 I(ripq > 0)} ;
(4)
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Because the good and bad components of the payoff add to the total payoff of the volatility
contract, we have iv; = iv{ + iv? by no-arbitrage.

Similar to the total volatility contract, the prices of its good and bad components can also
be computed in a model-free way from the cross-section of option prices. Indeed, Appendix A.1
shows that 7vf and iv? correspond to the first and second integrals in (2), respectively,
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This result is intuitive. Total implied variance iv; is the weighted sum of the option prices, and
the variance components are identified by claims that have payoffs contingent on the sign and
magnitude of the realized return. Good implied variance is identified by call options that pay off
only in case the return realization is positive, and bad implied variance is characterized by put
options that pay off only if a negative return is realized.

We compute the implied variance measures at a monthly frequency using the S&P 500 index
options data from OptionMetrics from January 1996 to August 2014. We use the averages of the

bid and ask quotes for each option contract and eliminate the options with a mid quote lower

"One can consider thresholds different than zero for the decomposition. We opt for an intuitive measure of good
and bad events in the stock market and characterize them by positive and negative returns.



than $ 3/8. Options with zero trading volume, with a time-to-maturity lower than 7 days, and
those that violate standard no-arbitrage conditions are also filtered out. For each option contract,
we compute moneyness as the strike price divided by the current value of the S&P 500 index,
K/S;. As (5) indicates, we use only OTM options, namely, calls with K/S; > 1 and puts with
K/S; < 1. The range of available moneyness in the data highly varies over time. We use options in
the moneyness range from 0.85 to 1.15 in our benchmark analysis. This ensures that our implied
variance measures capture similar economic content throughout the time series and are not driven
by deep OTM options at moneyness levels that are not available most of the time. The integrals
in (5) are calculated using a cubic spline across implied volatilities because a continuum of strike
prices is not available. If the lowest (highest) available moneyness is higher than 0.85 (lower than
1.15), we use the implied volatility of the lowest (highest) moneyness level for implied volatilities
outside the available range in the data. We then compute the option prices from the implied
volatilities on the grid of spline. We linearly interpolate across available maturities to compute
one-month implied variances. We report the robustness of our results to various alternative choices
of the moneyness range in Section 2.5.

Figure 1 plots the time series of total, good, and bad implied variances.® The implied variance
measures are volatile and spike in bad economic times, such as the Russian financial crisis in 1998,
leading to the failure of LTCM, the burst of the dot-com bubble in 2002, and the Great Recession
period in 2008 and 2009. Total implied variance behaves very similarly to the traditional measure of
return volatility, namely, VIX. Indeed, the correlation between iv, and VIX? is 99.24% in levels,
and 97.33% in first differences. Table 1 provides summary statistics for the variance measures, and
Table 2 provides a correlation matrix. Both tables report statistics for the sample from January
1996 to August 2014, and a subsample excluding the Great Recession from December 2007 to June
2009. 7v? is higher than 0], both on average and throughout the sample. Good and bad implied
variances are highly correlated with a correlation coefficient of 0.97 and are both fairly persistent

with AR(1) coefficients of 0.81.

8Following Bollerslev, Tauchen, and Zhou (2009), Drechsler and Yaron (2011), and Zhou (2009), we report
variances in units of volatility in percent, squared, and divided by 12 for comparability with the existing literature.
As a result, all variance measures have the same units as VIX?2/12.



2.2 Good and bad realized variances

In addition to the risk-neutral variance measures, we construct measures of the realized variances
using high-frequency data. Following Barndorff-Nielsen and Shephard (2004), realized variance,

vy, is defined as the sum of squared high-frequency returns, r;;, within each period:

H;
U = Zrziu (6)
i=1

where H; is the number of high-frequency intervals in period t.
Following Barndorff-Nielsen, Kinnebrock, and Shephard (2010), we decompose the realized

variance, rv;, into good and bad realized variances, rvf and rv?, as
Ht Ht
g _ 2 b 2
rof = Zrm I(ry; > 0), rv, = Z i Wres < 0). (7)
i=1 1=1

Intuitively, the good and bad realized variance measures capture information about time variation
in the positive and negative components of the physical distributions of returns. Indeed, Barndorff-
Nielsen, Kinnebrock, and Shephard (2010) show that, as H; — oo, 7v{ and rv? converge to
half of the Gaussian diffusion in the returns and positive and negative quadratic jump variation,
respectively.

We use 5-minute S&P 500 futures returns from TICKDATA to construct the realized variance
measures at a monthly frequency.® As shown in Table 1, the total, good, and bad realized variance
measures have similar statistical properties and are more volatile and less persistent than their
implied counterparts. Figure 2 plots the time series of total, good, and bad realized variances. All
of the realized variances move closely with each other, consistent with the correlation evidence in
Table 2. The realized variances spike in bad economic times, especially in October 2008, following
the Lehman crash. This corresponds to the month with the lowest aggregate equity return in our

sample. In terms of the difference between good and bad realized variances, bad variance tends

Liu, Patton, and Sheppard (2012) show that 5-minute sampling frequency achieves the optimal trade-off be-
tween the precision of the estimators and the impact of the microstructure noise. We treat returns from the close
of a trading day to the open of the next trading day as a 5-minute interval.



to rise above good variance in several periods of variance spikes, such as the Great Recession.
Another large deviation of rv? from rv{ occurs in September 2001. This is due to one data point:
stock exchanges were closed from September 10, 2001 to September 17, 2001. At the opening of
the market on September 17, the S&P 500 futures price fell by 5.5%, leading to a large increase

in bad, relative to good, realized variance.

2.3 The good and bad variance premia

The variance premium is defined as the difference between the risk-neutral and physical expectation
of quadratic return variation. Using the measures of implied and realized variance above, we define

our proxy for the variance premium vp, as the difference between iv, and ruv;:'°

Vpy = 10y — TV, (8)

and the good and bad variance premia, vp{ and vp?, as the difference between corresponding

implied and realized variances

vp! = iv) —rvf, vp? =i’ —rol. 9)

Figure 3 plots the time series of the total, good, and bad variance premia, and Table 1 reports
summary statistics. Total implied variance is higher than realized variance most of the time, so
that vp; is positive on average. Similarly, the bad variance premium is also positive throughout
most of the sample. Notably, vp? is larger than vp, on average. On the other hand, good implied
variance tends to be lower than good realized variance, so that that our estimate of the average

good variance premium is negative.

10The empirical measures for the variance premium are only proxies for the actual variance risk premia, as they
rely on the statistical estimates of the conditional variance. Our definition of the variance premium corresponds to
the one in Bollerslev, Tauchen, and Zhou (2009), who assume rv; = Ei[rvei1]. For robustness, we also entertain
a forward-looking measure of expected quadratic variation as discussed in Section 2.5. Alternatively, Bakshi and
Kapadia (2003) identify the variance premium from delta-hedged option gains, and Carr and Wu (2009) develop a
model-free empirical strategy for identification of the variance premium as the price minus the payoff of a contract
that pays off realized variance.



Table 2 shows that in the benchmark sample, the correlation between the good and bad variance
premia is 87%. A significant portion of this correlation, however, is driven by a sharp drop in
October 2008, caused by a large jump in all the realized variances in this month. Removing
this data point, the correlation drops to 59%. Notably, the correlation between the good and
bad variance premium measures is significantly smaller than those between the good and bad
variances themselves. Indeed, the correlations between the good and bad realized or implied
variances exceed 97% in the full sample and are above 93%, excluding the Great Recession. Thus,
using the variance premium rather than variance measures helps isolate separate variations in the
negative and positive components of the distribution.

The signs and magnitudes of the good and bad variance premia suggest that investors are
willing to pay a positive premium for an asset that pays off when bad variance is high. The
magnitude of this premium is quantitatively large and higher than the premium for an asset that
pays off when total variance is high. On other hand, the average risk compensation to hedge good
variance risk is negative. The distinct properties of vp{ and vp? suggest that they can potentially

contain more information and help identify separate risk factors compared to vp, alone.

2.4 Predicting returns with good and bad variance premia

In this section, we analyze the predictability of future returns by the variance premium measures.
As shown in the literature (see Bollerslev, Tauchen, and Zhou (2009)), the total variance premium
has a significant predictive power for aggregate equity market returns at short horizons of 3 to 6
months. We show that good and bad components of the variance premium, vp{ and vp?, jointly
predict excess returns with statistically significant coefficients at horizons longer than 6 months, up
to 24 months with increasing R? values in horizon. In multivariate predictability regressions, the
coefficient on vp{ is negative, while it is positive and larger than that of vp; for vp?. This evidence
also holds in corporate bond markets and a cross-section of equity portfolios and is robust to

alternative specifications of the benchmark predictability regressions.
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All predictability regressions presented in this section have the following form:

19 b
% Z Titi — Tt+z 1) = Bon + B Xt + €, (10)

where h is the horizon of the regression, r;,; denotes a monthly log return, and r{ is the monthly
log risk-free rate. The vector X; contains the predictor variables.

To evaluate the statistical significance of our predictors, we report two types of standard errors
and the associated p-values. The first are the Newey-West standard errors computed using three
more lags than the predictability horizon. However, Newey-West standard errors are known to be
biased downward in finite samples with overlapping returns (Hodrick (1992)). Another concern is
that both the returns and variance premia deviate substantially from the average values during
periods of high economic stress, such as during the Great Recession. Because both dependent and
independent variables take extreme values, in small samples, this can make standard asymptotic
inference unreliable. To alleviate these concerns, we adopt a bootstrap approach that relies on the
empirical distribution of returns to compute standard errors. The series are simulated under the
null hypothesis of no predictability, preserving the heteroskedasticity of the original return sample
in the data, and the same relation between extreme values of predictors and volatility of future
returns. This allows us to characterize the small-sample distribution of predictive coefficients
and compute corresponding standard errors. Appendix A.2 provides details about the bootstrap
approach. Because the small sample distributions are not Normal, we directly report the p-values,
rather than t-statistics, for the hypothesis tests.

Our economic model implies that the good variance premium should predict aggregate equity
returns with a negative sign, while the coefficient on the bad variance premium is positive. To
assess the plausibility of these economic restrictions in the data, we report the p-values for the one-
sided tests. Specifically, the p-value for the good (bad) variance premium coefficient is computed
under the null hypothesis of no return predictability against an alternative hypothesis that the
slope coefficient is negative (positive). For consistency, we also rely on the one-sided p-values to

test return predictability by the total variance premium. For equity returns, we test whether the

11



coefficient on vp, is positive, consistent with the literature and our economic model. For other
assets, such as corporate bonds, the signs of the coefficients do not follow directly from the theory.
In this case, we follow a rule that if a predictive coefficient is positive (negative) at the 12-month
horizon in our benchmark analysis in Table 3, the p-value corresponds to the probability of a

higher (lower) value for the coefficient under the null of no predictability.

Predictability evidence

Panel A of Table 3 reports the results of predictive regressions for excess aggregate equity returns
by vp;, as well as vp! and vp?, jointly. We find that our proxy for the total variance premium,
vpy, predicts returns with a positive sign, and the predictive coefficient is statistically significant
at 1- and 3-month horizons.!! The goodness of fit peaks at a 3-month horizon with an R? of 6%.!2
The predictive coefficient is not statistically different from zero for the horizons of 6 months and
above under the bootstrap standard errors and for 12 months and above using the Newey-West
standard errors. At these horizons, the R? values are essentially zero.!3

Next, we turn to the multivariate predictability regressions using vp{ and vp?. At short hori-
zons, the predictive power of the two variance premia is comparable to that of vp, alone. However,
at longer horizons, the evidence suggests that the two variance premia contain additional, econom-
ically and statistically significant information about the expected returns. First, the coefficient
on vp] is negative at all horizons, starting from 3 months. It is statistically significant under the
Newey-West standard errors from 6 months, and under the bootstrap standard errors from 12
months. The coefficient on the bad variance premium is always positive, and is significant for
the horizons of 3 months and above. Notably, the coefficient on the bad variance premium in

the multivariate setting is significantly larger than that on the total variance premium in univari-

ate regressions: it is about twice as large, even at a 1-month horizon. Finally, the multivariate

1We refer to coefficients with bootstrap p-values smaller than or equal to 5% as statistically significant unless
stated otherwise.

12 A1l reported R? values are adjusted.

130ur findings are comparable to those in the literature that rely on VIX, rather than implied variance, to
compute variance premium (see Bollerslev, Tauchen, and Zhou (2009)). In this case, the coefficient on total
variance premium is significant up to 12 months, and the adjusted R? values at 1-, 3-, 6-, 12-, 18-, and 24-month
horizons are 5%, 8%, 4%, 1%, 0%, and 0%, respectively.
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regression delivers a significantly higher goodness of fit, with R? values of 7% at the 12-month
and 9% at the 24-month horizons, while there is no evidence of significant predictive power by
vp; alone at these horizons. Notably, we find that it is important to include both of the variance
premium measures to predict future returns. Indeed, when only one of these variables is used in
the regressions, the R2s drop to values similar to those for the total variance premium alone. This
highlights the importance of the upside and downside variations in capturing the fluctuations in
expected returns.

Panels B and C of Table 3 show predictability evidence for high-yield and investment-grade
bond returns from Barclay’s bond indexes. Corporate bonds are risky securities that are claims on
firms’ assets, so we use them as alternative test portfolios to expand the predictability evidence.
At horizons of 1 and 2 years, the total variance premium can predict future excess returns with
an R? of 4% for high-yield portfolios and 6% for investment-grade portfolios. Interestingly, the
signs of the coefficients on vp, are negative at these horizons and statistically significant. Sim-
ilar to aggregate equity results, decomposing the total variance premium into its good and bad
components substantially magnifies bond return predictability. At the horizons of 1 and 2 years,
the R?s in multivariate regressions range from 18% to 24% for high-yield and investment-grade
bond returns. The coefficients on the good variance premium are all negative, and those on the
bad variance premium are positive. Nearly all of the coefficients are significant under both the
Newey-West and bootstrap standard errors. Notably, compared with equity returns, the coeffi-
cients on the good variance premium are often larger, in absolute value, than those on the bad
variance premium, which can help explain the negative coefficient on the total variance premium
in univariate regressions.

Figure 4 plots the predicted 12-month excess equity returns, implied by our regressions. The
predicted excess equity returns implied by the multivariate regression stay at low levels in moderate
periods, such as from 2003 to 2007, and spike in periods of distress, such as during the Great
Recession period in 2008 and 2009. For comparison, we also show the predicted 12-month excess
returns from the univariate regression based on the total variance premium. The implied risk

premium is much less volatile and does not capture pronounced increases in risk in periods of high
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economic stress. The correlation between the implied equity premium extracted from univariate
and multivariate projections is quite low, and is equal to 15%. We also verify that the results are
similar for bond returns. The predicted bond returns implied by the univariate regression are less
volatile than those based on the multivariate specification, and the correlations between the two
are quite low.

Finally, we expand the set of the test assets to include the cross-section of equity portfolio
returns. This allows us not only to assess the predictability evidence at the level of individual
portfolios but also to run a joint test that predictability coefficients across all of the portfolios on
the good (bad) variance premium are negative (positive).!* Table 4 summarizes the results for ten
size, book-to-market, and industry portfolios. The cross-sectional results support and strengthen
our evidence for the aggregate returns. At a 3-month horizon, the total variance premium is a
significant predictor in the cross-section of book-to-market portfolios, with a joint p-value of 1%,
and is marginally significant for size and industry portfolios with p-values of 8%. The median R%s
vary from 3% for industry to 6% for book-to-market portfolios. There is, however, no significant
evidence of predictability at long horizons: the p-values are above 40% at the 1-year horizon and
60% at the 2-year horizon, and all the R? are below 1%. On the other hand, the coefficients on
the good and bad variance premia are statistically significant, in joint tests, at these horizons,
with p-values of 4% and below. The median R? increases from 8% at a l-year to 19% at a 2-year
horizon for size portfolios, from 3% to 9% for book-to-market, and from 5% to 8% for industry
portfolios.

Our evidence suggests that the variance premium is driven by at least two factors that have
opposite association with long-horizon excess returns. This can account for a weaker predictive
power of vp; alone compared to vp{ and vp?, jointly. Once the two factors of the variance premium
are uncovered, predictability becomes stronger at longer horizons, suggesting that the variance

premium contains information about persistent risk factors in financial markets.

1 Appendix A.2 describes the computation of p-values for this exercise.
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2.5 Robustness tests

In this section we show that our empirical evidence is robust to different sample periods, alternative
specifications for the predictive regressions, construction of the variance premium measures, and

including higher-order moments of returns in predictability regressions.

Different sample periods

The Great Recession (December 2007 - June 2009) was a period of high equity market volatility,
as shown in Figures 1 and 2, which translates into the extreme values for the variance premium
measures (see Figure 3). We perform several robustness checks to assess whether these observations
play a significant role in our results.

First, we exclude the Great Recession period from our analysis. The predictability results
for the sample excluding December 2007 - June 2009 are reported in Table 5. For aggregate
equity returns, the results are similar to those based on the entire sample, both in terms of the
magnitude and sign of coefficients and an increase in predictive power in multivariate regressions.
In this restricted sample, vp; predicts returns with a positive coefficient, which is statistically
significant at all horizons as opposed to the full sample, where the predictive coefficients are not
significant at long horizons. However, the goodness of fit tends to be quite low, and the R?s do
not exceed 2%. In multivariate regressions, the signs on the good (bad) variance premium are all
negative (positive), in line with the full sample evidence. While the coefficient on vp!? is significant
at all horizons above 3 months, the significance of the coefficient on vp{ is weaker compared to
the full sample regressions. The bootstrap p-values are 8% and 5% at 12- and 24-month horizons,
respectively, whereas the Newey-West p-values are below 4%. For corporate bonds, we find no
evidence of return predictability by vp; at any horizon, and the R? values are essentially zero. At
the same time, the joint predictive power of vp{ and vp? increases with horizon, and signs are
in line with the full sample. At 1- and 2-year horizons, the R?s are 6% and 7% for high-yield
bonds, and 2% and 5% for investment-grade bonds, respectively. The coefficients are significant

for high-yield bonds at most horizons, while they are significant for investment-grade bonds at a
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3-month horizon, and marginally significant at a 2-year horizon.

We also test the robustness of the predictability results for the cross-section of equity portfolios
to the exclusion of the Great Recession period and find similar results. For all three groups of
portfolios considered in Section 2.4, the predictive coefficient on the total variance premium is
significant at 3-, 12-, and 24-month horizons, however, with moderate R? values that do not exceed
3% at any of the horizons considered for any of the portfolios. In multivariate regressions, the
coefficients on the good (bad) variance premium are significantly negative (positive) with p-values
below 2% at 3-, 12-, and 24-month horizons. The predictive power in multivariate regressions is
stronger, in line with the full sample evidence.

Finally, we also verify the robustness of our results to outliers by running a robust predictability
regression. In this approach, we exclude any observation with a Cook’s distance greater than one
and use Huber (1964) weights to determine the coefficients. The results are consistent with the
benchmark findings and are omitted for brevity.

Our benchmark sample covers the period from January 1996 to August 2014, given the avail-
ability of options data from OptionMetrics. To provide further robustness checks to our main
results, we extend the sample using options data from CBOE from January 1988 to December
1995.1% The options in this data set are not as liquid as those in the OptionMetrics sample from
January 1996, and the range of available moneyness is significantly narrower. Because of these
data issues, we choose to use these data in the robustness checks and focus on a more standard
data set from OptionMetrics in the benchmark analysis.

As shown in Table 6, the empirical results based on the extended sample are quite similar to
the benchmark sample. In univariate regressions, the total variance premium is a significant and
positive predictor of future equity returns at all horizons from 3 months, while we do not find any
evidence for predictability of future bond returns. The R2s do not exceed 3% in equity return
regressions and are zero for bond returns. In multivariate regressions, a high good (bad) variance

premium predicts lower (higher) future asset returns across all of the maturities. The significance

15This data set is also used in Ait-Sahalia, Wang, and Yared (2001) and Eraker (2004), among others. We thank
Bjorn Eraker for providing this data set to us. We follow the OptionMetrics procedure to compute dividend yields
and the zero-coupon yield curve for this data set.
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of the coefficients is comparable to that in the full sample. The R?s are 11%, 14% and 6% for
stock, high-yield and investment-grade bond returns, respectively, at the 1-year horizon, all of
which are substantially above those for the total variance premium alone.

Notably, our main findings are not driven solely by the benchmark sample, which starts in 1996,
and they hold even in the restricted sample from 1988 to 1995. Indeed, in this subsample, the
1-year predictive coefficients on the good and bad variance premia are -0.25 and 0.42, respectively,
so that the good (bad) variance premium predicts future equity returns with a negative (positive)

sign. Results are similar for the bond returns.

Constrained predictability regressions

Our benchmark estimate of the implied equity premium, obtained from a linear regression of future
12-month returns on the two variance premia, occasionally takes negative values, as can be seen
from Figure 4. Our economic model, however, suggests that the conditional equity premium should
always be positive. To assess the role of the negative estimates for the implied equity premium
for the predictability evidence, we follow Pettenuzzo, Timmermann, and Valkanov (2014) and
consider a constrained regression approach in which the linear regression coefficients are estimated
subject to the constraint that the fitted values are positive at each point in the sample.

Notably, the largest observed negative equity premium corresponds to September 2001. As
discussed in Section 2.2, this is due to the stock market interruption for a week following September
11, and a mechanically inflated value for the realized bad variance, which treats the realized weekly
return as a 5-minute return. Although this measurement outlier does not affect our benchmark
results, it impacts constrained regressions, which are sensitive to extreme observations. Because
this observation is primarily caused by statistical issues in measurements of the realized variance,
6

rather than economic considerations, we exclude it from the constrained regression specification.?

Table 7 reports the predictability results for the constrained specification, and Figure 4 plots the

16Specifically, bad realized variance is 74.37 in September 2001. Almost half of this value, 32.02, is attributable
to the week when markets were closed. If we assume that the weekly price drop occurred in 5, 10, or 400 intervals
(there are around 400 5-minute observations during the week), the contribution to bad realized variance would be
6.40, 3.20, or 0.08 instead of 32.02. All of these values lead to a positive fitted value for the excess return.
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predicted series from multivariate regressions. In univariate regressions, the constrained approach
tries to address the negativity of the implied equity premium in October 2008 by increasing
the constant of the regression and lowering the coefficient on vp; to virtually zero. As a result,
in the constrained estimation there is no significant evidence of stock return predictability by
total variance risk premium at all horizons. The predicted excess return is also negative in the
multivariate setting in this period. However, because the coefficients on vp{ and vp? are of the
opposite sign, and both variance premium measures drop sharply in this period, the required
adjustment on the coefficients is much smaller. Overall, the predicted values from constrained
and unconstrained regressions closely track each other as shown in Figure 4. The statistical

predictability evidence also remains very similar to the benchmark setting, as shown in Table 7.

Relation to higher-order moments

Intuitively, measures of good and bad variance and variance premia are related to the higher-order
conditional moments of the return distribution. For example, the price of the cubic contract in
Bakshi, Kapadia, and Madan (2003) is positively related to the call option prices used to calculate
iv{ and negatively related to the put option prices used to calculate iv?. We therefore assess
whether the information in the good and bad variance premia can be fully subsumed by the
measures of the higher-order conditional moments of returns.

We construct the implied skewness measure skew following Bakshi, Kapadia, and Madan
(2003) and also compute realized skewness using the high-frequency return data as in Amaya,
Christoffersen, Jacobs, and Vasquez (2013). We refer to the difference between skew and realized
skewness as the skewness risk premium, srp.!” Tables C.6 and C.7 show that adding either skew
or srp to the good and bad variance premium measures does not affect our benchmark evidence

for the relation between the variance premium and the future returns. In fact, the significance of

the coefficients on the variance premia tends to improve when we control for measures of skewness.

17Chang, Christoffersen, and Jacobs (2013) show evidence of a skewness risk premium in the cross-section of
returns, and Conrad, Dittmar, and Ghysels (2013) find that inidividual stocks’ skewness is strongly related to
future returns. Kozhan, Neuberger, and Schneider (2013) find that a skewness premium can explain most of the
implied volatility skew for index options.
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The coefficients on skewness tend to be negative for equity and positive for bonds, but are quite
imprecisely estimated.

We also consider regression specifications that incorporate the estimates of the implied kurtosis.
Similar to skewness regressions, the inclusion of measures of kurtosis does not materially affect
our results for the signs and magnitudes of the variance risk premium coefficients. These results
are not reported for brevity. In all, the evidence suggests that higher moments of the return

distribution do not fully subsume the predictive content in the good and bad variance premia.

Alternative implied and realized variance measures

Finally, we check the robustness of our results against a number of alternative measurements of
the implied and realized variance measures and report our findings in Appendix C. For implied
variances, we consider extending the range of the cubic spline to 0 - 3 (Table C.1), using options
in the moneyness range 0.8 - 1.2 (Table C.2) and 0.9 - 1.1 (Table C.3). We also compute realized
variances using 5-minute returns of S&P 500 E-Mini futures (Table C.4) and use expected, rather
than realized, variances to construct the variance premium measures (Table C.5). Overall, our

key results remain robust to all these alternative specifications.

3 Model

Motivated by our empirical evidence, we develop a no-arbitrage asset pricing model that takes
an exogenous specification for the equity price process, S;, and the state-price density, m,. We
use this model to analytically derive a relation between the equity premium and the good and
bad components of the variance premium, and discuss the conditions under which the model can
help explain the empirical findings in the data. In Section 3.2, we consider a general equilibrium
environment that maps directly into the no-arbitrage model specification and provides economic

justification for the reduced-form assumptions.
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3.1 No-arbitrage framework
3.1.1 Model dynamics

We assume that the aggregate equity price follows the process

d_St =l dt + Z /BLO'O’i,)\\/EdBLt_I_ Z (e/Bi,cZi,c,t _ 1) dNi,t“‘ Z (e/Bi,AZi,AA,t _ 1) dNi),\w (11)

St7 i=g,b i=g,b i=g,b

where j1g is the drift, B, ; is a standard Brownian motion, and N, and Nﬁt are Poisson processes.
We consider “good” and “bad” shocks to the equity price, and therefore i = g and 7 = b for each

type of shock. The intensity of N;; is time varying and follows the jump-diffusion process:

d)\@t = Iil(>\2 — )\i,t) + O'i)\\/)\i,t dB@t + Zi,)\,t sz%t? (12)

where ¢ = ¢,b. For parsimony, the intensity of Ni),‘t is equal to \;;. Instantaneous shocks dB;,
dNj+, and dNi),\t are independent, conditional on \;;. Finally, we assume that jump sizes Z; ., and
Zi xt take nonnegative values and have time-invariant distributions that are independent of B;,,
N; ., and Ni)"t.

In our framework, the aggregate equity price is driven by good and bad Brownian motion
shocks dB;;, fundamental jumps dN;;, and intensity jumps sz'/,\t- The exposures of the equity
price to these shocks are given by f3; ,, 5., and 3; x, respectively. If a fundamental jump occurs,
the log stock price moves by BZ-,CZ@C,t.lS Because Z; ., takes only nonnegative values, the sign of
Bi determines whether a fundamental jump moves the equity price upward or downward. To
bring economic content to the notion of good and bad jumps, we assume that 3, is positive, and

Bp.c is negative.

18Tto’s lemma implies

dlog Sy = M}é’% dt + Z Bi,oTix\/ iyt dBi ¢ + Z Bi,cZi,e,t AN ¢ + Z BiaZiae dNi),‘t,
i=g,b i=g,b i=g,b

where

lo 1 2 2
Hsy = KS,t — ) E 5i,an,A/\i,t-
i=g,b
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The specification of the price dynamics in (11) and (12) allows for a correlation between price
and intensity processes through common Brownian motion shocks dB;; and intensity jumps dNZ-’}t.
Hence, stock prices move not only due to the fundamental jump realizations but also due to the
perceived changes in the probability of jumps. Under the assumption that a higher probability of
a price increase (decrease) has a direct positive (negative) impact on prices, we have §, ,, 8,1 > 0,

and By, Bpr < 0.

Finally, we assume that the state-price density follows the process

d
;ﬁt = e dt — i;b N gOix\/ Nir dB; 4
. (13)
+ Z (e—Ai,cZi,c,t — 1) dNi,t —+ Z (e—Ai,AZi,A,t _ 1) dNi),\m
=g, i=g,b

which implies that it is affected by all shocks that also impact the equity price S;. The exposures
N, Nic, and A; y, are the market prices of each risk. The state-price density proxies for the
marginal utility of agents and high marginal utility states correspond to “bad” times under concave
utility functions (Breeden and Litzenberger (1978)). In our no-arbitrage setup, we assume that
states with high (low) equity price correspond to low (high) marginal utility, so that A, . > 0 and

Ay < 0 for fundamental shocks, and Ay, Agr >0, Ay, Ay < 0 for intensity shocks.

3.1.2 The equity premium

The comovement of the price process with the state-price density gives rise to the equity pre-
mium. In our specification, the instantaneous equity premium captures compensation for good

and bad diffusive, fundamental jump, and intensity jump risks. As shown in Appendix B.1.1, the
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instantaneous equity premium can be written as

e_rt - Z Boz 0201)\)\@15

i=g,b

diffusion

£ Y E[(e e - 1) (1= ePieied)] oy

i=g,b (14)

fundamental jump

+ Z E [( NixZiag _ 1) (1 _ eﬁz‘,xzm,t)} Nty

Z g7

intensity jump

where 77 is the instantaneous expected equity return, rf = %Etf (% + g—;), g—: is the dividend
yield, and rf is the instantaneous risk-free rate.

In Section 3.1.1, we assumed that the equity exposures and the market prices of good shocks
are all positive, and they are all negative for bad shocks. Indeed, a positive good diffusive shock
increases the price of equity (8,4, > 0) and decreases marginal utility (A,; > 0). Similarly, good
jumps decrease marginal utility, (e 9% — 1) < 0 and increase the equity price (e®%s — 1) > 0.
The opposite is true for bad shocks. Because equity prices are low in adverse economic states
associated with high marginal utility, the equity premium is positive. Further, the conditional

equity premium increases in both good and bad jump intensities. When jump intensities rise, the

quantity of risk that investors face increases, and the required risk compensations increase.

3.1.3 Dynamics under the risk-neutral measure

Given the specification of the state-price density and the price process under the physical measure,

we can write the corresponding price dynamics under the risk-neutral measure, (), as follows:

dS;

- 1S+ Brooia /N dBE+ Y < BieBfen _ 1> NG+ <eﬁmzfi,t _ 1> N2, (15)

i=g,b i=g,b i=g,b

where B is again a standard Brownian motion, N is a Poisson process with intensity )\Z + > and

NZ:\I;Q is a Poisson process with intensity )\2 ’tQ. The risk-neutral measure is absolutely continuous

22



with respect to the physical measure which implies chvt > 0 and Zg)\vt > 0.

The risk-neutral drift of the price process is given by the risk-free rate minus the dividend yield.
The adjustment for the diffusive risk is also standard and takes into account the risk compensation
for the Brownian motion, given by the product of the market price and quantity of the diffusive

risk:

deQ,t = dBi,t + A@UUZ")\\/ >\i,t- (16)

Jump sizes and jump intensities also change under the risk-neutral measure, and the direction of
the change depends on the sign of the market price of the jump risk. Indeed, the risk-neutral jump

intensities and jump distributions satisfy*?

’ —Ni,clic A, A )
)‘zctQ =\, E [6’ Al’czl'c’t} ) )‘i,tQ =M\ E [e AMZ%M} ,

E [e(ﬁi,C—Ai,c)Zi,cyt}

E [e_Ai,cZi,c,t]

E |:6(Bi,>\—Ai,>\)Zi7)\7t:|

E [6_[\7;,)\27;,)\,15]

E€ [eﬁi,czi,c,t} — ’ E? |:6Bi,>\Zi,A,t:| —

Overall, the risk-neutral measure is more “pessimistic” regarding all shocks: it amplifies bad
events and downweights good events relative to the physical measure. Specifically, the intensities

of good jumps are lower under the risk-neutral measure, namely, )\;’f < Agt and A;‘f < Agits

because these shocks have a positive market price of risk. Furthermore, the distributions of good

jumps are twisted by factors —¢&- 7o E leading to higher probabilities for lower values of Z,,

E[e*/\gzg,t
under the risk-neutral measure. As a result, the means of good jump size distributions are lower

under the risk-neutral measure. Analogously, because they have negative market prices of risk,

bad jumps have a higher intensity under the risk-neutral measure and their distributions are tilted

toward larger values.?”

YERQ denotes expectation under the risk-neutral measure, while E without a superscript is expectation under the
physical measure.
20 Another way to see the adjustment of mean jump sizes is the definition of the risk-neutral measure:

e—AZ

EQ[Z]_E[ZW] _E[Z]—l—cov(Z,ET;iffZ]),
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3.1.4 Quadratic variation and the variance premium

The instantaneous quadratic variation in log equity price can be defined as?!

Vitrar = dllog S,log S|, = > 37 o MA”dH— > 5fczfcth” + 3 @ﬂ “det (18)

i=g,b i=g,b i=g,b

Therefore, the expected instantaneous quadratic variation under the physical and the risk-neutral

measure is given by??

1
%E (Vitsar] = Zﬂm M)\zt+25 { th} zt+25 [ ])\z’,t,
i=g,b i=g,b i=g,b
(19)
1
B Wisral = 30 B0hhe + 30 BLE? (20, Ml + 30 BLE? [22,] X
i=g,b i=g,b i=g,b

The instantaneous quadratic variation has three components. The first component comes from
the diffusive dynamics of the equity price process and is equal under both measures. The next
two components capture the variation from fundamental jumps and intensity jumps, respectively,
which are the sources of non-Normality in the distribution of returns.

We define the instantaneous variance premium as the difference between expected quadratic
variation under the risk-neutral and physical measures. Using the transformation of jump inten-

sities in (17), the variance premium can be written as

VPsa = 5 (B2 Vorea] ~ B [Vicra])
= 3 B (B |Z8 B [eheer| B[ Z0.0]) Mis (20)
i=g,b
+ ) 512,\ (EQ [Zz?,,\,t] E {e_Ai’AZi’A’t} —E [Zi%,\,tD Ait-
i=g,b

where the covariance term is negative (positive) for good (bad) jumps.

21To simplify the exposition, we focus on instantaneous return variation. Appendix B.1.2 discusses quadratic
variation computed over a discrete time interval from ¢ to ¢+ 7 and shows that for 7 = 1 it is approximately equal to
the instantaneous one. In the quantitative assessment of the model in Section 3.3, we find that the approximation
is extremely accurate.

22The expected instantaneous quadratic variation is equivalent to the instantaneous variance.
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The compensation for jump risk in equity price gives rise to the variance premium in the model.
Indeed, because good jumps have positive market prices of risk, the risk-neutral distributions of
| <

good jumps are tilted toward lower values, as discussed in Section 3.1.3, which implies E? [ngcvt

1[~«::[Z2

9,074 and E@ [Z% /\,t} <E [Z 2,/\715}. Further, good jumps are also less frequent under the risk-

g g
neutral measure (E {e‘AWZW} <1land E [e‘Ag»Azg’M} < 1). Hence, while an increase in good
jump intensity, A, raises the expected quadratic variations, the increase is smaller under the
risk-neutral measure, so that the variance premium is decreasing in good jump intensity, A\g;. To
the contrary, the effect of an increase in bad jump intensity is magnified under the risk-neutral
measure, which causes the variance premium to be increasing in bad jump intensity, Ay ;.

We can summarize model implications for the equity premium and the variance premium as

follows:

ri =1l = BT \gu + B Mo,
(21)
VP ra = 5;4) gt + ByF Ao

The equity premium is increasing in both good and bad jump intensities implying 5;7, >0,
as shown in Section 3.1.2. This section shows that the variance premium is decreasing in good
jump intensity and increasing in bad jump intensity, leading to 5,7 <0, B,7 > 0. In the univariate
regressions of instantaneous excess returns on the variance premium, the regression coefficient is

given by

= cov(ré —r{, VP iia) _ BePByPvar(Ag ) + 5,7 3,7 var(Ap,)
var(V Pt at) (B5P)? var(Ngy) + (B)? var(Xp,)

(22)

Empirical evidence in the literature starting from Bollerslev, Tauchen, and Zhou (2009) finds that
[ is positive, in line with our findings for aggregate equity returns in Section 2. This suggests that
the contribution of the bad jumps (5;°3," var(Ay+)) to the regression coefficient is larger than that
of the good ones ( |BePBSP V&l"()\g,t)D. However, in our model, the total variance premium does not
fully capture fluctuations in the equity premium. Indeed, the two factors that drive the variance

premium actually have an opposite effect on the equity premium. This motivates our decom-
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position of the variance premium into good and bad components, thereby helping to separately

identify movements in good and bad jump intensity and their link to the equity premium.

3.1.5 Good and bad variance premia

Barndorff-Nielsen, Kinnebrock, and Shephard (2010) show that if the log price follows a right
continuous jump-diffusion process with left limits, then the sum of squared positive (negative)
returns converge to the sum of half of the diffusive variation and the sum of squared positive
(negative) jumps as the sampling frequency increases. Therefore, following Barndorff-Nielsen,

Kinnebrock, and Shephard (2010), we define good and bad instantaneous quadratic variation as
tt+dt =5 (Z 520 ZA)‘tht) Bzc zcthlt+5 )\,thzi\t? (23)

7 g7
where ¢ = ¢g,b. Expected good and bad quadratic variations under the physical and risk-neutral

variance are then given by

%Et [Kft—kdt} =

|~

(Z 32, Mm)w E[Z2,.] M+ BLE[Z2,,] Aiss

i=g,b

(24)

288 (Vo] =3 (5 rtns) - .00 (720 67+ 802 0

i=g,b

Good and bad variances share a common component driven by the diffusive volatility of the equity
price. On the other hand, the jump component of the good (bad) variance depends on only the
good (bad) jump intensity.

We define the good and bad variance premia as the difference between the corresponding
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expected quadratic variations under the risk-neutral and the physical measure:

VPti,tert - é (E?, [‘/;tft-i-dt} — By [‘/tft-i-dt})

= 3. (B9 |22, B [e Mot | —E [ 22,]) i (25)

8 (B9 250 Bl 5] B[] b

which implies VP, = VP/ + VPP, Similar to the total variance premium, the good and bad
variance premia arise due to the compensation for the jump risk in equity prices. Indeed, they

exactly correspond to the components of the total variance premium associated with Ay, and Xy ;:

VPt?t+dt = ﬁgp )\gﬂf’ VPtI?t-I-dt = 5517 )‘b,t- (26)

In our benchmark model, the two jump intensities are uncorrelated, so that the good and bad
variance premia represent two independent factors that drive the total variance premium. Recall
that the good and bad variances share a common diffusive component and thus are correlated.
This motivates our choice for the variance premia as cleaner measures of the equity jump risk
compensation and is consistent with the empirical finding that measures of good and bad variances
have a much higher correlation than the good and bad variance premia, as shown in Section 2.
Following our discussion in Section 3.1.4, the good variance premium is decreasing in good jump
intensity (8;? < 0), while the bad variance premium increases in bad jump intensity (5,” > 0).
This implies that the covariance of the equity premium with good variance premium is negative,
and it is positive with the bad variance premium. Hence, in multivariate regressions of future
excess returns on the good and bad variance premia, the coefficient on the good variance premium
(BeP/BgP) is negative, while the coefficient on the bad variance premium (3,”/3,") is positive. In
particular, the coefficient on the bad variance premium in multivariate regressions is larger than
the one on the total variance premium in the univariate setting. These model implications are

qualitatively in line with the empirical evidence in Section 2. In the next section, we consider
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quantitative implications of the model and show that they are also consistent with the data.

3.2 General equilibrium

In this section, we consider a parsimonious general equilibrium model that can give rise to the
reduced-form, no-arbitrage framework in Section 3.1. The economic model links equity exposures
and market prices of risk to investor’s preferences and dynamics of the fundamentals and provides
a discipline on the signs and magnitudes of the model parameters. We show that the general equi-
librium model can quantitatively explain the empirical patterns of the variance premia presented

in Section 2, while accounting for the key features of the macroeconomic and equity market data.

3.2.1 Consumption dynamics

We consider a Lucas tree endowment economy. Aggregate consumption, which is equal to aggre-

gate endowment, is given by

00—t (%0 = 1) ANy o+ (0 1) N (27)
-

where Ny, and N,, are Poisson processes with jump intensities \;; and A, respectively. Each

intensity follows a jump-diffusion process
d)\@t = Iil(j\l — )\i,t) + O'i,)\\/)\i,t dB@t + Zi,)\,t sz%\tv (28)

where 7 = ¢g,b. As in Section 3.1, the intensity of Ni),‘t is also given by A;;. Instantaneous shocks
dB;:, dN;,, and dNZ-A,t are assumed to be independent, conditional on A;;. All jump sizes Z take
nonnegative values and have time-invariant distributions. Specifically, in the calibration analysis,

we assume that the jump size distribution is Gamma, Z; ;; ~ T’ (k:i,j, ’,:j) fori=g,band j = ¢, A,

where k is the shape parameter, and p corresponds to the mean of the distribution.
In our economic model, we use upward and downward jumps as a convenient way to model

positive and negative movements to economic fundamentals. We view these jumps as capturing
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regular dynamics of aggregate endowment in normal times, implying that jumps are small and
frequent. The probabilities of good and bad jumps vary over time and are driven by distinct
processes. Our specification of consumption dynamics is related to Segal, Shaliastovich, and
Yaron (2015) and Tsai and Wachter (2014), who also use Poisson jumps with separate intensities
to isolate the variation in upward and downward moves in the fundamentals. It is also closely
related to the good and bad environments specification of Bekaert and Engstrom (2009). In their
setup, positive and negative Gamma-distributed shocks drive movements in realized and expected
consumption, consumption volatility, and the habit level.

Notably, because jumps are not compensated, jump intensities directly affect the conditional
means of the processes. Expected consumption growth increases at times of good jump inten-
sity and decreases when bad intensity is high. Segal, Shaliastovich, and Yaron (2015) provide
direct empirical evidence for the feedback from macroeconomic volatilities on future real growth,

consistent with this model assumption.

3.2.2 State-price density

We adopt the continuous-time analog of the recursive utility function defined by Epstein and Zin
(1989) and Weil (1990) with an elasticity of intertemporal substitution (EIS) equal to one. Duffie
and Epstein (1992) show that, in this case, the continuation utility of the representative agent is

given by
Vi=E. [ (C,Vo)ds, (29)
t

where

FOV) = 81— )V (1ogo ~ g1 — v>v>) . (30)

l—n

The parameter [ is the rate of time preference and ~ is a coefficient of the relative risk aversion.

As v approaches one, the utility function converges to logarithmic utility. Recursive preferences
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allow for a preference for the timing of the resolution of uncertainty. Specifically, the agent prefers
early resolution of uncertainty if relative risk aversion is greater than the inverse of the EIS, which
corresponds to v > 1 in this model. The analysis in this section focuses on this case.

Given the dynamics of the consumption process, we can characterize the equilibrium solution

for the value function (see Appendix B.2.1 for the details):

1—y

— e@TbgAg t+0p A0 ¢
1—v

Vi , (31)

where a, by, and b, are constants that depend on the model and preference parameters. Perceived
jump probabilities directly impact the utility of the agent. Specifically, when v > 1, an increase in
good jump intensity increases the utility of the representative agent, and an increase in bad jump
intensity lowers the utility: b, < 0 and b, > 0, as shown in Appendix B.2.1.

The state-price density represents the marginal utility of the representative agent. As shown

in Duffie and Skiadas (1994), the state-price density takes on the following form:

) )
T = exp {/0 (O V) ds} S (C V). (32)

It follows from the Ito’s lemma that in our equilibrium model, the state-price density satisfies the

following stochastic differential equation:

dﬂ't
E = Hrt dt + bgo-g)\ )\g,t ng7t + be’b)\\/ )\b,t de7t

+ (€%t — 1) dNyy + (7%t — 1) dNy, (33)

+ (6ngg,A,t _ 1) ng)\,t + (ebeb,/\,t _ 1) dNb):t

The state-price process in the general equilibrium model can be directly mapped into the no-
arbitrage specification Section 3.1. Indeed, the market prices of risk in the two models are related

as follows:

Ag,c =7, Ab,c ==, Ag,a = Ag,)\ = _bg> Ab,a = Ab,)\ - _bb- (34)
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The size of the impact of fundamental consumption shocks on marginal utility is equal to the risk
aversion parameter v > 0. It immediately follows that good (bad) jumps in consumption lead to a
decrease (increase) in marginal utility: A,. > 0, Ay < 0. Furthermore, if risk aversion is greater
than one, positive shocks to good (bad) jump intensity result in a decrease (increase) in marginal
utility (b, < 0 and b, > 0). Hence, the market prices of good intensity risks are positive, while they
are negative for bad intensity risks : Ay, = Agx > 0, Ay, = Ay < 0. The general equilibrium
model implications for the signs of the market prices of risks are in line with our reduced-form

assumptions in Section 3.1.

3.2.3 Pricing of aggregate equity

In the data, consumption is different from dividends: equity dividends are much smaller than

aggregate consumption and are more volatile. To introduce dividends in a parsimonious way, we

follow Abel (1999) and specify the aggregate dividend as a levered consumption process:*
th ¢Zg c _¢Zb c
D—f = W4 dt + (6 = 1) ng7t + (6 ¢ — 1) dNb7t. (35)

Notably, dividends are exposed to the underlying consumption jumps and the dividend exposure
is governed by the dividend leverage parameter ¢ > 1. For simplicity, we assume that the dividend
exposure is the same for good and bad jump risks and there is no other idiosyncratic dividend
risk.

Equity represents a claim on future dividends. Appendix B.2.2 shows that, in equilibrium, the

price of aggregate equity satisfies:

ds,
S—t = psp dt + by09 31/ Agt Byt + U300 31/ At d By
-

+ (eP%oet — 1) dNgy + (e7%%ret — 1) dNy (36)

T (et — 1) AN, + (ePaZone 1) AN,

23This is in line with the empirical evidence in Longstaff and Piazzesi (2004) and the modeling approaches in
Campbell and Cochrane (1999) and Bansal and Yaron (2004).
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where b3, and by, are the loadings of the log price-dividend ratio on A, ; and Ap;.
The equity price process in the general equilibrium model can be directly mapped into the
no-arbitrage specification Section 3.1. Indeed, the equity exposures in the two models are related

as follows:

ﬁg,c = ¢7 Bb,c = _¢7 Bg,o = Bg,)\ = b;ga Bb,o = ﬁb,)\ = b;bv (37)

Equity prices are exposed to fundamental consumption and jump intensity risks. The equity expo-
sures to good and bad consumption jumps are equal to the leverage parameter ¢. It thus follows
that equity prices increase with good consumption jumps and decrease with bad consumption
jumps: B, > 0, B < 0. Similar to our discussion of the value function, for v > 1 and ¢ > 1, an
increase in good (bad) jump intensity is good (bad) news for equity prices, b5, > 0 and b, < 0.
Therefore, the equity exposure to the good jump intensity is positive and that to bad jump in-
tensity is negative: By, = By > 0, Bpo = By < 0. These model implications are in line with the

reduced-form assumptions in Section 3.1.

3.3 Quantitative model implications
3.3.1 Model calibration

We calibrate the model at a monthly frequency. The model parameter values are summarized in
Table 8.

For parsimony, we use the same parameter values for the good and bad consumption jump
distributions and jump intensities. In this case, the unconditional consumption growth distribution
is symmetric, and all the asymmetry in returns arises endogenously in the model. Specifically,
the jump sizes follow Gamma distribution, Z; ;, ~ I' (ki,j, ’];—j) for i = g,b and j = ¢, \, where
k is the shape parameter, and p corresponds to the mean of the distribution. The average jump
in consumption, ., is 0.0015. Notably, consumption jumps are much smaller than the typical

calibrations entertained in the disaster literature (see Barro (2006)). The scale parameter k;
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is 0.05, which implies that the jump distribution is quite volatile. This helps generate sizable
risk premia for the instantaneous consumption jump risk, while maintaining reasonable levels of
consumption growth volatility.

The intensities of good and bad jumps vary over time. The average frequency of good or bad
consumption jumps is about once every 2 months, helping the model generate reasonable values
for the mean and volatility of consumption and dividend growth. We calibrate the mean reversion
parameter k; to match the AR(1) coefficient of 0.81 of the implied variances in the data. The im-
plied variances, arguably, are less prone to measurement errors relative to other variance measures.
We calibrate the intensity jump distribution parameters p., k; » and the diffusive volatility o; 5 to
match the level and the volatility of the implied and physical return volatility and the variance
premium.

We set the risk aversion coefficient, v, to 10, which is similar to the traditional values in the
literature. The time-rate of preference, /3, is set to 0.00001 to keep the risk-free rate at a low level.
Finally, we set the mean consumption and dividend growth rates to 1.93%, annualized, and the
dividend leverage parameter ¢ to 5 to target the volatility of dividends in the data.

Table 9 shows that our model delivers a good fit to the standard moments of consumption
and dividend growth in the data. In the table we show the population values from the model,
computed from a long simulation of 50,000 years, as well as small-sample statistics based on 10,000
samples with a length of 18 years each. The monthly model output is time-aggregated to an annual
horizon. The volatilities of consumption and dividend growth rates are 2.38% and 11.97% in the

24 The means of

model, which are quite close to 1.58% and 9.83%, respectively, in the data.
consumption and dividend growth are about 2% in the model. It is 1.74% for consumption growth
and is slightly higher in our sample for the dividends. All of the data values are well within the
small-sample 90% confidence interval of the model. Recall that our consumption calibration does

not feature large consumption disasters. Indeed, the probability of an annual consumption drop

by more than 15% is 0.12% in simulated data.

24 A1l model moments in the text refer to the median from small sample distributions unless stated otherwise.
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3.3.2 Asset pricing implications

Table 9 shows model implications for equity returns and the risk-free rate. In the model, the
average excess equity return is 5.33% and the return volatility is 16.06%, both of which are in
line with the evidence in the data. The equity premium represents risk compensation for the
“fundamental jump” risk in realized consumption growth, and the diffusive and jump risk in
jump intensities (see equation (14)). Both channels contribute about equally to the total risk
compensation. The average model risk-free rate is 1.35% and is quite smooth, as in the data.

Table 10 reports model output for the implied and realized variances and variance premia.?®
The model matches the average levels of the variance variables quite well. For example, average
good implied variance is 13.60 in the data, relative to 12.11 in the model. Bad implied variances
are 25.82 and 23.01, on average, in the data and in the model. The model nearly exactly captures
the negative good variance premium of -2.60, and matches the level of the bad variance premium
of 9.43 in the data quite well. Notably, the good variance premium is lower, in absolute value,
than the bad variance premium. Due to the concavity of the utility function, investors are more
sensitive to bad events than to good events, so that the market prices and the equity exposures
to good jump risks are smaller, in absolute values, than to bad jumps.

The model implications for the volatilities of variance measures are broadly in line with the
data. For instance, bad variances, implied and realized, are more volatile than good variances in the
data. The model can account for this empirical finding due to the endogenous differences in equity
exposures and market prices of risk as discussed above. Quantitatively, while many of the data
statistics are within the confidence interval of the model, there are some noticeable discrepancies
between the data and the model. The model tends to overshoot volatilities of the implied variances
and underestimate the variation in the variance premium. Recall that the model volatilities are
driven by just two components, good and bad jump intensities, which share the same parameter

values. Extending the framework to incorporate the additional volatility factors as suggested in

25In the model, the implied variance of 1-month squared log returns is very similar to the expected quadratic
variation of high-frequency returns over the month. The two have comparable average values, and their correlation
is above 99%.
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Bates (2000) and Andersen, Fusari, and Todorov (Forthcoming) or to allow for asymmetry in good
and bad jump calibration can help the model to better account for the dynamics of the volatility
measures.

Next, we assess quantitative model implications for return predictability by the variance pre-
mium. Specifically, we regress future excess equity returns on total variance premium and on
good and bad variance premia, and report the results in Table 11. Similar to Drechsler and Yaron
(2011), total variance premium predicts excess returns with a positive coefficient with magnitudes
declining with horizon. However, small-sample regression coefficients and R? values have wide
confidence bands. The median R?s are below 4% in small samples, and they are virtually zero
in the population. Once we decompose the variance premium into good and bad components,
the predictive coefficient on the good (bad) variance premium is negative (positive), while the
confidence bands for the bad variance premium are narrower. Furthermore, the goodness of fit
improves significantly in multivariate regressions, and the R? values more than double: they are
equal to 9% at the 12-month horizon and 8% at the 24-month horizon. The predictive power and
signs of coefficients are in line with the empirical evidence in Section 2.

To further assess the empirical plausibility of the model structure, we use the calibrated model
to infer the conditional equity premium and relate it to the constrained equity premium estimates
in the data. Specifically, we infer the implied values of \,; and Ay;, period by period, from
the empirical time series of the good and bad variance premia using the economic restrictions
of the model in equation (25). Then we compute the model-implied conditional equity premium
following equation (14). We plot the model equity premium along with the predicted 12-month
excess returns from the constrained regression approach in Figure 5. Quite remarkably, the model
tracks the observed estimate of the equity premium in the data very well. Indeed, the correlation
between the model-implied equity premium and the predicted 12-month excess returns is 92% in
levels, and 85% in first differences. The model-implied equity premium predicts 12-month (24-
month) excess returns with an R? of 5.3% (9.4%). Notably, while both the model and the data rely
on the good and bad variance premia as predictors of future returns, the good fit of the model is

by no means mechanical, and is supportive of the primitive model channels, which allow mapping
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of the components of the variance premium into the equity premium.

3.3.3 The importance of model ingredients

Our benchmark model features separate fluctuations in good and bad jump intensities, and recur-
sive utility of the representative agent. Below, we discuss the importance of these model ingredients
for the quantitative results in the model.

Our model incorporates the good and bad jumps, whose intensities are time varying and
driven by separate processes. These model ingredients are important to explain the predictability
of future excess returns by the components of the variance premia in the data. If we only entertain
downward jumps in the fundamentals, then the good variance premium is zero. Alternatively, if
we have the same underlying intensity process for the good and bad jumps, then the good and bad
variance premia become perfectly correlated. In both cases, the total variance premium contains
the same information as the bad variance premium, so decomposing total variance premium into
the good and bad components should not make any difference for return predictability. This
is contrary to our findings in the data that the good variance premium contains risk premium
information above and beyond the bad variance premium.

To highlight the role of recursive utility, we also consider the case of a standard time-separable

power utility specification. The state-price density, implied by these preferences, is given by

o =e PO, (38)

In this case, only the fundamental consumption risks are priced, A, . = v, Ay . = —7, and investors
are not concerned with the good and bad jump intensity risks: Ay, = Agx =0, Ay, = Ay = 0.
The equity returns remain risky with respect to the good and bad fundamental jumps (5,. = ¢,
Bre = —¢). However, compared with the benchmark model, for ¢ < 7, equity prices fall at
times of high good jump intensity and increase when bad jump intensity is high. This is a
direct consequence of a low EIS, which, in the power utility model, is equal to the reciprocal of

the risk aversion coefficient v. With this restriction, good return jumps are now caused by good

36



fundamental jumps in consumption and jumps in bad intensity, making an economic interpretation
of a good return jump less clear.

Power utility restriction has a significant effect on quantitative model results. The power utility
model implies a low equity premium of 1.9%, which reflects the compensation only for the realized
consumption jump risk. The risk-free rate increases to an unrealistically high level of 15.5%, which
is typical for power utility models. We further check whether the power utility model can still
account for the levels and movements of the in-sample risk premium. Similar to the exercise in the
benchmark model, we extract the implied equity premium using the observed time series of the
good and bad variance premia in the data under the restrictions of the power utility model. We
find that the model-implied in-sample equity premium is too low, and it co-moves much less with
the estimate in the data: the correlation of the model-implied equity premium with the predicted
12-month excess equity return in the data drops to 44% in levels and -3% in the first difference.
The power utility model fails to account for the conditional movements in the equity premium
even at larger levels of risk aversion, which are required to match the average risk premium in the
data.

In a related environment with good and bad Gamma-distributed consumption shocks, Bekaert
and Engstrom (2009) extend the power utility model to allow for movements in expected growth
rates and the external habits. In their model, total variance premium also has a two-factor
structure, and under the estimated parameter values, it decreases (increases) at times of good
(bad) consumption volatility. They show that the model can account for the standard moments
of the consumption and asset-market dynamics and capture predictability of returns by the total
variance premium, but they do not consider the decomposition of the variance premium into the

two components. We leave the analysis of this model along these dimensions for future research.

4 Conclusion

In this paper, we show that the variance premium is driven by “good” and “bad” components,

which separately capture the time-varying risk compensations for the realized variation in positive
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and negative market returns. The good and bad variance premia contain distinct information
about future excess returns on equity and corporate bonds, especially at long horizons of 1 and
2 years. Indeed, in multivariate predictability regressions, the predictive coefficients on the good
variance premium are negative, while they are all positive for the bad variance premium, and the
R?s reach about 10% for equity and 20% for corporate bond returns. In contrast, the predictive
coefficients on the variance premium itself are insignificant at these horizons, and its predictive
power is essentially zero.

To rationalize the empirical evidence in the data, we consider a model that features upward
(good) and downward (bad) equity jumps with time-varying intensities. We show that when
good (bad) jump shocks carry a positive (negative) market price of risk, the equity premium is
increasing in good and bad jump intensities, while the variance premium is decreasing in good and
increasing in bad jump intensity. Therefore, the good variance premium predicts future returns
with a negative sign, while the bad variance premium predicts them with a positive sign, consistent
with the data. We quantify the magnitudes of these effects by imposing the restrictions of a general
equilibrium model. Using numerical calibrations, we show that the model can capture the novel
evidence of return predictability by the variance premium measures, alongside standard aggregate
asset pricing and macroeconomic moments.

There are several extensions of our paper that would be interesting to address in future work.
On the empirical side, we consider the predictability of the U.S. equity and corporate bond re-
turns. It would be useful to extend our analysis for international asset returns, as in Bollerslev,
Marrone, Xu, and Zhou (2014), and for other asset classes, such as government bonds, currencies,
and commodities. Further, while our variance premium measures capture volatility risks in aggre-
gate equity markets, one can use similar methods to compute the good and bad variance premia in
other asset markets.? On the model side, our specification can be extended to allow for separate
sources of risk in the expected growth or consumption volatility, as in Bansal and Yaron (2004),

including Poisson jump risk as in Drechsler and Yaron (2011), or time-varying skew-normal risk as

26See Londono and Zhou (2014) and Prokopczuk and Wese Simen (2014), who compute the total variance
premium for currency and commodity markets, respectively.
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in Colacito, Ghysels, and Meng (2013). One can also enrich the model by separating volatility and
jump risk factors, consistent with the findings in Santa-Clara and Yan (2010), and incorporating
additional volatility-related factors, such as the long-run volatility (see Duffie, Pan, and Singleton
(2000)), or volatility of volatility (see Bollerslev, Tauchen, and Zhou (2009)). Further, for sim-
plicity, the two jump intensities are assumed to be uncorrelated in our framework. In the data,
the good and bad volatility of returns have a more complex dynamic dependency, as discussed in
Patton and Sheppard (2013), and the model can be extended to take this into account. Finally,
we entertain the endowment economy, in which intensities of the good and bad jumps are specified
exogenously. It would be interesting to provide a deeper foundation for jump and volatility risks

using more primitive economic models with production and investment.
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Appendix

A Empirical analysis

A.1 Good and bad implied variances

Let S be the price of the underlying security at time ¢+ 1 and H(S) a twice differentiable payoff function.
Bakshi, Kapadia, and Madan (2003) show that H(S) can be spanned as

H(S) = H(S) + (P — / Hes(K) (S — K)* d +/ Hes(K) (K — S)t dK, (A1)

where subscripts represent derivatives and S is a constant. The payoff of the volatility contract is given

2
by H(S) = (log (sﬁt)) . The definition of the volatility contract payoff along with (A.1) implies

H(S) = /:’ 20 = lf,gK/St)) (S — K)* dE + /OS 214 lif,gst/K)) (K — S)* dK. (A.2)

Note that the price of the volatility contract is iv; = et E [H(S)], while the price of a call option is
C(t,t+1,K) = e_T{EtQ [(S — K)T| and the put price is P(t,t +1,K) = e""{EtQ [(K — S)*]. Equation

(A.2) along with these definitions implies (2).

. . . . f
Now consider the “good” volatility contract with price iv{ = e " E? [rt2+1 I(rer1 > 0)]. The payoff

2
can be written as HI(S) = (log (sﬁt)) I(S > S;). Although Hgg is not continuous at S = S, we can
write

=1 H K)" dK + i /H (K — 9T dK
S Tlfélt/ gs S d +T1Tmt ss S) dK,

:/:%< 10g<:§t>> (S — K)* dK.

The computation of good implied variance in (5) follows from (A.3) and the definition of a call option.

(A.3)

The computation is analogous for implied bad variance.

A.2 Bootstrap approach

To bootstrap standard errors, we first standardize excess returns, ry1q — 7{ , by subtracting the uncon-
ditional mean and dividing by iv;. We draw a random sample with replacement from this distribution

with the same length as the return series in the data. Simulated returns then correspond to standardized
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returns scaled up by the observations of iv;. We run the return predictability regressions in the simulated
samples on the variance premium measures in the data. We repeat this procedure 10,000 times to con-
struct a small-sample distribution of regression coefficients, which we use to compute standard errors and
p-values. In this approach, the time series of predictor variables, as well as heteroskedasticity of returns,
remain the same as in the data, while there is no predictability of returns under the null.

We further consider the joint evidence for return predictability across multiple equity portfolios,
namely, ten portfolios formed on size and book-to-market and ten industry portfolios from Kenneth
French’s website. Following MacKinnon (2009), we compute p-values that summarize the statistical
significance of portfolio return predictability within each of the three groups. We standardize all excess
portfolio returns by their unconditional mean and iv; as described above. From the standardized sample,
we draw a random sample of ten returns with replacement with the same length as in the data, and
we compute simulated returns using the unconditional average portfolio return and the time series of
ive. This preserves the dependence of portfolio returns in the cross-section and the heteroskedasticity in
the time series. For a predictor variable that predicts aggregate equity market returns with a positive
(negative) sign, we choose the maximum (minimum) of the ten predictive coefficients as the critical
value. Following this approach, we construct 10,000 cross-sections of returns that have the same size as
the original data and create a small-sample distribution of minimum (maximum) coefficient values. The
p-value is the probability that the minimum (maximum) predictive coefficient is smaller (larger) than its

empirical counterpart in simulated samples.

B Model

B.1 No-arbitrage framework

B.1.1 Equity premium

The no-arbitrage assumption implies

Sy = E,- Ut % p, ds} , (B.1)

Tt
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where D; denotes the dividend. Multiplying both sides of (B.1) by m;, we have

Sy = By {/ e Dy ds] , (B.2)
t

which implies

7TtSt = Eff |:7TSSS +/ 7TuDu du] (B3)
t

for s > t. Adding [j 7, D, du to both sides of (B.3), we have
t s
.S —I—/ Ty Dy du = Ey— {wsSs —I—/ TuDy du} , (B.4)
0 0

which implies that m;S; + f(f muDy du is a martingale. Therefore, the sum of the drift and instantaneous

mean of the jump term in d(:t;si?) + % dt is zero.

Applying Ito’s lemma using the stochastic differential equations (11) and (13), the mean of % +
% dt becomes
t
Dy
0= wst =+ trt — Z /BO',iAU,iO-i%)\)\i,t + ?
=g b t
B (B.5)
+ Z E [e(ﬁi,c—Ai,c)Zi,c,t _ 1} Aiit + Z E |:e(ﬂi,)\_Ai,>\)Zi,>\,t _ 1] Ait-
i=g,b i=g,b
We can define the instantaneous expected return as
e _ Dy Bi,cZic,t BixZixzt
Tt—us,t—l-?-l-ZEt[e’ ”—1} )\i,t+ZEt[e’ ’*—1} )\ivt' (BG)
t .
i=g,b i=g,b
The instantaneous risk-free rate in the economy is given by
T B ol L e T (B.7)
i=g,b

Combining the solutions to the risk-free rate above and the expected return in (B.6) leads to the

expression for the equity premium.
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B.1.2 Quadratic variation

Here, we examine the properties of quadratic variation from ¢ to ¢ + 7, which is defined as

t+71
Vierr = [ dllogS,log 8],
t

P - L+ 5 oo tr (B-8)
= Z 5@&%‘,\/ Ai,s ds + Z ﬁi,cZi,c,t/t dN; s + Z BinZixt /t dN7.
b

i=g, t i=g,b i=g,b

The expected quadratic variation from ¢ to ¢ + 7 is then given by

Ey [Vigsr] = Z ( 3,001'2,,\ + /Biz,cE {Zi%c,t} + /BE,AE {Zi%,\,tD E,-
i=g,b

t+7
/ Ais ds} : (B.9)
t

From (B.9), we can see that it is crucial to compute the quantity E, { T Nis ds] Nowotny (2011) and

Li and Zinna (2014) show that the conditional expectation E; [\; 4] is given by

E,- [Ais] = e—(m—IE[Zi,A,tD(S—t) A+ (1 _ e—(lii—]E[Zi,A,t])(S—t)) #ﬁ}]’ (B.10)
i —ElZix¢

where s > t. We can compute the integral of E¢[)\; 5] from ¢ to ¢ + 7, and obtain

E;- - + A ;
! ; — E[Zi x4 (ki — E[ZZ-,A7t])2 P R — E[Z; 4]

t+7 Y KiXi (1 — o~ (Ri—ElZinal)7 _ o (ki—E[Zix4))T
/ Ais ds} = - RN ( ) 1-e (B.11)
t 7

which is affine in A;;. For small values of 7, we can use the approximation 1 — e~ (Ri—ElZixd)T
(ki —E[Z; x4]) 7, which implies

t+1
Et* / )\7;75 ds] = )\ivt T. (B12)
t

Using the approximation, the expected quadratic variation in (B.9) becomes
B Vi~ Y (B0t + BRE |22 + BAE[2204]) M, (B.13)
i=g,b
which is equal to E; [V; 444 in (19) if 7 = 1.

Note that this approximation has two dimensions. The first is the elimination of the nonlinearity in 7
for small values of 7. The second is the elimination of the so-called “drift difference” in the computation
of the variance premium that arises from the differences in the mean reversion parameter x; and E[Z; » 4],
leading to different levels of persistence under the risk-neutral and physical measures (Drechsler and Yaron
(2011)). We compute the exact and approximate values of E;- { fttJ” Aiss ds} in our monthly calibration

and find that the approximation is highly accurate for 7 = 1 (which is the relevant case for this paper),
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while the discrepancy between the exact and approximate values starts to increase for higher values of 7.

B.2 General equilibrium
B.2.1 The value function and the state-price density

The conjecture in equation (31), along with the definition of the value function in (29) and (30), implies
f(c,v)y=-BV(a+ bgAg + bpAp)- (B.14)

Furthermore, Duffie and Epstein (1992) show that, under the optimal consumption path, V;+ fg f(Cs, Vy)ds
is a martingale, which implies E; [dV; + f(Ct, V)] = 0. From the process of the value function that can

be computed applying Ito’s lemma to V; = V(Ct, Ag.t, \p.t), we obtain?”

0=01—9)p+ bgmg;\g + bpkp Ny — Sa

=0
[ 1
+ At |=bgig + =b202 \ + E |17 %0ct _ 1| 4 E |eboZort — 1 —ﬁb}
g I g'vg 29 g,A\ [ } [ } g (B15)
=0
[ 1
+ X | ~boms + gbop +E e Z0n — 1] 4B [Pore —1] — ,Bbb} .
=0
It follows from (B.15) that a, by, and b, solve the equations
1 _ _
a= E ((1 — )+ bgrgAg + bb/ib)\b) ,
1
0= 51)3037)\ —by(kg + B)+E {ebgzg’“ — 1} +E [e(l_y)zg’c't — 1} , (B.16)

1
0= Ebgag’)\ —by(kp + B) +E {ebbzbv“ — 1} +E [e_(l_W)Zl’vc’t - 1} .

The equations for b, and b, both have two solutions. We choose the solution that satisfies b; = 0 if
Zict = 0 for ¢ = g,b. This implies that we choose the negative solution for b, for v > 1. Both solutions
for by are positive, and the smaller one satisfies b; = 0 if Z; .; = 0 for ¢ = g,b. Note that, for v = 1, this
corresponds to by = b, = 0.

We can do a second-order approximation of the exponential function that brings the equation (B.16)

27See Seo and Wachter (2015) for further details.
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into quadratic form:
7 1
ebzzz,Aﬁt ~ 1 _I_ ng’l7>\,t _|_ §b327,2,)\7t' (B.l?)

Solving the quadratic equation results in?®

g ~EZgadl + 5 | (g —E[Zyad +8)° E[e0%0e] —1

E [Z; M} +o2, (E [ ng} N 037A)2 E [Z; M] +o2,

by ~

)

(B.18)

kb —E[Zpd+B8 | (s —E[Znd+8)° E == 2ne] — !
E {Zl?,,\,t} +0opy (E {Z&M} - 057)\)2 E {Zﬁ/\’t} +o7y

p

As economic intuition suggests, we choose the root of the quadratic equation that satisfies b; = 0 if
Zi .t =0 for i = g,b is analogous to the exact solutions to (B.16).

Note that 8 > 0 and k; —E [Z; » ] > 0 are standing assumptions. We assume that the terms inside the
square roots are nonnegative so that a real solution exists. This places a joint restriction on preference
parameters and the riskiness in the economy. For example, a higher value for v and a lower value for x;
make it harder to satisfy this constraint, restricting the risk aversion of the representative agent and the
persistence of state variables.

The drift of the state-price density in (33) is given by

prp = —B— = Agy (E[e070Z0e —1] 4+ [ebsZort —1])

(B.19)
= Aot (B [e700 200t — 1] 4B [eboZore —1]) .
B.2.2 Price of equity
Let H; ;4 be the time-t price of a claim on the dividend at s:
T
Ht,s—t = H(Dt, )\gﬂg, )\b,ta S — t) = Etf |:7T—SDS:| 5 (BZO)
t
so that the price of aggregate equity becomes
o
S, = / H,, dr. (B.21)
0

Z8We use the exact solutions for a, by, and b, in the numerical simulations and verify that the approximate values
deviate less than 1% from the exact values.
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Multiplying both sides of (B.20) by 7, we have mH; s+ = E;~ [msDg]. Conjecture that
H, ; = D,;ea(T)+bag(MAgtban(T) Ao (B.22)

d(ﬂ'th’-,—)
meHe -

Applying Ito’s lemma to 7; and H; ,, we derive the process . Because mH; ; is a martingale, the
sum of the drift and expected jumps, which is affine in Ay; and Ay, must be equal to zero. Setting the
constant and the coefficients on A, and Ay ; to zero results in the following system of ordinary differential

equations (ODE) that aq(7), byg(7), and bg(7) solve

azl(T) = —,8 — U+ pg + H/g;\gbdg(T) + /ibj\bbdb(T),

1
bélg(T) = _bgg(T)O-;,)\ + (bgag,/\ - Hg)bdg(T)
2

+E [6(45—’7)29,6,15} — E {e(l—V)Zg,c,t} +E [e(bg"‘bdg(T))Zg,)\,t — ebgzg)ut} , (B23)

1
by (T) = §b§b(7)ff§,x + (byop 5 — Fb)bas(T)

+E |:e_(¢_7)Zb,c,tj| . o) [6_(1_7)Zb,c,t:| +E [e(bb-i-bdb(‘f))zb,A,t _ ebeb,A,t} )

The no-arbitrage relation, Dy = H,, implies the initial conditions a4(0) = 0, bge(0) = 0, and bg(0) = 0.
If dividends are not levered (¢ = 1), then we have bgy(7) = bgp(7) = 0. In this case, equity is a claim
on aggregate consumption and its price only changes due to realized consumption shocks. Furthermore,
we have aq(7) = —f7 in the case of ug = p and ¢ = 1, which implies the result in Weil (1990) that the
wealth-consumption ratio is constant and equal to 1/ if the EIS is equal to one.

While we use the exact solution of this system of ODEs in (B.23) in our calibration, the follow-
ing approximation (which we verify to be numerically very accurate) is helpful to obtain closed-form
expressions:

ays 1
ebai(MZine 0 1 bai (7) Zi a1 + §bdi (7)222‘2,)\,15’ (B.24)

where i = g,b. Plugging in (B.24) into (B.23), the ODE’s for bgy(7), and bg,(7) become Ricatti equations

with the following solution:
2(1 — e‘"“)lw
2n; — (li +mi)(1 — e7mr)’

mi = \/13; — 4lo,ilas, (B.26)

bai(T) = (B.25)

where
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for i = g,b.2? The terms in by;(7) are given by

1079 -k |:e(¢_'Y)Zg,c,ti| - E |:e(1_'Y)Zg,c,t:| 7 lO b= E |:e_(¢_7)Zb,c,tj| —-E |:e_(1_'Y)Zb,c,tj| 7

)

ll,g = bga'; N~ kgt E [ by g”\’tZg,)\7t} 5 ll,b = be'g)\ —kp+ E [ebbzb”\’tzb)\’t} , (B27)
lag = % (US,A +E [ebgzg'k’tzi/\,tb ) lap = % (agv/\ +E [ b5 2, tZ27 tD )

The approximation preserves the property that bgy(7) = bgy(7) = 0 for ¢ = 1. Note that 1 —e™"7 < 1. If
¢ > 1, we have ly 4 > 0, implying a positive numerator for bqy(7). Furthermore, by < 0 and kg —E[Z, 5 ;] >
0 imply 11,4 < 0. Because l 4 > 0, we have 1y, < |l1 4| < —l14. This implies that the denominator of
bag(T) is also positive. Hence, bgy(7) > 0 for ¢ > 1. An analogous argument implies bg(7) < 0 for ¢ > 1.
Equation (B.25) implies that bgy(7) and bg(7) have finite limits, while a/;(7) converges to a negative
value, resulting in finite prices.
Finally, we use a continuous-time version of the classic Campbell and Shiller (1988) approximation as

is standard in the literature. Let G(Ag4, Ap¢) denote the price-dividend ratio of equity which is given by

G (Mg, Aog) = g’;— /O e (T)+bag (Mg eHban(T) vt g (B.28)

Let gr = log(G(Ag,t; Apt)). The Taylor approximation for A\j and Ay implies

dg
g

Jg

0% 905 35) + (500 e = X5) + 5 05,35) (et = X)) (5.20)

The partial derivatives of the log price-dividend ratio are given by

by, = 2

= 5e L9 (N = G()\*#)\*/OO bai (7)€ (T +bas (MNg+ba (DAL g7 (B.30)
g2/ 70

This implies that the signs of b}, and by ;(7) are identical for i = g,b. We can write the log price-dividend

ratio as
9(Agts M) = a4+ b Ag o + iAo, (B.31)
where
ag = g(Ag, Ap) = baghy — bapAp- (B.32)
Equity price can be written as
Sy = Dyetatlighortbine, (B.33)

*Note that the solution requires I3 ; — 4lg il2,; > 0.
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Applying Ito’s lemma to (B.33) implies (36), where
* \ * \ 1 * 1 *
st = fd + baghig(Ag — Ag,t) + bgphin( Ay — Avt) + §(bdg)20§,)\/\g,t + §(bdb)2ag,)\/\b,t- (B.34)

We set A} = E[\; 4] for ¢ = g,b in the numerical model solution.

B.2.3 Model with power utility

We use the same solution methodology as in Section B.2.2 and find that by, (7) and bg,(7) solve the

following ODEs:

1
big () = g (1) = bag (T)rig + E [0 70t st Zane ]

; (B.35)
(7)) = §b?zb(7)013,,\ — bap(T)kp + E {6_(¢_7)Zl”c’t + eban (M) 2ot 2} :
Using the approximation in (B.24), by, (7) and bgy(7) take the form (B.25) with
log=E [e(cb—'y)Zg,c,t} —1, lp=E |:e_(¢_7)Zb,c,t:| _1,
hg=—(kg —E[Zgae]),  lLp=—(k—E[Zpnd]), (B.36)
1 1
g =75 (Tsa+E|Z0i]) 0 o =5 (20 +E[Z5])-

Standing assumptions imply that bge(7) > 0 and bg(7) < 0 if and only if ¢ > 7. Note that the

denominator in (B.25) is positive because I ; < 0 for ¢ = g, b for power utility. Therefore, the sign of Iy ;

determines the sign of bg;(7). If ¢ > v, then Iy, > 0 and lpy, < 0. If ¢ < v, then Iy, < 0 and Iy > 0.
This is equivalent to the result in Bansal and Yaron (2004) that prices are increasing in expected

growth only if the leverage parameter is greater the inverse of EIS. For power utility, EIS is equal to 1/7.

C Additional tables
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Table C.1: Predicting Excess Returns with Variance Premium Using Extended Spline

Forecast Horizon h

6 12 18 24
Coef SE p-val R2?2 Coef SE pval R? Coef SE p-val R2 Coef SE pval R2 Coef SE p-val R2 Coef SE p-val R2?
Panel A: Equity Returns

vp: 0.42 0.09 0.00 0.04 0.32 0.06 0.00 0.07 0.16 0.05 0.00 0.03 0.06 0.04 0.08 0.00 0.04 0.04 0.20 0.00 0.04 0.04 0.18 0.00
0.28 0.08 0.16 0.03 0.11 0.07 0.06 0.18 0.05 0.22 0.04 0.18

vp{ 022 0.28 0.78 0.04 -0.04 0.24 0.44 0.09 -0.28 0.13 0.01 0.08 -0.35 0.11 0.00 0.09 -0.32 0.09 0.00 0.09 -0.32 0.10 0.00 0.11
0.58 0.66 0.45 0.48 0.35 0.21 0.24 0.07 0.19 0.05 0.16 0.03
v;n’t’ 0.66 0.38 0.04 0.76 0.30 0.01 0.70 0.19 0.00 0.56 0.15 0.00 0.47 0.13 0.00 0.46 0.15 0.00
0.57 0.12 0.40 0.02 0.32 0.01 0.25 0.01 0.21 0.01 0.19 0.01

Panel B: High-Yield Bond Returns

vp: 0.26 0.10 1.00 0.05 0.07 0.05 0.90 0.00 -0.01 0.05 0.42 0.00 -0.05 0.04 0.08 0.01 -0.04 0.03 0.09 0.01 -0.04 0.03 0.08 0.01
0.14 0.95 0.08 0.81 0.06 0.45 0.03 0.06 0.03 0.04 0.02 0.03

vp{ -0.05 0.29 0.44 0.06 -0.47 0.15 0.00 0.11 -0.57 0.15 0.00 0.18 -0.48 0.13 0.00 0.24 -0.39 0.10 0.00 0.23 -0.35 0.09 0.00 0.26
0.30 0.44 0.23 0.01 0.18 0.00 0.12 0.00 0.10 0.00 0.09 0.00
v;n’t’ 0.64 0.29 0.01 0.73 0.24 0.00 0.67 0.24 0.00 0.48 0.20 0.01 0.38 0.15 0.01 0.35 0.14 0.01
0.29 0.01 0.21 0.00 0.16 0.00 0.13 0.00 0.11  0.00 0.10 0.00

Panel C: Investment-Grade Bond Returns

vpt -0.08 0.04 0.01 0.01 -0.06 0.04 0.06 0.02 -0.03 0.02 0.07 0.01 -0.04 0.02 0.02 0.03 -0.03 0.01 0.02 0.03 -0.03 0.01 0.03 0.03
0.11 0.20 0.06 0.16 0.04 0.23 0.02 0.05 0.02 0.04 0.01 0.03

vp{ -0.37 0.11 0.00 0.05 -0.36 0.07 0.00 0.13 -0.26 0.08 0.00 0.15 -0.23 0.08 0.00 0.20 -0.18 0.06 0.00 0.20 -0.17 0.05 0.00 0.23
0.22 0.02 0.17 0.01 0.13 0.01 0.09 0.00 0.07 0.00 0.06 0.00
vp’t’ 0.27 0.13 0.02 0.30 0.10 0.00 0.26 0.12 0.02 0.19 0.11 0.04 0.16 0.09 0.04 0.15 0.07 0.02
0.21 0.07 0.15 0.01 0.12 0.01 0.09 0.01 0.08 0.02 0.07 0.02

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. Implied variance measures are computed using a cubic spline as in the benchmark case. Moneyness levels are extended to 0-3 using the implied volatility of
the lowest (>0.85) or highest (<1.15) moneyness. The dependent variable is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the
table shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate predictability regression with the variance premium vp¢, and a multivariate regression
with the good and bad variance premia, Upg and Uplt), as predictor variables. For each coefficient, the first line reports the Newey-West standard error with three more lags than
the forecast horizon h, and the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap approach. The p-values are calculated for

one-sided tests as described in Section 2.4.
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Table C.2: Predicting Excess Returns with Variance Premium Using Moneyness Range 0.8-1.2

Forecast Horizon h

1 3 6 12 18 24

Coef SE p-val R? Coef SE p-val R? Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R?

Panel A: Equity Returns

vp; 0.38 0.08 0.00 0.04 0.30 0.06 0.00 0.07 0.14 0.05 0.00 0.03 0.05 0.04 0.12 0.00 0.03 0.04 0.25 0.00 0.03 0.03 0.23 0.00

0.25 0.08 0.15 0.03 0.10 0.09 0.06 0.22 0.05 0.27 0.04 0.24

vp{ 0.16 031 0.70 0.04 -0.13 0.25 0.29 0.09 -0.34 0.15 0.01 0.07 -0.38 0.13 0.00 0.07 -0.34 0.11 0.00 0.08 -0.34 0.12 0.00 0.10
0.56 0.62 0.44 0.39 0.35 0.16 0.24 0.06 0.20 0.04 0.17 0.02

vp?  0.63 0.36 0.04 0.77 0.28 0.00 0.67 0.18 0.00 0.52 0.15 0.00 0.44 0.13 0.00 0.44 0.15 0.00
0.55 0.12 0.38 0.02 0.30 0.01 0.23 0.01 0.21  0.02 0.19 0.01

Panel B: High-Yield Bond Returns

vp; 0.24 0.09 1.00 0.05 0.05 0.04 086 0.00 -0.03 0.04 0.24 0.00 -0.06 0.03 0.02 0.02 -0.05 0.03 0.03 0.02 -0.04 0.02 0.03 0.02
0.13 0.96 0.08 0.77 0.05 0.33 0.03 0.02 0.02 0.02 0.02 0.01

vp{ -0.09 0.32 0.39 0.06 -0.50 0.19 0.00 0.09 -0.58 0.19 0.00 0.15 -0.49 0.17 0.00 0.21 -0.39 0.13 0.00 0.20 -0.36 0.12 0.00 0.23

0.29 0.39 0.23 0.01 0.18 0.00 0.13 0.00 0.10 0.00 0.09 0.00
vp? 0.59 0.30 0.03 0.66 0.26 0.01 0.59 0.26 0.01 0.42 0.21 0.03 0.33 0.17 0.03 0.31 0.16 0.03
0.29 0.01 0.20 0.00 0.16 0.00 0.12  0.00 0.11  0.00 0.10 0.00

Panel C: Investment-Grade Bond Returns

vpy -0.08 0.04 0.01 0.01 -0.06 0.03 0.03 0.02 -0.03 0.02 0.02 0.01 -0.04 0.02 0.00 0.04 -0.03 0.01 0.00 0.04 -0.03 0.01 0.01 0.04
0.09 0.17 0.06 0.13 0.04 0.17 0.02 0.03 0.02 0.02 0.01 0.01

vp{ -0.40 0.11 0.00 0.05 -0.38 0.08 0.00 0.13 -0.28 0.10 0.00 0.14 -0.23 0.10 0.01 0.18 -0.19 0.08 0.01 0.18 -0.17 0.07 0.00 0.21

0.21 0.01 0.17 0.00 0.13 0.01 0.09 0.00 0.08 0.00 0.07 0.00
vp? 0.28 0.12 0.01 0.29 0.11 0.00 0.23 0.13 0.04 0.17 0.12 0.08 0.14 0.10 0.09 0.13 0.08 0.05
0.21 0.07 0.15 0.01 0.11 0.01 0.09 0.02 0.08 0.03 0.07 0.03

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. Implied variance measures are computed using options in the moneyness range from 0.8 to 1.2. The dependent variable is the annualized log excess return
over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate predictability
regression with the variance premium vp¢, and a multivariate regression with the good and bad variance premia, vpf and vp’t’, as predictor variables. For each coefficient, the first
line reports the Newey-West standard error with three more lags than the forecast horizon h, and the corresponding p-value. The second line reports the standard error and the
p-value from the bootstrap approach. The p-values are calculated for one-sided tests as described in Section 2.4.
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Table C.3: Predicting Excess Returns with Variance Premium Using Moneyness Range 0.9-1.1

Forecast Horizon h

1 3 6 12 18 24

Coef SE p-val R? Coef SE p-val R? Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R?

Panel A: Equity Returns

vp; 0.30 0.06 0.00 0.03 0.21 0.04 0.00 0.04 0.07 0.03 0.00 0.01 0.01 0.03 0.41 0.00 -0.01 0.02 0.60 0.00 -0.01 0.02 0.68 0.00
0.20 0.08 0.13 0.07 0.10 0.22 0.06 0.44 0.04 0.54 0.04 0.58

vp{ -0.04 0.63 047 0.03 -0.35 0.55 0.26 0.05 -0.53 0.33 0.06 0.02 -0.71 0.19 0.00 0.05 -0.60 0.17 0.00 0.05 -0.58 0.22 0.00 0.06

0.78 0.48 0.54 0.26 0.44 0.11 0.34 0.02 0.30 0.02 0.27 0.02
vp?  0.65 0.63 0.15 0.80 0.58 0.08 0.70 0.36 0.03 0.75 0.20 0.00 0.62 0.19 0.00 0.59 0.23 0.00
0.81 0.21 0.48 0.04 0.38 0.03 0.32 0.01 0.29 0.02 0.27 0.01

Panel B: High-Yield Bond Returns

vpy 0.18 0.09 097 0.03 -0.01 0.02 0.27 0.00 -0.08 0.02 0.00 0.02 -0.09 0.02 0.00 0.07 -0.07 0.01 0.00 0.07 -0.06 0.01 0.00 0.07
0.10 0.94 0.07 0.45 0.05 0.05 0.03 0.00 0.02 0.00 0.02 0.00

vp{ -0.67 0.57 0.12 0.06 -0.75 0.35 0.02 0.04 -0.81 0.32 0.01 0.10 -0.69 0.24 0.00 0.17 -0.53 0.21 0.00 0.16 -0.51 0.21 0.01 0.19

0.40 0.04 0.28 0.00 0.23 0.00 0.18 0.00 0.16 0.00 0.14 0.00
vp? 1.06 0.52 0.02 0.75 0.36 0.02 0.69 0.33 0.02 0.53 0.24 0.01 0.41 0.21 0.02 0.40 0.21 0.03
0.42 0.01 0.25 0.00 0.20 0.00 0.17  0.00 0.15 0.00 0.14 0.00

Panel C: Investment-Grade Bond Returns

vp; -0.1 0.02 0.00 0.03 -0.08 0.01 0.00 0.06 -0.05 0.01 0.00 0.05 -0.06 0.01 0.00 0.10 -0.04 0.01 0.00 0.10 -0.04 0.01 0.00 0.09
0.08 0.07 0.05 0.03 0.04 0.06 0.02 0.00 0.02 0.00 0.01 0.00

vp{ -0.50 0.28 0.04 0.04 -0.50 0.15 0.00 0.11 -0.37 0.16 0.01 0.11 -0.28 0.15 0.04 0.15 -0.22 0.13 0.05 0.15 -0.23 0.12 0.03 0.18

0.29 0.03 0.20 0.00 0.17 0.01 0.13 0.01 0.11  0.02 0.10 0.01
v;l)? 0.32 0.28 0.13 0.36 0.16 0.01 0.28 0.16 0.04 0.18 0.15 0.12 0.14 0.13 0.15 0.16 0.12 0.09
0.31 0.13 0.18 0.02 0.15 0.02 0.12 0.06 0.11  0.09 0.10 0.05

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. Implied variance measures are computed using options in the moneyness range from 0.9 to 1.1. The dependent variable is the annualized log excess return
over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate predictability
regression with the variance premium vp¢, and a multivariate regression with the good and bad variance premia, vpf and vp’t’, as predictor variables. For each coefficient, the first
line reports the Newey-West standard error with three more lags than the forecast horizon h, and the corresponding p-value. The second line reports the standard error and the
p-value from the bootstrap approach. The p-values are calculated for one-sided tests as described in Section 2.4.
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Table C.4: Predicting Excess Returns with Variance Premium Using E-Mini Futures

Forecast Horizon h

6 12 18 24
Coef SE p-val R? Coef SE p-val R? Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R?
Panel A: Equity Returns

vps 0.37 0.08 0.00 0.04 0.27 0.05 0.00 0.05 0.12 0.04 0.00 0.01 0.03 0.04 0.20 0.00 0.01 0.04 0.37 0.00 0.01 0.03 0.36 0.00
0.24 0.08 0.16 0.05 0.11 0.14 0.06 0.30 0.05 0.39 0.04 0.37

v;nf -0.06 049 045 0.04 -0.30 041 0.24 0.07 -0.53 0.22 0.01 0.07 -0.64 0.15 0.00 0.11 -0.58 0.12 0.00 0.12 -0.59 0.15 0.00 0.16
0.63 0.48 0.49 0.28 0.40 0.09 0.29 0.01 0.24 0.01 0.21 0.00
vp? 0.82 0.51 0.06 0.86 0.45 0.03 0.81 0.26 0.00 0.75 0.16 0.00 0.64 0.15 0.00 0.65 0.17 0.00
0.65 0.10 0.43 0.02 0.34 0.01 0.27  0.00 0.24 0.00 0.22 0.00

Panel B: High-Yield Bond Returns

vpy 0.23 0.09 099 0.04 0.03 0.04 076 0.00 -0.05 0.03 0.07 0.00 -0.07 0.03 0.01 0.03 -0.06 0.02 0.01 0.03 -0.05 0.02 0.00 0.03
0.13 0.95 0.08 0.65 0.06 0.20 0.03 0.01 0.03 0.01 0.02 0.00

vp{ -0.51 0.41 0.11 0.08 -0.70 0.23 0.00 0.08 -0.80 0.25 0.00 0.16 -0.66 0.22 0.00 0.22 -0.52 0.17 0.00 0.21 -0.47 0.16 0.00 0.24
0.34 0.05 0.27  0.00 0.21 0.00 0.15 0.00 0.13 0.00 0.11 0.00
vp? 1.02 0.37 0.00 0.80 0.28 0.00 0.76 0.27 0.00 0.55 0.21 0.00 0.43 0.17 0.01 0.40 0.16 0.01
0.35 0.00 0.23 0.00 0.18 0.00 0.14 0.00 0.13 0.00 0.12 0.00

Panel C: Investment-Grade Bond Returns

vps -0.10 0.03 0.00 0.02 -0.08 0.03 0.00 0.04 -0.04 0.01 0.00 0.02 -0.05 0.02 0.00 0.05 -0.04 0.01 0.00 0.05 -0.03 0.01 0.00 0.05
0.09 0.10 0.06 0.07 0.04 0.12 0.02 0.01 0.02 0.01 0.01 0.01

vp{ -0.46 0.18 0.01 0.05 -0.44 0.12 0.00 0.12 -0.35 0.13 0.00 0.13 -0.28 0.13 0.02 0.17 -0.23 0.11 0.02 0.17 -0.21 0.09 0.01 0.20
0.23 0.01 0.18 0.00 0.15 0.00 0.11 0.00 0.09 0.00 0.08 0.00
v;n? 0.28 0.18 0.06 0.31 0.13 0.01 0.28 0.14 0.02 0.20 0.13 0.06 0.17 0.11 0.06 0.16 0.09 0.04
0.24 0.10 0.16 0.01 0.13 0.01 0.10 0.02 0.09 0.02 0.08 0.02

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from October
1997 to August 2014. Realized variance measures are computed using 5-minute frequency data for S&P 500 E-Mini futures prices. The dependent variable is the annualized log
excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate
predictability regression with the variance premium vp¢, and a multivariate regression with the good and bad variance premia, Upg and vp’t’, as predictor variables. For each
coefficient, the first line reports the Newey-West standard error with three more lags than the forecast horizon h, and the corresponding p-value. The second line reports the

standard error and the p-value from the bootstrap approach. The p-values are calculated for one-sided tests as described in Section 2.4.
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Table C.5: Predicting Excess Returns with Variance Premium Using Expected Variance

Forecast Horizon h

6 12 18 24
Coef SE p-val R2?2 Coef SE pval R? Coef SE p-val R2 Coef SE pval R2 Coef SE p-val R2 Coef SE p-val R2?
Panel A: Equity Returns

vps 0.42 0.15 0.00 0.08 0.25 0.04 0.00 0.07 0.20 0.03 0.00 0.08 0.06 0.03 0.01 0.01 0.03 0.03 0.11 0.00 0.03 0.02 0.06 0.00
0.16 0.01 0.13 0.04 0.08 0.01 0.05 0.11 0.04 0.20 0.03 0.14

vp{ -0.57 0.63 0.18 0.10 -0.45 046 0.16 0.10 -0.48 0.21 0.01 0.14 -0.48 0.17 0.00 0.08 -048 0.14 0.00 0.09 -0.46 0.15 0.00 0.11
0.68 0.21 0.52 0.20 0.42 0.12 0.30 0.05 0.25 0.03 0.22 0.02
vp’t’ 1.35 0.61 0.01 0.91 0.40 0.01 0.84 0.18 0.00 0.58 0.16 0.00 0.51 0.14 0.00 0.50 0.15 0.00
0.61 0.01 0.42 0.01 0.33 0.00 0.24 0.01 0.21 0.01 0.19 0.00

Panel B: High-Yield Bond Returns

vpy 0.41 0.07 1.00 0.23 0.17 0.03 1.00 0.08 0.08 0.02 1.00 0.03 -0.01 0.02 0.25 0.00 -0.02 0.01 0.10 0.00 -0.02 0.01 0.07 0.00
0.08 1.00 0.07 0.99 0.04 0.97 0.03 0.34 0.02 0.16 0.02 0.12

vp{ 0.14 0.39 0.64 0.23 -0.54 0.25 0.01 0.17 -0.63 0.23 0.00 0.17 -0.56 0.21 0.00 0.17 -0.48 0.17 0.00 0.19 -0.44 0.15 0.00 0.21
0.35 0.67 0.27 0.01 0.22 0.00 0.16 0.00 0.13 0.00 0.11 0.00
v;n’t’ 0.67 0.29 0.01 0.85 0.20 0.00 0.76 0.23 0.00 0.51 0.21 0.01 0.42 0.17 0.01 0.38 0.16 0.01
0.31 0.01 0.22 0.00 0.17 0.00 0.13 0.00 0.11  0.00 0.10 0.00

Panel C: Investment-Grade Bond Returns

vps 0.13 0.05 1.00 0.06 -0.03 0.01 0.02 0.00 0.00 0.01 0.53 0.00 -0.03 0.01 0.00 0.03 -0.02 0.01 0.00 0.02 -0.02 0.01 0.00 0.03
0.06 0.97 0.05 0.27 0.03 0.51 0.02 0.05 0.01 0.05 0.01 0.02

vp{ -0.24 0.17 0.08 0.09 -0.44 0.12 0.00 0.10 -0.29 0.13 0.01 0.10 -0.27 0.12 0.02 0.15 -0.22 0.10 0.02 0.15 -0.21 0.09 0.01 0.19
0.25 0.13 0.20 0.01 0.16 0.02 0.11 0.00 0.10 0.01 0.08 0.00
vp’t’ 0.48 0.17 0.00 0.36 0.11 0.00 0.27 0.13 0.02 0.20 0.12 0.05 0.17 0.11 0.06 0.15 0.09 0.04
0.23 0.01 0.16 0.01 0.12 0.01 0.09 0.01 0.08 0.01 0.07 0.01

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. The variance premia are computed using predicted values from the 12-month rolling regressions of the corresponding realized variance measure on lagged
good and bad implied and realized variances. The dependent variable is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the table
shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate predictability regression with the variance premium wvp¢, and a multivariate regression
with the good and bad variance premia, Upg and Uplt), as predictor variables. For each coefficient, the first line reports the Newey-West standard error with three more lags than
the forecast horizon h, and the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap approach. The p-values are calculated for

one-sided tests as described in Section 2.4.
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Table C.6: Predicting Excess Returns with Variance Premium and Implied Skewness

Forecast Horizon h

1 3 6 12 18 24
Coef SE p-val R? Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R?
Panel A: Equity Returns

vp] -0.02 0.44 0.49 0.03 -0.38 0.37 0.15 0.07 -0.60 0.25 0.01 0.06 -0.71 0.20 0.00 0.10 -0.57 0.17 0.00 0.08 -0.53 0.19 0.00 0.10
0.64 0.51 0.49 0.22 0.39 0.06 0.29 0.01 0.26 0.01 0.23 0.01
Uplt) 0.74 0.48 0.06 0.94 0.42 0.01 0.87 0.28 0.00 0.81 0.20 0.00 0.63 0.18 0.00 0.59 0.21 0.00
0.67 0.13 0.45 0.02 0.36  0.01 0.30 0.00 0.27 0.01 0.25 0.01
skewy -2.79 8.27 0.37 -5.25 7.95 0.25 -6.68 7.09 0.17 -9.91 591 0.05 -5.74 6.20 0.18 -3.24 5.50 0.28
8.68 0.37 7.40 0.23 7.25 0.17 6.66 0.07 5.99 0.17 5.50 0.28

Panel B: High-Yield Bond Returns

vpy -0.35 0.36 0.17 0.06 -0.63 0.22 0.00 0.08 -0.69 0.22 0.00 0.14 -0.57 0.18 0.00 0.21 -0.41 0.14 0.00 0.23 -0.38 0.14 0.00 0.27
0.33 0.13 0.25 0.00 0.20 0.00 0.15 0.00 0.14 0.00 0.12 0.00
vplt’ 0.85 0.35 0.01 0.75 0.26 0.00 0.67 0.26 0.00 0.48 0.20 0.01 0.35 0.16 0.02 0.33 0.16 0.02
0.35 0.01 0.23 0.00 0.19 0.00 0.16 0.00 0.14 0.01 0.13 0.01
skew; 0.45 5.24 0.53 2.57 5.55 0.68 2.86 4.24 0.75 2.39 3.46 0.76 4.64 3.49 0.91 4.50 299 0.93
4.46 0.55 3.79 0.77 3.71 0.79 3.42 0.77 3.07 0.94 2.81 0.95

Panel C: Investment-Grade Bond Returns

Upf -0.42 0.19 0.01 0.04 -0.43 0.11 0.00 0.12 -0.31 0.12 0.00 0.14 -0.22 0.11 0.02 0.22 -0.15 0.09 0.04 0.27 -0.15 0.08 0.02 0.31
0.25 0.03 0.18 0.00 0.15 0.01 0.11 0.02 0.10 0.05 0.09 0.04
vplt’ 0.28 0.19 0.08 0.33 0.13 0.00 0.26 0.13 0.03 0.15 0.12 0.10 0.10 0.10 0.15 0.12 0.09 0.09
0.26 0.12 0.17 0.02 0.13 0.02 0.11 0.08 0.10 0.14 0.09 0.10
skewy 1.45 3.64 0.65 0.87 2.76 0.62 1.75 2.14 0.79 3.21 1.74 0.97 4.18 1.70 0.99 3.49 1.44 0.99
3.25 0.71 2.76  0.67 2.71 0.78 2.49 0.92 2.23  0.98 2.05 0.96

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. The dependent variable is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient
(Coef), the standard errors (SE), and p-values for a multivariate regression with the good and bad variance premia, Upf and vp?, and risk-neutral skewness, skew, as predictor
variables. For each coefficient, the first line reports the Newey-West standard error with three more lags than the forecast horizon h, and the corresponding p-value. The second
line reports the standard error and the p-value from the bootstrap approach. The p-values are calculated for one-sided tests as described in Section 2.4.
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Table C.7:

Predicting Excess Returns with Variance Premium and Skewness Risk Premium

Forecast Horizon h

1 6 12 24
Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R?2 Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R?
Panel A: Equity Returns

vpf{ -0.01 043 049 0.03 -0.31 0.36 0.19 0.07 -049 022 0.01 005 -0.56 0.17 0.00 0.07 -0.50 0.15 0.00 0.08 -0.50 0.17 0.00 0.10
0.62 0.50 0.49 0.26 0.40 0.11 0.30 0.03 0.26 0.02 0.23 0.01
vp? 0.73 0.49 0.07 0.88 0.42 0.02 0.76 0.27 0.00 0.66 0.19 0.00 0.56 0.17 0.00 0.56 0.19 0.00
0.65 0.13 0.44 0.02 0.35 0.01 0.29 0.01 0.26 0.01 0.24 0.01
srpe -2.46 1.96 0.10 -2.08 1.71 0.11 -1.09 1.70 0.26 -1.86 1.45 0.10 -1.69 1.15 0.07 -1.54 0.95 0.05
3.00 0.21 2.05 0.15 1.68 0.25 1.48 0.10 1.28 0.09 1.71 0.18

Panel B: High-Yield Bond Returns

vpf{ -0.37 0.39 0.17 0.06 -0.69 0.24 0.00 0.07 -0.73 0.24 0.00 0.14 -0.61 0.20 0.00 0.20 -0.49 0.16 0.00 0.20 -0.45 0.15 0.00 0.23
0.33 0.11 0.26 0.00 0.21 0.00 0.16 0.00 0.13 0.00 0.12 0.00
vpf 0.86 0.37 0.01 0.80 0.30 0.00 0.71 0.28 0.01 0.52 0.22 0.01 0.42 0.18 0.01 0.40 0.17 0.01
0.34 0.01 0.23 0.00 0.18 0.00 0.15 0.00 0.14 0.00 0.13 0.00
srps -0.39 1.25 0.38 -0.16 1.29 0.45 0.77 0.99 0.78 0.30 0.83 0.64 0.39 0.74 0.70 0.29 0.66 0.67
1.57 0.43 1.07 0.46 0.88 0.82 0.77 0.66 0.67 0.73 0.89 0.64
4.46 0.55 3.79 0.77 3.71 0.79 3.42  0.77 3.07 0.94 2.81 0.95

Panel C: Investment-Grade Bond Returns

vpf -0.44 0.18 0.01 0.04 -045 0.11 0.00 0.12 -0.33 0.12 0.00 0.13 -0.27 0.12 0.01 0.18 -0.22 0.10 0.01 0.18 -0.21 0.08 0.01 0.22
0.24 0.02 0.18 0.00 0.15 0.01 0.11  0.00 0.10 0.01 0.09 0.01
vp? 0.30 0.18 0.05 0.35 0.13 0.00 0.28 0.14 0.02 0.20 0.13 0.06 0.17 0.11 o0.07 0.17 0.09 0.04
0.25 0.09 0.16 0.01 0.13 0.01 0.11 0.03 0.10 0.04 0.09 0.03
srpe  0.44 0.79 0.71 -0.09 0.62 0.44 0.56 0.51 0.86 0.45 0.49 0.82 0.42 0.50 0.80 0.25 044 0.72
1.12 0.68 0.77 0.49 0.63 0.84 0.55 0.82 0.48 0.84 0.64 0.68

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. The dependent variable is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient
(Coef), the standard errors (SE), and p-values for a multivariate regression with the good and bad variance premia, Upg and vp?, and the difference between risk-neutral and
realized skewness measures, srp, as predictor variables. For each coefficient, the first line reports the Newey-West standard error with three more lags than the forecast horizon
h, and the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap approach. The p-values are calculated for one-sided tests as

described in Section 2.4.
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Figure 1: Implied Variance
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This figure shows the time series of implied variance measures from January 1996 to August 2014.
The top panel plots the total implied variance, and the bottom panel depicts good (solid line)
and bad (dashed line) implied variances. Measures of implied variance are in units of volatility in
percent squared divided by 12.
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Figure 2: Realized Variance
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This figure shows the time series of realized variance measures from January 1996 to August 2014.
The top panel plots the total realized variance, and the bottom panel depicts good (solid line)
and bad (dashed line) realized variances. Measures of realized variance are in units of volatility in
percent squared divided by 12.
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Figure 3: Variance Premium

—p,

| | | | | | | | | | | | | | | | | |
-400
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

50 I I I I I

—plHl

b
- -p,

| | | | | | | | | | | | | | | | | |
1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

-220

This figure shows the time series of variance premium measures from January 1996 to August 2014.
The top panel plots the total variance premium, and the bottom panel depicts good (solid line)
and bad (dashed line) variance premia. Measures of variance premium are equal to the difference
between the corresponding implied and realized variance measures.
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Figure 4: Predicted 1-Year Excess Returns in the Data
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This figure plots the predicted one-year excess aggregate equity returns implied by the predic-
tive regressions. The solid line (ER;) corresponds to a univariate specification using the total
variance premium. The dotted line (E'R5) corresponds to a multivariate specification using the
good and bad variance premia jointly. The dashed line (E'R3) corresponds to the multivariate

constrained predictability regression using the good and bad variance premia. The values are in
annual percentage terms.
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Figure 5: Predicted Excess Returns in the Data and Equity Premium in the Model
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This figure plots the predicted one-year excess aggregate equity returns implied by the constrained
regression on the good and bad variance premia (data) and the equity premium implied by the
model given the observed good and bad variance premia (model).

percentage terms.
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Table 1: Summary Statistics for Variance Variables

Mean SD  AR(1)

Panel A: Full Sample

rvf  16.19 25.08  0.62
iwf 13.59 10.74  0.81
vp! -2.60 17.83 0.35
ro? 1639 26.64  0.57
iw?  25.82 19.06  0.81
vp? 943 1620 0.16
rv;, 3258 51.47  0.60
iv, 3941 29.60 0.81
vp;  6.83  32.87 0.24

Panel B: Excluding the Crisis

rof  12.80 12.12  0.57
i 12.00 7.63  0.76
vp! -0.79 839  0.02
ro? 1276 12.86  0.54
i’ 23.04 14.04  0.75
vp?  10.28 8.97  0.14
rv; 2556 24.51  0.58
iv, 35.05 21.37 0.75
vpy 949 1558 -0.04

This table shows the summary statistics for realized and implied variance measures, variance
premium, and their good and bad components. Panel A presents the results for the benchmark
sample from January 1996 to August 2014. Panel B omits the Great Recession period (from
December 2007 to June 2009). Measures of implied variance are in units of volatility in percent
squared divided by 12.
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Table 2: Correlation Matrix of Variance Variables

il vl wp! ol b wpd iy Uy

Panel A: Full Sample

rvf  0.79

vp! -0.51 -0.93

w?  0.97  0.78 -0.52

ro? 0.80 0.98 -0.90 0.80

vp? -0.18 -0.69 0.87 -0.14 -0.71

iy 099 0.79 -0.52 0.99 0.80 -0.15

ro,  0.80 0.99 -0.92 0.80 0.99 -0.70 0.80

vp, -0.37 -0.84 097 -0.35 -0.83 0.96 -0.36 -0.84

Panel B: Excluding the Crisis

rvf  0.73

vp! -0.14 -0.78

Wb 095 072 -0.18

T’Uf 0.79 093 -0.62 0.78

Up? 0.35 -0.20 0.61 0.44 -0.21

we 098  0.73 -0.17 099 0.79 0.41

rvg  0.77 098 -0.71 0.77 098 -0.21 0.78

vp,  0.12 -0.54 089 0.16 -0.46 0.90 0.15 -0.51

This table shows the correlations between the realized and implied variance measures, variance
premium, and their good and bad components. Panel A presents the results for the benchmark
sample from January 1996 to August 2014. Panel B omits the Great Recession period (from
December 2007 to June 2009). Measures of implied variance are in units of volatility in percent
squared divided by 12.
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Table 3: Predicting Aggregate Returns with Variance Premium

Forecast Horizon h

1 3 6 12 18 24

Coef SE p-val R2? Coef SE pval R2? Coef SE p-val R2 Coef SE p-val R2 Coef SE p-val R?2 Coef SE p-val R2?

Panel A: Equity Returns

vps 0.35 0.07 0.00 0.04 0.26 0.05 0.00 0.06 0.11 0.04 0.00 0.01 0.03 0.03 0.21 0.00 0.01 0.03 0.38 0.00 0.01 0.03 0.37 0.00
0.23 0.08 0.15 0.05 0.10 0.14 0.06 0.31 0.04 0.39 0.04 0.38

vp{ 0.04 044 054 0.04 -0.27 0.37 0.23 0.07 -047 0.23 0.02 0.05 -0.52 0.16 0.00 0.07 -0.47 0.14 0.00 0.07 -0.47 0.17 0.00 0.09

0.63 0.54 0.50 0.30 0.40 0.12 0.30 0.04 0.26 0.03 0.23 0.02
vp?  0.69 0.49 0.08 0.85 0.42 0.02 0.75 0.27 0.00 0.64 0.18 0.00 0.54 0.16 0.00 0.54 0.19 0.00
0.66 0.14 0.44 0.03 0.35 0.02 0.29 0.01 0.26 0.02 0.24 0.01

Panel B: High-Yield Bond Returns

vpy 0.22 0.09 099 0.04 0.02 0.03 074 0.00 -0.05 0.03 0.03 0.00 -0.07 0.02 0.00 0.04 -0.06 0.02 0.00 0.04 -0.05 0.02 0.00 0.04
0.12 0.95 0.08 0.64 0.05 0.16 0.03 0.01 0.02 0.00 0.02 0.00

vp{ -0.36 0.40 0.18 0.07 -0.68 0.26 0.00 0.08 -0.75 0.25 0.00 0.14 -0.61 0.21 0.00 0.20 -0.49 0.17 0.00 0.20 -0.46 0.15 0.00 0.24

0.33 0.11 0.26  0.00 0.21  0.00 0.16 0.00 0.13 0.00 0.12 0.00
vp?  0.86 0.37 0.01 0.80 0.30 0.00 0.72 0.29 0.01 0.52 0.23 0.01 0.42 0.18 0.01 0.40 0.17 0.01
0.34 0.00 0.23 0.00 0.19 0.00 0.15 0.00 0.14 0.00 0.12 0.00

Panel C: Investment-Grade Bond Returns

vpt -0.09 0.03 0.00 0.02 -0.07 0.02 0.00 0.04 -0.04 0.01 0.00 0.02 -0.05 0.01 0.00 0.06 -0.04 0.01 0.00 0.06 -0.03 0.01 0.00 0.06
0.09 0.11 0.06 0.07 0.04 0.11 0.02 0.01 0.02 0.01 0.01 0.00

vp{ -0.45 0.18 0.01 0.05 -0.45 0.11 0.00 0.12 -0.34 0.13 0.00 0.13 -0.28 0.12 0.01 0.18 -0.23 0.10 0.01 0.18 -0.22 0.09 0.01 0.22

0.24 0.02 0.19 0.00 0.15 0.01 0.11 0.00 0.10 0.01 0.09 0.00
v;n’t’ 0.30 0.18 0.05 0.35 0.14 0.00 0.29 0.15 0.02 0.21 0.13 0.06 0.17 0.11 0.06 0.17 0.09 0.04
0.25 0.09 0.16 0.01 0.13 0.01 0.11 0.02 0.10 0.03 0.09 0.02

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014. The dependent variable is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient
(Coef), the standard errors (SE), and the p-values for a univariate predictability regression with the variance premium vp¢, and a multivariate regression with the good and bad
variance premia, vpf and vplt’7 as predictor variables. For each coefficient, the first line reports the Newey-West standard error with three more lags than the forecast horizon h, and
the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap approach. The p-values are calculated for one-sided tests as described
in Section 2.4.
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Table 4: Predictability in the Cross-Section of Portfolios

Size Book-to-Market Industry

3 12 24 3 12 24 3 12 24
Coef R?2 Coef R?2 Coef R? Coef R? Coef R? Coef R? Coef R?2 Coef R? Coef R2

vps Min 0.23 0.03 000 0.00 -0.01 000 0.18 0.03 -0.01 0.00 -0.01 0.00 0.12 0.01 -0.01 0.00 -0.05 0.00
Med 0.28 0.04 0.02 0.00 0.00 0.00 028 0.06 0.02 000 0.00 0.00 021 0.03 0.02 0.00 0.01 0.00
Max 033 0.06 0.03 0.00 0.01 0.00 048 0.16 0.05 0.00 0.02 0.00 043 0.11 0.04 0.00 0.02 0.00

p-val  0.08 0.52 0.62 0.01 0.42 0.61 0.08 0.71 0.81

vp/ Min -0.31 0.04 -0.81 0.05 -0.72 0.07 -0.71 0.04 -0.74 0.01 -0.59 0.06 -1.05 001 -1.14 0.00 -0.84 0.02
Med -0.24 0.05 -0.63 0.08 -0.63 0.19 0.02 0.07 -0.37 0.03 -0.43 0.09 -0.16 0.06 -040 0.05 -0.44 0.08
Max -0.19 0.08 -0.48 0.10 -0.42 0.23 054 0.15 -020 0.10 -0.34 0.15 043 0.11 0.02 011 -0.22 0.15

p-val  0.47 0.04 0.02 0.20 0.04 0.03 0.19 0.02 0.03
vp?  Min  0.77 0.57 0.49 0.34 0.30 0.40 -0.07 0.03 0.29
Med 0.83 0.74 0.69 0.62 0.45 0.50 0.63 0.48 0.48
Max 0.94 0.91 0.80 1.25 0.86 0.65 1.63 1.30 0.82
p-val  0.09 0.02 0.02 0.01 0.01 0.02 0.02 0.01 0.04

This table presents predictability regression evidence for a cross-section of equity returns from January 1996 to August 2014. The dependent variable
is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). The table shows the minimum, median, and maximum values of
the coefficient (Coef) and the joint p-values for a univariate predictability regression with the variance premium vp;, and a multivariate regression with
the good and bad variance premia, vp{ and vp?, as predictor variables among ten size, book-to-market, and industry portfolios. The joint p-values are
computed as described in Appendix A.2.
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Table 5: Predicting Excess Returns with Variance Premium Excluding the Great Recession

Forecast Horizon h

1 3 6 12 18 24

Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R? Coef SE p-val RZ?

Panel A: Equity Returns

vp; 039 0.29 0.09 001 0.28 0.14 0.02 0.02 0.20 0.10 0.02 0.02 0.14 0.07 0.03 0.01 0.13 0.08 0.06 0.01 0.12 0.07 0.04 0.01
0.31 0.11 0.16 0.04 0.11 0.04 0.08 0.04 0.06 0.01 0.06 0.02

vp{ -0.01 0.65 0.49 0.01 -0.50 0.43 0.13 0.05 -0.33 0.27 0.11 0.05 -0.37 0.14 0.00 0.06 -0.34 0.17 0.02 0.06 -0.33 0.19 0.04 0.07

0.70  0.49 0.51 0.15 0.39 0.18 0.28 0.08 0.24 0.07 0.21 0.05
vp?  0.76 0.45 0.05 1.00 0.36 0.00 0.69 0.27 0.01 0.61 0.19 0.00 0.57 0.19 0.00 0.53 0.23 0.01
0.64 0.11 0.47 0.01 0.39 0.03 0.33 0.03 0.29 0.02 0.26 0.02

Panel B: High-Yield Bond Returns

vpy -0.03 0.16 0.42 0.00 0.07 0.07 0.83 0.00 0.02 0.07 0.61 0.00 0.01 0.05 0.54 0.00 0.02 0.05 0.67 0.00 0.02 0.04 0.67 0.00
0.15 0.42 0.08 0.83 0.05 0.64 0.04 0.56 0.03 0.78 0.03 0.73

vp{ -0.44 0.28 0.06 0.01 -0.44 0.14 0.00 0.06 -0.40 0.17 0.01 0.07 -0.31 0.18 0.04 0.06 -0.24 0.17 0.08 0.04 -0.26 0.16 0.05 0.07

0.33 0.08 0.24 0.02 0.19 0.01 0.14 0.01 0.12 0.02 0.10 0.00
vp? 0.34 0.25 0.09 0.54 0.21 0.01 0.40 0.19 0.02 0.30 0.18 0.05 0.26 0.17 0.06 0.28 0.18 0.07
0.31 0.12 0.23 0.01 0.18 0.01 0.16 0.03 0.14 0.03 0.13 0.01

Panel C: Investment-Grade Bond Returns

vpsy -0.06 0.07 0.22 0.00 -0.02 0.03 0.32 0.00 -0.03 0.03 0.18 0.00 0.00 0.02 049 -0.01 0.00 0.02 0.45 -0.01 0.01 0.02 0.63 0.00
0.11 0.33 0.06 0.40 0.04 0.27 0.03 0.49 0.02 0.44 0.02 0.63

vp{ -0.32 0.20 0.05 0.01 -0.31 0.11 0.00 0.05 -0.20 0.13 0.06 0.04 -0.11 0.12 0.18 0.02 -0.09 0.10 0.18 0.02 -0.12 0.09 0.09 0.05

0.25 0.09 0.18 0.03 0.14 0.06 0.10 0.13 0.09 0.13 0.08 0.06
Upi7 0.18 0.19 0.16 0.25 0.12 0.02 0.14 0.11 0.11 0.10 0.12 0.21 0.08 0.11 0.23 0.12 0.10 0.12
0.23 0.19 0.17 0.05 0.14 0.15 0.12 0.19 0.11 0.22 0.10 0.10

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014, omitting the Great Recession (from December 2007 to June 2009). The dependent variable is the annualized log excess return over the next h months
(h=1,3,6,12,18,24). For each asset, the table shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate predictability regression with the variance
premium vp¢, and a multivariate regression with the good and bad variance premia, Upg and vp’t’, as predictor variables. For each coefficient, the first line reports the Newey-West
standard error with three more lags than the forecast horizon h, and the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap
approach. The p-values are calculated for one-sided tests as described in Section 2.4.
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Table 6: Predicting Excess Returns with Variance Premium in a Longer Sample

Forecast Horizon h

1 3 6 12 18 24

Coef SE p-val R2? Coef SE p-val R2 Coef SE p-val R2 Coef SE p-val R2 Coef SE p-val R2 Coef SE p-val R2?

Panel A: Equity Returns

vps 0.42 0.29 0.07 001 0.34 0.15 0.01 0.03 0.24 0.10 0.01 0.03 0.15 0.08 0.03 0.02 0.13 0.09 0.07 0.02 0.11 0.07 0.07 0.01
0.33 0.10 0.17 0.02 0.12 0.02 0.09 0.04 0.07 0.03 0.06 0.04

vp{ -0.19 0.65 0.38 0.01 -0.75 0.41 0.03 0.10 -0.56 0.27 0.02 0.11 -047 0.16 0.00 0.11 -0.35 0.14 0.01 0.10 -0.25 0.14 0.04 0.06

0.76 0.40 0.53 0.07 0.39 0.07 0.27 0.03 0.22  0.05 0.19 0.09
vp?  0.98 0.49 0.02 1.36 0.40 0.00 0.98 0.31 0.00 0.73 0.23 0.00 0.59 0.21 0.00 0.44 0.21 0.02
0.70 0.07 0.52  0.00 0.40 0.00 0.33 0.01 0.30 0.02 0.26 0.04

Panel B: High-Yield Bond Returns

vps -0.04 0.16 041 0.00 0.12 0.09 092 0.01 0.06 0.08 0.76 0.00 0.03 0.06 0.68 0.00 0.03 0.06 0.72 0.00 0.02 0.04 0.68 0.00
0.16 0.42 0.08 0.93 0.06 0.85 0.04 0.76 0.03 0.85 0.03 0.75

vp{ -0.75 0.44 0.04 0.03 -0.77 0.27 0.00 0.16 -0.65 0.25 0.00 0.16 -0.46 0.19 0.01 0.14 -0.31 0.16 0.03 0.10 -0.26 0.14 0.03 0.08

0.37 0.02 0.26 0.00 0.19 0.00 0.13 0.00 0.11  0.00 0.09 0.00
vp?  0.63 0.38 0.05 0.95 0.36 0.00 0.72 0.31 0.01 0.48 0.23 0.02 0.36 0.19 0.03 0.29 0.17 0.05
0.35 0.03 0.26  0.00 0.20 0.00 0.16 0.00 0.14 0.01 0.13 0.01

Panel C: Investment-Grade Bond Returns

vpt -0.06 0.08 0.22 0.00 0.00 0.04 049 -0.01 -0.01 0.04 0.38 0.00 0.01 0.03 0.60 0.00 0.00 0.02 0.50 -0.01 0.01 0.02 0.62 -0.01
0.11 0.31 0.06 0.49 0.04 0.39 0.03 0.60 0.02 0.49 0.02 0.62

vp{ -0.36 0.21 0.04 0.01 -040 0.15 0.00 0.09 -0.30 0.17 0.04 0.09 -0.16 0.13 0.11 0.06 -0.12 0.12 0.14 0.04 -0.11 0.09 0.11 0.05

0.26 0.07 0.18 0.01 0.13 0.01 0.09 0.03 0.08 0.05 0.06 0.05
Uplt) 0.22 0.21 0.14 0.37 0.17 0.01 0.26 0.18 0.07 0.17 0.16 0.14 0.12 0.13 0.19 0.11 0.11 0.15
0.24 0.16 0.18 0.01 0.14 0.02 0.11 0.07 0.10 0.12 0.09 0.10

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1988 to August 2014. The dependent variable is the annualized log excess return over the next h months (h = 1,3,6,12,18,24). For each asset, the table shows the coefficient
(Coef), the standard errors (SE), and the p-values for a univariate predictability regression with the variance premium vp¢, and a multivariate regression with the good and bad
variance premia, vpf and vplt’7 as predictor variables. For each coefficient, the first line reports the Newey-West standard error with three more lags than the forecast horizon h, and
the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap approach. The p-values are calculated for one-sided tests as described
in Section 2.4.
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Table 7: Predicting Excess Returns with Variance Premium with Constrained Regression

Forecast Horizon h

1 3 6 12 18 24

Coef SE p-val R? Coef SE p-val R? Coef SE p-val R? Coef SE p-val R?2 Coef SE p-val R? Coef SE p-val R?

Panel A: Equity Returns

vps 0.02 0.24 047 0.00 0.02 0.17 046 0.00 0.01 0.05 039 0.00 0.01 0.03 030 0.00 0.01 0.03 0.40 0.00 0.01 0.03 0.37 0.00
0.08 0.18 0.07 0.17 0.05 0.18 0.04 0.17 0.03 0.28 0.02 0.26

vp{ -0.37 0.67 029 0.00 -0.53 0.54 0.17 0.03 -0.50 0.24 0.02 0.05 -0.44 0.18 0.01 0.06 -0.41 0.16 0.01 0.06 -0.39 0.19 0.02 0.09

0.34 0.33 0.30 0.14 0.26 0.11 0.21 0.07 0.19 0.06 0.17 0.04
vp? 045 0.46 0.16 0.63 0.38 0.05 0.59 0.28 0.02 0.52 0.21 0.01 0.48 0.19 0.00 0.46 0.22 0.02
0.33 0.17 0.28 0.05 0.24 0.03 0.21 0.03 0.20 0.03 0.19 0.02

Panel B: High-Yield Bond Returns

vp; 0.01 0.22 052 0.00 0.01 0.03 066 0.00 -0.05 0.03 0.04 0.00 -0.08 0.02 0.00 0.04 -0.06 0.02 0.00 0.04 -0.05 0.02 0.00 0.04
0.05 0.87 0.04 0.86 0.03 0.16 0.02 0.00 0.02 0.00 0.01 0.00

vp{ -0.46 0.49 0.17 0.03 -048 0.28 0.04 0.07 -0.52 0.30 0.04 0.13 -0.48 0.25 0.03 0.19 -044 0.18 0.01 0.21 -042 0.17 0.01 0.25

0.20 0.05 0.16 0.02 0.14 0.00 0.11 0.00 0.10 0.00 0.09 0.00
vp?  0.55 0.41 0.09 0.56 0.33 0.04 0.48 0.33 0.07 0.38 0.27 0.08 0.36 0.20 0.04 0.36 0.19 0.03
0.20 0.01 0.16 0.00 0.14 0.00 0.12  0.00 0.11  0.00 0.10 0.00

Panel C: Investment-Grade Bond Returns

vpy -0.08 0.03 0.01 0.02 -0.07 0.02 0.00 0.04 -0.04 0.01 0.00 0.03 -0.05 0.01 0.00 0.06 -0.04 0.01 0.00 0.06 -0.03 0.01 0.00 0.06
0.03 0.06 0.03 0.03 0.02 0.09 0.01 0.01 0.01 0.01 0.01 0.00

vp{ -0.39 0.17 0.01 0.05 -0.37 0.12 0.00 0.12 -0.33 0.14 0.01 0.13 -0.30 0.13 0.01 0.19 -0.25 0.10 0.01 0.20 -0.24 0.09 0.00 0.24

0.13 0.02 0.11 0.01 0.10 0.01 0.08 0.00 0.07 0.00 0.06 0.00
vp?  0.24 0.17 0.08 0.27 0.15 0.03 0.28 0.16 0.04 0.23 0.14 0.04 0.20 0.12 0.05 0.20 0.09 0.02
0.13 0.08 0.11 0.03 0.09 0.01 0.08 0.01 0.08 0.02 0.07 0.01

This table presents predictability regression evidence for equity returns (Panel A), high-yield bond returns (Panel B), and investment-grade bond returns (Panel C) from January
1996 to August 2014 using the constrained regression approach described in Section 2.5. The dependent variable is the annualized log excess return over the next h months
(h=1,3,6,12,18,24). For each asset, the table shows the coefficient (Coef), the standard errors (SE), and the p-values for a univariate predictability regression with the variance
premium vp¢, and a multivariate regression with the good and bad variance premia, Upg and vp’t’, as predictor variables. For each coefficient, the first line reports the Newey-West
standard error with three more lags than the forecast horizon h, and the corresponding p-value. The second line reports the standard error and the p-value from the bootstrap
approach. The p-values are calculated for one-sided tests as described in Section 2.4.



Table 8: Calibration

Parameter Values

v 10
o] 0.00001
1 0.0016
kic 0.05
Hic 0.0015
K 0.36
ki 0.1
J175Y 0.12
Tix 1.07
hd 0.0016
0] 5
Statistics for \;
E[\] 0.58
a(\:) 1.26
AR(1) 0.81

This table shows the parameter values for the benchmark calibration of the model. The parameter
values are expressed at a monthly frequency. The calibration parameters for good and bad jumps,
i = g,b, are identical. The bottom panel shows the mean, volatility, and an AR(1) coefficient for
the good and bad jump intensities implied by the model calibration.
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Table 9: Macroeconomic and Equity Market Moments in the Data and Model

o(Ac) E[Ad] o(Ad) Elr—rf] o(r) E}rf] o))
Data 1.58 3.86 9.83 5.62 19.74  0.24 1.92

(0.33) (2.13) (1.39) (4.39) (3.05) (0.71) (0.21)
50% 2.38 1.97  11.97 5.33 16.06  1.35 2.08
5% 097 -598  4.85 -1.35 749  -0.19  0.95
95% 5.05 9.61  25.26 12.14 31.20  2.35 4.62
Population 2.99 1.88  14.98 5.36 18.87 1.25 2.65

This table shows the moments of the consumption, dividend, equity return, and risk-free rate in
the data and in the model. Data moments correspond to annual observations from 1996 to 2014.
Standard errors are Newey-West adjusted with three lags. Model output is computed from a long
simulation of the model (population), and using 10,000 samples with length of 18 years each. The
model is simulated at a monthly frequency and time-aggregated to an annual frequency. The
values are in percentage terms.
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Table 10: Variance Moments in the Data and Model

E[rvy] Elivg] Elvp,] Elrvy Elivy] Evps] E[rv] Eliv] Elvp

Data 16.19 13.60 -2.60 1639 2582 943 3258 3941  6.83
(3.27) (1.83) (1.67) (3.45) (3.22) (1.37) (6.71) (5.00) (2.70)

50% 14.85 1211 -2.60 1590 23.01 7.12 30.98  35.21 4.41
5% 8.77 7.09  -5.45 8.12 11.55 3,44 17.85 1941  -0.07
95% 25.32 2075 -1.25 3247 4760 15.04 56.02 67.56  12.53

Population 15.67 1280 -2.87 1749 2537 7.89 33.15  38.17 5.02

o(rvg) o(ivg) o(vpy) o(rv) ofivy) o(vpy) o(rv) o(w)  o(vp)

Data 25.08 10.74 17.83 26.64 19.06 1620 51.47 29.60  32.87
(8.80) (2.30) (6.57) (9.34) (3.82) (5.38) (18.20) (6.15) (12.16)

50% 21.27 1746  5.09  29.22 43.13 1392 4719 5821  15.38
5% 1241  10.13 247 1430 21.02  6.76 26.09  30.18 8.40
95% 37.54 31.64 10.57 61.55 90.90 29.35 92.16 119.86 30.03

Population 24.22 20.16 6.26 36.33 53.61 1730 56.48 71.54 1841

This table shows the moments of the realized and implied variance measures and the variance
premia, and their good and bad components in the data and in the model. Data moments corre-
spond to monthly observations from 1996 to 2014. Standard errors are Newey-West adjusted with
ten lags. Model output is computed from a long simulation of the model (population), and using
10,000 samples with length of 18 years each. The model is simulated at a monthly frequency and
time-aggregated to an annual frequency. Measures of variance are in units of volatility in percent
squared divided by 12.
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Table 11: Predictability Regressions in the Model

Forecast Horizon h

1 3 6 12 18 24
Panel A: Univariate Predictability
vp  50% 0.38 032 025 0.16 0.12 0.10
5% -0.49 -0.45 -0.38 -0.28 -0.22 -0.18
95% 1.35 098 0.68 0.42 0.32 0.27
Population 0.17 0.14 0.10 0.06 0.05 0.04
R?  50% 0.01 0.03 0.04 004 0.04 0.04
5% 0.00 0.00 0.00 0.00 0.00 0.00
95% 0.10 0.21 028 029 029 0.28
Population 0.00 0.00 0.01 0.00 0.00 0.00
Panel B: Multivariate Predictability
vp?  50% -0.39 -0.27 -0.16 -0.07 -0.04 -0.01
5% -2.714 -2.20 -1.70 -1.14 -0.86 -0.69
95% 1.93 151 1.17 081 0.66 0.58
Population -0.72 -0.59 -0.46 -0.29 -0.21 -0.16
vp®  50% 0.62 050 0.37 023 0.16 0.12
5% -0.29 -0.26 -0.23 -0.17 -0.14 -0.12
95% 1.79 124 083 051 039 0.33
Population 0.29 0.23 0.18 0.11 0.08 0.06
R?  50% 0.04 0.08 0.10 0.09 0.08 0.08
5% 0.00 0.01 0.01 0.01 0.01 0.01
95% 0.14 028 034 036 034 0.33
Population 0.01 0.02 0.03 0.02 0.02 0.02

This table shows the model-implied slope coefficients and the R2s in the regressions of future excess
equity returns at horizons from 1 month to 2 years on the total variance premium (Panel A) and
the good and bad variance premia (Panel B). Model output is computed from a long simulation
of the model (population), and using 10,000 samples with length of 18 years each. The model is
simulated at a monthly frequency and time-aggregated to an annual horizon.
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