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Risk, Uncertainty, and Expected Returns

Turan G. Bali and Hao Zhou∗

Abstract

A conditional asset pricing model with risk and uncertainty implies that the time-varying
exposures of equity portfolios to the market and uncertainty factors carry positive risk
premia. The empirical results from the size, book-to-market, momentum, and industry
portfolios indicate that the conditional covariances of equity portfolios with market and
uncertainty predict the time-series and cross-sectional variation in stock returns. We find
that equity portfolios that are highly correlated with economic uncertainty proxied by the
variance risk premium (VRP) carry a significant annualized 8% premium relative to port-
folios that are minimally correlated with VRP.

I. Introduction

This paper investigates whether the market price of risk and the market price
of uncertainty are significantly positive and whether they predict the time-series
and cross-sectional variation in stock returns. Although the literature has so far
shown how uncertainty impacts optimal allocation decisions and asset prices, the
results have been provided based on a theoretical model.1 Earlier studies do not
pay attention to empirical testing of whether the exposures of equity portfolios
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1Although formal understanding of uncertainty and uncertainty aversion is poor, there exists a
definition of uncertainty aversion originally introduced by Schmeidler (1989) and Epstein (1999). In
recent studies, uncertainty aversion is defined for a large class of preferences and in different economic
settings by Epstein and Wang (1994), Epstein and Zhang (2001), Chen and Epstein (2002), Klibanoff,
Marinacci, and Mukerji (2005), Maccheroni, Marinacci, and Rustichini (2006), and Ju and Miao
(2012). In addition to these theoretical papers, Ellsberg’s (1961) experimental evidence demonstrates
that the distinction between risk and uncertainty is meaningful empirically because people prefer to
act on known rather than unknown or ambiguous probabilities.
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and individual stocks to uncertainty factors predict their future returns. We ex-
tend the original consumption-based asset pricing models to propose a conditional
asset pricing model with time-varying market risk and economic uncertainty.
According to our model, the premium on equity is composed of two separate
terms; the first term compensates for the standard market risk, and the second term
represents additional premium for variance risk. We test whether the time-varying
conditional covariances of equity returns with market and uncertainty factors pre-
dict the time-series and cross-sectional variation in future stock returns.

In this paper, economic uncertainty is proxied by the variance risk premia
in the U.S. equity market. Following Britten-Jones and Neuberger (2000), Jiang
and Tian (2005), and Carr and Wu (2009), we define the variance risk premium
(VRP) as the difference between expected variance under the risk-neutral mea-
sure and expected variance under the objective measure.2 We generate several
proxies for financial and economic uncertainty and then compute the correlations
between uncertainty variables and VRP. The first set of measures can be viewed
as macroeconomic uncertainty proxied by the conditional variance of the U.S.
output growth and the conditional variance of the Chicago Fed National Activity
Index (CFNAI). The second set of uncertainty measures is based on the extreme
downside risk of financial institutions obtained from the left tail of the time-series
and cross-sectional distribution of financial firms’ returns. The third uncertainty
variable is related to the health of the financial sector proxied by the credit default
swap (CDS) index. The last uncertainty variable is based on the aggregate measure
of investors’ disagreement about individual stocks trading at the New York Stock
Exchange (NYSE), American Stock Exchange (AMEX), and National Associa-
tion of Securities Dealers Automated Quotations (NASDAQ). We find that the
variance risk premium is strongly and positively correlated with all measures of
uncertainty considered in the paper. Our results indicate that VRP can be viewed
as a sound proxy for financial and economic uncertainty.

Anderson, Ghysels, and Juergens (2009) introduce a model in which the
volatility, skewness, and higher-order moments of all returns are known exactly,
whereas there is uncertainty about mean returns. In their model, investors’ uncer-
tainty in mean returns is defined as the dispersion of predictions of mean market
returns obtained from the forecasts of aggregate corporate profits. They find that
the price of uncertainty is significantly positive and explains the cross-sectional
variation in stock returns. Bekaert, Engstrom, and Xing (2009) investigate the
relative importance of economic uncertainty and changes in risk aversion in the
determination of equity prices. Distinct from the uncertainty that arises from dis-
agreement among professional forecasters, Bekaert et al. (2009) focus on eco-
nomic uncertainty proxied by the conditional volatility of dividend growth and
find that both the conditional volatility of cash flow growth and time-varying risk
aversion are important determinants of equity returns.

2Other studies (e.g., Rosenberg and Engle (2002), Bakshi and Madan (2006), Bollerslev, Gibson,
and Zhou (2011), and Bekaert, Hoerova, and Duca (2013)) interpret the difference between the im-
plied and expected volatilities as an indicator of the representative agent’s risk aversion. Bollerslev,
Tauchen, and Zhou (2009) and Drechsler and Yaron (2011) relate the variance risk premia to economic
uncertainty risk.
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Different from the aforementioned studies, we propose a conditional asset
pricing model in which economic uncertainty (proxied by VRP) plays a sig-
nificant role along with the standard market risk. After introducing a 2-factor
model with risk and uncertainty, we investigate the significance of risk-return and
uncertainty-return coefficients using the time-series and cross-sectional data. Our
empirical analyses are based on the size, book-to-market, momentum, and in-
dustry portfolios. We first use the dynamic conditional correlation (DCC) model
of Engle (2002) to estimate equity portfolios’ conditional covariances with the
market portfolio and then test whether the conditional covariances predict future
returns on equity portfolios. We find the risk-return coefficients to be positive
and highly significant, implying a strongly positive link between expected return
and market risk. Similarly, we use the DCC model to estimate equity portfolios’
conditional covariances with the variance risk premia and then test whether the
conditional covariances with VRP predict future returns on equity portfolios. The
results indicate a significantly positive market price of uncertainty. Equity port-
folios (individual stocks) that are highly correlated with uncertainty (proxied by
VRP) carry a significant premium relative to portfolios that are uncorrelated or
minimally correlated with VRP.

We also examine the empirical validity of the conditional asset pricing model
by testing the hypothesis that the conditional alphas on the size, book-to-market,
and industry portfolios are jointly 0. The test statistics fail to reject the null hy-
pothesis, indicating that the 2-factor model explains the time-series and cross-
sectional variation in equity portfolios. Finally, we investigate whether the model
explains the return spreads between the high-return (long) and low-return (short)
equity portfolios (Small–Big for the size portfolios, Value–Growth for the book-
to-market portfolios, and HiTech–Telcm for the industry portfolios). The results
from testing the equality of conditional alphas for high-return and low-return
portfolios provide no evidence of a significant alpha for the Small–Big, Value–
Growth, and HiTech–Telcm arbitrage portfolios, indicating that the 2-factor model
proposed in the paper provides both statistical and economic success in explaining
stock market anomalies. Overall, the DCC-based conditional covariances capture
the time-series and cross-sectional variation in returns on the size, book-to-market,
and industry portfolios because the essential tests of the model are passed: i) there
are significantly positive risk-return and uncertainty-return trade-offs; ii) the
conditional alphas are jointly 0; and iii) the conditional alphas for high-return
and low-return portfolios are not statistically different from each other.3 These
results are robust when using an alternative specification of the time-varying con-
ditional covariances with an asymmetric generalized autoregressive conditional
heteroskedasticity (GARCH) model, when using a larger cross section of equity
portfolios in asset pricing tests, and after controlling for a wide variety of macro-
economic variables, market illiquidity, and credit risk.4

3We find significantly positive risk-return and uncertainty-return trade-offs in the cross section
of momentum portfolios as well. However, the 2-factor model introduced in the paper rejects the
hypotheses that i) the conditional alphas on momentum portfolios are jointly 0, and ii) the conditional
alphas for winner and loser portfolios are not statistically different from each other.

4Alternatively, our empirical result on VRP may be interpreted as compensating for the rare dis-
aster risk (Gabaix (2012)), jump risk (Todorov (2010), Drechsler and Yaron (2011)), or tail risk
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Finally, we investigate the cross-sectional asset pricing performance of our
model based on the 100 size and book-to-market (BM) portfolios. Using the long–
short equity portfolios and the Fama–MacBeth (1973) regressions, we test the
significance of a cross-sectional relation between expected returns on equity port-
folios and the portfolios’ conditional covariances (or betas) with VRP. Quintile
portfolios are formed by sorting the 100 size/BM portfolios based on their VRP
betas. The results indicate that the equity portfolios in the highest VRP-beta quin-
tile generate 8% more annual raw returns and alphas compared with the equity
portfolios in the lowest VRP-beta quintile. These economically and statistically
significant return differences are also confirmed by the Fama–MacBeth cross-
sectional regressions, which produce positive and significant average slope coef-
ficients on VRP beta.

The remainder of the paper is organized as follows: Section II presents the
conditional asset pricing model with risk and uncertainty. Section III describes
the data. Section IV outlines the estimation methodology. Section V presents the
empirical results. Section VI investigates the cross-sectional asset pricing perfor-
mance of our model. Section VII concludes the paper.

II. Economic Motivation for VRP Factor

To guide our economic interpretation of the main empirical finding in the
paper, we follow the strategy of Campbell (1993), (1996) to substitute unob-
servable consumption-based measures with observable market-based measures.
Under a structural model with recursive preference and consumption uncertainty
(Bollerslev et al. (2009)), one can show that the two pricing factors (market
return and VRP) span all systematic variations in any risky assets. Our method-
ology basically follows Campbell, Giglio, Polk, and Turley (2014) by substitut-
ing out the consumption growth in the pricing kernel, and then we substitute the
unobservable economic uncertainty with the VRP.

A. Implications from Consumption-Based Asset Pricing Model

The representative agent in the economy is endowed with Epstein–Zin–Weil
recursive preferences and has the value function Vt of his or her lifetime utility as

Vt =

[
(1 − δ)C

1−γ
θ

t + δ
(

Et

[
V1−γ

t+1

]) 1
θ

] θ
1−γ

,(1)

where Ct is consumption at time t, δ denotes the subjective discount factor, γ
refers to the coefficient of risk aversion, ψ equals the intertemporal elasticity of
substitution (IES), and θ=(1−γ)/(1−1/ψ). The key assumptions are that γ > 1

(Bollerslev and Todorov (2011), Kelly (2014)). Alternatively, VRP can be generated from a habit-
formation model with sophisticated consumption dynamics (Bekaert and Engstrom (2010)). The find-
ing may also be related to the expected business conditions (Campbell and Diebold (2009)) and their
cross-sectional implications for stock returns (Goetzmann, Watanabe, and Watanabe (2009)).
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and ψ > 1, and hence θ < 0. Consequently, the natural logarithm of the pricing
kernel, mt+1 ≡ ln(Mt+1), may be expressed as

mt+1 = θ ln δ − θ

ψ
gt+1 + (θ − 1)rt+1,(2)

where rt+1 is the return on the asset that pays the consumption endowment flow.
Suppose that log consumption growth and its volatility follow the joint dy-

namics

gt+1 = μg + σg,tzg,t+1,(3)

σ2
g,t+1 = aσ + ρσσ

2
g,t +

√
qtzσ,t+1,(4)

qt+1 = aq + ρqqt + ϕq
√

qtzq,t+1,(5)

where μg > 0 denotes the constant mean growth rate, σ2
g,t+1 represents

time-varying volatility in consumption growth, and qt introduces the volatility-
uncertainty process in the consumption-growth process.5

Let wt denote the natural logarithm of the price-dividend or wealth-
consumption ratio, and conjecture a solution for wt as an affine function of the
state variables, σ2

g,t and qt:

wt = A0 + Aσσ
2
g,t + Aqqt.(6)

We can solve for the coefficients A0, Aσ < 0, and Aq < 0 using the standard
Campbell and Shiller (1988) approximation rt+1 = κ0 + κ1wt+1 − wt + gt+1. Sub-
stituting this equation into the pricing kernel in equation (2), we get

mt+1 = θ ln δ +
θ

ψ
κ0 − θ

ψ
wt +

θ

ψ
κ1wt+1 − γrt+1,(7)

without referencing consumption growth, as in Campbell et al. (2014).
Suppose that asset returns have conditional joint lognormal distributions with

time-varying volatility, then the risk premium on any asset i is given by

Et [ri,t+1 − rf ,t] +
1
2

Vart [rt+1] = −Covt[mt+1, ri,t+1].(8)

Using the pricing kernel without consumption in equation (7), where the first three
items are known at time t, we obtain the conditional asset pricing relation between
the risk premium of any asset and the asset’s covariances with the wealth return
and time-varying shocks to future consumption:

Et [ri,t+1 − rf ,t] +
1
2

Vart [rt+1] = γCovt[ri,t+1, rt+1](9)

− θ

ψ
κ1Covt[ri,t+1,wt+1],

where γ > 1 and −(θ/ψ)κ1 > 0.

5The parameters satisfy aσ > 0, aq > 0, |ρσ| < 1, |ρq| < 1, ϕq > 0; and {zg,t}, {zσ,t}, and
{zq,t} are independent and identically distributed standard normal processes jointly independent with
each other.
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One obvious advantage of Campbell’s (1993), (1996) method is to sub-
stitute out consumption growth in the asset pricing tests, which also motivates
using the market as a feasible proxy for total wealth. Furthermore, we substitute
out the consumption growth volatility as well, using the result Vart[rt+1] = σ2

g,t +
κ2

1

(
A2
σ + A2

qϕ
2
q

)
qt from Bollerslev et al. (2009). Replacing wt+1 with the wealth-

consumption ratio in equation (6), we arrive at

Et [ri,t+1 − rf ,t] +
1
2

Vart

[
rt+1 +

θ

ψ
κ1AσCovt [ri,t+1,Vart+1rt+2]

]

= γCovt[ri,t+1, rt+1] +
θ

ψ
κ1

[
Aσκ

2
1

(
A2
σ + A2

qϕ
2
q

)− Aq
]

Covt[ri,t+1, qt+1].

Overlooking the Jensen’s inequality term Vartrt+1 and the high-order term
Covt[ri,t+1,Vart+1rt+2], we can see that the risk-return trade-off γ before
Covt[ri,t+1, rt+1] is the risk-aversion coefficient and is positive, whereas
the uncertainty-return trade-off (θ/ψ)κ1[Aσκ

2
1

(
A2
σ + A2

qϕ
2
q

) − Aq] before
Covt[ri,t+1, qt+1] is not clearly signed, depending on the relative strength of Aσ

versus Aq. In fact, even if the risk-aversion coefficient is 0, the uncertainty-return
trade-off is still nonzero in general.

Finally, because the consumption volatility-of-volatility qt or economic
uncertainty is not directly observable from the data, we follow the same spirit
of Campbell et al. (2014) and substitute the unobservable uncertainty variable
qt with the readily available VRP measure. Using the solution from Bollerslev
et al. (2009) linking the variance risk premium (VRPt) and the economic uncer-
tainty variable (qt), VRPt = (θ − 1)κ1

[
Aσ + Aqκ

2
1

(
A2
σ + A2

qϕ
2
q

)
ϕ2

q

]
qt, we reach

our final result regarding the cross-sectional pricing implications from both risk
and uncertainty proxies:

Et [ri,t+1 − rf ,t] +
1
2

Vart [rt+1] +
θ

ψ
κ1AσCovt [ri,t+1,Vart+1 [rt+2]](10)

= γCovt[ri,t+1, rt+1]

+

θ

ψ
κ1[Aσκ

2
1

(
A2
σ + A2

qϕ
2
q

)− Aq]

(θ − 1)κ1
[
Aσ + Aqκ2

1

(
A2
σ + A2

qϕ
2
q

)
ϕ2

q

]Covt[ri,t+1,VRPt+1]

≡ A · Covt[ri,t+1, rt+1] + B · Covt[ri,t+1,VRPt+1],

where the risk-return trade-off coefficient A ≡ γ and the uncertainty-return
trade-off coefficient B ≡ (θ/ψ)κ1[Aσκ

2
1

(
A2
σ + A2

qϕ
2
q

) − Aq]/{(θ − 1)κ1 [Aσ+
Aqκ

2
1

(
A2
σ + A2

qϕ
2
q

)
ϕ2

q

]}
. Note that the shocks to VRP and qt are proportional to

each other and of the same sign, therefore carrying the same pricing information.
Campbell (1993) shows that, in an intertemporal capital asset pricing model

(CAPM) setting as in Merton (1973), the appropriate choices for factors relevant
in cross-sectional asset pricing tests should be the current market return and any
other variables that have information about the future market returns. Given the
recent evidence that the VRP possesses a significant forecasting power for short-
term market returns, our result derived previously regarding the cross-sectional
asset pricing implication of the VRP is not surprising at all. Although the sign of
the uncertainty-return trade-off coefficient B is not determined for the general
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parameter setting, our empirical exercise finds it to be positive. The intuition
for the positive slope coefficient B is that investors dislike the reduced ability
to hedge against a deterioration in the investment opportunity captured by the
VRP, which positively predicts future market returns. Therefore investors require
a higher return premium to hold the assets or stocks that positively covary with
the VRP (Campbell (1996)).

Note that although we look at the cross-sectional pricing implication of the
VRP, Ang, Hodrick, Xing, and Zhang (2006) investigate the cross-sectional pric-
ing implication of the change in the option-implied volatility (VXO). These two
approaches are closely related but also have important differences. The VXO
is the option market implied volatility measure, whereas the VRP is the differ-
ence between implied and expected variances. Therefore, it is likely that, in the
cross section, the VXO and the VRP perform differently in terms of beta pricing.
Alternatively, the VRP’s role in cross-sectional asset pricing may also be mo-
tivated from a systematic correlation risk factor, as noted by Buraschi, Trojani,
and Vedolin (2014), where there is an equivalence between the correlation risk
premium and the VRP (Driessen, Maenhout, and Vilkov (2009)).

Furthermore, the literature on index options typically finds a negative volatil-
ity risk premium driven by the negative correlation between the volatility shock
and shock to market returns (see, among others, Bates (1996), Pan (2002), and
Bakshi and Kapadia (2003)). In our consumption-based asset pricing model,
although the shocks to consumption growth and volatility uncertainty are inde-
pendent, the market return does contain a component driven by the consumption
volatility uncertainty (Bollerslev et al. (2009)). Therefore, from a market-based
model perspective, a VRP shock carries important information about the equity
risk premium, the component due to economic uncertainty. In essence, the VRP is
a much cleaner estimate of the uncertainty premium component in equity returns,
and hence the strong pricing power of the VRP for cross-sectional stock returns.6

B. Variance Risk Premia and Economic Uncertainty Measures

For the option-implied variance of the Standard & Poor’s (S&P) 500 market
return, we use the end-of-month Chicago Board of Options Exchange (CBOE)
volatility index on a monthly basis (VIX2/12). Following earlier studies, the daily
realized variance for the S&P 500 index is calculated as the summation of the
78 intraday 5-minute squared log returns from 9:30 AM to 4:00 PM, including
the close-to-open interval. Along these lines, we compute the monthly realized
variance for the S&P 500 index as the summation of 5-minute squared log returns
in a month. As discussed in Section A of the Internet Appendix (available at
www.jfqa.org), the VRP at time t is defined as the difference between the ex ante
risk-neutral expectation and the objective or statistical expectation of the return
variance over the [t, t + 1] time interval. The monthly VRP data are available from
Jan. 1990 to Dec. 2012.

To give a visual illustration, Figure 1 plots the monthly time series of the
level and change in the VRP. The VRP proxy is moderately high around the 1990

6We thank a referee for suggesting this interpretation.
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FIGURE 1

VRP Level and Change

Figure 1 plots the VRP or the implied–expected variance difference (Graph A) and the monthly change of VRP change
(Graph B) for the market index from Jan. 1990 to Dec. 2012. The VRP is based on the realized variance forecast from
lagged implied and realized variances. The shaded areas represent National Bureau of Economic Research (NBER)
recessions.

Graph A. VRP Level

Graph B. VRP Change

and 2001 economic recessions but much higher during the 2008 financial crisis
and to a lesser degree around the 1997–1998 Asia–Russia–Long-Term Capital
Management crisis. The variance spike during Oct. 2008 already surpasses the
initial shock of the Great Depression in Oct. 1929. The huge run-up of the VRP in
the fourth quarter of 2008 leads the equity market bottom being reached in Mar.
2009. The sample mean of the VRP is 18.47 (in percentages squared, monthly
basis), with a standard deviation of 21.90. Notice that the extraordinary skewness
(3.76) and kurtosis (27.24) signal a highly non-Gaussian process for the VRP.

According to the conditional asset pricing specification, the VRP is viewed
as a proxy for uncertainty. To test whether the VRP is in fact associated with
alternative measures of uncertainty, we generate some proxies for financial and
economic uncertainty. We obtain monthly values of the U.S. industrial production
index from the G.17 database of the Federal Reserve Board and monthly values
of the Chicago Fed National Activity Index (CFNAI) from the Federal Reserve
Bank of Chicago for the period Jan. 1990–Dec. 2012.7 We use the GARCH(1,1)

7The CFNAI is a monthly index that determines increases and decreases in economic activity
and is designed to assess overall economic activity and related inflationary pressure. It is a weighted
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model of Bollerslev (1986) to estimate the conditional variance of the growth rate
of industrial production and the conditional variance of the CFNAI. These two
measures can be viewed as macroeconomic uncertainty. The sample correlation
between the VRP and economic uncertainty variables is positive and significant;
the sample correlation is 53.28% with the variance of output growth and 31.01%
with the variance of CFNAI.

Our second set of uncertainty measures is based on the downside risk of fi-
nancial institutions obtained from the left tail of the time series and cross-sectional
distribution of financial firms’ returns (Allen, Bali, and Tang (2012)). Specifically,
we obtain monthly returns for financial firms (Standard Industrial Classification
(SIC) codes 6000–6999) for the sample period Jan. 1990–Dec. 2012. Then, the
1% nonparametric value-at-risk (VaR) measure in a given month is measured as
the cutoff point for the lower 1 percentile of the monthly returns on financial
firms.8 For each month, we determine the 1 percentile of the cross section of re-
turns on financial firms and obtain an aggregate 1% VaR measure of the financial
system for the period 1990–2012. In addition to the cross-sectional distribution,
we use the time-series daily return distribution to estimate 1% VaR of the finan-
cial system. For each month from Jan. 1990 to Dec. 2012, we first determine the
lowest daily returns on financial institutions over the past 1 to 12 months. The
catastrophic risk of financial institutions is then computed by taking the average
of these lowest daily returns obtained from alternative measurement windows.
The estimation windows are fixed at 1 to 12 months, and each fixed estimation
window is updated on a monthly basis. These two downside risk measures can be
viewed as a proxy for uncertainty in the financial sector. The sample correlations
between the VRP and financial uncertainty variables are positive and significant:
48.42% with the cross-sectional VaR measure and 38.73% with the time-series
VaR measure.

The third uncertainty variable is related to the health of the financial sector
proxied by the credit default swap (CDS) index. We download the monthly CDS
data from Bloomberg. For the sample period Jan. 2004–Dec. 2012, we obtain
monthly CDS data for Bank of America (BAC), Citigroup (C), Goldman Sachs
(GS), JP Morgan (JPM), Morgan Stanley (MS), Wells Fargo (WFC), and Ameri-
can Express (AXP). Then, we standardize all CDS data to have 0 mean and unit
standard deviation. Finally, we form the standardized equal-weighted CDS index
(EWCDS) based on the equal-weighted average of standardized CDS values for
the seven major financial firms. For the common sample period 2004–2012, the
correlation between the VRP and the EWCDS is positive, 44.21%, and highly
significant.

The last uncertainty variable is based on the aggregate measure of investors’
disagreement about individual stocks trading at the NYSE, AMEX, and NASDAQ.
Following Diether, Malloy, and Scherbina (2002), we use dispersion in analysts’

average of 85 existing monthly indicators of national economic activity and is constructed to have
an average value of 0 and a standard deviation of 1. Because economic activity tends toward a trend
growth rate over time, a positive index reading corresponds to growth above trend, and a negative
index reading corresponds to growth below trend.

8Assuming that we have 900 financial firms in month t, the nonparametric measure of 1% VaR is
the ninth-lowest observation in the cross section of monthly returns.

https://doi.org/10.1017/S0022109016000417  Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/S0022109016000417


716 Journal of Financial and Quantitative Analysis

earnings forecasts as a proxy for divergence of opinion. It is likely that investors
partly form their expectations about a particular stock based on the analysts’
earnings forecasts. If all analysts are in agreement about expected returns, un-
certainty is likely to be low. However, if analysts provide very different estimates,
investors are likely to be unclear about future returns, and uncertainty is high.
The sample correlation between the VRP and the aggregate measure of disper-
sion is about 15.23%. Overall, these results indicate that the variance risk premia
are strongly and positively correlated with all measures of uncertainty considered
here. Hence, the VRP can be viewed as a sound proxy for financial and economic
uncertainty.

III. Data

A. Equity Portfolios

We use the monthly excess returns on the value-weighted aggregate market
portfolio and the monthly excess returns on the 10 value-weighted size, book-
to-market, momentum, and industry portfolios. The aggregate market portfolio is
represented by the value-weighted NYSE–AMEX–NASDAQ index. Excess re-
turns on portfolios are obtained by subtracting the returns on the 1-month Trea-
sury bill from the raw returns on equity portfolios. The data are obtained from
Kenneth French’s online data library.9 We use the longest common sample
period available, from Jan. 1990 to Dec. 2012, yielding a total of 276 monthly
observations.

Table I of the Internet Appendix presents the monthly raw return and CAPM
alpha differences between high-return (long) and low-return (short) equity port-
folios. The results are reported for the size, book-to-market (BM), momentum
(MOM), and industry portfolios for the period Jan. 1990–Dec. 2012.10 The ordi-
nary least squares (OLS) t-statistics are reported in parentheses. The Newey–West
(1987) t-statistics are given in square brackets.

For the 10 size portfolios, “Small” (decile 1) is the portfolio of stocks with
the smallest market capitalization, and “Big” (decile 10) is the portfolio of stocks
with the biggest market capitalization. For the 1990–2012 period, the average
return difference between the Small and Big portfolios is 0.31% per month with
the OLS t-statistic of 1.02 and the Newey–West (1987) t-statistic of 0.99, imply-
ing that small stocks on average do not generate higher returns than big stocks. In
addition to the average raw returns, Table I of the Internet Appendix presents the
intercept (CAPM alpha) from the regression of Small–Big portfolio return differ-
ence on a constant and the excess market return. The CAPM alpha (or abnormal
return) for the long–short size portfolio is 0.25% per month with the OLS t-
statistic of 0.84 and the Newey–West t-statistic of 0.80. This economically and
statistically insignificant alpha indicates that the static CAPM does explain the
size effect for the 1990–2012 period.

9http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data library.html
10Because the monthly data on variance risk premia start in Jan. 1990, our empirical analyses with

equity portfolios and VRPs are based on the sample period Jan. 1990–Dec. 2012.
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For the 10 BM portfolios, “Growth” is the portfolio of stocks with the lowest
BM ratios, and “Value” is the portfolio of stocks with the highest BM ratios. For
the sample period Jan. 1990–Dec. 2012, the average return difference between
the Value and Growth portfolios is economically and statistically insignificant; it
is 0.23% per month with the OLS t-statistic of 0.77 and the Newey–West (1987)
t-statistic of 0.69, implying that value stocks on average do not generate higher
returns than growth stocks. Similar to our findings for the size portfolios, the
unconditional CAPM explains the value premium for the 1990–2012 period; the
CAPM alpha (or abnormal return) for the long–short BM portfolio is only 0.21%
per month with the OLS t-statistic of 0.69 and the Newey–West t-statistic of 0.54.

For the 10 MOM portfolios, “Loser” (decile 1) is the portfolio of stocks with
the lowest cumulative return over the previous 11 months (skipping the past 1
month), and “Winner” (decile 10) is the portfolio of stocks with the highest cu-
mulative return over the previous 11 months.11 For the 1990–2012 period, the
average return difference between the Loser and Winner portfolios is 1.05% per
month with the OLS t-statistic of 2.05 and the Newey–West (1987) t-statistic of
1.91, implying that winner stocks on average generate economically and statis-
tically higher returns than loser stocks. In addition to the average raw returns,
Table I of the Internet Appendix presents the CAPM alpha from the regression
of Winner–Loser portfolio return difference on a constant and the excess market
return. The CAPM alpha for the long–short MOM portfolio is 1.33% per month
with the OLS t-statistic of 2.67 and the Newey–West t-statistic of 2.82. This eco-
nomically and statistically significant alpha indicates that the static CAPM does
not explain the momentum effect for the 1990–2012 period.

Similar to the size and value effects, the industry effect in the U.S. equity
market is statistically weak over the past two decades. The average raw and
risk-adjusted return differences between the high-return (HiTech) and low-return
(Telcm) industry portfolios are statistically insignificant for the sample period
1990–2012.

Earlier studies, starting with Fama and French (1992), (1993), provide
evidence for the significant size and value premia for the post-1963 period. Some
readers may find the insignificant size and value premia for the 1990–2012 period
controversial. Hence, in Table I of the Internet Appendix, we examine the sig-
nificance of size and BM effects for the longest sample period of July 1926–
Dec. 2012 and the subsample period of July 1963–Dec. 2012. The results indicate
significant raw return difference between the Value and Growth portfolios for
both sample periods and significant risk-adjusted return difference (alpha) only
for the post-1963 period. Consistent with the findings of earlier studies, we find
significant raw return difference between the Small and Big stock portfolios for
the 1926–2012 period, which becomes very weak for the post-1963 period. The
CAPM alpha (or abnormal return) for the long–short size portfolio is economi-
cally and statistically insignificant for both sample periods.

11Following Jegadeesh and Titman (1993), the MOM variable for each stock in month t is defined
as the cumulative return on the stock over the previous 11 months starting 2 months ago (i.e., the
cumulative return from month t − 12 to month t − 2).
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IV. Estimation Methodology

Following Bali (2008) and Bali and Engle (2010), our estimation approach
proceeds in steps:

1. We take out any autoregressive elements in returns and the VRP and estimate
univariate GARCH models for all returns and VRPs.

2. We construct standardized returns and compute bivariate dynamic condi-
tional correlation (DCC) estimates of the correlations between each portfolio
and the market and between each portfolio and shock to the VRP using the
bivariate likelihood function.

3. We estimate the expected return equation as a panel, with the conditional
covariances as regressors. The error covariance matrix is specified as the
seemingly unrelated regression (SUR). The panel estimation methodology
with SUR takes into account heteroskedasticity and autocorrelation as well
as contemporaneous cross-correlations in the error terms.

The following subsections provide details about the estimation of time-varying
covariances and the estimation of time-series and cross-sectional relations be-
tween expected returns and risk and uncertainty.

A. Estimating Time-Varying Conditional Covariances

We estimate the conditional covariance between excess returns on equity
portfolio i and the market portfolio m based on the mean-reverting DCC model:

Ri,t+1 = αi
0 + αi

1Ri,t + εi,t+1,(11)

Rm,t+1 = αm
0 + αm

1 Rm,t + εm,t+1,(12)

Et
[
ε2

i,t+1

] ≡ σ2
i,t+1 = βi

0 + βi
1ε

2
i,t + βi

2σ
2
i,t,(13)

Et
[
ε2

m,t+1

] ≡ σ2
m,t+1 = βm

0 + βm
1 ε

2
m,t + βm

2 σ
2
m,t,(14)

Et [εi,t+1εm,t+1] ≡ σim,t+1 = ρim,t+1 · σi,t+1 · σm,t+1,(15)

ρim,t+1 =
qim,t+1√

qii,t+1 · qmm,t+1
,(16)

qim,t+1 = ρ̄im + a1 · (εi,t · εm,t − ρ̄im) + a2 · (qim,t − ρ̄im) ,(17)

where Ri,t+1 and Rm,t+1 denote the time (t + 1) excess return on equity portfolio
i and the market portfolio m over a risk-free rate, respectively, and Et [·] de-
notes the expectation operator conditional on time-t information; σ2

i,t+1 is the
time-t expected conditional variance of Ri,t+1, σ2

m,t+1 is the time-t expected condi-
tional variance of Rm,t+1, and σim,t+1 is the time-t expected conditional covariance
between Ri,t+1 and Rm,t+1; ρim,t+1 = qim,t+1/

√
qii,t+1 · qmm,t+1 is the time-t expected

conditional correlation between Ri,t+1 and Rm,t+1; and ρ̄im is the unconditional cor-
relation. To ease the parameter convergence, we use correlation targeting assum-
ing that the time-varying correlations mean-revert to the sample correlations ρ̄im.

We estimate the conditional covariance between the excess return on each
equity portfolio i and the innovation in the variance risk premia, σi,VRP, using an
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analogous DCC model:

Ri,t+1 = αi
0 + αi

1Ri,t + εi,t+1,(18)

VRPt+1 = αVRP
0 + αVRP

1 VRPt + εVRP,t+1,(19)

Et
[
ε2

i,t+1

] ≡ σ2
i,t+1 = βi

0 + βi
1ε

2
i,t + βi

2σ
2
i,t,(20)

Et
[
ε2

VRP,t+1

] ≡ σ2
VRP,t+1 = βVRP

0 + βVRP
1 ε2

VRP,t + βVRP
2 σ2

VRP,t,(21)

Et [εi,t+1εVRP,t+1] ≡ σi,VRP,t+1 = ρi,VRP,t+1 · σi,t+1 · σVRP,t+1,(22)

ρi,VRP,t+1 =
qi,VRP,t+1√

qii,t+1 · qVRP,t+1
,

qi,VRP,t+1 = ρ̄i,VRP + a1 · (εi,t · εVRP,t − ρ̄i,VRP)(23)

+ a2 · (qi,VRP,t − ρ̄i,VRP) ,

where σi,VRP,t+1 is the time-t expected conditional covariance between Ri,t+1 and
VRPshock

t+1 , and ρi,VRP,t+1 is the time-t expected conditional correlation between
Ri,t+1 and VRPshock

t+1 . We use the same DCC model to estimate the conditional
covariance between the market portfolio m and the shock to the variance risk
premia, σm,VRP.

Equations (18), (19), and (22) indicate that the shock to the variance risk
premia is obtained from a first-order autoregression (AR(1)). Instead of using
the change in the variance risk premia, ΔVRP = VRPt+1 − VRPt, that restricts
αVRP

0 = 0 and αVRP
1 = 1, we use a more general econometric specification to gen-

erate VRPshock
t+1 (i.e., αVRP

0 and αVRP
1 are estimated using the AR(1) specification

in equation (19)).
We estimate the conditional covariances of each equity portfolio with the

market portfolio and with VRPshock using the maximum likelihood method de-
scribed in the Internet Appendix (Section B). Then, as discussed in the following
section, we estimate the time-series and cross-sectional relation between expected
return and risk and uncertainty as a panel, with the conditional covariances as
regressors.

At an earlier stage of the study, we use 10 equity portfolios and estimate in
one step the time-varying conditional correlations as well as the parameters of the
time-varying conditional mean in a multivariate GARCH-in-mean framework. To
ease the parameter convergence, we use correlation targeting assuming that the
time-varying correlations mean-revert to the sample correlations. To reduce the
overall time of maximizing the conditional log likelihood, we first estimate all
pairs of the bivariate GARCH-in-mean model and then use the median values
of A, B, a1, and a2 as starting values along with the bivariate GARCH-in-mean
estimates of variance parameters (β0, β1, β2). Even after going through these steps
to increase the speed of parameter convergence, it takes a long time to obtain the
full set of parameters in the multivariate GARCH-in-mean model. Similar to the
findings of Bali and Engle (2010), the results from the 1-step estimation of 10
equity portfolios turn out to be similar to those obtained from the 2-step estimation
procedure.12

12Bali and Engle (2010) also estimate the risk-aversion coefficient in two steps; first they obtain the
conditional covariances with DCC, and then they use the covariance estimates in the panel regression
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B. Estimating Risk-Uncertainty-Return Trade-Off

Given the conditional covariances, we estimate the portfolio-specific inter-
cepts and the common slope estimates from the following panel regression:

Ri,t+1 = αi + A · Covt (Ri,t+1,Rm,t+1)(24)

+ B · Covt
(
Ri,t+1,VRPshock

t+1

)
+ εi,t+1,

Rm,t+1 = αm + A · Vart (Rm,t+1)(25)

+ B · Covt
(
Rm,t+1,VRPshock

t+1

)
+ εm,t+1,

where Covt (Ri,t+1,Rm,t+1) is the time-t expected conditional covariance between
the excess return on portfolio i (Ri,t+1) and the excess return on the market port-
folio (Rm,t+1), Covt

(
Ri,t+1,VRPshock

t+1

)
is the time-t expected conditional covari-

ance between the excess return on portfolio i and the innovation in the variance
risk premia

(
VRPshock

t+1

)
, Covt

(
Rm,t+1,VRPshock

t+1

)
is the time-t expected conditional

covariance between the excess return on the market portfolio m and the variance
risk premia

(
VRPshock

t+1

)
, and Vart (Rm,t+1) is the time-t expected conditional vari-

ance of excess returns on the market portfolio.
We estimate the system of equations in equations (24)–(25) using a weighted-

least-square method that allows us to place constraints on coefficients across
equations. We compute the t-statistics of the parameter estimates accounting
for heteroskedasticity and autocorrelation as well as contemporaneous cross-
correlations in the errors from different equations. The estimation methodology
can be regarded as an extension of the SUR method, the details of which are in
the Internet Appendix (Section C).

V. Empirical Results

In this section we first present results from the 10 decile portfolios of size,
book-to-market, momentum, and industry. Second, we discuss the economic sig-
nificance of the 2-factor conditional asset pricing model at the market level. Fi-
nally, we provide a battery of robustness checks.

A. Ten Decile Portfolios of Size, Book-to-Market, Momentum, and
Industry

The common slopes and the intercepts are estimated using the monthly ex-
cess returns on the 10 value-weighted size, book-to-market, momentum, and in-
dustry portfolios for the sample period Jan. 1990 to Dec. 2012. The aggregate
stock market portfolio is measured by the value-weighted Center for Research in
Security Prices (CRSP) index. Table 1 reports the common slope estimates (A,B),
the abnormal returns or conditional alphas for each equity portfolio (αi) and the

with a common slope coefficient. In this setting, because the covariance matrices implied by the DCC
model are not used in estimating risk premia or in computing their standard errors, a common worry in
testing asset pricing models is that time-varying covariances are measured with error. Using different
samples, they show that the significance of measurement errors in covariances is small. Hence, the
1-step and 2-step estimation procedures generate similar slope coefficients and standard errors.
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TABLE 1

Ten Decile Size, Book-to-Market, Momentum, and Industry Portfolios

Table 1 reports the portfolio-specific intercepts and the common slope estimates from the following panel regression:

Ri,t+1 = αi + A · Covt
(
Ri,t+1, Rm,t+1

)
+ B · Covt

(
Ri,t+1, VRPshock

t+1

)
+ εi,t+1,

Rm,t+1 = αm + A · Vart
(
Rm,t+1

)
+ B · Covt

(
Rm,t+1, VRPshock

t+1

)
+ εm,t+1,

where Covt
(
Ri,t+1, Rm,t+1

)
is the time-t expected conditional covariance between the excess return on portfolio

i (Ri,t+1) and the excess return on the market portfolio (Rm,t+1), Covt
(
Ri,t+1, VRPshock

t+1
)

is the time-t expected con-
ditional covariance between the excess return on portfolio i and the shock to the variance risk premia

(
VRPshock

t+1
)
,

Covt
(
Rm,t+1, VRPshock

t+1
)

is the time-t expected conditional covariance between the excess return on the market port-

folio m and the VRPshock
t+1 , and Vart

(
Rm,t+1

)
is the time-t expected conditional variance of excess returns on the market

portfolio. The parameters and their t-statistics are estimated using the monthly excess returns on the market portfolio
and the 10 decile size, book-to-market, momentum, and industry portfolios for the sample period from Jan. 1990 to Dec.
2012. The alphas (αi ) are reported for each equity portfolio, and the t-statistics are presented below in parentheses. The
t-statistics are adjusted for heteroskedasticity and autocorrelation for each series and cross-correlations among the port-
folios. The last four rows, respectively, show the common slope coefficients (A and B), the Wald1 statistics from testing the
joint hypothesis H0 : α1 = α2 = . . . αm = 0 , and the Wald2 statistics from testing the equality of alphas for high-return
and low-return portfolios (Small vs. Big, Value vs. Growth, Winner vs. Loser, and HiTech vs. Telcm). The p-values of Wald1
and Wald2 statistics are given in square brackets.

Size αi , αm BM αi , αm MOM αi , αm Industry αi , αm

Small 0.0053 Growth 0.0039 Loser −0.0038 NoDur 0.0053
(1.32) (1.01) (−0.61) (2.05)

2 0.0041 2 0.0046 2 0.0012 Durbl 0.0020
(0.92) (1.39) (0.26) (0.40)

3 0.0047 3 0.0054 3 0.0024 Manuf 0.0051
(1.17) (1.67) (0.62) (1.48)

4 0.0037 4 0.0062 4 0.0038 Enrgy 0.0060
(0.96) (1.87) (1.15) (1.75)

5 0.0047 5 0.0057 5 0.0032 HiTech 0.0028
(1.24) (1.83) (1.04) (0.52)

6 0.0045 6 0.0050 6 0.0033 Telcm 0.0012
(1.28) (1.51) (1.13) (0.33)

7 0.0048 7 0.0059 7 0.0043 Shops 0.0039
(1.40) (1.92) (1.53) (1.17)

8 0.0042 8 0.0056 8 0.0056 Hlth 0.0047
(1.21) (1.80) (1.96) (1.57)

9 0.0042 9 0.0067 9 0.0039 Utils 0.0046
(1.31) (2.02) (1.28) (1.83)

Big 0.0021 Value 0.0078 Winner 0.0075 Other 0.0025
(0.70) (1.89) (1.74) (0.68)

Market 0.0026 Market 0.0042 Market 0.0032 Market 0.0026
(0.83) (1.25) (0.98) (0.77)

A 2.7712 A 2.5585 A 2.2345 A 3.4834
(2.83) (2.66) (2.08) (2.38)

B 0.0037 B 0.0059 B 0.0030 B 0.0062
(3.54) (2.58) (2.17) (2.85)

Wald1 16.40 Wald1 10.43 Wald1 22.15 Wald1 14.36
[12.69%] [49.22%] [2.33%] [21.37%]

Wald2 1.07 Wald2 1.68 Wald2 4.98 Wald2 0.20
[30.09%] [19.49%] [2.56%] [65.47%]

market portfolio (αm), and the t-statistics of the parameter estimates. The last two
rows, respectively, show the Wald statistics, with Wald1 from testing the joint
hypothesis H0 : α1 = . . .= α10 = αm = 0, and Wald2 from testing the equality of
conditional alphas for high-return and low-return portfolios (Small vs. Big; Value
vs. Growth; Winner vs. Loser; and HiTech vs. Telcm). The p-values of the Wald1

and Wald2 statistics are given in square brackets.
The risk-aversion coefficient is estimated to be positive and highly signif-

icant for all equity portfolios: A = 2.77 with a t-statistic of 2.83 for the size
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portfolios, A = 2.56 with a t-statistic of 2.66 for the book-to-market portfolios,
A=2.23 with a t-statistic of 2.08 for the momentum portfolios, and A=3.48 with
a t-statistic of 2.38 for the industry portfolios.13 These results imply a positive
and significant relation between expected return and market risk.14 Consistent
with the conditional asset pricing specification, the uncertainty aversion coeffi-
cient is also estimated to be positive and highly significant for all equity portfo-
lios: B = 0.0037 with a t-statistic of 3.54 for the size portfolios, B = 0.0059 with
a t-statistic of 2.58 for the book-to-market portfolios, B= 0.0030 with a t-statistic
of 2.17 for the momentum portfolios, and B = 0.0062 with a t-statistic of 2.85
for the industry portfolios. These results indicate a significantly positive market
price of uncertainty in the aggregate stock market. Equity portfolios with higher
sensitivity to increases in the variance risk premia are expected to generate higher
returns in the next period.

One implication of the conditional asset pricing model is that the intercepts
(αi, αm) are not jointly different from 0, assuming that the conditional covari-
ances of equity portfolios with the market portfolio and the variance risk premia
have enough predictive power for expected future returns. To examine the empir-
ical validity of the conditional asset pricing model, we test the joint hypothesis
H0 : α1 = ... = α10 = αm = 0. As presented in Table 1, the Wald1 statistics for
the size, book-to-market, and industry portfolios are, respectively, 16.40, 10.43,
and 14.36, with the corresponding p-values of 12.69%, 49.22%, and 21.37%. The
significantly positive risk- and uncertainty-aversion coefficients and the insignif-
icant Wald1 statistics indicate that the 2-factor model introduced in the paper is
empirically sound.

We also investigate whether the model explains the return spreads between
the Small and Big, Value and Growth, and HiTech and Telcm portfolios. The last
row in Table 1 reports Wald2 statistics from testing the equality of conditional
alphas for high-return and low-return portfolios (H0 : α1 = α10). These intercepts
capture the monthly abnormal returns on each portfolio that cannot be explained
by the conditional covariances with the market portfolio and the variance risk
premia.

The first column of Table 1 shows that the abnormal return on the small-stock
portfolio is α1 =0.53% per month with a t-statistic of 1.32, whereas the abnormal
return on the big-stock portfolio is α10 = 0.21% per month with a t-statistic of
0.70. The Wald2 statistic from testing the equality of alphas on the Small and Big
portfolios is 1.07 with a p-value of 30.09%, indicating that there is no significant
risk-adjusted return difference between the small-stock and big-stock portfolios.
The second column provides the conditional alphas on the Value and Growth
portfolios: α1 = 0.39% per month with a t-statistic of 1.01, and α10 = 0.78% per
month with a t-statistic of 1.89. The Wald2 statistic from testing H0 : α1 = α10 is

13Our risk-aversion estimates ranging from 2.23 to 3.48 are very similar to the median level of risk
aversion, 2.52, identified by Bekaert et al. (2009) in a different model.

14Although the literature is inconclusive on the direction and significance of a risk-return trade-
off, some studies do provide evidence supporting a positive and significant relation between expected
return and risk (e.g., Bollerslev, Engle, and Wooldridge (1988), Ghysels, Santa-Clara, and Valkanov
(2005), Guo and Whitelaw (2006), Guo and Savickas (2006), Lundblad (2007), Bali (2008), and Bali
and Engle (2010)).
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1.68 with a p-value of 19.49%, implying that the conditional asset pricing model
explains the value premium (i.e., the risk-adjusted return difference between value
and growth stocks is statistically insignificant). The last column shows that the
conditional alphas on HiTech and Telcm portfolios are, respectively, 0.28% and
0.12% per month, generating a risk-adjusted return spread of 16 basis points (bps)
per month. As reported in the last row, the Wald2 statistic from testing the signifi-
cance of this return spread is 0.20 with a p-value of 65.47%, yielding insignificant
industry effect over the sample period 1990–2012.

We examine the empirical validity of the conditional asset pricing model
for momentum portfolios by testing the hypothesis that the conditional alphas on
decile portfolios are jointly 0. As reported in Table 1, the Wald1 statistic is 22.15
( p-value = 2.33%), implying that the conditional covariances of momentum port-
folios with the market and the variance risk premia do not capture the entire time-
series and cross-sectional variation in expected returns of momentum portfolios.
We also investigate whether the 2-factor model explains the return spreads be-
tween Winner and Loser portfolios. The Wald2 statistic from testing the equality
of conditional alphas, α1 = α10, is 4.98 with a p-value of 2.56%.

Overall, the DCC-based conditional covariances capture the time-series and
cross-sectional variation in returns on the size, book-to-market, and industry port-
folios because the essential tests of the conditional asset pricing model are passed:
i) the risk-return and uncertainty-return trade-offs are significantly positive, ii) the
conditional alphas are jointly 0, and iii) the conditional alphas for high-return and
low-return portfolios are not statistically different from each other. However, the
statistically significant risk-adjusted return spread (α10−α1) between Winner and
Loser portfolios implies failure of the conditional asset pricing model in explain-
ing the momentum effect.

B. Economic Significance at the Market Level

In this section, we test whether the risk-return (A) and uncertainty-return (B)
coefficients are sensible and whether the uncertainty measure is associated with
macroeconomic state variables.

Specifically, we rely on equation (25) and compute the expected excess re-
turn on the market portfolio based on the estimated prices of risk and uncertainty
as well as the sample averages of the conditional covariance measures:

Et [Rm,t+1] = αm + A · Vart (Rm,t+1) + B · Covt
(
Rm,t+1,VRPshock

t+1

)
,(26)

where αm = 0.0026, A = 2.77, and B = 0.0037 for the 10 size portfolios;
αm = 0.0042, A = 2.56, and B = 0.0059 for the 10 book-to-market portfolios;
αm = 0.0032, A = 2.23, and B = 0.0030 for the 10 momentum portfolios; and
αm = 0.0026, A = 3.48, and B = 0.0062 for the 10 industry portfolios (see
Table 1). The sample averages of Vart (Rm,t+1) and Covt

(
Rm,t+1,VRPshock

t+1

)
are

0.002069 and −0.7426, respectively.15 These values produce Et [Rm,t+1] = 0.56%

15The negative value for the conditional covariance of the market return with the VRP factor is con-
sistent with the consumption-based asset pricing model and the negative contemporaneous correlation
between the market return and the VRP factor reported by Bollerslev et al. (2009).
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per month when the parameters are estimated using the 10 size portfolios,
Et [Rm,t+1] = 0.51% per month when the parameters are estimated using the 10
book-to-market portfolios, Et [Rm,t+1] = 0.56% per month when the parameters
are estimated using the 10 momentum portfolios, and Et [Rm,t+1] = 0.52% when
the parameters are estimated using the 10 industry portfolios.

To evaluate the performance of our model with risk and uncertainty, we cal-
culate the sample average of excess returns on the market portfolio, which is a
standard benchmark for the market risk premium. The sample average of Rm,t+1 is
found to be 0.53% per month for the period Jan. 1990–Dec. 2012, indicating that
the estimated market risk premia of 0.51%–0.56% are very close to the bench-
mark. This again shows solid performance of the 2-factor model introduced in the
paper.

To further appreciate the economics behind the apparent connection between
the VRP and the time-series and cross-sectional variations in expected stock re-
turns, Figure 2 plots the VRP together with the monthly growth rate of real gross
domestic product (GDP) per capita. As seen from the figure, there is a tendency
for the VRP to rise in the month before a decline in GDP, whereas it typically nar-
rows ahead of an increase in GDP. Indeed, the sample correlation equals −0.19
between lag VRP and current GDP (as first reported in Bollerslev et al. (2009)),
with a standard error of 0.06 ( p-value = 0.13%). In other words, VRP as a proxy
for economic uncertainty does seem to negatively relate to future macroeconomic
performance.

FIGURE 2

VRP and GDP Growth

Figure 2 plots the growth rate of real GDP per capita (thin line) together with VRP (thick line) from Jan. 1990 to Dec. 2012.
Both of the series are standardized to have mean 0 and variance 1. The shaded areas represent NBER recessions.

Thus, not only does the difference between the implied and expected vari-
ances positively covary with stock returns, it also covaries negatively with future
growth rates in GDP. Intuitively, when VRP is high (low), it generally signals a
high (low) degree of aggregate economic uncertainty. Consequently, agents tend
to simultaneously cut (increase) their consumption and investment expenditures
and shift their portfolios from more (less) to less (more) risky assets. This in turn
results in a rise (decrease) in expected excess returns for stock portfolios that co-
vary more (less) with the macroeconomic uncertainty, as proxied by the VRP.
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As mentioned earlier in Section II, we provide a 2-factor consumption-based
asset pricing model in which the consumption growth and its volatility follow the
joint dynamics, and hence the VRP affects expected future returns. In essence, our
finding of a positive significant relation between the economic uncertainty mea-
sure and expected stock returns is consistent with the consumption-based model’s
implication that a heightened VRP does signal the worsening of macroeconomic
fundamentals.

C. Robustness Check

We have so far provided evidence from the individual equity portfolios
(10 size, 10 book-to-market, 10 momentum, and 10 industry portfolios). We now
investigate whether our main findings remain intact if we use a joint estimation
with all test assets simultaneously (total of 40 portfolios). Table 2 reports the
parameter estimates and the t-statistics that are adjusted for heteroskedasticity and

TABLE 2

Results from Pooled Data Set

Table 2 reports the portfolio-specific intercepts and the common slope estimates from the following panel regression:

Ri,t+1 = αi + A · Covt
(
Ri,t+1, Rm,t+1

)
+ B · Covt

(
Ri,t+1, VRPshock

t+1

)
+ εi,t+1,

Rm,t+1 = αm + A · Vart
(
Rm,t+1

)
+ B · Covt

(
Rm,t+1, VRPshock

t+1

)
+ εm,t+1,

where Covt
(
Ri,t+1, Rm,t+1

)
is the time-t expected conditional covariance between the excess return on portfolio

i (Ri,t+1) and the excess return on the market portfolio (Rm,t+1), Covt
(
Ri,t+1, VRPshock

t+1
)

is the time-t expected con-
ditional covariance between the excess return on portfolio i and the shock to the variance risk premia (VRPshock

t+1 ),
Covt

(
Rm,t+1, VRPshock

t+1
)

is the time-t expected conditional covariance between the excess return on the market port-

folio m and VRPshock
t+1 , and Vart

(
Rm,t+1

)
is the time-t expected conditional variance of excess returns on the market

portfolio. The parameters and their t-statistics are estimated using the monthly excess returns on the market portfolio and
the pooled data set of 10 decile size, book-to-market, momentum, and industry portfolios (total of 40 equity portfolios) for
the sample period from Jan. 1990 to Dec. 2012. The t-statistics (below in parentheses) are adjusted for heteroskedasticity
and autocorrelation for each series and cross-correlations among the portfolios. Table 2 shows the common slope coeffi-
cients (A and B), the Wald1 statistics from testing the joint hypothesis H0 :α1 =α2 = . . . αm =0 , and the Wald2 statistics
from testing the equality of alphas for high-return and low-return portfolios (Small vs. Big, Value vs. Growth, Winner vs.
Loser, and HiTech vs. Telcm). The p-values of Wald1 and Wald2 statistics are given in square brackets.

1 2

A 3.1557
(5.39)

B 0.0037
(5.51)

Size Wald1 9.80
[45.83%]

Small vs. Big Wald2 1.06
[30.43%]

Book-to-Market Wald1 4.93
[89.56%]

Value vs. Growth Wald2 0.89
[34.55%]

Momentum Wald1 19.28
[3.69%]

Winner vs. Loser Wald2 5.50
[1.91%]

Industry Wald1 11.27
[33.65%]

HiTech vs. Telcm Wald2 0.31
[57.99%]
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autocorrelation for each series and the cross-correlations among the error terms.
As shown in the first row of Table 2, the risk-aversion coefficient is estimated to be
positive and highly significant for the pooled data set at A= 3.16 with a t-statistic
of 5.39, implying a positive and significant relation between expected return and
market risk. Similar to our earlier findings, the uncertainty-aversion coefficient
is also estimated to be positive and highly significant for the joint estimation:
B=0.0037 with a t-statistic of 5.51. These results indicate a significantly positive
market price of uncertainty when all portfolios are combined together. Equity
portfolios with higher sensitivity to increases in the VRP are expected to generate
higher returns in the next period.

The Wald1 and Wald2 statistics reported in Table 2 indicate that the condi-
tional alphas on the size, book-to-market, and industry portfolios are jointly 0,
and the conditional alphas for high-return (Small, Value, HiTech) and low-return
(Big, Growth, Telcm) portfolios are not statistically different from each other.
Hence, the DCC-based conditional covariances capture the time-series and cross-
sectional variation in returns on the size, book-to-market, and industry portfolios.
Similar to our earlier findings, the 2-factor model with risk and uncertainty pro-
vides both statistical and economic success in explaining stock market anomalies,
except momentum.

As discussed in Section IV.A, we have so far used a more general econo-
metric specification to generate VRPshock

t+1 instead of using the change in the vari-
ance risk premia. As shown in equation (18), the shock to variance risk premia
is obtained from an AR(1) process. In this section, we use a simpler measure of
VRPshock

t+1 ≡ ΔVRPt+1 = VRPt+1 − VRPt, which restricts αVRP
0 = 0 and αVRP

1 = 1
in equation (18). As presented in Table 3, the results from the change in VRP
are very similar to those reported in Table 2. The risk-aversion and uncertainty-
aversion coefficients are estimated to be positive and highly significant at
A = 3.03 with a t-statistic of 4.65 and B = 0.0039 with a t-statistic of 3.41, in-
dicating significantly positive market prices of risk and uncertainty. Consistent
with our earlier findings, the Wald1 and Wald2 statistics reported in Table 3 indi-
cate that the 2-factor model with risk and uncertainty provides both statistical and
economic success in explaining stock market anomalies, except momentum.

In Section D of the Internet Appendix, we provide a battery of robustness
checks. There appears to be some controversy in the econometrics literature
around the consistency of maximum-likelihood parameter estimates generated by
DCC models.16 To address this potential concern, in Section D.1 of the Inter-
net Appendix, we use an alternative econometric methodology and estimate the
conditional covariances based on the generalized conditional covariance (GCC)
specification of Bali (2008). Table II of the Internet Appendix shows that the
results from the GCC model are very similar to those reported in the paper. Sec-
ond, we estimate the DCC-based conditional covariances using the asymmetric
GARCH model of Glosten, Jagannathan, and Runkle (1993). Table III of the
Internet Appendix shows that our main findings from the asymmetric GARCH

16See Aielli (2013), Caporin and McAleer (2013), and the proposed solution in Noureldin,
Shephard, and Sheppard (2014).
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TABLE 3

Results from the Change in the Variance Risk Premia

Table 3 reports the portfolio-specific intercepts and the common slope estimates from the following panel regression:

Ri,t+1 = αi + A · Covt
(
Ri,t+1, Rm,t+1

)
+ B · Covt

(
Ri,t+1, ΔVRPt+1

)
+ εi,t+1,

Rm,t+1 = αm + A · Vart
(
Rm,t+1

)
+ B · Covt

(
Rm,t+1, ΔVRPt+1

)
+ εm,t+1,

where Covt
(
Ri,t+1, Rm,t+1

)
is the time-t expected conditional covariance between the excess return on portfolio i

(Ri,t+1) and the excess return on the market portfolio (Rm,t+1), Covt
(
Ri,t+1, ΔVRPt+1

)
is the time-t expected con-

ditional covariance between the excess return on portfolio i and the change in the variance risk premia (ΔVRPt+1),
Covt

(
Rm,t+1, ΔVRPt+1

)
is the time-t expected conditional covariance between the excess return on the market portfolio

m and ΔVRPt+1, and Vart
(
Rm,t+1

)
is the time-t expected conditional variance of excess returns on the market portfo-

lio. The parameters and their t-statistics are estimated using the monthly excess returns on the market portfolio and the
pooled data set of 10 decile size, book-to-market, momentum, and industry portfolios (total of 40 equity portfolios) for the
sample period from Jan. 1990 to Dec. 2012. The t-statistics (below in parentheses) are adjusted for heteroskedasticity and
autocorrelation for each series and cross-correlations among the portfolios. Table 3 shows the common slope coefficients
(A and B), the Wald1 statistics from testing the joint hypothesis H0 :α1 =α2 = . . . αm = 0, and the Wald2 statistics from
testing the equality of alphas for high-return and low-return portfolios (Small vs. Big; Value vs. Growth; Winner vs. Loser;
and HiTech vs. Telcm). The p-values of Wald1 and Wald2 statistics are given in square brackets.

1 2

A 3.0347
(4.65)

B 0.0039
(3.41)

Size Wald1 6.70
[75.36%]

Small vs. Big Wald2 0.44
[50.67%]

Book-to-Market Wald1 4.36
[92.94%]

Value vs. Growth Wald2 0.55
[45.80%]

Momentum Wald1 21.45
[1.82%]

Winner vs. Loser Wald2 5.33
[2.09%]

Industry Wald1 11.27
[33.71%]

HiTech vs. Telcm Wald2 0.20
[65.42%]

model are very similar to those reported in Table 1.17 Third, we examine whether
the model’s performance changes when we use a larger cross section of indus-
try portfolios. Table IV of the Internet Appendix shows a significantly positive
market price of uncertainty in the cross section of a large number of equity port-
folios; portfolios with higher correlation with the shock to VRP generate higher
returns in the next month for the value-weighted 17-, 30-, 38-, 48-, and 49-
industry portfolios. Also, the differences in conditional alphas are both econom-
ically and statistically insignificant, showing that the 2-factor model introduced
in the paper provides success in explaining industry effects. Fourth, we pro-
vide robustness analysis when controlling for popular macroeconomic and finan-
cial variables. Table V of the Internet Appendix indicates that after controlling

17An alternative approach to estimating the risk-return coefficient for the stock market portfolio is
introduced by Ghysels et al. (2005). An application of the mixed data sampling (or MIDAS) approach
to conditional covariances in a panel-data setting represents an important direction for future research
(see Ghysels, Sinko, and Valkanov (2006), Andreou, Ghysels, and Kourtellos (2010)).
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for variables associated with business conditions, the time-varying exposures of
equity portfolios to the market and uncertainty factors carry positive risk premia.
Fifth, we provide results from individual stocks trading at the NYSE, AMEX,
and NASDAQ. Table VI of the Internet Appendix reports a significantly positive
market price of uncertainty for large and liquid stocks trading in the U.S. equity
market. Sixth, we test whether the predictive power of the variance risk premia
is subsumed by the market illiquidity and/or credit risk. Table VII of the Inter-
net Appendix clearly shows that controlling for the market illiquidity and default
risk individually and simultaneously does not influence the significant predictive
power of the conditional covariances of portfolio returns with the market risk and
VRP factors. Finally, we test whether the conditional asset pricing model with
risk and uncertainty outperforms the conditional CAPM in terms of statistical fit.
Table VIII of the Internet Appendix presents the realized monthly average excess
returns on equity portfolios and the cross section of expected excess returns gen-
erated by the 1-factor conditional CAPM and the 2-factor conditional asset pric-
ing model. Clearly the newly proposed model with risk and uncertainty provides
much more accurate estimates of expected returns on equity portfolios.

VI. Cross-Sectional Relation between VRP Beta and
Expected Returns

In this section, we investigate the cross-sectional asset pricing performance
of our model by testing the significance of a cross-sectional relation between ex-
pected returns on equity portfolios and the portfolios’ conditional covariances
with VRPshock. Following Bali (2008) and Campbell et al. (2014), we use the size
and book-to-market portfolios of Kenneth French as test assets. First, we estimate
the DCC-based conditional covariances of 100 size/BM portfolios with VRPshock,
and then for each month we form quintile portfolios sorted based on the portfo-
lios’ conditional covariances (or betas) with VRPshock. Because the conditional
variance of VRPshock is the same across portfolios, we basically sort equity port-
folios based on their VRP betas:

VRPbeta
i,t =

Cov
[
Ri,t+1,VRPshock

t+1 |Ωt
]

Var
[
VRPshock

t+1 |Ωt
] ,(27)

where VRPbeta
i,t is the VRP beta of portfolio i in month t, Cov

[
Ri,t+1,VRPshock

t+1 |Ωt
]

is the conditional covariance of portfolio i with VRPshock
t+1 estimated using equa-

tion (22), and Var
[
VRPshock

t+1 |Ωt
]

is the conditional variance of VRPshock
t+1 , which is

constant in the cross section of equity portfolios.
Ang et al. (2006) test whether the exposure of individual stocks to changes

in market volatility predicts cross-sectional variation in future stock returns. They
first estimate the exposure of individual stocks to changes in the S&P 100 index
option VXO. Then, they sort stocks into quintile portfolios based on these implied-
volatility betas. They find a negative cross-sectional relation between the volatil-
ity betas and future stock returns; that is, stocks with higher (lower) exposure to
changes in the VXO generate lower (higher) returns in the next month. Motivated
by Ang et al. (2006), we test whether the predictive power of VRPbeta

i,t remains
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intact after controlling for the exposure of equity portfolios to changes in aggre-
gate stock market volatility.

In this section, following Ang et al. (2006), we use the VXO in the estimation
of the variance risk premia. We have so far used high-frequency (intraday) market
returns to estimate the expected physical variance that enters the VRP, but we
use low-frequency returns on the market and equity portfolios to estimate the
conditional covariances. To be consistent with the estimation of market variance,
VRP, and conditional covariances, in this section, we define the monthly realized
variance of the market as the sum of squared daily returns on the S&P 500 index
in a month. Then, we estimate the expected physical variance by regressing the
1-month-ahead realized market variance on the lagged realized market variance
and VXO. Because the monthly data on VXO are available from Jan. 1986, our
results in this section are based on the sample period Jan. 1986–Dec. 2012.

We start cross-sectional analysis by performing univariate portfolio sorts
based on VRPbeta

i,t . Then, we present evidence from multivariate cross-sectional
regressions with market beta, VRPbeta

i,t , and VXObeta
i,t .

Table 4 presents the average excess monthly returns of quintile portfolios
that are formed by sorting the 100 size/BM portfolios based on their VRP betas.
Q1 (Low VRPbeta) is the quintile portfolio of size/BM portfolios with the lowest
VRP betas during the past month, and Q5 (High VRPbeta) is the quintile portfolio
of size/BM portfolios with the highest VRP betas during the previous month. As
shown in the first column of Table 4, the average excess return increases from
0.02% per month to 0.70% per month as we move from Q1 to Q5, generating an
average return difference of 0.68% per month between quintile 5 (High VRPbeta)
and quintile 1 (Low VRPbeta). This return difference is statistically significant
with a Newey–West (1987) t-statistic of 4.33. In addition to the average excess
returns, Table 4 also presents the intercepts (Fama–French (1993) 3-factor alphas,

TABLE 4

Long–Short Equity Portfolios Sorted by VRP Beta

Quintile portfolios are formed every month from Jan. 1990 to Dec. 2012 by sorting 100 size/BM portfolios based on their
VRPbeta over the past 1 month. Quintile 1 (Q1) is the portfolio of size/BM portfolios with the lowest VRPbeta over the
past 1 month. Quintile 5 (Q5) is the portfolio of size/BM portfolios with the highest VRPbeta over the past 1 month. The
table reports the average excess monthly returns, the Fama–French (1993) 3-factor alphas (FF3 alpha), and the Fama–
French (1993) and Carhart (1997) 4-factor alphas (FFC4 alpha) on the VRPbeta sorted portfolios. The last row presents
the differences in monthly returns and the differences in alphas with respect to the 3-factor and 4-factor models between
quintiles 5 and 1 and the corresponding t-statistics. Average excess returns and risk-adjusted returns are given in monthly
percentage terms. Newey–West (1987) t-statistics are reported below in parentheses.

Average Excess Return FF3 Alpha FFC4 Alpha

Q1 0.02 −0.10 −0.01
(0.06) (−0.37) (−0.02)

Q2 0.35 0.25 0.32
(1.34) (1.03) (1.25)

Q3 0.45 0.34 0.41
(1.77) (1.42) (1.66)

Q4 0.53 0.41 0.48
(2.12) (1.79) (2.02)

Q5 0.70 0.59 0.67
(2.94) (2.67) (2.97)

High − Low 0.68 0.69 0.68
(4.33) (4.99) (4.09)
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denoted by FF3) from the regression of the average excess portfolio returns on
a constant, the excess market return, a size factor (SMB), and a book-to-market
factor (HML), following Fama and French (1993). As shown in the last row of
Table 4, the difference in FF3 alphas between the High VRPbeta and Low VRPbeta

portfolios is 0.69% per month with a Newey–West t-statistic of 4.99.
The last column of Table 4 presents the alpha of the return differential

with respect to a 4-factor model, following Fama and French (1993) and Carhart
(1997). Besides the market, size, and book-to-market factors, it includes a fourth
factor based on the return differential between stocks in the highest and lowest
momentum deciles. The reason for including the fourth factor is to check whether
the ability of VRPbeta

i,t to predict returns can be subsumed by the tendency of these
equity portfolios to co-move with the momentum factor.18 As shown in the last
row of Table 4, the difference in the Fama–French (1993) and Carhart (1997)
4-factor alphas (denoted by FFC4) between the High VRPbeta

i,t and Low VRPbeta
i,t

portfolios is 0.68% per month with a Newey–West t-statistic of 4.09.
These results indicate that an investment strategy that goes long size/BM

portfolios in the highest VRPbeta
i,t quintile and shorts size/BM portfolios in the

lowest VRPbeta
i,t quintile produces average raw and risk-adjusted returns of 8.16%

to 8.28%, respectively, per annum. These return and alpha differences are eco-
nomically and statistically significant at all conventional levels.

To determine whether the cross-sectional predictive power of VRP beta is
driven by the outperformance of High VRPbeta portfolios and/or the underper-
formance of Low VRPbeta portfolios, we compute the FF3 and FFC4 alpha of
each quintile portfolio. As reported in Table 4, the FF3 alpha of Q1 is −0.10%
per month (t-statistic = −0.37) and the FFC4 alpha of Q1 is −0.01% per month
(t-statistic = −0.02), presenting an economically and statistically insignificant
risk-adjusted return of the short leg of the arbitrage portfolio with Low VRP beta.
When we look at the long leg of the arbitrage portfolio with High VRP beta, the
FF3 alpha of Q5 is 0.59% per month with a t-statistic of 2.67 and the FFC4 alpha
of Q5 is 0.67% per month with a t-statistic of 2.97. These economically and sta-
tistically significant FF3 and FFC4 alphas indicate that the significantly positive
link between VRP beta and the cross section of portfolio returns is driven by the
outperformance of individual stocks with High VRP beta.

We now examine the cross-sectional relation between VRP beta, market
beta, and expected returns using the Fama–MacBeth (1973) regressions. We cal-
culate the time-series averages of the slope coefficients from the regressions of
1-month-ahead portfolio returns on the conditional covariances of portfolios with
the market and VRP factors, Covt (Ri,t+1,Rm,t+1) and Covt

(
Ri,t+1,VRPshock

t+1

)
. The

average slopes provide standard Fama–MacBeth tests for determining whether
the market and/or uncertainty factors on average have nonzero premia. Monthly
cross-sectional regressions are run for the following asset pricing specification:

Ri,t+1 = λ0,t + λ1,t · Covt (Ri,t+1,Rm,t+1)

+ λ2,t · Covt
(
Ri,t+1,VRPshock

t+1

)
+ εi,t+1,

18SMB (small minus big), HML (high minus low), and MOM (winner minus loser) are de-
scribed in and obtained from Kenneth French’s data library: http://mba.tuck.dartmouth.edu/pages/
faculty/ken.french/.
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where Ri,t+1 is the excess return on portfolio i in month t + 1, and λ1,t and λ2,t are
the monthly slope coefficients on Covt (Ri,t+1,Rm,t+1) and Covt

(
Ri,t+1,VRPshock

t+1

)
,

respectively. The predictive cross-sectional regressions of Ri,t+1 are run on the
time-t expected conditional covariances of portfolios with the market and VRP
factors.

Table 5 presents the time-series averages of the slope coefficients (λ̄1, λ̄2)
over the 324 months from Jan. 1986 to Dec. 2012 for the 100 size/BM portfo-
lios. The bivariate regression results produce a positive and statistically signifi-
cant relation between Covt

(
Ri,t+1,VRPshock

t+1

)
and the cross section of portfolios

returns. The average slope, λ̄2, is estimated to be 0.0250 with a Newey–West
(1987) t-statistic of 2.94 for the 100 size/BM portfolios. We also find a signifi-
cantly positive link between market beta and the cross section of expected returns.
Specifically, the average slope, λ̄1, is found to be 3.38 with a t-statistic of 2.01 for
the 100 size/BM portfolios.

TABLE 5

Fama–MacBeth Cross-Sectional Regressions

The 1-month-ahead excess returns of the 100 size/BM equity portfolios are regressed every month on the time-varying
conditional covariances, Covt

(
Ri,t+1, Rm,t+1

)
, Covt

(
Ri,t+1, VRPshock

t+1

)
, and Covt

(
Ri,t+1, VXOshock

t+1

)
to test for the

presence and significance of a cross-sectional relation between market beta, VRP beta, and VXO beta:

Ri,t+1 = λ0,t + λ1,t · Covt
(
Ri,t+1, Rm,t+1

)
+ λ2,t · Covt

(
Ri,t+1, VRPshock

t+1

)
+ εi,t+1,

Ri,t+1 = λ0,t + λ1,t · Covt
(
Ri,t+1, Rm,t+1

)
+ λ2,t · Covt

(
Ri,t+1, VRPshock

t+1

)

+ λ3,t · Covt

(
Ri,t+1, VXOshock

t+1

)
+ εi,t+1.

Table 5 reports the average slope coefficients (λ̄1, λ̄2, λ̄3) from the Fama–MacBeth (1973) regressions and the Newey–
West (1987) t-statistics (below in parentheses). The last column presents the average R 2 values from the monthly cross-
sectional regressions. The sample period is from Jan. 1990 to Dec. 2012.

λ̄1 λ̄2 λ̄3 R 2

3.3781 0.0250 12.94%
(2.01) (2.94) (10.99)

0.5099 0.0292 −0.0163 16.53%
(0.26) (3.61) (−1.87) (12.80)

We now test whether a significantly positive link between VRP beta and
expected returns remains intact after controlling for the negative market volatility
risk premium. For each month from Jan. 1986 to Dec. 2012, we estimate the
following cross-sectional regression specification:

Ri,t+1 = λ0,t + λ1,t · Covt (Ri,t+1,Rm,t+1) + λ2,t · Covt
(
Ri,t+1,VRPshock

t+1

)
+ λ3,t · Covt

(
Ri,t+1,VXOshock

t+1

)
+ εi,t+1.

The second row in Table 5 reports the average slope coefficients
(
λ̄1, λ̄2, λ̄3

)
for

the 100 size/BM portfolios. Similar to our finding from the bivariate regression,
λ̄2 is estimated to be positive; λ̄2 = 0.0292 with a t-statistic of 3.61, implying a
significantly positive uncertainty premium. Consistent with Ang et al. (2006), the
average slope on the implied-volatility beta, Covt

(
Ri,t+1,VXOshock

t+1

)
, is estimated

to be negative; λ̄3 =−0.0163 with a t-statistic of −1.87. Interestingly, the average
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slope on market beta, Covt (Ri,t+1,Rm,t+1), is estimated to be positive but statisti-
cally insignificant; λ̄1 = 0.5099 with a t-statistic of 0.26. Overall, the results in
Table 5 indicate that after controlling for the positive market risk premium and
the negative market volatility risk premium, the positive link between VRP beta
and expected returns remains highly significant.

VII. Conclusion

Although uncertainty is more common in the decision-making process than
risk, relatively little attention is paid to the phenomenon of uncertainty in em-
pirical asset pricing literature. This paper focuses on economic uncertainty and
augments the original consumption-based asset pricing models to introduce a
2-factor conditional asset pricing model with time-varying market risk and uncer-
tainty. According to the augmented asset pricing model, the premium on equity is
composed of two separate terms; the first term compensates for the market risk,
and the second term represents a true premium for economic uncertainty. We use
the conditional asset pricing model to test whether the time-varying conditional
covariances of equity returns with the market and uncertainty factors predict their
future returns.

Because information about economic uncertainty is too imprecise to measure
with available data, we have to come up with a proxy for uncertainty that should
be consistent with the investment opportunity set of risk-averse investors. Follow-
ing Zhou (2009), we measure economic uncertainty with the VRP of the aggregate
stock market portfolio. Different from earlier studies, we provide empirical evi-
dence that the VRP is indeed closely related to economic and financial market
uncertainty. Specifically, we generate several proxies for uncertainty based on the
macroeconomic variables, return distributions of financial firms, CDS market, and
investors’ disagreement about individual stocks. We show that the VRP is highly
correlated with all measures of uncertainty.

Based on the 2-factor asset pricing model, we investigate whether the market
prices of risk and uncertainty are economically and statistically significant in the
U.S. equity market. Using the DCC model of Engle (2002), we estimate equity
portfolios’ conditional covariances with the market portfolio and VRP factors and
then test whether these dynamic conditional covariances predict future returns on
equity portfolios. The empirical results from the size, book-to-market, momen-
tum, and industry portfolios indicate that the DCC-based conditional covariances
of equity portfolios with the market and VRP factors predict the time-series and
cross-sectional variation in stock returns. We find the risk-return coefficients to be
positive and highly significant, implying a strongly positive link between expected
return and market risk. Similarly, the results indicate a significantly positive mar-
ket price of uncertainty. That is, equity portfolios that are highly correlated with
uncertainty (proxied by the VRP) carry a significant premium relative to portfo-
lios that are uncorrelated or minimally correlated with VRP. In addition to the
size, book-to-market, momentum, and industry portfolios, we investigate the sig-
nificance of risk, uncertainty, and return trade-offs using the largest 500 stocks
trading at the NYSE, AMEX, and NASDAQ, as well as stocks in the S&P 500
index. Consistent with our findings from equity portfolios, we find significantly
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positive market prices of risk and uncertainty for large stocks trading in the U.S.
equity market.

We also examine whether the conditional covariances with the VRP could
be picking up the covariances with market volatility, market illiquidity, and de-
fault risk. We find that the significantly positive link between uncertainty and
future returns remains intact after controlling for market volatility, liquidity, and
credit risk.

Finally, we investigate the cross-sectional asset pricing performance of
our model using the long–short equity portfolios and the Fama–MacBeth (1973)
regressions. The results indicate that the annual average raw and risk-adjusted
returns of the equity portfolios in the highest VRP beta quintile are about 8%
higher than the annual average returns of the equity portfolios in the lowest VRP
beta quintile. After controlling for the market, size, book-to-market, and momen-
tum factors of Fama and French (1973) and Carhart (1997), the positive relation
between VRP beta and the cross section of portfolio returns remains economically
and statistically significant. Overall, we conclude that the time-varying exposures
of equity portfolios to the variance risk premia predict the time-series and cross-
sectional variation in stock returns.
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