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Abstract

We show that firm-level volatility risk premium obeys a strong factor structure. Such
factor structure is also present in a decomposition of firms’ volatility risk premium into
good and bad counterparts, capturing compensation for realized volatility in positive
and negative returns. Stocks with the weakest exposures to the common bad volatility
risk premium factor earn average returns 7.32% higher than those with the strongest
exposures. The common factor in total (bad) volatility risk premium predicts stock
market returns at all horizons (from 6 months) up to 24 months, both in-sample and
out-of-sample. This predictive power is incremental to existing predictors.
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1 Introduction

This paper presents new empirical evidence on the behavior of individual stock volatil-
ity risk premia and examines the quantitative implications of this behavior in the two
canonical tasks in finance: cross-sectional asset pricing and stock market forecasting. We
focus on the “total” volatility risk premium of individual stocks, which we define as the dif-
ference between the risk-neutral and physical expectations of return volatility (Bollerslev,
Tauchen, and Zhou, 2009), and the “good” and “bad” premia, which capture the com-
pensation for realized volatility in positive and negative returns (Kilic and Shaliastovich,
2019). We document three key findings. First, the volatility risk premia of US firms are
synchronized. Second, only exposure to the common bad volatility risk premium is priced
into the cross-section of stocks. Third, the common total (bad) volatility risk premium pre-
dicts excess market returns with statistically significant coefficients at all horizons up to 24

months (longer horizons from 6 months).

Although a large body of research focuses on higher-moment premiums in the equity
index market, the stock-level volatility risk premium (VRP) is much less well understood.!
The main contribution of this paper is to examine commonalities in firm-level VRPs across
a cross-section of US firms. We begin our empirical investigation by constructing the daily
volatility risk premium of 507 stocks over the period from January 2000 to December 2020.
For each stock, we decompose its total volatility premium into good and bad components.
Panel A in Figure 1 shows a cross-sectional distribution of annualized volatility risk pre-
mia. We observe a strong synchronicity in the dynamics of the individual premia. The first
principal component explains about 60% (80%) of the time variation in daily firm-level to-
tal and good (bad) VRPs. Panels B and C further show that the commonality is even more
pronounced within size and industry groups, clearly suggesting a strong factor structure

in firms’ volatility risk premia.

We then compare the common factors with the corresponding counterparts on the mar-
ket index. Although the common and market volatility risk premiums exhibit similar dy-
namics, the comovement is far from perfect. Bakshi and Kapadia (2003) have already doc-

umented this wedge between firm-level volatility risk premiums and those extracted from

1Bollerslev et al. (2009) document a variance premium in the US equity index market, whereas Kozhan,
Neuberger, and Schneider (2013) find a skew premium.
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index options. This phenomenon is shown to be attributable to correlation risk (Driessen,
Maenhout, and Vilkov, 2009), investor disagreement (Buraschi, Trojani, and Vedolin, 2014),
and the default premium (Gonzalez-Urteaga and Rubio, 2016). We complement this ev-
idence by showing that the commonality in bad volatility risk premiums of individual
firms is strongly associated with the commonality in the idiosyncratic risk of firms and
households. Using the data from Compustat, we demonstrate that the mean and various
percentiles of firm-level employment growth share a strong negative correlation with a
common component of individual bad volatility risk premiums. Using the data from the
National Income and Production Account and the Federal Housing Financing Agency, we
further show a strong negative comovement between shocks to common bad volatility risk
premium and changes in the cross-sectional mean and the distribution of earnings and
house price growth. The correlations appear much weaker for the market volatility risk
premium. Thus, the idiosyncratic risk of firms and households captured by the common

bad component is unrelated to the aggregate market.

We then link the common factor in firm-level total, good, and bad volatility risk pre-
mia (C VRPT,CVRPY,CVRPE ) to the cross-section of asset returns and the time-series
predictability of aggregate market returns. We start by examining the link between the
tirms’ sensitivities to common volatility risk premia and differences in expected returns.
We show this association for stocks in the Center for Research in Security Prices (CRSP)
over a period spanning 2000-2020. We estimate the firms’ betas on CVRP’,CVRPY,
and CVRPP whilst controlling for the exposure to market volatility premium. The cross-
sectional analysis demonstrates that the common bad volatility risk premium is negatively
priced in the cross-section of stock returns in both economic and statistical terms. The top
CVRPP-beta quintile earns average raw returns of 6.48% and 7.32% per annum lower than
the bottom quintile for equal- and value-weighted portfolios, respectively. In contrast, the
firms in the top CVRPY-beta quintile outperform those in the bottom quintile on average
by 6.48% and 6.00% for the two weighting schemes, but the performance differential is
statistically weak. We find no evidence of statistical or economic significance of portfolio

return spreads formed on CVRP7 -betas.

Furthermore, we show that the significance of expected return differences is not driven

by firms” exposure to market bad volatility risk premium (Kilic and Shaliastovich, 2019),



innovations to the VIX index (Ang, Hodrick, Xing, and Zhang, 2006), common idiosyncratic
volatility (Herskovic, Kelly, Lustig, and Van Nieuwerburgh, 2016), or common bad implied
volatility (Babiak, Barunik, Bevilacqua, and Ellington, 2023). The differences in average
returns of extreme CVRPB-beta quintiles generate significant alphas relative to the five-
factor model of Fama and French (2015) and six factors that add momentum of Jegadeesh
and Titman (1993). In addition, we estimate significant risk premiums for the CVRP5
factor using the Fama-MacBeth regression and three-pass regression procedure (Giglio
and Xiu, 2021) using a set of one- and two-way portfolios sorted on CVRP5-betas and

sensitivities to other key variables and firm-characteristics.

We next conduct in- and out-of-sample regression analyses to explore the relationships
of commonalities among firm-level VRPs with stock market returns. Our analysis pro-
duces three key results. First, we show that common total and bad volatility risk premi-
ums strongly predict stock market returns. The in-sample predictive power of CVRPT
is statistically significant at all horizons considered up to 24 months, while CVRP? is a
strong predictor at longer-term horizons starting from 6 months. The common good com-
ponent weakly predicts the stock market returns only one month ahead. Quantitatively,
the monthly in-sample R? statistics of univariate regressions with CVRP” and CVRPY

increase monotonically with the horizon to 20% and 24% in the 24-month horizon case.

Second, a strong predictive power holds in out-of-sample estimation using only his-
torical returns. The monthly out-of-sample R? statistics are positive at all horizons and
monotonically increase to 17% and 19% when predicting two-year market returns. These
values surpass those from corresponding statistics when using market volatility premia
whose total and bad components also generate some out-of-sample benefits. Furthermore,
our findings are in stark contrast to the extant predictors in Welch and Goyal (2008) that

tend to produce a sound in-sample performance, which vanishes in an out-of-sample test.

Third, the bivariate regression analysis shows that common total and bad components
of firm-level VRPs provide incremental predictive power relative to the market volatility
risk premia whose total (good and bad) component is shown to predict the stock market
returns at shorter (longer) horizons (Bollerslev et al., 2009; Kilic and Shaliastovich, 2019).

The predictive coefficients on CVRP7 and CVRPP remain significant when we control



for other volatility-related variables and the existing predictors.

Our paper links to several strands of the literature. We connect with the studies on the
common factors in physical and risk-neutral return volatility. Ang et al. (2006) considers
the pricing of aggregate volatility risk proxied by the VIX index in the cross-section of stock
returns. Chen and Petkova (2012) decomposes aggregate market variance into an average
correlation component and an average variance component, showing that only the latter
commands a negative price of risk in the cross-section of portfolios sorted on idiosyncratic
volatility. Christoffersen, Fournier, and Jacobs (2018) document a strong factor structure
in the equity volatility levels, skews, and term structures. Our paper is the closest to
Herskovic et al. (2016) and Babiak et al. (2023) documenting that the common factor in
idiosyncratic volatility and downside option-implied volatility is priced in the cross-section
of stocks. We contribute to this literature by documenting a strong factor structure in
tirms” volatility risk premia. The common factor in spreads between risk-neutral and
physical volatilities has additional information for the cross-section of asset returns relative
to innovations in realized, option-implied, or residual volatility based on different factor
models. Further, none of these other studies document a predictive power of common

factors in volatilities for the stock market predictability.

We contribute to the literature on second-moment risk premia at the stock level. Driessen,
Maenhout, and Vilkov (2009) attribute the differences between the index and individual
stock variance premia to heterogeneous exposures to market-wide correlation shocks and
connect this evidence to expected option returns. Buraschi et al. (2014) show that investor
disagreement significantly drives the wedge between firms” and market volatility premi-
ums. Focusing on stocks in the S&P 100 index, Gonzdlez-Urteaga and Rubio (2016) show
that the difference in exposures of stock-level volatility risk premia to the market volatility
premium can be explained by the default risk. We complement these studies by show-
ing that the commonality in bad volatility risk premiums is strongly associated with the
commonality in employment, earnings, and house prices. Furthermore, we study the im-
plications of common factors of stock-level volatility risk premia for both individual stock

returns and aggregate market predictability.

Our paper is also related to Bali and Hovakimian (2009) and Han and Zhou (2012), who



connect the second-moment risk premium at the stock level to expected returns.” They do
not consider the common factor in volatility risk premia, a central driver of asset prices in
this paper, and do not examine the implications for stock market forecasting. While in this
paper cross-sectional asset pricing predictability is driven by the exposure to the common
factor, it only arises from the commonalities in bad volatility risk premia, highlighting the
importance of asymmetric components of volatility risk premium. Further, our conclusions
apply to the whole cross-section of CRSP firms and are not limited to optionable stocks.
Finally, our paper is, to the best of our knowledge, the first study to examine the good and

bad components of volatility premia at the firm level.

Our article relates to a plethora of research on the market variance risk premium. In
relation to our focus on market return predictability, the market variance risk premium
predicts aggregate market returns up to six months (Bollerslev et al., 2009; Bekaert and
Hoerova, 2014), while the good and bad components possess a long-term predictive power
(Feunou, Jahan-Parvar, and Okou, 2018; Kilic and Shaliastovich, 2019). Bollerslev, Todorov,
and Xu (2015) decomposes the total variance into its continuous- and jump-variance com-
ponents and finds that much of this predictability is attributable to jump (tail) risk. Holl-
stein and Simen (2020) decomposes the market variance risk premium into the VRP of
individual equities and the correlation risk premium (CRP) factors and shows that the two
factors improve the predictability of the S&P 500 excess returns. We contribute to this
literature by showing that the common factors in firms’ volatility risk premia yield higher
predictability for market returns both in-sample and out-of-sample. Unlike the market
second-moment premia, the predictive power of common volatility premiums is incremen-
tal to existing predictors. Further, we provide novel evidence that this is the commonality

in the firms’ bad volatility premium, which is priced in the cross-section of stocks.

Finally, our work directly builds on the literature that examines the information con-
tent of decomposed volatility risk measures, primarily uncovering the important role of

downside risk for asset pricing and return predictability.> We also relate to the literature

21t is worth emphasizing that Bali and Hovakimian (2009) use the average implied volatility across all
eligible options, which is different from the model-free implied volatility. Thus, their predictor is arguably
different from the variance risk premium.

3 A non-exhaustive list includes Ang, Chen, and Xing (2006), Barndorff-Nielsen, Kinnebrock, and Shep-
hard (2010), Bollerslev, Todorov, and Xu (2015), Segal, Shaliastovich, and Yaron (2015); Patton and Sheppard
(2015), Farago and Tédongap (2018), Bollerslev, Li, and Zhao (2020), Barunik, Bevilacqua, and Tunaru (2022).



showing superior predictive information of option prices for stock returns.*

Using op-
tions data to measure the volatility risk premium at the firm level, our key contribution is
to provide the first examination of the common factor among firms’ volatility premia and
study the implications for the cross-sectional predictability of stock returns and time-series

forecastability of aggregate market returns.

The rest of the paper proceeds as follows. Section 2 describes the data. Section 3 re-
ports the cross-sectional asset pricing implications of common volatility risk premia using
portfolio and regression analyses. Section 4 investigates the predictive power of common
volatility risk premia for market returns. Section 5 concludes. Additional results are rele-

gated to the Appendix.

2 The factor structure in volatility risk premia

2.1 Data

We compute firm-level implied volatilities using daily data from OptionMetrics over the
sample from January 03, 2000, to December 31, 2020.> We include all stocks from their IPO
and listing with good options data coverage (we require stocks to have data spanning more
than 5 years of continuous data). We exclude stocks due to i) bankruptcy; ii) delisting; and

iii) mergers and acquisitions.

We apply common options filtering rules to further exclude stock options with i) miss-
ing deltas; ii) missing implied volatility; iii) bid prices equal to 0; iv) nil volume; v) nil open
interest; vi) negative bid-ask spread; and that vii) violate arbitrage conditions (Bakshi, Ka-
padia, and Madan, 2003; Carr and Wu, 2011; Christoffersen, Jacobs, and Ornthanalai, 2012).
Following these filtering criteria, we remove options with less than 4 contracts on a specific

day and are left with 507 firms.” Approximately 90% of these firms are large-cap, with the

4A voluminous literature includes Dennis and Mayhew (2002), Xing, Zhang, and Zhao (2010), Cremers
and Weinbaum (2010), An, Ang, Bali, and Cakici (2014), Muravyev, Pearson, and Pollet (2022), among others.

>This period allows us to have good data coverage, which was insufficient to compute implied semi-
variances before January 2000.

®Examples of bankruptcies are General Motors, Lehman Brothers, and Merrill Lynch; examples of Mé&As
are Raytheon and United Technologies, Dow Chemical and DuPont, and Walt Disney Company and 21st
Century Fox.

"Most of these data filters are common in the option pricing literature. The volume and open interest
constraints ensure genuine interest in the option contract. Options close to maturity are removed (Carr
and Wu, 2011; Christoffersen, Jacobs, and Ornthanalai, 2012). We remove options with a negative bid-ask
spread and those that violate no-arbitrage constraints, as these option prices are invalid and inconsistent



remaining 10% being mid-cap stocks. Most stocks in our sample appear as a constituent
of the S&P500 throughout our sample. Other stocks come from the Russell 1000, for which
there is sufficient data coverage. To proxy the market volatility risk premium, we use the

same filtering criteria for S&P500 index options.

Each day t, our data sample contains daily stock options observations for which we
can calculate values of the implied variance and semi-variance measures. We consider call
and put option prices with a maturity of around 30 days, considering all available strikes
for each option. We keep implied variance measures within 23 and 37 days of maturity
to represent a proxy of investor expectations of the one-month ahead fluctuations in the

underlying asset.

In addition to option prices, we also use 5-minute returns from Kibot to construct the
realized variance measures for all stocks that estimate physical expected variance. We
use a 5-minute sampling frequency with an optimal trade-off between the precision of the

estimators and the impact of microstructure noise (Liu, Patton, and Sheppard, 2015).

2.2 Implied variances

We use the methods in Bakshi and Madan (2000) and Bakshi et al. (2003) to extract
variance measures from the cross-section of option prices in a model-free manner. We
consider the price of a variance contract that pays the squared logarithm of the return at
time t + 1, corresponding to a fixed horizon of the next 30 days. Let s;; denote the natural

logarithm of the price S;; of the i-th asset at time ¢. The payoff of the variance contract is

2

Tt

= (Sit+1 — si,t)z and we define the total implied variance, ZVZ;, as the price of the
contract:

_J
V] = e BR[| (1)

where lE?[ -] is the expectation operator under the risk-neutral measure conditional on
time f information and r{ is the risk-free rate. Kilic and Shaliastovich (2019) and Barunik
et al. (2022) decompose the total implied variance measure given by Equation (1) into
two components associated with positive and negative returns of the variance contract,

respectively. In the absence of arbitrage, the sum of these components is the total implied

with theory. Finally, we remove ITM contracts, as they tend to be more illiquid than OTM and ATM options
(Christoffersen et al., 2012).



variance. One obtains the prices of these components from OTM call and put options.

Implied variance measures the expectations of fluctuations in the underlying asset over
a given horizon. Furthermore, Bakshi and Madan (2000) and Bakshi et al. (2003) show that

one can compute IVZ; from the prices OTM call and put options:

(1 —1log(K/S;i:)) Sir 2(1 +log(S;+/K))
IVZ;:/t e vt C(t,t+1,K)dK+/0 e ML P(tt+1,K)dK,
I;/rft ’ z;/,ft
2)

where C(-) and P(-) denote the prices at time f of a call and put contract with a time
to the expiration of one period and a strike price of K. Call option prices reflect a good
state for the stock, while the prices of a put option reflect a bad state for the stock. The
two states, most of the time, relate to contrasting investors” future expectations (Buraschi
and Jiltsov, 2006). OTM puts are usually linked with hedging and insurance against equity
market drops (Han, 2008), whereas OTM calls are commonly associated with optimistic

beliefs (Buraschi and Jiltsov, 2006).

We follow Kilic and Shaliastovich (2019) and decompose the payoff from the variance

contract into two intuitive measures of expectations of good and bad events for the stock:

7T _ JeQf2 =02
IV =e tE; |:rirt+11[{”i,t+1>0}i| Te ES \raly, <o) 3)
Ivg Vh

Intuitively, good and bad components of the payoff add to the total, and we can obtain
the prices of its components in a model-free manner from a bundle of option prices upon
a discretization of Equation (2). Appendix provides details of the procedure. The total
implied variance is the weighted sum of option prices, and its components are identifiable
by claims that have payoffs relating to the sign of the realized return. Good (bad) implied
variance is identifiable from call (put) options that pay off when we realize a positive (
negative) return. Consequently, the first (second) term in Equation (2) refers to a positive
(negative) component of the payoff of the variance contract. Taking the square roots of re-
spective implied variances gives us total implied volatility \/Z VZ;, good implied volatility

\ /IVigt, and bad implied volatility Z)/ft.



2.3 Realized variances

In addition to the risk-neutral variance measures, we construct measures of the phys-
ical expected variance based on high-frequency data. Let g, ; denote the high-frequency
logarithmic return of an asset i over the k-th time interval within some fixed time period
t. In our case, k is fixed to a 5-minute time interval with N such intervals available over
a day t. Following Andersen, Bollerslev, Diebold, and Labys (2003) and Barndorff-Nielsen
et al. (2010), we construct the realized variance of returns on a given trading day ¢ for a
given stock i as RVZ; =yN, ‘ﬁ,k,t' We add the squared intraday log returns (difference in
log prices when the market opens and closes). Similarly, we decompose realized variance

into good and bad realized variances as:
g N 2 B N 2
Rvi,t = Z qz',k,tﬂ(qi,k,t>0) N RVip = Z qi,k/tﬂ(%',k,tgo) (4)
k=1 k=1

Intuitively, the good and bad realized variance measures capture information about
time variation in the positive and negative components of the physical distribution of
stock returns. By construction, the cumulative realized variance adds up the cumulative
good and bad realized variances. Barndorff-Nielsen et al. (2010) provide the theoretical
underpinning of this decomposition based on a jump-diffusion process for a stock price,
and under general assumption demonstrate that with N — co both good and bad vari-
ances converge to half of the Gaussian diffusion in the returns and positive and negative

quadratic jump variation, respectively.

2.4 Firm-level volatility risk premia

Our analysis resonates with Bakshi and Kapadia (2003), one of the first papers exam-
ining the differences between the firm-level and market volatility risk premiums, and a
recent study on the determinants of the cross-sectional variation of volatility risk premia
by Gonzalez-Urteaga and Rubio (2016). This article complements the extant literature by
examining the commonalities in volatility risk premia of individual firms and their in-
cremental information relative to the market volatility premium through the asset pricing
context. In addition, this paper examines the good and bad components of volatility pre-

mia at the firm level.

To formalize the discussion, we define the total, good, and bad volatility risk premiums
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Figure 1. The cross-sectional distribution of volatility risk premia

The figure plots annualized total (left plots), good (middle plots), and bad (right plots) volatility risk premia
(VRP) averaged within VRP (Panel A), size (Panel B), and industry groups (Panel C). At the end of each
month, we divide all stocks into four equal groups based on the VRP (market equity) quartiles. Panels A and
B demonstrate the within-group averages of volatility risk premia for the two cases. We also divide stocks
into five industry groups based on the standard industry classification (SIC). Panel C illustrates the average
volatility risk premia within each group.

Panel A: Volatility risk premium groups

Total Good Bad

Volatility risk premium

2000 2005 2010 2015 2020 2000 2000 2005 201
Years

2015 2020

Panel B: Size groups

Total Good Bad

i 1
LTI L
VHFY W k‘,y;.;;/wf'*q’fl;vwf Jl 1

isk preminm

o-g b A Pl et Mgl 2
A | AL
! Hi g

1 (small)
02 H 02

Volatility risk premium

4 (large)

2000 2005 2010 2015 2020 2000 2005 2010 2015 2020 2000 2005 2010 2015 2020
‘ears Years ars

Panel C: Five industry groups

Total Good Bad

isk premium

|

. W% ‘fh‘@,,@,»‘.‘v\‘k‘m‘""‘lﬁ%ﬁ w""'g‘\’,v.;\"”"\if‘i\!wa"\}AY;"(F(;#"‘\’\MNZ-‘y'W: N
e ‘ |
|

Volatility r

|

2000 2005 2010 2015 2020 2000 2005 2010 2015 2020 2000 2005 2010 2015 2020
cars Years cars

of an asset i at time t as:

VRPY = [TV — 30 x RVE, X € (T, 6,5} 5)

where IVft and RVi(t denote the daily estimates of the corresponding implied and real-
ized variances. Figure 1 further illustrates the cross-sectional distribution of annualized
volatility risk premia. Panel A presents the daily averages of the total, good, and bad
time series within quartiles formed on each day. Although we observe a high degree of
variation and differences in the magnitude of firms’ volatility premia, the averages for the

four groups exhibit an extraordinary comovement at the daily frequency. To quantify this
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Table 1. Firm-level volatility risk premia

This table presents summary statistics (Panel A) and one-factor regression results (Panel B) of daily firm-level
volatility risk premia. For each firm, we compute the sample mean, standard deviation, skewness, kurtosis,
and autocorrelation of total, good, and bad volatility risk premiums. Panel A reports the cross-sectional
averages and percentiles of these statistics. The mean and standard deviation are expressed in annual terms,
whereas other statistics are based on daily series. For each firm, we also estimate a univariate time-series
regression of the firm'’s volatility risk premia on the corresponding common factor — an equal-weighted cross-
sectional average of individual time series. Panel B reports the cross-sectional averages and percentiles of
intercepts, slopes, and R?s. The numbers in shaded rows are Newey-West adjusted t-statistics of regression
coefficients. The last row in Panel B shows the R? statistics from a pooled regression. The sample is from
January 2000 to December 2020.

Total Good Bad
Mean 5% 50%  95% Mean 5% 50%  95% Mean 5% 50%  95%

Panel A: Summary statistics

Mean 469 045 435 1039 021 -252 019 357 636 217 599 1185
Std 911 441 829 16.89 711 364 642 1252 777 345 724 14.06
Skew -072 -255 —-078 1.28 —-233 —4.66 —-2.05 —0.64 057 —-1.16 042 278
Kurt 8.96 345 754 19.14 14.80 394 11.08 3492 7.88 323 643 1838
AR(1) 022 -010 019 055 024 -0.07 022 059 033 —-0.03 032 072
Panel B: One-factor regression results
Intercept 0.00 —0.05 0.00 0.06 0.00 —0.03 0.00 0.03 0.00 —0.06 0.00 0.06
—0.10 —4.38 —-025 4.00 —0.15 —-528 0.08 4.68 014 -381 017 428
Slope 100 035 09 1.89 099 048 094 171 098 019 088 216
5.98 1.87 545 11.76 7.34 211 6.64 1429 5.73 1.73 512 11.99
R? (univar) 022 004 021 044 033 007 031 059 027 003 025 056
R? (pooled) 0.13 0.22 0.17

commonality, the first principal component explains around 80% (60%) of the variation in
daily bad (total or good) VRPs. Panel B shows the mean volatility risk premia within the
quartiles formed on the market capitalization, whereas Panel C reports the averages within
tive industries based on the standard industry classification (SIC). There are even smaller

differences in the time-series dynamics across different size and industry groups.

Panel A in Table 1 reports summary statistics of individual time series. The firm-level
volatility risk premiums are, on average, positive with a bad (good) component having a
larger (smaller) average value. This evidence is consistent with positive average volatility
premiums extracted from index options. Note that the bad and good components do not
sum up to the total quantity because we work with the volatility risk premium similar
to Bakshi and Kapadia (2003), Driessen et al. (2009), and Gonzélez-Urteaga and Rubio
(2016), among others. There is a considerable time-series variation in firm-level VRPs,
resulting in a wide range of volatility estimates. On average, the volatility of the total

(good and bad) VRPs tends to be higher (lower), consistent with the evidence on the

12



market volatility premium and its components reported by Kilic and Shaliastovich (2019).
Finally, the individual bad (total and especially bad) VRPs tend to have a positive (negative)

skewness and appear to be more (less) persistent.

We now measure the degree of common variation in firm-level volatility risk premiums
using the regression analysis. Following the definition of a common factor in firms’ id-
iosyncratic volatility of Herskovic et al. (2016), we define the common total, good, and bad
volatility risk premium factors as the equal-weighted average of individual total, good, and
bad time series, respectively. For each firm, we then estimate a univariate regression of its
volatility risk premium on the common factor. Panel B in Table 1 demonstrates the results
of this one-factor regression analysis. The average R? statistic from univariate regressions
for the total volatility risk premium is 22% and increases to 27% and 33% for the bad and
good component cases, respectively. The pooled (OLS) regression reaches lower R? statis-
tics ranging from 13% to 22%. In sum, the one-factor model fit is quite strong given the
daily frequency of data and non-overlapping periods used to compute the firm-level VRPs,
reinforcing our conclusion that individual time series possess a significant common time

variation.
3 Common volatility risk premia and expected stock returns

We now examine the asset pricing implications of common volatility risk premia in
the cross-section of stocks. Following the extant literature, we conduct our analysis on a
monthly frequency. For this reason, we construct the monthly version of the common to-
tal, good, and bad volatility risk premium factors. We first take the average of firms’ daily
total, good, or bad volatility risk premiums within each month to obtain the monthly ob-
servations. Then, we compute the equal-weighted cross-sectional average of the monthly
total, good, or bad volatility risk premiums across firms. This procedure follows the con-

struction of the monthly common idiosyncratic volatility of Herskovic et al. (2016).

3.1 Common and market volatility risk premiums

As a natural start, we compare the common volatility risk premium factors with the
market total, good, and bad volatility risk premiums <MVRPT,MVRPQ,MVRPB > .
Figure 2 plots the time series of common and market volatility risk premia and the pair-

wise correlations based on a rolling 60-month window. The corresponding series co-move
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Figure 2. Common and market volatility risk premia

The figure compares common (CVRP) and market (MVRP) volatility risk premia. The top-left, bottom-
left, and bottom-right panels illustrate the total, good, and bad components of the volatility risk premia time
series, respectively. The top-right panel shows the correlations between the corresponding quantities based
on a rolling 60-month window.
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throughout the sample, however, the commonality is far from perfect. Focusing on the
total and bad premiums, correlations are high, around 0.5 and 0.6 at the beginning of
our sample, and decline over time, reaching the values of around 0.2 and 0.3 at the end.
The correlation between good components is generally higher and exceeds 0.6 in some
months. Notably, the correlations computed for total and bad volatility risk premiums
declined sharply at the onset of the Financial Crisis and the COVID recession. The key
takeaway is that the common factors based on firm-level volatility risk premia are distinct

from the market volatility risk premia.

3.2 Connection with the firm and household risks

This section examines the sources of a high degree of comovement in firm-level volatil-
ity risk premiums. We start by retrieving Compustat data for the annual numbers of em-
ployees for US firms to proxy employment risk. Then, we download annual earnings by
place of work from the National Income and Product Accounts (NIPA) to measure income
risk. For household wealth, Herskovic et al. (2016) note that a large share of household

wealth is invested in residential estate and. Thus, shocks to home value transmit fluctua-
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Table 2. Employment, earnings, and wealth

This table presents the correlations between innovations in common (market) volatility risk premiums and
changes in cross-sectional measures of employment (Panel A), earnings (Panel B), and house price (Pan-
els C and D) growth. The statistics include the cross-sectional measures of dispersion (an interquartile
range, a difference between the maximal and minimal values, a standard deviation), selected percentiles
(20%, 40%, 60%, 80%), and the cross-sectional average. The sample is from January 2000 to December 2020.

CVRPT CVRPY CYRPB MVYRPT MVYRPY MVYRPE

Raw Orthog Raw Orthog Raw Orthog Raw Orthog Raw Orthog Raw Orthog
Panel A: Annual employment growth
75% — 25% —0.04 —0.17 -033 —0.39* 0.22 0.11 0.15 0.19 —0.18 —0.01 0.29 0.25
max — min —0.12 —0.06 0.08 0.17 —0.16 —0.11 —0.16 —0.16 —0.06 —0.15 —0.17 —0.12
std —0.52%* —045** —042* —0.23 —0.16 —0.02 —045*  —0.39* —0.53***  —0.50** —0.29 —0.30
20% —0.55%**  —0.44** 0.36 0.59***  —0.78***  —0.62*** —0.53*** —048"  —0.03 —0.33 —0.68"*  —0.41*
40% —0.58** —0.48**  —0.06 0.09 —048*  —0.29 —0.52%*  —047"* —0.24 —0.32 —0.56"*  —0.44**
60% —0.58**  —0.45** 0.28 0.55***  —0.74*** —0.58*** —0.56"**  —0.51"*  —0.15 —045*  —0.66*** —0.41*
80% —0.65"**  —0.60*** 0.10 0.34 —0.67***  —0.57*** —0.50**  —0.42* —0.23 —0.44*  —0.53*** —0.28
Average —0.63***  —0.54*** 0.23 0.48**  —0.75"** —0.62*** —0.53***  —046™ —0.14 —040*  —0.62*** —0.36
Panel B: Annual earnings growth
75% — 25% 0.38* 0.49**  —0.18  —0.09 0.46** 0.47** 0.09 —0.01 —0.24 —0.24 0.25 0.03
max — min 0.01 0.15 —-0.17 —0.04 0.13 0.24 —0.19 —0.24 —0.29 —0.32 —0.08 —0.20
std 0.31 0.44**  —0.07 0.05 0.31 0.36 0.00 —0.09 —0.20 —0.26 0.11 —0.06
20% —0.57***  —0.55*** 0.09 0.21 —0.60***  —0.49** —0.41* —0.33 —0.08 -0.19 —0.50"*  —0.29
40% —0.57%*  —0.49** 0.08 0.25 —0.58**  —0.45** —048*  —0.41* —0.17 —0.32 —0.54***  —0.35
60% —0.51**  —041* 0.03 0.22 —049*  —041* —047*  —0.42* —0.22 —-037* —049* —-0.34
80% —0.40* —0.28 —0.05 0.15 —0.33 —0.20 —042**  —0.40* —0.29 —041*  —0.40* —0.32
Average —0.46**  —0.42** 0.07 0.20 —047*  —0.39* —0.35 —0.29 —0.11 —0.23 —0.40* —0.24
Panel C: Monthly house price growth (nine areas, seasonally adjusted series)
75% — 25% 0.06 0.04 0.09 0.06 0.01 —0.02 0.05 0.03 0.04 0.01 0.05 0.04
max — min 0.03 0.01 0.05 0.01 —0.01 —0.03 0.05 0.04 0.05 0.04 0.04 0.04
std 0.03 0.00 0.05 0.01 —0.01 —0.05 0.06 0.06 0.06 0.05 0.06 0.06
20% —0.09 —0.11* —-0.05 —0.09 —0.10 —0.12* 0.06 0.09 0.05 0.07 0.06 0.09
40% —0.11* —0.13**  —0.06 —0.10 —0.14*  —0.14** 0.06 0.09 0.05 0.08 0.04 0.09
60% —0.09 —0.12* —0.03 —0.08 —0.13**  —0.15** 0.08 0.10* 0.06 0.08 0.08 0.12*
80% —0.04 —0.10* 0.03  —0.07 —0.11* —0.18*** 0.16** 0.17*** 0.14** 0.14** 0.16** 0.19***
Average —0.09 —0.13**  —0.02 -0.10 —0.13**  —0.17*** 0.11* 0.14** 0.10 0.12* 0.11* 0.14**
Panel D: Quarterly house price growth (100 largest Metropolitan areas, seasonally adjusted series)
75% — 25% —0.18* —0.16 —-0.07 —0.10 —0.20* —0.14 —0.08 —0.01 0.02 0.07 —0.13 —0.02
max — min 0.02 0.04 0.03 0.08 —0.01 0.01 —0.07 —0.07 —0.06 —0.10 —0.05 —0.04
std —0.14 —0.11 —-0.02 —-0.03 —0.18* —0.12 —0.09 —0.04 0.00 0.02 —0.14 —0.04
20% 0.02 —0.05 0.20* 0.09 —0.18* —0.23** 0.23** 0.22** 0.27** 0.21* 0.12 0.21*
40% —0.04 —0.07 0.19* 0.11 —0.25**  —0.24** 0.11 0.12 0.21* 0.14 —0.01 0.12
60% —0.06 —0.10 0.15 0.08 —0.25**  —0.25** 0.12 0.14 0.19* 0.14 0.02 0.15
80% —0.14 —0.17 0.11 0.01 —0.31%*  —0.31*** 0.12 0.17 0.20* 0.19* 0.01 0.17
Average —0.06 —0.11 0.17 0.07 —0.26"*  —0.28*** 0.17 0.19* 0.22** 0.18 0.06 0.19*

tions in the wealth of individuals. For this reason, we use seasonally adjusted house price
data from the Federal Housing Financing Agency as a proxy for household wealth risk.
Specifically, we download monthly indices of house prices for nine regions in the US and

more granular quarterly data on house prices in the 100 largest Metropolitan areas.

We construct (monthly, quarterly, or annual) employment, earnings, and house price
growth rates and compute the cross-sectional measures of dispersion (an interquartile
range, a difference between the maximal and minimal values, and a standard deviation),

selected percentiles (20%,40%, 60%, 80%), and the cross-sectional average. Note that these
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cross-sectional measures are likely to be correlated with market volatility risk premiums
due to their comovement with common factors. We disentangle the common correlation
between the index and firm-level volatility risk premiums through two orthogonalizations.
First, we regress the monthly common total, good, and bad factors on the corresponding
market time series. The residuals from these univariate regressions capture the common
factors orthogonalized to market-based volatility risk premia. Second, in a similar man-
ner, we obtain the market premia orthogonalized to the common factors extracted from
individual firms. We aggregate the monthly series of common and market volatility risk
premiums to a quarterly (annual) frequency by taking the average of monthly observations

within a quarter (a year).

Table 2 presents the correlations between innovations in common (market) volatility risk
premium and changes in cross-sectional measures of employment, earnings, and house
price growth rates. Innovations in C VRP® have a strong negative correlation with changes
in selected percentiles and the cross-sectional average of the variables. This relationship
tends to be statistically significant at the 5% confidence level (and even at the 1% con-
fidence level in many cases), while only one out of twenty estimates is insignificant at
the 10% confidence level. The market bad volatility risk premium exhibits a similar de-
gree of comovement with employment and earnings growth, while the correlation with
house price growth becomes insignificant. Furthermore, once the marker bad volatility
risk premium is orthogonalized to the corresponding common factor, all correlations with
earnings growth measures become insignificant at the 10% confidence level, whereas the
relationship with employment growth becomes substantially weaker. In contrast, the cor-
relations of employment and earnings growth with CVRPP orthogonalized to MVRPE
become slightly weaker but remain highly significant. Interestingly, the orthogonalized
MVRPE exhibits a stronger comovement with house price growth. In case of CYRPT
and MVRPT, we observe similar patterns in correlations with employment and earnings
growth, but there is no clear relationship with house price growth. This weak associa-
tion is primarily driven by the insignificant correlations with the good component of the

premiums.

In sum, our empirical analysis suggests the commonality in bad volatility risk pre-

miums of individual firms is strongly associated with the commonality in employment,
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earnings, and wealth growth, whereas the common factor in good volatility risk premi-
ums is unrelated to the cross-sectional distribution of employment, earnings, and wealth
growth. The economic interpretation is that the volatility risk premium, associated with
negative firm performance, is a proxy for fundamental risk faced by firms and households.
Since the correlations are much stronger for CVRPE than MVRP5, this risk is idiosyn-
cratic and unrelated to the aggregate market. Interestingly, the insignificant correlations
with various measures of dispersion in employment, earnings, and wealth growth (see
the top row in each panel in Table 2) indicate that the idiosyncratic risk captured by the
common bad volatility risk premium is distinct from idiosyncratic return volatility, which

is strongly associated with the cross-sectional dispersion in household income.

3.3 Firms’ exposure to the common volatility risk premium factors

We now study the quantitative asset pricing implications of the common volatility risk
premium factors. We take all common stocks (a share code 10 or 11) listed on the New York
Stock Exchange, NASDAQ, and AMEX from the Center for Research in Security Prices. At
the end of each month ¢, we estimate loadings onto C VRPT,C VRPQ, and CVRPEB from

the following regressions using a 60-month rolling window:
rie = B0+ BRI CVRPY 4 pMVRPT MVRPT teip, X €{T,GB} (6

in which r;; is the stock i’s excess returns and MVRPT is the market total volatility
risk premium. In the estimation above, we require the stock to have all monthly return
observations in the 60-month estimation window and its price at the end of the month
t to be higher than $5 (Bollerslev et al., 2020). We control for the market total volatility
premium in the computation of a firm’s exposures to common volatility risk premia factors
in the spirit of Herskovic et al. (2016). Specifically, the loading ,BfVRPX from a multivariate
regression given by Equation (6) is equivalent to estimating a univariate regression of a
stock’s excess returns on CVRP;' orthogonalized to MVRP] . For this reason, we label
the obtained loadings as orthogonalizing to the market total volatility risk premium. We
also consider replacing the market volatility premium with innovations to the VIX index
(Ang et al., 2006), common idiosyncratic volatility (Herskovic et al., 2016), and common
bad implied volatility (Babiak et al., 2023) as well the market bad volatility risk premium
(Kilic and Shaliastovich, 2019).
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Having estimated the loadings, we implement single-sorted portfolios using equal- and
value-weighting schemes. At the end of each month, we sort stocks into quintile portfolios
based on their loadings to common volatility premia factors <,BiCVRPT, ,BiCVRPg, [BfVRPB) ,
compute returns over the next month, and repeat this process for all months in our sample.
Along with the excess expected returns for quintile portfolios, we also report risk-adjusted
returns that are the alphas relative to the five factors of Fama and French (2015) or the six

factors with momentum of Jegadeesh and Titman (1993).° The risk-adjusted returns allow

us to control for other factors known to affect stock returns.

3.4 CVRP-beta sorted portfolios

Table 3 shows results from single portfolio sorts using loadings on common total (Panel
A), good (Panel B), and bad (Panel C) volatility risk premiums. In general, quintile portfo-
lios sorted on CVRPT -betas and CVRPY-betas exhibit monotonically increasing returns;
although the spread portfolio excess and risk-adjusted returns are statistically insignificant.
Consistent with economic rationale, the average excess returns of CVRPP-beta quintiles
are monotonically decreasing in both equal- and value-weighted specifications. As a re-
sult, spread portfolios formed on CVRPP-betas generate statistically and economically
significant average returns and alphas. Focusing on a value-weighting scheme, the average
excess return on the spread portfolio is —7.32% per annum (t-ratio = —2.93), and annual-
ized five- and six-factor alphas (as,a¢) are —9.00% (t-ratio = —2.86) and —9.24% (t-ratio
= —3.35). Turning to an equal-weighting scheme, the annualized average excess return,
a5, and ag slightly shrink in absolute values to —6.48% (t-ratio = —2.41) , —6.24% (t-ratio
= —2.73), and —6.48% (t-ratio = —3.64), respectively, but all remain highly significant in

economic and statistical terms.

Table 4 reports analogous portfolio sorts where we obtain loadings by orthogonaliz-
ing to innovations to the VIX index (AVIX). The key conclusions remain the same. We
observe monotonically increasing (decreasing) returns for portfolios we form on CVRPY-
betas (CVRPP-betas). For portfolios formed on exposures to common good volatility risk
premium, excess returns for value-weighted portfolios become now statistically significant
and economically meaningful with an annualized excess return of 8.64%. However, the

Fama-French factors and momentum subsume this strong performance as shown by in-

8We retrieve the factors from Kenneth French’s Data Library.
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Table 3. Portfolios formed on CVR'P-beta: orthogonalization to MVRP

This table presents the average excess returns (RET-RF) and alphas (a5, ) expressed in monthly percentages
for equal-weighted and value-weighted quintile portfolios (P; : i = 1,...,5) and a long-short strategy (Ps_1)
formed on loadings to common total (Panel A), good (Panel B), and bad (Panel C) volatility risk premia
whilst controlling for the exposure to market total volatility risk premium (MVRPT). Specifically, we
estimate common volatility risk premia (CVR'P)-betas from bivariate regressions of monthly excess returns
on CVRP and MVRP7 using a rolling 60-month window. The portfolio P;(Ps) comprises stocks with the
lowest (highest) CVRP-betas. The long-short strategy buys Ps and sells P;. a5 is the alpha from the five-
factor Fama-French model including the market, size, book-to-market, investment, and profitability factors.
«g is the alpha relative to the five Fama-French factors and momentum. The numbers in shaded rows
are Newey-West adjusted t-statistics of average returns and alphas. The sample is from January 2000 to
December 2020.

Equal-Weighted Value-Weighted

Py P2 Ps Py Ps Psa Py P, Ps Py Ps  Psa

Panel A: CVRP7 -beta portfolios
RET-RF 067 075 084 083 084 0.16 071 073 077 080 092 021
191 228 227 200 173 093 248 265 241 213 182 074
as 006 013 014 0.01 -0.08 —0.15 011 0.02 -0.04 —-0.06 —-0.14 -0.25
075 304 285 018 —-160 —-1.41 094 040 -076 —-096 —-1.00 —1.12
ag 006 014 014 0.02 —-0.07 —-0.13 011 002 -0.04 —-0.06 —0.13 —-0.25
075 297 281 025 —-134 -149 094 037 —-0.89 —-092 —-0.96 -1.09

Panel B: CVRPY-beta portfolios
RET-RF 049 068 085 088 1.02 054 057 066 080 106 1.07 0.50
142 201 227 211 198 1.61 214 240 242 270 212 144
as —0.05 0.08 015 007 001 0.06 0.02 —0.05 —0.03 012 0.08 0.06
—-041 103 270 137 014 0.30 020 —-078 —-042 237 0.62 029
ag —-0.06 008 015 008 0.04 0.10 0.01 -0.06 —-0.04 013 010 0.09
—062 104 258 147 053 0.63 013 —-088 —-044 245 083 042

Panel C: CVRPB-beta portfolios
RET-RF 1.09 087 074 067 055 —-0.54 1.08 105 063 070 046 -0.61
255 240 201 175 128 -—-241 277 326 205 195 1.08 —-293
a5 028 019 004 000 —-024 -0.52 028 031 -0.17 —-0.06 —-046 -0.75
273 459 068 0.01 -—-223 -273 194 414 -322 —-061 —-3.00 —2.86
ag 030 020 0.04 0.00 —0.25 —0.54 030 032 —-0.17 —-0.07 —048 —-0.77
336 443 068 —0.01 —-2.65 —3.64 214 438 -326 —-072 -346 —-3.35

significant risk-adjusted returns. Turning to portfolios sorted on CVRPP-betas, one can
observe a significantly negative return spread, though the statistical significance becomes
weaker on a risk-adjusted basis. Nevertheless, the magnitudes of the average excess re-
turns and alphas are comparable to those reported in Table 3. In sum, the innovations
to the VIX index account for some fraction of the return spread between stocks with the
strongest and weakest exposure to common downside volatility premiums. However, this

effect cannot completely explain a substantial return differential.

Another possibility is that our common factors capture firms” volatility risk stemming
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Table 4. Portfolios formed on CVR'P-beta: orthogonalization to AVIX

This table presents the average excess returns (RET-RF) and alphas (a5, ) expressed in monthly percentages
for equal-weighted and value-weighted quintile portfolios (P; : i = 1,...,5) and a long-short strategy (Ps_1)
formed on loadings to common total (Panel A), good (Panel B), and bad (Panel C) volatility risk premia
whilst controlling for the exposure to shocks to the VIX index (AVIX) of Ang et al. (2006). Specifically, we
estimate common volatility risk premia (CVR'P)-betas from bivariate regressions of monthly excess returns
on CVRP and AVIX using a rolling 60-month window. The portfolio P;(Ps5) comprises stocks with the
lowest (highest) CVR'P-betas. The long-short strategy buys Ps and sells P;. a5 is the alpha from the five-
factor Fama-French model including the market, size, book-to-market, investment, and profitability factors.
xe is the alpha relative to the five Fama-French factors and momentum. The numbers in shaded rows
are Newey-West adjusted t-statistics of average returns and alphas. The sample is from January 2000 to
December 2020.

Equal-Weighted Value-Weighted

Pr. P> Pz Py Ps  Ps Pr. P» Pz Py Ps Ps

Panel A: CVRP7 -beta portfolios
RET-RF 082 082 078 080 070 —-0.13 081 074 089 073 081 0.00
212 225 221 204 154 081 236 243 296 213 187 0.00
as 007 011 010 0.07 -0.09 -0.17 015 002 011 —-0.07 —-0.16 —0.31
086 273 184 084 —-093 -1.00 084 024 240 —-073 —-1.08 —1.00
ae 008 011 011 0.08 -0.09 -0.17 016 002 011 -0.07 —-0.16 -0.33
097 263 179 0.84 —-090 -1.06 095 035 242 —-092 -114 -1.10

Panel B: CVRPY-beta portfolios
RET-RF 049 066 081 094 1.02 052 054 061 080 098 125 0.72
141 178 224 229 209 1.88 1.89 190 282 256 276 244
as -011 003 012 015 0.08 0.19 -0.06 -0.11 0.08 005 025 0.30
—-098 030 238 274 086 098 —-040 -138 1.08 056 234 158
X -0.13 002 013 016 010 0.22 —0.06 —0.11 0.07 0.05 026 0.33
—-131 028 227 271 140 153 —-047 —-139 101 055 272 174

Panel C: CVRPB-beta portfolios
RET-RF 115 089 079 062 047 -0.69 110 1.01 083 065 043 -0.67
242 244 213 165 1.09 —-2.03 248 304 28 181 1.00 —222
as 025 016 012 —-0.03 —-022 -0.47 023 024 004 —-011 —-041 -—-0.64
164 316 173 —-031 —-147 -—-1.60 135 241 057 —-1.08 -218 —-191
Xe 027 017 012 -0.04 —-024 -0.50 025 025 004 -012 —-043 -0.68
232 344 168 —-037 -177 -214 1.65 297 060 —-128 —250 —2.30

not from the global volatility — the VIX index — but the idiosyncratic component of stock
return. We test this hypothesis by controlling for innovations in common idiosyncratic
volatility (ACIV) proposed by Herskovic et al. (2016) in the exposure computations.” Table
5 reports the results. The CVRPP sort still remains associated with a statistically and

economically significant (abnormal) return spread.

We further assess the significance of the CVR PP -beta return spread by testing whether

9We download the time series of common idiosyncratic volatility and respective tradable factors from
Bernard Herskovic’s website.
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Table 5. Portfolios formed on CVR'P-beta: orthogonalization to ACIV

This table presents the average excess returns (RET-RF) and alphas (a5, ) expressed in monthly percentages
for equal-weighted and value-weighted quintile portfolios (P; : i = 1,...,5) and a long-short strategy (Ps_1)
formed on loadings to common total (Panel A), good (Panel B), and bad (Panel C) volatility risk premia whilst
controlling for the exposure to shocks to common idiosyncratic volatility (ACIV) of Herskovic et al. (2016).
Specifically, we estimate common volatility risk premia (CVRP)-betas from bivariate regressions of monthly
excess returns on CVRP and ACIV using a rolling 60-month window. The portfolio P;(Ps) comprises stocks
with the lowest (highest) CVRP-betas. The long-short strategy buys Ps and sells P;. a5 is the alpha from
the five-factor Fama-French model including the market, size, book-to-market, investment, and profitability
factors. g is the alpha relative to the five Fama-French factors and momentum. The numbers in shaded
rows are Newey-West adjusted t-statistics of average returns and alphas. The sample is from January 2000
to December 2020.

Equal-Weighted Value-Weighted

Pr. P> Pz Py Ps  Ps Pr. P» Pz Py Ps Ps

Panel A: CVRP7 -beta portfolios
RET-RF 08 079 080 083 065 —0.20 078 082 076 076 071 —-0.06
205 229 230 206 149 -—-153 216 294 241 222 1.63 —-0.35
as 010 012 012 010 -0.17 -0.27 006 009 001 -0.05 —-023 —-0.29
127 295 238 126 —-227 220 051 130 023 —-0.88 —1.58 -—1.19
ae 011 012 013 010 -0.17 -0.28 006 009 001 -0.05 -0.23 -0.30
139 294 232 121 -204 -227 058 128 014 —-0.80 —-1.63 —-1.27

Panel B: CVRPY-beta portfolios
RET-RF 057 069 084 08 094 037 058 063 076 1.07 097 040
146 194 233 219 199 145 183 194 263 273 221 155
as -009 004 015 012 004 012 -0.06 —-0.08 -0.03 016 011 0.17
—-079 052 237 221 038 0.64 —-057 —-126 —-064 170 1.02 09
X —-0.10 0.04 015 013 0.06 0.16 -0.07 —-0.09 —-0.03 016 013 0.21
-113 051 225 237 086 117 —066 —-146 —-0.66 173 131 112

Panel C: CVRPB-beta portfolios
RET-RF 1.08 087 077 064 056 —-0.51 1.06 099 075 061 053 —-0.53
237 235 213 171 134 -2.05 249 297 263 182 123 -217
as 023 017 0.09 —0.03 —0.20 —0.43 023 023 -0.02 —-012 —-0.38 —0.60
198 3.68 159 —-038 —-176 —2.01 167 257 —-030 —-152 —-221 -—-225
Xe 025 018 010 -0.04 —-0.20 -0.46 024 024 -0.02 -013 -0.39 -0.63
267 367 156 —043 —-2.08 —2.72 202 269 —-028 —-173 —-256 —-281

this cross-sectional predictive power can be captured by other variables pertaining to
volatility risk in negative returns. Specifically, we consider the market bad volatility risk
premium and innovations to commonalities in firm-level implied volatilities as alterna-
tive control variables in the CVRP5-beta estimation. The former allows us to distin-
guish the information content within co-movement among firm-level and market volatil-
ity risk premiums in negative individual stock and market returns. The latter indicates
whether changes to down implied semi-variance measures drive the observed effect. Ta-

ble 6 presents the results. Panel A shows that average excess and risk-adjusted returns
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Table 6. Portfolios formed on CVRP5-beta: additional single-sorted portfolios

This table presents the average excess returns (RET-RF) and alphas (a5, ) expressed in monthly percentages
for equal-weighted and value-weighted quintile portfolios (P; : i = 1,...,5) and a long-short strategy (Ps_1)
formed on loadings to common total (Panel A), good (Panel B), and bad (Panel C) volatility risk premia
whilst controlling for the exposure to market bad volatility risk premium (MVRPP) of Kilic and Shalias-
tovich (2019) or shocks to common bad implied volatility (ACZVOLP) of Babiak et al. (2023). Specifically, we
estimate common volatility risk premia (CVR'P)-betas from bivariate regressions of monthly excess returns
on CVRP and MVRPE (ACTVOLP) using a rolling 60-month window. The portfolio P;(Ps) comprises
stocks with the lowest (highest) CVRP-betas. The long-short strategy buys Ps and sells P;. a5 is the alpha
from the five-factor Fama-French model including the market, size, book-to-market, investment, and prof-
itability factors. wg is the alpha relative to the five Fama-French factors and momentum. The numbers in
shaded rows are Newey-West adjusted t-statistics of average returns and alphas. The sample is from January
2000 to December 2020.

Equal-Weighted Value-Weighted
! P2 Ps Py Ps Psa Py Py Ps Py Ps  Psa
Panel A: Orthogonalization to MVYRPB
RET-RF 1.00 086 077 072 058 —-043 1.05 094 067 070 052 —-0.53
242 245 214 181 131 -225 288 2838 207 193 114 -—-243
as 021 017 0.09 001 -0.22 —-043 024 020 —-013 —-0.10 —-0.42 —-0.66
266 452 167 018 —-259 -3.16 1.85 232 -218 —-1.01 —-3.05 —-2.87
N6 022 018 0.09 001 —-022 —-0.44 025 020 -0.13 —-0.10 —-0.42 —-0.68
275 409 166 019 —-2.65 —3.65 200 229 -217 —-1.06 —-3.20 -3.12
Panel B: Orthogonalization to ACZVOLE
RET-RF 1.07 088 081 0.64 052 —-0.55 1.01 102 079 065 049 -0.52
240 238 229 167 120 -2.13 240 3.02 287 184 115 -217
as 022 019 013 —-0.03 —-024 -0.47 020 027 001 -010 —-0.40 -0.60
195 434 211 -035 —-197 -2.07 136 3.06 013 —-1.10 —-247 -213
Xe 024 020 013 -0.04 —-025 —-049 022 027 001 -011 —-041 -0.62
265 510 2.07 —-040 —-223 -2.69 157 342 014 -128 —-280 —2.49

for CVRPB-beta portfolios that orthogonalize to MVRPP are statistically significant and
economically meaningful. Indeed, the t-statistics of return estimates exceed 2 in absolute
values with the annualized spread in average returns ranging from —5.16% to —6.60% and
the annualized alphas ranging from —5.16% to —8.16%. This suggests that commonalities
in firm-level bad volatility risk premiums are not driven by the same information content
we take from the market index bad volatility premium or co-movement among innovations

in firm-level bad implied volatilities.

We now investigate double-sorted portfolios whilst controlling for other characteristics
following the procedure in Ang et al. (2006) and Herskovic et al. (2016). We first sort stocks
into quintiles using the characteristic of interest, then within each quintile, we sort stocks

into equal-weighted quintile portfolios based on CVRP5-betas. We finally take the equal-
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Table 7. Portfolios formed on CVRP5-beta controlling for other characteristics

At the end of each month, we conditionally double-sort stocks based on common bad volatility risk premium
(CVRPP)-beta after controlling for various variables. The control variables include market capitalization
(MCAP), market total (MVRPT) and bad (MVRPB) volatility risk premia of Kilic and Shaliastovich (2019),
shocks to the VIX index (AVIX) of Ang et al. (2006), common idiosyncratic volatility (ACIV) of Herskovic
et al. (2016), and common bad implied volatility (ACIV(’)EB ) of Babiak et al. (2023). In each case, we first
sort stocks into quintiles using the control variable, then within each quintile, we sort stocks into quintile
portfolios based on C VRPB-beta so that P; (Ps) is the portfolio of stocks with the lowest (highest) C VRPB-
betas. This table presents average returns across the five control quintiles to produce quintile portfolios
with dispersion in CVRPP-beta but with similar levels of the control variable. The spread portfolio Ps_;
is the difference between Ps and P;. This table presents the average excess returns (RET-RF) and alphas
(a5, &) expressed in monthly percentages for equal-weighted portfolios. a5 is the alpha from the five-factor
Fama-French model including the market, size, book-to-market, investment, and profitability factors. a¢ is
the alpha relative to the five Fama-French factors and momentum. The numbers in shaded rows are Newey-
West adjusted t-statistics of average excess and alphas. The sample is from January 2000 to December 2020.

Py P> Ps3 Py Ps  Ps_1 P1 P> Ps3 Py Ps  Ps
MCAP MVRPT
RET-RF 1.07 086 079 0.67 054 —053 1.06 087 077 0.68 055 —0.51
255 237 213 1.72 121 —-2.10 252 237 204 178 128 —227
s 025 017 013 —0.03 —0.25 —0.50 028 017 007 —0.03 —021 —0.49
211 377 170 —030 —-2.11 -225 283 399 110 —035 —2.05 —2.65
X 027 017 014 —0.03 —026 —053 029 017 007 —0.03 —0.22 —0.51
291 352 166 —036 —245 —298 356 382 110 —0.38 —244 —358
AVIX ACIV
RET-RF 111 089 078 0.68 047 —0.64 1.07 0.8 079 069 052 —0.55
250 236 208 1.80 1.10 —220 249 226 214 179 126 —242
a5 025 016 0.09 —0.02 —022 —0.46 025 014 011 —0.02 —021 —047
210 340 138 —020 —148 —1.85 254 333 190 —0.19 —-2.09 —251
X 027 017 010 —0.02 —0.23 —0.49 027 015 011 —0.02 —0.22 —0.49
276 426 138 —026 —1.76 —2.42 333 330 1.89 —021 —-241 -332
MVRPB ACTVOLB
RET-RF 1.00 088 078 071 056 —0.44 1.06 0.88 0.81 067 051 —0.55
242 245 210 1.84 129 -2.17 250 232 215 175 122 -223
s 022 017 0.09 —0.01 —020 —0.42 025 017 009 —0.03 —021 —0.46
291 451 163 —015 —226 —2.96 253 412 152 —036 —1.77 —227
X 023 018 0.09 —0.01 —-021 —0.44 027 018 009 —0.03 —022 —0.49
316 419 161 —015 —241 -3.63 317 466 150 —042 —2.02 —291

weighted average returns across five control groups to generate dispersion in CVRPE-
betas with similar levels of control variables. This neutralizes the quintile portfolios formed
on loadings to the common bad volatility risk premium from the characteristic of interest.
We consider a set of controls including market capitalization, the market total and bad
volatility risk premium as well as innovations to the VIX index, common idiosyncratic

volatility, and common firm-level bad implied volatility.
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Table 8. Double-sorted portfolios formed on CVRP5-beta and other characteristics

At the end of each month, we conditionally double-sort stocks based on common bad volatility risk premium
(CVRPP)-beta after controlling for various variables. The control variables include market capitalization
(MCAP), market total (MVRPT) and bad (MVRPB) volatility risk premia of Kilic and Shaliastovich (2019),
shocks to the VIX index (AVIX) of Ang et al. (2006), common idiosyncratic volatility (ACIV) of Herskovic
et al. (2016), and common bad implied volatility (ACIV(’)EB ) of Babiak et al. (2023). In each case, we first
sort stocks into quintiles using the control variable, then within each quintile, we sort stocks into quintile
portfolios based on C VRPB-beta so that P; (Ps) is the portfolio of stocks with the lowest (highest) C VRPB-
betas. This table presents the average excess returns of the twenty-five double-sorted portfolios. The spread
portfolio P5_1 is the difference between Ps and P;. The numbers in shaded rows and columns are Newey-
West adjusted t-statistics of average returns. The sample is from January 2000 to December 2020.

P1 Py P Py Ps P51 P1 Py Ps Py Ps P51
MCAP MVYRPT
Pr 0.92 0.70 0.75 0.41 041 —-051 -—2.02 0.79 0.61 0.56 0.58 047 -031 -—-1.21
P> 1.11 0.82 0.58 0.73 0.60 —-051 -1.69 1.13 0.73 0.87 0.68 050 —-0.63 —-2.57
P3 1.14 0.95 0.86 0.71 063 —-051 -1.77 1.11 0.84 0.68 0.79 065 —-045 -213
Py 1.17 0.89 0.90 0.69 057 —-0.60 —-2.10 1.13 1.02 0.86 0.66 045 —0.68 —2.43
Ps 0.99 0.92 0.88 0.80 048 —-051 -2.02 1.14 1.13 0.87 0.70 065 —-049 -—-1.74
Ps_1 0.07 0.22 0.13 0.38 0.07 0.35 0.53 0.30 0.12 0.18
0.30 1.25 0.76 2.80 0.38 1.20 1.81 1.25 0.46 0.97
AVIX ACIV
Pr 0.98 0.88 0.70 0.74 052 —-047 -1.21 1.12 1.01 0.89 0.80 073 —-040 -1.25
P> 1.25 1.03 0.98 0.69 049 -0.75 -2.23 1.31 1.09 0.98 0.80 045 —-0.85 -2.76
Ps 1.24 0.89 0.86 0.76 0.60 —-0.64 —-192 1.16 0.86 0.87 0.67 0.63 —053 -2.04
Py 1.18 0.91 0.72 0.73 044 —-0.75 -232 1.01 0.73 0.69 0.65 045 —-057 -—-2.40
Ps 0.89 0.73 0.65 0.47 029 —-0.61 -—-252 0.73 0.60 0.53 0.52 034 -039 -2.07
Ps4 —009 -—-0.15 -0.06 —-0.28 —-0.23 —-040 -—-040 -036 -—-0.29 -0.39
—-025 —-045 —-021 —-095 -—-0.83 —-1.07 —-127 -1.07 —-093 —1.68
MVYRPB ACIVOLB
P1 1.03 1.05 0.80 0.72 064 —-039 -1.25 1.11 1.09 0.91 0.76 071 —-040 -1.10
P> 1.07 0.88 0.86 0.66 059 —-048 -1.92 1.22 0.93 0.98 0.70 050 —-0.71 -2.06
P3 1.03 0.85 0.82 0.79 059 —-044 -218 1.28 0.87 0.84 0.71 062 —0.66 —213
Py 1.05 0.76 0.76 0.79 050 —-055 -—248 0.97 0.92 0.82 0.61 048 —-049 -—-2.27
Ps 0.83 0.85 0.68 0.55 048 —-035 -—-1.74 0.72 0.59 0.49 0.55 025 —-047 -211
Ps.1 —020 —-020 -0.12 -0.17 -0.16 -039 —-050 —-042 —-0.20 —-046
—061 —-0.68 —-0.61 —-0.80 —0.90 —086 —-128 —-121 —-0.66 —1.50

Table 7 reports the results. In all cases, we observe significant excess returns for spread
portfolios that range from annualized values of —7.68% to —5.28%. The alphas are also
statistically significant and of similar magnitudes with annualized estimates ranging from
—6.36% to —5.04%. Table 8 augments the previous results by reporting the average excess
returns for 5 x 5 double sorts using the same characteristics. For each control, the highest
CVRPB-beta stocks earn substantially lower returns within each control characteristic’s
quantile. The majority of these economically substantial spreads (nineteen out of thirty
cases) are also statistically significant at the 5% confidence level. In contrast, controlling for
the CVRPB-beta spread, all but one return spread based on control variables are abysmal

both economically and statistically.
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In sum, the commonalities in firm-level volatility risk premia relating to anticipated
future downward price movements can predict future returns. Stocks with higher (lower)
CVRP5-betas generate lower (higher) returns. This holds after accounting for a battery
of alternative factors including the market volatility risk premia and various alternative
proxies for volatility risks. Intuitively, this finding can be explained by the fact that, in
equilibrium, investors are willing to accept lower returns for stocks that load strongly
on CVRPBas they act as hedging devices for adverse changes to investment opportunities
(Campbell et al., 2018; Farago and Tédongap, 2018). Although our results for CVRPY-beta
portfolios are statistically insignificant, they are consistent with the positive link between
good market variance risk premium and future stock returns in Kilic and Shaliastovich

(2019).1°

3.5 Pricing CVRP-beta sorted portfolios

Here, we conduct a two-stage Fama and MacBeth estimation to explore the pricing
implications of commonalities among firm-level volatility risk premia. We obtain factor
betas in the first stage by regressing monthly excess returns of each test asset on constant
and asset pricing factors. The second stage is a single cross-sectional regression for the
average excess returns for all test assets on the factor betas and a constant. In what follows,
we report the risk-premia estimates from the second stage. We use Newey-West t-statistics
with 12 lags that adjust for errors in variables as in Shanken (1992). We also report the

adjusted R-squared statistics, Rﬁ djr from each of the second-stage regressions.

Our test assets stem from the same estimates we use to obtain the monthly portfo-
lio returns in Section 3.4. We proxy the corresponding common volatility risk premium
factors using the long-short strategies (Ps_1) for CVRP7/9/5 beta portfolios from Table
3. We consider various asset pricing factors to price CVRP’/9/5 beta portfolios. Our
baseline utilizes the five factors of Fama and French (2015) and one of the CYRPT/9/B
factors. Then, we sequentially add momentum (MOM), market volatility risk premium

(./\/l VRPT/6/B > and tradable long-short portfolios formed on exposure to AVIX,ACIV,

10Appendix B reports additional robustness analysis. Table Al shows portfolio sorts on CVRP7-,
CVRPY-, and CVRPB-beta portfolios with no orthogonalization. These convey the same message as Ta-

ble 3. Table A2 shows analogous results for portfolios we form on MVRPT—, MVRPQ-, and MVRPE-
beta portfolios. These results show no pattern across quintile portfolios and no evidence of significant excess
or risk-adjusted returns.
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Table 9. Fama-MacBeth analysis: decile portfolios formed on CVR'P-beta

This table shows the Fama-MacBeth two-pass regression analysis for decile portfolios formed on loadings to
common total (CVRPT), good (C VRPY), and bad (CVRPE) volatility risk premia. For each set of test assets,
we first control for a tradable long-short portfolio formed on the CVR'P-beta and the five Fama-French factors
— market, size, book-to-market, investment, and profitability. Then, we augment the independent variables
by including, one at a time, momentum and tradable long-short portfolios formed on the corresponding
market volatility risk premia (MVRP)-beta and loadings on the VIX, common idiosyncratic volatility, and
corresponding common implied volatility innovation. The numbers in shaded rows are Newey-West adjusted
t-statistics of coefficients. The bottom row reports the adjusted R-squared. The sample is from January 2005
to December 2020.

CVRPT CVRPY CVRPE
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Ao 027 043 158 050 036 037 045 054 046 042 028 045 180 156 1.81 038 197 024
057 090 015 080 076 038 086 075 075 074 020 067 072 063 072 014 078 0.09
Aeymprres 016 016 078 016 015 016 048 048 048 048 048 048 048 -048 -048 -050 -049 -0.49
085 083 137 083 081 085 145 145 145 145 145 145 210 -211 -209 -211 -211 -2.10
Akt 101 103 118 148 159 1.05 075 054 072 075 125 075 306 -250 -315 024 -224 0.6
090 092 -167 122 129 0.88 095 046 071 095 030 089 066 -054 -0.68 005 -049 0.03
AsMmB -045 -0.76 -139 -143 -1.34 -0.66 039 048 041 044 0.07 039 258 204 267 -026 084 0.12
043 069 -114 -0.84 -1.09 -0.31 079 090 071 068 002 0.69 088 069 091 -007 027 004
AHML -052 -101 -111 -091 -1.12 -0.57 322 -296 -322 -327 -374 -322 1.30 1.39 149 203 1.93 1.96
053 093 057 -077 -1.02 -049 297 -172 -294 272 -089 -291 141 159 133 233 228 199
ARMW 078 056 1.63 043 051 072 246 230 244 248 270 246 017 007 022 040 054 050
213 158 046 067 136 111 351 263 344 328 120 358 036 017 053 079 093 1.04
AcMa 109 037 061 068 085 098  -1.14 -1.08 -1.15 -1.15 -1.17 -1.14 098 023 027 037 068 049 074
154 042 066 115 077  -204 -166 -199 -196 -198 -1.94 038 043 060 103 077 112
AMOM -1.85 237 -1.62
-1.17 2.70 -0.92
A yRpT/6/B 2.00 0.26 -0.64
227 0.38 -1.97
AAvix -0.64 -0.47 -1.27
2.03 0.72 -0.73
Aaciy 147 0.45 2.02
-1.76 0.24 -1.06
AprvorT/ons 043 071 -0.92
-1.04 -1.30 -0.57
R2 057 079 097 048 082 043 099 099 099 099 099 0.99 097 098 096 099 099 098

adj

and ACZVOLT/9/8_ We have 6 alternative pricing models for each set of test assets.

Table 9 reports the risk premia estimates for decile portfolios formed on CVRP-betas.
We use decile portfolios here to ensure we have enough of a cross-section to include addi-
tional asset pricing factors. Columns 1-6 show results for CVRP7 -beta decile portfolios,
meanwhile columns 7-12, and 13-18 contain estimates for the CVRPY-beta and CVR PE-
beta decile portfolios, respectively. The risk premia estimates for CVRP” and CVRPY are
statistically insignificant. Turning to risk premia estimates for CVRP?, however, the annu-
alized risk premia estimates range from —6% to —5.76%. The coefficients are economically
meaningful and are consistent with the spread portfolio returns in Table 3. Note also that
the estimates are robust across all specifications even after accounting for MYRP7/9/E

and other alternative volatility risk proxies. The adjusted R-squared values are high, par-

ticularly for CVRPP-beta decile portfolios.

Table 10 considers three additional groups of test assets: i) 25 double-sorted portfolios
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Table 10. Fama-MacBeth analysis: double-sorted portfolios formed on CVRP- and
MVRP-beta

This table shows the Fama-MacBeth two-pass regression analysis for twenty-five conditionally double-sorted
portfolios based on common volatility risk premium (CVRP)-beta and market volatility risk premium
(MVRP)-beta. In each case, we first sort stocks into quintiles based on MVRP-beta, then within each
quintile, we sort stocks into quintile portfolios based on CVRP-beta so that P; (Ps) is the portfolio of stocks
with the lowest (highest) CVRP-betas. For each set of test assets, we first control for a tradable long-short
portfolio formed on the CVRP-beta and the five Fama-French factors — market, size, book-to-market, invest-
ment, and profitability. Then, we augment the independent variables by including, one at a time, momentum
and tradable long-short portfolios formed on the corresponding market volatility risk premia (MVRP)-beta
and loadings on the VIX, common idiosyncratic volatility, and corresponding common implied volatility in-
novation. The numbers in shaded rows are Newey-West adjusted t-statistics of coefficients. The bottom row
reports the adjusted R-squared. The sample is from January 2005 to December 2020.

25 double-sorted on CVRPT and MVYRPT 25 double-sorted on CVRPY and MVYRPY 25 double-sorted on CVRP? and MVYRPE

Ao 1.01 099 1.03 134 105 1.16 077 078 083 067 078 0.72 134 131 139 138 133 1.36

Aoppprsoss 019 017 018 015 0.14 0.15 047 047 043 046 047 048  -052 -052 -052 -052 -052  -0.52
093 082 092 071 074 0.81 140 138 136 137 143 148 233 223 -233 -233 224 233
AMke 004 012 -002 -025 -0.05  -0.15 011 010 -002 019 010 017  -056 -054 -056 -059 -055  -0.60
007 021 -0.04 -040 -0.09  -032 017 015 -004 028 017 029  -110 -097 -1.09 -1.15 -1.06  -1.24
AsmB 030 -048 -027 -044 -038  -035  -018 -0.17 -007 -013 -017 019  -006 -004 -0.09 -0.06 -005  -0.04
096 -151 -087 -138 -116  -105  -059 -055 -023 -047 -0.61 -069 016 -013 -027 -019 -014  -0.13
AHML 2050 -038 -038 -028 -0.03  -0.18 011 011 005 004 009 008 007 011 -010 010 005 0.17
059 -044 -066 -034 -005 032 023 024 010 010 018 015 011 020 -022 014 008 0.29
ARMW 041 037 039 037 035 036 041 041 039 040 041 042 001 -0.01 -0.02 002 -0.01 0.02
133 117 135 118 120 1.24 190 194 166 182 192 184 003 -0.04 -007 006 -0.05 0.07
Acma 044 -039 -047 039 -050 047  -017 -018 -036 -017 -0.19  -0.12 025 027 021 026 025 0.29
129 -117 -130 -113 -144 136  -041 -036 -096 -042 -059  -0.36 072 090 071 072 071 0.83
AMOM -1.09 043 -0.24
117 -0.64 027
A orpTIGE 028 0.48 0.08
125 1.61 0.22
AAvix 0.38 0.01 0.27
-0.99 0.02 059
Aacrv -0.51 0.23 0.00
-1.26 -0.60 0.01
AorvorTiors -0.20 0.26 023
047 0.59 047
R2 069 077 068 071 077 0.70 077 076 077 077 076 076 092 091 091 091 091 091

adj

formed on CVRPT- and MVRP -betas in columns 1-6; ii) 25 double-sorted portfolios
formed on CVRPY- and MVRPY-betas in columns 7-12; and iii) 25 double-sorted port-
folios on CVRPE- and MVRPP-betas in columns 13-18. The CVRP7 and CVRPY risk
premia estimates are not significantly different from zero, while CVRP? risk premium es-
timates are economically meaningful and statistically significant with similar magnitudes

reported before.

We now focus on additional test assets constructed on CVRP5-beta and other controls.
Table 11 reports risk premium estimates for 25 portfolios double-sorted on CVR PP -betas
and exposures to AVIX in columns 1-6; 25 portfolios double-sorted on CVRPP-beta and
exposures to ACIV in columns 7-12; and 25 portfolios double-sorted on CVRP5-betas
and exposures to ACZVOLE in columns 13-18. All risk premia estimates for CVRPE are
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Table 11. Fama-MacBeth analysis: additional double-sorted portfolios

This table shows the Fama-MacBeth two-pass regression analysis for twenty-five conditionally double-sorted
portfolios based on common volatility risk premium (CV'RP)-beta and loadings on shocks to the VIX index,
common idiosyncratic volatility, and common bad implied volatility. In each case, we first sort stocks into
quintiles based on control variables, then within each quintile, we sort stocks into quintile portfolios based
on CVRP-beta so that P; (Ps) is the portfolio of stocks with the lowest (highest) CVRP-betas. For each
set of test assets, we first control for a tradable long-short portfolio formed on the CVRP-beta and the five
Fama-French factors — market, size, book-to-market, investment, and profitability. Then, we augment the
independent variables by including, one at a time, momentum and tradable long-short portfolios formed on
the corresponding market volatility risk premia (MVRP)-beta and loadings on the VIX, common idiosyn-
cratic volatility, and corresponding common implied volatility innovation. The numbers in shaded rows are
Newey-West adjusted t-statistics of coefficients. The bottom row reports the adjusted R-squared. The sample
is from January 2005 to December 2020.

25 double-sorted on CVRPB and AVIX 25 double-sorted on CVRP?B and ACIV 25 double-sorted on CVRP® and CZVOLB
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Ao 075 102 069 102 070 0.69 044 063 031 107 114 117 048 076 045 170 098 1.78

238 278 203 278 190 203 138 181 079 200 233 1.99 1.68 251 123 3.88 297 4.41

Aoppps 068 0.68 -063 -0.68 -0.68 -063  -063 060 -062 -0.65 054 -066 075 070 -074 071 -060  -0.80

258 257 258 257 273 -258 245 -241 243 248 226 -248 263 -250 288 259 239 270
MMkt 002 -024 -012 -024 000 -0.12 078 035 098 -0.01 -026 -0.02 000 -0.34 001 -1.04 -049  -095

0.06 -046 -028 -046 000 -0.28 154 066 201 -002 -042 -0.04 000 -073 002 -1.69 -094 -1.84
AsmB 013 003 036 003 017 036  -056 -043 -0.61 -051 -0.23 -0.60 040 035 042 -004 030 -0.24

033 007 078 007 033 078  -166 -1.31 -1.80 -1.55 -0.69 -1.74 117 104 102 -012 092  -0.69
AHML 2015 -019 -045 -019 -012 -045 033 012 -053 012 006 -0.02 041 057 041 048 048 031

032 -041 -097 -041 -026 -097 057 025 -099 025 012 -0.04 109 147 109 127 122 081
ARMW 093 085 044 085 093 044 028 032 037 024 023 023 094 085 094 074 112 082

185 200 113 200 18 113 081 090 098 071 065 066 259 235 259 202 311 224
AcMa 0.68 -068 -0.65 -068 -0.68 -065  -1.00 -041 -1.00 -075 -056 -085  -015 019 -013 -008 016  -0.26

208 208 -199 -208 206 -199  -326 -139 -327 -293 229 -320 042 062 -040 -024 053  -0.70
AMOM -0.12 2.06 -1.96

-0.43 2.08 223
A omph -1.20 -0.54 -0.69
-1.87 -1.40 125
Aavix -0.12 -0.35 -0.37
-0.43 -1.20 -1.29
Aaciv 0.12 0.60 -0.76
027 2,07 193
Aorvort -1.20 042 -0.38
-1.87 -1.24 -1.15

R 082 082 08 082 081 085 082 088 081 085 090 084 078 081 076 084 084  0.83

adj

negative and significant with annualized estimates ranging from —9.60% to —7.20%. The
cross-sectional adjusted R-squared statistics are similar to decile CVRPB —beta portfolios

and 25 portfolios double-sorted on CVRPP-betas and MVR PP betas.

Overall, the two-stage Fama-MacBeth regression analysis is consistent with the results
based on portfolio sorts. Our findings conform with the economic rationale that stocks
with higher sensitivities to common downside volatility risk premium factor tend to ap-
preciate during times of high uncertainty and hence act as hedging instruments, earning
lower average returns in the future. In turn, investors are willing to accept lower future
average returns of the highest C VR P5-beta stocks to hedge against commonalities in bad

volatility risk premia.
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3.6 Three-pass regression analysis

Two-stage Fama-MacBeth regressions suffer from omitted variable bias. We, therefore,
investigate the asset pricing implications of CVRPB using the three-pass regression ap-
proach in Giglio and Xiu (2021). Under this framework, we need not specify or observe all
factors within a pricing model. This is because it relies on principal components analysis
(PCA) of test assets to recover the factor space and additional regressions to proxy risk
premia. In what follows, we present results from pricing models that contain our CVRP”

factor and the market risk premium.

We exploit two benefits of the Giglio and Xiu (2021) approach. First, holding test as-
sets constant, the risk-premia estimates and model fit do not change as you start adding
additional pricing factors. Thus, we can consider multiple dimensions of robustness to
our main results with brevity. Second, we can test the null hypothesis that a factor is a
weak pricing factor. This enables us to understand whether the test assets capture well the
variation in the pricing factor itself, whilst being able to recover the risk-premia estimates

of potentially strong factors, which means we can interpret inference reliably.

Table 12 reports the three-pass regression results using various different test assets
using CVRPP-beta portfolios. The first column considers decile portfolios formed on
CVRPB-betas. Columns 2-5 contain results for 25 double-sorted portfolios formed on var-
ious alternative proxies of volatility risk. These include double sorts formed on CVRP5-
and MVYRPB-betas, CVRPE- and AVIX-betas, CVRPE- and ACIV-betas, and CVRPE-
and CZVOLB-betas. Below the risk premium estimates, we report the Newey-West t-
statistics and the p-values for the Wald tests of the null hypothesis that the factor is a weak
pricing factor. The bottom two rows report the adjusted R-squared, R?, i and the number
of PCA factors required to span the factor space. Across each set of test assets, the risk pre-
mium estimates for CVRP? are negative and significant ranging from annualized values
of —6.60% to —5.40%. We reject the null hypothesis that the CVRPP factor is a weak pric-
ing factor. All specifications have large cross-sectional R-squared statistics and the number
of PCA factors is either 2 or 3. In conclusion, our estimates for CVRPP risk premium are
consistent with those obtained from either portfolio sorting exercises or two-pass regres-
sions. This approach reveals that we can reject the null hypothesis that commonalities in

bad firm-level volatility risk premium is a weak pricing factor.
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Table 12. Three-pass regression analysis

This table shows the three-pass regression analysis of Giglio and Xiu (2021). The test assets are decile
portfolios formed on loadings to common bad volatility risk premia (CVRP5), twenty-five conditionally
double-sorted portfolios based on CVRP5-beta and one of four controls: loadings on market bad volatility
risk premium (MVRPB ), shocks to the VIX index (AVIX), common idiosyncratic volatility (ACIV), and
common bad implied volatility (ACZ VOLB). For double-sorted portfolios, we first sort stocks into quintiles
based on control variables, then within each quintile, we sort stocks into quintile portfolios based on CVRP5-
beta so that P; (Ps) is the portfolio of stocks with the lowest (highest) CVRPB-betas. For all cases, the
independent variables are the tradable long-short portfolio formed on C VRPB-beta and the market excess
return. We report t-statistics in shaded rows under risk premia estimates. The Wald (p-value) entries are
p-values from the null hypothesis that the asset pricing factor is a weak pricing factor. Rejection of the null
implies the factor is a strong pricing factor. R 4j 18 the adjusted R-squared and No. Factors is the number of
PCA factors the model requires to recover the factor space. The sample is from January 2005 to December
2020.

Deciles MVRPE AVIX ACIV CIVOLE

Ao -0.27 1.34 1.32 1.82 1.38

-0.19 13.18 7.81 8.00 6.95
AoyrpB -0.49 -048 -055 -0.45 -0.47

-2.18 210 -194 201 -2.00
Wald p-value 0.00 0.00 0.00 0.01 0.00
AMkt 0.85 -046  -043  -0.77 -0.46

0.70 -1.37  -123 213 -1.30
Wald p-value 0.00 0.00 0.00 0.00 0.00
Rid]. 0.95 0.91 0.75 0.84 0.76
No. factors 3 3 2 2 2

4 Common volatility risk premia and stock market return predictability

We now examine the predictive power of commonalities among firm-level volatility
risk premia for market returns. The literature on market return predictability is vast.
Some studies document that predictive relationships change over time with key financial
ratios being successful in certain periods (Fama and French, 1988) or at specific periods of
business cycles (Dangl and Halling, 2012). Another observation from earlier work is that
well-known predictors contain little information at horizons below 6 months (Fama and
French, 1988). In the context of a second-moment risk premium, Bollerslev et al. (2009)
shows that variance risk premium can predict market returns at short horizons. Kilic and
Shaliastovich (2019) demonstrate that good and bad variance premia have a long-term
predictive power. Subsequent studies show that a variety of variance risk proxies contain
information for future stock market returns (Pyun, 2019; Han and Li, 2021; Lochstoer and

Muir, 2022; Fan et al., 2022).

Following Fama and French (1988) and Han and Li (2021), we implement multi-period
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univariate and bi-variate predictive regressions of the excess log market return, 7}, +H s

H ym
Z%h Er?}t—i—H = (Z—l-bXt—f—é‘t,H_H (7)
h=1
N
M = a+ ) biXir+eiy (8)

i=1
where we use the CRSP value-weighted return index to proxy the market return, ", , ;;. In
Equation (7), a is a constant, b is a slope coefficient, X; is a predictor variable. In Equation
(8), a is a constant, b; are slope coefficients and X;; are the predictor variables. This allows
us to understand the additional information CVRP7/9/Bcarries over and above existing
predictors. In both cases, H = {1, 3, 6, 12, 18, 24} stands for the predictive horizon in
months. For each predictive regression, we use Newey West standard errors with H — 1

lags. We present coefficient estimates along with f-statistics that test the null hypothesis

2
adj*

Hy : b; = 0 against the alternative Hj : b; # 0, and adjusted R-squared values, R

Table 13 reports the results from univariate predictive regressions. In Panel A, we con-
sider volatility premia type predictors, and in Panel B we show results from the Welch
and Goyal (2008) predictors. Panel A provides substantial evidence that CVRP7 and
CVRPBcontain information regarding future stock returns at all horizons up to 24 months
ahead. A one percent increase in C VRPB (C VRPT> predicts an increase in average ex-
cess market returns of 0.18% (0.22%) next month, 0.10% (0.11%) next quarter, 0.13% (0.11%)
over the next 6 months, 0.16% (0.15%) over the next 12 months, and 0.14% (0.12%) over the
next two years. The corresponding t-statistics are 1.69 (3.75), 1.45 (3.44), 4.04 (3.51), 4.51
(5.50), and 4.26 (4.21), respectively. When using MVRPT/9/B we find similar results in
terms of significance and magnitude. With the exception of Welch and Goyal (2008)’s stock
variance, svar, other volatility premia-related proxies contain little relevant information for
future market returns. Notably, the adjusted R-squared values at long horizons are highest

when using C VRPB,

Turning to Panel B, the financial variables — book to market ratio (bm), dividend price
ratio (dp), and dividend payout ratio (de); government bonds and bills: short-term treasury
bills (tbl), long-term yields (Ity), and the term spread (tms); corporate bond spreads: dfr
and dfy; and inflation — contain information about future stock returns. For variables that

predict stock returns, the adjusted R-squared values are highest at longer horizons.
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Table 13. Univariate predictive regressions

This table reports summary statistics of univariate predictive regressions. The dependent variable is the
average monthly market excess return over various predictive horizons (1, 3, 6, 12, 18, and 24 months). We
use the CRSP value-weighted return as a proxy for the market return. The independent variables include
volatility risk premia-related predictors (Panel A) and the common predictors of Welch and Goyal (2008)
(Panel B). We report Newey-West adjusted t-statistics in shaded rows under the slope coefficients. Rg dj is the

adjusted R-squared. The sample is from January 2000 to December 2020.

Panel A: Volatility risk premia-related predictors

1 3 6 12 18 24 1 3 6 12 18 24
CVRPT 022 011 011 015 013 0.12 MVYRPT 012 015 011 008 008 0.8
375 344 351 550 419 421 099 233 284 240 297 347
R%, 004 003 006 016 017 020 R%, 001 005 006 005 007 0.09
CVRPY 015 007 003 007 006 004 MVYRPY 012 011 003 003 003 001
206 083 055 124 098 074 057 088 054 062 071 048
R%, 002 001 000 004 003 002 R%, 001 002 000 000 000 0.00
CVRPE 018 010 013 016 014 0.14 MVRPE 013 017 016 012 012 012
169 145 404 451 361 426 124 385 348 268 361 390
R%, 002 002 006 015 017 024 R%, 001 006 009 008 011 0.6
AVIX 011 -002 000 -001 000 -0.01 ACIV 0.03 000 000 -0.01 000 0.00
-1.68 -057 005 -065 -043 -1.01 112 -027 020 -125 -049 -0.62
R%, 002 000 000 000 000 0.00 R%, 001 000 000 000 000 0.00
cTVvoLf 030 005 001 000 002 -0.04 svar 002 -005 023 020 018 024
076 021 013 -0.02 025 -0.92 0.02 -008 082 112 132 192
R? 001 000 000 000 000 0.00 R? 000 000 001 001 001 002

adj
Panel B: The Welch and Goyal (2008) predictors

adj

1 3 6 12 18 24 1 3 6 12 18 24
dp 004 004 004 004 004 0.03 Ity -064 -060 -061 -056 -056 -0.52
1.67 219 342 544 562 591 -396 -394 395 -400 -421 425
Rgdj 003 009 019 033 041 0.46 Rgdj 004 010 018 025 035 0.39
ep 0.00 000 000 000 0.00 0.00 Itr 008 0.02 004 001 0.00  0.00
0.31 012 007 027 -008 -0.32 144 023 123 039 013 0.06
Rgdj 0.00 000 0.00 000 0.00 0.00 Rgdj 0.00 0.00 0.01 0.00 0.00 0.00
de 0.00 0.01 0.01 0.01 0.01 0.01 tms -0.02 003 009 025 037 045
056  1.00 146 184 293 280 -0.12 014  0.53 1.77 260 3.56
Rgdj 0.00 0.01 0.03 004 0.08 011 Rﬁdj 0.00 000 0.00 006 018 034
bm 013 014 015 013 012 0.0 dfy -0.13 018 0.1 078 088 092
486  6.28 7.15 791 748 575 -0.13 022 1.04 248 3.06 3.55
Rﬁdj 004 013 026 044 050 048 Rﬁdj 0.00 000 0.02 006 011 0.16
ntis 012 015 014 009 0.00 -0.01 dfr 012 0.01 0.04 006 0.05 0.04
049 062 065 053 0.01 -0.08 0.80 0.06  0.39 1.30 114 1.23
Rﬁdj 0.00 0.01 0.02 0.01 0.00  0.00 Rﬁdj 0.00 000 0.00 0.01 0.01 0.01
tbl -038 -038 -040 -043 -047 -047 infl 008 027 -060 -075 -044 -046
-276 -309 -356 -439 -528 -7.97 009 031 -152 -238 -254 -2.68
R? 002 007 014 030 052 070 R? 0.00 0.00 0.01 0.04 002 0.03

adj adj

Tables 14 and 15 show results from bi-variate predictive regressions that always contain
CYVRPTand CVRPE, respectively. In each regression, we add a volatility-related pre-
mium or Welch and Goyal (2008) predictor. The top left panel of each table reports the

results from corresponding univariate predictive regressions for ease of comparison. The
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results provide convincing evidence that C VRPT and CVRP® contain information over
and above existing predictors the literature commonly uses and other volatility premia-
type proxies. It is clear that the coefficient estimates are robust when controlling for other
predictors and the statistical significance of the CVRP7 (CVRPB ) coefficient is always
present. In general, the adjusted R-squared statistics increase, particularly from bi-variate

predictive regressions with two significant predictors.

Our final set of analyses considers stock market return predictability in an out-of-
sample context. We consider univariate regressions using an expanding window. The
initial estimation spans January 2000 to December 2004, while the out-of-sample period is
January 2005 to December 2020. For each month in the out-of-sample period, we estimate a
univariate regression for a specific horizon and make a one-period ahead prediction. Table
16 reports the out-of-sample R-squared statistics for volatility premium-related predictors

in Panel A and the variables in Welch and Goyal (2008) in Panel B.

Focusing on Panel A, the out-of-sample predictive power of CVRP’ and CVRPE in
predicting market returns is monotonically increasing with the predictive horizon. Our
results also suggest that market total and bad volatility risk premia also yield out-of-
sample predictive benefits. However, at each horizon, CVRP7 (CVRPP) has higher
out-of-sample R-squared statistics than the corresponding measure from index options,
MVYRPT (MVRPB). All other volatility risk premia-related variables have a zero or

negative out-of-sample R-squared.

Turning to Panel B, we can see that the only variables containing consistent out-of-
sample predictive power at all horizons are the book-to-market ratio (bm) and the short-
term Treasury bill rate (tbl). Out-of-sample R-squared for bm remains stable at around 0.29
from a 12- to 24-month horizon, whereas we observe a monotonically increasing out-of-
sample R-squared for tbl. We attribute the high values at predictive horizons of 12 months
or more to the fact that short-term interest rates are near zero with very little variation for
7 years of our out-of-sample period. With the exception of bm and tbl, however, C VRPT
and CVRPP have higher out-of-sample R-squared statistics than all other Welch and Goyal
(2008) variables.

Our findings indicate that CYVRPTand CYVRPPcontain information regarding future
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Table 14. Bivariate predictive regressions: CVRP’ and other predictors

This table reports summary statistics of bivariate predictive regressions for common total volatility risk premium (CVRPT) while
controlling for other predictors, one at a time. The dependent variable is the average monthly market excess return over various
predictive horizons (1, 3, 6, 12, 18, and 24 months). We report Newey-West adjusted t-statistics in shaded rows under the slope
coefficients. Rgdj is the adjusted R-squared. The sample is from January 2000 to December 2020.

1 3 6 12 18 24 1 3 6 12 18 24
CVRPT 022 011 011 015 013 012 CVRPT 019 012 014 017 015 014
375 344 351 550 419 421 311 379 507 641 561 513

RZ, 004 003 006 016 017 020 AVIX 005 002 005 004 004 003
08 071 189 372 329 312

Ry 004 003 007 018 020 022

CVRPT 020 007 009 014 011 0.0 CVRPT 029 012 014 017 016 0.4
218 212 314 467 350 334 395 400 441 653 622 575

MVYRPT 006 013 009 003 004 004 ACIV 005 001 002 002 002 002
044 196 246 089 139 167 263 053 287 347 436 476

R%, 004 006 009 017 019 022 R%, 007 003 007 018 021 024
CVRPT 021 009 012 016 014 013 CVRPT 022 011 012 015 013 012
241 282 379 593 460 453 347 345 381 575 454 451

MVRPY 005 008 000 -004 -003 -0.04 cTvocLf 000 -001 001 001 000 0.1
022 063 -007 -105 -092 -1.61 005 -034 034 029 025 062

RZ, 004 004 006 017 018 021 RZ, 004 003 006 017 018 021
CVRPT 020 007 008 013 011 009 CVRPT 022 011 012 016 014 013
256 239 299 426 316 299 329 355 392 58 459 459

MVRPB 006 015 014 007 007 0.08 svar 017 002 030 037 032 037
056 344 303 156 234 266 016 003 130 355 341 367

R2, 004 007 011 018 021 027 R2, 004 003 007 018 020 024
CVRPT 017 009 009 008 006 006 CVRPT 016 004 005 010 007 007
201 179 177 205 278 388 222 092 127 359 332 414

dp 003 004 004 004 003 003 lty 047 -056 -056 -046 -048 -0.45
1.00 173 250 3580 508 6.02 236 -337 342 331 -378 -4.10

RZ, 005 010 019 037 045 050 RZ, 006 010 019 031 040 045
CVRPT 022 011 012 015 013 012 CVRPT 022 011 012 015 013 012
388 349 370 58 411 392 373 352 383 544 418 421

ep 001 000 000 000 000 000 ltr 009 002 005 001 000 000
060 025 018 052 012 -016 162 026 106 035 007 003

RZ, 004 003 006 017 018 020 RZ,; 004 003 006 016 018 020
CVRPT 022 010 010 014 011 010 CVRPT 023 011 011 013 010 008
352 246 297 476 350 341 401 338 372 596 421 433

de 000 000 001 000 000 0.01 tms 016 -004 001 015 028 038
007 062 1.02 105 254 243 090 -024 008 136 225 315

RZ, 004 003 007 017 021 026 RZ, 004 003 006 019 027 042
CVRPT 017 008 008 007 006 006 CVRPT 024 011 010 014 011 0.0
237 213 217 316 333 425 387 275 273 429 372 367

bm 010 013 014 012 011 009 dfy 073 -010 034 047 062 0.69
314 549 738 722 729 591 078 -011 058 159 334 423

R%, 006 013 027 047 053 052 R%, 004 003 006 018 022 028
CVRPT 022 011 012 015 013 0.12 CVRPT 022 012 012 016 014 0.13
375 348 348 512 413 421 343 375 432 569 424 406

ntis 015 017 016 011 001 000 dfr 003 -0.08 -004 -004 -004 -0.04
069 074 079 075 018 006 016 -053 -045 -0.85 -1.07 -1.12

R%, 004 004 008 018 018 020 R%, 004 003 006 017 018 021
CVRPT 018 004 004 007 006 0.5 CVRPT 023 012 011 014 013 012
239 091 098 287 286 235 38 315 291 506 393 392

tbl 019 -033 -036 -036 -044 -045 infl 064 056 -033 -040 -0.14 -0.17
-118 231 -282 356 -444 -6.85 071 062 -076 -125 -078 -1.00

R? 004 007 014 033 053 071 R? 004 004 006 017 018 021

adj adj
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Table 15. Bivariate predictive regressions: CVRP” and other predictors

This table reports summary statistics of bivariate predictive regressions for common bad volatility risk premium (CVRPB) while
controlling for other predictors, one at a time. The dependent variable is the average monthly market excess return over various
predictive horizons (1, 3, 6, 12, 18, and 24 months). We report Newey-West adjusted t-statistics in shaded rows under the slope
coefficients. Rgdj is the adjusted R-squared. The sample is from January 2000 to December 2020.

1 3 6 12 18 24 1 3 6 12 18 24
CVRPE 018 010 013 016 014 014 CVRPE 015 010 015 017 015 015
169 145 404 451 361 426 120 123 379 461 378 437

RZ, 002 002 006 015 017 024 AVIX 008 000 003 002 003 002
112 004 093 249 326 301

R2, 003 002 007 015 019 025

CVRPE 015 006 011 014 013 013 CVRPE 020 010 014 016 015 015
104 065 305 475 354 426 185 131 414 467 376 429

MVYRPT 008 013 009 004 004 004 ACIV 0.03 000 001 001 001 001
055 166 225 118 177 221 143 -004 089 119 243 211

R%, 003 006 009 015 019 026 R%, 003 002 007 015 018 025
CVRPE 019 011 014 016 014 0.14 CVRPE 026 016 017 020 019 0.8
186 173 394 458 376 433 307 405 454 561 466 490

MVRPY 013 012 005 002 002 001 cIvocL? 006 -004 -003 -004 -003 -0.03
068 099 086 062 080 047 127 129 -117 -174 -175 -155

R%, 003 004 007 015 018 024 R%, 004 004 008 020 024 030
CVRPE 015 002 008 013 012 011 CVRPE 021 012 014 017 016 015
096 026 235 418 290 3.8 312 290 350 428 356 431

MVRPE 005 016 012 005 005 0.06 svar 045 -032 -008 -023 -022 -0.16
035 219 278 127 202 264 042 -047 -023 -133 -121 -1.33

R2, 002 006 010 015 019 027 R2, 003 003 006 015 018 025
CVRPE 011 000 005 009 008 009 CVRPE 012 004 008 012 011 0.11
092 006 171 210 196 2.60 119 059 208 371 353 504

dp 003 004 004 004 003 003 lty 055 -058 -055 -050 -051 -0.46
112 224 254 317 409 421 257 317 -333 370 -424 -469

RZ, 004 009 019 034 043 049 RZ, 005 010 020 034 045 054
CVRPE 022 012 016 019 016 0.6 CVRPE 017 010 013 016 014 0.15
202 147 512 586 402 443 155 152 379 441 375 448

ep 001 001 001 001 000 0.00 ltr 006 000 003 -001 -0.02 -0.02
090 045 058 123 090 087 099 005 058 -050 -0.79 -0.99

R%, 003 003 008 019 020 026 R%, 002 002 007 015 018 024
CVRPE 020 008 012 016 013 013 CVRPE 020 010 013 014 010 008
168 087 281 416 276 332 192 150 422 458 325 407

de 000 000 000 000 000 0.00 tms 016 -005 -002 012 026 035
040 036 040 -0.09 099 1.19 0.8 -027 -011 090 199 284

RZ, 002 002 007 015 018 025 RZ, 003 002 006 016 025 041
CVRPE 013 004 006 008 007 0.9 CVRPB 032 014 015 016 012 0.12
1.05 041 175 3.09 222 299 277 208 241 250 213 262

bm 011 013 014 012 011 0.9 dfy -1.89  -062 -022 -008 023 029
358 490 649 724 732 593 -148 -059 -026 -014 061 099

R%, 005 013 028 047 054 056 R%, 004 003 006 015 018 025
CVRPE 019 011 014 016 014 014 CVRPE 017 010 013 015 014 0.14
186 1.83 348 407 358 427 153 130 380 461 365 4.16

ntis 017 018 018 013 003 002 dfr 007 -002 000 001 000 -0.01
065 073 080 079 035 037 045 -015 002 029 -013 -0.38

R%, 003 003 009 017 018 024 R%, 002 002 006 015 017 024
CVRPE 012 002 006 007 006 0.04 CVRPE 021 012 013 015 014 0.14
1.02 030 149 211 271 248 216 230 292 413 373 438

tbl 026 -036 -035 -037 -043 -0.43 infl 08 071 -0.14 -026 004 004
-155 -250 -2.80 -357 -470 -7.13 083 075 -026 -0.82 025 020

R? 003 007 015 033 053 073 R? 003 003 006 015 018 024

adj adj

35



Table 16. Univariate predictive regressions: out-of-sample performance

This table reports out-of-sample performance statistics of univariate predictive regressions. The dependent
variable is the average monthly market excess return over various predictive horizons (1, 3, 6, 12, 18, and
24 months). We use the CRSP value-weighted return as a proxy for the market return. The independent
variables include volatility risk premia-related predictors (Panel A) and the common predictors of Welch
and Goyal (2008) (Panel B). The in-sample sample is from January 2000 to December 2004. The out-of-
sample sample is from January 2005 to December 2020. For each month in the out-of-sample period, we
estimate a univariate predictive regression for a specific horizon using the historical data and make a one-
period-ahead prediction. The reported numbers are monthly out-of-sample R? statistics of this expanding
window procedure.

Panel A: Volatility risk premia-related predictors

1 3 6 12 18 24 1 3 6 12 18 24
CVRPT 0.04 002 004 014 014 017 MVRP -0.01  0.04 0.03 0.02 0.04 0.09
CVRPY 0.00 -0.03 -0.04 -0.08 -015 -0.24 MVRPY 004 -003 -0.03 -0.02 000 -0.02
CVRPB 0.02 002 002 009 012 019 MVRPB 001 003 005 001 003 012
AVIX -002 -0.03 -0.02 000 0.00 0.00 ACIX -0.04 -0.02 -0.02 000 0.00 0.00
cIvoLk 013 029 012 010 007 -0.02 svar -012 -0.08 -014 -014 -012 -0.13
Panel B: The Welch and Goyal (2008) predictors

1 3 6 12 18 24 1 3 6 12 18 24
dp -001 -0.09 -011 -015 -0.16 -0.19 Ity 001 -0.01 -0.01 -006 006 0.02
ep -005 -022 -043 -046 -033 -0.52 Itr -001 -0.02 -0.01 -001 000 -0.01
de -004 -030 -057 -020 -0.14 -047 tms -001 -0.04 -0.09 -014 -007 0.6
bm 003 011 022 029 029 028 dfy -0.04 -023 -062 -015 -037 -0.31
ntis -0.01  -0.06 -0.15 -031 -047 -0.82 dfr -0.05 -0.06 -0.04 -002 002 -0.01
tbl 001 0.02 004 020 046 0.69 infl -0.01 -0.03 0.01 003 002 001

excess market returns. Our analysis shows that including various other proxies that relate
to volatility risk does not subsume the predictive ability of the common information within
firm-level volatility risk (total and bad).!! Consistent with the literature on the predictabil-
ity of volatility risk, we show that CVRP7 and CVRPP positively predict future excess
market returns. Our results also resonate well with the long-horizon predictive power of
the correlation risk premium (CRP) for aggregate excess returns in Hollstein and Simen
(2020). Although their CRP may capture similar information to our CVRP’ measure,
we show that commonalities in firm-level VRPs that stem from put options and negative
returns contain relevant information for future market returns both in-sample and out-of-

sample.

1 As an additional robust check we conduct the above analysis where we remove all recessions and the
COVID-19 pandemic. These results yield the same conclusions as those we present here and are available
upon request.
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A possible explanation for the positive predictive power of our volatility risk proxies
is mistakes in market participants” beliefs (Drechsler and Yaron, 2011). Such beliefs show
up in volatility and equity claims which indicates a volatility premium positively forecasts
market returns. Lochstoer and Muir (2022) formalizes this mechanism by incorporating

slow-moving beliefs within an asset pricing model to reconcile this phenomenon.
5 Conclusion

This paper shows that total, good, and bad firm-level volatility risk premia obey a
strong factor structure. We define the “total” volatility risk premium at the stock level
as the difference between the physical and risk-neutral expectations of return volatility.
We compute the “good” and “bad” components of volatility risk premia that capture the
compensation for the realized volatility in positive and negative returns. We explore the
implications of this behavior in both cross-sectional asset pricing and market return pre-
dictability exercises. The portfolio-sort analysis shows that stocks in the lowest CVRP5-
beta quintile earn 7.32% higher average annual returns than those in the highest CVRP5-
beta quintile. This result is robust to controlling for several other factors related to volatility
premia and firm characteristics. Estimating risk premia using Fama-MacBeth two-pass re-
gressions and Giglio and Xiu (2021) three-pass regressions further supports this result and

estimates risk premia of similar magnitude and statistical and economic significance.

Our market return predictability exercises suggest that total and bad commonality in
tirm-level volatility risk premia contain relevant information for market returns up to 24
months ahead. We show that CVRP” and CVRP? provide incremental predictive power
over and above a number of key predictors and other volatility premia-related variables.
Out-of-sample R-squared statistics show that the predictive power of CVRP7 and CVRPE
increases monotonically with the horizon up to 17% and 19% for 24 months ahead. This is
in stark contrast to the predictors used by Welch and Goyal (2008) and others, which show

good in-sample performance but no out-of-sample predictive power.

Several implications emerge from this paper. First, common firm volatility risk premia
differ from market volatility risk premia. Second, common bad volatility risk premia rep-
resent a priced source of risk: the high CVRPP-beta stocks produce significantly lower

average and risk-adjusted returns relative to the low CVRPP-beta stocks. Intuitively, such
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assets can act as intertemporal hedges against adverse changes in investment opportunities
proxied by higher level of common bad volatility premia. In turn, investors are willing to
accept lower returns for such stocks for hedging purposes. Third, the information content
of total and bad firm-level volatility risk premia is relevant to future market returns. Thus,

we document new market return predictors that practitioners can use in forecasting.
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Appendix for

The Common Factor in Volatility Risk Premia

Abstract

This appendix contains the description of the discretization procedure of model-free
implied variance and additional results not included in the main body of the paper.
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A Discretization Procedure of Model-Free Implied Variance

Considering total implied variance in Equation (1), the discretization is

2 L AK; 1[F 2
IVZ; frd T Z K—zlerTQ(Kl‘) — T |:K—O — 1:| ’
i=1 i

where T is time to expiration, F is the forward index level derived from the put-call parity
as F = e’fT[C (K, T) — P(K, T)] + K with the risk-free rate rf, Ky is the reference price, the
first exercise price less or equal to the forward level F(Ky < F), and K; is the i-th OTM
strike price available on a specific date (call if K; > Ky, put if K; < Kp, and both call and
put if K; = Kp). Q(K;) is the average bid-ask of OTM options with an exercise price equal
to K;. If K; = K, it will be equal to the average of the at-the-money (ATM) call and put
price, relative to the strike price, and A(K;) is the sum divided by two of the two nearest
prices to the exercise price Ko, namely, M for 2 < i < n — 1. For further details see
the CBOE VIX white paper available at https://cdn.cboe.com/api/global/us_indices/
governance/Volatility_Index_Methodology_Cboe_Volatility_Index.pdf. Note the stan-
dard CBOE methodology considers an interpolation between the two closest to 30-days
expiration dates. In our data construction, we take into account only one expiration date

closest to 30 days due to options data availability with respect to firm-level stocks.

B Additional Results

Table Al reports summary statistics of portfolios formed on exposures to common
volatility risk premia without orthogonalization to additional factors. Table A2 reports
summary statistics of portfolios formed on exposures to market volatility risk premia with-

out orthogonalization to additional factors.
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Table Al. Portfolios formed on CV'RP-beta: no orthogonalization

This table presents the average excess returns (RET-RF) and alphas (a5, #4) expressed in monthly percentages
for equal-weighted and value-weighted quintile portfolios (P; : i = 1,...,5) and a long-short strategy (Ps_1)
formed on loadings to common total (Panel A), good (Panel B), and bad (Panel C) volatility risk premia
without controlling for the exposure to other variables. Specifically, we estimate common volatility risk
premia (CVRP)-betas from univariate regressions of monthly excess returns on CVRP using a rolling 60-
month window. The portfolio P;(P5) comprises stocks with the lowest (highest) CVRP-betas. The long-
short strategy buys Ps and sells P;. a5 is the alpha from the five-factor Fama-French model including the
market, size, book-to-market, investment, and profitability factors. a¢ is the alpha relative to the five Fama-
French factors and momentum. The numbers in shaded rows are Newey-West adjusted t-statistics of average
returns and alphas. The sample is from January 2000 to December 2020.

Equal-Weighted Value-Weighted

! P2 Ps Py Ps  Psa Py P, Ps Py Ps  Psa

Panel A: CVRP7 -beta portfolios
RET-RF 067 077 077 089 082 0.14 073 073 074 088 0.89 0.16
196 233 211 212 167 076 250 288 224 236 180 0.59
a5 007 016 007 0.08 —-0.11 -0.18 016 003 —-0.06 —-0.01 —-0.17 -0.34
076 320 119 124 -189 -1.57 122 052 -1.05 —-0.09 -121 -1.33
ag 006 016 0.07 0.09 -0.10 -0.17 016 002 -0.06 000 -0.17 -0.33
076 320 115 129 —-153 —-154 124 043 -129 —-006 —-1.16 -—-1.31

Panel B: CVRPY-beta portfolios
RET-RF 048 068 087 094 096 048 057 066 084 1.08 1.00 043
140 2.05 231 221 1.86 145 210 241 247 275 207 1.30
s —-0.05 0.08 017 011 —-0.05 0.00 0.03 —0.05 002 012 0.02 -0.01
-039 111 3.05 192 —-048 0.01 030 —-0.63 028 172 0.16 —0.05
X —-0.06 008 017 012 -—-0.03 0.03 0.02 —-005 002 013 004 001
—-058 111 294 187 —-038 022 022 -072 026 180 029 0.07

Panel C: CVRPB-beta portfolios
RET-RF 1.04 087 082 064 055 —0.49 1.05 098 077 059 050 —0.55
246 245 229 160 125 -212 276 311 254 161 113 —-228
a5 025 018 014 —-0.05 —-024 —-049 033 021 -0.04 —-020 —-044 -0.77
239 394 225 —-0.60 —-219 -247 203 255 062 —-179 -287 -261
X 027 019 014 -0.06 —-0.25 -—-0.52 034 021 —-0.04 —-022 —-045 —-0.79
320 378 218 —0.67 —2.58 —3.36 239 264 —-061 —-2.08 —3.16 —-3.04
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Table A2. Portfolios formed on MV RP-beta: no orthogonalization

This table presents the average excess returns (RET-RF) and alphas (a5, ) expressed in monthly percentages
for equal-weighted and value-weighted quintile portfolios (P; : i = 1,...,5) and a long-short strategy (Ps_1)
formed on loadings to market total (Panel A), good (Panel B), and bad (Panel C) volatility risk premia
without controlling for the exposure to other variables. Specifically, we estimate market volatility risk premia
(MVRP)-betas from univariate regressions of monthly excess returns on MVRP using a rolling 60-month
window. The portfolio P;(P5) comprises stocks with the lowest (highest) MVRP-betas. The long-short
strategy buys P5 and sells P;. a5 is the alpha from the five-factor Fama-French model including the market,
size, book-to-market, investment, and profitability factors. a¢ is the alpha relative to the five Fama-French
factors and momentum. The numbers in shaded rows are Newey-West adjusted t-statistics of average returns
and alphas. The sample is from January 2000 to December 2020.

Equal-Weighted

Value-Weighted

Py P P3 Py Ps  Ps Py P2 P3 Py Ps  Psa

Panel A: MVRP7 -beta portfolios
RET-RF 060 078 0.82 0.83 090 0.30 069 071 080 0.88 113 044
159 221 225 208 191 130 197 213 263 271 226 119
as -0.05 011 010 0.08 0.03 0.08 0.01 —-0.03 0.08 005 0.00 —0.01
—-056 205 259 142 029 049 0.10 —-054 113 060 0.03 —0.04
ag -006 011 011 0.09 0.03 0.09 0.02 —-0.03 008 0.04 0.00 —0.02
—-0.57 214 233 135 033 052 014 —-053 1.07 058 0.02 —0.06

Panel B: MVRPY-beta portfolios
RET-RF 049 074 080 08 1.02 0.53 059 066 098 101 110 0.50
145 219 217 2.04 202 174 207 214 293 276 222 152
as -0.08 011 010 008 0.07 0.15 -0.03 —-0.10 020 010 0.07 0.09
-072 167 183 132 073 0.78 —-023 -149 3.00 1.02 045 038
Xe -009 011 010 0.09 0.09 0.18 -0.04 -010 020 010 0.08 0.12
-093 170 177 129 1.03 1.11 —-031 —-163 312 1.05 050 044

Panel C: MVR PP beta portfolios
RET-RF 08 081 08 077 068 —0.17 076 08 081 084 078 0.02
195 215 227 212 155 —-081 168 249 270 278 185 0.06
as 004 012 012 0.06 -0.07 —0.11 -001 015 0.08 0.07 —-0.22 -0.20
038 195 220 071 -056 -—0.51 —-0.09 166 134 083 —-171 -0.82
ag 006 013 012 0.06 —0.08 —0.14 001 016 008 0.06 —0.23 —-0.23
062 235 215 071 —-064 —-0.71 004 202 137 081 —-2.00 —-1.12
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