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a b s t r a c t

We decompose the squared VIX index, derived from US S&P500 options prices, into the conditional vari-
ance of stock returns and the equity variance premium.We evaluate a plethora of state-of-the-art volatil-
ity forecasting models to produce an accurate measure of the conditional variance. We then examine the
predictive power of the VIX and its two components for stockmarket returns, economic activity and finan-
cial instability. The variance premium predicts stock returns while the conditional stock market variance
predicts economic activity and has a relatively higher predictive power for financial instability than does
the variance premium.
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1. Introduction

The 2007–2009 crisis has intensified the need for indicators of
the risk aversion ofmarket participants. It has also become increas-
ingly commonplace to assume that changes in risk appetites are
an important determinant of asset prices. Not surprisingly, the be-
havioral finance literature (see e.g. Baker and Wurgler, 2007) has
developed ‘‘sentiment indices’’, and financial institutions have cre-
ated a wide variety of ‘‘risk aversion’’ indicators (see Coudert and
Gex, 2008, for a survey).

One simple candidate indicator is the equity variance premium,
the difference between the squared VIX index and an estimate
of the conditional variance of the stock market. The VIX index
is the ‘‘risk-neutral’’ expected stock market variance for the US
S&P500 contract and is computed from a panel of options prices.
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Well-known as a ‘‘fear index’’ (Whaley, 2000) for asset markets,
it reflects both stock market uncertainty (the ‘‘physical’’ expected
volatility), and a variance risk premium, which is also the expected
premium from selling stock market variance in a swap contract.
Bollerslev et al. (2009) show that an estimate of this variance
premium predicts stock returns; Bekaert et al. (2013) show that
there are strong interactions between monetary policy and the
variance premium, suggesting that monetary policy may actually
affect risk aversion in themarket place. The variance premiumuses
objective financial market information and naturally ‘‘cleanses’’
option-implied volatility from the effect of physical volatility
dynamics and uncertainty, leaving a measure correlated with risk
aversion.

How to measure the variance premium is not without contro-
versy, however, because it relies on an estimate of the conditional
variance of stock returns. For example, the measure proposed in
Bollerslev et al. (2009), BTZ, henceforth, assumes that the condi-
tional variance of stockmarket returns is a martingale, an assump-
tion which is not supported by the data, leading to potentially
biased variance premiums. In this paper, we tackle several mea-
surement issues for the variance premium, assessing a plethora of
state-of-the-art volatility models and making full use of overlap-
ping daily data, rather than sparse end-of-month data, which is
standard.
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The conditional variance measure is of interest in its own right.
First, there is a long literature on the trade-off between risk, as
measured by the conditional variance of stock market returns, and
the aggregate risk premium on the market (see e.g. French et al.,
1987, for a seminal contribution). This long line of research has
mostly failed to uncover a strongpositive relationship between risk
and return (see Bali, 2008, for a summary). Second, stock market
volatility can also be viewed as a market-based measure of eco-
nomic uncertainty. For example, Bloom (2009) shows that height-
ened ‘‘economic uncertainty’’ decreases employment and output.
Interestingly, he uses the VIX index tomeasure uncertainty, so that
his results may actually be driven by the variance premium rather
than uncertainty per se.

Using more plausible estimates of the variance premium and
stock market volatility, we then assess whether they predict stock
returns, economic activity, as well as financial instability, an eco-
nomic outcome whose monitoring is of considerable policy inter-
est.We find that thewell-known results in BTZ exaggerate the pre-
dictive power of the variance premium for stock returns. However,
the equity variance risk premium remains a reliable predictor of
stock returns. Stock market volatility does not predict the stock
market, but it is a much better predictor of economic activity than
is the equity variance premium. It also predicts financial instabil-
ity more strongly than does the variance premium, especially at
longer horizons.

The remainder of the paper is organized as follows. Section 2
discusses the econometric framework that we use to forecast
volatility, and lays out ourmodel selection procedure. Section 3 re-
ports the results of our specification analysis and forecasting per-
formance comparison. Section 4 uses the preferred estimates of
the variance premium and stock market volatility to predict stock
returns, economic activity and financial instability. Section 5 con-
cludes.

2. Econometric framework

We define the variance risk premium as:

VPt = VIX2
t − Et


RV (22)

t+1


. (1)

Here the VIX is the implied option volatility of the S&P500 index for
contracts with a maturity of one month, and RV (22)

t+1 is the S&P500
realized variance measured over the next month (22 trading days)
using five-minute returns. Note that RV (22)

t+1 − VIX2
t is the return to

buying variance in a variance swap contract. Therefore, technically
speaking, the variance risk premium refers to the negative of VP
(see Carr andWu, 2009). Since that number is mostly negative, we
prefer to define it as we did in Eq. (1).

Economically, the squared VIX is the conditional return vari-
ance using a ‘‘risk-neutral’’ probability measure, whereas the con-
ditional variance uses the actual ‘‘physical’’ probability measure.
The risk-adjusted measure shifts probability mass to states with
higher marginal utility (bad states) and this implies that in many
realistic economic settings, the variance premium will be increas-
ing in the economy’s risk aversion.

The unconditional mean of the variance premium is easy to
compute by simply computing the average of VIX2

t − RV (22)
t+1 . How-

ever, we are interested in the conditional variance premium as de-
scribed in Eq. (1), which relies on the physical conditional expected
value of the future realized variance. The common approach to es-
timate this uses empirical projections of the realized variance on
variables in the information set, and subtracts this estimated ex-
pected variance from the VIX2 to arrive at VP. Hence, the problem
is reduced to one of variance forecasting.

Our data start on January 02, 1990 (the start of the model-free
VIX series)1 and covers the period until October 01, 2010. We have
a total of 5208 daily, overlapping observations. The recent crisis pe-
riod presents special challenges as stockmarket volatilities peaked
at unprecedented levels, but at the same time the crisis represents
an informative period during which uncertainty and risk aversion
may have been particularly pronounced. Nevertheless, if we de-
compose the sample variance of the implied and realized volatility
series in contributions by crisis andnon-crisis observations, the cri-
sis observations dominate despite representing a relatively small
part of the sample. We deal with the crisis-induced challenges by
considering both models that predict the level and the logarithm
of realized variances, and by puttingmuch emphasis on parameter
stability in our model selection procedure. In addition, we focus
on out-of-sample forecasting exercises where we conduct the in-
sample estimations mostly on non-crisis observations, so that the
influence of the crisis on the parameter estimates andmodel selec-
tion is mitigated.

Variance forecasting

There is an extensive econometric literature on volatility fore-
casting. It is now generally accepted thatmodels based on high fre-
quency realized variances dominate standardmodels in theGARCH
class (see e.g. Chen and Ghysels, 2012) and we therefore examine
the state-of-the-art models in that class. These models stress the
importance of persistence (using lagged realized variances as pre-
dictors), additional information content in the most recent return
variances (Corsi, 2009), asymmetry between positive and negative
return shocks (the classic volatility asymmetry, see e.g. Engle and
Ng, 1993) and potentially differing predictive information present
in jump versus continuous volatility components (Andersen et al.,
2007). We accommodate all of these elements in our model.

In the finance literature, it has been pointed out as early as in
Christensen and Prabhala (1998) that option prices as reflected in
implied volatility should have information about future stockmar-
ket volatility. This motivates using the VIX as a predictive vari-
able. Recent articles using the VIX in similar forecasting exercises
include Busch et al. (2011) who examine a number of variance
forecasting models embedding option-implied volatility for bond,
currency and stockmarkets, and Andersen and Bondarenko (2007)
who mostly focus on measurement issues with the officially pub-
lished VIX index. Of course, because the VIX also embeds a risk
premium, it will not be an unbiased predictor of future realized
volatility. Chernov (2007) argues that spot volatility is likely to
have additional information about future volatility.

Finally, it is well-known that estimation noise hurts out-of-
sample forecasting performance. Simple models such as the mar-
tingale model may therefore outperform more complex models.
We therefore also consider a number of non-estimatedmodels that
are special cases of our general framework.

Our most general forecasting model can be represented as
follows:

RV (22)
t = c + αVIX2

t−22 + βmC (22)
t−22 + βwC (5)

t−22 + βdC (1)
t−22

+ γ mJ (22)t−22 + γ wJ (5)t−22 + γ dJ (1)t−22 + δmr (22)−
t−22

+ δwr (5)−
t−22 + δdr (1)−

t−22 + εt . (2)

1 The CBOE changed the methodology for calculating the VIX, initially measuring
implied volatility for the S&P100 index, to be measured in a model-free manner
from a panel of option prices (see Bakshi et al., 2003, for details) only in September
2003. It then backdated the new model-free index to 1990 using historical option
prices (see CBOE, 2004, for more details).



https://isiarticles.com/article/44721

