Equity Risk Premia and the VIX Term Structure

Travis L. Johnson*
Stanford University

Graduate School of Business

Job Market Paper

November, 2011

Abstract

In many asset pricing models, the equity market’s expected return is a time-invariant
linear function of its conditional variance, which can be estimated from options markets.
However, I show that when the relation between conditional means and variances is
state-dependent, an observer requires the combined information in multiple variance
horizons to distinguish among the states and thereby reveal the equity risk premium.
Empirically, I show that while the VIX by itself has little predictive power for future
S&P 500 returns, the VIX term structure predicts next-quarter S&P 500 returns with

a 5.2% adjusted R2.
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1. Introduction

There is mounting theoretical and empirical evidence of time variation in equity market
risk premia. These time variations are important both for economists studying asset pricing
and for market participants making portfolio allocation decisions. However, their use is
limited without an ex-ante observable measure of expected returns.

In many popular asset pricing models, risk premia can be inferred ex-ante as long as
the variance of future returns conditional on all available information is observable, for
example from options prices. In Campbell and Cochrane (1999) and Bansal and Yaron
(2004), conditional expected returns are an approximately linear, time-invariant, function
of conditional variance. These models therefore predict that the time-series of equity risk
premia and conditional equity variance are almost perfectly correlated, meaning that no
other variable predicts future equity returns incremental to conditional variance. Similarly,
recent models of variance risk premia and their connection with equity returns, in Bollerslev,
Tauchen, and Zhou (2009) and Drechsler and Yaron (2011), predict that expected returns are
a time-invariant linear function of return variance and the variance risk premia. Therefore,
these models also predict excess equity returns should be strongly predictable by measures
of conditional variance.

However, the data do not support these hypothesis. To quote Bollerslev, Tauchen, and
Zhou (2009), “a significant time-invariant expected return-volatility tradeoff type relationship
has largely proven elusive.” Conditional variance measures, whether constructed from option-
implied volatilities or time-series models, have economically and statistically weak predictive
power for future index returns.

In this paper, I argue that the expected return-conditional variance relation predicted by
theory is weak in the data because its nature changes every period. I show in a very general
model that expected returns are indeed related to conditional variance linearly, but that the

coefficients in this relation may change over time. In particular, the period-by-period shape
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of the variance-mean relation is determined by two economically meaningful quantities: the
regression coefficient of that period’s equity return on the stochastic discount factor (SDF
beta), and the variance of the part of returns orthogonal to the SDF (unpriced risk). The
aforementioned asset pricing models assume these two quantities are essentially constant.
However, when the market’s SDF beta and unpriced risk change over time, expected excess-
returns are no longer a time-invariant linear function of conditional variance.

Furthermore, I provide evidence that when risk premia are not easily inferred from con-
ditional variance, an observer who is unaware of the marginal investor’s preferences can
estimate equity risk premia using conditional variances at multiple horizons. In a stochastic
volatility model where the SDF beta and unpriced risk are mean-reverting state variables, I
show that the shape of the variance term structure allows an observer to decompose volatility
into its constituent factors by relying on differences in their persistence. As a result, risk
premia in the model are an affine function of the variance term structure.

I apply this technique to the S&P 500 index, which has liquid options markets for many
different strikes and times to expiration. Following the methodology used to calculate the
CBOE’s volatility index (VIX), I compute model-free implied volatility estimates at many
horizons, and show that the variance term structure can indeed dramatically improve index
return predictability. I find that the VIX term structure predicts future S&P 500 returns,
incrementally to any single VIX horizon, for holding periods from one month to one year. For
example, the combined term structure predicts next-quarter excess log returns on the S&P
500 with a 5.2% adjusted R? and joint significance at the 1% level. The return predictability
is incremental to the “volatility risk premia” factor (Bollerslev, Tauchen, and Zhou (2009) and
Drechsler and Yaron (2011)), the aggregate dividend yield (e.g. Cochrane (2008) or Campbell
and Shiller (1988)), the net payout yield (Boudoukh et al. (2007)), and the Cochrane Piazzessi
factor from bond pricing (Cochrane and Piazzesi (2005)).

The majority of the incremental return predictability comes from the fourth principal

component of the VIX term structure, and not the first three (“level,” “slope,” and “curva-
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ture”) principal components. The factor has a “lightning bolt” shape, with loadings that slope
downwards over the first three VIX horizons, jump up sharply, and then slope down again
across the final three VIX horizons. It exhibits much less persistence than the VIX level,
mitigating concerns over the small-sample predictive bias discussed in Stambaugh (1999).
Finally, both the fourth principal component and risk premia fitted from the VIX term struc-
ture spike upwards around times of financial turmoil: the Asian financial crises (1997), the
LTCM collapse (1998), and in the later portion of the recent financial crises (2008-2009).

The exact linear combination of conditional variance horizons that reveals risk premia
in my model depends on the model’s parametrization. Therefore, the principal compo-
nent of the variance term structure that predicts future index returns also depends on the
parametrization. I show that a reasonable calibration of my model matches the regression
coefficients, as well as other relevant moments, observed in the data. Moreover, I show that
as long as the different state variables have different persistences, the combined information
in the VIX term structure provides an ex-ante measure of equity risk premia.

I discuss the paper’s relation to prior research in Section 2, detail the model of priced and
unpriced risks in the variance term structure in Section 3, show empirical results pertaining

to the S&P 500 in Section 4, and conclude in Section 5.

2. Relation to Prior Research

Two recent papers, Bollerslev, Tauchen, and Zhou (2009) and Drechsler and Yaron (2011),
study the relation between variance risk premia and equity risk premia. Empirically, both
show that the difference between end-of-month VIX? and an estimate of statistical-measure
variance positively predicts future index returns. Bollerslev, Tauchen, and Zhou (2009) uses
past realized variance as a proxy for future statistical-measure variance, and Drechsler and
Yaron (2011) uses predicted future variance from a time-series model. In both papers, the
evidence for return predictability is statistically and economically strong from 1990-2007. I

show that the return predictability continues in the additional 2008-2010 years in my sample.
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Both papers postulate that this return predictability arises because the time-series of
the variance risk premia (Var2(R) - Varf(R)) and the equity risk premia are positively
correlated. Bollerslev, Tauchen, and Zhou (2009) derives this correlation in a discrete-time
model with time variation in both consumption volatility and the volatility of consumption
volatility. They show that the variance risk premium captures time variation in the volatility
of consumption volatility, which is also correlated with the time variation in risk premia.
Drechsler and Yaron (2011) derives the positive correlation between equity and variance
risk premia in broader setting that incorporates the long-run risk dynamics in Bansal and
Yaron (2004) and so can simultaneously match the magnitudes of the equity risk premia
and volatility risk premia we observe in the data, all while assuming a reasonable level of
risk aversion. In their model, the variance risk premia comes from a drift difference in the
consumption volatility process between Q and P, and from priced jump risk.

Both the Bollerslev, Tauchen, and Zhou (2009) and the Drechsler and Yaron (2011)
models predict no incremental role for the VIX term structure in capturing risk premia.
The reason is that both models have two priced factors: the variance risk premia and the
traditional risk-return relation (when conditional return volatility is high, expected returns
are high). The first can be captured empirically by using the variance differences described
above. The second is much simpler to implement empirically: a single VIX horizon should
reveal the current conditional variance. For this reason, both Bollerslev, Tauchen, and Zhou
(2009) and Drechsler and Yaron (2011) predict a much stronger VIX-return relation than the
one observed in the data, and no role for multiple VIX horizons. In my multifactor volatility
model, the nature of the variance-return relation varies across states, meaning there is a role
for multiple VIX horizons in extracting risk premia.

Mixon (2007) shows that the expectations hypothesis fails for the term structure of Black-
Scholes implied volatility, namely that the “forward” implied volatilities embedded in the
term structure are not one-for-one predictors of future realized “spot” implied volatilities. In

untabulated results, I replicate the failure of the expectations hypothesis for the new model-



Travis L. Johnson Equity Risk Premia and the VIX Term Structure November 2011

free VIX (as opposed to the old Black-Scholes based VXO used in Mixon (2007)) term
structure. Prior research also shows theoretically and empirically that VIX term structure
can be used to price VIX futures and options (e.g. Sepp (2008), and Zhu and Zhang (2007)).

Duan and Yeh (2011) fits a fairly general single-factor stochastic volatility model to the
observed S&P 500 index return and VIX term structure processes using a particle-filter based
estimation. By contrast, I use a multifactor volatility model to study the relation between
the VIX term structure and equity risk premium (rather than contemporaneous returns) and
calibrate the model to match empirical moments rather than structurally estimating it.

To my knowledge, the only multifactor model of index volatility is in Christoffersen,
Heston, and Jacobs (2009), which extends the Heston (1993) model by allowing the volatility
process be the sum of two square-root processes. The two-factor volatility model is able to
capture the relative independence of the level and slope of the “smirk” observed in implied
volatilities and therefore dramatically improve the upon the option pricing compared to
Heston (1993). I augment their analysis by adding a time-varying SDF beta, looking at
different times-to-expiration rather than different strike prices, and examining the economic
relation between variance and expected returns.

My central argument, that the VIX term structure allows an observer to distinguish
among components of the VIX that have different prices and persistences, has an analogue
in the bond return predictability literature. If the short-rate process is composed of multiple
factors with different pricing and persistences, like the volatility process in my model, the
shape of the yield curve could be used to distinguish between different short-rate factors
and thereby better estimate bond risk premia. The bond risk premia literature (Dai and
Singleton (2002), Cochrane and Piazzesi (2005), Cochrane and Piazzesi (2008), and the
references therein) provides theoretical and empirical evidence that the shape yield of the
curve reveals bond risk premia when there are multiple factors.

There is a fundamental distinction, however, between the VIX term structure predicting

equity index returns and the bond term structure predicting excess bond returns. In bond
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markets, the predicted returns are for the same asset whose yields determine the term struc-
ture. In this paper, I use the term structure of option-implied variance to predict the returns
of the underlying asset, relying on the economic connection between conditional variance and
equity risk premia. The equivalent analysis for the treasury yield curve would examine the
relation between bond risk premia and the term structure of bond return variance implied

by bond options.

3. Model

The driving intuition in my model is that if the relation between conditional variance
and risk premia is state-dependent, examining market expectations of volatility at multiple
horizons allows an otherwise uninformed observer to distinguish between states and better
estimate risk premia.

I begin by illustrating the relation between variance and returns with two minimal as-
sumptions: no arbitrage, and the existence of a conditionally riskless asset. Together these
assumptions imply that there exists a stochastic discount factor (SDF) Mt+1 that prices any

traded asset ¢ with gross return Rz”t_i_l as follows:

Et(Rz’,t—H) — Ry = _COVt<Ri,t+17 Mt+1>Rf,t (1)

where Ry, is the gross risk-free rate at time ¢. I drop the subscript ¢ hereafter for brevity.

Now define oy, §;, and €1 so that:

Rtﬂ =y — 5tMt+1 + €141 (2)
ﬁt _ _COVt(Rt—tla Mt+1) (3)
Vart(Mt+1>
COVt(MtJrl, gt+1) =0 (4)

With this sign convention, assets with a positive 3; have a negative correlation with the SDF
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and are therefore subject to systematic risk. Note that a; — ﬁtMtH is the projection of ﬁitﬂ
onto My, and that equation (2) is not a time-series regression because the coefficients o
and [, may be different in each period.

Combining equations (1) and (3), and computing the variance of R, 1 from equation (2)

gives:

Et(Ri,tH) - Rf,t = BtVart(MtH)Rf,t (5)

vart(RtH) = ﬁtQVart(MtH) + var,(&.+1) (6)

The reason for manipulating the basic pricing equation into equations (5) and (6) is that
these equations express both the conditional mean and variance of future returns as simple
functions of three economically meaningful variables. The first, SDF variance var;(1m1),
is an economy-wide variable, while the second, SDF beta f;, is asset-specific. Both are
reflected in risk premia (equation (5)) as well as return variance (equation (6)). The final
variable is the residual variance var;(é1), which is also asset-specific and only impacts the
return variance but not the mean of returns, and so I call it unpriced risk.

To help interpret the SDF variance, SDF beta, and unpriced risk in what follows, I
discuss the meaning of each in the context the asset pricing literature. The conditional SDF
variance var,(M,,) is the variance of investor’s marginal utility of consumption in the next
period. Changes in the volatility of marginal utility could be due to changes in the volatility
of consumption growth (as in Bansal and Yaron (2004)), or to changes in the risk aversion of
the marginal investor (as in Campbell and Cochrane (1999)). In this framework, both effects
are absorbed into the SDF variance and impact expected returns and conditional variances
for all traded assets.

The best analogies for the SDF beta f; and the unpriced variance var,;(é,,1) come from
the CAPM. The asset-specific SDF beta 3; serves the same role as the asset-specific “market

beta” in the a period-by-period CAPM: it measures the exposure to priced risk for a specific
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asset. Similarly, what I call unpriced risk is analogous to “idiosyncratic volatility” in the
CAPM. Both are orthogonal to what investor’s care about: market returns in the CAPM
and the more general SDF M, in this framework. If the CAPM holds period-by-period,
the market portfolio is perfectly correlated with the SDF, implying that it has no unpriced
risk. Other traded assets and portfolios, however, could have time variation in both 3; and
vary(€;11).

Theorem 1 illustrates the general relation between conditional variance and the condi-

tional risk premium.

Theorem 1. Assuming no arbitrage, for any risky asset with returns Rt+1 and any SDF

Mt+1 that prices Rt+1, we have:
Et(Rt+1> — Rfyt = AO,t + ALtUaTt(RH_l) (7)

where Ay =

—var(Gi )R Ay, = B2t and the other variables are defined above.

Bt B_;’

Proof. Manipulating equations (5) and (6) yields:

. - N 1
Ey(Ryy1) — Rypy = (vary(Riv1) — var(€41)) o Ryy (8)

t

Equation (7) abbreviates this using the Ay, and A;; notation. O

Note that Theorem 1 holds regardless of the time horizon, investor preferences, and for
all types of assets. The only necessary assumptions are that there is a riskless asset, and that
there is no arbitrage. In fact, equation (7) simplifies to the original pricing equation (1) with
enough substitution. However, equation (7) is a useful representation because theoretical
models often provide some structure for Ap; and A;;, from which we can use equation
(7) to find ex-ante observable expected return estimates using ex-ante conditional variance
estimates. The remainder of this section discusses different specifications for Ay, and A ;.

Theorem 1 examines a special case where both the SDF beta and unpriced risk are
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constant across time. This occurs when, while risk premia may be changing each period
through changes in the SDF variance, the relation between M,,; and Ryy; has the same
slope and residual variance in each period. I show that this implies all time variation in risk
premia can be captured by a time-invariant linear function of conditional variance. Moreover,
I show the converse: if risk premia for any asset are a linear function of conditional variance,

it implies that the asset has constant SDF beta and constant unpriced risk.

Corollary 1. Assuming the risk-free rate is fived at Ry = Ry, and there is no arbitrage,

the following two statements are equivalent:
1. Unpriced risk is fized at vary(éi11)) = o2 and the SDF beta is fived at By = 3.

2. There exist constants Ay and A, such that Et(lf{tH) —Ry=Ao+ A Uart(Rt+1> in every

period t.

Proof. Suppose vary(é;,1)) = 02 and f; = 3. Plugging these values into Ag; and A;; yields

constant coefficients, meaning Theorem 1 implies Et(RtH) — Ry = Ap + Alvart(lfitH) in

each period where Ay = —U‘?ﬁRf A = %.

Now suppose we have constants Ag and A; such that Et(Rt+1) —Rp= A +A1vart(Rt+1)
in every period. This implies that unpriced risk and SDF beta are constant over time, because
if they were not, equation (7) would imply time-varying coefficients in the relation between

risk premia and variance, a contradiction. O

The statements in Theorem (1) may seem quite restrictive, but they are met or nearly
met in many modern asset pricing models. Both Campbell and Cochrane (1999) and Bansal
and Yaron (2004), for example, predict that nearly all of the time-variation in equity risk
premia is captured by a linear function of conditional return variance (see Appendix A
for details). The reason is that both assume equity markets provide a claim to dividends
whose growth has constant correlation with consumption growth. This means that both the
unpriced risk var;(€;+1), and the SDF beta (;, are nearly constant across different states of

the model. As a result, both models imply that a time invariant linear function conditional

10
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variance captures nearly all the variation in risk premia, meaning that conditional variance
should predict future market returns and that nothing else should have significant predictive
power incremental to conditional variance. A similar result applies in the models of variance
risk premia in Bollerslev, Tauchen, and Zhou (2009) and Drechsler and Yaron (2011); both
models predict a strong linear relation between conditional variance and future returns in
addition to the relation between variance risk premia and future returns.

Empirically, as detailed in Section 4, the relation between realized returns and conditional
variance is weak. Moreover, there appears to be several other other variables that capture
risk premia better than conditional variances, namely the variance risk premia, the price-
dividend ratio, and the variance term structure. These results suggest that the market’s
SDF beta and unpriced variance change over time. In the next subsection, I impose some
structure of the state variables that govern the variance-return relation, and show how the
variance term structure can be combined to provide an observable measure of ex-ante risk

premia when conditional variance alone is not enough.

3.1. A three-factor model of variance and risk premia

I present a dynamic, discrete time, discrete state model of the relation between risk
premia and the variance term structure. I focus here on the simplest possible framework
that conveys my results. A more realistic continuous time, continuous state, version of the
model in the Appendix C produces qualitatively identical conclusions.

In each period, the stochastic discount factor Mt_l’_l and the simple equity return Rt—H

each take one of two values:

N
N

W — & T oMt WD
t+1 =

R_f —OMe W.D.

- Mt +ORt W.D.
Rt+1 =

N
N

Ut —ORt W.D.

where R is the risk-free rate, constant over time to focus my results on the term structure
of variance and not interest rates, o), is the standard deviation of Mt—i—l» 1 is the expected

equity return, and op; is the standard deviation of returns. The SDF and return innovations

11
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have correlation p;, which implies that:
~ . ~ . 1
P(Rt+1 hlgh |Mt+1 hlgh) = 5(1 + pt>

There are three state variables in the model: SDF variance Jﬁu, SDF beta (;, and

unpriced risk ¢7,. The distributional parameters depend on the state variables as follows:

‘712%,15 = tQO-]Q\/[,t + U?,t (9)
o
pr = — B At (10)
ORt
p — Ry = =Cov(My1, Ry 1) Ry = Bioay Ry (11)

The first two equations (9) and (10) are definitions, while equation (11) is the basic pricing
result. These definitions ensure that the general intuition developed above applies here.

Equations (9) and (11) are exactly equations (5) and (6) above, while equation (10) assures

_ COVt(Rttl,MtJrl)

VAR As in the above, assets with negative

that (; is the regression coefficient
SDF correlation (p; < 0) have positive 3; and positive risk premia.

Each state variable has two possible values, o3,, € {03,031}, B € {BL,Bu}, and
02, € {02 ,,0% ;}. Each also has a transition probability matrix that specifies its distribution
over next-period states for each current-period state. These transition probability matrices
are determined entirely by the three persistence parameters p,,,, pg, and p, . In each case, the

persistence parameter is the period-to-period correlation in the state variable. For example,

the transition probability matrix for 5, can be summarized by:

P(Bir1 = Bi) = %(1 + pp)

P(Biy1 # Br) = %(1 —Pp)

The state transitions are uncorrelated with transitions in the other state variables, the asset’s

12
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return, and the SDF. Such correlations exist in the data, as evidenced by the fact that return
variance tends to go up when markets go down (the so-called “leverage effect”). A version
of this model with state innovations correlated with the SDF generates the leverage effect,
but adds complexity without changing the relation between variance term structure and risk

premia.

3.1.1 Observing risk premia in the model

While the marginal investor knows their preferences and the distribution of asset values,
and can therefore compute the three volatility states o3, ,, 8;, and ¢2,, I study the problem of
an outside observer hoping to infer the state using traded asset prices. For such an observer,
the equity price reveals nothing about the volatility state. Observing past returns could
reveal the past volatility of returns U%z,tq but neither the state variables that compose aé’tfl
nor the current volatility of returns o%,.

To assist the observer, I assume that variance swaps on the underlying asset are traded
for multiple horizons. As shown in Carr and Madan (1998), in the absence of jumps the

strike of a variance swap IV, r at time ¢ expiring at time ¢ + 71" is:

1 t+T
IVip = TE;@ / vEds | (continuous time)
t
=
Wip = 7 ; E;@(aétﬂ) (discrete time) (12)

The integrand v% is the quadratic variation of log(S;) evaluated at t = s, and the expectation
is under the risk-neutral measure Q. The second equation is the discrete analogue of the first,
and can be computed easily in the model using the state transition probabilities, together
with return variance in each state as specified by equation (9). Because the state innovations
are uncorrelated with the SDF, expected future variance is the same under the risk-neutral
measure QQ as it is under the statistical measure P. If the state innovation was correlated

with the SDF innovation, the expected future variance state could be computed using the

13
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state transition probabilities under Q.

As discussed in more detail in Section 4, without data on variance swap pricing an
observer can still compute IV, from the time ¢ price of call and put options expiring at
time t + T at enough different strike prices. The square of the CBOE’s VIX index is exactly
such a computation, as are the model-free implied variance estimates discussed in Britten-
Jones and Neuberger (2000), Jiang and Tian (2005), and elsewhere.

I show that the combined information in /'V; r at many different horizons 7" can completely
reveal the volatility state (o3, 8, 07,), and therefore reveal any time variation in the equity
risk premia. Intuitively, the reason is that when the different components of volatility have
different persistences, many different volatility states could produce the same IV, for a
single T', but each volatility state produces a unique shape of the IV, v term structure. This
intuition can be seen clearly in Figure 1, which shows the VIX term structure in each of
the eight different states of the world!, as well as the annualized equity premia. Due to
the array of possible SDF betas and unpriced risk, the equity risk premia is a non-linear,
non-monotonic, function of conditional variance for any single horizon. However, each state
of the world is easily identifiable from the shape of the term structure.

Theorem 2 shows more formally that risk premia are a linear function of the VIX term

structure in the model.

Theorem 2. If each state variable has a different persistence (ps,,, pg, and p,, are all dif-

ferent), the equity risk premium is an affine function of the implied variance term structure:

py — Ry = 515012\4,75Rf = Ao+ AV, g o1y 10y

where IV; (1, 1,151,y 15 @ 421 vector of implied variances at four different horizons {11, T>, T3, Ty}

on date t, Ay is a constant, and Ay is 1x4 vector of constants.

!Each of the three state variables can take one of two values, making a total of eight states for the model.

14
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Proof. Define state vector:

— | .2 2 2 02 2
~t e Ith UM,tﬁt Oct

Note that that both the equity risk premium p, — Ry and the implied variance IV, are

affine functions of this state vector:

Mt — Rf = bO + blzt
IVir = cor + cirz

= IV innmrmmy = Co+ Crz

The constants by and cq 7, as well as the 1x4 vectors of constants b; and ¢ 1, are functions
of model parameters but not the state variables, as detailed in Appendix B. The 4x1 vector
Co and the 4x4 matrix C; are the four different ¢y 7 and ¢; 1 stacked on top of eachother.

Assuming (] is invertible, we now have that:

Zt = C;I (I‘/t,{Tl,TQ,T3,T4} - CO)

=y — Ry = by + blcl_l (]vt,{ThTz,T&sz} - CO) (13)

Equation (13) is shows that the equity risk premia is an affine function of the implied
variance term structure whenever (' is invertible, which I show in Appendix B holds exactly

when the three persistences p,,,, pg, and p,, are all different from each other. O

Theorem 2 shows that an affine function of the VIX term structure reveals equity risk
premia because each different VIX horizon loads differently on the underlying state variables,
allowing the state variables to be inverted given enough different VIX horizons. The same
procedure would work for any set of four assets whose prices were each a different affine

function the state variables, allowing the matrix C to be inverted. Theorem 2 also predicts

15
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that all variation in expected returns are captured by an affine function of the VIX term
structure, meaning that the VIX term structure (and nothing else) should predict future

equity returns in a linear regression.

3.1.2 Calibrated Model

I present sample moments for a specific calibration of my model in order to illustrate
that the regression coefficients relating the VIX term structure to future index returns, as
described in Section 4, can arise in my relatively simple model. I calibrate the model to
data on the S&P 500 by matching the moments listed in Table 1. The unit of time is one
month, and I use the VIX term structure as described in Section 4 as a measure of the risk-
neutral expected return variation. I show that the calibrated model is capable of generating
weak return predictability for a single variance horizon and strong return predictability for
multiple variance horizons, with coefficients closely matching those in the data.

The first four moments in Table 1 are the unconditional mean of the one-month VIX and
the standard deviations of the VIX at three different horizons. I calculate the unconditional
mean VIX level under the statistical measure to match the data, but the model VIX itself is a
risk-neutral expectation of future diffusion, as described above. The longer-horizon VIX are
less volatile in both the model and the data because volatility mean reverts, meaning that the
short-horizon VIX is normally farther from the long-run mean than the long-horizon VIX.
The calibrated model matches these four moments fairly well, although the longer horizon
VIX are more volatile in the data than the model.

The next two moments are the mean and variance of monthly excess returns. In the
model, expected returns and statistical variance are given by equations (11) and (9), respec-
tively. The calibrated model matches the unconditional risk premium quite closely. However,
returns in the calibrated model are too volatile under the statistical measure. In the model,
there is no difference between statistical and risk-neutral volatility, and so it cannot repli-
cate the dramatic difference between average VIX? and realized return variance (variance

risk premia) observed in the data. If the model were extended to allow correlation between
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the SDF and innovations in the volatility states, there would be a positive variance risk
premia.

The next moment is the correlation between the one-month VIX and the one-month VIX
one month ago, which is is determined in the model by the combined persistence of the three
different volatility measures. The calibrated model produces a 0.758 correlation, while the
correlation in the data is 0.805.

Moments labelled (8)-(12) in Table 1 are regression coefficients from a single regression
of the simple excess return R, — ¢, on a constant and VIX, ;; and a multiple regression of
Ri41— Ry, on a constant, VIXF,, VIX3,, VIXZ ,, and VIX},,. The calibrated model matches
the weakly positive single regression slope coefficient, as well as the “lightning bolt” shape
of the multiple regression coefficients®. I match coefficients with only four of the six VIX
horizons because, as shown in Theorem 2, any four VIX horizons completely reveals the risk
premia in the model, meaning a regression with more than four horizons is not identified.

Table 1 also presents the model parameters used in calibration. In order to match the
remarkable volatility in the VIX index observed in my 1996-2010 sample, the spread between
high and low parameter values is quite large. For example, the SDF variance is 0.06 in its
high state and 0.01 in its low state. The persistence parameters are primarily responsible
for the regression coefficients in the multi-VIX regression. A calibration with persistences
0.95 for SDF beta, 0.85 for SDF variance, and 0.55 for unpriced risk produces approximately
the regression coefficients observed in the data. A different persistence combination would
produce different regression coefficients, but as long as the state variables each have different
persistences, the VIX term structure provides incremental return predictability beyond a

single VIX horizon.

2The coefficients used in this calibration do not exactly match those in Table 3 because they pertain to
regressions with simple returns, rather than log returns, on the left-hand side.
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4. Empirical Results

In order to study the relation between conditional variances and risk premia, I need an
empirical measure of conditional variance. I use an option-based measure, rather than a
forecast from a time-series volatility model, because options markets are able to incorporate
all public information about future variances. Time-series volatility models, on the other
hand, can only incorporate conditioning variables that are both observable and incorporated
into the model, making them inherently backward-looking. The drawback of the option-
implied variance measure is that it produces risk-neutral rather than statistical variances,
an issue I return to later.

I compute the VIX term structure by replicating the CBOE’s VIX calculation®, but with
longer horizons than 30 days. The VIX calculation is based on the model-free implied volatil-
ity measure originating from Breeden and Litzenberger (1978). Assuming the availability of

options at every strike price, the VIX is defined by:

, 2T | |
VIX® = T i ﬁputT(K)dK—i- ﬁcallT(K)dK (14)

Fi

where put,(K) and callp(K) are the prices at time 0 of puts and calls expiring at time T
with strike price K. As shown in Neuberger (1994) and Carr and Madan (1998), if the S&P
500 follows a diffusion process dS; = rS,dt + 0.5:dZ, under the risk-neutral measure, VIX?
equals the risk-neutral expectation of average future instantaneous variance E@ [ fOT afdt} :
An alternate option-implied variance measure is the SVIX from Martin (2011), which is

defined by:

,_ 2eT | T > ]
SVIX® = SoPutr(K)dK + | eally(K)dK (15)
0 0

Fy 0

Equation (15) uses the same notation at equation (14) with the addition of Sy, the price

3See www.cboe.com /micro/vix/vixwhite.pdf for more details.
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of the underlying at time 0. Martin (2011) shows that the SVIX measures the risk-neutral
variance of simple returns from time 0 to time T, and unlike the VIX its interpretation is
robust to the presence of jumps. The SVIX? and VIX? turn out to be very highly correlated
in the data, with the VIX? exceeding the SVIX? significantly only during periods of crisis like
the fall of 2008. My empirical results employ the widely-followed VIX but are qualitatively
identical when using SVIX.

The standard approach to estimating the VIX equation (14) empirically, used by the
CBOE to compute the VIX, discretizes the integral at the available strike prices and truncates
it at the smallest and largest available strike prices. Jiang and Tian (2005) discusses each as
a potential source for estimation error and, using simulated data, conclude that the number
of strikes available for S&P 500 index options is sufficient to compute the one-month VIX.
However, at longer horizons, options are less liquid and the range of plausible index values is
larger. For that reason, Figure 2 presents the numeric integrals used to compute the twelve-
month VIX on the first day of my sample, likely to be the worst day/horizon pair in my
analysis. The twelve-month VIX is the linear interpolation of the VIX estimates on the two
nearest expiration dates in the data, computed as the area under the two curves in Figure
2. While there is clearly some truncation error, especially for the range of strikes above

700, it looks to be only a small percentage of the total area under each curve. Critically,

1

since equation (14) relies heavily on out-of-the-money put options with low K and high 5,

liquidity in options markets tilts heavily towards exactly these options.

The results in Bollerslev, Tauchen, and Zhou (2009) and Drechsler and Yaron (2011)
indicate that past realized volatility, controlling for the forward-looking VIX, negatively
predicts future index returns. To examine the incremental predictive power of the VIX term
structure, I therefore need to control for realized volatility in my regressions. For a measure
of realized volatility, I follow Drechsler and Yaron (2011) and use intraday S&P 500 futures

data provided by tickdata.com. More specifically, I compute a time series of five-minute
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returns for S&P 500 futures and estimate the variation of log returns from ¢t — 1 to t using:

RV =3 [ios (A,,,.)]
j=1

Intraday data at five-minute intervals has the advantage of more accurately estimating return
variation than coarser daily data, but has the disadvantage that it requires accurate intraday
prices. As discussed in Drechsler and Yaron (2011), the S&P 500 index level can often have
stale prices in intraday data because it is the aggregation of 500 different prices, and not
traded directly. S&P 500 futures, by contrast, are a single actively-traded asset, making
stale prices much less likely.

Using closing option quotes for S&P 500 index options and risk-free rates available from
1996 through 2010 via OptionMetrics, I compute the VIX term structure and a rolling
estimate of past one-month return variation at the close of markets each day. Occasionally
in my sample period, there were option expiries on the last trading day of the quarter in
addition to the normal third Saturday of every month. I remove these observations because
they generally did not have nearly the volume or range of strike prices offered by the normal
expiration dates. I also remove a handful day/expiration date pairs which appear to have
missing data in OptionMetrics, as well as a few individual option prices that are clearly data
errors.

Table 2 presents some descriptive statistics for the VIX term structure, including VIXZ
forT =1,2,3,6,9, and 12 months. These horizons were chosen to represent the approximate
times-to-expiration available at any given time for index options. The first thing to note is
that, on the median day, the term structure is upwards sloping from 7" =1 to T = 6 and

then about flat out until 7' = 12. There is, however, some variability in the shape of the

VIXZ
VIX?

term structure, for example the interquartile range of is 0.95 to 1.31. Finally, the entire
VIX term structure tends to be much higher than past realized volatility, though in some

rare cases this relation can reverse.
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Figure 3 plots the evolution of the term structure over my 1996-2010 sample. The primary
thing to notice is that the term structure is downward sloping when VIX? is particularly high,
and upward sloping when VIX? is particularly low. This suggests that investors assume some
mean reversion in volatility will bring it “towards normal” over the next year. Another salient
feature of the VIX term structure visible in Figure 3 is that while the different VIX horizons
are strongly correlated with one another, there are changes in the exact shape of the term
structure beyond its level and slope.

Table 3 illustrates the predictive power of the VIX term structure for future returns.
The dependent variable is future S&P 500 index returns, inclusive of dividends, starting at
the close of markets one day after the observation of the VIX term structure. The one day
gap is important because options markets close 15 minutes later than equity markets. The
independent variables are the option-implied variances at different horizons, as measured by
VIX?2. These are scaled to be monthly variances in order to match the time period used for
the model in Section 3.

Panel A shows that, by itself, the one-month VIX has no predictive power for future one-
and three-month returns, statistically insignificant power for future six-month returns, and
some predictive power for one-year returns. Adding the full VIX term structure (VIX3 ...
VIX2,) dramatically increases the return predictability, adding 1.99%, 5.16%, 6.60%, and
3.73% in incremental R? for the one-, three-, six-, and twelve-month horizons, respectively.
I reject the null hypothesis that the five longer horizon VIX all have coefficients equal to
zero with p values 0.1%, 0.1%, and 0.4% for the three-, six-, and twelve-month horizons. I
cannot reject the null for next-month returns. The intermediate rows, which only include
VIXZ, VIXZ, and VIXZ,, demonstrate that the addition of two longer-horizon VIX provides
much, but not all, of the incremental predictive power gained by the VIX term structure.

Panel B repeats the analysis in Panel A but with past realized variance RV (defined
above) as an additional regressor. As demonstrated in Bollerslev, Tauchen, and Zhou (2009)

and Drechsler and Yaron (2011), the difference between VIX? and RV predicts future index
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returns quite well. However, at all horizons the predictive power of the VIX term structure
is incremental to the predictability afforded by VIX? and RV. I can reject the null hypothesis
that the coefficients on VIX3. are all zero for T' > 2 after controlling for VIX? and RV with
p-values of 0.3%, 0.1%, and 0.3% for the three-, six-, and twelve-month horizons. As in Panel
A, T cannot reject the null for one-month returns. At all horizons there is also a substantial
increase in R? upon the addition of the VIX term structure.

Finally, Panel C shows that the VIX term structure predicts returns incrementally to
three predictors established in prior research. The first is the dividend yield, measured as
the log of the prior year’s total market-wide dividends scaled by the current total market

capitalization, as in Cochrane (2008). The second is the net payout yield, which is log(0.1 +

dividends+net repurchases
market cap

), where net repurchases are the total value of share repurchases less
share issuances in the prior year, as in Boudoukh et al. (2007). The third and final is the
bond risk premia factor from Cochrane and Piazzesi (2005), which predicts equity market
returns as well as excess bond returns. The first two measures are available monthly on
Michael Roberts’ website, and the I generate the third from the code available on John
Cochrane’s website. The results in Panel C indicate that the VIX term structure predicts
returns incrementally to these three extant predictors, with p values of 0.1%, 0.0%, and 0.6%
for the three-, six-, and twelve-month horizons and a similar pattern of coefficients to Panel
B. Each of the R? are much higher in Panel C than Panels A and B, as expected given the
high R? associated with the net payout yield in Boudoukh et al. (2007).

A natural question is whether results in Table 3 are driven by the use of a risk-neutral,
rather than statistical, conditional variance measure. Section 3 argues that risk premia
can be inferred from the term structure of statistical (not risk-neutral) variance. The VIX
captures both the statistical variance, as desired in the model, and the variance risk premia.
[ cannot rule out the possibility that the term structure of the variance risk premia (and
not the statistical variance) is what predicts returns. However, the variance risk premia

models in Bollerslev, Tauchen, and Zhou (2009) and Drechsler and Yaron (2011) predict an

22



Travis L. Johnson Equity Risk Premia and the VIX Term Structure November 2011

incremental role for return predictability from a single horizon, not the full term structure,
of the variance risk premia.

The regressions in Table 3 indicate that something in the VIX term structure reflects time
variation in risk premia, however interpreting the regression coefficients is difficult because
of the colinearity of the right hand side variables. For this reason, I perform principal
components analysis and assess the role of each orthogonal factor in predicting future index
returns. Table 4 presents the results. As observed in bond markets, the first three principal
components have patterns that can be described as the level, slope, and curvature of the
term structure. Also similar to bond markets (see Cochrane and Piazzesi (2005)), I find that
a significant portion of return predictability comes from principal components other than
the level, slope, and curvature.

The fourth principal component (PC4) provides return predictability consistently across
return horizons from one month to twelve months. PC4 has a “lightning bolt” shape, sloping
from positive down to negative over the first three expirations, then back to positive at the
six-month expiration and sloping down again through the twelve-month expiration. Table
5 shows that the return predictability associated with PC4 is statistically significant even
if I remove the financial crisis of 2008-2009 from the sample*. Because the level factor was
extremely high in late 2008, the relation between the first principal component (“level”)
and future returns substantially changes with the removal of the financial crises. The level
factor predicts returns more strongly for shorter horizons but less strongly for longer horizons
without the financial crisis in the sample.

Figure 4 plots PC4 alongside the fitted next-quarter expected return from the regression
in Panel A of Table 3 that includes all six VIX horizons. Each plot is a rolling average
over the prior month to facilitate visual interpretation. The figure shows that PC4 is highly
correlated with the fitted expected return, indicating that most of the incremental predictive

for future returns demonstrated in Table 3 comes from PC4. Moreover, both fitted expected

4] remove days in my sample between October 1st, 2008 and July 1st, 2009, approximately the period in
which the one-month VIX was extraordinarily high.
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returns and the PC4 are quickly mean reverting®, suggesting that the VIX term structure
captures shorter-run risk premia, for example premia arising from liquidity risk or short-term
order imbalances.

Figure 4 also highlights the periods in my sample with abnormally high uncertainty, as
defined in Bloom (2009)%. Both PC4 and the fitted expected return spiked up at times in my
sample intuitively associated with financial market turmoil. For example, the Asian crisis
(November 1997), LTCM’s collapse (September-October 1998), and the later stages of the
recent financial crisis (October 2008-June 2009) were all accompanied by upward moves in
the PC4 and fitted expected returns. However, the uncertainty events not pertaining directly
to the health of financial markets, the 9/11 terrorist attacks and the defaults of Worldcom
and Enron, were not accompanied by spikes in PC4 of fitted expected returns.

Panel B of Tables 4 and 5 show the principal components analysis repeated with past
realized volatility as one of the time series. I find that RV fits right into the level factor,
loading positively along with all the VIXZ horizons in the first principal component. The
second PC reflects the difference between the VIX and RV, loading negatively on RV and
positively on the VIXZ for T > 2, with increasing weight on the longer horizons. This PC is
strongly correlated with VIX2-RV (correlation 76%, result untabulated), and improves upon
its return predictability. However, the old fourth principal component remains essentially
unchanged in the new fifth principal component, meaning it is orthogonal to the improved
VIX2-RV factor and predicts returns incrementally to it.

As discussed in the Section 3, the incremental predictive power of small differences in the
VIX term structure arises from the different factors that compose volatility having different
persistences. When the VIX is high it could be that the SDF is particularly volatile, the
index has an abnormally high SDF beta, unpriced risk is high, or some combination thereof.

By looking at the exact timing of the mean reversion implied by the VIX term structure, an

°P(C4 has a monthly AR(1) coefficient of 0.39.
ST include each period from the list in Bloom (2009) occurring in my sample with the exception of the
second Gulf War in 2003, which did not appear to have a big effect on index option markets.
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observer can distinguish among these possibilities, and therefore more accurately estimate

the equity risk premium.

5. Conclusion

The tradeoff between risk and return is a fundamental concept in finance. However,
quoting Bollerslev, Tauchen, and Zhou (2009): “a significant time-invariant expected return-
volatility tradeoff type relationship has largely proven elusive.” I argue that even for broad
market indices, the expected return-volatility tradeoff is complicated by time variation in
the relation between returns and the stochastic discount factor. I show under minimal
assumptions that assets with constant SDF beta and constant unpriced risk have a time-
invariant linear relation between variance and returns. In a reduced-form model with a
state-dependent variance-return relation, I show that the combined information in multiple
VIX horizons can distinguish between priced and unpriced risk and, therefore, provide much
better estimates of expected returns.

Empirically, I show that the VIX term structure dramatically improves the predictive
power of the VIX and the variance risk premium for future S&P 500 returns. Adding
the remainder of the VIX term structure to a regression of next-quarter S&P 500 returns
on VIX? and past realized variance increases the adjusted R? from 4.8% to 8.9%. In the
same regression, I reject the null hypothesis of zero coefficients on the entire VIX term
structure with p-value 0.3%. Most of the return predictability comes from the fourth principal
component of the term structure, which significantly predicts returns at horizons from one
month to one year throughout the 1996-2010 sample period. Collectively, the evidence in
this paper indicates that multiple factors, with different prices and persistences, combine
to form the volatility of equity returns, and that an observer can distinguish between these

factors using the VIX term structure.
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Appendix A: Conditional means and variances in prior models

In this appendix, I show that risk premia are an approximately linear function of condi-
tional variance in two popular asset pricing models, Bansal and Yaron (2004) and Campbell
and Cochrane (1999).

1.1. Bansal and Yaron (2004)
In the Appendix of Bansal and Yaron (2004), they provide the following expressions for

the conditional means and variance of future log returns in their model in (equations (A13)
and (A14) in Bansal and Yaron (2004)):

vary(rm,i1) = (B + ©2)07 + B0 (16)
Et<rm,t+1 - Tf,t) = (ﬁm,e/\m,e)o't2 + ﬁm,w/\m,wai - O~5vart(rm,t+1) (17>

Bansal and Yaron (2004) contains exact definitions and interpretation for each of these
parameters, but the important point here is that there is only one variable on the right-hand
sides that moves over time: the consumption growth volatility o,. Solving (16) for o; and
then substituting into (17) yields:

Ei(rmas1 — ree) = ao + arvary(ry, i11) (18)

m(i)\me m,w
ap = Bm,wai ()‘mw _ u)

Eme 763
Bm,e)\m,e 1
G=\52 .2 2 9

1.2. Campbell and Cochrane (1999)

The only state variable in Campbell and Cochrane (1999) is the surplus consumption ratio
(C' — X)/C. Figures 5 and 6 in Campbell and Cochrane (1999), reproduced in Appendix
Figure 1, show that the shape of the Sharpe Ratio as a function of surplus consumption is
nearly identical to the shape of the conditional standard deviation. Dividing the conditional
Sharpe Ratio by the conditional standard deviation yields the ratio of equity risk premia to
conditional variance, so the similarity of the plots in Figures 5 and 6 suggest that this ratio
is close to constant across states in the Campbell and Cochrane (1999) model.

Appendix Figure 1 shows the relation between conditional variance and risk premia in
Campbell and Cochrane (1999) for both the consumption claim and the dividend claim.
For both assets, the relation is nearly linear, indicating that equity risk premia are almost
perfectly correlated with conditional variance in the model. Note that the dividend claim
is to the right of the consumption claim in this plot because of the additional variance in
dividend growth that is independent of the SDF, and therefore has no bearing on expected
returns.
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Appendix Figure 1: Risk premia and variances in Campbell and Cochrane (1999).
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Appendix B: Details of Proofs

In this section, I provide a more detailed proof of the affine relation between the implied
variance term structure and equity risk premia in my model (Theorem 2 in Section 3).

Theorem 2. If each state variable has a different persistence (po,,, pg, and p,, are all dif-
ferent), the equity risk premium is an affine function of the implied variance term structure:

pe — Ry = 5#7]2\4,153}" =Ap+ Alj‘/;f,{Tl,T27T3,T4}

where IV, (1, 1,15, 1) 18 a 421 vector of implied variances at four different horizons {1, T, T5, T4}
on date t, Agy is a constant, and Ay is 1x4 vector of constants.

Proof. Define state vector:

_ [+2 2 2 2 21/
Zt—[UM,t Bi UM,tﬁt Ue,t]
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The equity risk premium p; — Ry is an affine function of the state vector z; since:

— Ry = Bio3 Ry

ﬂf,z + BH ﬁL) 2
=|————— | oy, R
( Bu + BL M
_ | RsBrBL Ry
o [BHJrﬁL 0 Br+BL 0} “t
by
The second line relies on the discreteness of f;, which implies that g, = % This

equation does not hold for continuous ;. However, Theorem 2 is not an artifact of the
discreteness. As discussed in Appendix C, the same result holds in the continuous case but
requires 6 horizons of the VIX term structure rather than 4.

The implied variance measure IV, r is also an affine function of the state vector z.
Starting from the definition in Equation (12):

=
IVir = T Z E;@(Ul%z,ws)
Since the variance states are independent of the SDF and eachother, we have that:

E;@(U?%,Hs) Et(ﬂtJrs)Et(UM t+5) + Ei(o, t+s)

Since each state variable is an AR(1), we have:

Et(ai/l,t—i-s) = %J + pi’]\{ (U%/[,t - 0-%4)
E\(BEy,) = B2+ p3(67 — B?)
Et( 6t+s): e2+100'6( et_O-Z)

where @, 52, and 0_52 are unconditional means. Putting these together yields:

E;@(O-é,t-i-s) = do(s) + di(s)z
( ) = (1= py)o3, (1= p5,,) +02(1—p2)

[ pUM (L =p5) onps(L=p5,) P03 pie]

= IV;?,T = ? ; do(S) + (% §d1<8)> 2y = Co(T) + Cl(T)Zt
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The implied variance term structure I'V; (7, 1, 1,7y i also an affine function of z;:

|
S

co(Th) c1(Th)

~|a(Tz) c1(T3)
IViirmmm) = co(T3) + c1(T3) “

Co(T4) CI(T4)

Co Cl

As long as the VIX term structure is composed of four different horizons, and the three
persistences p,,,, pg, and p,_ are all different, C is invertible since each column of C; changes
at a different rate with respect to T, the only thing changing across rows of ;. Therefore,
the risk premia can be computed from the implied variance term structure as follows:

Zt = Cfl (I‘/I;,{Tl,T27T37T4} - CO)
= — Ry = Oy (IVigr 11,y — Co) (19)

]

Appendix C: Continuous version of the model

This appendix contains a continuous-time, continuous-state, analogue to the model in
Section 3. The intuition and main results are identical, indicating that the stark discreteness
in the main model is not driving any of the results.

The following differential equation governs the stochastic discount factor (SDF) my:

d
TN — b+ \Jurd By (20)

my

where 7; is the risk-free rate process, which I fix at r to keep the focus away from the
term structure of interest rates, and /v]" is the SDF’s diffusion process, which follows the
square-root process used in Heston (1993) and Cox, Ingersoll, and Ross (1985):

dv® = Ky, (0,,, — v")dt + oy, \/vdB;™ (21)

The parameter x,,, represents the extent of mean reversion in v}, with higher values resulting
in more mean reversion and therefore less persistence. The parameters 0,,, and o, allow
the unconditional mean and variance of v;" to be any non-negative number. The Brownian
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motion B;™ has correlation p,,, ,, with the SDF.” In the data, we observe that innovations
in the VIX and the equity market have a strong negative correlation (the so-called leverage
effect), which suggests a positive correlation p,,, ,, > 0 between innovations in m and v,,.

There is also a traded asset with value .S;, which is also correlated with innovations in
my, as dictated by the process:

ds,
?tt = pedt + \/vF (pg}tdB;" +4/1— pgtdB]f) (22)

= juydt — Bi/V"dB" + \/vid BE (23)

Where v is the diffusion of log(S;), B = —pss \/%? and v = vt — 2™, 1 proceed with
(23) because it isolates the SDF diffusion /v}", which is already specified by Equation (21).
Since the returns of procyclical risky assets are negatively correlated with the SDF, p; is
negative for these assets and ; is positive.

Since m; is a stochastic discount factor, no arbitrage implies that:

pe =1+ By (24)

The three state variables have the following interpretations: v}" is the variance of the SDF,

B¢ is the SDF beta, and vy the variance of the part of returns orthogonal to the SDF, or

unpriced risk. These three quantities are discussed in more detail throughout the paper.
Both 3, and vf also follow square-root processes:

dB, = k(05 — By)dt + o5/ Bid B’ (25)
dv§ = Ky (0, — vf)dt + 0y \/Vid B (26)

These parallel vj" with the exception that they are uncorrelated with the SDF. In reality,
innovations in both the SDF beta and unpriced risk could be correlated with the SDF, but
by ignoring these correlations I can use the pairwise independence of (v}, B, v§) to compute
many cross-moments like E;(S%vr) that would otherwise be intractable. Additionally, while
the correlation between the SDF and volatility generates the leverage effect and volatility
risk premium in the model, it has little effect on the incremental value of the volatility term
structure in identifying risk premia.

Appendix Table 1 summarizes the ten exogenous parameters and five state variables of
the model. Two of the state variables, the SDF level m; and asset price level S;, have no
impact on the distribution of future log returns. The other three state variables are all
stationary and Markov, allowing the computation of both conditional and unconditional
moments.

3.1. Risk and Return in the Model

While the marginal investor knows their preferences and the distribution of asset values,
and can therefore compute the three volatility states v;", 5;, and v§, I study the problem of an
outsider observer that tries to infer the state using traded asset prices. For such an observer,

"Formally, dB;™ = py,, mdB{" + (/1 — p2. ,,dBf"" where B;""™ is an independent Brownian motion.
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Appendix Table 1: Summary of Model Notation

State variables Exogenous Parameters
my; Level of SDF 6,,, Mean of v,
S; Level of asset value 0 Mean of 3
vy Price of risk 0,. Mean of v,

B; Quantity of priced risk K., ~Mean reversion of vy,
v Quantity of unpriced risk| xg Mean reversion of /3
Mean reversion of v,
0y, Volatility of vy,
o Volatility of
oy, Volatility of v,
Pu,..m Correlation of v, and m

Koy

€

the current underlying price S; reveals nothing about the volatility state. Observing the
path of S; prior to t in enough detail could, hypothetically, reveal the total return diffusion
vl = B2u™ + vf but could not discriminate between priced and unpriced risks.

As in the text, I assist the observer by assuming there is a variance swap traded on the
underlying asset. As shown in Martin (2011) and the references therein, in the absence of
jumps the strike of a variance swap IV, 1 at time ¢ expiring at time ¢ + 7" is the risk-neutral

expected quadratic variation of log(Sr), or:

t+T
R
/ vy ds
t

I show that the combined information in /'V; r at many different horizons 7" can completely
reveal the volatility state (v}, B, vf), and therefore reveal any time variation in the equity
risk premia. Intuitively, the reason is that if the different components of volatility have
different persistences, many different volatility states could produce the same IV, for a
single T', but each volatility state produces a unique shape of the IV, term structure.
Mathematically, this arises because each IV, is an affine function of an augmented state
vector Z;, where Z; is:

t+T
Wig = BF — [ B+ vl
t

!/
Zy = [Uln B vy 5152 Byt Evlﬂ

The coefficients in the affine function mapping Z; to IV, r vary with 7', meaning that with
enough different T, {[ th} can be inverted to reveal Z,.

More specifically, given IV, at six different horizons, I can compute any other affine
function of B - Z, as follows. First, note that IV, = Ao(T) + A1(T) - Z, for functions
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Ap:R = R and A; : R — RS This implies:

Wy = Ao + Alzt
= 2t = Afl(wt — Ao)
= B- Zt = BAl_l(wt — AO)

where w, is a 6x1 column vector formed by stacking all six IV, 1, Ay is a 6x1 matrix of all
the Ag(T"), and A, is a 6x6 matrix of all the A;(T"). The conditional moments take the form
Cy + C1Z, for some constant Cy and vector of constants C';. The unconditional moments
take the form Cy + C1E(Z;), where E(Z;) is the unconditional expected state.

The instantaneous equity risk premium is the drift of the return process, namely r+ .0]".
Computing the expected simple return of the next 7" periods is tricky because the stochastic
differential equation governing S; has S; in both the drift and diffusion terms. However, a
simple application of [to’s lemma reveals that:

d(log(S,)) = (r + B} — v}) dt — By}"dB}" + vidB;

where v = B2 +vf is the total return diffusion. From this, I compute the expected excess
log return:

E, (log (S“T)) — 0T = B, (log (Sys1)) — log(Sy) — rT

Sy
t4+T
= / E, (ﬁsvg” — vf) ds
t

The log risk premium is the integral of expected future drifts Z,v™ — v® conditional upon

time ¢ information. Like the other moments, the closed form for the expected log return is
affine in Z;.

The critical assumption that makes it possible to compute these moments in closed form
is the independence of V; and ;. By computing the moments in closed form, as opposed to
simulating them, I am able to fit the model as described below.

3.2.  Matching Moments

I calibrate the model to data on the S&P 500 by matching the moments listed in Appendix
Table 2. The unit of time is one month, and use the VIX term structure as described in
Section 4 as a proxy for the risk-neutral expected quadratic variation. I show that the unre-
stricted model is capable of generating weak return predictability for a single variance horizon
and strong return predictability for multiple variance horizons with a single parametrization.
However, if one of the three volatility components is restricted to being constant, the incre-
mental predictive power of multiple variance horizons is dramatically reduced.

The first four moments are unconditional means and standard deviations of the VIX at
different horizons. These unconditional means are under the statistical measure, so they can
match the data, but the model VIX itself is a risk-neutral expectation of future diffusion.
The longer-horizon VIX are less volatile because volatility mean reverts, meaning that the
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Appendix Table 2: Data and Calibrated Model Moments

Moment Empirical | Calibrated Model
(1) Mean(VIX?) 4.72E-03 4.44E-03
(2) Std(VIX?) 4.69E-03 4.80E-03
(3) Std(VIX2) 3.32E-03 3.57E-03
(4) Std(VIXZ,) 2.87E-03 2.64E-03
(5) Mean(log(R; — Ry)) 4.67E-03 4.03E-03
(6) Var(log(R;, — Ry)) 3.66E-03 4.43E-03
(7) corr(VIX? ,\VIX] ) 0.783 0.866
(8) Single regression consant 0.005 0.001
(9)  Single regression VIX? coefficient 0.045 0.627
(10) Multiple regression constant -0.007 0.006
(11) Multiple regression VIX? coefficient | -11.80 -27.72
(12) Multiple regression VIXZ coefficient 36.31 39.77
(13) Multiple regression VIX%, coefficient| -22.13 -12.34

short horizon VIX is always farther from the long-run mean than the long horizon VIX. The
calibrated model matches these four moments very closely.

The next two moments are the mean and variation of monthly excess log returns. In the
model, the instantaneous drift is 50" but the average one-period return is more complicated
because of the mean reversion in both S and v™. As discussed above, for the S; process
described in Equation (20), the moments of log returns are substantially more tractable
than the moments of simple returns. The variation of monthly excess log returns is defined
as the statistical-measure analogue of the one period VIX:

Var(R,) = FE </1 BEu + vfdt) (27)
0

which can be computed identically to IV, but without the adjustment to the drift of v}"
necessary under the risk-neutral measure.

Log returns in the calibrated model are too volatile under the statistical measure. The
model cannot replicate the dramatic difference between average VIX? and realized return
variance observed in the data, and so it winds up with VIX? slightly too small on average
and Var(log(R — Ry)) much too high. The meager variance risk premia there is in the model
comes from the correlation between m, and v!,. The Bollerslev, Tauchen, and Zhou (2009)
and Drechsler and Yaron (2011) models that directly address the variance risk premium use
a volatility of volatility process or asset price jumps to create a larger variance risk premium.

The seventh moment is the correlation between the 1 month VIX and the 1 month VIX
1 month ago. This moment is determined in the model by the combined persistence of the
three different volatility measures. The calibrated model that fits the other moments has
slightly too much persistence (or, equivalently, not enough mean version).

Moments (8)-(13) are regression coefficients from a single regression of log( Ry41)-logRy++1)
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on a constant and VIX;;; and a multiple regression of log(R;+1)-log(Rs:11) on a constant,
VIX, 4, VIXg,, and VIX;2,;. The calibrated model matches the nearly 0 intercepts, weakly
positive single regression slope coefficient, as well as the tent shape of the multiple regression
coefficients. However, the single regression slope coefficient is considerably higher in the
calibrated model than the data.
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Figure 1: Model Equity Risk Premia and the VIX Term Structure

Figure 1 shows the VIX term structure, and corresponding equity risk premia, in each possible
state of the world in my calibrated model. The VIX term structure is presented as an annualized
standard deviation. The equity risk premia, presented to the left of each curve, are also annualized.
The model and its calibration are described in Section 4 and Table 1.
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Figure 2: Functions integrated to compute VIX%, on January 2nd, 1996.

Figure 2 presents the functions integrated when computing the twelve-month VIX? on the first day
in my sample, January 2nd, 1996. Each function is the integrand of equation (14) in Section 4 of
the paper. As described in the text, these functions are numerically integrated across the range of
available strike prices, and interpolated to estimate the twelve-month VIX2.
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Figure 3: Time Series of the Term Structure

I compute the VIX term structure using the same procedure as the publicized VIX but with longer
times-to-expiration than one month. The term structure includes VIX at one-, two-, three-, six-,
nine-, and twelve-month horizons, and is computed daily throughout my 1996-2010 sample. This
figure presents the rolling average over the prior month to ease visual interpretation.

Yoy, P21 19961998 200

0 2002 2004 2006 2008 2010
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Table 1: Data and Calibrated Model Moments

This table presents model-calibrated and data estimated moments pertaining to the VIX term struc-
ture and its relation to the equity risk premia, as well as the model parameters used in calibration.
All moments are annualized. The VIX moments are computed in my 1996-2010 sample, while the
mean and standard deviation of excess market returns are from a longer 1926-2010 sample. The
regression coefficient moments come from two different regressions. The “VIX? alone” coefficient
comes from a regression of future excess equity returns on the 1l-month VIX%, while the other
four coefficients come from a regression of future excess equity returns on one-, three-, six-, and
twelve-month VIX2. The model parameters, given on the right hand side, are defined in the text.

Moment Empirical Model
(1) Mean(VIX;) 22.12%  23.12%
(2) Std(VIX;) 8.76%  9.15% Parameter Value
(3) Std(VIXg) 7.07%  5.75% sl -0.35
(4) Std(VIX12) 6.45%  4.53% g -0.02
(5)  Mean(R — Ry) 756%  T.77% Syn 006
(6) Std(R — Ry) 18.60%  23.12% oML 0.01
(7) corr(VIXy, VIXy441) 0805  0.758 U%H 0.005
(8) VIX? alone coefficient  0.540 1.942 TeL 0609051
(9)  VIX? coefficient 210 -3.69 ppvﬁ 0.85
(10)  VIXZ coefficient -7.02 -5.75 v 055
(11)  VIX2 coefficient 21.26 29.79 -
(12)  VIX3, coefficient -11.45  -18.86
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Table 2: Descriptive Statistics of Term Structure

I compute the VIX term structure using the same procedure as the publicized VIX but with longer
times-to-expiration than one month. For example, VIXj is the interpolated two-month model-free
implied volatility. RV is a rolling measure of past realized return variance, estimated using intraday
S&P 500 futures returns at 5-minute intervals over the prior month. The sample is daily from 1996
through 2010. I each VIX7 to get variances. Below are the time-series percentiles of the VIX term
structure, scaled by VIX2.

RV VIXZ VIXZ VIXZ VIXZ VIXZ,

VIX? VIX? VIX? VIX? VIX? VIX?

Minimum 0.17 0.66 0.36 0.39 0.30 0.23

5th percentile 0.38 0.87 0.79 0.72 0.64 0.60
25th percentile 0.52 0.98 0.96 0.95 0.91 0.88
Median 0.65 1.04 1.07 1.12 1.10 1.11

75th percentile 0.81 1.10 1.18 1.31 1.35 1.41
95th percentile 1.24 1.20 1.34 1.58 1.70 1.80
Maximum 2.96 1.54 1.73 2.10 2.31 2.69
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Table 3: Return Prediction Regressions

The dependent variable in each of these regressions is future S&P 500 index returns for one of four
different horizons. Each return period begins 2 days after the regressors are observed to account for
the non-synchronous market closing times for options and stocks. The regressors are the variance
term structure VIX? ... VIXZ, as defined in Table 1, and a constant (not reported). Panel B also
includes RV, past realized variance computed using log S&P 500 futures returns at 5-minute intervals
over the prior month. Panel C also controls for three other return predictors from the literature:
dividend yield, net payout yield, and the Cochrane Piazzesi factor (coefficients not reported). The
last two columns show the adjusted R? and a x? statistic for the joint significance of the variance
term structure. Below the coefficients and y? statistics are p-values. Significance at the 10%, 5%,
and 1% levels are denoted by *, ** and ***. The sample is daily from 1996-2010. Standard errors
are adjusted using Newey-West with lags equal to one-and-a-half times the return horizon.

Panel A: Without Past Realized Variance

Return
Horizon VIX% VIX% VIX% VIX% VIX% VIX%2 Adj. R? X2
0.17 - - - - - 0.00% -
(86.2%) - i i i i - i
1 mo -4.42 - - 15.41* - -10.68*  1.50% 3.19
o (12.3%) - - (7.8%) - (9.8%) - (36.3%)
1.65 -9.64 -2.21  22.57% 1.28  -13.01**  1.99% 7.63
(79.7%)  (28.0%) (72.5%) (5.7%) (89.3%) (3.7%) - (26.6%)
0.55 - - - - - 0.06% -
(83.2%) - - - - - - -
3 mo -11.83%** - - 36.54** - -22.32 4.01% 11.60***
’ (0.1%) - - (2.9%) - (13.1%) - (0.9%)
3.68 -25.79%**  _0.61 38.90* 24.05 -36.69*** 5.22% 21.85***
(57.5%) (0.5%) (94.5%) (8.4%) (13.0%) (0.1%) - (0.1%)
4.04 - - - - - 1.94% -
(10.1%) - - - - - _ -
6 mo -17.59%** - - 57.22%* - -30.56 7.69% 21.59%**
’ (0.0%) - - (1.3%) - (20.1%) - (0.0%)
2.93 -34.30%*  -1.01 63.03** 27.72  -47.83*  8.54% 23.21***
(76.6%) (3.5%) (93.2%) (4.8%) (22.9%) (6.3%) - (0.1%)
8.22%* - - - - - 3.68% -
(1.2%) - - - - - - -
12 mo -13.85%* - - 67.78%* - -43.19 6.08% 13.64%**
T (1.4%) - - (1.0%) - (16.1%) - (0.3%)
-0.57 -21.11 7.93 18.66 94.45** _86.38%*  7.41% 19.17F**
(97.3%) (49.0%) (65.2%) (60.3%) (1.5%) (3.7%) - (0.4%)
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Table 3: Return Prediction Regressions, continued.

Panel B: With Past Realized Variance

Return

Horizon RV VIX? VIXZ VIX2 VIXZ VIX3 VIX?, Adj. R? x>
-2.88%*F  3.09%* - - - - - 1.62% -
(1.3%)  (4.2%) - - - - - - -

1 1o, -2.81%F*F%  _1.21 - - 15.57* - -11.58*%  2.99% 3.27
(0.5%)  (62.1%) - - (7.4%) - (7.4%) - (19.5%)
-2. 83k 4.14 -8.05 -3.23  24.62*%F  -2.08 -12.38%*  3.46% 6.65
(0.5%) (51.7%) (41.4%) (60.8%) (4.0%) (82.5%) (4.3%) - (24.8%)
S8.41F*K 9 Q7K - - - - - 4.84% -
(0.0%)  (0.6%) - - - - - - -

3 mo. ST.87F*K 1285 - - 36.97** - -24.84%  8.04%  T7.24**
(0.0%)  (45.8%) - - (2.4%) - (8.4%) - (2.7%)
S7.60%**F 0 10.40  -21.50%F  -3.35  44.43** 15.00 -35.01F** 890% 17.65%**
(0.0%) (15.4%) (2.5%) (69.2%) (4.6%) (37.8%) (0.2%) - (0.3%)
-9.5THF* 13, 74%F* - - - - - 4.60% -
(0.0%)  (0.0%) - - - - - - -

6 mo. S7.98%F*  _8.49* - - 57.66%* - -33.11 9.46% 19.60%**
(0.0%)  (6.1%) - - (1.2%) - (16.3%) - (0.0%)
-7.63%F* 9.67  -30.00* -3.76 68.58*F 18.64 -46.14* 10.12% 20.96***
(0.0%) (30.8%) (7.3%) (75.9%) (3.5%) (39.3%) (5.9%) - (0.1%)
-10.70%*%* 19.06*** - - - - - 5.20% -
(0.5%)  (0.1%) - - - - - - -

19 mo. S9.77F* -2.71 - - 68.32%** - -46.32 7.28% 10.22%**
(1.2%)  (73.5%) - - (1.0%) - (12.8%) - (0.6%)
-8.50%* 6.94 -16.32 4.86 24.84  84.34*%*% -84.50** 830% 18.16%***
(2.2%) (64.5%) (60.4%) (76.8%) (47.6%) (2.1%) (3.7%) - (0.3%)
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Table 3: Return Prediction Regressions, continued.

Panel C: With Past Realized Variance, Dividend Yield, Net Payout Yield, and CP Factor

Return

Horizon RV VIX? VIXZ VIX2 VIX2 VIXZ VIX3, Adj. R? X2
-2.95%*  2.65* - - - - - 3.33% -
(1.9%) (84%) - i i i i : i

1 mo. -3.04%*F%  _1.10 - - 15.52%* - -13.64*%*  4.84%  4.80*
(0.5%) (66.3%) - - (6.5%) - (3.5%) - (9.1%)
-3.19%F% 417 -7.83 -3.86  31.47F*  -11.12 -10.90 5.70% 8.19
(0.4%) (54.9%) (45.8%) (53.9%) (0.8%) (27.0%) (10.9%) - (14.6%)
-8.63%*F T 87H* - - - - 10.08% -
(0.0%) (1.6%) - - - - - - -

3 mo. -8.56**FF  _2.34 - - 39.34** -30.43*F 13.04%  5.36*
(0.0%) (56.4%) - - (2.3%) - (3.6%) - (6.8%)
-8.59%**  10.88 -21.88** -4.46 61.15%** _7.20 -31.49%*F 14.02% 21.42%**
(0.0%) (17.4%) (2.7%) (63.3%) (0.3%) (69.6%) (1.2%) - (0.1%)
S0.87HKk* 11.18%** - - - - 13.73% -
(0.0%)  (0.2%) - - - - - - -

6 mo. S0 11%*F* 7. 82% - - 62.61** - -43.98%  17.35% 17.62%**
(0.0%)  (9.4%) - - (1.3%) - (8.2%) - (0.0%)
-9.38%**  10.25 -30.65** -6.15 102.26%** -25.56 -39.05 18.40% 36.49***
(0.0%) (29.5%) (2.2%) (53.5%) (0.2%) (31.1%) (11.3%) - (0.0%)
-8.53%*F  12.47** - - - - - 21.90% -
(23%)  (4.6%) - i i i i i i

19 mo. -9.10*%**  -6.00 - - 83.36*** -69.55%*% 24.54% 10.08***
(0.6%) (27.3%) - - (0.8%) - (3.9%) - (0.7%)
-9.15%* 6.05 -22.14  -0.23  102.84**F  _950 -68.93* 24.65% 16.50%**
(0.6%) (66.6%) (39.6%) (98.7%) (0.8%) (73.8%) (6.3%) - (0.6%)
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Table 4: Principal Components (Full Sample)

Panel A presents principal components analysis for the VIX term structure without past realized
variance, Panel B with past realized variance RV. The first block of both panels shows the coefficients
defining each principal component. The second block gives the fraction of term structure variance
explained by each principal component. The remaining blocks shows the coefficients, p-values, and
incremental R? from standardized regressions of future index returns on the principal components
at different horizons. The sample is daily from 1996 through 2010. Standard errors are adjusted
using Newey-West with lags equal to one-and-a-half times the return horizon.

Panel A: Without past realized volatility

“Level” “Slope” “Curve”

PC1 PC2 PC3 PC4 PC5 PC6

VIX? 051 060 -053  0.07 -027 -0.15
VIX2 047 024 025 -011 075  0.30
VIX3 043  0.00 067 -0.34 -043  -0.26
VIXZ 037 -030 0.09 061 -030 0.55
VIX3 033 044 -0.10 037 030  -0.68
VIX?, 030 -054 -044 -060 -0.05  0.22

% of var: 95.47% 4.09% 0.25% 0.08% 0.06% 0.05%

Next Month’s Return Regressions:
Coeff  0.03 -0.05 0.03 0.12**  -0.05 0.02
p-value (70.3%) (45.1%) (68.1%) (1.3%) (20.9%) (64.4%)
Adj. R? 01% 03% 01% 14% 03%  0.1%

Next Quarter’s Return Regressions:
Coeff 0.06 -0.13** 0.05 0.17%% -0.06* -0.03
p-value (55.4%) (4.7%) (47.9%) (0.1%) (8.3%) (60.5%)
Adj. R? 04% 1.7% 02% 27%  03%  0.1%

Next Six Month’s Return Regressions:
Coeff 0.18%** _0.16* 0.05 0.15** -0.06* -0.01
pvalue (0.9%) (5.2%) (40.3%) (2.4%) (5.5%) (85.5%)
Adj. R> 34% 25% 02% 23% 03%  0.0%

Next Year’s Return Regressions:
Coeff 0.21**  -0.05 0.07 0.12%* 0.01  -0.08**
p-value (2.5%) (57.9%) (16.4%) (7.3%) (81.1%) (3.3%)
Adj. R? 46% 03% 05% 15% 0.0%  0.6%
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Table 4: Principal Components, continued.

Panel B: With past realized volatility

“Level” “BTZ” “Slope B” “Curve”
PC1 PC2 PC3 PC4 PC5 PC6 PC7
RV  0.48 -0.74 -0.46 -0.02 0.00 0.00 0.01
VIX?  0.46 -0.10 0.62 0.55 0.07 0.27 0.13
VIXZ  0.41 0.07 0.32 -0.24 -0.11  -0.75  -0.30
VIXZ 0.38 0.19 0.13 -0.66  -0.34 0.43 0.26
VIXZ  0.32 0.31 -0.17 -0.10 0.61 0.30 -0.56
VIXZ 0.28 0.37 -0.29 0.10 0.37 -0.29 0.69
VIX%2 0.26 0.40 -0.41 0.43 -0.60 0.04 -0.22

% of var: 91.23% 6.80%  1.65%  0.19% 0.06% 0.04% 0.03%

Next Month’s Return Regressions:
Coeft 0.01 0.12 0.06 -0.01  0.12*  0.05 -0.04
p-value (87.6%) (11.9%) (12.8%) (81.7%) (1.5%) (22.0%) (44.1%)
Adj. R? 0.0% 1.4% 0.4% 0.0% 14% 03%  0.2%

Next Quarter’s Return Regressions:
Coeff 0.03 0.23%%  0.07 -0.03  0.16*** 0.06* 0.00
p-value (70.2%) (0.0%) (14.1%) (69.1%) (0.0%) (5.3%) (99.7%)
Adj. R? 0.1%  5.3% 0.6% 01% 2.7%  04%  0.0%

Next Six Month’s Return Regressions:
Coeff 0.16** 0.22%%  0.01 -0.03  0.15** 0.06** -0.01
p-value (1.3%) (0.1%) (86.6%) (54.0%) (2.1%) (3.9%) (82.8%)
Adj. R? 24%  5.1% 0.0% 0.1% 23% 03%  0.0%

Next Year’s Return Regressions:
Coeff 0.20**  0.14* 0.06 -0.06  0.12* 0.00 0.07*
p-value (3.9%) (9.1%) (41.6%) (21.4%) (7.0%) (88.2%) (5.0%)
Adj. R? 3.8% 2.0% 0.4% 0.3% 1.6%  0.0% 0.4%
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Table 5: Principal Components (No 2008-2009 Financial Crisis)

Panel A presents principal components analysis for the VIX term structure without past realized
variance, Panel B with past realized variance RV. The first block of both panels shows the coefficients
defining each principal component. The second block gives the fraction of term structure variance
explained by each principal component. The remaining blocks shows the coefficients, p-values, and
incremental R? from standardized regressions of future index returns on the principal components
at different horizons. The sample is daily from 1996 through 2010, excluding the October 2008-June
2009 period of market turmoil. Standard errors are adjusted using Newey-West with lags equal to
one-and-a-half times the return horizon.

Panel A: Without past realized volatility

“Level” “Slope” “Curve”

PC1 PC2 PC3 PC4 PC5 PC6

VIX?  0.51 0.60 -0.53 0.07 -0.27  -0.15
VIX3 047 0.24 0.25 -0.11 0.75 0.30
VIX3 0.43 0.00 0.67 -0.34  -043  -0.26
VIXZ 0.37 -0.30 0.09 0.61 -0.30 0.55
VIX3 0.33 -0.44  -0.10 0.37 0.30 -0.68
VIX2, 0.30 -0.54 -044  -0.60 -0.05 0.22

% of var: 95.47% 4.09% 0.25% 0.08% 0.06% 0.05%

Next Month’s Return Regressions:
Coeff 0.09 -0.01 0.04 0.11*% -0.01 0.04
p-value (22.5%) (87.2%) (64.4%) (3.8%) (73.8%) (52.7%)
Adj. R> 09% 0.0% 01% 14% 01% 0.1%

Next Quarter’s Return Regressions:
Coeff 0.13*  -0.05 0.10  0.15*** -0.02  -0.01
p-value (9.2%) (58.9%) (12.5%) (0.5%) (49.9%) (79.0%)
Adj. R? 23% 01% 0.7% 23% 02%  0.0%

Next Six Month’s Return Regressions:
Coeff  0.07 -0.09 0.05 0.15*  -0.06 0.00
p-value (42.6%) (35.0%) (39.3%) (5.9%) (11.1%) (95.1%)
Adj. R? 12% 0.6% 01% 21% 04%  0.0%

Next Year’s Return Regressions:
Coeff  0.01 -0.04 0.08 0.12 -0.01  -0.07
p-value (95.7%) (71.5%) (13.3%) (11.2%) (80.0%) (14.4%)
Adj. B2 0.0%  0.0%  0.5% 1.4%  0.0%  0.5%
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Table 5: Principal Components (no 2008), continued.

Panel B: With past realized volatility

“Level” “BTZ” “Slope B” “Curve”

PC1 PC2 PC3 PC4 PC5 PC6 PC7

VOL? 0.48 -0.74 -0.46 -0.02 0.00 0.00 0.01
VIX?  0.46 -0.10 0.62 0.55 0.07 0.27 0.13

VIXZ  0.41 0.07 0.32 -0.24  -0.11  -0.75  -0.30

VIXZ 0.38 0.19 0.13 -0.66  -0.34 0.43 0.26

VIXZ 0.32 0.31 -0.17 -0.10 0.61 0.30 -0.56

VIXZ 0.28 0.37 -0.29 0.10 0.37 -0.29 0.69

VIXZ, 0.26 0.40 -0.41 0.43 -0.60 0.04 -0.22

% of var: 91.23% 6.80%  1.65%  0.19% 0.06% 0.04% 0.03%

Next Month’s Return Regressions:
Coeft  0.05 -0.08 0.05 -0.03  0.11%*  0.02 -0.05
p-value (57.4%) (40.8%) (25.0%) (68.7%) (3.8%) (70.5%) (44.2%)
Adj. R 0.8%  0.5% 0.3% 01% 14%  0.1% 0.02%

Next Quarter’s Return Regressions:
Coeff  0.06  0.17** 0.10 -0.08  0.15***  0.03 -0.01
p-value (50.4%) (4.8%) (11.6%) (16.0%) (0.0%) (40.2%) (88.3%)
Adj. R 1.7%  2.2% 1.0% 0.5% 23% 02%  0.0%

Next Six Month’s Return Regressions:
Coeff 0.01  0.18** 0.05 -0.04  0.15%%  0.06*  -0.02
p-value (93.3%) (3.0%) (49.0%) (46.0%) (4.7%) (5.8%) (62.7%)
Adj. RZ 0.8%  2.3% 0.2% 0.0% 21% 05%  0.0%

Next Year’s Return Regressions:
Coeff -0.07  0.16* 0.11 -0.06  0.12* 0.02 0.04
p-value (63.1%) (6.9%) (22.7%) (22.1%) (9.0%) (65.8%) (32.0%)
Adj. R? 0.0% 1.1% 1.2% 04% 14%  0.0%  0.3%

49



