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Variance Risk Premia

ABSTRACT

We propose a direct and robust method for quantifying thexmae risk premium on financial assets.
We theoretically and numerically show that the risk-ndugsgected value of the return variance, also
known as the variance swap rate, is well approximated by dhes\of a particular portfolio of options.
Ignoring the small approximation error, the differencenssn the realized variance and this synthetic
variance swap rate quantifies the variance risk premiumndJailarge options data set, we synthesize
variance swap rates and investigate the historical behafiiariance risk premia on five stock indexes

and 35 individual stocks.

JEL CLASSIFICATION CODES. G10, G12, G13.

Key WORDS. Stochastic volatility; variance risk premia; variance swap; volatility swagipoppricing;

expectation hypothesis; leverage effect.



Variance Risk Premia

The grant of the 2003 Nobel prize in economics has made available to taegpublic the well-documented
observation that return variances are random over time. Therefbe) imvesting in a security such as a
stock or a stock portfolio, an investor faces at least two sources eftamaty, namely the uncertainty about

the return as captured by the return variance, and the uncertaintytabaoeturn variance itself.

It is important to know how investors deal with the uncertainty in return vagda effectively manage
risk and allocate assets, to accurately price and hedge derivativitiescand to understand the behavior of
financial asset prices in general. We develop a direct and robust dakthguantifying the return variance
risk premium on an asset using the market prices of options written on this a8sr method uses the
notion of a variance swap, which is an over-the-counter contract #tyatthe difference between a standard
estimate of the realized variance and the fixed swap rate. Since variaaps s@st zero to enter, the vari-
ance swap rate represents the risk-neutral expected value of thedeaiarn variance. We theoretically
and numerically show that the variance swap rate can be synthesizedtatychy a particular linear combi-
nation of option prices. Ignoring the small approximation error, the diffegdbetween the ex-post realized
variance and this synthetic variance swap rate quantifies the variangeeiskum. Using a large options
data set, we synthesize variance swap rates and analyze the histoniaabb@f variance risk premia on

five stock indexes and 35 individual stocks.

If variance risk is not priced, the time series average of the realizechretuiance should equal the
variance swap rate. Otherwise, the difference between the expedtexofathe return variance under
the statistical probability measure and the variance swap rate reflects thgudagsf the variance risk
premium. Therefore, by comparing the variance swap rate to the exqaigted return variance, we can

empirically investigate the behavior of the variance risk premium.

Widespread appreciation of the significance of variance risk by théijiwaer community has recently
engendered the introduction of a slew of financial products with pagtudtsare directly tied to estimates of
realized variance or volatility. Nowadays, variance and volatility swap® teatively over the counter on
major stocks, stock indexes, and currencies. On September 22, 28@hittago Board Options Exchange
(CBOE) redefined its well-known volatility index (VIX) in such a way that itpapximates the 30-day
variance swap rate of the S&P 500 index return. On March 26, 2004,Bi@ECaunched a new exchange,

the CBOE Futures Exchange (CFE) to start trading futures on VIX. & figtsires contracts represent a



simple way to trade variance realized over a future time period. At the time of titiagy options on the

VIX are also planned.

Despite the recent surge in the liquidity of volatility contracts, high-quality hisbtime-series data
on variance swap rates are not yet available. In this paper, we circtiitiig issue by synthesizing return
variance swap rates. Working in complete generality, we show how thefpsya return variance swap
can be accurately approximated theoretically by combining the payoff fretatia position in a continuum
of European options with a dynamic trading strategy in the underlying futiéesshow that a sufficient
condition for our replication strategy to be exact is that the underlying’'sissturn dynamics are contin-
uous over time. It is important to appreciate that no restrictive assumptiemeaessary on the dynamics
followed by the return variance. In particular, the instantaneous variate can jump and it need not even

be observable. In this sense, the replicating strategy is robust.

When the underlying asset price can jump, the strategy fails to replicatecpgrfWe show that the
instantaneous approximation error is third order in the size of the jump. Welgirg the theoretical
relation in practice, we also introduce an approximation error due to the atdtign and extrapolation
needed to generate the required continuum of option prices from the fimtbar of available option quotes.
We numerically show that both sources of approximation errors are snukdt vealistic price processes and

market settings.

Variance swaps are not the only volatility derivatives that can be robuspljcated. Carr and Lee
(2003a) develop robust replicating strategies for any contracts with takhip@yoffs that are functions of
the realized variance and final price. In particular, they develop tHeatipg strategy for a volatility swap,
the payoff of which is linear in the square root of the realized variandeey Targue that the Black and
Scholes (1973) at-the-money implied volatility is an accurate approximation ebth#lity swap rate. We
numerically confirm the accuracy of their theoretical arguments. We coachat variance swap rates and
volatility swap rates can both be accurately approximated using market pficpsons and their underlying

assets.

Given these conclusions, we synthesize variance and volatility swapusitesoptions data on five of
the most actively traded stock indexes and 35 of the most actively tradisdtirl stocks during the past
seven years. We compare the synthetic variance swap rates to thgpoodieg realized return variance and

investigate the historical behavior of the variance risk premia for diffeasgets. We find that the average



risk premia on return variances are strongly negative for the S&P 500G@hihdexes and for the Dow Jones
Industrial Average. The variance risk premia for the Nasdaq 100 iaddXor most individual stocks are
also negative, but with smaller absolute magnitudes. The negative sign waridguece risk premia indicates
that variance buyers are willing to suffer a negative average exegss to hedge away upward movements

in the index return variance.

We investigate whether the classical Capital Asset Pricing Model (CARM)eaxplain the negative
variance risk premia. We find that the well-documented negative correlattween index returns and
volatility generates a strongly negative beta, but this negative beta camxiBin a small portion of the
negative variance risk premia. The common risk factors identified by Fahd@ench (1993) cannot
explain the strongly negative variance risk premia, either. Therefaeonclude that either the market for
variance risk is highly inefficient or else the majority of the variance risk ieeggted by an independent risk

factor, which the market prices heavily.

We further analyze the dynamics of the variance risk premia by formulatijrgssions based on various
forms of the expectation hypothesis that assume constant or indepeadeantce risk premia. Under the
null hypothesis of constant variance risk premia, a regression of #tieed variance on the variance swap
rate will result in a slope estimate of one. We find that the sample estimates ofgtiesgien slope are
positive for all stocks and stock indexes, but are significantly lower theamull value of one for over half

of the stocks and stock indexes.

The distributions of the return variance and variance risk premia are highiyhormal. The distribution
becomes much closer to normal when we represent the variance in log tedrtieeavariance risk premia in
log differences. Under the null hypothesis of constant or indepéograriance risk premia, a regression
of the log realized variance on the log variance swap rate should resullopa of one. We find that
this hypothesis is supported by the data. At the 95 percent confideraetiey null hypothesis cannot be

rejected for any of the five stock indexes and for 24 of the 35 individtealks.

Since the floating part of the variance swap payoff is just the square diioidting part of the volatility
swap payoff, Jensen’s inequality dictates that the variance swap ragatsigthan the square of the volatility
swap rate. The difference between the variance swap rate and the voatipyrate squared measures the
risk-neutral variance of the return volatility. Using the synthesized vegiawap rate and the at-the-money

implied volatility, we obtain a time series of the risk-neutral variance of the refolatility for each of the



five stock indexes and the 35 stocks. Since variance or volatility risk presmigensate for uncertainty in
return volatility, we hypothesize that the variance risk premia become mosegiveegvhen the variance of
the return volatility is high. Regressing the negative of the variance riskipren the variance of volatility,

we obtain positive slope estimates for most of the stock indexes and indigithedis, with more than half

of them statistically significant.

Finally, we run an expectation hypothesis regression that uses the liagegand controls for the
variation in the variance of volatility. The regression slope estimate on the lignea swap rate is no

longer significantly different from its null value of one for all but fivetbe individual stocks.

In the vast literature on stock market volatility, the papers most germane tstudy are the recent
works by Bakshi and Kapadia (2003a,b). These papers considg@rafieand loss (P&L) arising from
delta-hedging a long position in a call option. They persuasively arguahtsaP&L is approximately
neutral to the directional movement of the underlying asset return, bahstse to the movement in the
return volatility. By analyzing the P&L from these delta-hedged positionssBiednd Kapadia are able to
infer some useful qualitative properties for the variance risk premia wittedarring to a specific model.
Our approach maintains and enhances the robustness of their apdroadHdition, our approach provides
a quantitative measure of the variance risk premia. As a result, we carzamayonly the sign, but also
the quantitative properties of the premia. The quantification enables us stigate whether the magnitude
of the variance risk premia can be fully accounted for by the classicaMCa®d Fama-French factors, and

whether the variance risk premia satisfy various forms of the expectatjmutigsis.

In other related works, Chernov (2003), Eraker (2003), Jon@33R and Pan (2002) analyze the vari-
ance risk premia in conjunction with return risk premia by estimating variougvgrec option pricing
models. Their results and interpretations hinge on the accuracy of thdicsmpeadels that they use in
the analysis. Ang, Hodrick, Xing, and Zhang (2003) form stock pbo$oranked by their sensitivity to
volatility risk and analyze the difference among these different portfoltosm the analysis, they can infer
indirectly the impact of volatility risk on the expected stock return. Coval dmsh&vay (2001) analyze
how expected returns on options investment vary with strike choices aath&rtthe classic capital asset
pricing theory can explain the expected option returns. Most recenthyd&@enko (2004) links the market

price of variance risk to hedge fund behavior.

The underlying premise for studying variance risk premia is that returanae is stochastic. Numerous



empirical studies support this premise. Prominent empirical evidence bas#te time series of asset
returns includes Andersen, Benzoni, and Lund (2002), AndeBelierslev, Diebold, and Ebens (2001),
Andersen, Bollerslev, Diebold, and Labys (2001, 2003), Ding, Ermgld Granger (1993), Ding and Granger
(1996), and Eraker, Johannes, and Polson (2003). Evidenoetfim options market includes Bakshi, Cao,
and Chen (1997, 2000a,b), Bakshi and Kapadia (2003a,b), B&®6,(2000), Carr and Wu (2003), Eraker
(2001), Huang and Wu (2004), and Pan (2002).

Our analysis of the variance risk premia is based on our theoretical wayhesizing a variance swap
using European options and futures contracts. Carr and Madan)(I3®&eterfi, Derman, Kamal, and Zou
(1999a,b), and Britten-Jones and Neuberger (2000) have usedrteereplicating strategy, but under the
assumption of continuity in the underlying asset price. More recently, HadgTian (2004) extend the

result to a jump-diffusion stochastic volatility framework.

Also relevant is the large strand of literature that investigates the informatiaierat of Black-Scholes
implied volatilities. Although conclusions from this literature have at times contedlieach other, the
present consensus is that the at-the-money Black-Scholes implied volatilityefficent, although biased,
forecast of the subsequent realized volatility. Examples of these studiesienLatane and Rendleman
(1976), Chiras and Manaster (1978), Day and Lewis (1988), DdyLawis (1992), Lamoureux and Las-
trapes (1993), Canina and Figlewski (1993), Day and Lewis (12@4)on (1995), Fleming (1998), Chris-
tensen and Prabhala (1998), Gwilym and Buckle (1999), Hol and iao2000), Blair, Poon, and Taylor,
(2000a,b), Hansen (2001), Christensen and Hansen (2002%, Talhang, and de Andrade (2002), Shu and
Zhang (2003), Neely (2003), and Jiang and Tian (2004).

The remainder of this paper is organized as follows. Section | shows teetds which the payoff to
a variance swap can be theoretically replicated by combining the payoffdrstatic position in European
options with the gains from a dynamic position in futures on the underlying.a¥ge also discuss the
relation between volatility swaps and variance swaps in this section. Sectieedlthree standard models
of return dynamics to numerically investigate the magnitude of the approximatimndere to price jumps
and discrete strikes. Section Il lays down the theoretical foundationdoous expectation hypothesis
regressions. Section IV discusses the data and the methodologies ugethésize variance and volatility
swap rates and to calculate realized variance. Section V empirically investigateehavior of the variance

risk premia. Section VI concludes.



|. Synthesizing a Return Variance Swap

A return variance swap has zero net market value at entry. At maturitypakioff to the long side of
the swap is equal to the difference between the realized variance ovie thithe contract and a constant
fixed at inception called the variance swap rate. denotes the entry time ariddenotes the payoff time,

the terminal payoff to the long side of the swapla:
[RM,T —SWr]L, 1)

whereRV 1t denotes the realized annualized return variance betweert tame&T, SW denotes the fixed
swap rate that is determined at timmand is paid at timél', and the lettel. denotes the notional dollar
amount that converts the variance difference into a dollar payoff. $iveceontract has zero market value
at initiation, no-arbitrage dictates that the variance swap rate equals theeristal expected value of the
realized variance,

SWrt =EZ[RV 1], (2)

WhereEi@ [-] denotes the expectation operator under some risk-neutral me@samd conditional on the

information up to time.

A. Synthesizing the return quadratic variation by tradirgions and futures

To fix notation, we le§ denote the spot price of an asset at tinee[0, 7 |, where7 is some arbitrarily
distant horizon, and I&% denote the time-futures price of maturityl > t. For simplicity, we assume that
the futures contract marks to market continuously. We also assume thatuhesfprice is always positive,
although it can get arbitrarily close to zero. No arbitrage implies that thesesexrisk-neutral probability
measureQ defined on a probability spad&, 7 ,Q) such that the futures pricg solves the following

stochastic differential equation:
dF = o dW + /RO R (€= 1) [u(dx dt) —ve(x)dxdd, te[0,7], 3)

starting at some fixed and known valBg> 0. In equation (3)W is aQ standard Brownian motiori°

denotes the real line excluding zefg, denotes the futures price at tihgust prior to any jump at, and



the random counting measungdx, dt) realizes to a nonzero value for a giveif and only if the futures
price jumps fromR_ to i = R_€X at timet. The procesgv;(x),x € R%t € [0, 7]} compensates the jump
process) = fé Jro (€= 1) u(dx,ds), so that the last term in equation (3) is the increment @fjpure jump
martingale. This compensating procesis) must satisfy (Prokhorov and Shiryaev (1998)):

/Ro (X A1) ve(x)dx< e, te[0,T].

In words, the compensator must integrate the square of the small jurips 1) to have a well-defined
quadratic variation. Furthermore, large jumpsg & 1) must not be so frequent as to have infinite aggregate
arrival rate. Thus, equation (3) models the futures price change asthef the increments of two orthog-
onal martingale components, a purely continuous martingale and a puredniiiemus (jump) martingale.

This decomposition is generic for any continuous-time martingale (Jacodran&y (1987)).

To avoid notational complexity, we assume that the jump component of thesgatess exhibits finite
variation:

/RO(|X|/\1)vt(x)dx< ©, te[0,T].

The time subscripts og;_ andv¢(x) indicate that both are stochastic and predictable with respect to the
filtration 7. We further restrico;_ andv;(x) so that the futures prick is always positive. Finally, we
assume deterministic interest rates so that the futures price and the famicarare identicat. So long as

futures contracts trade, we need no assumptions on dividends.

Under the specification in equation (3), the quadratic variation on the futatern fromtime to T is

T T
Vit :/ 0§7ds+/ / x°u(dx, ds). (4)
Jt t JRO

The annualized quadratic variationR¥{ t = T%tVt,T- We show that this return quadratic variation can be
replicated up to a higher-order error term by a static position in a portfolaptbns of the same horizon
T and a dynamic position in futures. As futures trading is costless, the rigkahe@xpected value of the
guadratic variation can be approximated by the forward value of the pordbEuropean options. The

approximation is exact when the futures price process is purely consnudthen the futures price can

Iwe can alternatively assume the weaker condition of zero quadraticiation between the futures price and the price of a
pure discount bond of the same maturity.



jump, the instantaneous approximation error at tiriseof orderO((gt—'i)3).

Theorem 1 Under no arbitrage, the time-t risk-neutral expected value of the requiadratic variation of
an asset over horizon Ft defined in (4) can be approximated by the continuum of European dheef-

money option prices across all strikes>K0 and with maturity T:

2 ® et(KaT)

Q —
Et [RVT]_T—t 0 B[(T)KZ

dK +¢, (5)

wheree denotes the approximation error; (B ) denotes the time-t price of a bond paying one dollar at T,
and ©;(K,T) denotes the time-t value of an out-of-the-money option with strike priseOkand maturity

T >t (a call option when K> R and a put option when K R). The approximation errog is zero when
the futures price process is purely continuous. When the futures pricgicgm the approximation errog

is of order Q(‘F’l—'f)3) and is determined by the compensator of the discontinuous component,

€=

-2 0 T X2
T—tEt /t /RO [ex—l—x—z] Vs(x)dxds (6)
Proof. Let f(F) be a twice differentiable function &f. By Itd’s lemma for semi-martingales:

(Fr) = f(R)+ [ VR aR+ 2 [ 1R )02 ds

.
[ (R~ 1(Fe) — (R )R- (€'~ L)lu(dx ds), ™
t R

Applying equation (7) to the functioh(F) = InF, we have:

In(Fr) — |n(ﬁ)+/tTédFs—%/tTog_ds+/tT/Ro[x_exu]p(dxds). ®)

Adding and subtracting[% -1+ ftT x°u(dx ds) and re-arranging, we obtain the following representation

for the quadratic variation of returns:

T T T
Vit = /tog_dSA—/t xzp(dx,ds):2[%—1—In<%>}+2t [i—i}d&

—2/tT/RO [ex—l—x—x—ﬂ w(dx ds). )



A Taylor expansion with remainder of by about the poink implies:

_ 1 R 1 + e 1 +
InFr=Inft ¢ (Fr—F)— [ (K- Frfak— [ (Fr K)ok (10)

Combining equations (9) and (10) and noting that= Sy, we have:

R 1 © 1
Wi = 2| [l sntae [ s KK

+2/ {? - —] dR
—2/t /RO [e?‘—l—x—xzz] w(dx ds). (11)

Thus, we can replicate the return quadratic variation up to Tinbg the sum of (i) the payoff from a static
position |nZdK European options on the underlying spot at stkkend maturityT (first line), (ii) the payoff

from a dynamic trading strategy holdin®ZT) [FS% — %} futures at times (second line), and (iii) a higher-
order error term induced by the discontinuity in the futures price dynarthasl (ine). The options are all

out-of-the money forward, i.e., call options whgr> K and put options wheK < F.

Taking expectations under measi@peon both sides, we obtain the risk-neutral expected value of the
guadratic variation on the left hand side. We also obtain the forward véline sum of the startup cost of

the replicating strategy and the replication error on the right hand side:

B M = ) Zéﬂtt((K) 2K T) gy 21@;@/ /RO [ex 1- x—%]vs( )dxds

By the martingale property, the expected value of the gains from dynamiefuttading is zero under
the risk-neutral measure. Dividing by ¢ t) on both sides, we obtain the result on the annualized return

guadratic variationm

Equation (5) forms the theoretical basis for our empirical study. We will migaky illustrate that the
approximation error is small. Then we use the first term on the right handcsidietermine the synthetic
variance swap rate on stocks and stock indexes. The relevant ratianae underlying the variance swap is
that of the futures, which is equal to that of the forward under ourmapsian of deterministic interest rates.
Comparing the synthetic variance swap rate to the realized return vaneaedl|l investigate the behavior

of the variance risk premia on different stocks and stock indexes.



B. Volatility swaps

In many markets especially currencies, an analogous volatility swap cbatsacexists that pays the

difference between the realized volatility and a fixed volatility swap N®:(

[VRMT—-VS7]L. (12)

Since the contract has zero value at inception, no-arbitrage dictatebehailatility swap rate equals the

risk-neutral expected value of the square root of the realized vasianc

VSt =E [RW1]. (13)

Volatility swaps and variance swaps serve similar purposes in hedgingsagagertainty in return volatility.
Carr and Lee (2003b) show that there is a robust replicating portfaleolatility swap under the sufficient
conditions of continuous futures prices and a stochastic volatility prodessaxcoefficients and increments
are independent of returns. The replicating portfolio requires dynamniinig in both futures and options,
rendering the replication much more difficult in practice than the replicationvafiance swap. However,
it is actually much easier to robustly approximate the initial price of a volatility swap &wvariance swap.
Carr and Lee (2003a) show that the volatility swap rate is well approximatetidoBlack and Scholes
(1973) implied volatility for the at-the-money forwarll & F) option of the same maturitAT MV,

VST =ATMVT. (14)

This approximation is accurate up to the third ord@¥o3) when the underlying futures price is purely
continuous and the volatility process is uncorrelated with the return innovafiom at-the-money implied
volatility remains a good first-order approximation in the presence of jumpsetnch-volatility correla-

tions. Appendix A provides more details on the derivation.

Comparing the definitions of the variance swap rate in equation (2) and ldtdioswap rate in equa-

tion (13), we observe the following relation between the two:

Var (R 1) = SWr -V, (15)

10



whereVar?(.) denotes the conditional variance operator under the risk-neutral reed$e standard quo-
tation convention for variance swaps and volatility swaps is to quote both itiliipleerms. Using this

convention, the variance swap rate should always be higher than thiityddavap rate by virtue of Jensen’s
inequality. When the variance swap rate and the volatility swap rate are p#sented in terms of vari-
ance, the difference between the two is just the risk-neutral varianesaltized volatility. The two swap

rates coincide with each other when return volatility is constant.

Remark 1 The difference between the variance swap rate and the volatility swap rateestjmeasures

the degree of randomness in return volatility.

The remark is an important observation. The existence of risk premiatimnreariance or volatility
hinges on the premise that the return variance or volatility is stochastic in thpléice. The remark pro-
vides a direct measure of the perceived riskiness in return volatility kasetservations from the options
market. Using the market prices of options of the same maturity but diffenékes we can approximate
the variance swap rate according to equation (5). We can also approxhmeatelatility swap rate using
the Black-Scholes implied volatility from the at-the-money option. The diffezdretween the two swap
rates reveals the (risk-neutral) variance of the return volatility and hermedes a direct measure of the

perceived riskiness in return volatility.

[1. Numerical |llustration of Standard M odels

The attempted replication of the payoff to a variance swap in equation (8rhiastantaneous error of
orderO((‘F’t—'f)3). We refer to this error gsimp erroras it vanishes under continuous path monitoring if there
are no jumps. Even if we ignore this jump error, the pricing of a variancg stithrequires a continuum
of option prices at all strikes. Unfortunately, option price quotes are avajlable in practice at a discrete
number of strike levels. Clearly, some form of interpolation and extrapol&inacessary to determine the
variance swap rate from the available quotes. The interpolation and eltiiap introduce a second source
of error, which we terndiscretization error The discretization error would disappear if option price quotes

were available at all strikes.

To gauge the magnitude of these two sources of approximation error, merizally illustrate three

standard option pricing models: (1) the Black-Scholes model (BS), (2W#réon (1976) jump-diffusion

11



model (MJD), and (3) a combination of the MJD model with Heston (1993hsisicc volatility (MIDSV).
The MJIDSV model is due to Bates (1996), who estimates it on currency sptigakshi, Cao, and Chen
(1997) estimate the models on S&P 500 index options.

The risk-neutral dynamics of the underlying futures price procesenthdse three models are:

MID:  dR/R. = odW+dJ(\)—Agdt, (16)
MJIDSV: dR/R_ VAW +dJI(N) — Agdt,

whereW denotes a standard Brownian motion al{dl) denotes a compound Poisson jump process with
constant intensitk. Conditional on a jump occurring, the MJD model assumes that the size ofrtieifu
the log price is normally distributed with me@p and variances?, with the mean percentage price change
induced by a jump given by= 729 _ 1. Inthe MIDSV model, the diffusion variance ratés stochastic

and follows a mean-reverting square-root process:
dvt = K (8 —w) dt+ oy /%dZ, (17)

whereZ; is another standard Brownian motion, correlated Withby E2 [dZdW] = pdt.

The MJDSV model nests the MJD model, which in turn nests the BS model. Wel ihgaprogression
from BS to MJD and then from MJD to MJDSYV as one of increasing compleiityhree models are analyt-
ically tractable, allowing us to numerically calculate risk-neutral expectedsalfivariance and volatility,
without resorting to Monte Carlo simulation. The difference in the BS modeldmtvhe synthetic variance
swap rate and the constant variance rate are purely due to the discreteratin since there are no jumps.
The increase in the error due to the use of the MJD model instead of BS altoiwsnumerically gauge the
magnitude of the jump error in the presence of discrete strikes. The chatigeapproximation error from
the MJID model to the MIDSV model allows us to numerically gauge the impact ofastticivolatility in
the presence of discrete strikes and jumps. In theory, the addition ofstacHiffusion volatility does not
increase the approximation error in the presence of a continuum of stikegever, the reality of discrete

strikes forces us to numerically assess the magnitude of the interaction effec

In the numerical illustrations, we normalize the current futures price to $h@0assume a constant

riskfree rate at = 5.6 percent. We consider the replication of a return variance swap rate ove-month

12



horizon. The option prices under the Black-Scholes model can be cothangédytically. Under the MJD
model, they can be computed using a weighted average of the Black-Séhotega. For the MIJDSV
model, we rely on the analytical form of the characteristic function of thedtygyn, and compute the option
prices based on the fast Fourier inversion method of Carr and Ma@88)1Table | summarizes the model
parameter values used in the numerical illustrations. These parametersajgfioximately those estimated

from S&P 500 index option prices, e.g., in Bakshi, Cao, and Chen (1997).

A. Variance swap rate

Under the BS model, the annualized return variance rate is constaft dinder the MJD model, this
variance rate is also constantat+ A (ujZJrcjz). Under the MJDSV model, the realized return variance
rate is stochastic. The risk-neutral expected value of the annualizedearate, hence the variance swap

rate, depends on the current level of the instantaneous variance, rate
EC[RM 1] = 07 + A (1€ + %), (18)

wherea? is given by

1 T 1—e*(T-Y
o = tEg@/t Veds =0+ = ——— (% - ). (19)

Our replicating strategy implicit in equation (5) is exact when the underlyimguohjcs are purely con-
tinuous, but has a higher order approximation error in the presencenpkjuThus, under the BS model,
the theoretical approximation error is zeeo= 0. Under the other two jump models MJD and MJDSV, the

compound Poisson jump component has the following compensator:

! ze_ o} (20)
1/21'[ch-

We can compute the approximation eredrom equation (6):

v(X) =A

e=2\(g— W —07/2). (21)

Thus, the approximation error depends on the jump param@tgis o).
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To numerically gauge the impact of the discretization error, we assume thiagdweeonly five option
quotes at strike prices of $80, $90, $100, $110, and $120, bassedammalized futures price level of $100.
All the stock indexes and individual stocks in our sample average no lasditle strikes at each chosen

maturity. Hence, the choice of just five strike prices is conservative.

To gauge the magnitude of the total approximation error, we first compute tiom gices under the
model parameters in Table | and compute the option implied volatility at the five stiikes, we linearly
interpolate the implied volatility across the five strikes to obtain a finer grid of impbéatilities. For strikes
below $80, we use the implied volatility level at the strike of $80. Similarly, for efibove $120, we use
the implied volatility level at the strike of $120. This interpolation and extrapoladaeme is simple and
conservative. There might exist more accurate schemes, but wetlklefexploration of such schemes for

future research.

With the interpolated and extrapolated implied volatility quotes at all strikes, wg tppBlack-Scholes
formula to compute the out-of-the-money option prices at each strike leveh, The approximate the inte-
gral in equation (5) with a sum over a fine grid of strikes. We set the loneug@per bounds of the sum at
+8 standard deviations away from at the money, where the standard devsdiEsed on the return variance
calculation given in equation (18). The fine grid used to compute the sum gshI00 strike points within
the above bounds. We perform this analysis based on a one-monthrh@riza = 1/12). Following this
numerical approximation procedure, we compute the synthesized anduzdidance swap rate over this
horizon,S/\7\47T, where the hat stresses the approximations involved. The differemwedrethis approx-
imate variance swap ra@W and the analytically computed annualized variaEé%R\h] represents the

aggregate approximation error.

Table Il summarizes our numerical results on the approximation error ofatfi@nece swap rates under
the title “Variance Swap.” Under the BS model, the analytical approximatiar errzero. Furthermore,
since the implied volatility is constant and equabtat all strikes, there is no interpolation or extrapolation
error on the implied volatility. The only potential error can come from the nurakin¢egration. Table I

shows that this error is not distinguishable from zero up to the fourthieghdecimal point.

Under the MJD model, the analytical error due to jumps is 0.0021, about EfEEm of the total
variance (0.1387). The aggregate error via numerical approximatitsni®#021. Hence again, numerical

approximation via five strike levels does not induce noticeable additiorakerr
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Under the MJDSV model, we consider different instantaneous variamess legepresented as its log
difference from the mean, (% /8). As the current instantaneous variance leyetries, the analytical error
due to the jump component is fixed at 0.0021, because the arrival rate airttp component does not
change. But as the aggregate variance level varies from 0.0272 ®221B@ percentage error due to jumps
varies accordingly from 7.72 percent to 0.09 percent. The aggregaterical error also varies at different
volatility levels, but the variation and the magnitude are both fairly small. The iol&ipn across the five
option strikes does not add much additional approximation error, indicataigotir simple interpolation

and extrapolation strategy works well.

Our numerical results show that the jump error is small under commonly usied ppicing models and
reasonable parameter values. The additional numerical error due tetidiation is also negligible. Hence,
we conclude that the synthetic variance swap rate matches closely the ahaiskimeutral expected value

of the return variance.

B. Volatility swap rate

Under the BS model, the volatility swap rate and the variance swap rate coimitideach other and
with the realized return variana® when they are represented in the same units. Under the MJD model,
the return quadratic variatios T as defined in (4) is random due to the random arrival of jumps of random
size. Under the MIDSV model; t has another source of randomness due to stochastic volatility. The
randomness iv; 1 under these two models generates a difference between the varianreassvand the

volatility swap rate due to Jensen’s inequality, as captured by equation (15)

To compute the analytical volatility swap rate under the MJD and MJDSV modelase/the following

mathematical equality for any positive numiagr

1 ©]—e S

\/622\/17[ o 2

ds (22)

Appendix B provides the proof for this equality. Then, by replaaingith \; t and taking expectations on
both sides, we can represent the volatility swap rate as a function of thaceapansform of the quadratic

variation,

1 [21-E2[e s\
R e M §E2 Las (23)
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Under the MJD model, this Laplace transform can be represented asrateistim:

nLlJZS

00 n A
E2 [e*SVT] — e T Z @(T*t)m (1+ 20125)*2 e 1+20]257 (24)

where the first term is due to the constant diffusion component. Under #SM model, this first term

changes due to stochastic volatility,

Q[T — o bT-u—o(T-1) = ATt AT =1)" 203 ‘122?25
EP [eS4T] = Z)e?\ ——— (1+2079) fe MU (25)
pA !
where
_ 2s5(1—e)
bt) = Fmmem (26)
— kO _NK(p_gent —
o) = ©[2m(1-%Ea-e™)+n-Ky,
and

n = 4/K2+203s.

Given these two Laplace transforms, we can solve for the volatility swagdoatbe two models via nu-
merical integration of equation (23). We use an adaptive Lobatto quagmatthod to evaluate this integral
numerically with a tolerance level of 18. We then compare how the volatility swap rates match the at-the-

money implied volatility from each model.

Under the title “Volatility Swap,” Table Il reports the accuracy of using ththatmoney implied volatil-
ity to approximate the volatility swap rate. For ease of comparison to the vasavagerate, we report the
squares of the volatility. Under the Black-Scholes model, the volatility swaparatehe implied volatility
coincide because = 0.37 is constant. Under the MJD and MJDSV models, we observe some diféere
between the at-the-money implied volatility and the analytical volatility swap rate.irBall cases, the
differences are fairly small, with the magnitudes similar to the approximationseiwothe variance swap

rates.

Historically, many studies have used at-the-money implied volatilities as proxi¢isefdrue volatility
series to study its time series property and forecasting capabilities. Ouricahresults show that these
studies have indeed chosen a good proxy. Although it is calculated usirBjdbk-Scholes formula, the
at-the-money implied volatility represents an accurate approximation for theeiskal expected value of

the return volatility under much more general settings.
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[11. Expectation Hypotheses

If we useP to denote the statistical probability measure, we can link the variance swapnictie

annualized realized variance as follows:

~ Ef [M TRV 7]

SWt = =Ef RV 1], 27
Wt EF Mo ¢ [M TRV 7] (27)

whereM; 1 denotes a pricing kernel amd 1 represents its normalized version, which i®-anartingale,

Ef [m 1] = 1. Assuming a constant interest rate, we have:
Ef M 1] =B(T) =e TV, (28)

For traded assets, no-arbitrage guarantees the existence of anleasich pricing kernel (Duffie (1992)).

We decompose equation (27) into two terms:
SWr =E{ [m 1RV 7] = E{ [RM.1]+CoV (m1,RV 7). (29)

The first termEf [RV 1] represents the time-series conditional mean of the realized variance eddreds
term captures the conditional covariance between the normalized priaingl leend the realized variance.

The negative of this covariance defines the return variance risk premium.

Dividing both sides of (29) bW t, we can also represent the decomposition in excess returns:

RV 1
SWr

1=FEF [m R\r ] —EF [R\“ ). (30)

+CoVf ,
! SWr SW,J t(mr

If we regardSW as the forward cost of our investme(®\ t /SW — 1) captures the excess return from
going long the variance swap. The negative of the covariance term atieqy30) represents the variance
risk premium in terms of the excess return. Based on the decompositionsdticegu(29) and (30), we

analyze the behavior of the variance risk premia. We also test sevara fif the expectation hypothesis

on the variance risk premfa.

2Using the volatility swap rate, we can analogously define the volatility risk prenaind analyze its empirical properties. We
have done so. The results are qualitatively similar to the results on the sanimk premia. We only report the results on the
variance risk premia in this paper to avoid repetition.
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A. The average magnitude of the variance risk premia

From equation (29), a direct estimate of the average variance risk preisithensample average of the
difference between the variance swap rate and the realized varRiRges= RM 1 — SWr. This difference
also measures the terminal capital gain from going long on a variance swapa. From equation (30),
we can also compute an average risk premia in excess return form by cogh&iaverage excess return
of a long swap position. To make the distribution closer to normality, we repréise excess return in

continuously compounded form and label it as the log variance risk prerhigfR = In(RVyv /SW).

The most basic form of the expectation hypothesis is to assume zero \eariskpremium. Therefore,
the null hypothesis isRRt = 0 andLRR 1 = 0. We empirically investigate whether the average (log)

variance risk premium is significantly different from zero.

B. Expectation hypothesis on constant variance risk premia

A weaker version of the expectation hypothesis is to assume that the varigsk@remium is constant

or independent of the variance swap rate. Then, we can run the fofoegmessions to test the hypothesis:

RMT = a+bSWr+ear, (31)

In R\&T

a+bInSWr +er. (32)

The null hypothesis underlying equation (31) is tR& 1 is constant or independent of the variance swap
rate. Under this null hypothesis, the slope estintietkould be one. The null hypothesis underlying equation
(32) is that the log variance risk prenii&R 1 is constant or independent of the log variance swap rate. The
null value of the slope estimate is also one. Under the null hypothesis ofigknaremia, the intercepts of
the two regressions should be zero. Therefore, tests of these digrebigpotheses amount to tests of the

null hypothesesa = 0 andb = 1 for the two regressions.

C. Hypothesis on the link between the variance risk premia anidnce of volatility

The existence of nonzero variance risk premia hinges on the existemaadufmness in volatility. In

a world where return variances are constant, no risk and hence miupnevould exist on volatility. We
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hypothesize that the magnitude of the variance risk premium is positivelglated with the magnitude of

the uncertainty in the return volatility.

Remark 1 proposes an observable measure for the uncertainty in refatitity. The difference between
the variance swap rate and the volatility swap rate squared measuresittreeaf the return volatility

under the risk-neutral measure. Therefore, we can run the followigssion:

IN(RV.1/SWt) =a+b(SWt—-VSr)+e (33)

and test whether the slope coefficient differs from zero.

V. Dataand M ethodologies

Our options data are from OptionMetrics, a financial research anditimgsfirm specializing in econo-
metric analysis of the options markets. The “lvy DB” data set from OptionMeigcthe first widely-
available, up-to-date, and comprehensive source of high-quality icestprice and implied volatility data
for the U.S. stock and stock index options markets. The Ivy DB databasaiee accurate historical prices
of options and their associated underlying instruments, correctly calcutapiegd volatilities and option
sensitivities, based on closing quotes at the Chicago Board of Optiofmiye (CBOE). Our data sample
starts in January 1996 and ends in February 2003.

From the data set, we filter out market prices of options on five stock isdene: 35 individual stocks.
We choose these stocks and stock indexes mainly based on the quoteilayaildiich approximates the
stocks’ trading activity. Table Il provides the list of the five stock indeaad 35 individual stocks in our
sample, as well as the starting and ending dates, the sample I&)gem@ the average number of strikes
(NK) at the chosen maturities for each stock (index). The listincludes optiotieedS&P 500 index (SPX),
the S&P 100 index (OEX), the Dow Jones Industrial Index (DJX), and\iiedaq-100 index (NDX).

The index options on SPX, DJX, and NDX are European options on thersfexes. The OEX options
and options on the other 35 individual stocks and the QQQ (the NasdaatBing stock) are all American
options on the underlying spot. The data set includes closing quotescloiopéion contract (bid and ask)
along with Black-Scholes implied volatilities based on the mid quote. For the Eamopetions, implied

volatilities are directly inferred from the Black-Scholes option pricing formi#ar the American options,
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OptionMetrics employs a binomial tree approach that takes account ofrlgeerercise premium. The data
set also includes the interest rate curve and the projected dividend Figlecur analysis, we directly use

the implied volatilities provided by OptionMetrics.

In parallel with our numerical studies in the previous section, we choosenghiyidhorizon for the
synthesis of variance swap rates. At each date for each stock oristim we choose to the two nearest
maturities, except when the shortest maturity in within eight days, under whétario we switch the next
two maturities to avoid the potential microstructure effects of the very shtetidaptions. We only retain

options that have strictly positive bid quotes and where the bid price is stno#iler than the ask price.

Analogous to the numerical illustrations, at each maturity, we first linearlydotate implied volatilities
at different moneyness levels, definedkas In(K/F), to obtain a fine grid of implied volatilities. For
moneyness levelsbelow the lowest available moneyness level in the market, we use the implied volatility
at the lowest strike price. Férabove the highest available moneyness, we use the implied volatility at the
highest strike. Using this interpolation and extrapolation procedure, nergte a fine grid of 2,000 implied
volatility points with a strike range of8 standard deviations from at-the-money. The standard deviation
is approximated by the average implied volatility. Given the fine grid of implied volatilitytes,IV , we

compute the forward price of a European option of stkkand maturityT using the Black (1976) formula.

Based on the implied volatilities at the two nearest maturities that are no shoneeitta days, we
compute the synthetic variance swap rates at these two maturities. Then, arlylineerpolate to obtain
the variance swap rate at a 30-day horizon. We also linearly interpolatddimdhe at-the-money implied
volatility over a 30-day horizon as an approximation for the volatility swap rse. do not extrapolate.
When the shortest maturity is over 30 days, we use the variance swapdatethe-money implied volatility

at the shortest maturity.

At each day, we also compute the relevant forward pFoef each stock based on the interest rates,
dividend yields, and the spot price level. Then, we match the variangeseawith an ex-post annualized

realized variance estimate over the next 30 calendar days,

365 30 (Fm t430— Ft+i—1t+3o> 2
R\ = — 2 d , 34
1430 0, Rii-1t430 (34)

wherek 1 denotes the timéforward price with expiry at tim& . The estimation of the ex-post realized
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variance defined in equation (34) is similar to the way that the floating compohéme payoff to a vari-
ance swap contract is calculated in practice. A small difference existebptthie return variance defined
in equation (34) and the quadratic variation in (4) due to the differencedeetwdaily monitoring and con-
tinuous monitoring. The forward price has a fixed maturity date and henoeérkiag time-to-maturity as
calendar time rolls forward. Since the stock prices in the OptionMetrics dataeseot adjusted for stock
splits, we manually adjust the stock splits for each stock in calculating the akzmnce. We have also
downloaded stock prices from Bloomberg to check for robustnesghdtanore, we have also computed
alternative realized variances based on spot prices, and basechearted returns. These variations in the
definition of the realized variance do not alter our conclusions. We reporesults based on the realized

variance definition in equation (34).

In our analysis, we apply the following filters to delete inactive days thatrog@inly for individual
stock options: (1) The nearest available maturity must be within 90 dayS-h@pctual stock price level
must be greater than one dollar. (3) The number of strikes is at leastahesch of the two nearest
maturities. For a stock with active options trading, the most active optionssaedlyithe ones that mature
in the current or next month. Hence, an absence of quotes for thegetestm options is an indication of
inactivity. Furthermore, since a stock will be delisted from the stock exginérhe stock price stays below
one dollar for a period of time, options trading on such penny stocks areatly very inactive. The last
filter on the number of strikes at each maturity is needed to accurately estimasgitrece swap rate. None

of these filters are binding for the S&P 500 and 100 index options.

Table 1V reports the summary statistics for the realized variaRe®, the synthetic variance swap rate
(SW), and the synthetic volatility swap raté §. For ease of comparison and in line with industry practice,
we represent all three series in percentage volatility units. Of the thress sdre average value of the
realized variance is the lowest, and the variance swap rate is the higheshre®irates exhibit positive

skewness and positive excess kurtosis for most stocks and stoclkesdex

V. TheBehavior of Variance Risk Premia

In this section, we empirically investigate the behavior of the variance riskipreFirst, we establish
the existence, sign, and average magnitude of the variance risk prenga, Wé investigate whether the

classical capital asset pricing theory (CAPM) and Fama-French nfadtets can fully account for the pre-
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mia. Finally, we analyze the dynamic properties of the risk premia using theugagigpectation hypotheses

formulated in Section Ill.

A. Do investors price variance risk?

If investors price the variance risk, we expect to see a differencedeatthe sample averages of the
realized variance and the variance swap rate. Table V reports the surstatigiics of the difference be-
tween the realized variance and the variance swapR#te; 100x (Rt — SWr), in the left panel and the
log differenceLRP= In (R 1 /SW ) in the right panel. We labdRP as the variance risk premia ah&P
the log variance risk premia. The variance risk preRRshow large kurtosis and sometimes also large

skewness. The skewness and kurtosis are much smaller for the logeearisipremiadRP.

The mean (log) variance risk premia are negative for all of the stock @sdexd for most of the individ-

ual stocks. To test its statistical significance, we constritatistic for the risk premia,
t-stat = vNyj/oj, j=RPLRP (35)

whereN denotes the sample length,denotes the sample average, andenotes the Newey and West
(1987) serial-dependence adjusted standard error, computed wittoB38glays. We report the estimated
t-values in Table V. The largeststatistics come from the S&P 500 and S&P 100 indexes and the Dow Jones
Industrial Average, which are strongly significant for both variamslepremia and log variance risk premia.
The Nasdag-100 index and its tracking stock generatatistics that are much lower. Theastatistics on the

two Nasdaq indexes are not statistically significant for the variance rigkipRP, albeit significant for the

log variance risk premiaRP.

Thet-statistics on the log variance risk premia are also negative for most of tiveduna stocks, but the
magnitudes are smaller than that for the S&P indexes. The mean log varidnpeersia are significantly
negative for 21 of the 35 individual stocks. However, the mean vagiaisk premia RP) are insignificant

for all but three of the 35 individual stocks.

If an investor creates the fixed part of the variance swap payoff bghpsing at timd the proper
portfolio of options with expiry datd and then dynamically trading futures, the initial cost of this trading

strategy is given byB;(T)SW and the terminal payoff of this strategy at tirfieis the realized variance
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R\ 1. Therefore, the log risk premiurbRP = In(RV{ 1 /SW ) captures the continuously compounded
excess return to such a trading strategy. The mean valueRBin Table V show that on average, the
investors are willing to accept a negative excess return for this invesstraiggy, especially on the S&P
and Dow indexes. This excess return is ov&0 percent per month for the two S&P 500 indexes and for
Dow Jones. Therefore, we conclude that investors price heavily ttertainty in the variance of the S&P

and Dow indexes.

However, the average variance risk premia on the Nasdaqg-100 inde¢he@mdividual stocks are much
smaller. The average capital gains from going long the variance swa@cbP) are mostly insignificant
for Nasdag-100 index and individual stocks. Thus, we conjectutethiramarket does not price all return

variance variation in each single stock, but only prices the variance ribleistock market portfolio.

Given the large magnitudes of the variance risk premia on S&P and Dow isdiéxe natural to in-
vestigate whether shorting variance swaps on these indexes constitatéseative investment strategy. To
answer this question, we measure the annualized information ratio for tgpsisition in a variance swap.
Figure 1 plots the information ratio estimates. The left panel plots the raw inflammatio, defined as the
mean excess log return over its standard deviation, scaledlf?yfor annualization. The standard devia-
tion is the simple sample estimate on the overlapping daily data. In the right panatljus the standard

deviation calculation for serial dependence following Newey and Wés(lwith 30 lags.

By going short the variance swap contracts on the S&P and Dow indexesptain very high raw
information ratios (over three). After adjusting for serial dependeeeSharpe ratios are still higher than
an average stock portfolio investment. Nevertheless, given the nonfiagaff structure, caution should be
applied when interpreting Sharpe ratios on derivative trading strateég@metZmann, Ingersoll Jr., Spiegel,

and Welch (2002)).

Overall, we find that the market prices heavily the uncertainties in the returance of the S&P and
Dow indexes. The variance risk premia on the Nasdaq index and on indivitiocks are smaller. The
negative sign of the variance risk premia implies that investors are willing t@apgagmium, or receive a
return lower than the riskfree rate, to hedge away upward movements iettlra variance of the stock
indexes. In other words, investors regard market volatility increasestesmely unfavorable shocks to the

investment opportunity and demand a heavy premium for bearing sucksshoc
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B. Can classical risk factors explain the variance risk prami

The variance risk premia are strongly negative for S&P and Dow indekks.classical capital asset
pricing theory (CAPM) argues that the expected excess return onsa iasproportional to the beta of
the asset, or the covariance of the asset return with the market portfalio.réualitatively, the negative
excess return on the variance swap contract on the stock indexessisteahwith the CAPM, given the
well-documented negative correlation between the index returns and viothiity. If investors go long
stocks on average and if realized variance is negatively correlated wih neturns, the payoff to the long
side of a variance swap is attractive as it acts as insurance againseardexdine. Therefore, investors are

willing to receive a negative excess return for this insurance property.

Can this negative correlation fully account for the negative variankegrismia? To answer this ques-

tion, we estimate the following regressions,

INnRt/SWt = oa+B;ERT+e (36)

for the five stock indexes and 35 individual stocks. In equation (B& denotes the excess return on
the market portfolio. Given the negative correlation between the inderrand index return volatility,
we expect that the beta estimates are negative for at least the stocksindaxthermore, if the CAPM
fully accounts for the variance risk premia, the intercept of the regmessghould be zero. This intercept
represents the average excess return of a market-neutral investnagedys that goes long one unit of
the variance swap and sh@tunits of the market portfolio. Under CAPM, all market-neutral investment

strategies should generate zero expected excess returns.

To estimate the relation in equation (36), we consider two proxies for thesgxeeaurn to the market
portfolio. First, we use the S&P 500 index to proxy for the market portfolid @mpute the excess return

based on the forward price on the index,

ER™T =InS{/RT. (37)

Since we have already constructed the forward price on S&P 500 index wh construct the time series
on the realized variance, we can readily obtain a daily series of the eratesss ER™) that match the

variance data series.
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Our second proxy is the value-weighted return on all NYSE, AMEX, aA8NAQ stocks (from CRSP)
minus the one-month Treasury bill rate (from Ibbotson Associates). Xhisss return is publicly available
at Kenneth French’s data library on the welhe data are monthly. The sample period that matches our
options data is from January 1996 to December 2002. We estimate thesiegsessing the generalized
methods of moments (GMM), with the weighting matrix computed according to Neney\éest (1987)

with 30 lags for the overlapping daily series and six lags for the non-gyarig monthly series.

Table VI reports the estimates (andtatistics in parentheses) on the CAPM relation. The results using
the daily series on S&P 500 index and the monthly series on the valued-weiglaid@t portfolio are
similar. Thef3 estimates are strongly negative for all the stock indexes and most of thilunalistocks. The
[ estimates are the most negative for S&P and the Dow indexes. These aegdtivates are consistent with
the vast empirical literature that documents a negative correlation betwesnisdex returns and return
volatility. The negative beta estimates are also consistent with the averagiivaeagriance risk premia

observed the most strongly on S&P and Dow indexes.

Nevertheless, the interceptestimates remain strongly negative, especially for the S&P and Dow in-
dexes, implying that the negative beta cannot fully account for the whbderegative variance risk premia.
Indeed, the estimates for are not much smaller than the mean variance risk premia reported in Table V,
indicating that the3 risk does not tell the full story of the variance risk premia. The resultSaadidditional

risk factors.

Kraus and Litzenberger (1976) propose a three-moment capital @ssagg model where the excess
return on a security is proportional not only to the excess return on thietmportfolio, but also to the

squared deviation of the market portfolio return from its expected value,

INRV7/SWr = a+BERT +y(Rn—Rn)’+e (38)

whereR, denotes the market portfolio return aRyh denotes its expected value. We USB;, to proxy
Rm in constructing the squared deviation factor and estimate the above relatienlodding coefficient
estimates foly are mostly insignificant and the estimates are close to what we have obtained from the

classic CAPM regression. Henc@Rm, — ij)z is not the factor that we are looking for in explaining the

3The web address st t p: / / nba. t uck. dar t mout h. edu/ pages/ f acul ty/ ken. french/data_library. htm .
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variance risk premia. To save space, the estimation results on this three-toapigal asset pricing model

are not reported.

Fama and French (1993) identify two additional risk factors in the stock enhénlat are related to the
firm size SMB and book-to-market valueHML), respectively. We investigate whether these additional
common risk factors help explain the variance risk premia. We estimate the fajjoelations on the five

stock indexes and 35 individual stocks,
InR\LT/SW_T = G+[3ER?T+SSMB,T+hHMLt,T+e. (39)

Data on all three risk factors are available on Kenneth French’s dataylibhé refer the interested readers
to Fama and French (1993) for details on the definition and constructioesd tommon risk factors. The
sample period that overlaps with our options data is monthly from Janua/itdd®ecember 2002. Again,
ER™ denotes the excess return to the market portfolio. Furthermore, S3dBandHML are in terms of
excess returns on zero-cost portfolios. Therefore, the intecceppresents the expected excess return on
an investment that goes long one unit of the variance swap contradtf3sbfdhe market portfolios of the
size portfolio, and of the book-to-market portfolio. This investment strategy is neutral to aktbommon

risk factors.

We use GMM to estimate the relation in (39), with the weighting matrix constructedviokpNewey
and West (1987) with six lags. Table VII reports the parameter estimatesstatistics. The intercept
estimates for the indexes remain strongly negative, the magnitudes only slightlgrstinan the average
variance risk premia reported in Table V. Therefore, the Fama-Frasicfactors can only explain a small

portion of the variance risk premia.

In the joint regression, both the market portfdi&®™ and the size portfoli®@MBgenerate significantly
negative loadings, indicating that the return variance is not only netjativerelated with the index returns
but also negatively correlated with tBéBfactor. Hence, going long the variance swap contract also serves
as an insurance against tB&1B factor going up. The loading estimates on th®L factor are mostly

insignificant.

Fama and French (1993) also consider two bond-market factors dredateaturity T ERM) and default

(DEF) risks. Furthermore, Jegadeesh and Titman (1993) identify a momenturarpkaon that past winner
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often continue to outperform past losers. Later studies, e.g., Rounsr{h698, 1999) and Jegadeesh and
Titman (2001), have confirmed the robustness of the results. We cansteiEERM and DEF factors
using Treasury and corporate yield data from the Federal Reset&iS&hRelease. Kenneth French’s data
library also provides a momentum factafNID) similar to that from Carhart (1997). However, single-factor
marginal regressions on these three factors show that none of thesdébtors have a significant loading

on the variance risk premia. Therefore, they cannot explain the varigicpremia, either.

The bottom line story here is that neither the original capital asset pricinglmuoat the Fama-French
factors can fully account for the negative variance risk premia on tlo& stdexes. Therefore, either there
exist a large inefficiency in the market for index variance or else the magdtihe variance risk is generated
by an independent risk factor that the market prices heavily. Investensilling to receive a negative excess
return to hedge against market volatility going up, not only because maleility movement is negatively
correlated with stock market portfolio return, but also because investgesd market volatility hikes by

themselves as unfavorable shocks and demand a high compensatioarfoglseich shocks.

We leave the study of economic foundations for the negative varianceneskia for future research.
Here, we propose several potential reasons for the negative préfaiaonsider the holding of the market
portfolio of stocks. With the same expected return, the increase in retdanga implies an decline in
performance in terms of the information ratio. Hence, one way to guarantg@ei@um performance is
to buy options to hedge against return variance increases. The fashtrting the variance swap contract
generates high information ratios indicates that the high negative premiatgustified based purely on the
information ratio measure. Nevertheless, going long the variance swésios also an effective strategy
to hedge against the risks associated with the random arrival of disaonsimprice movements. These
risks are not well measured by the information ratio. Furthermore, caasioles on meeting value-at-risk
requirements and preventing shortfalls and draw-downs also make ldagag@aswap an attractive strategy

that could generate negative variance risk premia.
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C. Are variance risk premia constant or time-varying?

To understand the dynamic behavior of the variance risk premia, we rufoltbeing expectation-

hypothesis regressions,

R\LT = a+b SWT +€, (40)

INRMT = a+bInSWt+e (41)

Under the null hypothesis of constant variance risk premia, the slope &stforaequation (40) should
be one. Under the null hypothesis of constant log variance risk prendassltipe estimate for equation
(41) should be one. We estimate the regressions using the generalized wiatihmments (GMM), with the
weighting matrix computed according to Newey and West (1987) with 30 lagstuat for the overlapping

sample.

Table VIII reports the estimates atdtatistics under the null hypothesisaf 0,b = 1. The columns

on the left side summarize the estimation results on equation (40). All of the eftipeates are positive,
but many of them are lower than one. Tthetatistics show that over half of the stock indexes and individual
stocks generate regression slopes that are significantly lower thanlthalne of one. The columns on
the right side of Table VIII report the estimation results on equation (44¢dan log variances. For all
the stock indexes and 24 of the 35 individual stocks, the slope estimates kmeger significantly different
from one at the 95 confidence level. The difference between the skipeages of the two regressions
indicates that the risk premia defined in log returns is closer to a constamtagrandent series than the risk

premia defined in level differences.

D. Do variance risk premia increase with variance risk?

Variance risk premia arise as compensation for bearing the uncertaintyin xa&ariance. When going
shorting a variance swap contract, the investor receives a positivegavpremium as a compensation for
bearing the risk of facing market volatility going up. We hypothesize that iselate magnitude of the

variance risk premia increases with the riskiness in the return volatility. Tdheshypothesis, we use
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GMM to estimate the following relations on the five stock indexes and 35 stocks,

IN(SWt/RV1) = a+b(SWt-VF)+e (42)
IN(SWr/R\¥1) = a+bin(SW1/VSr)+e (43)

The left hand side of the two equations represents the log excess raiuims investor who goes short
a variance swap. The right hand side measures the difference betinesariance swap rate and the
volatility swap rate, which captures the variance of return volatility. We usedtfiezence as a measure of
the riskiness in return volatility. In equation (43), we use the log differémceplace the level difference to

obtain better distributional properties.

Table IX reports the estimation results. Consistent with our hypothesis, {he estimates are predom-
inantly positive for most stocks and stock indexes. fstatistics of the slope estimates show that the S&P
and Dow indexes, as well as many individual stocks, generate slogeséhsignificantly positive. There-
fore, the absolute magnitude of the variance risk premia increases withkimesis in return volatility, as

measured by the risk-neutral conditional variance of the return volatility.
Given the explanatory power of the variance of volatility on the varian&gnsmia, we further hypoth-
esize that if we control for the variance of volatility in the expectation-hymithegression as follows,
INRVr =a+bINSWr+cin(SWr/VSt) +e (44)
the slope estimate fdy would become closer to its null hypothesis value of one. We choose to ukmthe
difference INSWr/V §) instead of the level difference for better distributional properties.

Table X reports the GMM estimation results. Consistent with our hypothesisstimates fob become
closer to one than in the case without controlling for variance of volatility. t¥$tatistics suggest that for all
the stock indexes and all but five of the individual stocks, the estimatdsdie not significantly different

from its null value of one.
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VI. Conclusion

In this paper, we propose a direct and robust method to quantify thengarigsk premia on financial
assets underlying options. Our method uses the notion of a variance whigp, is an over-the-counter
contract that pays the difference between a standard estimate of thedeadizance and the fixed swap
rate. Since variance swaps cost zero to enter, the variance swappegeants the risk-neutral expected
value of the realized return variance. We theoretically and numerically #hatvthe variance swap rate is
well approximated by a particular linear combination of option prices. Heheedifference between the
ex-post realized variance and this synthetic variance swap rate quatitdigariance risk premium. Using
a large options data set, we synthesize variance swap rates and aralgpee/ risk premia on five stock

indexes and 35 individual stocks.

We find that the variance risk premia are strongly negative for the S&P B8A@0 indexes and for
the Dow Jones Industrial Average. The magnitude of the premia are snaallbvefNasdaq 100 index and
for individual stocks. Investors are willing to pay a large premium, oriveca negative excess return, to
take the long option position implicit in a long variance swap. The net effedbiofly so is to hedge against
market volatility going up. The negative risk premia imply that investors regemdket volatility going up

as unfavorable shocks.

We investigate whether the classical capital asset pricing theory carnretptanegative variance risk
premia. We find that the well-documented negative correlation between iatlexs and volatility gener-
ates a strongly negative beta, but this negative beta can only explain gsmtiglh of the negative variance
risk premia. The Fama-French factors cannot account for the strargBtive variance risk premia, either.
Therefore, we conclude that either there is a large inefficiency in theenfmkindex variance or else the

majority of the variance risk is generated by an independent risk factothénanarket prices heavily.

To analyze the dynamic properties of the variance risk premia, we formalaterg forms of expectation-
hypothesis regressions. When we regress the realized variance aridnece swap rate, we obtain slope
estimates that are all positive, but mostly significantly lower than one, theadukt winder the hypothesis of
constant or independent variance risk premia. The slope estimates belosergo one when the regression
is on the logarithm of variance. These regression results indicate thatigtithioe log variance risk premia

are strongly negative, they are not that strongly correlated with thectegbog variance.
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Like variance swaps, volatility swaps also trade over the counter and maynbeesized by trading in
options. The difference between the variance swap rate and the sfjuheevolatility swap rate measures
the risk-neutral variance of volatility. Since we can readily synthesizeastance swap rates and volatility
swap rates, this risk-neutral variance of volatility is easily and robustlyraéted from option prices. We
regress the negative of the variance risk premia against this estimatdasfoeaof volatility and find that
the slope estimates are mostly positive. This result confirms our hypothesthéhaariance risk premia

become more negative when the variance of volatility is high.

When we use the log of variance and control for the variance of volatilityare#tpectation hypothesis
regression, the regression slope estimates on the variance swap ratelanger significantly different
from the null value of one for all the five stock indexes and for all bug 6% the individual stocks. Hence,
an observed relative increase in the variance swap rate is on avesgzaded with a subsequent relative

increase in realized variance of the same size, once we control forribese of volatility.

The simple and robust method that we propose to measure the risk-neqteated value of return
variance and variance risk premium opens fertile ground for futuesareb. On top of our research agenda
is to understand the dynamics of return variance and the economic meahihgwariance risk premia. In
particular, given the predominant evidence on stochastic variancerandly negative variance risk premia,
it is important to understand the pricing kernel behavior as a functiontbfthe market portfolio returns and
return variances. Recent studies, e.g., Jackwerth (2000) and EnbRosenberg (2002) have found some
puzzling behaviors on the pricing kernel projected on the equity indexretone. Accurately estimating
the pricing kernel as a joint function of the index return and return veeaepresents a challenging task, but
accomplishing this task can prove to be very fruitful not only for undaditey the behavior of the variance
risk premia, but also for resolving the puzzling behaviors observedepribing kernels projected on the

index return alone.

The empirical analysis in this paper focuses on the variance swap rate fixed 30-day horizon. Since
we observe option prices at many different maturities, we can consttiahee swap rates at these different
maturities and construct a term structure of variance swap rates at @aclw important line for future
research is to design and estimate stochastic return variance models te ¢hptdynamics of the term

structure.
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Appendix A. Approximating the Volatility Swap Rate

Most of the results in this appendix are from Carr and Lee 3200We provide them here for completeness. Carr

and Lee assume the followir@@-dynamics for the futures pride,
dR /R = o dW. (A1)

Compared to equation (3), they make the extra assumption pfmps. They further restrict the diffusion volatility

ot to be independent of the Brownian motidg.

Under these assumptions, Hull and White (1987) show that #ihgevof a call option equals the risk-neutral
expected value of the Black-Scholes formula value, comsttlas a function of the random realized volatility. In the

special case when the call is at-the-monky= F), the timet value of a European call option maturing at tiffie

AT MQ,T — Bt(T)E'([Q {Ft [N (R\'{’T(T_t)) —N (\/W)] }’ (A2)

becomes,

2 2

whereRV\ 7 is the random annualized realized return variance oveiirtee periodt, T],

RUt = 1 / T o2ds (A3)
'T_Tft.t s

As first shown in Brenner and Subrahmanyam (1988), a Tayloesexpansion of each normal distribution

function in (A2) around zero generates,

RMt(T-0) [ VRUT(T-1) VRUT(T-1) i
N( 5 ) N( 5 ) = N +0O((T —1)2). (A4)
Substituting (A4) in (A2) implies that:

ATMGT = By (T)EZ L/F;_n RV 7(T—-t)+0O((T —t)g)] , (A5)

and hence the volatility swap rate is given by:

V2n 3

VST =EZ/R1=——"_ATM O((T —t)2). A6
S7=Er/R4r Bi(T)RV/T =t G1+O((T-1)2) (AB)

Since an at-the-money call is concave in volatil%AT MG 7 is a slightly downward biased approximation

of the volatility swap rate. As a result, the coefficient(d’n—t)% is positive. However, Brenner and Subrahmanyam
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show that the at-the-money implied volatility (ATMV) is algiiven by:

ATM\'{'T:Bt(T)Ft — ATMG 1 +O((T —t)

)- (A7)

Once agaln BT ‘(FAT MG 7 is a slightly downward biased approximation of the at-theagy implied volatility

and hence the coefficient @i —t) 3is positive. Subtracting equation (A7) from (A7) shows ttiet volatility swap

rate can be approximated by the at-the-money implied Vit¥ati
VST =ATM 1 +0O((T-1)3). (A8)
In fact, the leading source of error in (A6) is partially caled by the leading source of error in (A7). As a result, this

approximation has been found to be extremely accurate. Adrées the time to maturity, the better the approximation.

Appendix B. Approximating the Volatility Swap Rate

This appendix follows from an appendix in Carr and Lee (200Bbt[ (a) = /5"t~ te~'dt be the gamma function

with a a positive real number. Then, it is well known that

o0 ot
ﬁ:r(%):/o %dt. (B9)

Consider the change of variables- t/q for g > 0, we have = sq dt = qds and

0 —sq
vi=va [ e (B10)

from which we obtain one representation {gq:

VT
VA= jeengg (B11)
0 s
Another representation is obtained by integrating (B10pénts. Let
_ 1 _at
u= =, dv=e'dt
du=—3pdt, v=1-e"
Hence, .
1—e ™% ©] gt
V=22 2/ = dt= /0 gt (B12)
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Again, consider the change of variabkes t/q for g > 0,

l-e =
2/ Tsq s 2\[/ 3/2 at, (B13)

from which we can solve fo{/q as
1 ~l-e™d
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Figure 1. Information ratios from short variance swap investments. We define whfarmation ratios in
the left panel as the sample mean excess log return over its sample staedatibu, scaled by/12 for
annualization. In the right panel, we use the Newey-West standardidewidth 30 lags to adjust for serial
dependence.
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Model parametersused in the numerical illustration

Under MJDSV,g = /6.

Tablel

Model o A H; Oj K Ov p
BS 0.37

MJD 0.35 040  -0.09 0.18

MJDSV 0.35 040  -0.09 0.18 1.04 0.90 -0.70
Market R =100, r =5.6%.
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Tablell
Numerical illustration of the approximation error for variance and volatility swap rates

Entries under the title “Variance Swap” report the expected value of tgedized variance computed based
on the analytical valueR®[RV]), the synthetic approximation of the annualized variance swaps/g'tea (
based on five European option implied volatility quotes, and the approximatianadithis synthetic swap
rate (Error FEQ[RV] — sAvv) The columre reports the analytical approximation error due to the jump com-
ponent in the asset price process. Entries under the title “Volatility Swagtt®the square of the expected

value of the realized volatility [(EQ[\/RV}]Z) based on numerical integration, the at-the-money implied
volatility (ATMV?) as an approximation, and the approximation error (Errqi}z@[\/RV]]2 — ATMV?),
Option prices are computed based under three option pricing models with naveelgters listed in Table

I, assuming an 30-day option maturity. For models with stochastic volatility, thecifemn denotes the
log difference between the current instantaneous variancevezet! its long-run meaé.

Inv; /6 Variance Swap Volatility Swap
EC[RV] SW Error £ [ES[VRV]]®  ATMV2 Error

A. Black-Scholes Model
0.0 0.1369 0.1369 0.0000 0.0000 0.1369 0.1369 0.0000

B. Merton Jump-Diffusion Model
0.0 0.1387 0.1366 0.0021 0.0021 0.1306 0.1319 -0.0012

C. MJD-Stochastic Volatility

-3.0 0.0272 0.0273 -0.0001 0.0021 0.0113 0.0125 -0.0012
-2.5 0.0310 0.0313 -0.0003 0.0021 0.0151 0.0162 -0.0011
-2.0 0.0372 0.0376 -0.0004 0.0021 0.0213 0.0225 -0.0011
-15 0.0475 0.0477 -0.0001 0.0021 0.0319 0.0331 -0.0012
-1.0 0.0645 0.0637 0.0008 0.0021 0.0494 0.0507 -0.0013
-0.5 0.0925 0.0905 0.0020 0.0021 0.0782 0.0794 -0.0012
0.0 0.1387 0.1356 0.0031 0.0021 0.1254 0.1262 -0.0008
0.5 0.2148 0.2107 0.0041 0.0021 0.2026 0.2024 0.0002
1.0 0.3403 0.3353 0.0051 0.0021 0.3293 0.3273 0.0020
15 0.5472 0.5410 0.0062 0.0021 0.5373 0.5323 0.0050
2.0 0.8884 0.8799 0.0085 0.0021 0.8795 0.8697 0.0098
2.5 1.4509 1.4377 0.0132 0.0021 1.4428 1.4253 0.0175
3.0 2.3782 2.3561 0.0221 0.0021 2.3708 2.3410 0.0298
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Entries list the ticker, the starting date, the ending date, the sample ledytihé average number of
available strikes per maturityNK), and the full name for each of the five stock indexes and 35 individual

stocks used in our study.

Tablelll
List of stocksand stock indexes used in our study

No Ticker  Starting Date EndingDate N NK Name
1 SPX 04-Jan-1996  28-Feb-2003 1779 26  S&P 500 Index
2 OEX 04-Jan-1996  28-Feb-2003 1780 27  S&P 100 Index
3 DJX  06-Oct-1997  28-Feb-2003 1333 12 Dow Jones Industriat#ge
4 NDX 04-Jan-1996  28-Feb-2003 1722 19 Nasdaqg 100 Stock Index
5 QQQ 10-Mar-1999 28-Feb-2003 978 22  Nasdag-100 Index rrg&tock
6 MSFT 04-Jan-1996 28-Feb-2003 1766 9 Microsoft Corp
7 INTC 04-Jan-1996  28-Feb-2003 1653 8 Intel Corp
8 IBM 04-Jan-1996  28-Feb-2003 1768 9 International Busihéschines Corp
9 AMER 04-Jan-1996  28-Feb-2003 1648 9 Nanobac Pharmaatuticc
10 DELL 04-Jan-1996  28-Feb-2003 1650 7 Delllnc
11 CSCO 04-Jan-1996 28-Feb-2003 1554 7 Cisco Systems Inc
12 GE 04-Jan-1996  28-Feb-2003 1458 6 General Electric Co
13 CPQ 04-Jan-1996 03-May-2002 1272 6 Compaq Computer Corp
14 YHOO  09-Sep-1997  28-Feb-2003 1176 14 Yahoo! Inc
15 SUNW 04-Jan-1996  28-Feb-2003 1395 8  Sun Microsystems Inc
16 MU 04-Jan-1996  28-Feb-2003 1720 8  Micron Technology Inc
17 MO 04-Jan-1996  28-Feb-2003 1474 5  Altria Group Inc
18 AMZN  19-Nov-1997 28-Feb-2003 1078 12 Amazon.Com Inc
19 ORCL 04-Jan-1996  28-Feb-2003 1104 6 Oracle Corp
20 LU  19-Apr-1996  28-Feb-2003 981 7  Lucent Technologies Inc
21 TRV 04-Jan-1996 28-Feb-2003 1279 5 Thousand Trails Inc
22 WCOM 04-Jan-1996 21-Jun-2002 1104 6  WorldCom Inc
23 TYC 05-Jan-1996  28-Feb-2003 979 6 Tyco International Ltd
24  AMAT 04-Jan-1996  28-Feb-2003 1671 8 Applied Materiats In
25 QCOM 04-Jan-1996  28-Feb-2003 1613 8 Qualcomm Inc
26 TXN 04-Jan-1996 28-Feb-2003 1610 7  Texas Instruments Inc
27 PFE 04-Jan-1996  28-Feb-2003 1420 6 Pfizer Inc
28 MOT 04-Jan-1996  28-Feb-2003 1223 6 Motorola Inc
29 EMC 04-Jan-1996  28-Feb-2003 1188 7 EMC Corp
30 HWP 04-Jan-1996  28-Feb-2003 1395 6 Hewlett-Packward Co
31 AMGN 04-Jan-1996  28-Feb-2003 1478 6 Amgeninc
32 BRCM 28-Oct-1998  28-Feb-2003 1003 12 Broadcom Corp
33 MER 04-Jan-1996  28-Feb-2003 1542 6  Merill Lynch & Co Inc
34 NOK 04-Jan-1996  28-Feb-2003 1176 6 Nokia OYJ
35 CHL 04-Jan-1996 28-Feb-2003 1422 5 China Mobile Hong Kddg
36 UNPH 16-Sep-1996  28-Feb-2003 745 12 JDS Uniphase Corp
37 EBAY  01-Feb-1999  28-Feb-2003 1000 12 eBaylInc
38 INPR 07-Oct-1999 28-Feb-2003 627 15  Juniper Networks Inc
39 CIEN  14-May-1997  28-Feb-2003 998 9 Ciena Corp
40 BRCD  30-Nov-1999  28-Feb-2003 693 10 Brocade Commumpicstbystems Inc
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TablelV
Summary statistics for therealized variance, the variance swap rate, and the volatility swap rate

Entries report summary statistics for the realized vagd®¢, the synthetic variance swap r&&V, and the synthetic
volatility swap rateV §. Columns under Mean, Std, Skew, Kurt report the sampleagegistandard deviation, skew-
ness, and excess kurtosis, respectively. For ease of ccaopawe represent all three series in percentage voyatilit
units.

Ticker vRV v SW VS
Mean Std Skew Kurt Mean Std Skew  Kurt Mean Std Skew Kurt

SPX 1882 7.23 120 1.57 2441 6.21 114 204 2128 530 10464 1
OEX 19.88 7.67 115 134 2461 6.04 100 1.16 2227 564 108621
DJX 19.67 7.26 141 1.69 2471 572 130 1.69 2250 5.02 13341
NDX 37.54 16.13 1.18 1.43 40.19 1257 0.50 -0.68 38.19 12.2457 0-0.54
QQQ 4496 1550 0.98 0.31 49.47 1036 0.44 -0.46 47.07 9.9%9 0-0.36

MSFT 38.31 13.83 132 204 42.68 10.60 1.56 4.97 39.38 8.8121 1.1.97
INTC 49.33 18.27 1.44 1.86 48.57 12.46 0.99 0.83 46.42 11.6099 0 0.89
IBM 36.66 13.07 0.92 0.61 39.72 934 156 534 3691 7.99 1.1333
AMER 61.20 19.18 0.44 -0.27 64.98 1459 0.65 0.33 60.90 13.4668 0.59
DELL 54.71 17.23 0.93 0.49 59.06 11.87 0.98 1.34 56.00 11.2597 0 1.45
CSCO 5136 21.75 116 1.17 55.50 15.87 1.14 1.04 52.00 14.944 11.08
GE 3264 1122 1.07 0.89 3597 931 0.63 0.08 3352 839 0.682 0
CPQ 5290 17.40 0.88 0.58 55.20 13.16 1.04 2.22 51.71 12.134 0.0.79
YHOO 81.20 25.14 0.33 -0.58 83.22 20.67 1.09 143 78.98 18.804 0.70
SUNW 57.31 19.67 1.07 0.84 59.05 1550 154 3.38 55.94 143314 1 2.48
MU 7278 19.26 0.73 0.43 75.28 1499 0.75 1.20 71.67 13.84 3 0-0.26
MO 34.46 13.25 0.93 0.86 37.56 10.44 1.08 1.95 35.00 9.34 0.8%4
AMZN 90.32 26.56 -0.00 -0.55 98.65 24.27 097 1.05 9242 @1.8..02 1.48
ORCL 62.07 22.80 0.94 0.50 65.63 21.85 237 9.27 62.92 22.2(B4 213.18
LU 5182 2140 1.68 3.68 52.78 19.17 3.18 21.55 50.21 16.9536 2.8.51
TRV 41.00 1599 1.52 242 42.04 10.28 1.65 4.54 39.33 9.045 1.8.13
WCOM 48.07 19.34 1.26 2.36 4986 16.33 158 3.34 46.81 15.3%0 1.3.48
TYC 50.20 27.24 131 1.33 5727 2832 235 7.09 52.93 24.6(60 2.8.85
AMAT 63.73 18.10 1.03 1.30 66.05 13.77 0.93 0.92 62.91 13.11980 1.31
QCOM 64.93 2196 0.69 -0.14 68.07 1550 091 0.72 64.62 14002 0.84
TXN 58.10 18.67 0.99 1.13 57.81 14.16 0.76 0.11 54.66 13.0266 0-0.10
PFE 34.03 10.36 0.69 0.81 36.62 6.90 0.37 0.25 3462 6.35 0008
MOT 50.29 19.98 121 1.18 50.20 16.11 1.13 1.52 48.21 15.0901 1.0.93
EMC 6046 23.20 1.63 2.90 60.17 16.32 1.15 0.92 57.21 15.0317 1.1.06
HWP 4760 1590 0.73 -0.10 48.46 1210 1.09 1.14 46.45 11.409 0.0.40
AMGN 4591 1643 091 0.77 48.56 13.69 1.02 0.36 4593 13.0307 1 0.43
BRCM 9159 27.08 0.99 0.70 91.71 20.82 0.97 1.16 88.06 18.5(88 0 0.94
MER 46.09 14.21 0.86 0.87 47.70 1055 0.64 0.97 45.60 10.081 0.1.52
NOK 55.31 17.53 0.43 -0.62 55.40 13,57 0.71 1.15 53.82 12.2%49 0-0.22
CHL 40.74 16.23 144 3.29 4257 1311 139 2385 40.32 11.8240 1.3.28
UNPH 86.31 3043 0.65 0.11 84.05 2211 0.64 -0.44 80.71 20.085 -0.30
EBAY 7594 3391 0.56 -0.49 81.24 24.04 0.29 -0.65 77.70 24.M.28 -0.65
JNPR 98.83 26.55 0.53 -0.38 10456 21.27 0.50 -0.28 99.28019.0.52 -0.01
CIEN 9290 3158 0.56 -0.21 92.29 24.08 0.23 -0.29 89.40 £2.0.27 -0.06
BRCD 100.52 30.14 0.45 -0.46 97.88 20.25 0.02 -0.63 94.195618.0.11 -0.46
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TableV
Summary statisticsfor variancerisk premia

Entries report summary statistics for variance risk prerdifined as the difference between the realized variance
and the variance swap rate in the columns on the left side sitliedog difference in the columns on the right side.
Columns under Mean, Std, Skew, Kurt report the sample agesigndard deviation, skewness, and excess kurtosis,
respectively. Columns undereport thet-statistics of the mean risk premia. In calculating thetatistics, we adjust

for serial dependence using the Newey-West standard deviaith a lag of 30 days.

Ticker 100(RV —SW) In(RV/SW)
Mean Std  Skew Kurt t Mean Std  Skew Kurt t

SPX -2.279 3339 -0.597 9.283 -7.194 -0.594 0.567 0.220 10.2®.484
OEX -1.889 3.394 0.633 3.533 -5.458 -0.509 0.560 0.383 40.047.830
DJX -2.039 3.583 0.483 3.622 -5.194 -0.525 0570 0.660 0.340025
NDX -1.040 10.108 2.043 9.001 -0.944 -0.207 0.455 0.440 9.474.418
QQQ -2.940 12.014 1.059 2.840 -1.815 -0.257 0451 0.176 80.18.887

MSFT  -2.746 11.465 -0.446 28.192 -2.850 -0.277 0.496 0.090.594€ -5.897
INTC 2522 18.632 2117 6.469 1.356 -0.024 0.500 0.618 0.64b523
IBM  -1502 10460 -0.605 19.435 -1.527 -0.232 0.584 -0.009.110 -3.901
AMER  -3.224 23.125 0.516 1.185 -2.066 -0.173 0.552 -0.094.06D -4.077
DELL -3.391 20.005 0.949 3.330 -1.453 -0.208 0.525 0.223 99.0-3.330
CSCO  -2.216 19.466 1.549 7.230 -1.321 -0.271 0.813 -6.4365591 -3.885
GE -1.893 7.005 1.129 4.758 -3.326 -0.237 0.469 0.339  0.3(4487
CPQ -1.194 20.799 0.119 5.635 -0.636 -0.136 0.575 0.248 30.22.643
YHOO -1.278 39.162 -0.028 4412 -0.341 -0.093 0.531 0.123.03® -1.829
SUNW  -0.570 19.821 -0.641 16.432 -0.310 -0.108 0.465 0.075.424 -2.305
MU  -2.242 27831 0.864 4592 -0.928 -0.097 0.448 0.241 0.462723
MO  -1.563 11.351 0.883 7.130 -1.388 -0.242 0.676 0.305 0.3&661
AMZN -14587 57.757 -0.137 1.898 -1.668 -0.218 0.569 0.16D.066 -2.756
ORCL -4.115 44.142 -4.839 34.620 -0.763 -0.151 0.625 -1.806.914 -2.046
LU -0.105 33.900 -9.996 226.367 -0.047 -0.081 0.518 -0.073.199 -1.720
TRV 0.632 15.347 2.624 9.165 0.385 -0.127 0.602 0.925 2.028869
WCOM  -0.680 21.542 1.049 11.827 -0.255 -0.130 0.614 -0.067.280 -1.633
TYC -8.198 47826 -1.897 19.373 -1.426 -0.346 0.726 0.907 171. -3.996
AMAT  -1.627 23.865 1.110 4.803 -0.809 -0.106 0.464 0.259 28.4-2.624
QCOM  -1.757 27.014 0.735 1.490 -0.683 -0.158 0.570 -0.193544. -2.700
TXN 1.809 19.425 1.189 4416 0.961 -0.030 0.456 0.072 0.09m728
PFE -1.236 7.661 1.654 5.759 -1.506 -0.205 0.568 -0.152 61.22.949
MOT 1.484 20.113 -0.689 10.783 0.815 -0.044 0.555 -0.477 83.4-0.796
EMC 3.068 27.062 2.241 9.447 0.871 -0.046 0.476 0.357 0.1@8915
HWP 0.241 14537 0.465 6.333 0.173 -0.087 0.521 0.214 0.37%6561
AMGN  -1.679 14.626 0.631 3.782 -1.019 -0.163 0.531 0.078 29®. -2.731
BRCM 2.783 48.606 0.635 1.918 0.489 -0.035 0.466 0.178 9.6%.602
MER -0.604 12.541 1.021 2.748 -0.497 -0.112 0.485 0.273 7@.0-2.507
NOK 1131 18.978 -0.593 8.818 0.568 -0.047 0536 0.056 0.62B765
CHL -0.606 14599 2.238 12.212 -0.412 -0.145 0.518 0.298 770.5-2.674
UNPH 8.221 48.510 0.884 1.940 1.454 -0.006 0.565 -0.328 48).0-0.098
EBAY -2.613 45.445 1.458 3.265 -0.403 -0.253 0.566 0.422 6D.0-2.614
JNPR  -9.136 51.393 -0.189 0.783 -1.200 -0.144 0.490 -0.5812270 -2.060
CIEN 5299 60.722 0.986 3.740 0.664 -0.032 0.583 0.527 1.49M414
BRCD 10.201 56.030 0.747 0.839 1.158 0.007 0.520 -0.219 5%0.30.089
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Table VI
Explaining variancerisk premiawith CAPM beta

Entries report the GMM estimates (atidtatistics in parentheses) of the following relation,

In RV{_T/SW’T =a+ Bj EF{?T +€

whereER™ denotes the excess return on the market portfolio, whiclasyed by the return on the S&P 500 index
forward in the left panel and the excess return on the CRSedalveighted stock portfolio in the right panel. The
t-statistics are computed according to Newey and West (18@%) 30 lags for the overlapping daily series in the
left panel and six lags for the non-overlapping monthlyeii the right panel. The columns und&* report the
unadjusted R-squared of the regression.

Proxy S&P 500 Index Valued-Weighted Market Portfolio
a B R° a B RZ

SPX -0.577 (-12.302) -4.589 (-5.884) 0.183 -0.568 (-9.378-5.299 (-4.623) 0.234
OEX -0.492 (-10.293) -4.569 (-5.916) 0.186 -0.498 (-8.007%.335 (-4.880) 0.233
DJX -0.532 (-9.569) -4.734 (-5.407) 0.216 -0.531 (-8.492)4.513 (-3.761) 0.198
NDX -0.198 (-4.944) -2.563 (-4.065) 0.090 -0.151 (-4.113)3.526 (-3.242) 0.183
QQQ -0.267 (-4.754) -1.226 (-2.015) 0.024 -0.238 (-4.4820.709 (-1.568) 0.107

MSFT -0.269 (-6.511) -2.255 (-4.217) 0.058 -0.263 (-4.6359.375 (-2.844) 0.063
INTC -0.015 (-0.325) -2.298 (-2.871) 0.059 0.016 (0.336) .669 (-3.084) 0.143
IBM -0.223 (-4.134) -2.310 (-2.876) 0.044 -0.183 (-3.057)2.040 (-1.665) 0.037
AMER -0.162 (-3.579) -2.216 (-3.269) 0.043 -0.167 (-3.530)1.521 (-1.459) 0.022
DELL -0.196 (-3.881) -2.678 (-3.613) 0.073 -0.189 (-2.715)3.224 (-3.408) 0.110
CSCO -0.266 (-3.577) -0.957 (-0.599) 0.004 -0.217 (-3.1951.927 (-0.855) 0.040
GE -0.230 (-5.731) -2.593 (-3.798) 0.092 -0.227 (-4.284).621 (-1.512) 0.046
CPQ -0.110 (-1.975) -2.398 (-2.312) 0.039 0.047 (0.909) 318.(-2.762) 0.101
YHOO -0.094 (-1.702) -0.593 (-0.813) 0.004 -0.109 (-1.745)0.831 (0.776) 0.008
SUNW -0.089 (-2.080) -2.380 (-3.371) 0.062 -0.049 (-0.8998.951 (-3.187) 0.179
MU -0.092 (-2.498) -1.350 (-2.234) 0.025 -0.049 (-1.095) .512 (-3.606) 0.094
MO -0.244 (-3.906) 0.482 (0.540) 0.001 -0.180 (-2.942) 2.700.604) 0.003
AMZN -0.218 (-3.289) 0.120 (0.122) 0.000 -0.054 (-0.671) 28% (0.306) 0.001
ORCL -0.141 (-2.041) -2.206 (-2.597) 0.032 -0.124 (-1.69738.674 (-2.567) 0.116
LU -0.068 (-1.376) -1.436 (-1.732) 0.019 0.030 (0.634) 3B.7(-2.849) 0.103
TRV -0.126 (-2.047) -1.993 (-2.567) 0.035 -0.097 (-0.980)1.022 (-0.647) 0.011
WCOM -0.101 (-1.405) -3.430 (-3.307) 0.075 -0.006 (-0.068)4.137 (-2.691) 0.129
TYC -0.353 (-4.066) -1.724 (-1.490) 0.018 -0.321 (-3.137) .923 (0.308) 0.003
AMAT -0.102 (-2.598) -1.080 (-1.968) 0.015 -0.054 (-1.175)2.736 (-3.498) 0.104
QCOM -0.154 (-2.889) -1.305 (-1.646) 0.015 -0.089 (-1.5782.578 (-2.202) 0.062
TXN -0.028 (-0.677) -0.724 (-1.346) 0.007 -0.032 (-0.621)0.714 (-0.887) 0.007
PFE -0.200 (-3.342) -1.957 (-1.878) 0.036 -0.149 (-2.455)1.909 (-1.246) 0.037
MOT -0.031 (-0.581) -1.954 (-1.861) 0.031 0.032 (0.441) 523. (-2.044) 0.106
EMC -0.031 (-0.682) -2.611 (-3.398) 0.081 -0.028 (-0.389)3.146 (-3.890) 0.131
HWP -0.076 (-1.530) -1.661 (-1.956) 0.025 0.010 (0.185) 5a.9-1.536) 0.049
AMGN -0.162 (-3.050) -1.129 (-1.281) 0.014 -0.045 (-0.556)0.127 (-0.091) 0.000
BRCM -0.029 (-0.533) 0.878 (1.172) 0.011 -0.013 (-0.146) .61 (-0.304) 0.004
MER -0.109 (-2.493) -1.363 (-1.739) 0.024 -0.081 (-1.333)1.271 (-1.162) 0.022
NOK -0.046 (-0.792) -1.715 (-1.933) 0.030 0.028 (0.442) 928 (-1.490) 0.059
CHL -0.140 (-2.692) -1.609 (-1.805) 0.029 -0.053 (-1.269)1.953 (-2.115) 0.052
UNPH -0.005 (-0.085) -1.444 (-1.258) 0.018 0.011 (0.297).982 (-1.201) 0.073
EBAY -0.252 (-3.216) 0.173 (0.171) 0.000 -0.206 (-1.633) 01 (0.014) 0.000
IJNPR -0.147 (-2.154) -0.490 (-0.575) 0.003 -0.133 (-1.720-1.912 (-0.924) 0.034
CIEN -0.027 (-0.361) -2.422 (-1.827) 0.046 -0.011 (-0.122).399 (-1.924) 0.154
BRCD 0.008 (0.110) 0.104 (0.111) 0.000 0.078 (0.811) -2.491.941) 0.086
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Table VII
Explaining variancerisk premiawith Fama-French risk factors

Entries report the GMM estimates (atidtatistics in parentheses) of the following relation,
INRVy 7/SWt =a+BERT +sSMB1 +hHML T +e,

where the regressors are the three stock-market risk fadtdined by Fama and French (1993): the excess return on
the market portfolio ER™), the size factor§MB), and the book-to-market factar(ML). The data are monthly from
January 1996 to December 2002. Tthstatistics are computed according to Newey and West (1@8f)six lags.

The columns underR?” report the unadjusted R-squared of the regression.

Ticker a ERM SMB HML R

SPX -0.561 (-8.365) -5.038 (-3.765) -2.831 (-2.132) -0.2870.342)  0.276
OEX -0.489 (-7.311) -5.090 (-3.992) -3.344 (-2.483) -0.5¢90.570)  0.289
DIJX -0.518 (-7.447) -4.434 (-3.201) -3.637 (-3.150) -1.3771.692) 0.273
NDX -0.150 (-4.032) -2.777 (-2.635) -1.948 (-2.472)  1.3511.36) 0.272
QQQ -0.221 (-4.184) -1.932 (-1.309) -1.851 (-1.784)  1.5042.661) 0.235

MSFT -0.247 (-5.054) -2.469 (-2.865) -4.939 (-5.170) -B97-2.289)  0.222
INTC 0.023 (0.567) -3.770 (-3.207) -2.823 (-2.746) -1.1561.619)  0.194
IBM -0.174 (-3.371) -1.934 (-1.535) -3.053 (-1.931) -0.7820.510)  0.085
AMER -0.153 (-3.765) -1576 (-1.173) -3.291 (-2.377) -B1Z-1.124) 0.084
DELL -0.187 (-2.733) -2.673 (-3.190) -3.118 (-2.544)  0.40{0.338)  0.190
CSCO -0.227 (-3.598) -1.009 (-0.444)  1.288 (1.026)  2.082.382) 0.076
GE -0.208 (-4.997) -1512 (-1.294) -2.617 (-2.689) -0.7380.884)  0.121
CPQ 0.046 (0.959) -3.024 (-2.112)  1.069 (0.927)  0.847 (®)80 0.108
YHOO -0.107 (-1.738)  0.144 (0.109) 0574 (0.363) -0.975 .§9@¢)  0.029
SUNW -0.056 (-1.079) -3.113 (-2.087) -1.509 (-1.472)  0.9970.959)  0.224
MU -0.046 (-1.072) -2.704 (-3.663) -0.346 (-0.403) -0.617-0.050)  0.099
MO -0.187 (-3.145) 0939 (0.688) -0.306 (-0.169)  0.883 @ap 0.008
AMZN -0.063 (-0.911) -0.367 (-0.259) -1.682 (-0.726)  -1788(-1.180)  0.043
ORCL -0.119 (-1.570) -3.893 (-3.237) -0.264 (-0.172) -G0.37-0.413)  0.117
LU 0.031 (0652) -3.475 (-2.738) -0.859 (-0.544) -1.438 .Be4) 0.133
TRV -0.059 (-0.763) -0.463 (-0.277) -5.841 (-5.029) -1.0691.016) 0.218
WCOM -0.014 (-0.157) -4.793 (-2.656) -2.345 (-1.403) -1.7§41.558)  0.157
TYC -0.282 (-2585)  0.404 (0.173) -4.381 (-1.565) -2.7151.850)  0.087
AMAT -0.036 (-1.064) -2.508 (-2.905) -4.070 (-4.315)  -1806(-1.780)  0.247
QCOM -0.090 (-1.600) -1.744 (-1.446) -3.711 (-3.344)  0.6040.581)  0.135
TXN -0.020 (-0.400) -0.949 (-1.439) -4.230 (-4.987) -1.9542.125)  0.155
PFE -0.129 (-2.541) -1.528 (-0.865) -3.535 (-1.956) -1.0{0.551) 0.103
MOT 0.028 (0.353) -3.038 (-1.893) 0.784 (0.541) 0.817 (@y3 0.114
EMC -0.030 (-0.491) -1.651 (-1.707) -1.965 (-2.401)  1.7612.5389)  0.259
HWP 0.014 (0.250) -2.384 (-1.600) -0.826 (-0.690) -1.046 .946)  0.061
AMGN -0.040 (-0.550) -0.426 (-0.287) -1.142 (-0.844) -¥19-1.485) 0.018
BRCM 0.023 (0.290) -0.094 (-0.042) -3.281 (-2.507) -0.5350.444)  0.086
MER -0.075 (-1.393) -0.899 (-0.762) -1.881 (-1.324)  0.2970.332)  0.060
NOK 0.043 (0.651) -1.874 (-1.517) -2.407 (-2.105) -0.8150.047) 0.115
CHL -0.050 (-1.300) -1.816 (-1.952) -2.762 (-2.195) -0.53:0.593)  0.111
UNPH 0.028 (0.418) -1.791 (-0.796) -1.815 (-1.015)  1.128 .708)  0.148
EBAY -0.177 (-1.373) 0590 (0.536) -2.783 (-1.993)  0.300 .26B) 0.072
IJNPR -0.049 (-0.686) -3.209 (-2.277) -3.556 (-2.444) -8.60-3.620) 0.173
CIEN 0.011 (0.119) -5258 (-2.452) -2.997 (-2.526) -2.5061.584)  0.211
BRCD 0.138 (1.155) -1.766 (-1.485) -3.769 (-2.599) -0.9660.182)  0.225
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Table VIII
Expectation hypothesisregressions on constant variancerisk premia

Entries report the GMM estimates (atdtatistics in parentheses) of the following relations,

Left panel: RMT = a+bSWt+e
Right panel: InRM7 = a+bInSWt+e

Thet-statistics are calculated according to Newey and Westl@@h 30 lags, under the null hypothesis &t
0,b = 1. The columns undeR?” report the unadjusted R-squared of the regression.

Ticker Rt =a+bSWt+e INRM 1 =a+bInSWt +e
a b R a b R

SPX 0.729 (1.148) 0526 (-3.981) 0.293 -0.492 (-2.385) D.940.505) 0.391
OEX 0.466 (0.740) 0633 (-3.137) 0.315 -0.531 (-2.534) 2.010.104) 0.418
DJX 1.007 (1.243) 0527 (-3.361) 0.223 -0.183 (-0.696) 6.80-1.319) 0.269
NDX -2.547 (-1.508) 1.085 (0.648) 0.585 -0.421 (-2.272) 8D.0(1.158) 0.690
QQQ -4.281 (-1.435) 1.052 (0.364) 0.473 -0.655 (-1.778) 28.1(1.070) 0.523

MSFT 3.042 (1.358) 0.701 (-2.209) 0.333 -0.254 (-0.968) 92.94-0.087) 0.453
INTC 2.351 (0.656) 1.007 (0.039) 0.358 0.325 (1.236) 0.888.76) 0.430
IBM 4.737 (1.885) 0.625 (-2.239) 0.244 0.143 (0.502) 0.862..320) 0.290
AMER 12.920 (3.494) 0636 (-4.607) 0263 0562 (1.439) 0.801.969) 0.296
DELL 8.643 (2.092) 0.668 (-2.565) 0.224 0507 (1.192) 0.707.666) 0.257
CSCO -2.402 (-0.871) 1.006 (0.055) 0534 -0.811 (-1.705)161. (1.239) 0.367
GE 1.309 (1.240) 0.768 (-2.661) 0.407 0.047 (0.272) 0.886.§12) 0.488
CPQ 13.279 (3.027) 0551 (-2.977) 0.182 0.846 (1.742) 0.768.083) 0.251
YHOO 27.022 (3.714) 0.615 (-4.217) 0.313 0.696 (1.538) D.g+1.860) 0.344
SUNW 5287 (1.163) 0.843 (-1.105) 0.483 0.089 (0.245) 0.948.555) 0.481
MU 17.606 (3.873) 0.663 (-4.220) 0.273 0.971 (2.806) 0.733.121) 0.299
MO 6.654 (4.740) 0459 (-6.258) 0.146 0.539 (1.978) 0.692.956) 0.238
AMZN 53.943 (4.739) 0.336 (-7.649) 0.140 1.013 (1.421) 6.7¢-1.819) 0.276
ORCL 30.942 (3.241) 0.267 (-3.026) 0.108 1.046 (1.254) 4.§71.366) 0.288
LU 18.249 (2.730) 0.418 (-2.631) 0.220 0.338 (1.216) 0.871.505) 0.492
TRV 4.393 (1.623) 0.799 (-1.694) 0.237 0.414 (1.171) 0.804.578) 0.266
WCOM 9.398 (3.237) 0.634 (-2.599) 0.304 0.472 (1.308) 0.8071.681) 0.377
TYC 18.120 (3.902) 0.355 (-18.024) 0.246 0.059 (0.208) ®.§71.629) 0.480
AMAT 12.450 (3.235) 0.691 (-3.314) 0.267 0.837 (2.634) ©.76-2.962) 0.302
QCOM 8.678 (1.893) 0.786 (-2.259) 0.327 0.469 (1.130) 0.§33.539) 0.292
TXN 4.316 (1.069) 0.929 (-0506) 0.429 0332 (1.113) 0.898.214) 0.466
PFE 4546 (2.892) 0584 (-4.106) 0.150 0501 (1.664) 0.722.562) 0.195
MOT 6.500 (1.977) 0.820 (-1.157) 0.394 0.498 (1.725) 0.822.773) 0.449
EMC -2.871 (-0.559) 1.153 (0.852) 0.493 0.116 (0.334) 0.950.454) 0.502
HWP 6.807 (2461) 0.737 (-2.375) 0.332 0.340 (1.193) 0.862.549) 0.377
AMGN 5241 (2.190) 0.728 (-2.354) 0.389 0.196 (0.700) 0.884.330) 0.437
BRCM 23.907 (1.813) 0.761 (-1.396) 0.320 1.045 (2.194) 4&.752.249) 0.343
MER 4.187 (1.369) 0.799 (-1.399) 0.333 0.376 (1.188) 0.841.563) 0.373
NOK 12.659 (2.964) 0.646 (-2.579) 0.261 0.699 (1.776) 0.778.995) 0.338
CHL 4.234 (2.136) 0756 (-1.912) 0.352 0.005 (0.021) 0.948.§32) 0.518
UNPH 18.161 (1.653) 0.868 (-0.696) 0.349 0514 (1.014) ®.§71.014) 0.389
EBAY 2708 (0.282) 0926 (-0.516) 0415 -1.256 (-3.506) 452 (2.857) 0.663
IJNPR 32,793 (2.113) 0.632 (-2.301) 0.274 1506 (2.419) @.642.553) 0.235
CIEN 38.400 (2.601) 0.636 (-2.280) 0.204 1.113 (1.848) 8.7131.971) 0.337
BRCD 24.059 (1.628) 0.861 (-0.846) 0277 1.026 (1.622) 4.771.615) 0.299
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Table X
Variancerisk premia and variance of return volatility

Entries report the estimates (anstatistics in parentheses) of the following two regressia the left and right panels,
respectively,

INSWt/RM1 = a+b(SWr-VSF)+e
InSWt /R T a+bin(SWr/VF) +e

Thet-statistics are calculated according to Newey and Westl@&h 30 lags, under the null hypothesis &t
0,b = 0. The columns undeR?” report the unadjusted R-squared of the regression.

Ticker INSWt/RM 1 =a+b(SWr-VF)+e INSW+/R\¥ 1 =a+bln(SW1/VF) +e
a b R a b

SPX 0.462 (7.001) 0.087 (3.117) 0.048 0.283 (4.052) 1.142.23%) 0.086
OEX 0.412 (4.598) 0.085 (1.355) 0.013 0.295 (3.218) 1.055.922) 0.028
DJX 0.379 (4.258) 0.130 (2.386) 0.049 0302 (3.007) 1.211.24B) 0.048
NDX 0.204 (4.049) 0.002 (0.092) 0.000 0.154 (2.701) 0.505.308) 0.006
QQQ 0.232 (3.641) 0010 (0.859) 0.003 0.189 (2.563) 0.671.631) 0.011

MSFT 0.234 (5.065) 0014 (3.037) 0.023 0.194 (3.255) 0.542.137) 0.019
INTC -0.012 (-0.189) 0.016 (0.715) 0.004 -0.002 (-0.032) 299. (0.444) 0.001
IBM 0.168 (2.839) 0.027 (4.342) 0.035 0049 (0.723) 1.294.948) 0.050
AMER 0.107 (1.834) 0012 (2.397) 0.015 0.114 (1.975) 0.453.689) 0.007
DELL 0.106 (1.690) 0.028 (2.527) 0.028 0087 (1.182) 1.132.160) 0.022
CSCO 0.293 (3.376) -0.005 (-0.530) 0.001 0.210 (3.000) ®.461.172) 0.003
GE 0.156 (3.410) 0.043 (2.877) 0.039 0.126 (2.725) 0.8131§6) 0.045
CPQ 0.055 (0.965) 0.020 (5.554) 0.071 0.004 (0.070) 1.017.94®) 0.059
YHOO 0.052 (0.858) 0.005 (4.437) 0.021 0.040 (0.652) 0.542.071) 0.013
SUNW 0.062 (1.300) 0.012 (6.099) 0.038 0.035 (0.669) 0.683.308) 0.029
MU 0050 (1.340) 0.008 (3.342) 0.026 0.044 (1.161) 0.548 76@) 0.016
MO 0.165 (2.547) 0037 (2.381) 0.050 0.133 (2.058) 0.792 4{2) 0.040
AMZN 0.047 (0.535) 0.013 (4.195) 0.084 0.023 (0.264) 1.545.041) 0.050
ORCL 0.300 (3.285) -0.045 (-2.982) 0.175 0.310 (1.790) 61.7-1.335) 0.036
LU 0.053 (1.034) 0.008 (9.332) 0.053 0.045 (0.744) 0.396 720) 0.009
TRV 0.060 (0.796) 0.027 (1.617) 0.015 -0.046 (-0.531) 1.342.944) 0.040
WCOM -0.017 (-0.210) 0.045 (5.860) 0.108 -0.046 (-0.569) 94.3(7.922) 0.095
TYC 0270 (2.818) 0.011 (4.095) 0.039 0.245 (2.472) 0.734.70Q) 0.012
AMAT 0.003 (0.072) 0.024 (3.123) 0.047 0.014 (0.272) 0.942.560) 0.026
QCOM 0.098 (1.461) 0.012 (1.470) 0.010 0.097 (1.284) 0.588.118) 0.005
TXN -0.047 (-0.987) 0.020 (3.337) 0.040 -0.083 (-1.552) 27.0(4.236) 0.040
PFE 0.109 (1.799) 0.064 (4.318) 0.047 0.068 (1.245) 1.231.997@) 0.059
MOT 0.004 (0.069) 0.018 (3.217) 0.040 -0.053 (-0.940) 1.245.698) 0.058
EMC 0.033 (0.684) 0.003 (0.613) 0.002 0.017 (0.342) 0.299.3%4) 0.006
HWP 0.046 (0.890) 0.020 (4.596) 0.022 0.036 (0.661) 0.60527®) 0.011
AMGN 0.084 (1.490) 0.030 (2.701) 0.032 0.030 (0.535) 1.18B.188) 0.036
BRCM -0.039 (-0.674) 0.010 (2.475) 0.039 -0.079 (-1.342) 521. (3.027) 0.049
MER -0.026 (-0.422) 0.067 (3.737) 0.070 -0.025 (-0.393) 41.5(3.603) 0.053
NOK 0.019 (0.306) 0.014 (4.730) 0.031 0.012 (0.184) 0.692.932) 0.023
CHL 0.079 (1.335) 0.031 (4.601) 0.042 0.038 (0.607) 1.061.005) 0.042
UNPH -0.024 (-0.355) 0.005 (0.850) 0.004 0.006 (0.101) 08.0(-0.016) 0.000
EBAY 0.156 (1.494) 0.017 (1.554) 0.020 -0.143 (-1.336) 8.015.897) 0.217
JNPR 0.067 (0.696) 0.007 (1.104) 0.022 0.118 (1.056) 0.260.285) 0.001
CIEN -0.044 (-0.522) 0.013 (2.144) 0.027 0.032 (0.388) 5.000.005) 0.000
BRCD -0.075 (-0.762) 0.009 (1.095) 0.018 -0.055 (-0.547) 668. (0.766) 0.007
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Table X
Expectation hypothesisregression on variancerisk premia controlling for variance of volatility

Entries report the GMM estimates (atdtatistics in parentheses) of the following relation,
INRMr = a+bInSWr+cin(SWT/VF)+e.

The t-statistics are calculated according to Newey and West1@@h 30 lags, under the null hypothesis @t
0,b=1,c=0. The columns undeR?” report the unadjusted R-squared of the regression.

Ticker a b c 3
SPX  -0.293  (-1.517) 1.007  (0.058) -1.146  (-6.090) 0.442
OEX -0.296 (-1.328) 1.001 (0.005) -1.055 (-2.935) 0.434
DIJX -0.113  (-0.436) 0.878  (-0.874) 1.072  (-3.106) 0.295
NDX  -0.363  (-1.833) 1.076  (1.106) 0459  (-1.188) 0.692
QQQ -0.602 (-1.672) 1132 (1.120) -0.708  (-1.674) 0.529
MSFT  -0.371  (-1.431) 1.068  (0.704) -0.651  (-2.424) 0.465
INTC 0325  (1.241) 0.886  (-1.319) 0.047  (0.074) 0.430
IBM 0033  (0.125) 0967  (-0.331) 1243 (-4.732) 0.319
AMER 0554  (1.412) 0.814  (-1.786) -0.308  (-1.017) 0.298
DELL 0569  (1.406) 0.811  (-1.588) -1.056  (-1.974) 0.271
CSCO  -0.760 (-1.642) 1.166  (1.271) 0527 (-1.277) 0.369
GE 0031 (0.180) 0.933  (-0.960) 0739 (-3.990) 0.506
CPQ 0805 (1.721) 0.754  (-1.782) -0.874  (-4.576) 0.285
YHOO 0626  (1.277) 0.835  (-1.431) -0.307  (-0.819) 0.346
SUNW 0048  (0.134) 0.976  (-0.239) -0.666  (-2.950) 0.494
MU 0929  (2.602) 0.752  (-2.756) -0.355  (-1.657) 0.303
MO 0509  (1.891) 0.741  (-2.538) 0612  (-1.928) 0.256
AMZN 0861  (1.198) 0.794  (-1.312) 1165  (-2.717) 0.295
ORCL  0.833  (1.216) 0.698  (-1.434) 1402 (1.640) 0.305
LU 0311  (1.149) 0.885  (-1.331) -0.244  (-1.002) 0.493
TRV 0.341 (1.021) 0.887 (-1.010) -1.160 (-2.914) 0.285
WCOM 0530  (1.524) 0.842  (-1.402) 1319 (-6.742) 0.431
TYC 0028  (0.098) 0.904  (-1.248) 0409  (-0.968) 0.481
AMAT  0.851  (2.782) 0.765  (-2.854) -0.814  (-2.259) 0.316
QCOM 0507  (1.213) 0.839  (-1.496) 0535  (-0.996) 0.296
TXN 0318  (1.079) 0.930 (-0.819) -0.955  (-4.014) 0.484
PFE  0.448  (1.487) 0.792  (-1.804) -1.083  (-3.143) 0.232
MOT 0482  (1.718) 0.860  (-1.427) -1.118  (-5.689) 0.475
EMC  0.084  (0.244) 0.970  (-0.293) -0.269  (-1.300) 0.505
HWP  0.344  (1.219) 0.875  (-1.418) -0.524  (-2.093) 0.382
AMGN  0.285  (1.016) 0.897  (-1.190) 1143 (-3.162) 0.455
BRCM 0784  (1.547) 0.830  (-1.429) -0.975  (-1.996) 0.353
MER  0.361  (1.189) 0.887  (-1.166) 1412 (-3.219) 0.400
NOK 0598  (1.433) 0.815  (-1.541) 0423 (-1.487) 0.343
CHL -0.066 (-0.283) 1011 (0.126) 1081 (-4.402) 0.536
UNPH 0600  (1.131) 0847  (-1.167) 0460  (0.806) 0.391
EBAY -0.133  (-0.308) 1.061  (0.646) 3755  (-5.153) 0.717
IJNPR 1664  (2.546) 0598  (-2.653) 0.648  (0.702) 0.241
CIEN  1.232  (2.063) 0.697  (-2.246) 1.073  (1.100) 0.344
BRCD 1015  (1.642) 0.778  (-1.591) -0.050  (-0.055) 0.299
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