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This dissertation consists of three essays on option valuation and empirical asset pricing. In

the first essay, coauthored with Kris Jacobs, we propose an new approach based on Adap-

tive Metropolis-Hasting MCMC and the Implied Spot Variance Particle Filter to estimate

dynamic models using large option panels. The estimation of option valuation models is

challenging due to the complexity of the models and the richness of the option data. Many

existing studies limit the time-series and especially the cross-sectional dimension of the op-

tion data, which may complicate the identification of model parameters. We address these

computational constraints by filtering the state variables using particle weights based on

model-implied spot volatilities rather than model prices. Some of our estimation results

differ substantially from the existing literature. We show that samples restricted to at-the-

money and especially short-maturity options may result in serious identification problems.

The composition of the option sample also critically affects the relative importance of returns

and options for parameter estimates when both are used in estimation.

In the second essay, coauthored with Guanglian Hu, we investigate the relation between

variance risk premiums and option returns. Empirically, the out-of-the-money (OTM) S&P

500 call and put options have large negative average returns, and the literature interprets

these results as inconsistent with asset pricing theory. We show that these negative OTM

option returns are primarily due to the pricing of market volatility risk. With a negative

volatility risk premium, expected option returns in a stochastic volatility model are consistent

with average call and put option returns across all strikes. The volatility risk premium also

predicts future option returns. The predictability of index option returns is both statistically

and economically significant. Lastly, we find that some portion of OTM put option returns

is attributable to the jump risk premium. Overall our results suggest that the pricing of

volatility risk has a first-order effect on the cross-section of index option returns.

In the third essay, I propose a novel method to identify the physical measure parameters

and the latent spot variances for dynamic asset pricing models from option data. It is well

known that we can estimate physical parameters from underlying returns and risk-neutral
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parameters from options, but the existing literature mainly focuses on the option price levels

and therefore ignores that option price changes contain information about both the physical

and risk-neutral distributions. I find that most physical parameters are better identified using

options than using returns. The parameters estimated exclusively from options provide the

best fit for the monthly option returns. Moreover, By re-examining the index option return

puzzle based on the parameters estimated from options, I find that the option return puzzle

disappears when jumps are included in the model.
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Chapter 1

Estimation and Filtering with Big

Option Data: Implications for Asset

Pricing

1.1 Introduction

There is widespread agreement in the option valuation literature that relatively complex

models with stochastic volatility and multiple volatility factors as well as jumps and tail

factors are needed to explain the data.1 It is also well-known that long time series are

needed to reliably identify the volatility dynamics (Broadie, Chernov, and Johannes, 2007)

and options with different moneyness and maturity may be needed to identify various model

aspects. Moreover, to learn about risk premia and the structure of the stochastic discount

factor, we need to estimate using both returns and options. Given the richness of the

available option data, the resulting estimation of state-of-the-art option valuation models

can be computationally very demanding.

1See Bates (2000) for evidence on multiple volatility factors. See Eraker (2004), Broadie, Chernov, and
Johannes (2007), Pan (2002), Aı̈t-Sahalia, Cacho-Diaz, and Laeven (2015a), Fulop, Li, and Yu (2015),
Andersen, Fusari, and Todorov (2017), and Bates (2012) for evidence on jumps in returns and volatility. See
Andersen, Fusari, and Todorov (2015b) for evidence on a tail factor in option prices.
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This paper studies estimation and filtering dynamic option valuation models using big

option data. It also documents the implications of restricting the size of the option panels. To

illustrate the computational challenge resulting from big option panels, consider estimation

using the OptionMetrics data used in many recent studies, and for simplicity consider using

all available option data. Based on data from 1996 to the end of 2015, we have more than

5000 trading days for which option contracts are available. The number of available index

option series per day has significantly increased over time, but on average it is approximately

200. The full sample of option contracts based on daily OptionMetrics data for 1996-2015

therefore consists of roughly one million contracts.

Even much smaller, judiciously chosen, option samples may impose significant computa-

tional constraints. At least partly due to this computational cost, existing studies typically

reduce the dimension of the data to make estimation computationally feasible.2 In the

time-series dimension, rather than using a short time series, often only one day per week is

used (Bates, 2000, p.195). In the cross-sectional dimension, typically a small subset of the

available option contracts is used. Some studies impose very stringent constraints on the

cross-section of options and are effectively based on short-maturity at-the-money options.

The first objective of this paper is to adapt existing estimation methods to overcome these

computational constraints. We apply Markov Chain Monte Carlo (MCMC) for the parameter

search, but we filter the latent state variables using the particle filter (Johannes, Polson, and

Stroud, 2009). In general, particle filtering is subject to significant computational constraints

when assigning weights based on the model option price, but we address this by assigning

weights based on model-implied spot volatilities instead. This enables us to estimate and

test complex models using very large option panels. Because particle filtering using returns

is relatively straightforward, we are also able to perform joint estimation of state-of-the-art

2Option samples may also be restricted for other reasons. For example, illiquid option contracts should
be excluded from the sample. But regardless of these other reasons, it is well known and appreciated in the
literature that computational constraints often necessitate restricting the sample size. For instance, Broadie,
Chernov, and Johannes (2007, p.1461) state that “computational burdens severely constrain how much and
what type of data can be used”. See also Hurn, Lindsay, and McClelland (2015), Israelov and Kelly (2017),
and Andersen, Fusari, and Todorov (2015a) for discussions of computational constraints and cost.
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option pricing models based on returns and large option panels. This facilitates inference on

model parameters characterizing tail events and risk premia. We show that the likelihood

for our implementation of the particle filter is very similar to the likelihood associated with

the traditional implementation of the particle filter, which is computationally much more

intensive.

Our approach can in principle be applied to any parametric option pricing model. To illus-

trate its advantages, we implement our estimation method using daily data on a well-known

class of models, the workhorse Heston (1993) square root and Duffie, Pan, and Singleton

(2000) double-jump models. The limitations of these models are by now well understood,

and several authors have suggested model improvements such as multiple volatility compo-

nents, tail factors and alternative specifications of the jump process. Moreover, Bates (2018)

shows that modeling of intraday returns may improve model fit. Related, Andersen et al.

(2015b) use estimates of diffusive intraday volatility obtained using high-frequency data and

Bandi and Reno (2016) use high-frequency data to estimate models with jumps in returns

and volatility. We use daily data and the double-jump model because for this model imple-

mentation, the literature on dynamic option valuation models offers a wealth of evidence.

By comparing our estimation results to existing studies and interpreting the differences, we

are able to illustrate the advantages of our approach and the implications of restricting the

sample. Moreover, the parameter estimates we obtain are useful in their own right.3

We use daily data for 1996-2015 in our empirical analysis. We do not explicitly address

the optimal structure of the option sample. We start with the simple intuition that large

cross-sections may be helpful to identify model parameters, especially those governing the

tails of the distribution. However, it may not always be optimal or preferable to use the

entire cross-section of options, for instance because of liquidity concerns. Moreover, one may

prefer cross-sectional data that are balanced across maturity and moneyness, or balanced

3For example, Andersen, Fusari, and Todorov (2015a, p.1088) note that, prior to their study, the double-
jump model had not been estimated in its full generality because of the computational constraints discussed
above.
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over time. We therefore do not use all available option contracts but instead we use a large

benchmark option sample that is balanced cross-sectionally and over time.

The second contribution of this paper is to document the implications of the composition

of the option sample. Because the reduction in the computational burden of our approach

allows us to estimate the models using large option samples, we are able to document the

consequences of restricting the option sample. We focus on two sets of implications. First,

the composition of the option sample may affect inference, in the sense that the likelihoods

for different option samples have different optima. A second implication is that the likelihood

may be very flat for certain samples, which may lead to identification problems.

Some of our findings simply confirm existing intuition. For example, we find that in the

Heston model, it is difficult to reliably estimate the parameters that capture skewness and

kurtosis when exclusively using at-the-money-options. We also confirm that it is critical to

include options with different maturities to estimate the persistence of the variance. A more

surprising finding is that exclusively relying on options with similar maturities also makes

it more difficult to estimate the parameters characterizing the tails. We generally find that

it is critical to include options with different maturities in the sample to reliably estimate

the spot variance and variance mean reversion, which in turn impacts estimation of all other

parameters, especially risk premia.

Regarding the moneyness dimension of the data and the tail parameters, we find that

including in- and out-of-the-money options is even more critical to reliably estimate the skew-

ness parameter than the kurtosis parameter. Including different maturities also facilitates

inference on the skewness parameter and the parameters characterizing the jump processes.

However, we find that inference on the price of return jump risk is challenging even when

the sample includes large cross-sections of options.

When estimating the Heston (1993) and Duffie, Pan, and Singleton (2000) models using

daily data for 1996-2015 and big cross-sections of options, the main differences and similari-

ties between our parameter estimates and those in the available literature are as follows. We
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confirm the findings of Broadie, Chernov, and Johannes (2007), Eraker (2004) and Eraker,

Johannes, and Polson (2003) that both jumps in variance and jumps in returns matter, but

that variance jumps are relatively more important. Estimates of the risk-neutral correla-

tion between returns and variance are more negative than the existing literature, with the

notable exception of Andersen, Fusari, and Todorov (2015a). Related to this, our estimate

of the variance of variance parameter based on options is smaller than the estimate based

on returns, which means that the option-implied variance path is smoother than the return-

implied variance path. Our findings suggest that the composition of the option sample is

critically important for the relative weighting of returns and options in joint estimation.

Some parameter estimates in the existing literature, such as the correlation between returns

and variance, may largely reflect information from the underlying return series rather than

from options, due to the composition of the option sample.4

Because we estimate the models using a joint likelihood based on options and returns,

we can also compare our estimates of risk premia with the existing literature. Our estimates

of the price of diffusive variance risk are smaller than existing ones in the literature, but

the most important difference is that they are highly statistically significant. This finding is

mainly due to the inclusion of options with different maturities in our sample. Related to

the smaller estimates of the price of variance risk, estimates of variance persistence exceed

existing estimates. Once again this finding is due to the composition of the option sample.

Finally, our estimation based on returns and big panels of option data also allows us to

reliably estimate jump risk parameters. In models with return jumps, approximately 2% of

the equity risk premium is due to jump risk, with the remaining 6% due to diffusive risk.

This finding is remarkably consistent with several existing studies.

To the best of our knowledge we are the first to explicitly address the implications of

4In joint estimation based on returns and options, the optimal relative weighting of returns and options
in the likelihood is an important concern, because the abundance of option data may cause the weight of
the returns in the likelihood to become negligible. We eliminate the impact of increasing numbers of option
contracts over time by scaling the option likelihood by the inverse of the number of option contracts in the
sample. See for example Bates (2003) for a discussion of this issue.
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restricting the option sample. This is important because the majority of existing studies

impose some restrictions, and it is not clear from the existing literature how this affects

empirical results. This complicates comparisons across studies and conclusions about model

performance. Moreover, our results also provide valuable insights on how to restrict the

sample, if and when such restrictions are required for computational reasons. For instance,

we find that for the models studied in this paper, certain restrictions in the moneyness

dimension do not have very adverse consequences, while limiting the sample to a narrow

range of maturities is likely to cause identification problems. This insight is not obvious a

priori.

Our results are relevant for an extensive literature that estimates parametric dynamic

option valuation models using return and/or option data. See Singleton (2006) for a discus-

sion of this literature. Several seminal studies combine return and option data using different

econometric techniques, which are all computationally demanding. Aı̈t-Sahalia and Kimmel

(2007) estimate the model using returns and option information using approximate maxi-

mum likelihood, but the information on options is exclusively based on the VIX. Pan (2002)

uses implied-state Generalized Method of Moments (GMM) but uses one short-maturity at-

the-money option per day in estimation. Chernov and Ghysels (2000) use Efficient Method

of Moments (EMM) and use implied volatilities for the closest-to-maturity at-the-money

calls. Eraker (2004) uses Markov Chain Monte Carlo (MCMC) technique and incorporates

cross-sectional information by using on average approximately three options per day.

In the existing literature, Bates (2000) and Andersen, Fusari, and Todorov (2015a) are

related to our approach because they use big cross-sections of index options in estimation.

Bates (2000) uses a large dynamic panel for 1988-1993, but treats spot volatilities as pa-

rameters.5 This approach can be seen as a generalization of the approach of Bakshi, Cao,

and Chen (1997), who estimate different model parameters on every day in the sample,

also estimating the spot volatility as a parameter. Andersen, Fusari, and Todorov (2015a)

5Bates (2000) also uses a second estimation approach that imposes the dynamic constraint on the variance.
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proceed differently and impose consistency between the spot volatility implied from options

and a high-frequency volatility estimate from returns. Our approach differs because of our

treatment of the filtering problem and the information used to filter the latent states.

Finally, several recent papers also address the need to include information from the

entire cross-section of options in estimation and propose computational improvements that

make the resulting estimation problems feasible. Feunou and Okou (2017) propose the use

of option-implied moments to capture the cross-sectional information. Hurn, Lindsay, and

McClelland (2015) document the advantages of parallel computing when using the particle

filter to estimate complex option pricing models using large cross-sections of option prices.

The paper proceeds as follows. Section 1.2 presents the option valuation model used in

our empirical work and the return and option data used in estimation. Section 3.3 discusses

the estimation of the model dynamics from returns and options. Section 1.4 presents the

empirical results and Section 1.5 discusses the implications of our estimates for parameter

inference and identification, as well as the relative importance of returns and options for

parameter estimates. Section 3.6 concludes.

1.2 Model and Data

We first discuss the return dynamic and the option valuation formula. Subsequently we

discuss the return and option data.

1.2.1 The Model

Our approach can in principle be applied to any parametric option pricing model. To il-

lustrate the advantages of our approach and the implications of restrictions on the option

sample, we report on models that are well-known and that have been extensively studied.

This allows us to demonstrate that our methods produce reliable estimation results, while

we can also explain differences in estimation results by referring to the (larger) option data
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sets used in our analysis. We therefore base our empirical work on the SVCJ model with

contemporaneous jump arrivals in return and variance (Duffie, Pan, and Singleton, 2000):

dSt
St

= (rt − δt + γt − λµ̄s)dt+
√
VtdZt + (eJ

s
t − 1)dNt (1.1)

dVt = κ(θ − Vt)dt+ σ
√
VtdWt + Jvt dNt (1.2)

where St is the index level, rt is the risk-free rate, δt is the dividend yield, γt is the to-

tal risk premium, κ denotes the speed of mean reversion, θ the unconditional mean vari-

ance, and σ determines the variance of variance. dZt and dWt are Brownian motions with

corr(dZt, dWt) = ρ. Nt is a Poisson process with constant jump intensity λ, and Jst and

Jvt are the jump size parameters related to returns and variance, with correlation ρJ . We

assume Jvt ∼ Exp(µv) and Jst |Jvt ∼ N(µs + ρJJ
v
t , σ

2
s). The term λµ̄s is the compensation of

the jump component, with µ̄s = e(µs+σ
2
s/2)

1−ρJµv
− 1.

We assume that the risk neutral dynamic is given by:

dSt
St

= (rt − δt − λµ̄Qs )dt+
√
VtdZ

Q
t + (eJ

sQ
t − 1)dNQ

t (1.3)

dVt = κQ(θQ − Vt)dt+ σ
√
VtdW

Q
t + JvQt dNQ

t (1.4)

where we assume that the diffusive variance risk premium is equal to ηvVt, and thus κQ =

κ− ηv and θQ = (κθ)/κQ. We assume that the jump risk premiums are entirely attributable

to the mean jump sizes of return and variance: ηJs = µs − µQs and ηJv = µv − µQv .6 The

jump intensity λ and the standard deviation of the return jump size σs do not change across

measures. Therefore, the total equity risk premium can be written as γt = ηsVt+λ(µ̄s− µ̄Qs ),

where ηsVt is the diffusive equity risk premium, which is assumed to be linear in Vt.

The SVCJ specification nests several models in the existing literature. See Singleton

6We use a simple structure of the jump risk premium because of concerns regarding identification, fol-
lowing Eraker (2004) and Pan (2002), for example. Broadie, Chernov, and Johannes (2007) investigate
more general entertain assumptions regarding the return jumps risk premium, but they use a very different
empirical design.
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(2006) for a detailed discussion. If we set λ = 0, it reduces to the SV model of Heston

(1993). If we shut down the jump in variance, it becomes the SVJR model of Bates (1996).

It also nests a model with variance jumps only (SVJV) if we shut down the jumps in returns.

Note that we do not estimate the more general SVSCJ model studied in Eraker, Johannes,

and Polson (2003) and Pan (2002), which makes the jump intensity a function of volatility.

Given the computational burden of estimating the models under consideration using option

data, we leave the study of this model for future work.

The model price of a European call option CM(Vt,Θ) with maturity τ and strike price

K is given by:

CM(Vt,Θ) = e−rtτEQ[max(ST −K, 0)] (1.5)

We use the Fast Fourier Transform (FFT) in Carr and Madan (1998) to compute option

prices. Because of the affine structure of the models, quasi closed-form solutions for option

prices are available. See Appendix A for a more detailed discussion. We denote the model

price by CM as opposed to the option’s market price C. The model price is computed given

the current state Vt and model parameters Θ(κ, θ, σ, ρ, λ, ...). In our application, we need to

repeatedly calculate prices of options with different spot variances and the ability to vectorize

the formula is important for computational reasons.

1.2.2 Return and Option Data

We use S&P500 returns and option prices for the period January 1, 1996 to December

31, 2015, a total of 5031 trading days. The need to use a long sample to identify return

dynamics for option valuation is emphasized by Eraker, Johannes, and Polson (2003), Eraker

(2004) and Broadie, Chernov, and Johannes (2007), for example. We obtain index returns

and risk-free rates from CRSP, and option prices, zero coupon yields, and dividend yields

from OptionMetrics. Panel A of Figure 1.1 plots the time series of the daily returns. The
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financial crisis is readily apparent, and it is characterized by large negative as well as positive

returns. Panel B of Figure 1.1 plots the squared returns. This figure clearly demonstrates

the challenges in modeling the twenty-year sample period. In the financial crisis the variance

spikes up, but mean reverts rather quickly. The same observation applies to other periods

with large variance spikes. Panel A of Table 3.1 provides descriptive statistics on the index

returns. They exhibit negative skewness and excess kurtosis.

We use both put and call index options and impose the following standard filters on the

option data:

1. Discard options with fewer than 5 days and more than 365 days to maturity.

2. Discard options with implied volatility less than 5% and greater than 150%.

3. Discard options with volume or open interest less than 5 contracts.

4. Discard options with quotes that suggest data errors. We discard options for which the

best bid exceeds the best offer, options with a zero bid price, and options with negative

put-call parity implied price.

5. Discard options with price less than 50 cents.

After imposing these filters, the resulting data set contains 945,110 option contracts. The

sample contains more puts than calls, as expected. Moreover, the option data set obtained

after imposing these filters is not balanced over time. This imbalance is substantial: we have

almost eight times more options in 2015 than in 1996. In principle, this is not a problem,

but the results from a more balanced data set are easier to interpret.

We therefore create a more balanced panel. Put prices are converted into call prices

based on put-call parity. We use six moneyness bins and five maturity bins. Moneyness is

defined as strike price divided by index price (K/S). For each moneyness-maturity bin, we

include only the most liquid option, defined as the option with the highest trading volume.

The data set thus has thirty options per day unless options are not available for certain bins.

This procedure yields a data set with 129,182 option contracts. Panel B of Table 3.1 provides

sample sizes for these moneyness-maturity bins. Our analysis is based on this more balanced
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data set.7 Panel B of Table 3.1 also reports average option prices and implied volatilities for

these moneyness-maturity bins.

1.3 Estimation

We first discuss how the particle filter can be used to estimate models with latent states,

and stochastic volatility models with jumps in particular. We then briefly discuss how

this framework can be applied to estimate these models using return data. We discuss the

computational problems that arise when applying these models to option data and how

we address these problems. Finally we outline how we combine return and option data in

estimation.

1.3.1 Estimation Framework and Notation

We first discuss the estimation method in general, because the algorithm is conceptually

similar when different data sources are used. The implementation of the algorithm however

differs dependent on the observables: returns, options, or both. We first need to time-

discretize the continuous-time model. Several discretization methods are available and every

scheme has certain advantages and drawbacks. We use the Euler scheme, which is easy to

implement and has been found to work well for this type of applications (Eraker, 2004).

Applying Ito’s lemma and discretizing (3.1)-(3.2) gives

Rt+1 = ln(
St+1

St
) = rt − δt − Vt/2 + γt − λµ̄s +

√
Vtzt+1 + Jst+1Bt+1 (1.6)

Vt+1 − Vt = κ(θ − Vt) + σ
√
Vtwt+1 + Jvt+1Bt+1 (1.7)

where zt+1 and wt+1 are distributed standard normal. The discrete jump frequency Bt+1

follows the Bernoulli distribution. For each time period, there is either no jump or one

7Note that the data are still unbalanced because in the early years of the sample we do not have many
observations for short-maturity out-of-the-money calls and/or in-the-money puts.
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jump. The corresponding discretized risk-neutral dynamics are identical but use the risk-

neutral parameters. We implement the discretized model using daily returns, but we report

annualized parameter estimates below.

We assume that observed option prices are equal to the model price plus error:

Ct,h = CM
t,h(Vt|Θ) + εt,h (1.8)

where h = 1, 2, .., Ht and Ht is the total number of options at date t. We assume εt,h is

normally distributed and εt,h ∼ N(0, σ2
c ).

8

It is helpful to formulate these dynamics in a state-space representation. Denote Lt+1 as

the latent states that are used to generate the observables Ot+1. Based on the discretiza-

tion, Lt+1 = (Vt, Bt+1, J
s
t+1, J

v
t+1) and Ot+1 = ({Ct}, Rt+1) where {Ct} = (Ct,1, ..., Ct,Ht).

9

Define the measurement density by f1(Ot+1|Lt+1) and the transition density by f2(Lt+1|Lt).

The latent states evolve through the transition density function, while the observables are

realizations conditional on the latent states and the measurement density. The state-space

representation applies regardless of whether we observe returns, options, or both. When

returns are the observables, f1 refers to equation (3.21); when options are the observables,

f1 is given by equation (3.23).10 For the persistent latent variance, Vt, f2 represents equa-

tion (3.22) and for the non-persistent jump variable, f2 is simply a random draw from the

corresponding distribution.

The discretized dynamics can therefore be described as follows:

8We also investigated a time-varying σc, but this did not lead to significant improvements in option fit.
9Note the timing convention in the notation: Vt generates the cross-section of option prices {Ct}; and Vt,

together with Bt+1 and Js
t+1, produces the next period return Rt+1.

10Since the option price depends only on the current spot variance and the risk-neutral expected jumps
rather than the realized jumps, f1({Ct}|Lt+1) reduces to f1({Ct}|Vt), which explains the timing convention
in equation (3.23).
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(Lt+1)
f2−→ (Lt+2)

f2−→ (Lt+3)
f2−→ ...

↓ f1 ↓ f1 ↓ f1

Ot+1({Ct}, Rt+1) Ot+2({Ct+1}, Rt+2) Ot+3({Ct+2}, Rt+3) ...

(1.9)

Although we do not directly observe the latent states Lt+1, Lt+2, ..., we do observe the option

prices and/or returns in each period.

We now discuss the estimation method in general, which can apply to the case where

we observe returns, options, or both. We have two sets of unknowns: 1) parameters

Θ(κ, θ, σ, ρ, λ, ...) and 2) latent states {Lt+1(Vt, Bt+1, J
s
t+1, J

v
t+1)}. We use particle filtering to

filter the latent states and adaptive Metropolis-Hastings sampling to perform the parameter

search.

1.3.2 Particle Filtering

For now, think of the parameters Θ as given. A standard sampling-importance resampling

(SIR) particle filter can be implemented at each time t using the following steps:

Step 1. Simulate the particles forward. Using the time t resampled particles Lit, i = 1 : N ,

where N is the total number of particles, for each particle i simulate L̃it+1 from Lit according

to L̃it+1 = f2(Lt+1|Lit).

Step 2. Compute the weight for each particle and normalize:

ωit+1 = f1(Ot+1|L̃it+1) (1.10)

πit+1 = ωit+1/

N∑
j=1

ωjt+1 (1.11)
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Step 3. Resample the particles L̃it+1 according to the normalized weights {πit+1}, which

gives Lit+1, i = 1 : N . Now go back to Step 1.

We can think of the weights πit+1 as constituting a discrete probability distribution for

Lt+1. After resampling, the weight for each particle changes back to 1/N . The SIR is

extremely intuitive and simple to implement. However, since new particles are simulated

blindly in step 1, it may lead to the well known sample impoverishment problem (Johannes,

Polson, and Stroud, 2009), especially when N is not very large. Consider a scenario where

we have an extremely large negative return at t+ 1. Particles with large Vt or large negative

return jump occurrence will receive large weights, while other particles will be assigned

weights close to zero. As a result, the resampling might consist of repeated values of these

few particles.

Pitt and Shephard (1999) introduce the Auxiliary Particle Filter (APF) to solve this

problem by resampling before propagation. The steps of the APF can be described as

follows:

Step 1. Compute the first stage weights based on the predictive likelihood for each

particle Lit. We need to first calculate the time t expected values for each particle.

L̂it+1 = E(f2(Lt+1|Lit)) (1.12)

Then we compute the weights evaluated at this conditional expectation

1ω
i
t+1 = f1(Ot+1|L̂it+1) (1.13)

Finally we normalize the weights, similar to what we do in the SIR.

1π
i
t+1 = 1ω

i
t+1/

N∑
j=1

1ω
j
t+1 (1.14)
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Step 2. Resample Lit according to the weights {1πit+1}, which gives L̆it.

Step 3. Simulate particles forward by taking into account new observations, L̃it+1 =

f2(Lt+1|L̆it, Ot+1).

To simulate the latent states in L̃it+1 = (Ṽ i
t , B̃

i
t+1, J̃

s,i
t+1, J̃

v,i
t+1), we simulate the jump ar-

rivals B̃i
t+1, the return jump size J̃s,it+1, the spot variance Ṽ i

t and the variance jump size J̃v,it+1

sequentially, while marginalizing out everything else. Note that J̃v,it+1 does not affect the

observable Ot+1, but only affects V i
t+1 in the next period. We therefore omit J̃v,it+1 in the

notation of the conditioning information set. We proceed as follows. First, B̃t+1 takes the

value of 1 with probability:

p(Bi
t+1 = 1|Ĵs,it+1, V̂

i
t , Ot+1) ∝ f1(Ot+1|Ĵs,it+1, V̂

i
t , B

i
t+1 = 1) (1.15)

where Ĵs,it+1 = µs is the expected return jump size and V̂ i
t = E(f2(Vt|V̆ i

t−1, B̆
i
tJ̆

v,i
t )) is the

expected spot variance at time t. Next, we simulate J̃s,it+1 conditional on B̃t+1, V̂
i
t and Ot+1,

we simulate Ṽ i
t conditional on B̃t+1, B̆

i
tJ̆

v,i
t and Ot+1, and we simulate J̃v,it+1 conditional on

J̃s,it+1.

Step 4. Compute the second stage weight for each particle L̃it+1:

2ω
i
t+1 = f1(Ot+1|L̃it+1)/f1(Ot+1|E(f2(Lt+1|L̆it))) (1.16)

2π
i
t+1 = 2ω

i
t+1/

N∑
j=1

2ω
j
t+1 (1.17)

Step 5. Another resampling on L̃it+1 according to the weights {2πit+1}, which gives Lit+1,

i = 1 : N .

The APF differs from the standard SIR in two ways: 1) the APF resamples before

simulating new latent states according to the predictive likelihood and thus only particles

with high likelihood to have generated Ot+1 move forward; 2) the APF takes new observations
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into account to propagate new latent states. These two key characteristics of the APF are

crucial for capturing rare events and help correct potential sample impoverishment problems

associated with the standard SIR particle filter. See Pitt and Shephard (1999) and Johannes,

Polson, and Stroud (2009) for more detailed discussions.

1.3.3 Adaptive Metropolis-Hastings MCMC

We use the Adaptive Metropolis-Hastings MCMC (AMH-MCMC) for the parameter search.

The AMH-MCMC technique is originally based on Metropolis et al. (1953) and Hastings

(1970) and is widely used in the existing literature due to its flexibility, especially when

dealing with high-dimensional distributions.11 In general, AMH-MCMC randomly samples

a parameter set from a proposal distribution qj(Θ
p
j |Θj−1) and subsequently accepts a new

parameter vector Θp
j with probability:

α(Θp
j ,Θj−1) = min(1,

f1(O1:T |Θp
j)p(Θ

p
j)/qj(Θ

p
j |Θj−1)

f1(O1:T |Θj−1)p(Θj−1)/qj(Θj−1|Θp
j)

) (1.18)

where f1 denotes the (simulated) likelihood and p(Θ) is the prior for Θ, which can be

uninformative. We assume a flat prior and thus p(Θp
j) = p(Θj−1).

12

We assume the proposal distribution qj(Θ
p
j |Θj−1) to be multivariate normal with mean

zero. Tuning the parameter variances in this proposal distribution is crucial to achieve

estimation efficiency. Roberts and Rosenthal (2009) propose the adaptive random walk

scheme, where qj is estimated from previous iterations (Θ1, ...,Θj−1) after a given amount of

iterations. For example, we start from some pre-specified variance for each parameter and run

1000 iterations. Then, we adjust the new variance for each parameter of qj, j = 1001 : 2000

to be the variance calculated from the first 1000 iterations, and so on. Note that if qj is set

to be a fixed distribution q, this implementation reduces to the standard MH algorithm.

11See Johannes and Polson (2009) for an in-depth discussion.
12We found it difficult to distinguish between frequent small return jumps and more infrequent large return

jumps, especially when estimating using returns only. Following Eraker, Johannes, and Polson (2003), we
therefore impose an informative prior on jump frequency to favor infrequent but large return jumps when
index returns are the only observables.
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In short, the idea behind AMH-MCMC is to search for optimal parameters by moving

to a new parameter set with probability one if it generates a higher likelihood than the

previous parameter set. To avoid local optima, the algorithm moves to new parameter set

with a non-zero probability even if the new likelihood is lower than the previous one.

The total likelihood in equation (1.18) is simply a by-product of particle filtering. Accord-

ing to Malik and Pitt (2011), the total likelihood associated with the particle filter conditional

on a set of parameters can be expressed as a function of the unnormalized weights:

f1(O1:T |Θ) =
T∏
t=1

{(
1/N

N∑
j=1

1ω
j
t+1

)(
1/N

N∑
j=1

2ω
j
t+1

)}
(1.19)

As a special case, for the SIR we only have first stage weights. The total likelihood therefore

reduces to:

f1(O1:T |Θ) =
T∏
t=1

{
1/N

N∑
j=1

ωjt+1

}
(1.20)

Generally, in particle filtering we need to keep all the historical information (the an-

cestors) of every particular particle at time t. This becomes increasingly time consuming

(O(T 2)) as T increases, especially when we have a large N . However, since the likelihood

function (1.20) does not require us to record the latent variable path, we proceed by simply

conducting the parameter search first without recording the latent processes, and then back

out latent states with the result of the parameter search. In our application, we noticed

that although the APF performed better for filtering latent states given a set of parameters,

it performed worse than the SIR in parameter search due to the more volatile likelihood.

Therefore, we apply SIR for the parameter search and then filter the latent states using

APF. In our implementation, we use 10,000 particles.
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1.3.4 Estimation Using Returns Data

As mentioned above, the algorithm can be applied to different sources of information, which

corresponds to different likelihoods f1(Ot+1|Lit+1). First consider estimation based on returns,

where we simply use returns as the observables. Using equations (3.21) and (3.22) this gives:

f1(Ot+1|Lit+1) = f1(Rt+1|Lit+1)

=
1√

2πV i
t

exp

{
−1

2

[
Rt+1 − (rt − δt − 1

2
V i
t + ηsV

i
t − λµ̄s + Jst+1Bt+1)

]2
V i
t

}
(1.21)

The Appendix provides additional details on particle filtering based on returns data. See

also Christoffersen, Jacobs, and Mimouni (2010) for a related implementation on the SV

model.

1.3.5 Estimation Using Option Data

We now consider model estimation using option data only, that is, estimation that does not

consider the underlying returns.

The existing literature that estimates option pricing models using large panels of options

deals with latent states such as the spot variance broadly in two ways. The first approach

is to extract the state variables from return data, either by filtering from daily returns or

by calibrating from intra-day data. See for example Andersen, Fusari, and Todorov (2015a)

and Christoffersen, Jacobs, and Mimouni (2010). The other approach is to treat the spot

variance as a parameter to be estimated along with other parameters (Bates, 2000). Both

these estimation approaches are viable, but the resulting parameter estimates will either

reflect return-based information or ignore the dynamic of the spot variance. We now discuss

an alternative approach that uses the particle filter to estimate model parameters exclusively
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based on option data.

1.3.5.1 Computational Constraints

The instantaneous variance follows the transition equation (3.22), but now the observables

consist of a cross-section of Ht option prices for each day, denoted by {Ct}. The filtering

problem therefore consists of evaluating the likelihood of observing the market option prices

conditional on the latent states.

Conceptually this filtering procedure is as straightforward as the one using returns; how-

ever, it encounters significant computational constraints. The measurement density now

corresponds to equation (3.23). Rather than one return for each time period t, we now have

(in our sample) up to thirty option prices available at time t. The likelihood for the ith

particle at time t can be calculated as:

f1(Ot+1|Lit+1) =

(
Ht∏
h=1

f1(Ct,h|CM
t,h(V

i
t |Θ))

)1/Ht

=

(
1√

2πσc

)
exp

(
−
∑Ht

h=1(Ct,h − CM
t,h(V

i
t |Θ))2

2σ2
cHt

) (1.22)

We take the square root of Ht in order to normalize the likelihood with respect to the different

numbers of options on each day. The total likelihood for the entire sample summing over all

particles is:

f1(O1:T |Θ) =
T∏
t=1

{
1/N

N∑
i=1

[(
1√

2πσc

)
exp

(
−
∑Ht

h=1(Ct,h − CM
t,h(V

i
t |Θ))2

2σ2
cHt

)]}
(1.23)

When computing this likelihood, a quasi closed-form solution for the option price is avail-

able in the affine models we consider, and each option price takes less than 0.01 seconds to

evaluate. Nonetheless, this computation encounters significant computational constraints.

For each function evaluation we have to evaluate option prices along three dimensions: for
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each option, for each particle, and for each day. Our sample period consists of 5031 trading

days and up to 30 options per day, and 10,000 particles leads to approximately 1,500,000,000

computations of the option price in each function evaluation, which is computationally in-

feasible.

1.3.5.2 The Implied Spot Variance Method

Given this computational burden, we propose a more efficient filtering algorithm based on the

implied spot variance. The motivating idea can loosely be thought of as reducing the three-

dimensional option evaluation computation into a (pseudo) two-dimensional computation.

According to equation (1.22), a particle’s likelihood is inversely proportional to the sum

of squared pricing errors (SSE) for that particle. Define the implied spot variance (ISV) on

day t as the spot variance that results in the smallest SSE:

ISVt = arg min
ISVt

Ht∑
h=1

(Ct,h − CM
t,h(ISVt|Θ))2 (1.24)

To illustrate how this sum of squared errors changes with particle values, we select a typical

day in our sample, December 1, 2015. Figure 1.2 scatter plots the SSE against the particle

values using the following parameter values for the Heston model: κ = 3, θ = 0.25, ρ = −0.7,

and σ = 0.4. We have repeated this analysis for other days, models and parameter values

and the conclusions are very similar.

By definition, the ISV is the lowest point on the parabola. The further a particle is

away from ISV, the larger the SSE. Thus, we can fit this parabola and compute the SSE for

any particle according to its distance to ISV. This simplifies an O(T ∗ N ∗ H) problem to

roughly an O(T ∗H) problem, where H = 1
T

T∑
t=1

Ht. In reality the reduction in computational

complexity is less spectacular because we need an extra ISV search step. Fortunately, this

step is extremely fast. For given parameters, the ISV search step is performed by a two

stage grid search: in the first stage, we divide the domain for the variance into 20 grids,

and evaluate the SSE for each grid point; in the second stage, we divide the space on both
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sides of the lowest SSE grid point into another 20 grids, and we evaluate the SSE once more.

The ISV is given by the grid point with the lowest SSE. The accuracy of the ISV search

may of course be affected by the discreteness of the grid, but we can increase the number

of grid points to improve accuracy. We have extensively experimented with this. We have

also compared our approach to the gradient search method and found that 20 grids provide

a satisfactory approximation.

After we obtain ISVt, we fit a parabola using the grid points, and then we compute the

SSE for each particle: SSEi,t = a1,t + a2,t ∗ (V i
t − ISVt)2. The likelihood for particle i can

now be calculated as follows:

f1(Ot+1|Lit+1) =

(
1√

2πσc

)
exp(−SSEISV,t(b̂t ∗ (V i

t − ISVt)2 + 1)

2σ2
cHt

) (1.25)

which gives

f1(O1:T |Θ) =
T∏
t=1

{
1/N

N∑
i=1

[(
1√

2πσc

)
exp(−SSEISV (b̂t ∗ (V i

t − ISVt)2 + 1)

2σ2
cHt

)

]}
(1.26)

where we use SSEISV,t = a1,t and
SSEi,t
SSEISV,t

= 1 + bt(V
i
t − ISVt)

2 with bt = a2,t
a1,t

. Rather

than computing option prices for N = 10, 000 particles, we now only need to compute 40

grids in the ISV search step and then for each particle we calculate its likelihood based on its

distance to ISV. In other words, we get rid of one dimension (the number of particles N) when

computing option prices, thus saving more than 99% of computation time. Moreover, the

ISV search step is sequentially independent, and therefore we can parallelize the computation

on t = 1 : T . Note also that while the likelihood in equations (1.25) and (1.26) can be written

in terms of the latent variable Vt, the filtered variance jumps are required in order to obtain

the filtered variance path.
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1.3.5.3 How Reliable is the ISV Particle Filter?

While our implementation of the particle filter is computationally much less expensive, the

question arises how accurately it approximates the log likelihood for a conventional imple-

mentation of the particle filter. The problem is of course that to investigate the quality of

this approximation, the computational costs of the conventional particle filter again become

an obstacle.

We therefore investigate the quality of the approximation using a subsample. We limit

ourselves to the option sample for the year 2015. Figure 1.3 compares the log likelihood

for our implementation using ISV and the traditional implementation of the particle filter.

We plot the likelihood as a function of each of the five parameters in the SV model. We

use 1,000 particles in this exercise, which makes the likelihood less smooth but makes the

exercise computationally feasible. The results suggest that our approach is very reliable

and provides a good approximation to a traditional, much more computationally expensive,

implementation of the particle filter. We have also conducted smaller-scale comparisons

using different sample periods and the results are very similar.

1.3.6 Joint Estimation Using Return and Option Data

In order to estimate the models using both sources of information, we combine the likelihood

from returns and options. The relative weights of returns and options in the likelihood are

critically important, especially because on every day, we have a single return but a large

cross-section of options. The weights affect both the likelihood of a particle in the filtering

step, as well as the total likelihood of a parameter set in the parameter search. Recall that

in our option likelihood, we normalize the likelihood with respect to the number of options

on each day. Therefore we effectively give equal weight to options and returns in the joint

likelihood. This allows us to abstract from the size of the cross-section of options and focus

on the composition of the option data. This implementation is somewhat ad-hoc, but the
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specification of any joint likelihood of options and returns is not entirely guided by theory

and therefore to some extent ad-hoc.

Using this approach, the resulting total likelihood for each particle on date t can be

expressed as:

f1(Ot+1|Lit+1) = f1(Rt+1|Lit+1) ∗ (
Ht∏
h=1

f1(Ct,h|CM
t,h(V

i
t |Θ)))1/Ht (1.27)

where the two components can be computed according to equations (1.21) and (1.22) re-

spectively. The relative weights are equal in the sense that we constrain the information

from returns to be equally important to the information from options, no matter how many

options we have available on a given day. Given this likelihood function for each particle,

the total likelihood can be calculated similar to the approach in Sections 1.3.4 and 1.3.5.

1.4 Empirical Results

We present and discuss estimates from returns and option data jointly, using the approach

in Section 1.3.6. We also obtained estimates exclusively based on return data, as well as

estimates exclusively based on option data, using the approaches in Sections 1.3.4 and 1.3.5

respectively. To save space we do not discuss these results in detail. Because we occasionally

refer to them, we include them in the Appendix.

We discuss our results on a model-by-model basis. We start with the simplest model, the

Heston (1993) stochastic volatility model (SV). We then discuss the model with return jumps

(SVJR), the model with variance jumps (SVJV), and the model with correlated return and

variance jumps (SVCJ). We compare our results with estimates from the existing literature.

See also Singleton (2006, chapter 15) for a discussion of existing results.

Subsequently we discuss and compare model fit. We present results for the moments

implied by the estimated option pricing models, and we use these moments to illustrate

important differences between the models. Finally, we discuss preference parameters implied
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by our estimates.

1.4.1 The SV Model

We start by discussing our estimates for the Heston (1993) square root stochastic volatility

(SV) model, which is an important building block in the option valuation literature. The first

column of Table 1.2 presents estimates of the SV model. These estimates can be compared

with estimates from the existing literature in Panel C of Table 1.3, with the caveat that the

estimates in Table 1.3 are obtained using different sample periods.13 Note that to facilitate

comparisons, the estimates in Table 1.3 are all reported in annual units. This is similar to

Pan (2002) but different from other studies such as Eraker (2004) and Broadie, Chernov,

and Johannes (2007), for example.14

To further motivate our empirical results, consider these existing estimates of the Heston

model in Table 1.3. Panel A of Table 1.3 indicates that a large number of studies report

results for the Heston model under the physical measure based on index return data. In

contrast, relatively few papers present estimates under the risk-neutral measure based on

option data, listed in Panel B, or joint estimates using both return and option data, listed

in Panel C. The studies in Panel C typically face important trade-offs due to computational

complexity. For example, Aı̈t-Sahalia and Kimmel (2007) estimate the model using return

and option data using approximate maximum likelihood. They use daily data for 1990-2004,

but on every day they only use the index return and the VIX, which effectively amounts

to using one short-maturity at-the-money option every day. Pan (2002) uses implied-state

Generalized Method of Moments (GMM) to estimate the model using return and option

data for 1989-1996. However, note that while the parameter estimates in Pan (2002) are

obtained using a very limited cross-section of options, model fit is also evaluated using a wider

13In Table 1.3, Panel A contains existing estimates for the Heston model based on returns and Panel B
contains estimates based on options.

14Compared to the estimates reported in Eraker (2004) and Broadie, Chernov, and Johannes (2007), the
estimates of κ and σ in Table 1.3 are multiplied by 2.52 (multiplied by 252 and divided by 100). The estimate
of θ in Table 1.3 is multiplied by 0.0252 (multiplied by 252 and divided by 10,000).
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cross-section. Eraker (2004) uses Markov Chain Monte Carlo (MCMC) based on return and

option data. The sample is limited to 1987-1990 and contains 3270 call options over 1006

trading days, averaging just over three options per day. Chernov and Ghysels (2000) use

Efficient Method of Moments (EMM) for the period 1985-1994, and focus on short-maturity

at-the-money calls.

We conclude that existing estimates of the Heston model that use option data face com-

putational constraints, and that they reduce the cross-sectional dimension of the option data

set, presumably partly due to these constraints. See Hurn et al. (2015) and Broadie et al.

(2007) for related discussions. Clearly some of these constraints can be addressed with ad-

ditional computational resources, but in itself this is not sufficient. We propose methods

that help overcome these constraints and allow us to keep the time-series and cross-sectional

dimension of the option data as large as possible.

We show that these methods are helpful to estimate risk premia as well as other model

parameters. Consider our estimate of the variance risk premium. The posterior mean of

ηv, the parameter that characterizes the diffusive variance risk premium, is equal to 1.0836

in Table 1.2. This estimate has the expected sign and it is highly statistically significant.

The existing literature does not contain many estimates of ηv that are based on options and

returns jointly, but nevertheless our estimate differs from the existing literature in important

ways. It is smaller and statistically significant. Several existing studies report estimates of

ηv that are not statistically significant, see for instance Eraker (2004) and Broadie et al.

(2007). Pan (2002) and Hurn et al. (2015) report statistically significant estimates. The

sample used in Hurn et al. (2015), who also obtain statistically significant estimates of ηv,

is similar to ours in the sense that it includes options with widely different moneyness and

maturity. Broadie et al. (2007) note that insignificant estimates in the existing literature

may be due to a flat volatility term structure of volatility and/or the absence of options

with longer maturities in the data. Panel B of Table 3.1 indicates that the term structure

of implied volatility in our sample varies by moneyness.
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Our estimate of ηv is also smaller than existing estimates based on options and returns.15

The small magnitude of the estimate of ηv has important implications because the variance

risk premium ηv defines the relation between physical and risk neutral mean reversion and

long-run variance. The estimate of the long-run physical variance of returns θ in Table 1.2 is

0.0351. This gives a risk-neutral long-run variance of θQ = κθ/κQ= = κθ/(κ− ηv) = 0.0706.

Consistent with the literature, the risk-neutral variance considerably exceeds the physical

variance due to a positive estimate of ηv. This finding is also consistent with nonparametric

evidence, see for example Bollerslev, Tauchen, and Zhou (2009).

Now consider mean reversion in the variance. The estimate of κ in Table 1.2 is 2.156.

The risk-neutral mean reversion parameter κQ = κ−ηv from Table 1.2 is thus equal to 2.156-

1.084=1.072. The finding that the physical and risk-neutral mean reversion estimated from

options are smaller than the physical mean reversion from returns confirms existing findings.

However, our estimate of physical mean reversion based on joint estimation is much smaller

than the estimates in Panel C of Table 1.2.16 Note that this difference is unlikely to be due

to the sample period: the return-based estimate of κ is consistent with existing estimates in

the literature. The option-based estimate suggests that our estimate of κ in Table 1.2 is due

to our option sample. One possible explanation of our findings is that in a joint estimation

exercise, the variance process is estimated to be much more persistent under the physical

measure when option samples include options with longer maturities.

We conclude that our estimate of the price of diffusive variance risk ηv differs from the

existing literature both with respect to its magnitude and statistical significance, and this

has important implications for the estimates of the mean reversion in variance. Moreover,

our estimates of κQ and θQ are more plausible than in some existing studies.

Our estimates also differ from existing results with respect to the parameters character-

izing the tails of the distribution. In Table 1.2, the estimate of ρ, the correlation between the

15Our estimate is also smaller than the estimate in Bates (2000), which is obtained using options only, but
additionally imposes a dynamic constraint on the spot variance.

16Note that κQ is negative in some existing papers, which implies a negative long-run variance θQ.
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return and variance innovations, is -0.9161, much more negative than estimates in existing

studies in Panels B and C of Table 1.3. Once again the estimates based on returns and

options separately show that this finding is driven by the option sample. Andersen, Fusari,

and Todorov (2015a) report an estimate of ρ of -0.934 when estimating the SVCJ model.

Our findings are thus more consistent with estimates from a study that mainly relies on

option-based information.

The estimate of σ in column 1 of Table 1.2 is equal to 0.4262. For this parameter, the

difference with the existing literature is somewhat more subtle. Note that the estimate of σ

based on options is 0.4091 and the estimate from returns is 0.5430. The estimate of σ based

on options and returns jointly in Table 1.2 is therefore closer to the option-based estimate,

which is smaller than the return-based estimate. Now consider the estimates of σ in the

existing literature in Table 1.3. The option-based and joint estimates in Panels B and C

are generally larger than the return-based estimates in Panel A. In studies that allow for a

direct comparison, such as Eraker (2004), Bakshi, Cao, and Chen (1997) and Christoffersen,

Jacobs, and Mimouni (2010), the option-implied variance process is more variable than the

return-implied variance process. Our findings suggest that if the variance dynamics are

imposed and large option panels are used in estimation, this finding does not necessarily

obtain. This finding is consistent with the results in Andersen, Fusari, and Todorov (2015a),

who find that the option-implied variance path is less variable than the physical variance path

estimated nonparametrically using high-frequency returns data. Note that these findings on

σ are related to our findings on ρ. Skewness is determined by ρ but kurtosis is increasing

in |ρ| and σ. Hence, our more negative estimates of ρ also make the smaller estimates of σ

possible. This again confirms the findings in Andersen, Fusari, and Todorov (2015a).

Note from Table 1.2 that most parameters are rather precisely estimated, not only the

parameter ηv which characterizes the variance risk premium. Tables 3.3 indicates that we also

get relatively small posterior standard deviations when estimating the model using options

only, but that the confidence intervals are wider when using returns only in estimation.
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Figures 3.1 and 1.5 provide more insight into this finding. These figures plot the trace for the

return-based and option-based estimation respectively of the SV model. Our implementation

of the particle filter uses 10,000 particles. For the return-based estimation, we use 50,000

iterations. For the option-based estimation, we use 2,500 iterations. We set the first one

fourth of the iterations as burn-in, and report the posterior mean and standard deviation

for each parameter from the subsequent iterations. The figure clearly indicates rather rapid

convergence for both estimation exercises and for all parameters. The figures also clearly

indicate that the estimation problem is much more stable for the option-based estimation,

which explains the smaller posterior standard deviations.

Figure 3.2 provides additional evidence on the SV model. It compares the filtered variance

paths based on returns, options and joint estimation. The filtered variance path from options

is smoother than that from returns, which is consistent with the lower values of option-based

κ and σ. The filtered variance path based on returns and options jointly in the third panel

is more similar to the option-implied path in the second panel.

We conclude that our estimates of the parameters characterizing the tails of the distribu-

tion in the Heston model, σ and ρ, also differ in important ways from much of the existing

literature.

1.4.2 The SVJR Model

We now discuss our estimates of the stochastic volatility model with return jumps (SVJR)

model in column 2 of Table 1.2. The parameters in both tables are annualized.

First consider the SV parameters κ, θ, ρ, and σ. Note that jumps in returns capture

higher moments in the return distribution, and it would therefore not be surprising if the

tail parameters ρ and σ were different from the SV model. However, the estimates of these

parameters are similar to those for the SV model in column 1.

Our estimates indicate the presence of relatively large, but infrequent jumps, which are

negative on average, with risk-neutral average jump sizes that are more negative than phys-
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ical jump sizes. The physical jump size µs is equal to −0.0134, the jump risk premium ηJs

is equal to 0.0236, and the risk-neutral average jump size µQs = µs− ηJs is therefore equal to

−0.0370. These jumps occur on average less than once per year (λ=0.895). The standard

deviation of the jumps σs is 4.91%.

The literature contains several estimation results for this model, but in most cases they

use different information compared to our approach. First, as with existing estimates of

the SV model, many of the existing estimates are obtained from returns. When estimating

based on returns, some studies find jumps that occur more frequently, while others document

larger but more infrequent jumps. Our results are closer to the latter group of studies.

Relatively few studies offer evidence based on options or options and returns. Pan (2002),

using a method of moments technique based on options and returns data, finds evidence

for relatively frequent jumps with a large risk-neutral mean and large standard deviation.

Eraker (2004) finds a risk-neutral average jump size of -5% with a standard deviation of

16.7%. These jumps occur on average once every two years. Our results are close to those

of Eraker (2004), but the estimated standard deviation of the jump size is smaller. Finally,

Broadie, Chernov, and Johannes (2007) proceed somewhat differently. They estimate the

jump parameters from (futures) options but keep the SV parameter constrained by theory

at their values estimated from returns. Despite these differences in implementation, our

findings on return jumps are rather similar to those of Broadie, Chernov, and Johannes

(2007).

Table 1.2 also presents the average equity risk premium for the different models. Recall

that the total risk premium is given by γt = ηsVt +λ(µ̄s− µ̄Qs ), where ηsVt is due to diffusive

risk and λ(µ̄s − µ̄Qs ) is due to jump risk. The average risk premium in the SVJR model

is larger than in the SV model. In the SVJR model, approximately 2% of the equity risk

premium is due to jump risk, with the remainder due to diffusive risk. Broadie, Chernov,

and Johannes (2007) report that in their sample, price jump risk premia contribute about 3%

per year to an overall equity premium of 8%. These results are obtained using futures data,
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a different sample and an entirely different approach, but they are remarkably similar. Pan

also reports roughly similar estimates, with price jump risk premia that contribute about

3.5% per year to an overall equity premium of 9%.

A variance decomposition shows that in the SVJR model, approximately 6% of the

variation in returns is due to jumps. Consistent with the existing literature, our results

therefore indicate that return jumps are relatively more important for risk premiums than

for explaining overall return variation.

1.4.3 Jumps in Variance

The third and fourth columns of Table 1.2 present estimates of the SVJV and SVCJ models,

respectively. The SVCJ model in column 4 contains jumps in returns and variance that

are correlated. Several existing studies report estimates for this model (see, among others,

Eraker, Johannes, and Polson, 2003; Eraker, 2004; Broadie, Chernov, and Johannes, 2007;

Andersen, Fusari, and Todorov, 2015a). We also report on the SVJV model in column 3

because we encountered some identification problems when implementing the SVCJ model.

The SVJV model is nested by the SVCJ model: it contains jumps in variance but not in

returns, and as a result it has three fewer parameters. This model also allows us to further

comment on the relative importance of jumps in returns and jumps in variance for modeling

returns and options.

For the SVJV model, the estimate of the risk neutral average jump size µQv = µv − ηJv

is equal to 6.46%. The estimate of the risk premium ηJv is small and negative, and the

estimate of the frequency of the jumps λ is equal to 0.919, implying these jumps occur just

less than once per year. When adding jumps in returns in the SVCJ model in column 4,

the jump size is very similar but the frequency of the jumps decreases. The estimate of the

correlation between the return and variance jump is negative, as expected, at -0.5030.

Our estimate of µQv is very close to that of Andersen, Fusari, and Todorov (2015a) and

well within the range of existing studies. The same remark applies to our correlation esti-
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mate. Furthermore, existing estimates of variance jumps seem to be much more consistent

in the literature, even though these studies use very different sample periods, compared to

the existing estimates of jumps in returns. A plausible reason for the robustness of these

estimates is that variance jumps are better identified in the data.

Our estimates also provide additional insight into the diffusive variance risk premium

ηv. Recall that in the SV model, we find that while our positive estimate is consistent

with the literature, it is also estimated precisely, which contradicts many existing findings.

When adding return jumps, our estimate of ηv is still positive and statistically significant,

but smaller. However, when adding variance jumps, the sign of ηv may change and the

statistical significance decreases. This suggests that identification of the diffusive variance

risk premium is not a problem in the absence of variance jumps. However, it is difficult to

separately identify diffusive and jump variance risk premiums. This conclusion may be due

to our use of daily data. Bandi and Reno (2016) show that identification in models with

jumps in returns and volatility is facilitated when using high-frequency intraday data.

We conclude that our estimates of variance jump parameters are overall consistent with

existing estimates. The decomposition of the average equity risk premium in diffusive and

jump components in the SVCJ model is similar to the one in the SVJR model. Approximately

2% of the equity risk premium is due to jump risk, and 7% is due to diffusive risk.

1.4.4 Model Fit

The log likelihoods in Table 1.2 are very useful as indicators of the importance of return and

variance jumps for modeling returns and options. Using a likelihood ratio test, the more

complex models are always statistically supported by the data. We also need to account

for jumps in returns as well as jumps in variance when returns and options are modeled

separately. These findings confirm the importance of jumps in returns (Pan, 2002; Bates,

2000) and jumps in variance (Broadie et al., 2007).

Table 1.2 indicates that while the jumps in returns in the SVJR model lead to statistically
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significant improvements in fit compared with the SV model, it is the jumps in variance in

the SVJV and SVCJ models that result in very large improvements in the log likelihood.

Moreover, Jumps are especially important when jointly modeling returns and options. This

suggests that these jumps are especially useful to model risk premia, consistent with the

findings in Pan (2002).

Finally, it is worth noting that despite the large improvements in log likelihood, the richer

models with jumps do not substantially outperform the simple SV model in terms of RMSE.

The RMSE for the SV model is approximately $3, and the jump models only improve the

fit by 3 cents. This confirms the results of Eraker (2004). Singleton (2006) notes that these

findings may be due to the fact that we optimize the likelihood rather than minimizing root

mean squared error. We leave a more detailed investigation for future research.

1.4.5 Option-Implied Moments

A useful way to highlight the differences between the estimated models is to study the con-

ditional moments. We present results for the conditional variance of returns, the conditional

covariance between returns and variance, and the conditional variance of variance. These

moments are provided in Panel A of Table 1.4.

Panel B of Table 1.4 presents the averages over our sample for the daily moments for

the SV, SVJR, SVJV and SVCJ models. Clearly the differences between the models are

small for the conditional variance and conditional covariance between returns and variance.

However, the models with jumps in variance are characterized by a much higher variance of

variance.

It is also useful to consider how these moments change over time. Figure 1.7 presents

the time series of the conditional variance of variance, which peaks in the financial crisis for

all four models.17 Figure 1.7 indicates that while there are large differences across models

17We do not report results for the time series of the conditional variance and the conditional covariance
between returns and variance to save space. We simply note that these paths look very similar across models.
The path of the conditional variance can be gleaned from Figure 3.2. For the conditional covariance, note
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in the average of the conditional variance of variance, as evident from Panel B of Table 1.4,

the paths of the conditional variance of variance are highly correlated across models.

1.4.6 Implied Preference Parameters

We now provide a more structural interpretation of the estimated equity and variance risk

premiums. This can be done for both the diffusive and jump risk; here we limit our analysis

to the diffusive risk. Recall that the diffusive equity premium in the models we estimate is

given by γt = ηsVt. This equity risk premium and the corresponding risk neutralization can

be motivated by a pricing kernel derived from the preferences of a representative agent.

In the case of a representative agent with power utility, the diffusive parameter ηs that

characterizes the equity risk premium is equal to the rate of relative risk aversion. Our

estimate of ηs for the SV model in Table 1.2 is equal to 2.502. This estimate is similar in

magnitude to estimates obtained in other studies that use both options and returns, such

as Hurn et al. (2015) and Eraker (2004), for example. However, it is also well-known (see

for example Bates, 2000) that in the power utility case, the parameter ηv that characterizes

the reduced form diffusive risk premium ηvVt is given by ηv = −φρσ, where φ is the rate of

relative risk aversion. It is therefore possible to use the model estimates to calibrate another,

variance-based, estimate of the risk aversion parameter, which should in principle be equal

to that implied by the equity premium. Using our estimates of ηv, ρ, and σ for the SV model

in Table 1.2, we obtain an estimate of risk aversion equal to 2.775, very close to the 2.502

estimate implied by the equity premium. We repeated this exercise using the estimates

in other studies, and in all cases we found that the estimates of risk aversion implied by

the diffusive variance risk premium are a multiple of the estimate implied by the diffusive

equity risk premium. This finding suggests that our estimates may benefit from improved

identification due to the larger cross-sections of options used in estimation.

Christoffersen et al. (2013) consider a more general utility specification in which the

from the equations in Table 1.4 that the time variation in the path is determined by the conditional variance.
The conditional covariance therefore reaches a minimum during the financial crisis for all models.
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utility of the representative agent is directly affected by the variance. In this setup the

reduced form ηs and ηv parameters are related to the rate of relative risk aversion φ and the

positive parameter that captures the variance aversion ξ as follows:

ηs = φ− ξσρ (1.28)

ηv = −ηsσρ+ (1− ρ2)σ2ξ (1.29)

Solving for φ and ξ using the parameter estimates for the SV model in Table 1.2, we find

that the implied φ and ξ are equal to 1.073 and 3.660 respectively, which means that both

parameters have the theoretically expected sign. The values are also plausible. We repeated

this exercise using parameter estimates from existing papers. Most existing estimates imply

that one of the parameters has a sign that is inconsistent with economic theory. This

finding again suggests that our estimates may benefit from improved identification due to

the presence of options with different moneyness and maturity in the sample.

1.5 The Information in Options and Returns

Using the ISV particle filter, we were able to obtain model estimates using big panels of

options. We now discuss how restricting the option sample in the moneyness and/or maturity

dimension affects parameter inference and identification, and how it impacts the relative

weighting of options and returns.

1.5.1 Likelihoods for Different Option Samples

The motivation for our newly proposed implementation of the particle filter is that while

cross-sectional information is helpful for identification of certain model parameters, conven-

tional implementations of the particle filter, as well as other existing estimation methods, are
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computationally very expensive when using large option panels. As previously discussed, this

is one of the reasons why existing studies have restricted the time-series and cross-sectional

dimension of the data. A natural question is if restricting the data set in this way affects

inference, model properties, and identification.

These implications can in principle be studied in various ways. One approach is to

use Monte Carlo techniques: simulate repeated option data samples for a given model and

then investigate if we can retrieve the known parameters. This approach is very instructive

but also has some clear disadvantages. We therefore use a more direct approach. We simply

inspect the log likelihood as a function of the parameters of interest. Because of the high cost

of computing the log likelihood, this approach is not feasible using many existing estimation

techniques, such as the conventional implementation of the particle filter. However, with our

implementation of the particle filter, it is relatively straightforward to evaluate the likelihood.

Figure 1.8 illustrates these implications using the parameters of the SV model. We

present the log likelihood as a function of the parameters in the SV model: κ, θ, σ, ρ, and

the price of diffusive variance risk ηv. In each of the panels in Figure 1.8, the solid line

represents the log likelihood for the option sample we use in our empirical exercise in Section

1.4, which we refer to as ALL. This dataset is described in Panel B of Table 3.1. The two

other lines present the log likelihoods as a function of the parameters for more restricted

option samples. Following the existing literature, we restrict either the moneyness dimension

or the maturity dimension. ATM represents the sample with ATM options but all maturities

and SM represents the sample with short maturity options but all moneyness. For the ATM

sample, we exclude options with moneyness outside the 0.98-1.02 range. We select up to six

options for each of the five maturity bins in Table 3.1. For the SM sample, we rely on a

sample with options with maturity less than 30 days in Panel B of Table 3.1.18 Note that the

ATM and SM datasets are somewhat smaller than the one used in our benchmark analysis,

but because the likelihood is scaled back by the number of options in the dataset, this does

18Because the sample does not contain options with maturity less than 5 days, if options with maturity
less than 30 days are not available we include the options for the shortest maturity longer than 30 days.
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not affect the comparison in Figure 1.8. The critical difference between the datasets is the

characteristics of the options in the sample. Panel C of Table 3.1 presents the sample sizes

as well as descriptive statistics.

The top two panels of Figure 1.8 show that the log likelihood for the ATM sample is very

similar to the log likelihood for the ALL sample as a function of the κ and θ parameters.

However, when only using short maturities (the SM sample), the log likelihood is very flat,

which may complicate inference.19 The two panels in the middle row of Figure 1.8 show

the log likelihood as a function of the σ and ρ parameters. Overall, the results confirm our

intuition. The likelihood is flatter for the ATM sample than for the ALL sample. However,

Figure 1.8 clearly indicates that this problem is much more serious for the skewness param-

eter ρ than the kurtosis parameter σ. Moreover, including different maturities also clearly

facilitates inference on the skewness parameter.

Finally, the bottom panel presents the results for the price of diffusive variance risk ηv.

The results are consistent with those for the other parameters.

Figure 1.9 reports on a similar exercise for the jump parameters. The two top panels

report on jumps in returns in the SVJR model. The two bottom parameters report on jumps

in variance in the SVJV model. In each case, the left panel reports on jump frequency and

the right panel reports on jump size. The most important observation is that Figure 1.9

confirms the conclusions from Figure 1.8. Limiting the option sample makes it more difficult

to conduct inference on the jump parameters. This is especially the case when using options

with similar (short) maturities. Figure 1.9 also suggests that the parameters associated with

variance jumps are easier to identify than the parameters associated with return jumps. The

risk premium associated with the return jump is especially hard to identify.

These findings have important implications for the existing literature. As mentioned

19This finding is not necessarily due to the use of short maturities, but rather to the absence of multiple
maturities in the sample. We verified that similar problems obtain when only long-maturity options are
included in the sample. When using a single maturity, it is difficult to estimate mean reversion, which also
affects the estimation of other parameters. We present results for samples with short maturities only because
of the existing literature.
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above, many existing studies use samples that consist exclusively of short-maturity and/or

at-the money options. One of the reasons for these restrictions is that estimation is pro-

hibitively costly with large option panels. Our findings show that sample composition im-

pacts inference, and using larger samples requires new estimation approaches such as the one

we propose. Moreover, our findings suggest that with very restricted samples, identification

of some of the parameters may be a problem. This may explain the substantial differences

between parameter estimates in the existing literature, although differences in sample period

as well as other variations in the empirical setup may also play a role.

1.5.2 Returns and the Cross-Section of Options

It is well-known that when using both return and option data in a joint estimation exercise, in

some cases the data heavily weigh the information in the options. In the existing literature,

this is mainly due to the fact that we have only one return per day but a large number of

options. However, recall that our approach effectively gives equal weights to returns and

options to avoid this imbalance. In our implementation, it is therefore the cross-sectional

composition of the option sample that determines the relative weight of returns and options.

Figure 1.10 illustrates the relative information in the option and return data in a joint

estimation exercise, and the impact that the choice of option sample can have on this trade-

off. We present the log likelihood as a function of four parameters in the SV model: κ, θ,

σ, and ρ. In each of the panels, the broken line represents the log likelihood for the option

sample we use in our empirical exercise in Section 1.4. The solid line represents the likelihood

for returns.

Figure 1.10 indicates that the option data are much more informative about the model

parameters than the return data. The return likelihood is flatter than the option likelihood

for all parameters, with the exception of ρ. The return likelihood clearly indicates that

values of ρ close to -1 are not supported by the return data, whereas the option data have

difficulty differentiating between values of ρ between -0.9 and -1.
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Now consider the likelihoods in Figure 1.8, based on samples that are restricted in the

moneyness or maturity dimension. These samples result in much flatter option likelihoods

as a function of some of the parameters, and this will affect the relative importance of the

return and option data in joint estimation. This may explain why existing studies based on

returns and options often report estimates of ρ closer to -0.6, whereas our estimate in Table

1.2 is approximately -0.9.

1.6 Conclusion

Estimating state-of-the art option valuation models is challenging due to the complexity of

the models and the richness of the available option data. We implement an estimation ap-

proach that partly overcomes these constraints, by filtering the state variables using weights

based on model-implied spot volatilities rather than model prices.

We first demonstrate that this approach is reliable. Then we illustrate our approach

by estimating the class of models with jumps in returns and variance (Duffie, Pan, and

Singleton, 2000) using twenty years of daily data, and almost thirty option contracts per

day with different maturities and widely different moneyness. We confirm that both return

and variance jumps are important, but variance jumps more so. Some of our parameter

estimates are consistent with the existing literature, but we obtain more precise estimates of

the diffusive price of variance risk, and the diffusive parameters characterizing the tails and

the persistence of the variance process also differ from most existing studies.

We use our approach to show that sample composition affects estimation results. Re-

strictive option samples may give rise to flat likelihoods, which complicates inference. When

both returns and options are used in estimation, the composition of the option sample may

affect the relative importance of returns and options for parameter estimates. While some of

these findings are not necessarily surprising, it is important to characterize the implications

of restricting the option sample. Such restrictions may affect not only comparisons between
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existing studies, but also our overall assessment of these models and the option valuation

literature.

Moreover, our results provide guidance on the optimal way to restrict the sample, if and

when restrictions are required. For instance, we find that for the models studied in this

paper, certain restrictions in the moneyness dimension do not have serious consequences,

while limiting the sample to a narrow range of maturities is likely to cause identification

problems. However, we leave a more detailed study of the optimal composition of the option

sample for future research.

Our results suggest several other extensions. In future work we intend to use the com-

putational advantage of our approach to study richer models with multiple volatility factors

(Bates, 2000), time varying jump intensities (Pan, 2002), tail factors (Andersen, Fusari, and

Todorov, 2015a), and different parametric specifications of the jump processes (Bates, 2012;

Andersen, Fusari, and Todorov, 2017). Our approach can also be combined with the use

of high-frequency returns (Bates, 2018) or volatility estimates based on high-frequency data

(Andersen, Fusari, and Todorov, 2015b). A more detailed comparison of the computational

efficiency and properties of our approach and that of existing methods is also needed. Finally,

we plan to investigate the implications of the choice of error specification and loss function

(Hurn et al., 2015) for parameter estimates and model performance.
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Figure 1.1: Daily Returns and Squared Returns 1996-2015
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Notes: We plot daily log returns in the top panel. In the bottom panel, we plot squared daily log returns.
The sample period is from January 1, 1996 until December 31, 2015.
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Figure 1.2: Sum of Option Pricing Errors vs Particles
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Notes: We show how the sum of squared pricing errors changes with the particle values in the case of the
SV model. For each of the particle values (spot variances), we calculate the sum of squared pricing errors.
We use option data for December 1, 2015 and the following parameter values: κ = 3, θ = 0.25, σ = 0.4, and
ρ = −0.7.
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Figure 1.3: Log-Likelihoods Based on the ISV Particle Filtering Method
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Notes: Using all option data in the sample for the year 2015, we plot the log likelihood based on particle
filtering with the ISV method (ISV), and we compare it to the log likelihood using the conventional
implementation of the particle filter (CPF).
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Figure 1.4: Parameter Trace for SV Model Parameters. Return-Based Estimation
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Note: We plot the full traces for each parameter in the SV model. We use 50,000 iterations. The first 1/4
of the iterations are treated as burn-in.
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Figure 1.5: Parameter Trace for SV Model Parameters. Option-Based Estimation
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Note: We plot the full traces for each parameter in the SV model. We use 2500 iterations. The first 1/4 of
the iterations are treated as burn-in.
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Figure 1.6: Filtered Variance Paths. SV Model
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Notes: We plot the filtered variance path estimated from returns in the top panel, the variance estimated
from options in the second panel, and the variance from joint estimation in the third panel. The bottom
panel plots the difference between the variance estimated from returns and the variance estimated from
options.
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Figure 1.7: Conditional Variance of Variance. Various Models
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Notes: We plot the conditional variance of variance for four option pricing models.
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Figure 1.8: Log-Likelihoods for Restricted Option Samples: The SV Model
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Notes: We plot the log-likelihood for the SV model as a function of the model parameters. We either use
the option sample used in our estimation exercise or samples that are restricted based on maturity and/or
moneyness. ALL represents the sample with all options. ATM represents the sample with ATM options
but all maturities and SM represents the sample with short maturity options but all moneyness.
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Figure 1.9: Log-Likelihoods for Restricted Option Samples: Jump Parameters
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Notes: We plot the log-likelihood for the jump parameters in the SVJR and SVJV models. We either use
the option sample used in our estimation exercise or samples that are restricted based on maturity and/or
moneyness. ALL represents the sample with all options. ATM represents the sample with ATM options
but all maturities and SM represents the sample with short maturity options but all moneyness.
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Figure 1.10: Log-Likelihood for Index Returns and Options
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Notes: We plot the log-likelihood for index returns vs index options as a function of model parameters. For
ease of presentation, we shift the level of the likelihood to have the same value at the maximum. Note that
we do not scale the gradient of the likelihood.
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Table 1.1: Return and Option Data

Panel A: Return Data

Mean StdDev Skewness Kurtosis Max Min
Index Returns 0.0797 0.1958 -0.0535 10.7980 0.1158 -0.0904

Panel B: Option Data

Maturity (days)
Moneyness (K/S) 5-30 30-60 60-90 90-180 180-365 All

Number of Option Contracts
0.85-0.90 4312 4750 4249 4621 4186 22118
0.90-0.95 4377 4824 4532 4839 4540 23112
0.95-1.00 4383 4838 4626 4922 4823 23592
1.00-1.05 4383 4842 4633 4949 4823 23630
1.05-1.10 4046 4741 4380 4774 4596 22537
1.10-1.15 1432 2639 2443 3711 3968 14193

All 22933 26634 24863 27816 26936 129182
Average Call Prices

0.85-0.90 149.35 150.81 158.71 165.44 184.66 161.79
0.90-0.95 100.03 105.41 113.95 125.17 146.97 118.31
0.95-1.00 40.72 50.48 60.28 76.45 101.39 65.87
1.00-1.05 11.16 20.82 30.91 45.14 71.75 35.95
1.05-1.10 2.62 4.92 9.42 19.37 40.57 15.38
1.10-1.15 2.47 2.92 5.09 9.29 23.44 8.64

All 51.06 55.89 63.06 73.48 94.80 67.66
Average Implied Volatilities

0.85-0.90 0.34 0.28 0.26 0.25 0.24 0.27
0.90-0.95 0.27 0.24 0.23 0.23 0.22 0.24
0.95-1.00 0.21 0.20 0.20 0.21 0.21 0.21
1.00-1.05 0.18 0.18 0.18 0.19 0.19 0.18
1.05-1.10 0.20 0.16 0.16 0.17 0.18 0.17
1.10-1.15 0.31 0.20 0.18 0.17 0.17 0.18

All 0.24 0.21 0.21 0.20 0.20 0.21

Panel C: Restricted Samples. Descriptive Statistics

Total No. of Options Avg.Maturity(days) Avg.Moneyness(K/S)
ALL 129182 112.02 0.9886
ATM 109987 94.61 1.0001
SM 28831 22.7978 0.9786

Notes: Panel A reports descriptive statistics for the sample of index returns. The mean and standard
deviation are annualized. Panel B reports the number of contracts, average call price and average implied
volatility in the option data set where we choose the most liquid (highest trading volume) option within
each moneyness-maturity range. Moneyness is defined as K/S. Due to the fact that OTM options are
generally more heavily traded, this data set mainly consists of OTM call and OTM put options. Panel C
presents the sample size for the restricted samples used in Figures 1.8 and 1.9. ALL represents the sample
with all options. ATM represents the sample with ATM options but all maturities and SM represents the
sample with short maturity options but all moneyness.
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Table 1.2: Parameter Estimates Based on Joint Estimation Using Returns and Options

SV SVJR SVJV SVCJ
κ 2.1564 1.5531 1.0158 1.1248

(0.0567) (0.0404) (0.0522) (0.0489)
θ 0.0351 0.0359 0.0282 0.0241

(0.0008) (0.0008) (0.0009) (0.0008)
σ 0.4262 0.4152 0.3892 0.3450

(0.0087) (0.0085) (0.0092) (0.0074)
ρ -0.9161 -0.9378 -0.9417 -0.9237

(0.0129) (0.0134) (0.0118) (0.0107)
ηs 2.5016 2.3513 2.7833 3.0401

(0.2805) (0.3081) (0.3077) (0.3486)
ηv 1.0836 0.5753 -0.1376 0.0498

(0.0472) (0.0454) (0.0421) (0.0355)
λ 0.8949 0.9188 0.6005

(0.0239) (0.0363) (0.0359)
µs -0.0134 -0.0104

(0.0008) (0.0005)
σs 0.0491 0.0426

(0.0005) (0.0006)
ηJs 0.0236 0.0361

(0.0007) (0.0003)
µv 0.0594 0.0608

(0.0011) (0.0013)
ηJv -0.0052 0.0018

(0.0012) (0.0015)
ρJ -0.5030

(0.0076)
Diffusive ERP 0.0878 0.0844 0.0785 0.0733

Jump ERP 0.0206 0.0210
Loglikelihood 1265 1281 1352 1397

Notes: We report parameter estimates jointly estimated using both returns and options for the SV, SVJR,
SVJV and SVCJ models. Parameters are annualized and under the physical measure. In parentheses, we
report the posterior standard deviation for each parameter. Diffusive ERP and Jump ERP represent the
equity risk premium due to the diffusive and jump components.
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Table 1.3: Parameter Estimates in Existing Studies: The Heston SV Model.

Panel A: Based on Returns

Author Period κ θ σ ρ
ABL 1953-1996 4.032 0.017 0.202 -0.380
CV 1980-2000 14.282 0.033 5.193 -0.629

CGGT 1953-1999 3.276 0.015 0.151 -0.279
EJP 1980-2000 5.821 0.023 0.361 -0.397
Jones 1986-2000 3.704 0.026 0.524 -0.603
Eraker 1987-1990 4.284 0.022 0.277 -0.373
Bates1 1953-1996 5.940 0.016 0.315 -0.579
CJM 1996-2004 6.520 0.035 0.460 -0.771

Panel B: Based on Options

Author Period κ θ σ ρ ηv
BCC 1988-1991 1.150 0.040 0.390 -0.640

Bates2 1988-1993 1.490 0.067 0.742 -0.571
1988-1993 1.260 0.071 0.694 -0.587 2.28

BCJ 1987-2003 7.056 0.019 0.361 -0.397
CJM 1996-2004 2.879 0.063 0.537 -0.704

Panel C: Based on Returns and Options

Author Period κ θ σ ρ ηv
Pan 1989-1996 7.100 0.014 0.320 -0.530 7.600

-0.500* -0.195*
Eraker 1987-1990 4.788 0.049 0.554 -0.569 2.520

2.268* 0.103*
ASK 1990-2004 5.070 0.046 0.480 -0.767
HLM 1990-2007 1.879 0.037 0.386 -0.741 1.9894

-0.111* -0.630*

Notes: We report parameters for the SV model in existing studies. Estimates in Panel A are physical
values. Estimates in Panel B are risk-neutral values. In Panel C, estimates with a star (*) indicate
risk-neutral values and the rest are physical values. All parameters are annualized. BCC: Bakshi, Cao, and
Chen (1997), based on the S&P 500; ABL: Andersen, Benzoni, and Lund (2002), based on the S&P 500;
CV: Chacko and Viceira (2003), based on the S&P 500; CGGT: Chernov, Gallant, Ghysels, and Tauchen
(2003), based on the DJIA; EJP: Eraker, Johannes, and Polson (2003), based on the S&P 500; Jones:
Jones (2003), based on the S&P 100; Eraker: Eraker (2004), based on the S&P 500; Bates1: Bates (2006),
based on the S&P 500; Bates2: Bates (2000), based on the S&P 500. The second row of Bates2 presents
the estimates with dynamic constraint on the spot variance; CJM: Christoffersen, Jacobs, and Mimouni
(2010), based on the S&P 500; BCJ: Broadie, Chernov, and Johannes (2007), based on the S&P 500; Pan:
Pan (2002), based on the S&P 500; ASK: Aı̈t-Sahalia and Kimmel (2007), based on the S&P 500; HLM:
Hurn, Lindsay, and McClelland (2015), based on the S&P 500.
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Table 1.4: Conditional Moments

Panel A: Conditional Moments

Conditional
Variance(R)

Conditional
Variance(V )

Conditional
Covariance(R, V )

SV Vt σ2Vt ρσVt
SVJR Vt + λ(µ2

s + σ2
s) σ2Vt ρσVt

SVJV Vt σ2Vt + λµv ρσVt
SVCJ Vt + λE(ξ)2 σ2Vt + λµv ρσVt + λρJµ

2
v

Panel B: Conditional Moments. Sample Averages

Conditional
Variance(R)

Conditional
Variance(V )

Conditional
Covariance(R, V )

SV 0.0438 0.0080 -0.0171
SVJR 0.0455 0.0075 -0.0169
SVJV 0.0450 0.0610 -0.0165
SVCJ 0.0435 0.0416 -0.0143

Notes: Panel A presents closed-form expressions for three conditional moments for each of the four models
we study. Panel B presents the sample averages for these moments. Note that
E(ξ) = µ2

s + 2µsµvρJ + ρ2Jµ
2
v + σ2

s .

53



Chapter 2

The Pricing of Volatility and Jump

Risks in the Cross-Section of Index

Option Returns

2.1 Introduction

One of the most enduring puzzles of asset pricing literature is that out-of-the-money (OTM)

index put options are associated with large negative average returns (e.g., Jackwerth, 2000;

Santa-Clara and Saretto, 2009; Bondarenko, 2014). While an index put option is a negative

beta asset and thus is expected to have a negative rate of return, the magnitudes in the data

seem too large to be consistent with standard models (Chambers, Foy, Liebner, and Lu,

2014). On the other hand, Bakshi, Madan, and Panayotov (2010) document that average

returns of OTM index call options are also negative and declining with the strike price.

This stylized fact is somewhat less known, but is perhaps even more puzzling because it

contradicts the prediction from standard theories that expected call option returns should

be positive and increase with the strike price (Coval and Shumway, 2001).1

1Related, Constantinides and Jackwerth (2009) and Constantinides et al. (2011) document widespread
violations of stochastic dominance by OTM index and index futures options.
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Previous research suggests several explanations for these large negative OTM option

returns. For example, Broadie, Chernov, and Johannes (2009) conclude that the presence

of a jump risk premium or estimation risk is consistent with historical put option returns.

Bakshi, Madan, and Panayotov (2010) relate negative OTM call option returns to a U-shaped

pricing kernel that arises in a model featuring short-selling and heterogeneity in investors’

belief about return outcomes. Polkovnichenko and Zhao (2013) consider a rank-dependent

utility model with a particular probability weighting function to explain the data. Negative

OTM option returns can also be explained with theories of skewness/lottery preferences

and leverage constraints (Barberis and Huang, 2008; Brunnermeier, Gollier, and Parker,

2007; Mitton and Vorkink, 2007; Frazzini and Pedersen, 2012). OTM options are often

associated with substantial skewness and embedded leverage, which makes them particularly

attractive for investors who have skewness preferences or face leverage constraints. The

demand pressure will drive up prices and consequently lead to low returns in equilibrium

(Gârleanu, Pedersen, and Poteshman, 2009).

This paper argues that the low returns on OTM index options are primarily due to the

pricing of market volatility risk. Options are volatility-sensitive assets, and therefore their

expected returns will critically depend on investor’s attitudes towards volatility risk. We

find that with a negative volatility risk premium, expected option returns implied from a

stochastic volatility model match the average returns of call and put options across all strikes

as well as the average returns of all the option portfolios that we consider. In particular,

consistent with the data, not only does the pricing of volatility risk imply a steep relationship

between expected put option returns and the strike price with OTM put options earning

large negative rate of returns, it also implies a non-monotonic relation between expected call

option returns and the strike price with OTM call options earning large negative expected

returns. These results are robust to different parameterizations of the stochastic volatility

process and also hold in the presence of a variance-dependent pricing kernel of Christoffersen,

Heston, and Jacobs (2013).
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Further corroborating the volatility risk premium hypothesis, we document that the

volatility risk premium positively predicts future index option returns with OTM options

and ATM straddles exhibit the strongest return predictability. Both the sign and patterns of

index option return predictability are in line with the impact of the volatility risk premium

on expected option returns in a stochastic volatility model. The index option return pre-

dictability is not due to the underlying return predictability by the volatility risk premium

(Bollerslev, Tauchen, and Zhou, 2009). It is robust to different empirical implementations

as well as to controlling for other predictors. We also show that the index option return

predictability is economically significant and can be translated into large economic gains.

We propose an option selling strategy that exploits option return predictability. The new

strategy significantly outperforms a benchmark strategy that writes index options every

month.

Lastly, we study the relationship between the pricing of price jump risk and expected

option returns. We consider a stochastic volatility jump model (SVJ) that incorporates a

compensation for price jump risk, reflecting investors’ crash fear. Consistent with Broadie,

Chernov, and Johannes (2009), we find that when jump risk is priced, the SVJ model yields

large negative expected returns on OTM put options with magnitudes very close to the data.

While the jump risk premium fits put option returns extremely well, it fails to match the

average returns of OTM calls. In particular, the presence of a jump risk premium would

imply an increasing relation between expected call option returns and the strike price with

OTM calls earning large positive expected returns, which is contrary to the data. Our results

about the jump risk premium are robust to different parameterizations. On the empirical

side, we find that the jump risk premium significantly predicts future returns on OTM put

options, but it does not predict call option and straddle returns.

Taken together, the evidence leads us to conclude that the negative average OTM index

option returns are primarily due to the pricing of market volatility risk, although the jump
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risk premium also accounts for some portion of OTM put option returns.2 Overall our results

suggest that the pricing of volatility risk has a first-order effect on the cross-section of index

option returns. The rest of the paper is organized as follows. Section 2 discusses related

literature. Section 3 investigates relative roles of the volatility and jump risk premiums

in fitting historical S&P 500 option returns. Section 4 studies the index option return

predictability. Section 5 contains robustness results, and Section 6 concludes the paper.

2.2 Related Literature

The bulk of option literature focuses on the behavior of option prices. For example, it is well

known that in the equity index options market implied volatilities from OTM put options are

consistently higher than their ATM counterparts following 1987 market crash (Rubinstein,

1994). This stylized fact is often referred to as the implied volatility skew or volatility

smirk, and it contradicts the prediction of the BSM model that implied volatility is constant

across strikes.3 The presence of a pronounced volatility skew has inspired many subsequent

studies. For example, there is an extensive literature that demonstrates stochastic volatility

and jumps are needed in order to fit the rich option price dynamics, although the empirical

evidence is somewhat mixed regarding the relative importance of these additional factors as

well as their pricing. For important contributions, see Bakshi, Cao, and Chen (1997), Bates

(2000), Chernov and Ghysels (2000), Pan (2002), Jones (2003), Eraker (2004), Broadie,

Chernov, and Johannes (2007) and Andersen, Fusari, and Todorov (2015a).4 Our paper

2OTM call options are priced with a significant premium during crisis periods. For example, buying
1-month 5% OTM call in February 2009 and holding it to maturity generates a return of -54%, despite the
fact that the S&P 500 actually went up by 6.2% over the month. By contrast, a similar episode during
normal times would be associated with a large positive return. For example, the rate of return for a same
5% OTM call is 841% from October 2004 to November 2004 during which the S&P 500 index went up by
6.3%. This premium reflects investors’ concerns about both tails (variance), not just the crash risk.

3Closely related, Aı̈t-Sahalia and Lo (1998), Jackwerth and Rubinstein (1996) and Jackwerth (2000)
document that the risk-neutral distribution inferred from option prices is not log-normal and systematically
skewed more to the left.

4Another strand of literature addresses the implied volatility skew relying on equilibrium models (e.g.,
Benzoni, Collin-Dufresne, and Goldstein, 2011; Du, 2011; Seo and Wachter, 2017). Existing studies also
suggest that the implied volatility skew might be related to demand pressure (Bollen and Whaley, 2004;
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differs from this literature in that we model option returns rather than option prices. Our

analysis suggests that the pricing of volatility risk has a first-order effect on the cross-section

of index option returns.

Our paper is closely related to the expanding literature that investigates index option

returns. Previous studies usually focus on put options and they find surprisingly low returns

for OTM index put options (e.g., Bondarenko, 2014; Jackwerth, 2000). Broadie, Chernov,

and Johannes (2009) and Chambers et al. (2014) formally compare historical put option

returns to option pricing models, and their results suggest that index put options are likely

embedded with a jump risk premium.5 We extend their analysis to include call options.

Understanding index call option returns is important for two reasons. First, Bakshi, Madan,

and Panayotov (2010) document that average returns of OTM index call options are negative

and decreasing with the strike price. Their findings about call options are puzzling because

under general economic conditions, Coval and Shumway (2001) show that expected call

option returns should be positive and increase with the strike price. Therefore any theory

that tries to explain why OTM put options have large negative returns should also explain

the puzzling returns patterns observed on OTM call options. Studying call options is also

important because call options, which are claims on the upside, are critical for disentangling

the volatility risk premium from the jump risk premium. As we will show in the next section,

the volatility and jump risk premiums have drastically different predictions on expected OTM

call option returns. Consistent with Broadie, Chernov, and Johannes (2009) and Chambers

et al. (2014), we find that expected put option returns computed with the jump risk premium

are consistent with the observed data. However, the jump risk premium would also imply

that expected OTM call option returns are positive and increasing with the strike price, which

is contrary to the data. In contrast, we show that expected option returns computed with

Gârleanu, Pedersen, and Poteshman, 2009), aversion to model uncertainty (Liu, Pan, and Wang, 2005), or
investor sentiment (Han, 2007).

5The two papers have different conclusions about whether index put option returns are consistent with
standard option pricing models with only equity risk premium (e.g., volatility and jump risks are not priced).
Our analysis confirms the results in Chambers et al. (2014) that the hypothesis of no additional risk premiums
can be rejected in general.
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the volatility risk premium match the low OTM call and put option returns simultaneously.

Related, several papers use factor-based approaches to gain a better understanding of index

option returns. Examples include Jones (2006), Cao and Huang (2007), and Constantinides,

Jackwerth, and Savov (2013). Israelov and Kelly (2017) propose a method for constructing

conditional distribution for index option returns. Driessen and Maenhout (2007) and Faias

and Santa-Clara (2017) study index option returns from portfolio allocation perspective.

Santa-Clara and Saretto (2009) investigate the impact of margin requirements on option

trading strategies.

There is a large body of literature on the pricing of volatility and jump risks in the

financial markets. The pricing of aggregate volatility and jump risks has been studied ex-

tensively in the cross-section of stock returns.6 See, among others, Ang, Hodrick, Xing, and

Zhang (2006), Adrian and Rosenberg (2008) and Cremers, Halling, and Weinbaum (2015).

Our paper is more related to studies that focus on the pricing of aggregate volatility and

jump risks in the equity index options market. Index options market, where stochastic

volatility and jump risks play a prominent role, contains rich economic information about

the pricing of these risk factors. For example, Coval and Shumway (2001) report that zero-

beta at-the-money straddle positions produce large losses and they interpret it as evidence

that systematic stochastic volatility is priced in option returns. Bakshi and Kapadia (2003)

find that delta-hedged option portfolios have negative average returns which indicates the

volatility risk premium is negative. Our results are consistent with the findings of Coval and

Shumway (2001) and Bakshi and Kapadia (2003) that the volatility risk premium is negative

in the index options market. The key difference between the above studies and this paper

is that their emphasis is on using option portfolios to infer the existence and sign of the

volatility risk premium, while this paper aims to quantify the impact of the volatility risk

6A number of studies examine the volatility risk premium based on variance swaps. See, among others,
Egloff, Leippold, and Wu (2010), Aı̈t-Sahalia, Karaman, and Mancini (2015b), and Dew-Becker et al. (2017).
Another strand of literature provides additional evidence on the market volatility risk premium by comparing
option implied volatility with realized volatility. See, among others, Lamoureux and Lastrapes (1993),
Fleming, Ostdiek, and Whaley (1995) and Christensen and Prabhala (1998).
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premiums on the cross-section of unhedged index option returns. We also document that

the volatility risk premium predicts future option returns and characterize the effect of the

jump risk premium on expected option returns.

We also contribute to the growing literature on the variance risk premium (e.g., Bollerslev,

Tauchen, and Zhou, 2009; Carr and Wu, 2009; Drechsler and Yaron, 2011; Eraker, 2012).

Existing studies find that the volatility risk premium is a strong predictor of short term U.S.

stock index returns (e.g., Bollerslev et al., 2009), and the predictability is also seen in the

international data (Bollerslev et al., 2014). This is in contrast to many traditional predictors

(e.g., dividend yield) which often operate over long horizons. Related, Bali and Hovakimian

(2009), Goyal and Saretto (2009) and Della Corte, Ramadorai, and Sarno (2016) investigate

the role of the volatility risk premium in predicting the cross-section of asset returns. Our

paper expands the existing evidence on the predictive power of the volatility risk premium

by documenting a significant time-series index return predictability by the volatility risk

premium in the S&P 500 index options market. These results are new in the literature.

It is important to note that the index option return predictability cannot be attributed to

the underlying stock return predictability by the volatility risk premium. Instead, we show

the option return predictability is likely due to the time-varying volatility risk premiums

embedded in index options.

2.3 The Volatility Risk Premium, the Jump Risk Pre-

mium and Expected Option Returns

In this section, we begin by reviewing historical returns of S&P 500 index options across a

wide range of strikes as well as returns of a number of option portfolios. We then compare

these average returns in the data to expected option returns implied by option pricing models.

We investigate whether index option returns are consistent with the pricing of volatility risk,

or the pricing of price jump risk or both.
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2.3.1 Historical S&P 500 Index Option Returns

This paper focuses on historical returns from holding S&P 500 index options. We download

S&P 500 index options (SPX) data from OptionMetrics through WRDS. The sample period

for our analysis is from March 1998 to August 2015.7 In particular, on the first trading day

after monthly option expiration date, we collect SPX options that will expire over the next

month. These options are the most frequently traded options in the marketplace and they

have maturities ranging from 25 to 33 calendar days. Prior to February 2015, the expiration

day for index options is the Saturday immediately following the third Friday of the expiration

month. Starting in February 2015, the option expiration day is the third Friday of a month.8

We also apply standard filters to option data and relegate details to Appendix.

Following the existing literature, we construct time-series of monthly holding-to-maturity

returns to S&P 500 index options for fixed moneyness, ranging from 0.96 to 1.08 for calls,

0.92 to 1.04 for puts with an increment of 2%.9 Moneyness is defined as the strike price over

the underlying index: K/S. We do not investigate options that are beyond 8% OTM or

4% ITM because of potential data issues (e.g., low price or low trading volume or missing

observations). We also compute returns on a number of option portfolios including at-

the-money straddles (ATMS), put spreads (PSP), crash-neutral spreads (CNS) and call

spreads (CSP). As pointed out by Broadie, Chernov, and Johannes (2009), returns on option

portfolios are more informative than individual option returns and therefore they provide

more powerful tests. ATMS involves the simultaneous purchase of a call option and a put

option with K/S = 1. PSP consists of a short position in a 6% OTM put and a long

7OptionMetrics data starts from January 1996. However, the settlement values (SET) for SPX options
required to compute holding-to-maturity returns are only available from April 1998. As a result, we start
sampling options in March 1998. The settlement values for S&P 500 index options are calculated using
the opening sales price in the primary market of each component security on the expiration date and are
obtained from the CBOE.

8This means we usually select options on Mondays. If Monday is an exchange holiday (e.g., Martin Luther
King Day or President’s Day), we use Tuesday data.

9The bid-ask spreads in the option market are usually large, and monthly holding-to-maturity option
returns mitigate this problem because they only incur the trading cost at initiation. Holding-to-maturity
returns are also easy to analyze analytically and avoid a number of theoretical and statistical issues associated
with high frequency option returns (Broadie et al., 2009).
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position in an ATM put. CNS consists of a long position in an ATM straddle and a short

position in a 6% OTM put. Finally, CSP combines a long position in an ATM call with a

short position in a 6% OTM call. When computing option returns, we use the mid-point of

bid-ask quotes as a proxy for option price, and we calculate option payoff at maturity based

on the index settlement values. Notice that Broadie, Chernov, and Johannes (2009) and a

subsequent study by Chambers et al. (2014) focus on index put options and several option

portfolios. We extend their analysis to include index call options. Call options are claims

on the upside, which will be critical for differentiating the volatility risk premium from the

jump risk premium.

Table 2.1 reports average monthly returns for the cross-section of index options with

different strikes as well as option portfolios. Panel A of Table 2.1 shows that average returns

of OTM index call options are negative and declining with the strike price. For example, the

average returns from buying a 4% OTM call and a 6% OTM call are -1.47% and -18.12%

per month, respectively. Our results confirm the findings of Bakshi, Madan, and Panayotov

(2010) which study 1%, 3% and 5% OTM S&P 500 call options from 1988 to 2007.

Panel B of Table 2.1 presents another stylized fact in the equity index option market that

put options, especially OTM put options, have very large negative returns. For example,

over our sample period, buying a 6% OTM put option would lose about 45% per month on

average. These estimates are largely consistent with the existing literature.

Panel C reports average returns on option portfolios. Coval and Shumway (2001) find

that zero-beta straddles have negative average returns. We do not investigate zero-beta

straddles as in Coval and Shumway (2001) because constructing a zero-beta straddle would

require a model to determine the portfolio weights. Nevertheless, confirming their results,

we find that simple ATM straddles on average lose 8.47% per month over our sample period.

Also notice that the average return for call spreads is 13.56% per month. Call spreads earn

high returns because both the long position in ATM call and the short position in 6% OTM

call generate positive returns as shown in Panel A.
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Conducting statistical inference on option returns reported in Table 2.1 is in general

difficult because option returns are highly non-normal. For example, Figure 2.1 and 2.2 plot

the time series of OTM index call and put option returns. As can be seen from these figures,

option returns are often associated with extreme observations, which makes the standard

CAPM-type of linear models inappropriate. Broadie, Chernov, and Johannes (2009) propose

to evaluate average option returns relative to what would have been obtained in an option

pricing model. Their methodology not only automatically takes into account the leverage

and kinked payoffs of options, but also anchors hypothesis tests at appropriate null values.

Following Broadie, Chernov, and Johannes (2009), we compare historical option returns

with those generated by various option pricing models. We are particularly interested in

understanding to what extent these negative OTM index option returns are due to the

pricing of stochastic volatility risk, or the pricing of price jump risk or both.

2.3.2 Analytical Framework

To assess the relative roles of the volatility and jump risk premiums in explaining the cross

section of index option returns, we consider a standard affine jump diffusion framework with

mean-reverting stochastic volatility and Poisson-driven jumps in stock price. The model is

commonly referred to as the SVJ model (Bates, 1996) and nests the Black-Scholes-Merton

model (Black and Scholes, 1973; Merton, 1973), the Heston stochastic volatility model (He-

ston, 1993) and the Merton jump diffusion model (Merton, 1976) as special cases. The SVJ

model says the index level (St) and its spot variance (Vt) have the following dynamics under

the physical measure (P):

dSt = (µ+ r − d)Stdt+ St
√
VtdW1 + (eZ − 1)StdNt − λµStdt

dVt = κ(θ − Vt)dt+ σ
√
VtdW2

where µ is the equity risk premium, r is the risk-free rate, d is the dividend yield, Nt is a

P-measure Poisson process with a constant intensity λ, Z ∼ N(µz, σ
2
z), µ is the mean jump
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size with µ = exp(µz + 1
2
σ2
z) − 1, θ is the long-run mean of variance, κ is the rate of mean

reversion, σ is volatility of volatility, and W1 and W2 are two correlated Brownian motions

with E[dW1dW2] = ρdt. The dynamics under the risk-neutral measure (Q) are:

dSt = (r − d)St + St
√
VtdW

Q
1 + (eZ

Q − 1)StdN
Q
t − λQµQStdt

dVt = [κ(θ − Vt)− ηVt]dt+ σ
√
VtdW

Q
2

where η is the price of volatility risk, NQ
t ∼ Poisson(λQt), ZQ ∼ N(µQ

z , (σ
Q
z )2) and µQ =

exp(µQ
z + 1

2
(σQ

z )2)−1. Throughout the paper, risk neutral quantities will be denoted with

Q and all other quantities are taken under the physical measure. Note that there are three

types of risk premiums in the SVJ model: the equity risk premium (µ), the volatility risk

premium (ηVt) and the jump risk premium (price jump has different distributions under P

and Q probability measures).

Broadie, Chernov, and Johannes (2009) point out that expected option returns can be

computed analytically within the above framework. Their insight is particularly useful as

it allows one to quantitatively analyze the impact of different risk premiums. To better

understand relative effects of the volatility and jump risk premiums on expected option

returns, we will focus on three versions of the SVJ model: a benchmark BSM model in which

neither volatility nor jump risk is priced (BSM), the Heston stochastic volatility model with

a volatility risk premium (SV), and finally a SVJ model in which only jump risk is priced,

but stochastic volatility risk is not (SVJ).

Computing model-implied expected option returns requires the knowledge of parameter

values of each model. Our approach to infer model parameters is very similar to Broadie,

Chernov, and Johannes (2009). In particular, we calibrate the equity risk premium, the

risk-free rate and the dividend yield based on those realized over our sample period. The

remaining P-measure parameters are estimated from the time-series of index returns.10 Our

10As argued by Broadie, Chernov, and Johannes (2009), while one can estimate these parameters using
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estimation is based on particle filtering and Appendix B describes the details. In the ro-

bustness analysis, we show our results are robust to different parameterizations of stochastic

volatility and jumps.

Moreover, we obtain estimates of the volatility and jump risk premiums by observing that

in a standard power utility environment (e.g., Bakshi and Kapadia, 2003; Broadie, Chernov,

and Johannes, 2009; Christoffersen, Heston, and Jacobs, 2013; Naik and Lee, 1990), the risk

adjustment for volatility risk is given by:

ηVt = Cov(γ
dSt
St
, dVt) =⇒ η = γσρ (2.1)

and the risk adjustment for price jump risk is given by:

λQ = λ exp(−µzγ +
1

2
γ2σ2

z)

µQ
Z = µz − γσ2

z .

(2.2)

where γ is relative risk aversion of the agent. For our benchmark analysis, we follow Broadie,

Chernov, and Johannes (2009) and assume a risk aversion of 10. We also perform an extensive

sensitivity analysis with respect to risk aversion and those results are contained in Section

2.5.1.

Table 2.2 reports (annualized) parameter values that we use to compute expected option

returns for different models. For the BSM model, the constant volatility parameter is set

equal to the square root of the long run mean of stock variance (θ) in the SV model (σBSM =

19.05%). For the SV model, given a risk aversion of 10 and a negative ρ, equation (2.1)

indicates that the volatility risk premium parameter η must be negative and is equal to -

4.347. Pan (2002) finds that the magnitudes of the volatility risk premium needed to reconcile

time-series and option-based spot volatility measures imply explosive risk-neutral volatility

dynamics (κ+η < 0). In contrast, our calibration does not have this issue: volatility process

option data, this approach might be problematic for our purpose because we would be explaining option
returns using information extracted from option prices in the first place.
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under the risk neutral measure remains mean-reverting (κ+ η > 0). For the SVJ model, we

set the volatility risk premium to zero (η = 0) so that we can focus exclusively on the jump

risk premium. Consistent with the notion that investors fear large adverse price jumps, the

risk corrections in equation (2.2) indicate that price jumps occur more frequently and more

severely under the risk-neutral measure. Our estimates imply about 1.50 jumps per year on

average (λQ = 1.4969) and a mean jump size of -6.67% (µQ
z = −0.0667) under Q probability

measure, and about 0.97 jumps per year on average (λ = 0.9685) with a mean jump size of

-2.09% (µz = −0.0209) under P probability measure.

Based on parameter values reported in Table 2.2, we compute expected option returns

implied from the BSM, SV and SVJ models and compare them to realized average option

returns in the data. Following Broadie, Chernov, and Johannes (2009), we also simulate

each model to form a finite-sample distribution of average option returns, which allows one

to test whether realized option returns are significant relative to a model. Specifically, we

simulate 25000 sample paths of the index, with each sample path having 210 months (the

sample length of our data). For each sample path, we compute time series average option

returns. The p-values are then calculated as the percentile of realized option returns relative

to the 25000 simulated options returns. If the percentile is higher than 0.5, we report the

p-value as 1 minus the percentile.

2.3.3 Results

Table 2.3 contains results for the BSM model. Expected option returns computed analytically

are labeled by “Model”. We also report the average simulated option returns, denoted by

“Simulation”. Not surprisingly, those two are very close to each other. Historical option

returns taken from Table 2.1 are denoted by “Data”. Table 2.3 shows that the BSM model

cannot account for the empirical option return patterns. First, confirming the results of

Chambers, Foy, Liebner, and Lu (2014), we find that the BSM model is rejected by OTM

put option returns and ATM straddle returns. For example, according to the BSM model, an
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ATM straddle should earn 0.71 percent per month. In the data, the monthly average return

for ATM straddles is -8.47 percent with a p-value of 0.03. The p-value of 0.03 means that only

3% of the 25000 simulated average straddle returns are less than the -8.47 percent realized

return in the data. Furthermore, we find that the BSM model is also unable to explain OTM

call option returns. In particular, the model predicts that expected call option return is an

increasing function of the strike price with OTM call options earning large positive return,

which is contrary to the data.11 The difference between the BSM model implied returns and

the data is statistically significant for 6% and 8% OTM calls as indicated by p-values.

Table 2.4 shows that the stochastic volatility model is able to quantitatively match av-

erage returns of call and put options across all strikes as well as average returns of all

option portfolios. In particular, consistent with the data, the model implies that expected

returns of OTM call options are negative and decreasing with the strike price. The expected

monthly return decreases monotonically from 1.89 percent for ATM calls to -25.05 percent

for 8% OTM calls. This property of the stochastic volatility model sharply contrasts with

the Black-Scholes-Merton model where the expected call option return is monotonically in-

creasing function of the strike price. In regards to put options, the stochastic volatility

model predicts more negative expected returns on OTM put options relative to the BSM

model, which again is consistent with the data. The p-values suggest that realized average

option returns are not significantly different from those generated by the stochastic volatility

model. Finally, Panel C shows that the SV model is also consistent with returns on all op-

tion portfolio that we consider. The fact that a simple stochastic volatility model describes

average option returns remarkably well is somewhat surprising given it is a clearly misspec-

ified model for option prices.12 As discussed in Section 2, there is an extensive literature

11In the BSM model, a call option is effectively a levered position in the underlying asset. Moreover, the
embedded leverage is an increasing function of the strike price. Because the underlying asset (i.e., the index)
typically has a positive expected return that is higher than the risk-free rate, the expected call option return
should be greater than the expected return of the underlying, and it is increasing with the strike price.

12Empirical shortcomings of the SV model are of course well-documented. For example, the estimated SV
model often generates a steeply upward-sloping term structure of implied volatility, which is incompatible
with the observed term structure. Moreover, the model implies the instantaneous change in volatility is
Gaussian and homoskedasticity, which is unable to capture the sudden and abrupt moves in the observed
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that demonstrates several factors are required to fit the rich dynamics of option prices. Our

results somewhat echo the findings of Cochrane and Piazzesi (2005) in the bond market that

although multiple factors are needed to describe empirical patterns in bond prices, a single

factor summarizes nearly all information about risk premium.

Table 2.5 contains results for the SVJ model. Confirming the findings of Broadie, Cher-

nov, and Johannes (2009) and Chambers et al. (2014), Panel B shows that the presence of a

jump risk premium is consistent with observed put option returns; the SVJ model predicts

very large negative expected returns on OTM put options. While the jump risk premium

matches put returns almost perfectly, it fails to explain the large negative average returns of

OTM calls. For example, Panel A shows that the SVJ model actually predicts an increasing

relation between expected call option returns and the strike price with OTM call options

earning large positive returns, which is contrary to the data. It is important to note that this

result about the SVJ model is not due to our parameterization. We also use SVJ parameters

reported in Broadie, Chernov, and Johannes (2009) and Chambers et al. (2014) and find

very similar results. Also see Section 2.5.1 for additional discussion. Interestingly, despite

the return difference between the data and the model is quite large for OTM call options,

the p-values actually indicate that the SVJ model is not rejected. The reason is that OTM

call option returns have very large standard deviations, which makes them less informative

as compared to portfolio returns. Portfolio-based evidence in Panel C indeed shows that

the SVJ model is rejected by call spreads. The monthly average return of call spreads is

13.56 percent, much higher than the model-implied return which is only 1.46 percent. The

difference is statistically significant with a p-value of 0.04.

To summarize our findings, we plot expected option returns computed in Tables 2.3 to

2.5 against the strike price in Figure 2.3: Panel A for call options and Panel B for put

options. Panel A shows that the volatility and jump risk premiums have drastically different

predictions on OTM call options. The SVJ model implies that expected returns of OTM

volatility dynamics. For detailed discussions, see Bates (2003), Broadie, Chernov, and Johannes (2007), and
Christoffersen, Jacobs, and Mimouni (2010).
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call options are positive and increasing with the strike price, which is qualitatively similar

to the BSM model. In contrast, the SV model predicts a decreasing relationship between

expected returns and the strike price with OTM calls earning large negative returns. Panel

B shows that the three models yield similar predictions on put options in that expected put

returns should be negative. The SVJ model yields the most negative estimates, followed by

the SV model.

2.3.4 Discussion

The above section shows that when volatility risk is priced, a stochastic volatility model is

able to match the average returns of both OTM call and put options. On the other hand,

when the jump risk is priced, a SVJ model is able to match the average returns of OTM put

options. It is important to note that the presence of the volatility and jump risk premiums

is critical for the SV and SVJ models to fit the data. In unreported results, we find that

when volatility and jump risks are not priced, expected option returns implied from the SV

and SVJ models are similar to those in the BSM model, and both models will be rejected.

The volatility and jump risk premiums affect expected option returns because they induce

changes in the risk-neutral index return distribution under which option prices are deter-

mined. A negative volatility risk premium will add probability mass to both tails and thus

increase the value of both OTM call and put options, which leads to lower expected returns.

On the other hand, the jump risk premium has two effects on the risk-neutral distribution.

First, the presence of a jump risk premium will result in a more negatively-skewed risk neu-

tral distribution. This in turn will increase the value of OTM put options and decrease the

value of OTM call options. Second, the jump risk premium also tends to fatten both tails

because it also introduces a wedge between risk neutral and physical variance. For OTM put

options, both effects will lead to a higher valuation and this is the reason why the SVJ model

yields most negative OTM put option returns. On the other hand, for OTM call options,

the skewness effect tends to dominate and therefore a presence of the jump risk premium
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will result in higher expected returns for OTM call options.13

We also analyze how expected option returns vary with respect to changes in the volatility

risk premium in the SV model. Based on the same parameter values reported in Table 2.2,

we plot in Figure 2.4 expected returns on call options, put options and straddles in the SV

model against risk aversion γ for different moneyness. A higher γ means a larger volatility risk

premium (more negative). Figure 2.4 reveals several interesting results. First, as γ increases

(meaning the volatility risk premium becomes more negative), expected returns on calls,

puts and straddles monotonically decrease regardless of moneyness. Again, this is because a

negative volatility risk premium makes options more valuable. However, the magnitude of the

effect of the volatility risk premium on expected returns crucially depends on the moneyness

of an option. In particular, the relation between the volatility risk premium and the expected

option return is much stronger for OTM call and put options with the steepest slope. As

options move towards the in-the-money direction, expected returns become less sensitive

to the volatility risk premium and the slope flattens out. On the other hand, straddles

have their own unique pattern. ATM straddle returns are more sensitive to changes in the

volatility risk premium as compared to their ITM and OTM counterparts. In Section 4,

we show these theoretical results are consistent with our findings on index option return

predictability.

Figure 2.4 also helps understand why the volatility risk premium fits option return data

well. As discussed, a negative volatility risk premium increases option value which then leads

to a lower expected return. Moreover, this effect is disproportionately stronger for out-of-

the-money options. As a result, a negative volatility risk premium is able to generate not

only a steeper relation between expected put option returns and the strike price with OTM

put options earning large negative returns, but also a decreasing relation between expected

OTM call option returns and the strike price.

13If one ignores the equilibrium restrictions and allows the variance of jump size to take different values
under the physical and risk neutral measures, expected option returns become even more complicated. See
Branger, Hansis, and Schlag (2010) for a related discussion.
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2.4 Predicting Index Option Returns

In this section, we investigate whether the volatility and jump risk premiums can forecast

future index option returns. If options were embedded with time-varying volatility and

jump risk premiums, then one might observe some predictability of option returns by these

risk premiums. Indeed, we find that the volatility risk premium predicts subsequent index

option returns. The index option return predictability is both statistically and economically

significant, and is not due to the underlying return predictability afforded by the volatility

risk premium. We also find that the jump risk premium predicts future OTM put option

returns.

2.4.1 Predicting Option Returns: the Volatility Risk Premium

Following the definition of the equity risk premium, we define the volatility risk premium as

the difference between physical and risk neutral expectations of future realized volatility:

VRPt = Et(RVt,t+1)− EQ
t (RVt,t+1).

The volatility risk premium is constructed each month on the option selection date and will

be used to forecast option returns over the following month. For the baseline results, we

follow Bollerslev, Tauchen, and Zhou (2009) and measure the volatility risk premium as the

difference between realized volatility and the VIX index:

VRPt = RVt−1,t − V IXt

where realized volatility is computed as the square-root of the sum of squared 5-min log

returns on S&P 500 futures over the past 30 days.14 The VIX index is published by the

14The use of intra-day data is motivated by the realized volatility literature which demonstrates the critical
role of high frequency data in volatility measuring and modeling. See, among others, Andersen et al. (2001),
Andersen et al. (2003) and Barndorff-Nielsen and Shephard (2002). Following the literature, we focus on 5-
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Chicago Board Options Exchange (CBOE), and it tracks 30-day risk neutral expectation of

future realized volatility inferred from option prices.15 In the robustness analysis, we show

that our empirical results are not sensitive to how we measure the volatility risk premium.

For example, instead of using realized volatility, we also estimate expected volatility and find

similar results. Figure 2.5 plots realized volatility, the VIX and the volatility risk premium

throughout our sample period. Consistent with findings in Todorov (2010) and Carr and

Wu (2009), Figure 2.5 shows that the volatility risk premium, like volatility itself, fluctuates

substantially over time.

To investigate whether the volatility risk premium predicts future index option returns,

we run the following time-series predictive regressions at monthly frequency:

option retit, t+1 = αi + βiVRPt + ε, i ∈ {call, put, straddle} (2.3)

where the dependent variable option ret is returns from holding call options, put options

and straddles from month t to month t + 1. The analysis in Section 2.3.4 shows that

options with different moneyness have different sensitivities with respect to the volatility

risk premium and therefore we run predictive regressions separately for different moneyness

groups. In particular, for call options, we consider the following three groups: 0.96 <=

K/S < 1.00, 1.00 <= K/S < 1.04 and 1.04 <= K/S < 1.08. For put options, we consider

0.92 <= K/S < 0.96, 0.96 <= K/S < 1.00 and 1.00 <= K/S < 1.04. Again we do not

investigate options that are beyond 8% OTM or 4% ITM because of potential data issues.

For straddles, we consider the following three moneyness groups: 0.94 <= K/S < 0.98,

0.98 <= K/S < 1.02 and 1.02 <= K/S < 1.06.

min returns to avoid potential microstructure effects. Liu et al. (2015) argue that it is difficult to outperform
5-minute realized variance even with more sophisticated sampling techniques. We also treat overnight and
weekend returns as an additional 5-minute interval.

15The CBOE developed the first-ever volatility index in 1993, which then was based on the average implied
volatilities of at-the-money options on S&P 100. In 2003, the CBOE started publishing a new index that is
calculated using S&P 500 index option prices in a model-free approach. We uses the new VIX index. For
more details on the model-free approach, see for example Dupire (1994), Neuberger (1994), Britten-Jones
and Neuberger (2000), and Jiang and Tian (2005).
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Panel A of Table 2.6 reports predictive regression results for call options. The volatility

risk premium significantly predicts future returns with a positive and statistically significant

coefficient for call options that are between 4% and 8% OTM. The t-statistic is 2.11 and the

adjusted R2 of the regression is 0.99%. Throughout the paper, t-statistics are computed using

Newey-West standard errors with four lags (Newey and West, 1987, 1994).16 Interestingly,

the forecasting power of the volatility risk premium, in terms of the slope estimates, statistical

significance and R2, decreases monotonically as call options move towards the in-the-money

direction.

Panel B shows that the volatility risk premium also positively predicts future index put

option returns. Similar to calls, return predictability however becomes increasingly weak as

put options move towards the in-the-money direction, judging by the predictive coefficient,

statistical significance as well as R2. Specifically, among put options that are between 4%

OTM and 8% OTM, the volatility risk premium significantly predicts subsequent returns,

with a Newey-West t-statistic of 2.21 and an adjusted R2 of 2.04%. The predictability,

however, becomes insignificant for other groups.

Panel C shows that straddle has its own distinct pattern. In particular, the volatility

risk premium exhibits the most significant forecasting power over at-the-money straddles.

As straddles move away from the money, the predictive power of the volatility risk premium

drops substantially and is only marginally significant.

To sum up, we document that the volatility risk premium positively forecasts future

option returns. Moreover, this index option return predictability exhibits an interesting

dependence on the moneyness, with OTM options and ATM straddles having the strongest

predictability.

16Results with OLS standard errors are stronger. To be conservative, we report only Newey-West t-stats.
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2.4.2 The Economic Significance of Index Option Return Pre-

dictability

To assess the economic significance of the index option return predictability that we docu-

ment above, this section proposes a trading strategy that exploits option return predictability

in the context of selling index options. Writing index options is popular because historically

it tends to yield higher returns by collecting the volatility risk premium. Since the volatility

risk premium is positively associated with future option returns, the simplest strategy would

be to sell options only in months when the volatility risk premium is negative. This strat-

egy relies only on an ex-ante market signal and does not require investors to estimate any

model. Moreover, since return predictability is significant among out-of-the-money options

and at-the-money straddles, we will test the performance of the new trading strategy in the

context of selling a 4% OTM call, a 6% OTM call, a 4% OTM put, a 6% OTM put and

an ATM straddle. As a benchmark, we consider a strategy that writes options in every

month of the sample. The new strategy is called “VRP < 0”, and the benchmark strategy

is called “Always”. The performance of the S&P 500 over the same period is also included

for comparison.

Table 2.7 reports the results. First, by comparing the benchmark strategy “Always” to

the S&P 500 index, it appears that writing index options is more profitable than investing in

the S&P 500. For example, over our sample period, average returns and Sharpe ratios from

selling put options and straddles are higher than those obtained with the S&P 500. Selling

OTM call options is also more profitable than just buying the index, but it has very large

standard deviation which actually makes the Sharpe ratio lower than the S&P 500.

More importantly, Table 2.7 shows that our new strategy outperforms the benchmark

strategy. Taking ATM straddles as an example, following the new strategy, one would obtain

a monthly average return of 0.106 with a Sharpe ratio of 0.151. In contrast, the average return

and Sharpe ratio for the benchmark strategy are 0.085 and 0.115, respectively. Note that with
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the new trading strategy, one sells options less often. The last column of Table 2.7 indicates

the number of months in which options are shorted. We also report skewness of different

trading strategies. Despite the improvements in the Sharpe ratio, the new strategy that we

propose has a similar or even lower skewness relative to the benchmark strategy. Finally,

it should be emphasized that Sharpe ratio is a poor performance measure of derivatives

trading strategies which often yield highly non-normal payoffs (Goetzmann et al., 2004).

The strategy proposed in this paper is only suitable for institutional investors with deep

pockets and long investment horizon.

Table 2.7 also shows that overall writing OTM put options tends to be more profitable

than writing OTM call options. As our analysis suggests, one potential explanation is that

selling OTM put options earns both the volatility and jump risk premiums. In contrast, by

selling OTM call options, one collects mainly the volatility risk premium. The divergence

between selling calls and puts might also be related to institutional frictions and order flow.

For example, it is in general easy to sell calls via covered calls, but difficult to sell naked

puts. Moreover, OTM put options can be used as portfolio insurance and therefore attract

much more demand than OTM calls.

2.4.3 Option Return Predictability and Index Return Predictabil-

ity

Bollerslev, Tauchen, and Zhou (2009), among others, document that the volatility risk pre-

mium predicts future index returns at short horizons. Therefore a natural interpretation

of option return predictability is that it is merely a manifestation of the underlying index

return predictability afforded by the volatility risk premium. While this explanation appears

plausible, it can be ruled out based on the fact that the volatility risk premium forecasts

future option returns all in the same direction: a more negative volatility risk premium this

month is associated with lower option returns in the subsequent month. If option return

predictability were caused by stock return predictability, then one would observe opposite
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signs on the predictive coefficients for calls and puts because the expected stock return has

differential impacts on call and put returns. In particular, the expected call (put) option

return increases (decreases) with the expected stock return.

On the other hand, both the sign of predictive coefficients and the predictability patterns

are consistent with the impact of the volatility risk premium on expected option returns

in a stochastic volatility model. Section 2.3.4 shows that as the volatility risk premium

becomes more negative, expected option returns decrease, which is consistent with a positive

predictive coefficient. Furthermore, as also discussed in Section 2.3.4, OTM options and ATM

straddles are most sensitive to changes in the volatility risk premium. These predictions are

in line with our empirical findings that OTM options and ATM straddles exhibit strongest

return predictability. This suggests that the economic source of option return predictability

is likely due to the time varying volatility risk premium embedded in index options.

2.4.4 Predicting Option Returns: the Jump Risk Premium

We also investigate whether the jump risk premium can predict future option returns. Dennis

and Mayhew (2002) and Bakshi and Kapadia (2003) establish the links between risk neutral

skewness and the slope of the implied volatility curve, and therefore we use the difference

in average implied volatilities between OTM and ATM put options as a proxy for the jump

risk premium:

JUMPt = IV OLOTM,t − IV OLATM,t (2.4)

where OTM and ATM refer to put options with 0.90 =< K/S <= 0.94 and 0.98 =<

K/S <= 1.02, respectively.

We also report the predictability regression results with the jump risk premium. The

jump risk premium does not contain predictive information on future call option returns. It

is insignificant across all moneyness groups and R2s are close to zero. The jump risk premium
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negatively forecasts future OTM put option returns, with a highly significant Newey-West

t-statistic of -2.94 and an adjusted R2 of 1.45%. The predictability, however, becomes

insignificant for other moneyness groups. Lastly, Panel C shows that the jump risk premium

does not predict straddle returns.

Overall, we conclude that the jump risk premium significantly predicts future OTM put

option returns, but it does not seem to be a significant predictor for other options.

2.5 Robustness

This section includes several robustness checks. We study how different parameterizations

might affect expected option returns in the SV and SVJ models. We also investigates the

robustness of option return predictability results to a number of implementation choices.

2.5.1 Parameters

Our main analysis shows that the presence of the volatility risk premium implies that both

OTM call and put options should earn large negative expected returns, which is consistent

with the data. On the other hand, the jump risk premium implies that OTM put options

should have large negative expected returns, whereas OTM call options should have large

positive expected returns. In this section, we assess how these results might be affected

by different parameterizations with respect to both physical measure parameters and risk

aversion parameter. We first discuss the volatility risk premium and subsequently the jump

risk premium.

Table 2.8 recalculates expected option returns in the SV model by increasing/decreasing

each P-measure parameter by one standard deviation. We continue to assume a risk aversion

of 10 when computing expected option returns. The results suggest that expected option re-

turns are not particularly sensitive to changes in P-measure parameters, and overall expected

returns are very close to those obtained with our baseline parameterization. For example,
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it is well-known that the volatility mean reverting parameter κ is notoriously difficult to

pin down precisely. However, its impact on expected option returns turns out to be small:

decreasing or increasing it by one standard deviation produces very similar expected returns.

Table 2.9 reports expected option returns in the SV model with different values of risk

aversion ranging from 0 to 20. For P-measure parameters, we use our baseline estimates

reported in Table 2.2. Table 2.9 shows that risk aversion has a much larger effect on ex-

pected option returns, especially for OTM options. When risk aversion is equal to zero (e.g.,

volatility risk is not priced), return patterns in the SV model are actually similar to the

BSM model: both expected call and put option returns increase with the strike price. In

this case, confirming the results in Chambers et al. (2014), we find the SV model is rejected.

As risk aversion increases, namely the volatility risk premium becomes more negative, ex-

pected option returns decrease. Notice that in order for the SV model to match the data

quantitatively, the value of risk aversion should be around 8-12.

We also compute expected option returns using the variance-dependent pricing kernel of

Christoffersen, Heston, and Jacobs (2013). Their variance-dependent pricing kernel, when

projected onto the stock return, is U-shaped and able to explain a range of option anoma-

lies.17 With this particular pricing kernel, Christoffersen, Heston, and Jacobs (2013) show

that the volatility risk premium is given by:

η = γσρ− ξσ2 (2.5)

where the first term is related to risk aversion as before, and the second term originates from

variance preferences ξ which, according to Christoffersen, Heston, and Jacobs (2013), should

be positive. We assume ξ = 10. Table 2.10 repeats the same exercise in Table 2.9 using the

above new specification of the volatility risk premium. With the variance-dependent pricing

17Many papers find that the pricing kernel is not a monotonically decreasing function of index return. See,
among others, Aı̈t-Sahalia and Lo (1998), Jackwerth (2000), Rosenberg and Engle (2002) and Chaudhuri
and Schroder (2015). On the other hand, Linn, Shive, and Shumway (2018) point out potential biases in
the existing estimates of the pricing kernel. After properly accounting for the conditioning information, they
show the pricing kernel is monotonically decreasing with index returns.
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kernel, expected option returns are lower than those in Table 2.9 because the volatility risk

premium now has an extra component resulting from variance preferences ξ. Also notice

that the variance-dependent pricing kernel implies that the risk aversion value needed for

the SV model to fit option returns is small.

The Online Appendix also report the corresponding results for the SVJ model. We inves-

tigate if our results about the jump risk premium are sensitive to our characterization of jump

process under the physical measure by increasing or decreasing each of the jump parameters

by one standard deviation. We only focus on jump-related parameters since expected option

returns do not vary much with parameters associated with stochastic volatility. Overall, we

find the return patterns are similar to our benchmark case. Specifically, the jump risk pre-

mium implies very large negative expected returns for OTM put options which is consistent

with the data. However, it also implies that expected OTM call option returns are positive

and increasing with the strike price, which is inconsistent with the data.

The Online Appendix reports the effect of risk aversion on expected option returns in the

SVJ model. An increase in risk aversion leads to a larger jump risk premium, meaning that

price jumps occur more frequently and more severely under the risk neutral measure. While

the jump risk premium is able to match put option returns easily, its implications on call

options are in general inconsistent with the data. For example, across a wide range of risk

aversion values, expected returns on OTM calls are positive and increasing with the strike

price. If risk aversion is high enough (e.g., 20), it is possible for the SVJ model to yield

negative expected returns on OTM calls. However, a very large risk aversion also implies

that ATM and ITM calls should earn negative expected returns which is inconsistent with

the data.

2.5.2 The Measurement of the Volatility Risk Premium

In the main analysis, we measure the volatility risk premium as the difference between re-

alized volatility and the VIX. In other words, we use realized volatility as a proxy for the
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expected future volatility under the physical measure. To ensure our empirical results are

not driven by this assumption, we also estimate expected physical volatility using the hetero-

geneous autoregressive model (the HAR model) proposed by Corsi (2009). In particular, we

obtain conditional forecasts of future volatility by projecting realized volatility onto lagged

realized volatilities computed over difference frequencies:

logRVt,t+1 = δ0 + δ1 logRVt−1,t + δ2 logRV W
t + δ3 logRV D

t + ε

where RVt−1,t is realized volatility over the past month, and RV W
t and RV D

t denote realized

volatilities over the past week and day, respectively. Because realized volatilities are approx-

imately log-normally distributed (Andersen et al., 2001), it is more appropriate to forecast

logarithmic of realized volatilities with linear models. The log specification also ensures that

we will always obtain positive volatility forecasts. We estimate the above model based on

the full sample and take the fitted values as expectations of future realized volatility:

Et(RVt,t+1) = exp(δ0 + δ1 logRVt−1,t + δ2 logRV W
t + δ3 logRV D

t +
1

2
σ2
ε ).

Finally we compute the difference between Et(RVt,t+1) and the VIX to obtain the volatility

risk premium.

Table 2.11 contains results of predictive regressions based on this new measure of the

volatility risk premium. Consistent with our benchmark results, the volatility risk premium

positively predicts futures option returns, with OTM calls, OTM puts and ATM straddles

exhibiting the strongest return predictability. We also estimate the volatility risk premium

simply as the difference between 30-day historical volatility based on daily returns and the

average option implied volatility and find very similar results.
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2.5.3 Controlling for Other Predictors

So far we have only focused on univariate predictive regression. In this section, we evaluate

the performance of the volatility risk premium in predicting future option returns controlling

for other factors including the jump risk premium and the level of volatility. Given return

predictability is concentrated among OTM options and ATM straddles, we will focus on

these options only.

The results of multivariate predictive regressions are summarized in Table 2.12. Specifica-

tion (1) considers both the volatility risk premium and the jump risk premium as predictors.

After including the jump risk premium as a control, we find the predictive power of the

volatility risk premium remains statistically significant. We also find that the volatility risk

premium does not subsume the jump risk premium. While the jump risk premium does not

predict returns on calls and straddles, it remains a significant predictor over future OTM put

option return. This suggests that both the volatility and jump risk premiums are important

for OTM put options.

Specification (2) of Table 2.12 controls for the level of volatility. Including volatility as

a control does not change our results. The volatility risk premium remains significant in

all cases. Note that volatility itself has some forecasting power over future option returns.

Specifically, volatility negatively predicts future straddle and call option returns and pos-

itively predicts future put option returns, but the predictability is not always statistically

significant. These results are broadly consistent with the analysis in Hu and Jacobs (2017).

Finally, specification (3) includes all three variables into the predictive regression. In-

cluding both volatility and the jump risk premium as controls does not affect the predictive

power of the volatility risk premium. The volatility risk premium remains significant in fore-

casting future option returns. Finally, we also find that the predictive power of the volatility

risk premium is robust to controlling for option betas (e.g., loadings on price, volatility and

jump risks), and these results are summarized in the Online Appendix.
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2.5.4 Holding-Period Option Returns

In the main analysis, we study the predictive relation between the volatility risk premium

and holding-to-maturity index option returns. We also examine if our empirical findings

persist to other holding periods. In particular, instead of holding options to maturity, we

consider a holding period of 15 calendar days. When option liquidation dates land on a

holiday (e.g., the New Year and the Fourth of July), we use the option price information

the day before and we assume options trade at the mid-point of bid-ask quotes. Overall, we

find similar results when using the volatility risk premium to predict holding-period option

returns.

2.6 Conclusion

Both out-of-the-money S&P 500 index call and put options are associated with large negative

average returns. This paper investigates how these negative returns are related to the pricing

of stochastic volatility and jump risks. We show that the low returns on OTM option are

primarily due to the pricing of market volatility risk. A stochastic volatility model in which

volatility risk is negatively priced is able to match average returns of call and put options

across all strikes as well as returns of a number of option portfolios. Further corroborating the

volatility risk premium hypothesis, we document a statistically and economically significant

index option return predictability by the volatility risk premium. Overall, our results suggest

that the pricing of volatility risk has a first-order effect on the cross-section of index option

returns. On the jump risk premium side, our analysis suggests that the pricing of jump risk

is also important and some portion of OTM put option returns are related to the jump risk

premium.

This paper can be extended in several ways. First, in our theoretical analysis we assume

there is only one factor that drives time-varying stochastic volatility. In the data volatil-

ity dynamics are much more complex and our analysis can be extended to take this into
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account.18 Second, we have focused on the volatility risk premium and extensions to investi-

gating the impact of higher moment (e.g., skewness and kurtosis) risk premiums on expected

option returns would be useful. Third, we consider the predictability of option returns in

the U.S. market, and it may prove interesting to extend our analysis to international data.

We plan to address these in future research.

18Existing studies find that at least two factors are needed in order to characterize the volatility dynamics.
See, among others, Alizadeh, Brandt, and Diebold (2002), Engle and Rangel (2008) and Christoffersen, Hes-
ton, and Jacobs (2009). Another strand of literature emphasizes the importance of incorporating jumps into
the volatility dynamics. See, among others, Broadie, Chernov, and Johannes (2007) and Eraker, Johannes,
and Polson (2003).
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Table 2.1: Average Monthly Returns of S&P 500 Index Options

Panel A: Call Option
K/S 0.96 0.98 1 1.02 1.04 1.06 1.08
Ret 6.36 6.89 6.50 1.89 -1.47 -18.12 -25.05

Panel B: Put Option
K/S 0.92 0.94 0.96 0.98 1 1.02 1.04
Ret -52.07 -45.02 -37.86 -27.76 -22.36 -15.76 -13.15

Panel C: Option Portfolio
ATMS PSP CNS CSP

Ret -8.47 -18.54 -3.93 13.56

Notes: This table reports average monthly returns of S&P 500 call and put options for
different moneyness (defined as the strike price over the index: K/S), as well as average
monthly returns of several option portfolios. For option portfolios, we consider an at-the-
money straddle (ATMS), a put spread (PSP) that consists of a short position in a 6% OTM
put and a long position in an ATM put, a crash neutral spread (CNS) that consists of a
long position in an ATM straddle and a short position in a 6% OTM put, and a call spread
(CSP) that consists of a long position in an ATM call and a short position in a 6% OTM call.
Returns are reported in percent per month. The sample period is March 1998 to August
2015.
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Table 2.2: Parameters

BSM SV SVJ
µ 0.0506 0.0506 0.0506
r 0.0201 0.0201 0.0201
d 0.0174 0.0174 0.0174
σBSM 0.1905
κ 6.4130 5.9859

(0.923) (0.909)
θ 0.0363 0.0358

(0.004) (0.004)
σ 0.5472 0.5423

(0.033) (0.035)
ρ -0.7944 -0.8015

(0.026) (0.028)
λ 0.9658

(0.114)
µz -0.0209

(0.007)
σz 0.0677

(0.009)
η -4.3470 0.0000
λQ 1.4969
µQ
z -0.0667

Notes: This table reports parameter values that we use to compute expected option returns
for different models. The equity risk premium (µ), risk-free rate (r) and dividend yield (d)
are calibrated to match those observed in our sample. For the BSM model, the constant
volatility parameter (σBSM) is equal to the square root of the long-run variance (θ) in the
SV model. For the SV and SVJ models, we use particle filtering to estimate the remaining
P-measure parameters and report standard errors of those estimates in the parentheses. The
volatility risk premium (η) and Q-measure jump parameters (λQ and µQ

z ) are obtained based
on equations (2.1) and (2.2) with a risk aversion of 10. All parameters are reported in annual
terms.
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Table 2.3: Expected Option Returns: the Black-Scholes-Merton Model

Panel A: Call Option
K/S 0.96 0.98 1 1.02 1.04 1.06 1.08
Data 6.36 6.89 6.50 1.89 -1.47 -18.12 -25.05
Model 7.25 8.67 10.30 12.13 14.12 16.27 18.54
Simulation 7.18 8.58 10.19 12.00 14.01 16.18 18.53
p-value 0.45 0.42 0.37 0.23 0.19 0.07 0.08

Panel B: Put Option
K/S 0.92 0.94 0.96 0.98 1 1.02 1.04
Data -52.07 -45.02 -37.86 -27.76 -22.36 -15.76 -13.15
Model -16.01 -14.07 -12.24 -10.54 -8.99 -7.61 -6.40
Simulation -15.92 -13.99 -12.19 -10.49 -8.94 -7.56 -6.35
p-value 0.10 0.05 0.04 0.06 0.06 0.12 0.12

Panel C: Option Portfolio
Portfolio ATMS PSP CNS CSP
Data -8.47 -18.54 -3.93 13.56
Model 0.71 -8.03 1.97 8.88
Simulation 0.67 -7.99 1.93 8.77
p-value 0.03 0.09 0.11 0.29

Notes: This table compares average option returns in the data reported in Table 2.1 with
expected option returns implied from the Black-Scholes-Merton model (BSM). “Model” rep-
resents expected option returns computed analytically using BSM parameters reported in
Table 2.2. We also simulate 25000 sample paths of the index from which we report the
average simulated option returns (denoted by “Simulation”) and p-values. The p-values are
calculated as the percentage of the 25000 simulated option returns that is less than real-
ized option returns. Sample paths are simulated based on the same parameters used for
computing expected option returns.
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Table 2.4: The Volatility Risk Premium and Expected Option Returns

Panel A: Call Option
K/S 0.96 0.98 1 1.02 1.04 1.06 1.08
Data 6.36 6.89 6.50 1.89 -1.47 -18.12 -25.05
Model 4.82 5.10 5.14 4.50 1.12 -8.53 -22.54
Simulation 4.90 5.24 5.38 4.94 1.78 -7.99 -21.34
p-value 0.40 0.40 0.44 0.41 0.48 0.50 0.30

Panel B: Put Option
K/S 0.92 0.94 0.96 0.98 1 1.02 1.04
Data -52.07 -45.02 -37.86 -27.76 -22.36 -15.76 -13.15
Model -30.43 -26.69 -22.96 -19.29 -15.74 -12.39 -9.40
Simulation -30.54 -26.77 -23.03 -19.33 -15.76 -12.42 -9.42
p-value 0.22 0.19 0.18 0.26 0.26 0.34 0.28

Panel C: Option Portfolio
Portfolio ATMS PSP CNS CSP
Data -8.47 -18.54 -3.93 13.56
Model -5.24 -12.33 -2.52 6.74
Simulation -5.13 -12.37 -2.41 6.94
p-value 0.24 0.25 0.36 0.20

Notes: This table compares average option returns in the data reported in Table 2.1 with
expected option returns implied from the Heston stochastic volatility model (SV) in which
volatility risk is priced. “Model” represents expected option returns computed analytically
using SV parameters reported in Table 2.2. We also simulate 25000 sample paths of the
index from which we report the average simulated option returns (denoted by “Simulation”)
and p-values. The p-values are calculated as the percentage of the 25000 simulated option
returns that is less than realized option returns. Sample paths are simulated based on the
same parameters used for computing expected option returns.
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Table 2.5: The Jump Risk Premium and Expected Option Returns

Panel A: Call Option
K/S 0.96 0.98 1 1.02 1.04 1.06 1.08
Data 6.36 6.89 6.50 1.89 -1.47 -18.12 -25.05
Model 2.96 2.70 2.32 2.34 7.31 29.39 64.09
Simulation 3.01 2.74 2.35 2.39 7.63 29.65 64.05
p-value 0.26 0.26 0.30 0.50 0.40 0.25 0.29

Panel B: Put Option
K/S 0.92 0.94 0.96 0.98 1 1.02 1.04
Data -52.07 -45.02 -37.86 -27.76 -22.36 -15.76 -13.15
Model -41.93 -35.61 -29.10 -22.71 -16.85 -11.95 -8.38
Simulation -42.22 -35.93 -29.40 -22.98 -17.05 -12.09 -8.46
p-value 0.32 0.31 0.29 0.35 0.30 0.33 0.24

Panel C: Option Portfolio
Portfolio ATMS PSP CNS CSP
Data -8.47 -18.54 -3.93 13.56
Model -7.21 -9.30 -2.45 1.46
Simulation -7.30 -9.47 -2.50 1.49
p-value 0.41 0.16 0.38 0.04

Notes: This table compares average option returns in the data reported in Table 2.1 with
expected option returns implied from the SVJ model in which only jump risk is priced, but
volatility risk is not. “Model” represents expected option returns computed analytically
using SVJ parameters reported in Table 2.2. We also simulate 25000 sample paths of the
index from which we report the average simulated option returns (denoted by “Simulation”)
and p-values. The p-values are calculated as the percentage of the 25000 simulated option
returns that is less than realized option returns. Sample paths are simulated based on the
same parameters used for computing expected option returns..
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Table 2.6: Predicting Option Returns: the Volatility Risk Premium

Panel A: Call Option
0.96 <= K/S < 1.00 1.00 <= K/S < 1.04 1.04 <= K/S < 1.08

Intercept 0.11 0.27 1.28
(1.66) (1.57) (1.50)

VRP -0.06 4.35 24.44
(-0.04) (1.70) (2.11)

Adj. R2 -0.06% 0.37% 0.99%
Panel B: Put Option

0.92 <= K/S < 0.96 0.96 <= K/S < 1.00 1.00 <= K/S < 1.04
Intercept -0.23 -0.12 -0.09

(-1.21) (-0.83) (-0.72)
VRP 8.37 4.38 2.70

(2.21) (1.53) (1.21)
Adj. R2 2.04% 0.64% 0.55%

Panel C: Straddle
0.94 <= K/S < 0.98 0.98 <= K/S < 1.02 1.02 <= K/S < 1.06

Intercept 0.08 0.04 -0.04
(1.91) (0.83) (-0.50)

VRP 1.47 2.63 2.39
(1.84) (2.83) (1.76)

Adj. R2 0.87% 1.59% 1.41%

Notes: This table reports results of the following option return predictability regression:

option retit, t+1 = αi + βiVRPt + ε, i ∈ {call, put, straddle}

where option ret is monthly holding-to-maturity returns on call options (Panel A), put op-
tions (Panel B) and straddles (Panel C). The predictor VRPt is computed as the difference
between realized volatility and the VIX. Realized volatility is constructed based on 5-min
log returns on S&P 500 futures over past 30 calendar days. We run predictive regressions for
different moneyness groups as indicated by different columns. Newey-West t-statistics with
4 lags are reported in the parentheses. The sample period is March 1998 to August 2015.
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Table 2.7: Descriptive Statistics of Option Trading Strategies

Panel A: Index
mean std sr skew holding-period

S&P 500 0.004 0.045 0.082 -0.639 210
Panel B: 4% OTM Call

mean std sr skew holding-period
Always -0.015 3.672 -0.004 6.803 209
VRP< 0 -0.157 3.272 -0.048 8.146 187

Panel C: 6% OTM Call
mean std sr skew holding-period

Always -0.181 6.179 -0.029 12.695 206
VRP< 0 -0.581 1.873 -0.310 5.605 184

Panel D: 4% OTM Put
mean std sr skew holding-period

Always -0.379 2.164 -0.175 4.250 207
VRP< 0 -0.470 1.973 -0.238 4.792 185

Panel E: 6% OTM Put
mean std sr skew holding-period

Always -0.450 2.468 -0.182 5.219 206
VRP< 0 -0.575 2.216 -0.259 6.221 185

Panel F: ATM Straddle
mean std sr skew holding-period

Always -0.085 0.739 -0.115 1.430 209
VRP< 0 -0.106 0.704 -0.151 1.462 188

Notes: This table reports mean, standard deviation (std), Sharpe ratio (sr) and skewness
(skew) of returns of several trading strategies. Panel A reports on the S&P 500. Panels B to
F report the performance of writing a 4% OTM call, a 6% OTM call, a 4% OTM put, a 6%
OTM put and an ATM straddle. We consider two option selling strategies: “Always” and
“VRP < 0”. “Always” shorts index options in every month. “VRP < 0” shorts index options
only in months when the observed market volatility risk premium is negative. Returns are
reported from the perspective of a long investor. The sample period is March 1998 to August
2015.
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Table 2.8: Robustness: Stochastic Volatility Parameters

Panel A: Call Option

K/S 0.96 0.98 1 1.02 1.04 1.06 1.08

Baseline 4.82 5.10 5.14 4.50 1.12 -8.53 -22.54
κ+ 4.81 5.08 5.03 4.29 1.07 -6.99 -20.07
κ− 4.97 5.46 5.94 6.12 1.85 -10.64 -26.04
θ+ 4.42 4.49 4.23 3.21 0.03 -7.94 -20.06
θ− 5.27 5.85 6.42 6.67 2.81 -9.64 -25.68
σ+ 4.61 4.85 4.86 4.18 0.01 -11.26 -26.08
σ− 4.96 5.30 5.43 4.99 2.31 -5.89 -18.75
ρ+ 5.00 5.39 5.58 5.15 1.94 -7.13 -20.14
ρ− 4.70 4.91 4.84 4.07 0.50 -10.01 -25.32

Panel B: Put Option

K/S 0.92 0.94 0.96 0.98 1 1.02 1.04

Baseline -30.43 -26.69 -22.96 -19.29 -15.74 -12.39 -9.40
κ+ -30.18 -26.43 -22.69 -19.03 -15.51 -12.22 -9.31
κ− -31.00 -27.26 -23.52 -19.81 -16.19 -12.72 -9.53
θ+ -29.56 -25.88 -22.25 -18.70 -15.29 -12.11 -9.29
θ− -31.42 -27.61 -23.79 -20.01 -16.30 -12.76 -9.52
σ+ -30.88 -27.13 -23.39 -19.69 -16.09 -12.67 -9.56
σ− -29.85 -26.13 -22.44 -18.83 -15.36 -12.11 -9.23
ρ+ -30.21 -26.50 -22.80 -19.16 -15.64 -12.31 -9.33
ρ− -30.77 -26.98 -23.21 -19.50 -15.90 -12.52 -9.48

Panel C: Option Portfolio

ATMS PSP CNS CSP

Baseline -5.24 -12.33 -2.52 6.74
κ+ -5.28 -12.12 -2.57 6.57
κ− -5.05 -12.87 -2.39 7.55
θ+ -5.48 -11.68 -2.66 6.06
θ− -4.87 -13.13 -2.27 7.80
σ+ -5.55 -12.50 -2.74 6.65
σ− -4.90 -12.10 -2.27 6.90
ρ+ -4.96 -12.37 -2.32 7.08
ρ− -5.47 -12.38 -2.69 6.50

Notes: This table reports expected option returns for the SV model by increasing (+) and decreasing
(-) each P-measure parameter by one standard deviation. Expected option returns based on our
baseline parameterization are also included for comparison. Returns are in percent per month.
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Table 2.9: The Impact of Risk Aversion: A Sensitivity Analysis

Panel A: Call Option

γ\K/S 0.96 0.98 1 1.02 1.04 1.06 1.08

0 7.49 9.74 13.36 19.77 30.47 42.42 52.86
2 6.99 8.86 11.76 16.66 24.06 30.17 32.46
4 6.55 8.08 10.36 14.03 18.66 19.58 15.45
6 5.98 7.09 8.60 10.75 12.36 8.94 0.35
8 5.49 6.24 7.11 8.00 7.06 -0.14 -12.30
10 4.82 5.10 5.14 4.50 1.12 -8.53 -22.54
12 4.25 4.15 3.54 1.75 -3.73 -15.87 -31.44
14 3.80 3.38 2.18 -0.72 -8.24 -22.77 -39.74
16 3.01 2.14 0.22 -3.85 -12.88 -28.33 -45.40
18 2.40 1.15 -1.40 -6.53 -17.08 -33.73 -51.12
20 1.87 0.25 -2.90 -9.04 -21.06 -38.81 -56.33

Panel B: Put Option

γ\K/S 0.92 0.94 0.96 0.98 1 1.02 1.04

0 -11.04 -10.62 -10.15 -9.61 -8.96 -8.15 -7.06
2 -15.34 -14.12 -12.88 -11.63 -10.35 -9.00 -7.52
4 -19.58 -17.61 -15.66 -13.73 -11.83 -9.93 -8.02
6 -23.37 -20.74 -18.15 -15.60 -13.12 -10.72 -8.45
8 -27.16 -23.93 -20.73 -17.58 -14.52 -11.62 -8.94
10 -30.43 -26.69 -22.96 -19.29 -15.74 -12.39 -9.40
12 -33.77 -29.55 -25.32 -21.14 -17.09 -13.28 -9.90
14 -37.16 -32.49 -27.78 -23.09 -18.51 -14.20 -10.42
16 -39.85 -34.85 -29.77 -24.69 -19.73 -15.05 -10.97
18 -42.71 -37.39 -31.94 -26.45 -21.05 -15.96 -11.52
20 -45.56 -39.94 -34.14 -28.24 -22.41 -16.88 -12.06

Panel C: Option Portfolio

γ\ Portfolio ATMS PSP CNS CSP

0 2.27 -8.51 3.68 11.99
2 0.78 -9.30 2.45 10.97
4 -0.66 -10.22 1.25 10.14
6 -2.19 -10.91 0.00 8.97
8 -3.64 -11.76 -1.21 8.05
10 -5.24 -12.33 -2.52 6.74
12 -6.71 -13.09 -3.74 5.78
14 -8.10 -14.01 -4.92 4.96
16 -9.70 -14.53 -6.22 3.80
18 -11.17 -15.27 -7.46 2.84
20 -12.60 -16.10 -8.66 1.95

Notes: This table reports expected option returns for the SV model using different values of risk
aversion (γ) ranging from 0 to 20. The remaining parameters are based on Table 2.2. Returns are
in percent per month.
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Table 2.10: The Impact of Risk Aversion: A Variance-Dependent Pricing Kernel

Panel A: Call Option

γ\K/S 0.96 0.98 1 1.02 1.04 1.06 1.08

0 5.69 6.59 7.72 9.12 9.45 4.58 -5.38
2 5.11 5.60 6.01 6.08 3.95 -4.12 -16.75
4 4.57 4.68 4.42 3.23 -1.09 -11.84 -26.63
6 4.11 3.90 3.04 0.76 -5.68 -19.05 -35.54
8 3.47 2.84 1.30 -2.18 -10.39 -25.32 -42.44
10 2.95 1.98 -0.16 -4.71 -14.71 -31.32 -49.06
12 2.34 0.98 -1.79 -7.38 -18.86 -36.51 -54.26
14 1.49 -0.31 -3.75 -10.28 -22.70 -40.52 -57.83
16 0.85 -1.32 -5.35 -12.81 -26.36 -44.80 -61.92
18 0.29 -2.23 -6.83 -15.20 -29.89 -48.90 -65.78
20 -0.50 -3.42 -8.59 -17.73 -33.06 -52.10 -68.51

Panel B: Put Option

γ\K/S 0.92 0.94 0.96 0.98 1 1.02 1.04

0 -24.90 -22.01 -19.16 -16.36 -13.64 -11.05 -8.64
2 -28.44 -24.99 -21.57 -18.21 -14.96 -11.89 -9.11
4 -31.91 -27.95 -24.00 -20.10 -16.33 -12.78 -9.62
6 -35.38 -30.95 -26.49 -22.06 -17.76 -13.70 -10.13
8 -38.38 -33.56 -28.68 -23.80 -19.05 -14.57 -10.65
10 -41.45 -36.27 -30.97 -25.65 -20.42 -15.48 -11.17
12 -44.24 -38.75 -33.10 -27.38 -21.73 -16.37 -11.72
14 -46.56 -40.85 -34.94 -28.92 -22.95 -17.28 -12.34
16 -49.10 -43.16 -36.96 -30.60 -24.26 -18.21 -12.93
18 -51.64 -45.50 -39.02 -32.33 -25.59 -19.13 -13.50
20 -53.76 -47.48 -40.81 -33.87 -26.86 -20.09 -14.16

Panel C: Option Portfolio

γ\ Portfolio ATMS PSP CNS CSP

0 -2.90 -11.15 -0.58 8.36
2 -4.41 -11.87 -1.83 7.27
4 -5.89 -12.66 -3.06 6.29
6 -7.29 -13.57 -4.25 5.47
8 -8.81 -14.24 -5.50 4.40
10 -10.23 -15.09 -6.70 3.52
12 -11.70 -15.82 -7.93 2.56
14 -13.29 -16.32 -9.23 1.51
16 -14.75 -17.05 -10.46 0.59
18 -16.16 -17.88 -11.65 -0.28
20 -17.68 -18.48 -12.92 -1.21

Notes: This table reports expected option returns for the SV model using different values of risk
aversion (γ) ranging from 0 to 20. The volatility risk premium is computed based on the variance-
dependent pricing kernel of Christoffersen, Heston, and Jacobs (2013). The remaining parameters
are based on Table 2.2. Returns are in percent per month.
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Table 2.11: Robustness: Alternative Measures of the Volatility Risk Premium

Panel A: Call Option
0.96 <= K/S < 1.00 1.00 <= K/S < 1.04 1.04 <= K/S < 1.08

Intercept 0.10 0.22 1.04
(1.67) (1.40) (1.39)

VRP -0.37 3.32 20.56
(-0.31) (1.41) (2.05)

Adj. R2 -0.04% 0.20% 0.73%
Panel B: Put Option

0.92 <= K/S < 0.96 0.96 <= K/S < 1.00 1.00 <= K/S < 1.04
Intercept -0.28 -0.15 -0.11

(-1.65) (-1.13) (-0.98)
VRP 8.03 4.14 2.50

(2.27) (1.49) (1.15)
Adj. R2 1.98% 0.60% 0.49%

Panel C: Straddle
0.94 <= K/S < 0.98 0.98 <= K/S < 1.02 1.02 <= K/S < 1.06

Intercept 0.07 0.02 -0.07
(1.68) (0.38) (-0.89)

VRP 1.16 2.27 2.02
(1.52) (2.48) (1.52)

Adj. R2 0.56% 1.24% 1.01%

Notes: This table reports results of the following option return predictability regression:

option retit, t+1 = αi + βiVRPt + ε, i ∈ {call, put, straddle}

where option ret is monthly holding-to-maturity returns on call options (Panel A), put op-
tions (Panel B) and straddles (Panel C). The predictor VRPt is computed as the difference
between expected future realized volatility and the VIX. Expected future realized volatil-
ity is estimated using the Heterogeneous Autoregressive Model (the HAR model) of Corsi
(2009). We run predictive regressions for different moneyness groups as indicated by different
columns. Newey-West t-statistics with 4 lags are reported in the parentheses. The sample
period is March 1998 to August 2015.
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Table 2.12: Robustness: Controlling for Other Predictors

OTM Call OTM Put ATM Straddle
(1) (2) (3) (1) (2) (3) (1) (2) (3)

Intercept -0.05 1.48 0.02 1.13 -0.82 0.31 0.09 0.05 0.11
(-0.08) (1.44) (0.03) (1.83) (-5.06) (0.55) (0.44) (0.70) (0.55)

VRP 24.82 25.31 24.98 7.99 5.71 5.98 2.62 2.67 2.69
(2.09) (2.09) (2.10) (2.19) (1.99) (2.01) (2.85) (3.14) (3.13)

JUMP 18.50 18.12 -18.47 -13.68 -0.63 -0.77
(1.32) (1.27) (-2.89) (-2.26) (-0.25) (-0.31)

RV -1.02 -0.21 3.16 2.51 -0.04 -0.08
(-0.53) (-0.10) (2.82) (2.31) (-0.12) (-0.22)

Adj. R2 0.99% 0.93% 0.92% 3.27% 3.48% 4.07% 1.55% 1.53% 1.49%

Notes: This table reports results of multivariate predictive regressions. We use realized volatility (RV), the volatility risk
premium (VRP) and the jump risk premium (JUMP) to predict future returns on OTM calls (1.04 <= K/S < 1.08), OTM
puts (0.92 <= K/S < 0.96) and ATM straddles (0.98 <= K/S < 1.02). RV is constructed based on 5-min log returns on
S&P 500 futures over past 30 calendar days. VRP is computed as the difference between RV and the VIX. JUMP is computed
as the difference between the average implied volatility from OTM put options and that from ATM put options. Newey-West
t-statistics with 4 lags are reported in the parentheses. The sample period is March 1998 to August 2015.
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Figure 2.1: The Time Series of OTM Call Option Returns
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Notes: This figure plots the time series of monthly holding-to-maturity returns of 2% OTM
call (Panel A), 4% OTM call (Panel B) and 6% OTM call (Panel C).
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Figure 2.2: The Time Series of OTM Put Option Returns

Panel A: 2% OTM Put
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Notes: This figure plots the time series of monthly holding-to-maturity returns of 2% OTM
put (Panel A), 4% OTM put (Panel B) and 6% OTM put (Panel C).
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Figure 2.3: Moneyness and Expected Option Returns

Panel A: Expected Call Option Returns
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Panel B: Expected Put Option Returns
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Notes: This figure plots expected option returns against the strike price for a benchmark
BSM model, a SV model in which volatility risk is priced and a SVJ model in which jump
risk is priced, but volatility risk is not. Panel A is for call options and Panel B for put
options. Expected option returns are computed analytically based on parameters reported
in Table 2.2.
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Figure 2.4: The Volatility Risk Premium and Expected Option Returns

Panel A: Expected Call Option Returns
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Panel B: Expected Put Option Returns
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Panel C: Expected Straddle Returns
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Notes: This figure plots expected option returns against risk aversion coefficient (γ) in the
SV model: Panel A for calls, Panel B for puts and Panel C for straddles. A higher γ
corresponds to a more negative volatility risk premium. The remaining parameters required
for computing expected returns are based on Table 2.2.
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Figure 2.5: Realized Volatility, the VIX and the Volatility Risk Premium

Panel A: Realized Volatility and the VIX
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Notes: This figure plots the time series of monthly realized volatility (RV) and the VIX
(Panel A), as well as their difference which is the volatility risk premium (Panel B). The
sample period is March 1998 to August 2015.
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Chapter 3

The Time-Series Information in

Options: Implications for the Index

Option Return Puzzle

3.1 Introduction

The option pricing models require the identification of three sets of unknowns: physical pa-

rameters, risk-neutral parameters1 and the (physical) latent spot variances.2 We can extract

the physical information, which includes physical parameters and the latent spot variances,

from underlying returns and risk-neutral parameters from options. We therefore usually

equate the underlying with physical information and options with risk-neutral information.

An option contract, a derivative on the underlying, is also a tradeable asset, and the its price

changes in the time-series dimension, namely option returns, contain all relevant physical

information about the underlying. At each time, option prices are evaluated under the risk-

neutral measure. Whereas option price changes are also driven by the dynamics of underlying

1Risk premia can be inferred as the differences between physical and risk-neutral parameters.
2There are no risk-neutral spot variances, or the risk-neutral spot variances should be identical to physical

spot variances.
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price and the spot variance under the physical measure.

Our main contribution in this paper is to identify the physical information from daily

options, without using the underlying returns. We use the spot variance dynamic to filter

daily spot variances, and write the option return as a function of option partial derivatives

and physical parameters. Therefore, all the physical parameters and the spot variances can be

identified from options. We show that both the physical parameters and the spot variances

can be more precisely estimated using options than using underlying returns. Moreover,

parameters estimated exclusively from options improve the fit of monthly hold-to-maturity

option returns.

Our method differs from the existing literature because we identify the physical infor-

mation from options, rather than from underlying returns. The estimation of physical in-

formation from underlying returns is relatively straightforward. A large number of studies

are available on this estimation using various methods.3 The literature on the estimation

of options is relatively more limited, partly because of the computational burden on option

evaluation. More importantly, existing literature effectively focuses on the cross-sectional

information and partly or entirely ignores the time-series information in options. Some

existing studies fix both the physical parameters and spot variances identified from underly-

ing returns and then estimate only risk-neutral parameters from large cross-section of option

prices (see Broadie et al., 2007, among others). Others make partial use of option time-series

to filter the spot variances but do not identify all the physical parameters (see, for example

Bates, 2000; Andersen et al., 2015a).4 Joint estimation using both underlying returns and

option prices simultaneously is possible, but usually only a relatively small number of options

in the cross-sectional dimension (sometimes only at-the-money short maturity options) are

included (see, among others, Pan, 2002; Eraker, 2004; Aı̈t-Sahalia and Kimmel, 2007; Hurn

et al., 2015). In this joint estimation, options help to identify the spot variances, but the

3See for example Chernov and Ghysels (2000), Andersen et al. (2002), Chacko and Viceira (2003), Chernov
et al. (2003), Eraker et al. (2003), Jones (2003), Bates (2006), Christoffersen et al. (2010)

4Note that Andersen et al. (2015a) impose additional consistency restriction with realized variances from
high-frequency data, but the spot variances information can be thought of as mainly comes from options.
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physical parameters information still comes from underlying returns.

Our paper is also closely related to the Recovery Theorem (see Ross, 2015) as we also

recover the physical probability from derivatives (options). Ross (2015) recovers the physical

probability from the cross-sectional option prices. In our paper, we estimate the physical

probability from the time-series option prices. We show that options contain the risk-neutral

information in the cross-sectional prices and the physical information in the time-series prices.

We compare our estimation results based on S&P 500 index option prices and index

option returns with estimates obtained using index returns only or using index returns and

option prices. Most physical parameters are identified with much smaller standard deviations

from index options than from index returns. This improvement in parameter identification is

due to our large option panels that help to pin down the spot variances. The more precisely

identified spot variances in turn reduce the standard deviations of physical parameters that

either describe or depend on the spot variances. Therefore, once option prices are included,

using more than one option return does not help much to identify the parameters related to

the index return5, because all the option returns are driven by the same realization of the

index return process and thus are perfectly correlated. We show that the equity risk premium

parameter estimated using options is consistently different from that estimated using index

returns, including all models from the Black-Scholes Model (Black and Scholes, 1973) to

the Double Jump Stochastic Volatility Model (Duffie et al., 2000). Based on the posterior

distribution, we cannot conclude that the two markets are inconsistent, but we show that

the posterior mean from index returns is indeed inconsistent with options market. In other

words, completely ignoring parameter uncertainty and simply assuming the posterior mean

from index returns to be the true parameter value for options market may lead to biased

estimation result.

Using the physical information extracted from options, we re-examine the index option

5For example, the equity risk premium parameter and mean jump size parameter. These parameters
are not much more precisely identified from index options than from index returns and index option prices
jointly.
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return puzzle. The index option return puzzle refers to the existence of extremely negative

out-of-the-money (OTM) put and call returns, and abnormal returns of option strategies,

such as at-the-money (ATM) straddle. The early literature maintained that options are

mispriced and realized option returns are inconsistent with theoretical returns predicted by

classic asset pricing models.6 More recently, Broadie et al. (2009) argue that if estimation risk

is properly taken into account, there is no puzzle.7 Branger et al. (2010) show that models

with stochastic volatility and jumps can generate almost any structure of option returns by

changing various risk premia, especially the jump-related ones. However, Chambers et al.

(2014) re-examine the puzzle based on the Broadie et al. (2009) approach using 1987-2012

data and conclude that option returns are still puzzling. These existing studies usually

estimate and fix the physical parameters from index returns and then infer risk-neutral

parameters to investigate the puzzle. Researchers agree that risk premia and estimation risk

should play important roles, but there is no consistency on how to take them into account.

Tests based on estimates from index returns constitutes a joint hypothesis test in the sense

that when rejected, we do not know whether the options are mispriced, or the parameters

estimated from index returns are not consistent with index options. In this paper, we test

the index option return puzzle by decomposing the test into an option mispricing test and

index inconsistency test. The rejection in either of the above two can lead to the option

return puzzle. In the option mispricing test, we find that as long as jumps, either in return

or variance, or both, are introduced, there is no option mispricing. The rejection of the

Black-Scholes and Heston Stochastic Volatility model is likely due to model misspecification.

In the index inconsistency test, index returns could not reject any model we test. Our

parameters estimated from options provide a direction to take into account risk premia and

estimation risk for the traditional approach. If all the parameters are adjusted to our option

6See, for example, Jackwerth (2000), Coval and Shumway (2001), Bondarenko (2014), Santa-Clara and
Saretto (2004), Jones (2006).

7To capture the impact of estimation risk, one may adjust each parameter by a certain amount (say, one
standard deviation), but it is not clear whether we should increase or decrease a certain parameter in order
to resolve the puzzle.

104



based values, most models would be consistent with both index returns and option returns.

The rest of this paper is structured as follows: Section 3.2 introduces the models and

presents the dynamics of option returns. We also explain how we calculate the expected

option returns to test the index option return puzzle. Section 3.3 discusses the estimation

method based on option prices and option returns. Section 3.4 presents the model estimation

results. Section 3.5 re-examines the index option return puzzle using these estimates. Section

3.6 concludes.

3.2 The Model

We first discuss the model dynamics for both index returns and option returns. Then we

discuss the expected option return in closed-form, which will be needed in testing the index

option return puzzle. We consider the stochastic volatility model with contemporaneous

jumps in return and variance (SVCJ) model8 and all its nested models. The reason we

choose this classic model class that we have rich existing results to compare with. Note

that the method proposed in this paper also applies to other model classes, such as the

multi-factor model. Suppose the spot price and variance follow the continuous dynamic as

below:

dSt
St

= (rt − δt + γt − λµ̄s)dt+
√
VtdZt + (eJ

s
t − 1)dNt (3.1)

dVt = κ(θ − Vt)dt+ σ
√
VtdWt + Jvt dNt (3.2)

where St stands for the index level, rt is the risk-free rate, δt is the dividend yield, γt is the

total equity risk premium, κ denotes the speed of mean reversion, θ is the unconditional long

run mean variance, and σ determines the variance of variance. dZt and dWt are Brownian

motions with corr(dZt, dWt) = ρ. Nt is a Poisson process with constant jump intensity λ,

and Jst and Jvt are the jump size related to return and variance, with correlation ρJ . We

8Proposed by Duffie et al. (2000).
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assume Jvt ∼ Exp(µv) and Jst |Jvt ∼ N(µs + ρJJ
v
t , σ

2
s). The term λµ̄s is the compensation of

jump component, with:

µ̄s =
e(µs+σ

2
s/2)

1− ρJµv
− 1 (3.3)

We assume that the risk-neutral dynamic follows the same structure:

dSt
St

= (rt − δt − λµ̄Q
s )dt+

√
VtdZ

Q
t + (eJ

sQ
t − 1)dNQ

t (3.4)

dVt = κQ(θQ − Vt)dt+ σ
√
VtdW

Q
t + JvQt dNQ

t (3.5)

where we assume that the diffusive variance risk premium is equal to ηvVt, and thus κQ = κ−

ηv and θQ = (κθ)/κQ. We assume that the jump risk premia are entirely attributable to the

mean jump size in return and mean jump size in variance: ηJs = µs−µQ
s and ηJv = µv−µQ

v .

Therefore, JvQt ∼ Exp(µQ
v ) and JsQt |JvQt ∼ N(µQ

s + ρJJ
vQ
t , σ2

s). The jump intensity λ and

the return jump standard deviation σs do not change across measures. Therefore, the total

equity risk premium can be decomposed as γt = ηsVt + λ(µ̄s − µ̄Q
s ).

The above specification nests many of the widely-used models in existing literature. If

we shut down jumps in return, it reduces to the stochastic volatility with jumps in variance

(SVJV) model of Barndorff-Nielsen and Shephard (2002), while it becomes the stochastic

volatility with jumps in return (SVJR) model of Bates (1996) if we shut down jumps in

variance. By shutting down all jumps, we arrive at the stochastic volatility (SV) model of

Heston (1993), and by further restricting Vt to be constant over time, we have the Black-

Scholes (BS) model developed by Black and Scholes (1973).

Given the dynamics above, the option price Ct is a function of St and Vt.
9 Applying Ito’s

lemma, we write the instantaneous option price dynamic under physical measure as:10

9We use C to denote an option which can be either a call or a put. Whenever we need to distinguish
between the types of option, we use Call and Put.

10The dynamic under risk-neutral measure can be derived similarly, but we do not need it in this paper.
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dCt
Ct

=

[
rt +

∂Ct
∂St

St
Ct
ηsVt −

∂Ct
∂Vt

1

Ct
ηvVt − λ

∂Ct
∂St

St
Ct
µ̄Q
s − λ

∂Ct
∂Vt

1

Ct
µ̄Q
v

]
dt

+
∂Ct
∂St

St
Ct

√
VtdZt +

∂Ct
∂Vt

1

Ct
σ
√
VtdWt +

∂Ct
∂St

St
Ct

(eJ
s
t − 1)dNt +

∂Ct
∂Vt

1

Ct
Jvt dNt

(3.6)

where Ct represents the price of an option, either a call or a put, at time t. Taking expecta-

tions on both sides of the equation, we obtain an expression of the instantaneous expected

option return:

1

dt
Et
[
dCt
Ct

]
= rt +

∂Ct
∂St

St
Ct
ηsVt −

∂Ct
∂Vt

1

Ct
ηvVt + λ

∂Ct
∂St

St
Ct

(µ̄s − µ̄Q
s ) + λ

∂Ct
∂Vt

1

Ct
(µ̄v − µ̄Q

v )

(3.7)

The expected option return is equal to the risk-free rate plus four types of risk premiums:

the underlying diffusive risk premium, the variance diffusive risk premium, the underlying

jump risk premium and the variance jump risk premium. Note that all the physical param-

eters that enter the underlying return dynamic also show up in the option return dynamic.

We thus need only one return dynamic, either from underlying return or from option return,

together with the variance dynamic, to identify all the model parameters. If the information

across underlying and options markets is entirely consistent, estimation for both markets

should yield identical results. However, the existing literature has found that index mar-

ket and options market may not be entirely consistent. Therefore, by assuming consistency

across two markets, any error will be reflected in the parameter estimates and misleading

conclusion might be drawn when we use one market to explain the other.

These model dynamics are affine, and therefore, quasi-closed-form solutions are available

not only for option price but also for its derivatives (Option Greeks). According to the

Fourier-Cosine Series Expansion method introduced by Fang and Oosterlee (2008), the price

for an option is given by:
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Ct = e−rτ
′N−1∑
j=0

Re{φ(
jπ

b− a
;Vt)e

−ijπ a
b−a}Uj (3.8)

Uj =
2

b− a

∫ b

a

v(y, T )cos(jπ
y − a
b− a

)dy (3.9)

where φ(ω;Vt) is the characteristic function of underlying log-return y conditional on Vt. Uj

is the Fourier-Cosine coefficient of option payoff function v(y, T ). Fang and Oosterlee (2008)

further show that Uj can be computed analytically for vanilla European options.

An important advantage of the Fourier-Cosine method is that several option Greeks can

be obtained along with the evaluation of option price. In this paper, we focus on the option

partial derivatives to underlying price (Delta) and spot variance (Vega). For the stochastic

volatility model, Vega can be defined in different ways, here we mean the derivative of the

option price with respect to the spot variance Vt.
11 The Delta is given by:

∂Ct
∂St

= e−rτ
′N−1∑
j=0

Re{φ(
jπ

b− a
;Vt)e

ijπ y−a
b−a

ijπ

b− a
}Uj
St

(3.10)

while the Vega is given by:

∂Ct
∂Vt

= e−rτ
′N−1∑
j=0

Re{
∂φ( jπ

b−a ;Vt)

∂Vt
eijπ

y−a
b−a }Uj (3.11)

3.2.1 Hold-to-Maturity Option Returns

Existing studies of the option return puzzle focus on monthly hold-to-maturity returns. One

important motivation is that hold-to-maturity option return is available in closed-form.12

In line with the existing literature, we therefore also use monthly hold-to-maturity option

returns to analyze the index option return puzzle, even though our model estimation is based

11Alternative definitions are the derivative with respect to volatility
√
Vt or the long run mean variance θ

or even
√
θ.

12Note that the instantaneous option return we discussed in the previous subsection is valid only locally.
For option return over a holding period, it generally requires integration, which is much harder to derive.
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on daily option returns.

3.2.1.1 Model-Implied Option Returns

As discussed in Broadie et al. (2009), for a hold-to-maturity option, the expected return has

closed-form expression. We denote a call return from t to t+τ as Rcall
t,τ

13. Its expected return

is then given by:

Et(Rcall
t,τ ) =

Et[(St+τ −K)+]

EQ
t [e−rτ (St+τ −K)+]

− 1 =
Et[(Rg

t,τ − k)+]

EQ
t [e−rτ (Rg

t,τ − k)+]
− 1 (3.12)

where r and Rg
t,τ are the risk-free rate and the gross index return from t to t+ τ and k is the

moneyness defined as K/S. The expected call option return depends only on the moneyness,

the maturity, the risk-free rate and the expected index gross returns under the physical and

the risk-neutral measures. The risk-free rate is given and moneyness and maturity are option

characteristics that do not change with parameter values. The option return thus depends

only on the pricing kernel that differentiates the physical and the risk-neutral underlying

return distribution. However, Equation (3.12) does not provide a closed-form expression

itself, and we need to make use of closed-form option price and rewrite the equation as:

Et(Rcall
t,τ ) =

Et[(St+τ −K)+]

EQ
t [e−rτ (St+τ −K)+]

− 1 =
e(r+γ)τCallP(t, τ)

Call(t, τ)
− 1 (3.13)

where γ is the equity risk premium from t to t+ τ .14 Call(t, τ) is the option price evaluated

under risk-neutral measure with closed-form solution as discussed in the previous subsec-

tion. CallP(t, τ) is the present value of option payoff with the analytical formula similar to

Call(t, τ) but replacing all the risk-neutral parameters with the physical parameters.

Similarly, the expected put option return can be written as:

13Throughout this paper, we use R to denote the index return and Rc to denote the index option return
which can be either a call return or a put return. Whenever distinguishing call and put is necessary, we use
Rcall and Rput.

14Here r and γ are the risk-free rate and equity risk premium from t to t+ τ , which are different from the
instantaneous risk free rate and equity risk premium rt and γt
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Et(Rput
t,τ ) =

Et[(K − St+τ )+]

EQ
t [e−rτ (K − St+τ )+]

− 1 =
e(r+γ)τPutP(t, τ)

Put(t, τ)
− 1 (3.14)

Therefore, for any model dynamic, if the option price has a closed-form solution, the op-

tion return also has a closed-form expression. Option strategies that consist of a combination

of call or/and put options can be expressed accordingly, such as a straddle:

Et(Rstraddle
t,τ ) =

Et(|St+τ −K|)
EQ
t [e−rτ (St+τ −K)+] + EQ

t [e−rτ (K − St+τ )+]
− 1

=
e(r+γ)τ [CallP(t, τ) + PutP(t, τ)]

Call(t, τ) + Put(t, τ)
− 1

(3.15)

We examine several other option strategies, including call spreads (long an ATM call and

short a 6% OTM call), put spreads (long an ATM put and short a 6% OTM put), crash

neutral spreads (long an ATM straddle and short a 6% OTM put), lottery neutral spreads

(long an ATM straddle and short a 6% OTM call) and crash lottery neutral spreads (long an

ATM straddle and short a 6% OTM call and put).15 The expected returns for these option

strategies can be derived as a function of the expressions for puts, calls and straddles.

In order to compute the unconditional expected option return, we also need the distri-

bution of spot variances. If there is no jump in variance, the unconditional variance follows

a gamma distribution with the probability density of:

f(V∞) =
ωυ

Γ(υ)
V∞exp(−ωV∞) (3.16)

where ω = 2κ/σ2 and υ = 2κθ/σ2. For the models with jumps in variance, we rely on

simulation to approximate the spot variance distribution.

15All these option strategies are model free and do not require hedging based on any specific model.
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3.2.1.2 Realized Option Returns

To compute option returns from the data, we use options with exactly one month maturity

from 1996 to 2015 and the monthly hold-to-maturity return is simply defined as the realized

payoff divided by its price minus 1.16 For a call option:

Rcall
t,τ =

(St+τ −K)+

call(t, τ)
− 1 (3.17)

where (St+τ − K)+ is the realized payoff at maturity and call(t, τ) is the observed market

call price at time t with time-to-maturity τ = 1 month.

Similarly, for a put option and a straddle:

Rput
t,τ =

(K − St+τ )+

put(t, τ)
− 1 (3.18)

Rstraddle
t,τ =

|K − St+τ |
call(t, τ) + put(t, τ)

− 1 (3.19)

Other option strategy returns can be defined similarly.

3.2.1.3 The Finite Sample Distribution of Option Returns

We need the statistical distribution to compare the model-implied option return and realized

option return. This statistical distribution can be obtained from the realized monthly option

return data. However, Broadie et al. (2009) argue that the relatively short sample period, as

well as the extreme skewness and non-normality of option returns can make the finite-sample

distribution approximation extremely inaccurate. Therefore, they suggest simulating option

return distributions using model parameters. We follow Broadie et al. (2009) and simulate

the average option returns (for puts, calls and option strategies) over our sample period.

16Weekly option is also available, but since weekly option started to trade only after 2005, we have to give
up some information from the data by either reducing the sample length or holding a monthly option for
only a week.
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Within each simulation, we simulate 240 months of index prices and spot variances, with

ten steps per day (which amounts to 240*21*10 steps in total), and calculate the average

returns for every moneyness over the 240 months. For a call with strike price K:

Rcall
j =

1

240

240∑
i=1

[
(K − Sti+τ )+

Call(ti, τ)
− 1

]
(3.20)

where RCall
j is the average call option return for the j-th simulation run, ti represents the

starting point for each of the N = 240 months. With 10,000 simulations, {Rcall
j } can be

used to approximate the finite sample distribution of call option returns. Similarly, we may

calculate the distributions for calls and puts, as well as option strategies.

3.3 Estimation

In this section, we first briefly explain the data we use. Then, we discretize the continuous

time model and present the dynamics for both observables and unobservables. The spot

variances are latent while index returns, option prices and option returns are observed at

each period. We derive the likelihood functions for index returns, option prices and option

returns. Subsequently, we combine these likelihoods and explain how to weigh them.

3.3.1 Option Data

We use S&P 500 index returns and option prices for the period from January 1, 1996 to

December 31, 2015, a total of 5031 trading days or 240 months. The S&P 500 index returns

and risk-free rates are obtained from CRSP. Index option prices, zero coupon yields, and

dividend yields are downloaded from OptionMetrics. We use both put and call options and

impose the following standard filters on the option data:

1. Discard options with fewer than five days and more than 365 days to maturity.

2. Discard options with implied volatility less than 5% and greater than 150%.
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3. Discard options with volume or open interest less than five contracts.

4. Discard options with quotes that suggest data errors. We discard options for which the

best bid exceeds the best offer, options with a zero bid price, and options with a negative

put-call parity implied price.

5. Discard options with price less than 50 cents.

After imposing these filters, the dataset contains 945,110 options in total. The option data

set is not balanced over time as we have almost eight times more options in 2015 than

1996. We then create a more balanced panel by including only the most liquid option from

each moneyness-maturity bin. We use six moneyness and five maturity bins as shown in

Panel B of Table 3.1. The balanced data set thus has thirty options per day unless no

option is available for a certain bin. This procedure yields a data set with 129,182 options.

Panel B of Table 3.1 provides sample sizes, option prices and implied volatilities for these

moneyness-maturity bins. Note that the data are still not perfectly balanced because in

the early years of the sample we do not have many observations with short maturity and

moneyness greater than 1.10. Due to the computational constraint in the filtering process,

we use the balanced dataset for parameter estimation and the full dataset to construct the

monthly realized option returns.

3.3.2 Model Discretization

By applying Ito’s lemma and discretizing equation (3.1), (3.2) and (3.6), we have:

Rt+1 = log(
St+1

St
) = rt − δt −

1

2
Vt + γt − λµ̄s +

√
Vtzt+1 + Jst+1Bt+1 (3.21)

Vt+1 − Vt = κ(θ − Vt) + σ
√
Vtwt+1 + Jvt+1Bt+1 (3.22)
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Rc
t+1 =

C∗t+1 − Ct
Ct

= rt +
∂Ct
∂St

St
Ct
ηsVt −

∂Ct
∂Vt

1

Ct
ηvVt − λ

∂Ct
∂St

St
Ct
µ̄Q
s − λ

∂Ct
∂Vt

1

Ct
µ̄Q
v

+
∂Ct
∂St

St
Ct

√
Vtzt+1 +

∂Ct
∂Vt

1

Ct
σ
√
Vtwt+1 +

∂Ct
∂St

St
Ct

(eJ
s
t − 1)Bt+1

+
∂Ct
∂Vt

1

Ct
Jvt Bt+1

(3.23)

where γt = ηsVt + λ(µ̄s − µ̄Q
s ) and zt+1 and wt+1 are distributed standard normal. The

discrete jump frequency Bt+1 follows the Bernoulli distribution and thus, at each time point,

there is either no jump or one jump. C∗t+1 is the time-to-maturity adjusted option price at

time t+ 1.17 We estimate this discretized model using daily data, but we report annualized

parameter estimates through our analysis.

We do not directly observe the spot variances, but the observables are generated by the

spot variances. The whole dynamic system can be described as Equation (3.24). The spot

variance is unobservable and evolves according to Equation (3.22). At each time, the spot

variance generates all the observables: one index return according to Equation (3.21), one

set of option prices according to the risk-neutral dynamics Equation (3.4)-(3.5), and one set

of option returns according to Equation (3.23).

(Vt) −→ (Vt+1) −→ (Vt+2) −→ ....

↓ ↓ ↓

Rt+1, {Ct}, {Rc
t+1} Rt+2, {Ct+1}, {Rc

t+2} Rt+3, {Ct+2}, {Rc
t+3} ....

(3.24)

The spot variance can be filtered from any one of the three observables. The main focus

of this paper is to utilize option prices and option returns to identify model dynamics. We

compare this estimation approach with two benchmark estimation approaches that have

been well developed in the literature: one is the estimation using index returns only; the

17We need to be very careful about the option price change from t to t + 1. Both calls and puts have
negative option Theta, meaning that the option prices decrease with time, even though everything else
remains the same. We have to adjust back the part of option price change that is related solely to changes
in maturity. Rather than directly using the observed option price Ct+1 at t+ 1, we therefore calculate C∗

t+1

by assuming the time-to-maturity is the same as when we observe it at time t.
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other is the joint estimation using both index returns and option prices.

The estimation of parameters and latent factors can be implemented in several ways, such

as EMM, MCMC, Particle Filtering and so on. Our estimation method is based on Jacobs

and Liu (2017), and we combine the Adaptive Metropolis-Hastings MCMC (AMH-MCMC)

(see Metropolis et al., 1953; Hastings, 1970; Johannes and Polson, 2009) and Particle Filter

(see Christoffersen et al., 2010; Johannes et al., 2009, among others). The benefit of this

method is that we can incorporate relatively large option panels, which are important to

identify model parameters as well as to reduce measurement error in option returns. Given

a set of parameters, we first filter the spot variance using the Particle Filtering and then

search for the optimal parameters based on AMH-MCMC. The whole idea is to maximize

the likelihood of generating the observed data, no matter what the observables are. We

provide a detailed description of the implementation in Appendix. We now characterize the

likelihood function implied from different observables.

3.3.3 The Likelihood Based on Index Returns

The likelihood of observing the index return conditional on the spot variance V i
t is given by

Equation (3.21):

f(Rt+1|V i
t ) =

1√
2πV i

t

exp

{
−1

2

[
Rt+1 − (rt − δt − 1

2
V i
t + γt − λµ̄s + Js,it+1B

i
t+1)
]2

V i
t

}
(3.25)

where V i
t denotes the i-th particle for the spot variance at time t. According to Pitt (2002),

the total likelihood of Particle Filtering given a set of parameters can be expressed as:

f(R1:T |Θ) =
T∏
t=1

{
1/N

N∑
i=1

1√
2πV i

t

exp

{
−1

2

[
Rt+1 − (rt − δt − 1

2
V i
t + γt − λµ̄s + Js,it+1B

i
t+1)
]2

V i
t

}}
(3.26)
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Our implementation of Particle Filter uses 10,000 particles and 50,000 iterations in AMH-

MCMC. We set the first one-fourth of the iterations as burn-in, and report the posterior mean

and standard deviation for each parameter from the subsequent iterations.

3.3.4 The Likelihood Based on Option Prices

If we observe the index option prices rather than index returns, the spot variances can still

be inferred. The option price has two essential characteristics: 1) at each time point, a whole

cross-section of option prices are observed; 2) unlike index prices, options prices are observed

with errors.

We use lower case ct,h to represent market option price which is equal to the model price

plus some error:

ct,h = Ct,h(Vt|Θ) + εt,h (3.27)

where ct,h is the h-th option at time t, which can be either a call or a put. h = 1, 2, .., Ht

and Ht is the total number of options at time t. We assume εt,h is normally distributed and

εt,h ∼ N(0, (σc)
2). Thus the likelihood of option prices conditional on V i

t is:

f({ct}|V i
t ) =

(
Ht∏
h=1

f(ct,h|Ct,h(V i
t |Θ))

)1/Ht

=

(
1√

2πσc

)
exp

(
−
∑Ht

h=1(ct,h − Ct,h(V i
t |Θ))2

2(σc)2Ht

) (3.28)

We take the Ht-th root in order to normalize the likelihood with respect to the different

number of options on each day. The total likelihood for the entire sample conditional on a

given set of parameters is:

f({c1:T}|Θ) =
T∏
t=1

{
1/N

N∑
i=1

[(
1√

2πσc

)
exp

(
−
∑Ht

h=1(ct,h − Ct,h(V i
t |Θ))2

2(σc)2Ht

)]}
(3.29)

116



Quasi-closed-form solutions for the option price are available in the affine models we

consider, and each option price takes less than 0.01 seconds to evaluate However, for each

function evaluation we have to evaluate option prices along three dimensions: for each option

in a day, for each particle, and for each day, which is computationally infeasible. Therefore,

rather than directly computing the pricing error for each option conditional on each particle,

we follow Jacobs and Liu (2017) to implement the Implied Spot Variance method. The total

likelihood can thus be re-written as a function of the implied spot variance:

f({c1:T}|Θ) =
T∏
t=1

{
1/N

N∑
i=1

[(
1√

2πσc

)
exp

(
−SSEISV (b̂t ∗ (V i

t − ISVt)2 + 1)

2(σc)2Ht

)]}
(3.30)

Rather than computing option prices for N = 10, 000 particles, we now only need to

compute a few grids in the ISV search step and then for each particle we calculate its

likelihood based on its distance to ISV.

3.3.5 The Likelihood Based on Option Returns

The likelihood for option return is given by Equation (3.23). Since option prices are observed

with errors for both the numerator and denominator, the ratio (option return) should theo-

retically follow Cauchy distribution18, which is relatively hard to model. Therefore, rather

than modeling the option return, we model the option price change instead. Multiplying

both sides of Equation (3.23) by Ct:

C∗t+1 − Ct = rtCt +
∂Ct
∂St

StηsVt −
∂Ct
∂Vt

ηvVt − λ
∂Ct
∂St

Stµ̄
Q
s − λ

∂Ct
∂Vt

µ̄Q
v +

∂Ct
∂St

St
√
Vtzt+1

+
∂Ct
∂Vt

σ
√
Vtwt+1 +

∂Ct
∂St

St(e
Jst − 1)Bt+1 +

∂Ct
∂Vt

Jvt Bt+1

(3.31)

18Under certain conditions, this Cauchy distribution can be approximated by a normal distribution, see
Marsaglia (1965, 2006).
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The diffusion part is ∂Ct
∂St
St
√
Vtzt+1 + ∂Ct

∂Vt
σ
√
Vtwt+1. The correlation between zt+1 and

wt+1 is equal to ρ and the option pricing error is σc. The total diffusive variance is:

σcr =

√
(
∂Ct
∂St

St)2Vt + (
∂Ct
∂Vt

σ)2Vt + ρ
∂Ct
∂St

St
∂Ct
∂Vt

σVt + 2(σc)2 (3.32)

The expected change in option price is:

µcr = rtCt+
∂Ct
∂St

StηsVt−
∂Ct
∂Vt

ηvVt−λ
∂Ct
∂St

Stµ̄
Q
s −λ

∂Ct
∂Vt

µ̄Q
v +

∂Ct
∂St

St(e
Jst −1)Bt+1 +

∂Ct
∂Vt

Jvt Bt+1

(3.33)

Therefore, the likelihood of the h-th option return conditional on V i
t is given by:

f(c∗t+1,h − ct,h|V i
t ) =

1√
2πσicr,h

exp

{
−1

2

(c∗t+1,h − ct,h − µicr,h)2

(σicr,h)
2

}
(3.34)

The total likelihood for the whole option panels is:

f({c∗2:T+1 − c1:T}|Θ) =
T∏
t=1

{
1/N

N∑
i=1

[(
1√

2πσicr,h

)
exp

(
−
∑Ht

h=1(c
∗
t+1,h − ct,h − µicr,h)2

2(σicr,h)
2Ht

)]}
(3.35)

Remember that all these partial derivatives (option Greeks) are in fact byproducts of the

option price evaluation. We may thus calculate this option return (option price change) like-

lihood along with option price likelihood using the ISV method without significant additional

cost.

3.3.6 Combining the Likelihoods

We have discussed the likelihood function for each of the observables: index returns, option

prices, and option returns. When combining different observables, the weights of each likeli-
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hood becomes a question. In this paper, we choose to ’equally’ weigh the information from

the three types of observables, no matter how many data samples we have at each period.

Note that, every day, we have up to 30 option prices and option returns,19 but only one

index return. We take the Ht-th root for option prices and option returns so that the option

information will not dominate index return information simply because more data points

are available for options. Note that the Ht-th root in fact equally weighs not only on the

different types of observations but also on the information from different time periods, and

it guarantees a date with more available options will not significantly outweigh a date with

fewer options.

3.4 Parameter Estimates

Table 3.2 presents the parameter estimates from option prices and option returns. Parame-

ters for the BS model are calculated by matching the options data: θ is simply the square

of average implied volatility for all options and ηs is the average index return implied from

all option returns divided by θ.20 For the other models, We estimate the parameters by

maximizing the likelihood from option prices and option returns using the Particle Filter

together with the Adaptive Metropolis-Hastings MCMC method. Parameters are reported

under the physical measure. The risk-neutral parameters can be inferred by subtracting risk

premia from the corresponding physical parameters. We report the posterior mean and the

posterior standard deviation after burn-in in parenthesis.

We compare our parameter estimates with those from index returns only (Table 3.3)

and those from index returns and option prices jointly (Table 3.4).21 To provide additional

insight, Figure 3.1 plots the parameter traces for the SV model using index returns as an

19Option return data points are a little bit fewer than option price data points because a valid option
return needs an option to have valid prices for two consecutive days.

20We calculate ηs using option returns, rather than index returns.
21Admittedly, the joint estimation using index returns, option prices and option returns all together is also

an interesting application. However in our paper, we would like to provide some ideas about the potential
differences between index and option markets without imposing consistency restrictions.
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example. The parameters converge to their average values with less than 5000 iterations and

then fluctuate around the averages. We pick ’crazy’ initial values for each parameter that

are far away from conventional estimates in order to confirm the robustness of the method.

We find that the long-term mean variances estimated from options and those estimated

from index returns are not very different in values. Note that κ and σ from index options are

smaller than those from index returns, implying a more consistent and smooth spot variance

dynamic, which can be confirmed by the plot of the spot variance path in Figure 3.2. ρ is

more negative from index options than from index returns. One possible explanation could

be that, due to the consistency restriction across the physical and risk-neutral measures, ρ is

mainly driven by risk-neutral skewness rather than physical skewness.22 The mean jump size

in returns µs is more negative and the mean variance jump size µv is smaller when estimated

from options.

We also find that the posterior standard deviations for most of the parameters are much

smaller when estimated from options than from index returns. We argue that since options

are available across moneyness and maturity, this information helps to identify the level

of spot variances23 and thus reduce the standard deviations for all the parameters that

describe or depend on the spot variances.24 The improved identification of parameters is

evident from the likelihood curve for each parameter plotted in Figure 3.3. We shift the level

of the likelihood to have the same value at maximum but we keep the scale, and thus the

’gradient’ remains unchanged. The standard deviation of each parameter is closely related

to the ’gradient’ at the optimal point and the steeper the curve, the smaller the standard

deviation. As can be seen from the figure, most parameters have much steeper likelihoods

from index options than from index returns.

22It is commonly found in existing literature that ρ estimated from index options is more negative than
that from index returns, (Eraker, 2004; Aı̈t-Sahalia and Kimmel, 2007; Andersen et al., 2015a; Hurn et al.,
2015)

23For example, if we only observe a single maturity of options, when the prices are high, we do not know
whether it is due to a high spot variance or a high long run mean variance. But if we have multiple-maturity
options, both the spot variance and long run mean variance can be well identified.

24A detail discussion of why options covering large moneyness and maturity range improve parameter
identification can be found in Jacobs and Liu (2017).
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We also find that ηs from options is consistently smaller than that from index returns

for all models, which may indicate different required returns from the participants in the

underlying and options markets. The next question is: is the difference in ηs statistically

significant and does it imply inconsistencies between these two markets? The top panel in

Figure 3.4 plots the posterior distribution between ηs from index returns and ηs from index

options. The probability of index returns based ηs being larger than index options based

ηs is 0.6625, meaning that we cannot reject the hypothesis that ηs from the two different

sources of information are the same. However, if we plot the posterior distribution of ηs

from index options and compare it against the mean value of ηs = 2.5374 from index returns

(panel (b) in Figure 3.4), we clearly reject the hypothesis about consistency. In conclusion,

there is no inconsistency for ηs, given the estimation risk or parameter uncertainty from

both markets; However, if we use the posterior mean of ηs from index returns to explain the

options market, while entirely ignoring the estimation risk, the inconsistency does exist.

Note that the posterior standard deviation for ηs from options is much smaller than that

from index returns, but not smaller than that from index returns and option prices jointly.

We conclude that this improved identification of ηs is not due to the inclusion of multiple

option returns, but due to the improved identification of the spot variances from option

prices. Even though more than one option return are available at each period, they are all

driven by the same realization of the index process and thus are perfectly correlated.25 At

last, we find that the mean jump size in returns µs is more negative and the mean jump size

in variances µv is much smaller from options than those from index returns.

25The effective sample size is still one even if more than one option is used.
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3.5 The Index Option Return Puzzle

3.5.1 Realized Option Returns

The index option return puzzle refers to the extremely negative returns on OTM puts,

OTM calls, and option strategies, such as straddles. However, there is little consensus about

whether, from statistic point of view, index option return is puzzling or not. Jackwerth (2000)

documents that monthly put writing strategies deliver abnormal high returns, in both abso-

lute and risk-adjusted levels, and he concludes that options are likely to be mispriced. Coval

and Shumway (2001) find that put returns are too negative to be consistent with a single

factor model based on weekly options and straddles. Bondarenko (2014) analyzes monthly

index futures options based on equilibrium models and finds significantly negative put re-

turns that are inconsistent with single-factor equilibrium model. Santa-Clara and Saretto

(2004) compute returns for a number of index option portfolios and argue that the returns

are implausibly large, although these returns might be difficult to achieve due to transaction

costs. Jones (2006) analyzes daily option returns based on a nonlinear multi-factor model

and finds that deep OTM put options have significant alphas. More recently, Broadie et al.

(2009) argue that the traditional statistical test based on finite sample distribution might

be inaccurate due to relatively short sample period and extreme skewness of option returns.

They propose Monte Carlo simulation to determine the finite sample distribution of the aver-

age option returns. By reviewing some of the existing models with no risk premia, they find

that it is hard to reject these models using monthly hold-to-maturity put returns, and with

proper correction of estimation risk, there is no puzzle for option portfolios including ATM

straddle. Branger et al. (2010) show that models with stochastic volatility and jumps can

generate almost any structure of option returns by changing various risk premia, especially

the jump-related ones. In contrast, Chambers et al. (2014) re-examine the puzzle based on

Broadie et al. (2009) method using data from 1987-2012 and conclude that option returns
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are still puzzling.

The traditional approach used to test the index option return puzzle in the existing

literature, no matter what the conclusion is, typically consists of 3 steps: 1) estimate the

physical parameters from index returns; 2) infer the risk-neutral parameters without using

option prices; 3) calculate model-implied option returns and compare with market realized

counterparts.

The second step is implemented differently in different studies. Some studies simply

assume all risk premia to be zero, and thus the risk-neutral parameters are exactly the same

as the physical parameters. Some studies derive risk premium parameters from the general

equilibrium models developed by Bates (1988) and Naik and Lee (1990).26 Other studies

back-engineer the risk-neutral parameters by calibrating risk premia to fit market option

returns. These tests based on estimates from index returns are therefore joint hypothesis

tests, and when rejected, we do not know whether options are mispriced, or the parameters

estimated from index returns are inconsistent with index options. To assess the impact of

these potential inconsistencies or estimation risk, one can, for example, increase or decrease

each parameter by a certain amount (say, one standard deviation). However, since we do

not know how exactly investors calculate and price estimation risk, the adjustment is still

ad hoc.

Based on our parameter estimates from options, we re-evaluate the index option return

puzzle differently by decomposing the test into two parts. One is an option mispricing test:

do the market realized option returns reject a model with parameters extracted exclusively

from options? The other is an index inconsistency test: do the index returns reject a model

with parameters extracted from options? If a model, estimated by fitting the options, is

rejected by the market realized option returns, the model is likely to be misspecified; if a

model is not rejected by option returns, but rejected by index returns, it is likely that the

information from index returns is inconsistent with that from index options.27 Rejecting

26Risk aversion level must be assumed, and the choice of this value is usually arbitrary.
27The estimation risk from options is much smaller than the estimation risk from index returns.
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in either hypothesis can lead to the option return puzzle. The benefit of going from index

options to index returns, rather than the other way around as in the existing literature, is

that parameters estimated from options generally have much smaller estimation risk.

We first document the index option return puzzle using parameters estimated from index

returns. Due to the noise in option trading, we follow the literature and focus on monthly

hold-to-maturity option returns. The final payoff of an option contract is simply (ST −K)+

for a call and (K−ST )+ for a put. For each expiration date, we count back 30 days to record

the corresponding option trading price. If the target date is a holiday, we use the nearest

trading day instead. The option return is then computed as the final payoff divided by its

original cost. Figures 3.5 shows some examples for option returns at each month. Option

returns can be extremely skewed for the deep OTM options, where most of the returns are

-100%, and only in few months huge returns are realized.

Table 3.5 presents statistics for market realized option returns. Put option returns dis-

play an approximately monotonic decreasing trend as we move from ITM to OTM options.

Call option returns do not exhibit a clear trend but become increasingly negative for OTM

options. Both deep OTM calls and puts yield very negative returns. The skewness and kur-

tosis also increase sharply for deep OTM options. The majority of realized returns for OTM

options are -100% while at the same time, due to the low price of these options, returns can

be huge once a positive payoff is realized. Option strategy returns display less skewness and

kurtosis compared to call and put returns.

3.5.2 The Option Return Puzzle Implied by Parameters from In-

dex Returns

We first calculate model-implied option returns using parameters estimated from index re-

turns. In order to calculate option prices, we need the risk-neutral parameters. Since finding

the right risk premia to solve the option return puzzle is not our objective, we follow Broadie

et al. (2009) and assume no risk premia. Thus, the risk-neutral parameters are the same as
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the physical parameters.

Table 3.6 reports the model-implied returns as well as the market realized option returns.

P-values are reported in parenthesis. The p-values are highly correlated as they come from

the same simulation. To be conservative, we reject a model as long as at least one p-value is

smaller than 1% (rather than 5% used in some existing studies) for any moneyness or option

strategy.28 All models are rejected by the data for some moneyness or option strategy.

For call options, the BS, SV and SVJR model can only generate monotonically increasing

option returns, which are inconsistent with the data especially for the OTM calls. Stochastic

volatility models with jumps in variance are not rejected as they can generate decreasing

returns for deep OTM call options. For put options, consistent with the existing literature,

almost all models have low p-values for the moneyness ranging between 0.94 and 1.29 With

huge standard error, the very deep OTM put option return does not reject any model even

though the difference in the average option returns is large. Note that a model in line with

call returns may still be rejected by put returns (and vice versa).30 Option strategies are

often considered more informative as they either reduce the exposure to the index returns

or dampen the effect of rare events. All models are rejected by ATM straddles and some are

also rejected by other option strategies. In conclusion, all models are rejected by at least

one option or option strategy return, which is the index option return puzzle documented

in the existing literature. Of course, the existence of the puzzle may simply due to the zero

risk premium assumption or parameter estimation risk. With an alternative assumption that

variance risk premium ηv = 4, the option return puzzle does disappear even for the SV model.

Besides, as argued in Broadie et al. (2009), by increasing or decreasing parameters and spot

variances in specific ways, the puzzle also disappears. However, including the risk premia

28This choice of significance level is related to multiple comparisons problem: when individual comparisons
are not perfectly dependent, as the number of comparisons increases, it becomes more likely that the groups
being compared will appear to differ in terms of at least one attribute due to random sampling error alone.
Therefore, unless perfectly dependent, multiple comparisons generally require a stricter significance threshold
for individual comparisons, so as to compensate for the number of inferences being made.

29These moneyness could have been rejected at significance level of 5% (See Broadie et al., 2009; Chambers
et al., 2014, et. al).

30Put-Call Parity holds only for option prices, not for option returns.
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and adjusting parameters require much effort to justify a specific direction or amount and

may potentially introduce additional contradictions. For example, a variance risk premium

of 4 would imply a risk-neutral long-run mean variance three times as high as the physical

variance, which makes it impossible to match the term structure of option implied volatility.

As another benchmark, we also report option returns using parameters estimated from

index returns and option prices jointly. All models are rejected based on at least ATM

straddle.

3.5.3 The Option Return Puzzle Implied by Parameters from Op-

tions

Based on the parameters estimated from option prices and option returns, we break down

the index option return puzzle into an option mispricing test and an index inconsistency

test. One may argue that since we estimate parameters by matching option prices as well

as option returns, by definition these parameters should be able to generate market option

returns. However, this is not necessarily the case. If a model is misspecified, we can estimate

parameters by fitting the data as well as possible, but the model may still have low power

explaining the data. In other words, if realized option returns reject a model with parameters

estimated from the options prices and option returns, then unless we accept a worse fit for

option prices, these returns would reject the model with any other set of parameters. For

such model, no matter how we adjust the parameters, we will not be able to fit option prices

and option returns at the same time.

3.5.3.1 Option Mispricing

Table 3.7 reports the option returns and p-values using parameters estimated from options.

The rejection of the BS and SV models implies that the options are indeed mispriced for these

two models, implying that these models might be misspecified. These results contribute to

the existing literature by reducing the possibility that the index option return puzzle can be
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resolved based on the risk premia and estimation risk. Risk premia in our test have been

set to match option prices and option returns. Moreover, parameters estimated from index

options are subject to much less estimation error than those from index returns. Therefore,

the rejections of these two models are even stronger than in the existing literature. For the

other three models, we do not reject the hypothesis that the model-implied option returns are

consistent with realized option returns. Introducing jumps in either the underlying returns

or/and the variances leads to large improvement in the modeling of option returns.

In the above analysis, we focus on whether an estimated model is rejected by the data us-

ing p-values. However, in order to compare different models or different estimation methods,

we use the Option Return Root Mean Squared Error (OR-RMSE). We define the OR-RMSE

as the normalized average distance between the model and data:31

OR−RMSE =

√√√√√ 1
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(3.36)

where {k} represents the moneyness set we would like to match and {k} is from 0.92 to 1.08

with step size of 0.02. The rationale behind this measure is simple: according to the Central

Limit Theorem, the average option returns at each moneyness are normally distributed and

the standard deviations can be used to normalize the distance between the model and data.

Table 3.8 reports the OR-RMSE for each model using different estimation methods.

For example, using parameters estimated from index returns, the BS model-implied option

returns are, on average, 1.24 standard deviation away from realized option returns, while

the SVCJ model implied returns, using parameters estimated from options, are only 0.62

standard deviation away from realized returns. OR-RMSE cannot be directly considered as

a measure to reject a model or not, but it indicates how close on average the model predicted

31The idea is the same as Z-score. For the moneyness with large standard deviation, we can accept a
larger difference between the model return and the realized return.

127



return is to market realized return given the standard deviation at each moneyness. Overall

more complex models tend to fit option returns better and the estimation using option prices

and option returns provides the best fit among the three methods.

3.5.3.2 Index Inconsistency

For the SVJR, SVJV, and SVCJ models that can not be rejected under the option mis-

pricing test, we use their corresponding physical parameters to test whether index returns

are puzzling. If these physical parameters are rejected based on index returns, it means the

index is mispriced with respect to options, and this inconsistency may lead to the index

option return puzzle. On the other hand, if the parameters are not rejected based on index

returns, it means that the puzzle for these models in the existing literature, if there is any,

was mainly due to parameter estimation risk. Once the uncertainty in parameter estimation

is incorporated correctly, the puzzle does not exist anymore. To check whether the physical

parameters estimated from options are consistent with index returns, we compare the first

and second moments of index returns. We first simulate 10,000 index price and variance

paths, and then calculate the p-values of realized average index return and variance.32 Fig-

ure 3.6 plots the histograms of simulated average returns and variances for the SVJR, SVJV,

and SVCJ models.

The index returns do not reject any of the three models, even though the parameters

estimated from index returns and those estimated from index options seem to be different in

values. In other words, for all the models we test, the parameters estimated from options are

not inconsistent with index returns. This is not surprising, given the identification difficulties

based on index returns. The advantage of such analysis is that we provide a direction

of how to take into account estimation risk and risk premia, without causing additional

contradictions. If we start from parameters from index returns, once we adjust all the

32Alternatively, we can directly compare the parameters estimated from index returns and those from index
options to see whether they are significantly different. However, the comparison of parameters requires more
assumptions on the standard deviation and also joint hypothesis test on a group of parameters.
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parameters to exactly match the values estimated from options, the option return puzzle

would disappear and more importantly, no additional contradiction to neither index returns

nor option prices is generated.

3.6 Conclusion

We propose a new method to extract physical parameters and the latent spot variances

from option prices and option returns. We show that using large panels of options helps

to identify the physical parameters. Because the option data cover a wide moneyness and

maturity range, the likelihood curve becomes much more informative for parameters, and

as a result, the posterior standard deviations for most of the parameters are much smaller

when based on index options. We cannot reject the consistency hypothesis between the index

market and options market, but we show that the traditional way of using the parameter

point estimates from index returns, while entirely ignoring parameter uncertainty, to explain

option market may lead to biased results. We examine the monthly option return fit using

different estimates and find that the parameters estimated exclusively from options provide

the best fit.

With the information extracted from options, we re-examine the index option return

puzzle by decomposing it into an option mispricing test and an index inconsistency test.

Provided that jumps, in either returns or variances, or both, are introduced, options are not

mispriced. We conclude that the option mispricing for the Black-Scholes and the Heston

Stochastic Volatility models is likely due to model misspecification. Our parameters esti-

mated from options provide a direction for the traditional approach to take into account risk

premia and estimation risk.
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Table 3.1: Return and Option Data

Panel A: Return Data

Mean StdDev Skewness Kurtosis Max Min
Index Returns 0.0797 0.1958 -0.0535 10.7980 0.1158 -0.0904

Panel B: Option Data

Maturity (days)
Moneyness (K/S) 5-30 30-60 60-90 90-180 180-365 All

Number of Option Contracts
0.85-0.90 4312 4750 4249 4621 4186 22118
0.90-0.95 4377 4824 4532 4839 4540 23112
0.95-1.00 4383 4838 4626 4922 4823 23592
1.00-1.05 4383 4842 4633 4949 4823 23630
1.05-1.10 4046 4741 4380 4774 4596 22537
1.10-1.15 1432 2639 2443 3711 3968 14193

All 22933 26634 24863 27816 26936 129182
Average Call Prices

0.85-0.90 149.35 150.81 158.71 165.44 184.66 161.79
0.90-0.95 100.03 105.41 113.95 125.17 146.97 118.31
0.95-1.00 40.72 50.48 60.28 76.45 101.39 65.87
1.00-1.05 11.16 20.82 30.91 45.14 71.75 35.95
1.05-1.10 2.62 4.92 9.42 19.37 40.57 15.38
1.10-1.15 2.47 2.92 5.09 9.29 23.44 8.64

All 51.06 55.89 63.06 73.48 94.80 67.66
Average Implied Volatilities

0.85-0.90 0.34 0.28 0.26 0.25 0.24 0.27
0.90-0.95 0.27 0.24 0.23 0.23 0.22 0.24
0.95-1.00 0.21 0.20 0.20 0.21 0.21 0.21
1.00-1.05 0.18 0.18 0.18 0.19 0.19 0.18
1.05-1.10 0.20 0.16 0.16 0.17 0.18 0.17
1.10-1.15 0.31 0.20 0.18 0.17 0.17 0.18

All 0.24 0.21 0.21 0.20 0.20 0.21

Notes: Panel A reports descriptive statistics for the sample of index returns. The mean and standard
deviation are annualized. Panel B reports the number of contracts, average call price and average implied
volatility in the option data set where we choose the most liquid (highest trading volume) option within
each moneyness-maturity range. Moneyness is defined as K/S. Because OTM options are generally more
heavily traded, this data set mainly consists of OTM calls and OTM puts.
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Table 3.2: Parameter Estimates from Option Prices and Option Returns

BS SV SVJR SVJV SVCJ

κ 0.0406 1.6830 1.3561 1.2853 0.9183
(-) (0.0219) (0.0478) (0.0581) (0.0312)

θ 0.0363 0.0348 0.0274 0.0264
(0.0007) (0.0011) (0.0012) (0.0015)

σ 0.3705 0.3807 0.3686 0.3324
(0.0062) (0.0081) (0.0120) (0.0131)

ρ -0.9256 -0.9305 -0.9015 -0.9118
(0.0108) (0.0156) (0.0171) (0.0244)

ηs 1.6432 1.6030 1.5177 1.8899 2.0291
(-) (0.2486) (0.2205) (0.2774) (0.2520)

ηv 0.8918 0.6751 0.0486 -0.0643
(0.0261) (0.0431) (0.0334) (0.0455)

λ 0.7673 0.8276 0.6719
(0.0324) (0.0534) (0.0458)

µs -0.0136 -0.0366
(0.0030) (0.0038)

σs 0.0581 0.0396
(0.0024) (0.0015)

ηJs 0.0330 0.0112
(0.0023) (0.0034)

µv 0.0246 0.0022
(0.0051) (0.0021)

ηJv -0.0412 -0.0576
(0.0043) (0.0055)

ρJ -0.5567
(0.0184)

Notes: We report parameters estimated using option prices and option returns from 1996 to 2015 for the
BS, SV, SVJR, SVJV and SVCJ models. Parameters are all annualized and reported in the physical
measure. The risk-neutral parameters can be inferred by subtracting risk premia from the corresponding
physical parameters. Parameters for the BS model are calculated by matching the option sample: θ is
simply the square of average implied volatility for all options and ηs is the average index return implied
from all option returns divided by θ. For the other models, we report the posterior mean and the posterior
standard deviation in parenthesis.
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Table 3.3: Parameter Estimates from Index Returns

BS SV SVJR SVJV SVCJ

κ 6.9691 6.3308 8.0033 7.5660
(0.9034) (1.0469) (1.1433) (1.1116)

θ 0.0384 0.0359 0.0350 0.0273 0.0271
(-) (0.0034) (0.0042) (0.0031) (0.0029)

σ 0.5430 0.5290 0.4754 0.4680
(0.0286) (0.0332) (0.0344) (0.0337)

ρ -0.7906 -0.7967 -0.8217 -0.8214
(0.0240) (0.0296) (0.0279) (0.0294)

ηs 2.0763 2.5374 2.3737 2.5311 3.1167
(-) (1.1318) (1.2476) (1.2247) (1.2206)

λ 0.9713 0.9845 0.9953
(0.1257) (0.1103) (0.1189)

µs -0.0132 -0.0101
(0.0074) (0.0076)

σs 0.0203 0.0212
(0.0087) (0.0102)

µv 0.0662 0.0547
(0.0110) (0.0103)

ρJ -0.4159
(0.1067)

Notes: We report parameters estimated using index returns only from 1996 to 2015 for the BS, SV, SVJR,
SVJV and SVCJ models. Parameters are annualized. Parameters for the BS model are calculated by
matching the sample average return and variance of the index. For the other models, we report the
posterior mean and the posterior standard deviation after burn-in in parenthesis.
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Table 3.4: Parameter Estimates from Index Returns and Option Prices

BS SV SVJR SVJV SVCJ

κ 0.0406 2.1564 1.5531 1.0158 1.1248
(0.0567) (0.0404) (0.0522) (0.0489)

θ 0.0351 0.0359 0.0282 0.0241
(0.0008) (0.0008) (0.0009) (0.0008)

σ 0.4262 0.4152 0.3892 0.3450
(0.0087) (0.0085) (0.0092) (0.0074)

ρ -0.9161 -0.9378 -0.9417 -0.9237
(0.0129) (0.0134) (0.0118) (0.0107)

ηs 1.9638 2.5016 2.3513 2.7833 3.0401
(0.2805) (0.3081) (0.3077) (0.3486)

ηv 1.0836 0.5753 -0.1376 0.0498
(0.0472) (0.0354) (0.0421) (0.0355)

λ 0.8949 0.9188 0.6005
(0.0239) (0.0363) (0.0359)

µs -0.0134 -0.0104
(0.0008) (0.0005)

σs 0.0491 0.0426
(0.0005) (0.0006)

ηJs 0.0236 0.0361
(0.0007) (0.0003)

µv 0.0594 0.0608
(0.0011) (0.0013)

ηJv -0.0052 0.0018
(0.0012) (0.0015)

ρJ -0.5030
(0.0076)

Notes: We report parameters estimated using index returns and option prices jointly from 1996 to 2015 for
the BS, SV, SVJR, SVJV and SVCJ models. Parameters are all annualized and reported in the physical
measure. The risk-neutral parameters can be inferred by subtracting risk premia from the corresponding
physical parameters. Parameters for the BS model are calculated by matching the data: θ is simply the
square of average implied volatility for all options and ηs is the average index return divided by θ. For the
other models, we report the posterior mean and the posterior standard deviation in parenthesis.
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Table 3.5: Realized Option Returns: Descriptive Statistics

Panel A: Call Returns

K/S 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08

Mean 9.24 6.21 7.35 4.54 4.44 7.43 -11.33 -15.13 -52.07
Std 2.86 3.61 4.55 5.87 7.90 11.98 18.58 26.82 21.64

Skew -0.49 -0.16 0.22 0.50 1.07 2.26 4.81 6.84 7.82
Kurt 2.87 2.42 2.53 2.36 3.51 8.77 28.39 55.52 63.56
2.5% 0.87 -2.24 -2.22 -7.10 -11.24 -14.78 -44.41 -65.64 -96.37
97.5% 17.63 14.87 17.01 16.30 20.04 32.03 28.09 48.51 12.20

Panel B: Put Returns

K/S 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08

Mean -56.80 -54.75 -47.93 -36.26 -27.10 -18.45 -12.84 -5.84 -1.53
Std 17.13 15.35 13.02 11.73 9.32 7.61 6.05 5.99 5.18

Skew 7.05 6.44 5.22 3.90 2.74 2.06 1.40 1.43 1.21
Kurt 54.55 47.14 33.35 20.32 11.53 8.06 5.07 5.27 4.62
2.5% -87.23 -81.41 -71.38 -57.45 -44.54 -32.98 -26.49 -23.00 -20.71
97.5% -18.65 -22.15 -20.36 -11.69 -8.09 -2.83 1.50 12.38 18.48

Panel C: Option Strategy Returns

Strategy AS CS PS CNS LNS CLNS

Mean -11.24 5.72 -18.45 -5.51 -10.04 -3.94
Std 4.70 7.53 8.93 4.20 4.86 3.88

Skew 1.66 0.64 1.66 0.64 2.00 0.21
Kurt 7.36 1.98 4.69 3.02 9.21 2.25
2.5% -20.43 -10.84 -34.95 -13.72 -20.07 -12.33
97.5% -1.74 22.34 -0.53 3.04 0.68 4.56

Notes: We report average returns of calls, puts and several option strategies in our sample (240 months),
with standard errors, skewness, kurtosis, and percentile statistics. AS: ATM Straddle, long an ATM call and
an ATM put. CS: Call Spread, long an ATM call and short a 6% OTM call. PS: Put Spread, long an ATM
put and short a 6% OTM put. CNS: Crash Neutral Spread, long an ATM straddle and short a 6% OTM
put. LNS: Lottery Neutral Spread, long an ATM straddle and short a 6% OTM call. CLNS: Crash Lottery
Neutral Spread, long an ATM straddle and short 6% OTM call and put.
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Table 3.6: Model-Implied Option Returns Implied by Parameters from Index Returns

Panel A: Call Returns

K/S 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08

Market 9.24 6.21 7.35 4.54 4.44 7.43 -11.33 -15.13 -52.07

BS 7.85 9.37 11.23 13.43 15.96 18.81 21.95 25.35 28.99∗

(0.376) (0.278) (0.279) (0.145) (0.137) (0.208) (0.026) (0.038) (0.002)
SV 8.82 10.77 13.55 17.73 24.50 36.62 58.91∗ 88.80 117.48

(0.470) (0.156) (0.134) (0.035) (0.020) (0.023) (0.002) (0.033) (0.041)
SVJR 8.04 9.81 12.36 16.22 22.61 34.55 56.23∗ 78.87 96.31

(0.379) (0.215) (0.187) (0.053) (0.030) (0.033) (0.005) (0.049) (0.055)
SVJV 6.72 8.18 10.24 13.26 17.94 25.44 33.82 35.02 32.60

(0.173) (0.421) (0.401) (0.179) (0.134) (0.156) (0.042) (0.175) (0.119)
SVCJ 8.13 9.89 12.37 16.03 21.85 32.03 49.46∗ 61.31 63.14

(0.273) (0.338) (0.319) (0.097) (0.065) (0.071) (0.008) (0.109) (0.078)

Panel B: Put Returns

K/S 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08

Market -56.80 -54.75 -47.93 -36.26 -27.10 -18.45 -12.84 -5.84 -1.53

BS -23.36 -20.71 -18.19 -15.81 -13.62 -11.65 -9.90 -8.40 -7.13
(0.097) (0.028) (0.013) (0.028) (0.058) (0.168) (0.308) (0.296) (0.085)

SV -19.39 -18.68 -17.88 -16.95 -15.84 -14.46 -12.67 -10.60 -8.72
(0.112) (0.051) (0.035) (0.074) (0.144) (0.330) (0.496) (0.173) (0.048)

SVJR -18.01 -17.35 -16.60 -15.72 -14.68 -13.37 -11.63 -9.64 -7.90
(0.108) (0.045) (0.035) (0.061) (0.112) (0.271) (0.427) (0.230) (0.068)

SVJV -14.72 -14.36 -13.83 -13.11 -12.20 -11.04 -9.57 -7.96 -6.54
(0.092) (0.042) (0.023) (0.035) (0.064) (0.134) (0.239) (0.430) (0.164)

SVCJ -15.83 -15.77 -15.50 -14.98 -14.18 -13.05 -11.52 -9.70 -8.03
(0.082) (0.030) (0.022) (0.040) (0.077) (0.192) (0.324) (0.339) (0.106)

Panel C: Option Strategy Returns

Strategy AS CS PS CNS LNS CLNS

Market -11.24 5.72 -18.45 -5.51 -10.04 -3.94

BS 1.24∗ 13.57 -12.19 3.25 -1.50 0.47
(0.005) (0.186) (0.217) (0.033) (0.021) (0.111)

SV 4.45∗ 21.71 -15.08 6.94∗ 2.33∗ 4.66
(0.000) (0.035) (0.368) (0.003) (0.004) (0.015)

SVJR 4.08∗ 20.22 -13.97 6.34∗ 2.21∗ 4.33
(0.001) (0.054) (0.311) (0.005) (0.004) (0.018)

SVJV 2.96∗ 16.08 -11.59 4.84 1.35 3.13
(0.005) (0.168) (0.169) (0.019) (0.010) (0.035)

SVCJ 3.94∗ 19.22 -13.61 6.33∗ 1.89∗ 4.13
(0.001) (0.102) (0.242) (0.007) (0.005) (0.026)

Notes: We report the average returns for calls, puts and option strategies in our sample (240 months), with
parameters estimated from index returns. In parenthesis, we report the p-values for each model to generate
the market realized returns at the corresponding moneyness or option strategy. ∗ represents significance at
the 1% level.
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Table 3.7: Model-Implied Option Returns Implied by Parameters from Option Prices and
Option Returns

Panel A: Call Returns

K/S 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08

Market 9.24 6.21 7.35 4.54 4.44 7.43 -11.33 -15.13 -52.07

BS 6.53 7.75 9.23 10.95 12.92 15.11 17.51 20.09 22.83∗

(0.265) (0.389) (0.389) (0.221) (0.211) (0.285) (0.046) (0.057) (0.002)
SV 5.53 6.73 8.53 11.59 18.79 75.71 110.38 115.71 83.95

(0.159) (0.434) (0.401) (0.167) (0.096) (0.059) (0.197) (0.468) (0.308)
SVJR 4.62 5.42 6.60 8.67 14.20 48.87 87.24 127.78 172.32

(0.100) (0.474) (0.485) (0.253) (0.163) (0.256) (0.241) (0.326) (0.211)
SVJV 4.87 5.84 7.19 9.19 12.61 16.10 6.65 -7.16 -23.19

(0.180) (0.412) (0.373) (0.168) (0.074) (0.464) (0.491) (0.331) (0.305)
SVCJ 4.02 4.55 5.29 6.42 8.47 14.64 20.32 19.44 13.28

(0.164) (0.370) (0.350) (0.143) (0.052) (0.119) (0.447) (0.363) (0.394)

Panel B: Put Returns

K/S 0.92 0.94 0.96 0.98 1.00 1.02 1.04 1.06 1.08

Market -56.80 -54.75 -47.93 -36.26 -27.10 -18.45 -12.84 -5.84 -1.53

BS -19.13 -16.94 -14.86∗ -12.92 -11.15 -9.54 -8.13 -6.91 -5.88
(0.060) (0.012) (0.005) (0.012) (0.026) (0.099) (0.207) (0.420) (0.151)

SV -20.28 -18.74 -17.19 -15.61 -14.01 -12.18 -9.23 -7.06 -5.59
(0.206) (0.107) (0.072) (0.089) (0.120) (0.226) (0.291) (0.379) (0.153)

SVJR -34.33 -29.52 -24.54 -19.61 -15.12 -11.45 -8.09 -6.14 -4.90
(0.246) (0.144) (0.113) (0.144) (0.159) (0.213) (0.237) (0.431) (0.184)

SVJV -21.55 -18.06 -15.27 -13.06 -11.29 -9.77 -7.90 -6.28 -5.04
(0.231) (0.143) (0.100) (0.126) (0.159) (0.277) (0.317) (0.375) (0.160)

SVCJ -42.38 -33.97 -26.20 -19.60 -14.51 -10.91 -8.27 -6.41 -5.12
(0.367) (0.467) (0.405) (0.436) (0.443) (0.461) (0.490) (0.224) (0.079)

Panel C: Option Strategy Returns

Strategy AS CS PS CNS LNS CLNS

Market -11.24 5.72 -18.45 -5.51 -10.04 -3.94

BS 0.94∗ 10.96 -9.89 2.69 -1.37 0.35
(0.007) (0.280) (0.132) (0.047) (0.018) (0.118)

SV 2.54∗ 18.15 -12.94 4.20 1.75∗ 3.42
(0.002) (0.115) (0.289) (0.019) (0.006) (0.036)

SVJR -0.32 12.64 -11.92 2.65 -1.60 1.37
(0.032) (0.214) (0.271) (0.038) (0.036) (0.089)

SVJV 0.74 12.69 -9.94 2.55 0.22 2.05
(0.024) (0.221) (0.024) (0.041) (0.021) (0.054)

SVCJ -2.95 7.70 -8.58 1.19 -3.85 0.37
(0.087) (0.360) (0.023) (0.054) (0.133) (0.127)

Notes: We report the average returns for calls, puts and option strategies in our sample (240 months), with
parameters estimated from index option prices and option returns. In parenthesis, we report the p-values
for each model to generate the market realized returns at the corresponding moneyness or option strategy.
∗ represents significance at the 1% level.
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Table 3.8: Option Return Root Mean Squared Error

Index Returns Index Returns &
Option Prices

Option Returns &
Option Prices

BS 1.24 1.27 1.23
SV 1.19 0.98 0.85

SVJR 1.16 0.88 0.76
SVJV 1.08 0.82 0.75
SVCJ 1.12 0.73 0.62

Notes: For each model, we report the Option Return Root Mean Squared Error (OR-RMSE) across all
moneyness for calls and puts. Values in the table represent the average distances between model implied
option returns and market realized option returns. OR-RMSE can not be directly considered as a measure
to reject a model, but it indicates how close on average the model predicted returns are to market realized
returns given the standard deviation at each moneyness. Overall more complicated models tend to fit
option return better and the estimation using option prices and option returns provides the best fit among
the three methods.
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Figure 3.1: Parameter Trace for the SV Model Parameters. Estimation Based on Index
Returns

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

κ
×10

4

0

10

20

30

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

θ
×10

4

0

0.05

0.1

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

σ
×10

4

0

1

2

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

ρ
×10

4

-1

-0.5

0

0 0.5 1 1.5 2 2.5 3 3.5 4 4.5 5

ηs ×10
4

0

5

10

Note: We plot the full traces for each parameter in the SV model. We use 50,000 iterations. The first 1/4
of the iterations are treated as burn-in. We choose ’crazy’ initial point for each parameter in order to
confirm the robustness of the method. We report the average after burn-in as parameter value and the
standard deviation after burn-in as parameter standard deviation.
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Figure 3.2: Filtered Variance for the SV Model
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Notes: We plot the realized variance integrated from intra-day 5-min index returns in the first panel. In
the middle two panels, we plot the filtered variances for the SV model using either index returns or index
options (option prices and option returns). We also plot the difference in filtered variances in the bottom
panel.
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Figure 3.3: Log-Likelihood Curve Index Returns vs Index Options
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Notes: We plot the Log-Likelihood curve for index returns vs index options for different parameters. We
shift the level of the likelihood to have the same value at maximum but we keep the scale and thus the
’gradient’ remains the same.
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Figure 3.4: Parameter Difference Posterior Distributions
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(b) Difference between ηs Estimated from
Index Options and 2.5374
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(c) Difference between ηs Estimated from
Index Returns and 1.6030
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Notes: We histogram the posterior distribution for the difference between ηs estimated from index returns
and ηs estimated from index options in panel (a). The probability of index returns based ηs being larger
than index options based ηs is 0.6625 and we do not reject the hypothesis that ηs from the two different
sources of information are the same. We histogram the posterior distribution of ηs estimated from index
options and the posterior mean value of 2.5374 estimated from index returns in panel (b). We clearly reject
the hypothesis that ηs estimated from index options is the same as the posterior mean value estimated
from index returns. We histogram the posterior distribution of ηs estimated from index returns and the
posterior mean value of 1.6030 estimated from index returns in panel (c). We do not reject the hypothesis
that ηs estimated from index returns is the same as the posterior mean value estimated from index options.
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Figure 3.5: Realized Monthly Option Returns

(a) ATM Call Option Returns
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(b) 6% OTM Put Option Returns
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Notes: We plot option returns of ATM calls and 6% OTM puts for each month from 1996 to 2015. Option
returns are reported in percentage. The maximum losses of ATM calls are -100% and the gains can be as
high as 800%. The majority of realized returns for 6% OTM puts are -100% while at the same time, due to
the low prices of these options, the returns can be very large if positive payoffs are realized.
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Figure 3.6: Simulated Index Returns and Variances

(a) Index Returns: SV
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(c) Index Returns: SVJR
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(d) Index Variances: SVJR
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(e) Index Returns: SVCJ
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(f) Index Variances: SVCJ
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Notes: We histogram the simulated average index returns and variances for the SVJR, SVJV and SVCJ
models. The vertical lines represent the realized average return and variance from market data.
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