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ABSTRACT
JUNGYEON YOON: Option Pricing with Stochastic Volatility Models
(Under the direction of Chuanshu Ji and Eric Renault)

Despite the success and the user-friendly features of Black-Scholes (BS) pricing, many
empirical results in the option pricing literature have shown the departures from the BS
model. The motivation of this dissertation starts from these departures.

In the first part of dissertation, we take the popular approach of stochastic volatility and
jump models that are known to give good explanations to the empirical phenomenon. In
order to keep analytic tractability, we derive the Generalized Black-Scholes (GBS) formula
by a proper conditioning in a general mixture framework. By taking advantage of this new
version of option pricing formula, we propose an approximation scheme that is well suited
for the conditional Monte Carlo method. The simulation study and Markov Chain Monte
Carlo (MCMC) algorithm give an evidence of a huge computational time reduction without
much loss of accuracy.

In the second part, we provide a new prospective on the forecasting ability and infor-
mation content of the BS implied volatility in the presence of nonzero leverage effect. The
leverage effect, which is the correlation between the return and volatility process, is intro-
duced to model the observed Black-Scholes implied volatility (BSIV) smile and its skewness.
We provide a simple theoretical framework that explains and justifies the use of BSIV from
at-the-money option for the volatility forecast. Based on this and simulation study, which
show the sensitivity of the concavity of option price with respect to the underlying stock
price (the “gamma effect”), we propose a new approach to improve option pricing accuracy

by a proper account for the gamma effect.
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CHAPTER 1

An approximation scheme for option pricing with
stochastic volatility and jump models

1.1 Introduction

In the empirical option pricing literature, departures from the Black and Scholes (BS)
model are often explained by the importance of both stochastic volatility and jumps in
stock returns. More often than not, this observation leads empirical researchers to give up
the tractability of the BS formula to compute option prices and price sensitivities. Instead,
we argue in this paper that most of the user-friendly features of BS pricing and hedging
can be kept thanks to proper conditioning on the future path of relevant state variables.
Our approach can actually be seen as a way to revisit and to correct a natural strategy of
mixture of BS formulas that is quite popular among practitioners. Typically, to account
for excess kurtosis and skewness in stock log-returns, a fast empirical approach amounts to

consider that the option price is given by a weighted average:
aBS(o1) + (1 — a)BS(02), (1.1)

where BS(o) denotes the BS option price computed with the value for the volatility pa-
rameter o. The rationale for (1.1) is to consider that a mixture of two normal distributions
with standard errors o; and o9 and weights o and (1 — «) respectively may account for
both skewness and excess kurtosis. The problem with this naive approach is that it does
not take into account any risk premium associated to the mixture component.

A convenient way to specify various kinds of risk premiums is to introduce a Stochastic

Discount Factor (SDF) my r (see Hansen and Richard (1987)) such that the price p; paid



at time ¢ for a terminal payoff g7 at time 7' > t is given by:

pt = E[myrgr|Fi], (1.2)

where F}; stands for the information available to investors at time ¢. Then, it is well known
(see e.g. Garcia et al. (2007)) that the BS option pricing formula for an European call
written on a stock with price St at time 7" (without dividend) is valid insofar as the joint
conditional distribution given F; of [log(mer),log(S7)] is normal. More generally, if we
want to accommodate a mixture of normal distributions with a mixing variable U; 7 , we
can write:

pe = E[E(myrgr|Fy, U )| Fi, (1.3)

where, for each possible value u; 7 of Uy 7, the BS formula is valid to compute:

Elmyrgr|Fy, Uyt = w |

In other words, it is true that, as in (1.1), the final conditional expectation operator (given
F) in (1.3) displays the option price as a weighted average of different BS prices with the
weights corresponding to the probabilities of the possible values u; 7 of the mixing variable
Ui r. However, the naive approach (1.1) is applied in a wrong way when forgetting that the
additional conditioning information U; 7 = u; 7 should lead to modify some key inputs in
the BS option pricing formula.

Suppose that investors are told that the mixing variable U; v will take the value u; 7.

Then, the current stock price would no longer be:

St = E[mt,TST|Ft],

but

St (u,r) = ElmyrSt|Fy, U = wy 7). (1.4)

For the same reason, the pure discount bond which delivers $1 at time 7" will no longer be



priced at time t:

B(t, T) = E[mt’T|Ft},

but
B*(t, T)(’U,t,T) = E[mt7T‘Ft, Ut,T = Ut7T]. (15)

In other words, various BS option prices which are averaged in a mixture approach
like (1.1) must be computed, no longer with actual values B(¢,T) and S; of the current
bond and stock prices, but with values B*(¢,T)(ur) and S} (u¢ ) not directly observed
but computed from (1.4) and (1.5). In particular, the key inputs, underlying stock price
and interest rate, should be different in various applications of the BS formulas like BS(o1)
and BS(02) in (1.1).

This remark is crucial for the conditional Monte Carlo approach put forward in this
paper. We extend in this respect the work of Willard (1997) in the context of option pricing
with stochastic volatility. Revisiting a formula initially derived by Romano and Touzi
(1997), Willard (1997) notes that the variance reduction technique, known as conditional
Monte Carlo, can be applied even when the conditioning factor (the stochastic volatility
process) is instantaneously correlated with the stock return as it is the case when leverage
effect is present. He stresses that “by conditioning on the entire path of the noise element
in the volatility (instead of just the average volatility), we can still write the option’s price
as an expectation over Black-Scholes prices by appropriately adjusting the arguments to
the Black-Scholes formula” However, Willard (1997) does not note that the “appropriate
adjustment” of the stock price as an argument of the BS formulas is precisely akin to the
replacement of Sy by Sf (U 1) given by (1.4). Moreover, he does not appropriately adjust
the interest rate according to (1.5) and works with a fixed risk neutral distribution. We will
see in Section 2 that this approach is in general flawed when the short term interest rate is
stochastic.

The contribution of this paper is threefold. First, we correct and generalize the mix-
ture/conditional extension of BS option pricing by characterizing the appropriate adjust-
ment of both bond and stock prices. While our adjustment of stock price is just a general-

ization of Willard (1997) to accommodate jumps, the adjustment of bond price is akin to



a proper conditioning of the risk neutral distribution. This resulting generalization of BS
pricing, dubbed Generalized Black-Scholes (GBS), has already been put forward by Garcia,
Luger and Renault (2003) in the context of stochastic volatility. Our second contribution
is to extend GBS pricing to a general model of stochastic volatility and jumps. This ex-
tension is important because it displays the relevant concept of average volatility over the
lifetime of the option. In this respect, it paves the way for new applications of the recent
techniques (see e.g. Barndorff-Nielsen and Shephard (2004)) for separate identification of
the two components of quadratic variation, namely (continuous) integrated variance and
sum of squared jumps. Finally, we take advantage of this new version of GBS option pricing
to design an approximation scheme well suited for conditional Monte Carlo simulation of
option prices under a popular stochastic volatility model in Heston (1993). Our approxima-
tion takes a spirit from Cheng, Gallant, Ji and Lee (2007) and Broadie and Kaya (2006).
The approximation scheme is illustrated through its usefulness to implement Markov Chain
Monte Carlo (MCMC) estimation procedures. Since our model is at least as general as the
stochastic volatility models in the common literature (e.g. Bates (2000), Pan (2002)), the
computational efficiency of our procedure must be compared with the available competi-
tors. Even though the extensive comparison is still in progress, we give evidence of huge
computational time reduction without much to pay in terms of accuracy.

The chapter is organized as follows. Section 1.2 sets up a general mixture framework
and develops an adjusted bond and stock prices. Section 1.3 provides the GBS option
pricing formula. Section 1.4 introduces an approximation scheme for GBS formula. Section
1.5 illustrates the MCMC estimation. Technical details, including proofs of all lemmas and

propositions, are collected in the appendices.



1.2 Adjustment of bond and stock prices in a general mixture
framework

1.2.1 Proper conditioning of the risk-neutral distribution

In a continuous time framework, the SDF m; 7 is generally seen as the relative increment

of a pricing kernel process:

myr = Tr/m.

As already announced, the key idea of the mixture model is to define a conditioning variable
Uit such that the pricing kernel process follows a geometric Brownian motion under the
conditional probability distribution given U; 7. The mixing variable U; 7 will typically show
up as a function of a state variable path (X, ):<y<7. More precisely, let us assume that the

pricing kernel process is defined by:
leg(T['t) = h(Xt)dt + G(Xt)qu + b(Xt)dWQt + Ctht, (16)

where:

(Wi, Woy) is a two-dimensional standard Brownian motion,
(IVy) is a Poisson process with intensity A(X;) depending on the state variable Xy, and

the jumps sizes ¢; are i.i.d. normal variables independent of the state variable process (X;).

The model (1.6) is devised such that, given the state variables path (X, )i<u<7, the log of
SDF log(m ) is normally distributed insofar as the number (Np — N¢) of jumps which
occurred in the time interval (¢,7] is given. In order to introduce some instantaneous
correlation between the state variable and the pricing kernel process, we also include the

first Brownian motion W7 as a component of X;:

X = (4, W), (1.7)



where Z, is a vector of additional covariates possibly needed to describe the stochastic
time variations of the coefficients in (1.6). All the stochastic processes considered so far
are assumed to be (F;)—adapted where (F}) is an increasing family of o—fields, assumed
to fulfill the usual hypotheses (see e.g. Protter (2004)) and to summarize the information
available at time ¢ to all investors. As usual, the drift of the pricing kernel process is tightly
related to the short term interest rate. For sake of expositional simplicity, we have precisely
assumed that this drift is a deterministic function of X; (through the functions h(-) and
A(+)) to be sure that the short term interest rate is a function r(X;) of the current state
variables. More precisely, we are able to define the short term interest rate function r(-) by

the standard condition:

1 = E|murexp Tr(Xu)du)|Ft . (1.8)
rresa | |

This is akin to say that:

is a (F;)—martingale. From this martingale condition, it is easy to deduce that:

Lemma 1.2.1. The short term interest rate is given by:
1
r(Xy) = (X)) = 5 [0¥(X0) + 0H(X))] = M) Blexp(er) - 1].

Note that Lemma 1.2.1 actually characterizes a local martingale property but for all
practical purposes we will assume that it ensures that B is a (F;)—martingale. Within
the information structure defined by the filtration (F}), the variable with unit conditional
expectation my  exp( ftT 7(Xy)du) defines the Radon-Nikodym derivative of a risk-neutral
distribution. This risk neutral distribution is valid to price at time t future payoffs at time
T when the information available to all investors is F;. Suppose now that investors are told
at time ¢ that the future path of state variables will be (X, );<y<7. Then, this additional

information must of course be used to update the pricing measure and, by the law of iterated



expectations, a risk neutral distribution will now be given by its Radon-Nikodym derivative:

ner = Elmyr|FyV o((Xu)t<u<r)s (Nu)t<u<r] €Xp </tT7“(Xu)du> .

The projected SDF E[myr|F; V o((Xu)t<u<t), (Nu)t<u<r] can actually be interpreted as
a SDF valid to price the payoffs whose only randomness goes through the value (X,) of
state variables and (IV,), the jump times, where ¢ < u < T. The advantage of conditional
log-normality is to allow us to derive a closed-form formula for the updated risk neutral

distribution:
Proposition 1.2.1. The Radon-Nikodym derivative of a risk neutral distribution condi-
tional on Fy V o((Xy)i<u<t), and (Ny)i<u<T 15 given by:
T 1 (T
mT = €xXp [/ a(Xu)dWlu—2/ a2(Xu)du]
t ¢
T
exp [(NT — Ny)log [E (e)] — [E () — 1]/ )\(Xu)du}
t

Note that, following the notation of the introduction, an alternative interpretation of

this result is to say that the adjusted bond price By is:

T
BZT = Bt*,T(Ut,T) = exp [—/ T(Xu)du] T,
t

where the mixing variable U; 7 summarizes the values of the relevant conditioning variables,

namely:
[T a(X)dWiy, [T a®(Xu)du, [T A(X)du, [ 7(Xy)du and (Np — Ny).

Irrespective of the interpretation, the key issue is to correctly update the quantities of
interest to account for the additional information (X, Ny )i<u<r. For instance, even in a
purely continuous stochastic volatility setting, the risk neutral distribution must be rescaled

with the exponential martingale factor:

exp [/tT a(Xy)dWi, — % /tT aQ(Xu)du] .



Omitting to do so would amount to assume that the part of the Brownian innovation that is
instantaneously perfectly correlated to the conditioning state variables has a zero weight in
the pricing kernel, which is quite a restrictive assumption about the sources of risk that are
actually compensated. The restrictive content of such an assumption will become obvious if
we consider, as in Willard (1997), that this instantaneous correlation corresponds to leverage
effect in the stochastic volatility process of the stock return of interest. This assumption is

made precise in the next subsection.
1.2.2 Adjustment of stock price

The key idea of GBS option pricing approach through iterated expectations as shown
in Garcia et al. (2003) is to get a conditioning over the relevant state variables in order
to be back to a geometric Brownian motion. In other words, the state variable X; and NV
must summarize the randomness in the stock return volatility and in jump dates. Thus, we

define a stock price process (St):
d(lOg St) = ,u(Xt)dt + Oé(Xt)dW” + B(Xt)dWQt + v d Ny, (19)

where the jump sizes ; are i.i.d. normal variables independent of the state process (X;).
Consider

Vi = o®(Xy) + B*(Xy),

which is interpreted as the square volatility process. The key is that conditioning by F; V
o((Xu)t<u<r) and (Ny)i<u<r will make the volatility path deterministic. Note also that
a non-zero coefficient a(X;) captures the instantaneous correlation between the continuous

part of the price innovation and volatility. In other words,

Oé(Xt) oz(Xt)

piXe) = \/a2 )+ ﬁz Xt) VVi

can be interpreted as a leverage effect coefficient. The stock price equation is:

1=F [”T ST\FJ

T St



That is, the discounted price process ¢f = m.5; is a Fy—martingale. From the martingale

condition, it is deduced that

Lemma 1.2.2.
w(Xt) = T(Xt)_a(Xt)Oé(Xt)_b(Xt)ﬁ(Xt)_%(O‘Z(Xt>+/82(Xt>)+)‘(Xt) [E(e™) — E (e"™)],

For all practical purposes, we will assume throughout that the condition in Lemma
1.2.2 ensures that ¢] is a martingale. The drift coefficient p(X;) is actually not free but
determined in Lemma 1.2.2. Following the notation given in the introduction, we can now

state the second result for the adjusted stock price, S}.

Proposition 1.2.2.
Sy =S/ (Ur)=FE [ZST|F15 V o ((Xu)t<us<T)s (Nu)tgugT] = Si&.1,
with:
T 1 (T
&1 = exp [/ (a(Xy) + a(Xy))dWhy, — / (a(Xy) + Oz(Xu))Qdu]
t t

2

T
exp [(NT — Ny) log(E[e“™]) — E[e“™ — 1] /t A(Xu)du] :

Similarly, the mixing variable U; 7 summarizes the values of the relevant conditioning

variables, namely:

[ (a(Xy) + (X)) dWiy, [ (a(Xy) + a(Xa))2du, [ M(Xy)du and (Np — Ny).

1.2.3 An equilibrium pricing interpretation

Asset pricing models typically use either no-arbitrage arguments or equilibrium to de-
rive explicit pricing formula. Equilibrium approach is often built upon certain general
equilibrium models, which balance consumption and investment, and incorporate prefer-
ences towards various risk factors by defining a utility function. Given a utility function,
the price of an asset would come as a part of the solution to the optimization problem.

The approach provides a better understanding for the preference of an investor or agent,



especially the risk premiums can be interpreted more explicitly. However, a general equi-
librium model tends to make empirical work (fitting a model based on real financial data)
more difficult due to strict restrictions imposed by the framework. In contrast, no-arbitrage
approach determines the value of a derivative (e.g. option, future) through its relation to
other assets (e.g. stock, bond or other derivatives) whose prices are taken as given. Black-
Scholes theory is a typical example. It is a practical way to price assets, and easy to link to
real data, but does not offer the insight of an agent’s preference as absolute pricing does. In
this section, we like to show that the specification of risk premium in the previous section
reconciles with the equilibrium approach.

Consider an economy in which an investor tries to solve a utility maximization problem
max. E [ fooo J (ct,t)dt], where J(ct,t) is the utility function of the consumption process
(c¢t). An endowment, which follows an exogeneous process, is available to the investor. In
equilibrium, the investor finds it optimal to just consume the exogenous endowment; i.e.
¢t = 0;. The economy is endowed with a stochastic flow of the consumption good. The

equilibrium price, p(t), must satisfy the Euler equation

where J, is the partial derivative of J(c,t) with respect to c. We assume the endowment

(6;) follows the similar process to the stock price Sy:
d(log 6;) = ps(X¢)dt + as( Xy )dWis + Bs(X¢)dWays + 2 dN;. (1.11)

For simplicity, we adopt a utility function in Naik and Lee (1990). The utility function

has a form:
W

J(c,t) = exp(—0t)

¢
w Y
where 0 < w < 1. If w = 0, then J(c,t) = exp(—6t)log(c). It exhibits a constant relative

risk aversion. Since J,(0;,t) = exp(—0t)d¥ !, a pricing kernel is, from (1.10),

T = exp(—0t)6¥ L.

10



By Ito’s formula, the pricing kernel process is

d(logmy) = (=0 + (w — 1)ps) dt + (w — 1) (asdWis + BsdWay) + (w — 1)A2dN;  (1.12)
Lemma 1.2.3. The equivalence of Lemma 1.2.1 for (1.12) is
r(Xy) =0 — (W —1)ps(Xe) — %(w —1)* (a3(Xy) + B5(X1)) — MX,)E [exp((w — 1)) — 1] :
Lemma 1.2.4. The equivalence of Lemma 1.2.2 is

w(Xe) = r(Xy) — (w—1) (as(Xp)a(Xe) + Bs(Xe) B(Xt)) —

FA(X) [B(exp((w — 1)77) — exp((w = 1)7] + )

(o®(Xy) + B%(Xy))

— | =

By Lemma 1.2.3, the equilibrium pricing kernel is

d(logmy) = [—T(Xt) - %(w —1)? - \X)E (exp((w — 1) — 1)} dt

+(w — 1) (as(Xy)dWis + Bs(X)dWay) + (w — 1)72d Ny,

The equilibrium pricing kernel will be used in pricing bond, stock and option prices. Again,
by a proper conditioning by Fi V o((Xy)i<u<r) and (Ny)i<u<r, We are back to Brownian
Motion. Thus, the joint probability distributions of [log (%) ,log (%)} and furthermore
[log (%) ,log (%)} are bivariate normal. We can derive a GBS option pricing formula

similarly to the previous setting.

Proposition 1.2.3. The adjusted bond price is:

" T
t

T
= exp [— / Tudu:| e, T
t

with

T = €Xp [(w —1) /tT as(Xy)dWiy — = (w —1)2 /tT ag(Xu)du:|



exp [(NT — Ni)log [ (exp((w = 1)90)) | = [ B (exp((w — 1)70) ~ 1) / ' A(X@du} .

From Lemma 1.2.4, we get the adjusted stock price.

Proposition 1.2.4. The adjusted stock price:

S —E [TZST\E v a((Xu>t<u<T>] — S,

with:

T T
i = x| [ (0= Dast) + alr)ii 5 [ (- DPas(X) + a(x,)Pdy

T
exp {(NT — Ny) log[E(exp(y: + (w — 1)37))] + Elexp(ye + (w — 1)77) — 1] /t A(Xu)dU]

The proofs of Proposition 1.2.3 and Proposition 1.2.4 are not included since they are
basically the same as those of Proposition 1.2.1 and Proposition 1.2.2. Note that the prefer-
ence parameter w appear explicitly in the adjusted bond prices and stock price and therefore
in the option pricing formula. Except for some factorization with w, everything remains
the same as no-arbitrage approach in Section 1.2.1 and Section 1.2.2 given specification of
the endowment process. We do not discuss thorough study on the relationship between the
level of risk aversion and risk premium along with the specification of endowment process

since they are beyond the scope of our study.

1.3 The GBS option pricing formula

Except for a few cases, such as the stochastic volatility in Heston (1993), most dynamics
of the state variables in derivative pricing do not yield closed form solutions. Monte Carlo
simulation can be used to get a derivative price. Standard Monte Carlo simulation would
generate many sample paths of state variables, evaluate the payoff of the derivative on each
path, then take an average over them. The average gives an estimate of a derivative price.
In this section, we focus on an European call option and derive a BS like option pricing
formula by the proper conditioning. The conditional Monte Carlo approach has several ad-

vantages over competitors. First, it can be easily applicable in both pricing and calculating
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sensitivities (the ”Greeks”). Second, there is a big improvement in computational efficiency.
It is faster and gives a smaller variance than the traditional Monte Carlo method, as shown
in Willard (1997).

Following the notation in the introduction, the payoff g of an European call option
written on a stock price Sy is gr = max(0, Sy — K ), where K is a strike price. The proof of

the option pricing formula in Proposition 1.3.1 is in Appendix E.
Proposition 1.3.1. The price of an European call option has the form.:

Cy = E | "L max(0, Sy — K)|F|
Tt

where F} is the information available at time t to the investor. We obtain the GBS option

pricing formula for the stochastic volatility and jumps model:

C, = E[BS(Si&r, (o17))|Fi

= PE[Si&r®(d1) — KBir®(d2)|Fy],

where

Eg(-, -) is a BS-like option pricing formula,
&1 and Bf 7 defined as in Proposition 1.2.1 and Proposition 1.2.2(or Proposition 1.2.3

and Proposition 1.2.4),

S
d = 5L [log(R5E) + @)?]

ToT
dy =di — o1,

and

T
onT = \//t (1 = p*(Xu))Vudu + (N — Ni)Var[i]

Like the previous work by Willard (1997), Romano and Touzi (1997), this option pricing

formula extends to more general cases and still preserves tractability that BS pricing formula
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has. The characteristics of SDF explicitly shows up in the option pricing formula. That
is, we have nice interpretations on how risk premiums and/or preference parameters play
a role in pricing and sensitivities. Also, it is worthwhile noting that o; v displays separate
identification of the two components of quadratic variation, namely (continuous) integrated
variance and sum of squared jumps, which is similar to quadratic variation in Barndorfl-

Nielsen and Shephard (2004).

1.4 An approximation scheme for GBS formula

We propose an approximation scheme, which results in a significant dimension reduc-
tion by simulating certain key summary statistics in the model instead of generating the
entire volatility path. Hence, it is particularly well suited to our GBS pricing formula and
the related conditional Monte Carlo simulation. Cheng, Gallant, Ji and Lee (2007) demon-
strates the promise of this approach by applying it to the MCMC estimation of a log-linear
stochastic volatility model. Although the idea of the approximation scheme may be quite
general, we implement it in a setting of the square-root volatility process, which enjoys a
great popularity in the financial asset pricing. Our approximation scheme can be used in
the stochastic volatility (SV) model and extended to the SV model with jumps (SVJ), as
in Bates (2000) and Pan (2002). The jump times follows a Poisson process with volatility
dependent intensity (AV}).

Only for the certain specification of the GBS formula can be simply rewritten as

C, = E[BS(Sir, @70) | (Wir)i<r<r, No — Ny))]

. T T
E [BS (Stgw, (@i7)?| / V. du, / /VudWiy, Ny — Ntﬂ )
t t

Note that Ny — N; is a Poisson random variable with an intensity parameter (A ftT Vidu)
given ftT Vudu, in SVJ model. Thus, the conditional Monte Carlo simulation to calculate

an option price with the GBS formula is done by repeating the following steps many times:

step-(i) By simulation, get two volatility integrals, ftT Vudu and ftT vV VudW,.
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step-(ii) Generate a sample of Ny — N, from Poisson distribution with a parameter,

AT Vidu.

step-(iii) Place the simulated values ftT VVudWiy, ftT V,du and Ny — N; in the the GBS

formula.

Note that the computational efficiency and the accuracy of the option price calculation
heavily depend on generation of two volatility integrals, ftT Vudu and ftT \V/VudW,. These
integrals are high-dimensional and create a significant computational challenges. For in-
stance, MCMC estimation of the model parameters, which is illustrated in the next section,
repeatedly needs to calculate option prices. Moreover, extra option calibration and time
are required if the Metropolis-Hastings algorithm in MCMC estimation for the nonstandard
conditional posteriors cannot be avoided when both option and return data are used. Thus,
it is crucial for the performance of MCMC that these integrals can be obtained fast.

The square-root process (V;) has a form of:
AV, = ky(0 — V3)dt + oy/VidW,. (1.13)

f is the long-run mean, k, represents the mean reversion, and o, is a parameter which
determines the variance of the process. Under the assumption 2k,0 > o2, V; process is
always positive. The square-root process take an important role in many financial models,
including the interest rate model in Cox, Ingersoll and Ross (1985), stochastic volatility
model in Heston (1993). It has been widely used in derivative pricing models since the re-
formulation of the original Fourier integrals made computations of European option prices
numerically stable and efficient. Yet, many practical applications of models with this dy-
namics, which involve the pricing and hedging, require the introduction of Monte Carlo
method. Since our GBS option pricing formula is under the scope of the conditional Monte
Carlo method, we start with an illustration of the method. We outline the existing dis-
cretization schemes from the literature designed for the square-root volatility process, for
later comparative experiments. Then, we introduce our approximation scheme, followed by

numerical comparisons.
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1.4.1 Path simulation schemes

The simple Euler’s discretization does not guarantee the positivity of the process. There
have been research into the simulation scheme for the squared volatility process.

First, the volatility path can be generated by using the exact transition law of process.
The distribution of V; given Vi, s <t is up to a scale factor, a noncentral chi-square distri-
bution. Details of this method are illustrated in Glasserman (2003). This method is rarely
used in practice because of the computational inefficiency.

Roger (1995) proposed the method using multi-dimensional Ornstein-Uhlenback process.
The drawback of this method is that we need to impose extra constraints on the parameters
in the square-root volatility process. Kahl and Jackel (2005) propose an application of an

implicit Milstein scheme:

Vi 4+ kpOA + 0o/ Vi VA + 102 A(w? — 1)
1+ kA ’

Viea =

where w, is a standard normal random variable. It requires a restriction on volatility
parameters, 4k,0 > o,, which is rarely satisfied in practice. There is another scheme

suggested by Brigo and Alfonsi (2005):

v VA + \/TZEA § AV, + (kul — 0Z/2)A) (1 + kD) |
21+ ko) '

Viea =

It does not require more than 2k,6 > o2, which should be assumed to preserve a positivity of
volatility process. In addition, this method has nice convergence property(refer to Alfonsi
(2005)), which guarantees its small bias if we use a very small time interval. For these
reasons, we choose the simulation scheme by Brigo and Alfonsi (2005) to evaluate the
performance of our proximation scheme in Section 1.4.4. All these methods show slightly
different behaviors and convergence properties. In any case, if we use one of these methods,
we cannot avoid simulating whole paths and its computation cost is high, especially in

MCMC estmation when we need many iterations.
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1.4.2 Proposed approximation scheme

On the contrary to the path simulation schemes, the scheme proposed by Broadie and
Kaya (2006) allows us to avoid generating a whole path and reduce bias significantly. Since
the conditional distribution of ftT Vudu is not known in a close form, they use the numerical
inverse algorithm for the distribution, which turns out too complex and slow. We take
some essential parts of their scheme and propose a much simpler scheme. We propose an
approximation scheme on the conditional distribution of ftT Vudu. Simply, add three more
steps to step—(7) in the previously illustrated conditional Monte Carlo method. Other steps

remain the same.

step-(i-1) Generate a sample from the distribution of Vi given V;: using non-central chi-

squared distribution.
step-(i-2) Generate a sample from the approximated distribution of ftT Vudu given Vi.
step-(i-3) Recover ftT v VudW, from given Vi, V4, and ftT Vudu.

The proposed scheme is an approximation with two reasons. First, the gamma distribution
for j;T Vudu is not exact. Second, Vp and ftT V. are simulated separately, ignoring the
correlation between the two. More details of the simulation steps are in the following

subsections.
Generating Vr given V;

Based on the results of Feller (1971) and Cox, Ingersoll and Ross (1985), the exact
transition law of the square-root process is known. The distribution of Vi given V; for some

t < T is a non-central chi-squared distribution up to a scale factor.

o3(1 — exp(—ku(T — 1))

Vr = r2 ,
T Ay Xp, (p2)
where X;?l (p2) denotes the non-central chi-square random variable with p; degrees of free-

dom, and non-centrality parameter ps,



and
Ak exp(—ky (T —t))V;
P2 = 521 Zexp(—ko(T — 1))

Generating ftT Vudu given V; from the proposed approximation

We observe that ftT V. du has a skewed distribution. Since ftT V. du is always positive,
we propose the gamma distribution as an approximation. Figure 1.1 shows how the skewed
distribution of ftT Vi du is well fitted with the gamma distribution. From Garcia, Lewis
and Renault (2001), we know the explicit form of the conditional mean and variance of
ftT Vi du. These two moments give the parameter values of the gamma distribution by the

method of moments.

Proposition 1.4.1. The conditional mean is

T
E [/ Vudu|Ft} = = Vidyr+ By,
¢
where
At T = i (1 — e_kv(T_t))
) k.,
B 0 —ko(T—1)
Bir = H(T—t)—kv<1—e )

The conditional variance is obtained as

T
Var [/ Vudu]Ft] = ViCir+ Dy,
t

where
o2 1 1
= Y| _9(T— —ko(T—t) —2ky (T—1)
Cir 2 |:kv ( t)e . e
29 1
Dyr = 0]:2 [(T —t) (1 + Ze*k”(Tft)) + BT (efk”(Tft) + 5) (e*k”(T*t) — 1)}

The proof of Proposition 1.4.1 is in Appendix F.1. Using the conditional mean and

variance, we can calculate the parameters in the gamma distribution. The scale parameter
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Var[ftT Vudu\Ft]
E[[," Vudu|F]

E2[ [ Vudu|Fy]

is expressed as and the shape parameter as Var[[T VadulFi] We are ready to

sample ftT Vydu.

Recover j;T V'V, dWiy,

(%

T 1 T
/ VVid Wi, = <0> (vT —V, — kO(T —t) + k/ Vudu> ,
t t

is simply an integrated form of (1.13). Given Vp, V4, and ftT Vudu, we have ftT Vydu.

1.4.3 Improved approximation scheme using bivariate gamma distribu-

tion

In the previous section, the approximation scheme generates ftT Vudu and Vr separately
by ignoring the correlation between these two. First, we want to check whether the correla-

tion is negligible by calculation and the simulation based on the estimates in the literature.

Proposition 1.4.2.

Cov [ Vudu, Vr|F|

T
Corr [/ Vudu, VT|Ft] = )
! \/ Var [ Vdul | Var [Vr|F]

where

VOLT[VT‘F,:] = V%ItyT + Jt,T

T
Cou [ / Vudu,VT|Ft] — ViQir+ Rur,
t

where

2
Ly = o [(1 + ‘7”> (1 — AT — t)e R (T _ kle—%u(T—t))

Jt,T = O,
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Qir = v [t +1— (T4 De »T=8 _ g, <1 —2(T — t)e *(T-D _ 16—2kv(T—t)>}

ko ky ky
oyl —ky(T—1) 1 —ky(T—1) L ok (T—1)
Rypr = i t+1—(T+1)e ™ — oy ?_Q(T_t)e v - v

The proof of Proposition 1.4.2 is given in Appendix F.2.

The simulation based on the estimates in the literature shows that the correlation is
between —0.35 and —0.5 and not negligible. Recall that a noncentral chi-square random
variable can be represented as an ordinary chi-square random variable with a random degrees
of freedom parameter. In detail, when N is a Poisson random variable with mean \/2,
consider a random variable X?z 4on- Conditioning on N, the variable is an ordinary chi-square
distribution. On the other hand, the unconditional distribution is noncentral chi-square
distribution. Thus, using this mixture property, we can generate noncentral chi-square
random variable by generating Poisson random variable and chi-square random variable,
which is in the gamma class. Thus, both ftT Vudu and Vr can be approximated by bivariate
gamma distributions up to constant.

Unlike multivariate normal distribution, a bivariate gamma distribution cannot be
uniquely identified by two gamma marginal distributions and the correlation. Among var-
ious forms of bivariate gamma distributions (see Kotz, Balakrishnan and Johnson (1999)),
we choose a bivariate gamma distribution that gives a simple algorithm without putting
restrictions on parameters. This algorithm was proposed by Shmeiser and Lal (1982). They
discuss different simulation methods for a bivariate gamma distribution. It allows a neg-
ative correlation between two variables, while many other algorithms only allow positive
correlations. This algorithm is based on a probability mixing. The algorithm results in two
marginals X; ~ gamma(aq, 1) and Xo ~ gamma(ag, f2) with the correlation pg. Denote
the cumulative and inverse cumulative distribution function of the gamma distribution with
the shape parameter o and a unit scale parameter as F,(u) and F;!(u), respectively. C is
the minimum possible correlation, which occurs when Xy = B F, )} (1 — F,,, (X1/51)). Thus,

C is obtained by




The expected value can be easily calculated numerically using fol F o (w)F N1 — u)du.

Algorithm 1.4.1. step-(1) Generate U from Uniform(0,1).
step-(2) IfU < py/C, go to step-(5).

step-(3) Generate Xy from gamma(ay, f1)

step-(4) Generate Xo from gamma(az, f2) and go to step-(9).
step-(5) Generate V' from Uniform(0,1).

step-(6) Let X1 be S1F, (V).

step-(7) If pg <0, replace V with 1 — V.

step-(8) Let Xy be BoF (V).

step-(9) Deliver (X1, Xs).

The problem with this algorithm is illustrated in Shmeiser and Lal (1982). However, it
is not an issue with our parameter setting. For the application of this scheme, we simply
let X7 be ftT Vudu and X9 be non-central chi-squared random variable in V. Then, o and
(1 are obtained by the method of moments, as discussed in 1.4.2. a9 and (2 are based on
the degrees of freedom, noncentrality parameter and the previously mentioned simulation
method for non-central chi-squared random variable. Contrary to the first proposed approx-
imation scheme, ag and B2 change each time. However, the increase in the computation
time is not significant and we still have a computational efficiency over the path simuation
method. Once ( ftT Vudu, V) are obtained as illustrated here, the remaining steps are the
same as in Section 1.4.2. This simulation scheme improves the accuracy of the approxima-
tion, especially for options with a long maturity time. It will be discussed in the simulation

study.
1.4.4 Simulation study

We check the performance of our proposed approximation schemes in comparison to a
benchmark, the option prices calculated from GBS option pricing without any approxima-

tion. SV denotes stochastic volatility without jumps. SVJ denotes stochastic volatility with
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’ \ ky 0 o p Mo
Setl | 0.019 4.08078 0.22 -0.569 0.01
Set2 | 0.019 1933  0.22 -0.569 0
Set3 | 0.028 0.54365 0.127 -0.53 0
Set4 | 0.016  0.66  0.077 -0.38 0
Sets | 0.023  0.905 0.143 -0.397 0

Table 1.1: Parameters for SV model

jumps. The comparative study is done for SV as well as SVJ described in the previous sec-
tions. As mentioned earlier, the volatility paths are generated by Brigo and Alfonsi (2005)
and the benchmark option prices are obtained by the conditional Monte Carlo. Before the
actual simulation study, we can expect much longer computational time for brute force
method than for our approximation scheme. To get a vector of ftT Vudu, the benchmark
method need to simulate n times (T'—¢)/A data points, where 7' — ¢ is a time to maturity,
A is a discretization interval and n is the Monte Carlo iteration (more than 1,000,000).
Contrarily, our approximation scheme only needs to simulate n* (about 5,000) data points
from the gamma distribution for the first proposed scheme or 3n* data points for our second
proposed scheme.

We choose a discretization interval A = 0.01 for the benchmark, which is often used in
the literature for small discretization bias. For option price calculation, we assume r =
0.01% (daily interest rate) and S; = 1000 throughout simulations. Six different times to
maturity are considered, 20,40, 60,120, 180,240 days (equivalently, 1,2,3,6,9,12 months)

and 11 different moneyness (log ( >> from -0.1 to 0.1 to check the robustness. The

St
KB;.r(t,T)
parameter values for the square-root stochastic volatility models in the comparative study
are based on parameter estimates in the previous studies. Setl is a set of parameters under
Q (risk-neutral) measure and Set2 is a set of parameters under P (physical) measure in table
III in Eraker (2004). Similarly, Set3 is from Table 1 in Pan (2002). These three sets are
estimates from using both returns and options on S&P 500 index. Set4 is from Andersen,
Benzoni and Lund (1997), Set5 is from Eraker, Johannes and Polson (2003). These two are
estimates from using only returns. When we include jumps in the return process, we need

more parameter estimates. SVJ simulation is based on the parameter values in Pan (2002).

The parameter estimates in our simualation study are reported in Table 1.1 and Table 1.2,
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|k 0 0w p e A pp pz |
[0.025 0.61 0.2 -0.53 0.012 0123 0 -0.192 |

Table 1.2: Parameters for SVJ model

following the convention in Eraker (2004). The return data is scaled by 100 and a unit of

time is defined to be one day. For example, if we use Set2, then
dV; = 0.019((1.933)(0.01)(0.01) — V;)dt + (0.22)(0.01)\/‘775th”

will be the equation we use to generate volatilities. Annualized parameters k,, 6, o, (as
in Pan (2002)) are converted by dividing by 252 (approximate number of trading days per
year). Refer to Singleton (2006) for more on the parameter conversion. More details on
model specification and the option pricing formula will be given with MCMC estimation.
Figure 1.1 contains six different quantile-quantile (QQ) plot of our key elements: ftT Vaudu,
Vr and ftT V' VudW,. Except for several extreme values, our approximation schemes work
well. For more careful study, we calculate errors and computational times. Table 1.3 and
Table 1.4 contain the mean of log ratios of the benchmark and the approximation under
stochastic volatility models without and with jumps. First, we calculate one option price,
Cy using the the method by Brigo and Alfonsi (2005) with 100,000 iterations in Monte
Carlo simulation. Assume this option price is a correct one and denote it as Cy;. On the
other hand, the option prices by the approximation method are calculated with 5,000 Monte
Carlo iteration. Due to the dimensional reduction, we see that using the smaller number
of iteration is justified. The approximated price is denoted as Cf. The mean of log ratio,

€(N) is calculated by

1 N
(V) = 7 D log(CE(0)/Co).

If the approximation is accurate, this quantity is close to 0. In our simulation study, we
use N = 100. Time represents the average of N ratios of time required with approximation

scheme to the time required for the benchmark method.
N

Time™I(N) = % S (Time®(i)/Time),
=1
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Figure 1.1: The qq plots of ftT Vudu, Vp and ftT V' VudW,. The first approximation is
without incorporating the correlation and the second approximation is using the correlation
and the bivariate gamma sampling

where Time®9 represents the computational time to calculate one option price with the
approximation scheme and T'vme is the time to calculate one option price without approx-

imation.
The result of the first proposed approximation scheme

In both SV and SVJ settings, our simulation scheme performs well as in Table 1.3 and Table
1.4. Absolute mean errors are close to 0. We obtain a significant reduction in computational

time without losing accuracy.
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moneyness | 20 days 40 days 60 days 80 days 180 days 240 days
-0.09 0.085 0.092 0.093 0.095 0.103 0.104
-0.06 0.083 0.085 0.092 0.096 0.099 0.102
-0.03 0.078 0.076 0.079 0.081 0.088 0.098
0 0.071 0.076 0.077 0.086 0.092 0.111
0.03 0.071 0.071 0.083 0.085 0.092 0.122
0.06 0.079 0.083 0.090 0.093 0.099 0.112
0.09 0.078 0.083 0.085 0.105 0.110 0.111
| Time™ | 0.020  0.021  0.021  0.017  0.015 0.010 |

Table 1.3: Mean of log ratios and the computational times in option prices under SV based
on Set2, using the first approximation scheme

|

moneyness ‘ 20 days 40 days 60 days 80 days 180 days 240 days

|

-0.09 0.086  0.093  0.093  0.095  0.102 0.107
~0.06 0.083  0.086  0.097  0.098  0.099 0.104
~0.03 0.074  0.077  0.079  0.083  0.089 0.098
0 0072 0.076  0.077  0.091  0.092 0.111
0.03 0071  0.072  0.083  0.084  0.097 0.124
0.06 0.078  0.085  0.091  0.096  0.108 0.112
0.09 0.077  0.083  0.084  0.107  0.110 0.113
Time®9 0.023  0.023 0022 0.021  0.019 0.018

Table 1.4: Mean of log ratios and the computational times in option prices under SVJ,
using the first approximation scheme

The result of the second proposed approximation scheme

moneyness | 20 days 40 days 60 days 80 days 180 days 240 days
-0.09 0.079 0.081 0.081 0.083 0.084 0.087
-0.06 0.076 0.079 0.080 0.081 0.084 0.086
-0.03 0.072 0.072 0.073 0.076 0.078 0.079
0 0.071 0.075 0.077 0.081 0.081 0.082
0.03 0.073 0.073 0.076 0.078 0.083 0.082
0.06 0.071 0.073 0.074 0.080 0.080 0.086
0.09 0.074 0.084 0.088 0.090 0.093 0.089
| Time™ | 0.033 0031 0031  0.028  0.027 0.024 |

Table 1.5: Absolute mean errors and the computational times in option prices under SV
based on Set2, using the second approximation scheme
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moneyness | 20 days 40 days 60 days 80 days 180 days 240 days

-0.09 0.079 0.082 0.081 0.085 0.087 0.091
-0.06 0.076 0.079 0.080 0.084 0.087 0.093
-0.03 0.073 0.072 0.075 0.077 0.079 0.089
0 0.071 0.075 0.076 0.083 0.085 0.087
0.03 0.073 0.072 0.074 0.079 0.086 0.087
0.06 0.071 0.076 0.078 0.084 0.086 0.087
0.09 0.074 0.084 0.089 0.092 0.093 0.092

[Time™ ] 0032 0030 0030  0.025  0.026 0025 |

Table 1.6: Absolute mean errors and the computational times in option prices under SVJ,
using the second approximation scheme

In both SV and SVJ settings, our simulation scheme performs better as in Table 1.5 and
Table 1.6 than the first proposed approximation scheme. Absolute mean errors are close
to 0. The computational time increased slightly because of the parameter adjustment in
Poisson random variable generation for Vp. However, the computation is still efficient

without loss of accuracy.

1.5 MCMC estimation

The inference of our asset pricing model is about characterizing p(0,V, J,U|Y, C), where
O is a set of parameters, V is a volatility, J is a jump indicator and U is a jump size and Y, C'
are observed stock and option prices. It is difficult because p(©,V, J, U|Y,C) is typically
high-dimensional and thus the standard sampling fails. Also, in the option pricing models,
the parameters and the state variables, such as V, are in a non-analytic form. MCMC
methods are well-suited in the setting. It is a unified estimation procedure, simultaneously
estimating both parameters and latent variables. Contrary to other methods, applying ap-
proximate filters or noisy latent variable proxies, MCMC directly computes the distribution
of the latent variables and parameters given the observed prices. Since it avoids any opti-
mization and does the unconditional simulation, it is computationally fast. Some MCMC
estimation techniques are based on the previous work by Jacquier, Polson and Rossi (1994)
and Jacquier, Polson and Rossi (2004). Among a growing amount of literature in finance
using MCMC estimation, work by Eraker (2004) is the closest to our estimation algorithm,
since both option and return data are used. The difference is the specification of jump and

jump risk premium. Also, details on discretization and specification of conjugate priors are
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in the chapter by Chib, Nardari and Shephard (2002) and Johannes and Polson (2006).
However, there is no precedent who uses the application of MCMC estimation algorithm in
our model setting with both option and return data. It will be shown in this section that
the approximation bias is minor and it will not affect the MCMC algorithm much. In the
current stage, this section serves only as a performance check for the approximation scheme
and a rough illustration of MCMC algorithm. Thus, careful study on the choice of priors

and diagnostics should follow.
1.5.1 The random-walk Metropolis-Hastings method

In our model setting, some conditional distributions cannot be recognized and conve-
niently sampled. In this case, the Metropolis-Hastings method can be used. Among several
different Metropolis-Hastings methods (refer to Robert and Casella (2004)), we choose to
use the random-walk Metropolis-Hastings method in order to tackle this issue. For exam-
ple, to generate samples for one parameter, say 6 from 7(6), it draws a candidate from the
following random walk model, 8* = 09 + se, where s is a tuning parameter and € is a

symmetric density function. The random-walk Metropolis-Hastings method is:

(i) Draw 6*.

m(6%) 1}

(ii) Accept 6* with probability a, where o = min L(mg)),

In our simulation study, we use the normal distribution for ¢ and set different tuning

parameters and the uniform priors for each Metropolis-Hastings algorithm.
1.5.2 Model and discretization

For estimation purpose, we need to specify our models further. We use exactly the same

model as Pan (2002) for comparison purpose.
1
d(log S¢) = [re + nsVi — 5‘/}]dt + /VidW + (log Sy — log S;— )dNy — iy A\Vidt (1.14)

dVy = ky(0 — Vy)dt + oy\/VidWy, (1.15)

where r; is known, Cov(dWy,dWh,) = pdt, log Sy — log S;— = Uj; is i.i.d. normal variable

with mean 17, and variance 0. 1 = exp(py +02/2) —1 and Ny — Ny is a Poisson process
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with the intensity parameter A ftT Viudu. The errors are specified as
log(Cy) = log(GBS) + dey,

where C} is an observed option price, GBS is the option price calculated from GBS option
pricing formula and ¢ is a price error parameter and £, ~ N(0,1). Taking log prevents us
from gettig a negative option price. Using the previous results, the GBS option price is

calculated as:

C, = Et[Eg(Stgt,Ta(W)Z)]

= Ei[Sitr®(d1) — KB*(t,T)®(d2)],

where
Eg(-, -) is a BS-like option pricing formula
d — 1 10 ( St{t,T ) + 1(0_7)2(1—‘ o t)
1 O't’T\/,ITt g KB*(t,T) 2 th
dy = dy — VT —t
- \/(1 — ) [T Vidu + (N7 — Ny)o
o= Tt
Bir
T 1 T
= exp [/ <_Tu - 57712;Vu - M2)\Vu> du + 77v/ \/VudWm} (12 + l)NTth.
t t
&,

T T 1 T
= exp [—/ ,ugx\Vudu] exp [(T]v + p)/ VVudWiy — =(ny + p)/ Vudu]
t t t

2
(12 + 1),
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Assuming the prices are observed at equally spaced, discrete time interval (t = 1,2,...,T

days) and the equation(1.14) and equation(1.15) become

1
Vi = Yia+rm+ (s — §)V£ + VvV Vi@ + UpJy — i AV

= Y}/,l + e + mV} + V W’Wf + UtJta

and

Vi = k0 + (1 - kv)‘/t—l + ovy V;f—lw}f)a

where Y; = log(S;), m = ns—3— A, @i ~ N(0,1) and wf ~ N(0,1) with corr(w;, @w}) = p,
and a jump indicator J; ~ Bernoulli(AV;). ns is obtained from m with values of the jump

parameters, py, oy and A.

1.5.3 MCMC algorithms

Now, we identify parameters that will be estimated. Although the model and the GBS
pricing formula have many parameters, the conditional posterior distributions can be sim-
plified with blocks, using conditional independence. Denote all parameters by ©, where
O = (m, p,,uJ,U%,A,kv,ﬂ,av,u%ug,nv,5). The methods for performing the draws of the
parameters are contained in this section. In drawing these parameters, virtually flat priors
are used exclusively when a little information of the prior is found. First, recognize the

following distributions, which will be components of the posterior distributions.

e p(Ci|Ys, Vi, ©) ~ Lognormal(log(GBS), §%) with mean log(GBS) and variance &2

p(thD/;ﬁ—h ‘/tv Jt7 Ut7 @) - p(}/”}/;f—ly ‘/%7 Jt7 Ut') m, p)
~ N(Yt_l + Tt + mV} + UtJt, (1 - ﬂQ)Vt)

p(U|©) = p(Ui|pny, 05) ~ N(pg, 03)

p(Jt| V4, ©) = p(Je| Vi, A) ~ Bernoulli with p(Jy = 1|V, A) = AV,

p(VilVi1,0) = p(Vi|Vi-1, kv, 0, 0) ~ truncated N(k,0 + (1 — k) Vi1, 05Vio1)
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For the estimation for SV model, we simply skip updating jump related latent variables and

set all jump parameters to zero.
Latent Variables (Volatility, Jump Time and Jump Size)

We use the following notations: Y = {Y;}, C = {Cy}, V = {V;}, U = {U;}, J = {J;}.
When the prior is missing, assume that we have a uniform prior.
Updating Volatility, V'

By Markov property, V; is only influenced by its neighbor, Vi1 and V;—;. Thus,
p(‘/;f“/(—t)a Y, J,U,C,0) = p(Vi|Vi-1,Vi1,Y, J,U,C, O)
Sample volatility V; from

p(%‘m—lv W+17 Y7 J7 U7 Ca @)
X p(‘/t—lv V;fa ‘/;H-l‘Yy J7 U7 C? @)

X p(CtD/t’ %1 @)p(Yt‘Yt—lj ‘/;57 Jt7 Ut7 G)p(UtH/;‘n Jta @)p(Jt|W7 @)p(‘/ﬂ‘/},l, @)p(V;t+1|V;€a @)

Since this distribution is not recognizable, we cannot do direct simulation from the stan-
dard distribution. Thus, we use the random-walk Metropolis-Hastings method to sample
from it.

Updating Jump Sizes, U
Since the jump sizes do not depend on the option prices directly and the jump sizes are

i.i.d. random variable,
p(Ut’U(—t)a}/aV7 Ja 019) = p(Ut’Y%YZ—hV},Jtv@)
Sample jump size U; from

p(UtD/h}/t—lu ‘/;57 Jtv @) X p(}/t‘}/t—la Jt7 Ut) ‘/tv e)p(Ut|<]ta ‘/tv @)

(Yt Y1 —rg—mV; — UtJt)2 ex _(Ut - HJ)2
20— Vi P

X exp|—
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~ Ny, (07)?)

First, consider the case when J; = 0.

U, — 2
P(UNYe, Y1, Vi Jy = 0,0) o exp [—“205”)] ,
J

which implies that u*% = ps,(c%)% = o2.

Second, consider the case when J; = 1.

Y, — Y1 — 1 —mV; — Up)? Up — py)?
p(UYs, Vi1, Vi, Jy = 1,0) exp{—(t R A t)]exp[—(t’””)]

2(1 — p2)V; 202
X ex _(Ut—(Yt—thl—Tt—th))g < _(Ut—MJ)2
P 2(1 — )V, 202 ’

—1
which implies that 1% = (0%)2 [W + %} (0%)2 = [m + %} . Thus, we

can generalize that the posterior distribution is
Ut’)/%an—la‘/;a‘]t,@ ~ N(/’(‘:‘}’(O—?})Q)v

where

I e e
J, 1171
*\2 t -
@) = [(1—;)2)%*03]

Updating Jump Indicator, J

Since the jump times do not depend on the option prices directly,

p(']t|‘](—t)a Y, V,U, C, @) = p(t]t|Y;‘,a Yi1, Vi, Uy, @)
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The jump indicator J; only takes two values, 0 and 1. The following two formula provide

the Bernoulli probability. Due to the lack of knowledge of its normalizing constant, we need

to update both.

p(Jt = ]-D/;fa}/%—l)v;fa Uta 8) X p(n’ﬁ—l;‘év Jt = 17 Ut7®)p(Jt == 1|‘/t7@)

o« AVip(Ye|Yi—1, Vi, Je = 1,Ut, ©)
(Y%—Y%—l —T’t—th—Ut)z
2(1-p)*Vy

x AViexp |—

p(Jt - OD/;H }/t—la ‘/;57 Ut7 @) X p(YHY;&—la ‘/b Jt - 07 Ut7 @)p(Jt - 0‘%7 @)

x (1 =AV)p(Yy|Yi—1, Vi, Jy = 0,U;, ©)
(Ve — Y1 — e — mVp)?
21— p*)Vi

x (1=AVy)exp |—

Parameters in Return Process

Updating m

The conditional posterior distribution of drift parameter in stock return can be obtained

from the jump-adjusted stock prices, conditioning on jump times and sizes. That is,

~ Yi-Yi 1 —r—Uy
Y = = + .
t v my/ Vy 7

Assuming that m has a prior distribution, N(um, 02,),

p(m|Y, V) o< p(Y|V,m)p(m)

(Y - mvV)' (Y = mvV) (m — pm)?
x o |y e [P
(m — T?L)Z\/VT\/V (m — pim)?

where Y is an (nx1) vector, (ﬁ,%, ol i/;)T and \/V is an (nx1) vector, (v/Vi,VVa, . ..
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Thus, the drift term in stock return has a posterior distribution

m|Y7 Vvv J7 Uv 9 ~ N(/‘L;kn’ (U:n)2)’

where m is an OLS estimator of m, \/\/VVTT\}/V
f = (op) ['um 7\/VTY
" "oon A=p7) |7
T -1
) = | 1]
" (1=p%)  of|

Updating p

We sample p from

p(p’Y7 ‘/7 Ca 9) X p(p> Hp(Ct‘Y;fa V;h |2 @)p(Y;f‘Y;f—lv V;f? Jt7 Ut7 m, p)a

where U is (n x 1) vector, (U1, Us,...,Uy). It is not a recognizable distribution. Thus, we

use the random-walk Metropolis-Hastings method.

Updating Jump Parameters, p; and 03
Assume that jump size parameters, s and 03, have a prior, the normal-inverse gamma

distribution with parameters, (a, 4,b, B). That is, 0% ~ N(a, Ac%) and 0% ~ IG(b, B).

p(:“J? 03|U)

x p(U|ps, 05)p(ps, 07)

x (02)7% exp [_W] (Aa?])fé exp [_ (M;A_Ug)z} F?Z) (07) " exp [_UB;]]
—U)? 1 n(py—U)? —a)?
o (02)~ (501 gy [_B +> (Zt3 U) /2] (62)"3 exp [_W] exp [—(MQJAU?])] ;

where U = Y U;/n. Thus, the posterior distribution is MJ,O'3|U ~ N-1G(a*, A*,b*, B*),

where

b* = b+

|3
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_T7\2

a = O U+a)(n+ %)*1

x l*l
A —(n+A).

We first sample o2|U from IG(b*, B*). Then, ps|0%,U from N(a*, A*0?)

Updating A

p(AlV, J,U,0) o< p(J|V, A)p(N),

which is not a recognizable distribution. Thus, we use the random-walk Metropolis-Hastings

method.

Parameters in Volatility Process

Updating k, 0

We sample k, 6 from
p(k,0)Y,V,C,0) o p(k,0) [ [ p(CilYs, Vi, ©)p(VilVi-1, k, 0, 0),
t=1

which is not a recognizable distribution. Thus, we use the random-walk Metropolis-Hastings

method.

Updating o,

We sample o2 from
n
p(a2Y,V,C,0) o« plop) [[p(CelYe, Vi, ©)p(Vi|Vie1, k.0, 0),
t=1

which is not a recognizable distribution. Thus, we use the random-walk Metropolis-Hastings

method.

Parameters in GBS Formula and in Pricing Error

We use the random-walk Metropolis-Hastings method for all following parameters.
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Updating o
p(p2|V.Y, U, J,C,0) o p(u2 HP CelYy, Vi, ©
t=1

Updating us3
p(luﬁ‘V’ Y7 U7 J7 Cv @) X P(M3) Hp(ct‘)/%v V;f7 @)

t=1

Updating 7,
p(n|V, Y, U, J,C,8) o p(ny) | [ p(CiY:, Vi, ©
t=1

Updating §°

By assuming IG (f,F) prior for 62,

p(8*V,Y,C,0) o« p(d®) [[p(CilYi, Vi, ©,67)
t=1

(0] t) — 1O 2 _f
(0% "2 exp (- RO Z 0B )i exp ),

The posterior distribution is 62|V, Y,C,© ~ IG(f*, F’*), where

;= g

> (log(C:) — log(GBS))*

F* = F
+ 2

1.5.4 MOCMC convergence diagnosis

In frequentist analysis, estimated parameters and associated standard errors are ex-
amined. In that setting, convergence assessment involves checking that the sequence has
converged to a single point. In MCMC estimation, the interest is estimating posterior distri-
butions of model parameters rather than individual parameter values and standard errors.
Thus, the convergence assessment of MCMC estimation involves checking the sequence has

converged to the posterior distribution. It is simple to check the convergence when the
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posterior distribution has a standard form. However, convergence to an unknown joint
posterior cannot be proved. There are some diagnostic tests that are developed to identify
MCMC output that has not converged to a stationary distribution. It is important to use
these diagnostic analysis since using option data introduced many non-standard posterior
distributions in MCMC algorithm. Here are several methods that we considered. We will
only report Gelman and Rubin’s statistic for MCMC estimation with approximation since
it is sufficient. For computing algorithm, we use coda R package developed by Plummer,

Best, Cowles and Vines(2007).
Gelman and Rubin’s method

Gelman and Rubin (1992) proposed diagnostic as a univariate statistic, referred to as
the potential scale reduction factor (PSRF), for assessing convergence of individual model
parameters. Calculation of this statistic is based on the last n samples in each of m parallel

chains. In particular, the PSRF is calculated as

PSRF:\/n;1+(m+1)B

mnW

where B/n is the between-chain variance and W is the within-chain variance. As chains
converge to a common target distribution and traverse said distribution, the between-chain
variability should become small relative to the within-chain variability and yield a PSRF
that is close to 1. Conversely, PSRF values larger than 1 indicate non-convergence. A
corrected scale reduction factor (CSRF) was subsequently proposed to account for sampling
variability in the estimate of the true variance for the parameter of interest and is computed

as
af +3

F=PSRF\|—F——
CSR SR a1

where df is a method of moments estimate of the degrees of freedom, based on a t-

approximation in the posterior inference.
Geweke’s method

The diagnostic of Geweke (1992) is univariate in nature and applicable to a single

chain. Convergence is assessed by comparing the sample mean in an early segment of
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the chain {z;; : j = 1,2,...,n1} to the mean in a later segment {z2; : j = 1,2,...,na}.
Geweke originally suggested that the comparison be between the the first n; = 0.1n and last
ng = 0.5n samples in the chain, although the diagnostic can be applied with other choices.
However, inference based on the proposed diagnostic is only valid if the two segments can be
considered independent. Thus, the chosen segments should not overlap and be far enough
apart so as to satisfy the independence assumption. The statistic upon which this diagnostic

is based has the general form

T1— T2

5 0)/n1+ 5(0) /s

where the variance estimate S (0) is calculated as the spectral density at frequency zero to
account for serial correlation in the sampler output. If the two segments are from the same
stationary distribution, the limiting distribution for this statistic is a standard normal.
Thus, a frequentist p-value can be computed for this statistic as a measure of evidence

against the two sequences being from a common stationary distribution.
1.5.5 Simulation study

To check the MCMC algorithm, stock and option prices with length 2000 are generated.
True values are taken from Pan (2002). In option data generation, moneyness and maturity
time are randomly selected from (—0.1,0.1) and (10,180) days and any approximation
methods are not used. The simulation is designed by mimicking the data filtering, using a
subset of a whole data set in Eraker (2004). We assume that there is only one option price
per a day. The result using the number of iteration of MCMC algorithm equals to 100, 000 is
reported in this paper. For comparative study, we choose the second approximation scheme
with bivariate gamma distribution.

Based on the posterior means and standard deviations in Table 8 and Table 9, we
can see that the approximation scheme does not destroy MCMC results. We have a huge
computational time reduction when the approximation method is used in MCMC algorithm
for option calculation. In general, the results seem good. However, there are several unstable

parameters. We calculated the potential scale reduction factors (PSRF) by Gelman and
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Rubins method. All factors are smaller than 1. This is an evidence parameter estimates

converge to our final estimate.

’ ‘ prior tuning parameter
Vi NA 0.005
m N(3,0.5) NA
p Uniform[-0.8,-0.3] 0.005
wr,05 | N(0, 0.01), IG(0.2, 0.2) NA
A Uniform[10, 15] 0.005
ky Uniform|0, 0.05] 0.005
6 Uniform|0.2, 0.8] 0.02
7y Uniform]0, 0.3] 0.005
2 Uniform|[0,0.2] 0.02
3 Uniform[-0.2,0.2] 0.005
Mo Uniform|[0, 0.05] 0.005
52 1G(0.001, 0.1) NA

Table 1.7: Priors and the tuning parameters

parameters | true value posterior mean posterior standard deviation

Ky 0.025 0.031 0.104
6 0.610 0.585 0.071
oy 0.120 0.141 0.090
p -0.530 -0.711 0.312
Ny 0.012 0.018 0.056
A 12.3 11.0 0.570
m 3.1 2.0 0.073
Ly -0.008 -0.011 0.018
o4 0.1497* 0.037 0.061
112 0.1 0.08 0.022
143 -0.192 -0.203 0.112
52 0.005 0.032 0.078

Table 1.8: Parameters for simulation and posterior mean and standard deviations when we
did not use any approximation
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parameters | true value posterior mean posterior standard deviation PSRF ‘

Ky 0.025 0.033 0.103 0.32
0 0.610 0.594 0.072 0.24
o 0.120 0.138 0.092 0.40
P -0.530 -0.71 0.311 0.91
s 0.012 0.017 0.052 0.42
A 0.123 0.092 0.104 0.46
m -0.486 -0.520 0.050 0.21
15 -0.009 -0.012 0.013 0.17
03 0.045 0.037 0.063 0.28
2 0 -0.008 0.012 0.29
"3 -0.192 -0.203 0.109 0.60
52 0.005 0.046 0.088 0.57

Table 1.9: Parameters for simulation and posterior means, standard deviations and potential
scale reduction factor (PSRF) by Gelman and Rubins method when we used the second
approximation

mPath
1.4 20 26
L1

every 10th iteration

lambdaPath
10.4 11.0 11.6
T T

every 10th iteration

mu2pPath
-0.4 02 08
L1

every 10th iteration

rhoPath
-1.5 -0.5
L L I

0 2000 4000 6000 8000 10000

every 10th iteration

Figure 1.2: Trace plots of four parameters after MCMC estimation step
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CHAPTER 2

Why are Black-Scholes implied volatilities not good
volatility predictors?

2.1 Introduction

“The volatility implied in an option’s price is widely regarded as the option market’s
forecast of future return volatility over the remaining life of the relevant option” (Christensen
and Prabhala (1998)). Surprisingly enough, most of the literature which asks whether Black-
Scholes implied volatility (BSIV) predicts future volatility and whether it does so efficiently
considers this question as tantamount to know whether the option markets process volatility
information efficiently. We argue in this chapter that two questions are not equivalent for
two reasons.

First, saying that the option price conveys some efficient forecasting information about
future volatility does not mean that the efficient volatility forecast should be the Black-
Scholes implied volatility (BSIV). After all, another function of the option price may provide
a better predictor. We will in particular document an important Jensen effect, which is due
to convexity of BS price with respect to the underlying stock price. We call it a gamma
effect. The gamma effect is generally overlooked by the literature on the relation between
implied and realized volatility.

Second, also due to Jensen effects, the definition of an optimal predictor depends on the
loss function at stake to elicit a predictor. As already stressed by Christoffersen and Jacobs
(2004), if one keeps in mind that volatility forecasting has held much attention especially
for the purpose of derivative pricing, the relevant loss function should rather be based

on option pricing errors than on Mincer-Zarnowitz type regression (Mincer and Zarnowitz



(1969)) about realized volatility. As already used in the context of volatility forecasting by
Andersen and Bollerslev (1998), Mincer-Zarnowitz type regression amounts to measure the
quality of a forecast of an arbitrary variable, z;, by the R? in a regression of the ex-post
realized value of z;, on its forecast value (and a constant). Even though we briefly consider
such regressions to compare volatility forecasts, we rather put the main emphasis of the
improvement of option pricing accuracy provided by a proper account for the gamma effect.

The two above arguments are the main motivation of the study in this chapter. We
aim at devising a new way of taking advantage of BSIV, in spite of perverse Jensen effects.
The naive view of BSIV as “the option market’s forecast of future return volatility” may be
justified, especially for at-the-money options, by the following argument (see also Renault
and Touzi (1996)). Under a stochastic volatility model where the correlation between the

asset returns and the volatility is zero, an European call option is priced as
Cv = E°[BS(Vir)|F) = EF[BS(Vir)l, (2.1)

where

- 1 T

Vir = T3 t Vudu, (2.2)
Q represents the risk-neutral measure and F; is the information at time ¢, including the asset
price at t, S;. Thus, if we may admit that BS option price is, for at-the-money option close
to be linear with respect to squared volatility, we deduce that the BSIV should be a good
proxy of the volatility forecast EtQ (Ver). Of course, this forecast is optimal only for the
risk-neutral probability measure and may be biased for the historical probability measure
P, as documented by Chernov (2007). The difference between P and @ and its impact on
volatility forecasting are not our focus of interest in this chapter, and we always do as if
the two probability measures were equal. It would actually be possible to merge Chernov’s
contribution on the impact of volatility risk premium (P # @) with our methodology
devised to accommodate the gamma effect. Beyond the difference between P and @), it is

generally believed that only the Jensen effect due to the non-linearity of BS pricing formula

with respect to squared volatility is responsible for biased forecasts. Surprisingly, people
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seem to overlook a much more severe Jensen effect, which is due to convexity of BS price
with respect to the underlying stock price, the gamma effect.

We are going to show that, due to this gamma effect, the above justifications of the
use of BSIV forecast does not work anymore if there is nonzero correlation between the
asset returns and the volatility (leverage effect) is introduced. Since the crash of 1987,
the observed implied volatility smiles are often skewed and the nonzero correlation needs
to be incorporated for the asymmetry of the distribution. Chernov (2007) shows through
a simulation study that the nonzero leverage effect does not affect the empirical linkage
between the future volatility and BSIV for at-the-money option. No theoretical result has
been established for BSIV as a proxy for the future volatility forecast in presence of leverage
effect.

The contribution of this work is twofold. First, we try to explain why the nonzero
leverage effect does not destroy the linkage between the future volatility and BSIV for
at-the-money option. This simple theoretical framework will explain the empirical results
given in Chernov (2007) and justify the use of the implied volatility from at-the-money
options as future volatility forecasts. Second, we propose a modified BSIV that works for a
wider range of moneyness. Only BSIV from at-the-money works as an unbiased volatility
forecast. In the design of this proposed implied volatility, our observation on two kinds of
Jensen effects on the option price caused by the nonzero leverage effect is used.

The paper is organized as follows. Section 2.2 argues that the linkage between the BS
implied volatility and future volatility is affected by the nonzero leverage effect. Also, it
discusses a simple simulation result. Section 2.3 introduces a modified BS option pricing
formula with an adjusted stock price. We have the good volatility forecast performance,
both in-the-sample and out-of-sample on real data. Section 2.4 studies the volatility forecast

performance of the modified BSIV in Mincer-Zarnowitz regression.
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2.2 The Black-Scholes implied volatility as a proxy for volatil-

ity forecast

In this section, the impact of nonzero leverage effect will be examined through the
generalized Black-Scholes (GBS) option pricing formula. As explained in Section 2.1, we do
not focus on the bias, possibly related to volatility risk premium. In other words, we can

simply refer to the risk-neutral measure. We assume the return process:
d(log Sy) = redt + /VidW}

and the volatility process:
dVi = fi(Vi)dt + fo(Vy)dWy,

where Corr(dWg,dW}) = p and r; is a risk-free interest rate. For convenience, we can
assume 71y is constant, r. Under this stochastic volatility model setting, the European call

option can be priced with GBS option pricing formula. It is given as
Ci = EPIBS(Si&r.o07)], (2.3)

where

T T
1
&1 = exp <p/ V VudW? — 2,02/ Vudu)
t t

1_,02 T

2

= Vudu.
o, T T—t/t u U

Contrary to the case of the zero leverage effect, the linkage between the BS implied
volatility and the future volatility forecast is not obvious because of two factors in (2.3).
&1 oand 1 — p? appear in front of S; and ﬁ ftT Vudu, respectively. In the stochastic

volatility setting, the use of the implied volatility as a proxy for the forecast of the future
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volatility implies the following relationship:

c, = EE[ <StgtT,1T_”t / Vudu>] (2.4)
BS [St,Et <Tl_t /t ' Vudu>]. (2.5)

Here is an interpretation from comparison between equation (2.4) and equation (2.5). Note

Q

that (1 — p?) in front of the average future volatility in the equation (2.4) decreases GBS
option price since the Black-Scholes formula is an increasing function of the variance of
the underlying asset. On the other hand, the Jensen’s effect of  r makes the GBS option
price bigger, since the Black-Scholes formula is convex with respect to the underlying asset
price and Efg (€& 7] = 1. These two effects by nonzero leverage effect work in the opposite
directions and can be canceled out, depending on the convexity of Black-Scholes formula
with respect to the asset, the gamma effect. This cancelation will justify the use of the
implied volatility as the proxy. In other words, using the implied volatility for the volatility
forecast is justified if nonzero leverage effect that shows up in two places, & 7 and @, does
not have an impact in the GBS formula. In Section 2.2.1, we provide the simple theoretical

framework that gives a better understanding of the impact of the nonzero leverage effect.
2.2.1 The leverage effect on option prices

To investigate the impact of the leverage effect in GBS option prices, we consider the
first derivative of the GBS formula with respect to p. We can separate the derivative into
two, where each represents the effect associated with & 7 and 772 Lebesgue’s dominated
convergence theorem allows us to do differentiation through the expectation. We can obtain

the following decomposition of %—Cpt:
Proposition 2.2.1.

aC, aC;  8(Si&r) L 9C 9oi7
dp A(Si&er)  Op dorr Op

T T
E° [@T < /t VVdWY = p /t Vudu) (I)(dl)] — SiE® | &.ré(dy)

T
Vudu |
i
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where ®(-) and ¢(-) are the cumulative distribution function and probability density function

of a standard normal distribution, respectively.

Proof of Proposition 2.2.1

Recall that the GBS option pricing formula is
Cr = EP[Si&r®(dh) — K exp(—r(T — t))®(dy)]

where

1 Se&e,r )] 1
N a=as ’ “FaVT —t
' W\/ﬁ [og <Kexp(—r(T —1)) + 2%,Tﬁ

B 1 Siée T 1_
Vi [lOg (Kexp<—r<T = t>>>} T TVt

Let F' = Si& 7 ®(d1) — K exp(—r(T — t))®(ds) for convenience. Then,

OF _ _OF 0(S) | OF doig
dp  O(Si&r) Op dorr Op

Since
Si&rd(di) = Kexp(—r(T —1t))o(d2),
we get
oF 1 1
30Ssr) = ®(dy) + Stflt,Tﬁb(ah)m\/ﬁ S K exp(—r(T —t))¢(dz)
= ®(d),

T T
OSier) g, ( / VudWy = p / VudU)v
t t
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OF ¢ ro(d)VT =1 (2.9)

80’t7T
and
T
Vad
do,1 :p¢ﬁ“2. (2.10)
dp (T —t)(1 = p?)

By putting the equations (2.7),(2.8),(2.9) and (2.10) into (2.6), we obtain the proposition.

A simulation result based on this proposition will follow in Section 2.2.2.
2.2.2 Simulation study

We conduct simulation studies to see the impact of nonzero leverage effect. We assume

the volatility process in Heston (1993):

dVy = ky(0 — Vy)dt + 04/ VidW,.

The simulated volatilities will be used to demonstrate the numerical illustration of Proposi-
tion 2.2.1 and to generate option prices. We adopt a simulation method suggested by Brigo
and Alfonsi (2005). More details on the simulation and parameters are included in Section
1.4.4. Parameters are from Table 1.1 and the results reported in this section are based on

Set2. The moneyness x; is defined as

=10t o=y 24y

where K is a strike price, ¢ is current time and 7T is a maturity time.

The numerical presentation of Proposition 2.2.1 is in Figure 2.1 and Figure 2.2. Figure
2.1 shows how two Jensen effects caused by the nonzero leverage effect change. Except for
the option with the longest maturity time, 12 months, the gamma effect is so big that two
effects with opposite directions are canceled out for at-the-money options. Figure 2.2 implies
the same. Total impact from nonzero leverage effect on the option price becomes close to
zero for at-the-money options. Figure 2.3 is to see the actual BSIV values with the change of

moneyness and maturity time and compare them with the future volatility. Figure 2.3 has
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Figure 2.3: BSIV as a proxy for the forecast of the future volatility

three different lines. The first line (FV) is the averaged integrated volatility generated from
the above volatility process. The second line (IV,—g) is BSIV from the simulated option
prices using GBS option pricing formula when p = 0. The third line (IV,q) is similarly
BSIV when p # 0, which gives a further interpretation. First, focusing on at-the-money
options that are often used for the forecast of the future volatility, we observe that the change
of the leverage effect does not affect the option prices with the short maturity. Thus, we
conclude that BSIV from at-the-money options with short maturity can be considered as a
reasonable proxy for the forecast of the future volatility. Although the leverage effect has
an impact on the at-the-money options with long maturity, it is shown in the simulation
study that it remains minor with the different parameter values and does not cause an extra
bias. As for the in-the-money and out-of-money options, two effects from the leverage effect
don’t get canceled and option prices calculated from GBS option pricing formula under zero
and nonzero leverage effect does not coincide and neither of them are close to the forecast
of the future volatility because of the smile effect. However, Figure 2.3 confirms that the

randomness in volatility and the smile effect disappear as the maturity increases. Two
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implied volatilities and the forecast of the future volatility do not differ much.

2.3 The modified Black-Scholes option pricing formula

From the simulation study in Section 2.2, we learn that BSIV from at-the-money option
with the short maturity time is a good proxy for the future volatility, since the impact of
the nonzero leverage effect is canceled for at-the-money option. However, this does not hold
for in-the-money and out-of-money options, since there is the remaining leverage effect and
the smile effect. Thus, to infer the right volatility forecasts from options, especially from in-
the-money and out-of-money options, we propose the modified BS option pricing formula,
where the stock price in the BS option pricing formula is replaced with the implied stock
price. The implied stock price is obtained by inverting BS option pricing formula given all
other information including the volatility, o. This approach was introduced in Longstaff
(1995) and followed by Garcia, Luger and Renault (2004). They estimate both volatility
and the implied stock price simultaneously. We propose a slightly different approach. We
plug BSIV from at-the-money option, which is free from the leverage effect, into the place
for volatility in BS option pricing formula and obtain a new version of the observed implied
stock price by inverting BS option pricing formula. Based on the result in Section 2.2, the
implied stock price captures all the impact of the nonzero leverage effect (skewness) and the
smile effect with respect to the moneyness. We fit a model for the observed implied stock
price and use the estimate of the implied stock price in the BS option pricing formula. We
call this the modified BS option pricing formula. In other words, the modified BS option

pricing formula consists of three steps:

step-(i) For each day, obtain implied volatility from at-the-money. If it does not exist,

get the volatility from near-the-money option. We denote it as ¢ where z = (

imp,r=0"

means the moneyness is 0, that is, at-the-money.

step-(ii) Obtain the observed implied stock prices S} through
Ct = BS(SZ(’ Ui2mp,m:0)‘

Due to the nonlinearity of the stock price in BS formula, the inversion is done through
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a numerical method, such as Newton-Ralphson method.

step-(iii) For forecast, first get an accurate 3‘}, the estimate of S} and plug it with the BS

implied volatility into BS formula.

Furthermore, we can think about a modified BS implied volatility, ojmp moa- The mod-
ified implied volatility is obtained by inverting

C, = BS(S},0? ),

imp,mod

where S’E is the estimated adjusted stock price. If the modified option pricing formula works

2

well and we can successfully capture the leverage effect and the smile effect in §, Timp.mod

from options with any moneyness is free from any effect and is a good proxy for the future
volatility. This will be investigated more in Section 2.4.

S} is a function of moneyness and the leverage effect, given the fixed maturity time. It
is reasonable to assume to have a constant leverage effect since most conventional stochastic
volatility models have a constant leverage effect. The time to maturity is given as 1 month
in most volatility forecast literature. Therefore, S} becomes the function of one parameter,
the moneyness. We know from GBS formula that the relationship between S} and the
moneyness will not be linear. To capture the non-linearity, we fit the polynomial regression
of degree 2 and degree 3.

When we estimate the coefficients of the polynomial regression, we use different loss
functions. This is based on Christoffersen and Jacobs (2004). They emphasize the critical
impact of the choice of loss functions in the estimation and the evaluation, although different
loss functions at the estimation and evaluation stages are widely used in the literature.
For example, if we fit the regular ordinary least square (OLS) regression, then the use
of the mean-squared errors in option prices to evaluate the performance can lead to a
wrong conclusion. We use three different loss functions in the estimation of the polynomial
regression.

More specifically, our polynomial regression is:

log(S;/Si) = o+ 1. X; + BoXP + ¢
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where X is moneyness. The estimation is akin to solving

~

8= argmﬁinL(/B), (2.12)

where L(f3) is a loss function.
The first loss function is the mean residual sum of squares, MRSS(8) = + 3" | (R; —
Ri(B))?, where R; = log(S;/S;) and R;(8) = log(S;(83)/S:). Solving (2.12) is the common

OLS. Two additional loss functions we consider are the following: the mean-squared dollar

errors

SMSE(5) = = 37(C: - Gi(S7(9)?
i=1

and the relative mean-squared errors
n

> ((Ci = CilSF(8)))/Ci)*.

i=1

SMSE(B) =

where C; is option data, C;(S;(3)) is the model option price.
2.3.1 Simulation study

In this section, we check the accurate and robust estimation of the adjusted stock price
using a polynomial regression with simulation study. We consider three different leverage
effect, -0.7, -0.5, -0.3, which is reasonable in the index option pricing literature. Moneyness
is fixed to 21 points. As for the maturity time, 20,40, 60, 80, 180, 240 days are considered.
This way, we generate 21 option prices for each maturity time with one fixed leverage effect.
Here, the option price is purely a function of moneyness and so is the adjusted stock price.
Following step-(i), step-(ii), step-(iii) described above, we get S}, the adjusted stock prices.
The result of polynomial regressions are illustrated in Figure 2.4, Figure 2.5 and Figure 2.6.
The R-squares are close to 99% for all the combination of 6 maturity times and 3 p’s. Using
a 2-degree polynomial regression for the estimation of log(S;/S;) seems reasonable. Three

different loss functions give very close results in the simulation study.

o1



log(Implied Stock Price/Stock Price)

log(Implied Stock Price/Stock Price)

log(Implied Stock Price/Stock Price)

log(Implied Stock Price/Stock Price)

Polynomial Regression

=
o
S 4
[
)
S
S 4
T
8
> ] —— degree=2
< —— degree=3
T T T T T
-0.2 0.0 0.1 0.2
Moneyness
Maturity= 20

Polynomial Regression

o

S 4

S

N

S

S 4

T

=

<

o

[

© — degree=2

< ] —— degree=3

S

T T T T T T

-0.2 0.0 0.1 0.2

Moneyness
Maturity= 80

Figure 2.4: The

Polynomial Regression

1=}
S

S

o

o

=

o

o

[

o

S

S

(=]

[

1=}

@

S — degree=2
< —— degree=3

T T T T T
0.0 0.1 0.2

Moneyness
Maturity= 20

Polynomial Regression

-0.01 0.00

-0.02

-0.03

— degree=2
—— degree=3

T T T T T
0.0 0.1 0.2

Moneyness
Maturity= 80

Figure 2.5:

log(Implied Stock Price/Stock Price)

Polynomial Regression

o
S 4 ~
S
N
o
S 4
[
=
o
S 4
[
N — degree=2
8 —— degree=3
@ T T T T T
-0.2 0.0 0.1 0.2
Moneyness
Maturity= 40

Polynomial Regression

log(Implied Stock Price/Stock Price)

Polynomial Regression

o

S 4

o

I

o

S 4

[

=

o

S 4

[

© — degree=2

< —— degree=3

T T T T T

-0.2 0.0 0.1 0.2

Moneyness
Maturity= 60

Polynomial Regression

@ @
=] =]
a — a —
g 2 | 2 3
[%2] < %] S
F} F} !
e - k)
T, a n
x~ < o
R g g -
2] ! ] T
° - °
2 2 -
a [Ted =3
15 < ] 15 7o)
= o —— degree=2 = <2 4 —— degree=2
2 ! — degree=3 2 < — degree=3
T T T T T T T T T T
-0.2 0.0 0.1 0.2 -0.2 0.0 0.1 0.2
Moneyness Moneyness
Maturity= 180 Maturity= 240
Polynomial Regression when p = —0.7

log(Implied Stock Price/Stock Price)

log(Implied Stock Price/Stock Price)

Polynomial Regression

o
S 4
o
=
=)
S 4
[
o
<
o
[
)
<
? —— degree=2
—— degree=3
T T T T T
-0.2 00 0.1 0.2
Moneyness
Maturity= 40

Polynomial Regression

-0.01 0.00

-0.02

-0.03

— degree=2
—— degree=3

T T T T T
0.0 0.1 0.2

Moneyness
Maturity= 180

52

log(Implied Stock Price/Stock Price)

log(Implied Stock Price/Stock Price)

Polynomial Regression

o
S 4
S
=
S
S 4
[
N
S
S 4
T
)
S
S
! —— degree=2
—— degree=3
T T T T T
-0.2 00 0.1 0.2
Moneyness
Maturity= 60

Polynomial Regression

-0.01 0.00

-0.02

-0.03

— degree=2
—— degree=3

T T T T T
0.0 0.1 0.2

Moneyness
Maturity= 240

The Polynomial Regression when p = —0.5



Polynomial Regression Polynomial Regression Polynomial Regression

0.000
|

-0.005 0.000

-0.010
|

-0.015
|

—— degree=2 — degree=2 — degree=2
— degree=3 — degree=3 — degree=3
T T T T T T T T T T T T T T T

-0.2 0.0 0.1 0.2 -0.2 0.0 0.1 0.2 -0.2 0.0 0.1 0.2

log(Implied Stock Price/Stock Price)

-0.015 -0.010 -0.005 0.000
log(Implied Stock Price/Stock Price)
log(Implied Stock Price/Stock Price)

-0.020

Moneyness Moneyness Moneyness
Maturity= 20 Maturity= 40 Maturity= 60

Polynomial Regression Polynomial Regression Polynomial Regression

0.000
|

0.000
|
0.000
|

-0.010
|
-0.010
|

— degree=2
— degree=3
T T T T T

-0.2 0.0 0.1 0.2 -0.2 0.0 0.1 0.2 -0.2 0.0 0.1 0.2

— degree=2
— degree=3
T T T T T

—— degree=2
— degree=3
T T T T T

log(Implied Stock Price/Stock Price)
-0.010
1
log(Implied Stock Price/Stock Price)
log(Implied Stock Price/Stock Price)

-0.020
|
-0.020
|
-0.020
|

Moneyness Moneyness Moneyness
Maturity= 80 Maturity= 180 Maturity= 240

Figure 2.6: The polynomial regression when p = —0.3

2.3.2 Empirical Study

Our empirical study uses daily closing prices of S&P 500 index call options with a
maturity time of 30 calendar days from January 1, 1997 to December 31, 2004. The S&P
500 options have largest trading volume in all options traded on the Chicago Board Options
Exchange (CBOE). These options are European style and do not have complication from
early exercise. The time to maturity is measured as the number of calendar days from the
trade date to the Thursday immediately proceding the Friday when the option expires. We
use the closing price of the S&P 500 index as an index level. Criterion for data filtration are
adopted from some previous empirical studies, such as Bakshi, Cao and Chen (1997). First,
general arbitrage violations are eliminated, since the violation leads to a negative implied
volatility.

C > max(0,S — K)

should be satisfied. Second, very deep out-of-money and very deep in-the-money options

are excluded because they are not actively traded and have liquidity-related biases. If the
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absolute value of the moneyness is greater 0.08, then the option price is discarded. Third,
quotes less than 3/8 are eliminated. Fourth, options are chosen not to have overlaps.

Our data filter yields a final daily sample of 1,898 observations.

y |2 <-0.05 —0.05<x<-0.02 —0.02<x<002 002<z<005 x>005 |

1997(n = 275) 29.09% 18.91% 11.27% 21.09% 19.64%
1998(n = 262) 32.44% 14.89% 12.97% 19.85% 19.85%
1999(n = 269) 30.86% 20.82% 13.01% 22.68% 12.64%
2000(n = 231) 30.74% 22.08% 17.75% 17.75% 11.69%

2001(n = 155) 27.74% 25.81% 14.19% 18.71% 13.55%
2002(n = 177) 32.20% 19.77% 18.64% 18.08% 11.30%
2003(n = 218) 32.57% 19.27% 12.84% 22.02% 13.30%
2004(n = 311) 31.19% 20.90% 14.47% 19.93% 13.50%

Table 2.1: The percentage of observations in each group and year (1997-2004). x is mon-
eyness as defined in (2.11)

The risk-free interest rates are obtained from zero-coupon data by matching with the
closest maturity time to option expiration. The data is not adjusted for dividend, following
the approach in Christensen and Prabhala (1998). They claim that the reduction in call
option values will lead to the reduction in implied volatility and the changes are almost
constant. More careful study on this adjustment can be done using the future daily divi-
dends (refer to Bakshi, Cao and Chen (1997)). All data in the empirical study are provided
by Wharton Research Data Services.

The first empirical study is a continuation of our simulation study that checks the
accuracy and the robustness of the estimation of the adjusted stock price using a polynomial
regression. The difference is that we only use options with 20-day (equivalently, one month)
maturity time. For the calculation of ¢y m—0, Wwhen at-the-money option is not available,
find the option price that has the closest at-the-money option. We observe that using a
whole data set does not give any useful information. To deal with noisy market data, we
split the data set by one year. Eight sub-data sets are ready for in-sample and out-of-
sample forecast. Figure 2.7 is an indication that putting a naive BS implied volatility from
at-the-money option and the market stock price into BS option price formula will not give
an accurate option price.

We fit polynomial regression for log(S*/S) with three different loss functions described
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Figure 2.7: BSIV based on the market data during 1997-2004. The plots demonstrate the
violation of constant volatility and a proper adjustment is needed

in Section 2.3.1. Figure 2.8 shows that depending on loss functions, the results are different.

Especially, OLS estimation gives straight lines that do not capture the curvature in the data.

Market data has noise and we do not see as a perfect polynomial fit as in the simulation.
Since we do not know the exact relationship between log(S*/S) and the moneyness, we
also try the nonparametric kernel regression. For details of this estimation method, refer to
Appendix G. Figure 2.9 displays the adjusted stock prices and the nonparametric regression
fit. For each year, the nonparametric regression fit seems to be good. However, some years
have a different pattern and the out-of-sample is questionable. More careful study with
out-of-sample test will follow.

Table 2.2 and Table 2.3 report results of in-sample and out-of-sample forecast during
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1997 — 2004. The columns represent the estimation methods and loss functions. The rows
represent errors for evaluation purposes. All four cases of the modified BS option pricing,
we have a much better performance than the traditional BS option pricing formula. Also,
we see that the results for polynomial regression confirms the claim in Christoffersen and
Jacobs (2004). That is, the choice of loss functions has a critical role in estimation. The

strange phenomenon of polynomial regression fitting with loss function $MSE and %MSE
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modified BS BS
PR with %MSE PR with $SMSE PR with MRSS NP
1997 %-errors | 0.0056 0.0062 0.0076 0.0054 | 0.0103
$-errors | 2.5490 2.4012 2.7637 2.5278 | 3.5082
1998 %-errors | 0.0061 0.0114 0.0136 0.0108 | 0.0297
$-errors | 5.5369 5.0463 6.5843 6.4432 | 8.1379
1999 %-errors | 0.0024 0.0034 0.0080 0.0056 | 0.0976
$-errors | 2.418 2.3813 3.9456 2.781 | 4.036
2000 %-errors | 0.059 0.0071 0.0086 0.0068 | 0.0138
$-errors | 3.2157 3.1732 3.7758 3.2055 | 4.5721
2001  %-errors | 0.0028 0.0030 0.0041 0.0029 | 0.0068
$-errors | 3.5678 3.4200 3.6533 3.451 | 4.7379
2002 %-errors | 0.0035 0.0041 0.0094 0.0041 | 0.0168
$-errors | 2.4765 2.2550 2.3819 2.3960 | 3.6518
2003  %-errors | 0.0064 0.0085 0.0094 0.0076 | 0.0124
$-errors | 2.5992 1.5161 1.516 1.6549 | 2.426
2004 %-errors | 1.000 0.0600 0.0712 0.0615 | 0.0989
$-errors | 1198.6328 2.6394 3.2038 2.874 | 4.573

Table 2.2: The in-sample result during year 1997 — 2004. Only errors in option prices are
reported for the comparison to BS pricing. For the second-order polynomial regression (PR),
we use three different loss functions (%MSE,$MSE, MRSS). NP represents nonparametric
kernel regression. We compare four different modified BS results with traditional BS pricing

modified BS BS
PR with %MSE PR with $SMSE PR with MRSS NP
1998 %-errors | 0.0095 0.0075 0.011 0.0082 | 0.0335
$-errors | 10.4206 8.7134 10.7488 9.5489 | 13.2046
1999 %-errors | 0.0033 0.0043 0.0078 0.0025 | 0.0174
$-errors | 2.9486 2.3945 3.9297 2.3480 | 3.5068
2000 %-errors | 0.0085 0.0105 0.0138 0.0088 | 0.0359
$-errors | 6.3274 6.3857 6.7231 6.6104 | 8.047
2001 %-errors | 0.0035 0.0051 0.0052 0.0042 | 0.0873
$-errors | 3.5200 3.5916 3.6241 3.5417 | 4.975
2002 %-errors | 0.0039 0.0047 0.0067 0.0050 | 0.0104
$-errors | 2.4501 2.4131 2.4599 2.6479 | 2.889
2003 %-errors | 0.0145 0.0253 0.0211 0.0204 | 0.0352
$-errors | 3.3590 3.4053 3.4049 4.2061 | 5.002
2004 %-errors | 0.1126 0.1419 0.1775 0.1483 | 0.1976
$-errors | 4.8777 3.5877 3.5768 3.7662 | 5.490

Table 2.3: The out-of-sample result during year 1997 —2004. Only errors in option prices are
reported for the comparison to BS pricing. For the second-order polynomial regression (PR),
we use three different loss functions (%MSE,$MSE, MRSS). NP represents nonparametric
kernel regression. We compare four different modified BS results with traditional BS pricing
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Figure 2.9: The observed log(S5*/S) and the fitted nonparametric regression of log(S*/.S)
using the market data during 1997-2004

2.4 Volatility forecast with the modified Black-Scholes im-

plied volatility

We expand our study into the modified Black-Scholes implied volatility. If the skewness
and the smile effect with respect to moneyness are captured well, the modified BS implied
volatilities are close to BS implied volatility from at-the-money option. Figure 2.10 and
Figure 2.11 show that some effects are not fully captured.

Before we conclude that there are remaining effects that are not captured by our scheme,
we want to see the relationship between the modified BS implied volatility and the realized
volatility. We fit Mincer-Zarnowitz type regression of realized volatility. When we estimate
the adjusted stock price S}, we use $MSE loss function. Also, we include options with

moneyness x; between —0.05 and 0.05. We compare this with the relationship between
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Figure 2.10: Scatter plot of our modified BSIV from all ranges vs. BSIV from at-the-money
option during 1997 — 2000
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BS implied volatility from at-the-money option and the realized volatility.

volatility is defined as

Ry 120 = Z

The predictive regression is

2
Rt 420 = a+ bo”,

<10g(

Stti )> 2
Stti-1 '

The realized

where ¢ is the BS implied volatility or the modified BS implied volatility. Table 2.4 shows

that the volatility forecast with the BS implied volatility from at-the-money option performs

better. Our modified implied volatility captured the skewness and smile effect at some

degree, but the unsatisfactory results in fitting regression here also indicates the limitation

of this approach.

modified IV BS IV
a b R-squared a b R-squared
in-sample(year = 1997) | 0.033 0.637 0.441 0.029 0.703 0.627
in-sample(year = 1998) | 0.045 0.541 0.428 0.036  0.762 0.613
in-sample(year = 1999) | 0.040 0.512 0.426 0.033  0.788 0.691
in-sample(year = 2000) | 0.032 0.492 0471 0.021  0.732 0.703
in-sample(year = 2001) | 0.036 0.441 0.385 0.026  0.717 0.702
in-sample(year = 2002) | 0.028 0.473  0.400 0.012  0.693 0.598
in-sample(year = 2003) | 0.029 0.397 0.419 0.014 0.638 0.614
in-sample(year = 2004) | 0.031 0.376  0.424 0.017  0.594 0.562
out-of-sample(year = 1998) | 0.046 0.482 0.478 0.041  0.442 0.576
out-of-sample(year = 1999) | 0.039 0.421 0411 0.030 0.543 0.583
out-of-sample(year = 2000) | 0.026 0.452 0.478 0.037  0.601 0.588
out-of-sample(year = 2001) | 0.036 0.467 0.398 0.026  0.574 0.490
out-of-sample(year = 2002) | 0.028 0.451 0.472 0.033 0.573 0.524
out-of-sample(year = 2003) | 0.031 0.413 0.376 0.021  0.521 0.497
out-of-sample(year = 2004) | 0.036 0.305 0.341 0.024 0429 0.479

Table 2.4: The predictive regression of the realize volatility and the modified BS implied
volatility and the regression of the realized volatility and the traditional BS implied volatility

from at-the-money option
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APPENDIX A

Proof of Lemma 1.2.1

Note that

t
Bl = mexp </ T(Xu)du>
0

t
= exp <Iog7rt+/ T(Xu)du>
0

= f(logm,1).
Thus, Ito’s formula gives
0BT, 9(B™) 1 9%(B™)
dBT = dt d(1 ey 2 9B o0 1 ¢\ (BT _ BT 1dN
T = T M Plioga) 1108 T 5 g pypdlloa ™ loamly + [BY — BLIN,

1
= 7(X;)BFdt + [h(Xy)dt + a(X;)dWrg + b(X;)dWoy BT + 5[a?(Xt) + b*(X,)|BF dt

+(Bf — B{_)dNi,

where (log 7)€ and [log 7, log 7] denote continuous components of (log 7;) and [log 7, log 7],
respectively.
(BF — BF)dN, = (% - 1) BF_dN, = (¢® — 1)BF_dN, is compensated by
Ele® — 1] B \(X};)dt. Thus,
dBf = {T(Xt) +h(Xe) + %GQ(Xt) + %b2(Xt) + Ele® — 1]Bf_\(Xy) | BFdt
+a(Xe)dWis + b(X;)dWoy ] BY + (et — 1)BI_dNy — E(et — 1) BF \(Xy)dt

(A.1)
B is a local martingale if and only if the drift term in (A.1) is zero. That is,

r(X) + h(X) + %aQ(Xt) " %bz(Xt) + By — 1)A(X)) = 0.
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APPENDIX B

Proof of Lemma 1.2.2

Note that

o = ™S
= exp(logm + log S)

= g(logm,log S).

By Ito’s formula,

depy

e 1 ()
d(log S¢)° + 2 9(log w2)
L1 oY) 0*(¢™)

2 d(log S?) d(logm)d(log S)
= [h(Xt)dt + a(Xt)dWU + b(Xt)dWQt]QO? + [/,L(Xt)dt + Oé(Xt)dWU + ﬁ(Xt)dWQt]gD?

_O¥") c
= 8(log7r)d(10g7rt> +

1 9%(¢") p

(™)
d(log 5)

d[log 7, log 7|§

[log S, log S]§ + dllog ,log S|§ + [¢f — ¢i_]dN;

430 (X0) + B OXNpTdt + 5lod + FFlefdt + (a(X0)a(X) + (X BX) e dt + (o] — @ )N

Note that (¢f — ¢ )dN; = (fT? — 1) dNy = (e — 1)pf_dN; is compensated by
t

Elett — 1] A(X¢). By the result in Lemma 1.2.1, we obtain

dof
= (X0 (x) + b(XBX) + S(e2(X) + 2(X0)) + (X)) — r(X) — E(e ~ DA,
+E (ecri-’Yt _ 1) )\(Xt)] gpfdt + [G(Xt)dth + b(Xt)dWQt + Oé(Xt)dWhg + ﬂ(Xt)dWQt]QO?

+ (€% — 1) pfdNy — M(X3)E (et — 1) pfdt
@7 is local martingale if and only if the drift term is zero:

a(Xt)Oé(Xt)—f—b(Xt)ﬁ(Xt)‘f‘%(042(Xt)‘f‘ﬁQ(Xt))+M(Xt)—7"(Xt)—)\(Xt)[E (e)—E (e")] = 0.
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APPENDIX C

Proof of Proposition 1.2.1

We introduce new notations for simplicity:

B[] = E[|F vV o((Xu)t<u<r), (Nu)t<u<r]

Var-] = Var[|F; V o((Xu)t<u<r)s (Nu)t<u<r]

Covy[] = Cov[-|Fy V o ((Xu)t<uzr), (Nu)t<u<r]

By Lemma 1.2.1 and E} {exp (ftT b(Xu)dWo, — & ftT bZ(Xu)duﬂ =1,

By
_ [exp /T(_T(Xu) = L2k, - ax) Bl — 1])du+/T a(Xu)dWm)] E [exp ( 3 c)]
t t Ny <i<Nrp
= [ow ([ r00 = a0t~ A B~ hauc+ [ axgams,) | e
Thus,
Bip = exp [— /tTT(Xu)dU} Ne,T
with
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T
exp | (8 = N0y og [ )] - [B () 1] A(Xﬁdu}
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APPENDIX D

Proof of Proposition 1.2.2

By using

S
& =Ey [WTT} .

T St

1

E, [exp ( /t b(X0) + B(X0))dWy — & /t o 5(Xu))2du>] ~

2

and the results in Lemma 1.2.1 and Lemma 1.2.2,

IS%a

Ey

exp ( / (@) + (X))

E(eCtJr“{t )NT*Nt

T T T
exp (/ h(Xu)du—i—/ a( Xy )dWiy, +/ b(Xy)dWa, + Z 1
t t t

[ o [ acx)

Ni<i<Np

T

Nt <i<Np
1

T T
AWy — 2/t (a(Xy) + Oz(Xu))Qdu — E(60t+% _ 1)/t )\(Xu)du>
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APPENDIX E

Proof of Proposition 1.3.1: the GBS option pricing formulas

Computing the price of an European call:

C,=E [:TMa:c[o, Sy — K]Ft]
t

Equivalently,
Ct T ST K
— = FE|—Mazx|0,— — —||F
s = B|Taal, 3 - CIn]
Tr St T K
= F —1 F|—-F —1 F
Lt 5, sk t} [wt 51525 ’f}
_ G H
S5
where
Gy T ST
Lt _F =17 F
St [7& St [if_g]| t}
Ht 7TTK
—=F|——=1I5s Fi.
St |:7Tt St [TTZS£| t:|
By the law of iterated expectations,
G S
e =E|E| = Lsp ., | FoVo((Xu)iusr), (Nu)i<u<r | | Fy (E.1)
St Tt St [S =5t
H;
— =L |Ey IST K |FtVU((XU)tSUST)a(Nu)tSUST |Ft . (E2)
K m 5,25

The key of the derivation of GBS option pricing formula is bivariate conditional dis-
tribution of [log(%) — log(sﬁt),log(%)] and [log(ss—f) - log(%),log(%) + log(%)]. The

following two lemmas on a bivariate normal distribution are useful in the proof.

Lemma E.0.1. If [X1, X3 is a bivariate normal vector with E[X1, Xo]T = [mq,ma]T

)

Var[X1] = wi?,Var[Xs] = wq?, and Cov[X1, Xs] = pwiwsy then E[(exp X1)I[x,>0]] =

66



E(exp Xl)@(%zw), where ® is the cumulative normal distribution function.

Lemma E.0.2. If Y =log(X) has a normal distribution with mean, py, and variance, 032,
then the mean of the lognormal random variable X, px is exp(uy + 032//2). Thus, py can

be written as log(ux) — 0% /2.

E.1 The first part of the formula: G;/S;

By applying Lemma E.0.1 to E.1,

T St
Ee [m S, I[fz?]}

S
= FE, [exp <log( ) + log( ST)> log(ST ) tog(£ )>0}]

_ B {WTST] (I)[Et [log(f) - 10g(57)} + Covy {log(%) - 10g(sﬁt) log( L) + log( r)

\/Vart [log(%) log(sﬁt)}

The remaining work is to simplify di and express it as By and & . Note the followings:

Covy <log(§t) lo (Z)Hog(i,i)) = Van [mg(‘zt )} + Co, {log 1}5
Eilloe(y) ~lox()] = B log()| ~lox( )
— B flog(5) + lou("0) | - £ [tos(TE)| - tog(). (B

By Lemma E.0.2,

E, [mgz) + 1og(”T)]

Tt
o T ST S T
= log [Et (m S, )} — fVart [log( S, ) + log <7Tt )]

= log(&.7) — §Vart [mg(if)] — §Vart [1og(7Z)] — Cov, [bg(f;f),log(Z) (E.5)
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Ey [log(w)}

Tt

log [Et <7Z>} - %Vart [log(g)]

— log(B*(t,T)) — %Vart {log(:f)} . (E.6)

Lastly,

S T T
Var, [log( Sf )] = Var; / w(Xy)du + / (X)) dWhy + B(Xy)dWay, + Z ¥
t t

N¢<i<Nrp

T
= /t(l—p(Xu))Vudu—i— Z Var(vy;) (E.7)

Ni<i<Np

Place (E.5) and (E.6) in (E.4) and then combining (E.4) with (E.3) will give the numerator

of di. Let Var, [log(%)

—

be 7y 7, which is the denominator of dy. Thus, we obtain

E.2 The second part of the formula: H;/S;

By applying Lemma E.0.1 to (E.2),

Ee [ ligr>x }] = & [eXp(k’g Mhog(32)-tog( >>o1]

St _St

_ g [WT] o [log(?T) log(g)] + Couvy [log(?T) 10g(57T) log(sﬁt)

" \/v@rt [log(57) — 1os(£)]
= Biy®(dy).

To simplify da and express it as B/ and & r, the result of the calculation of d; can be

used.

= di — o1
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APPENDIX F

Moments of integrated volatility

F.1 Proof of Proposition 1.4.1

The conditional mean is

T T
EU Vudu|Ft] _ / BV, F)du
t t
T

_ / [vte—kvw—t)+9(1—e—’%<u—t>)]du
t

= Vtki (1 - e‘kv(T‘t)> +O(T —t) - kﬁ (1 ~ e—kv(T—t))

= ‘/tAt,T + Bt,Tv
where

Ay = k:i (1 — e*kv(T*t))

Bir = O(T—t)— ki (1 - e*’fMT*t)) .

v

<

By Ito’s formula,

T
dE [ / Vudu\Ft} = —Vidt + Ar 1o/ VidWiy.
t

Since

T T T T
E[/ Vudu\FT] = EU Vudu|Ft]+/ (—Vu)du—ir/ Ay 1o/ VadWi,,
t t t

T

and

T
E[/ Vudu|FT] = 0,
T
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we get,

T T T
/ Vidu — E [/ Vudu|Ft] = / Ay 1ou\/ VudWiy
t t t

Thus, the conditional variance is obtained as

T T T
Var [ / Vudu\Ft} = FE? [ / Vudu—E< / Vudu]Ft) ]Ft]
t t t

T
— FE2 { / Au,Tav\/VudmeFt]

= / AUTO' E(Vy|Fy)du

= [ Bt [0 (1 b0

= ViCir + Dy, (F.2)
where
Cor = Z; Lj — AT — t)e R (T—1) _ klve_%v(T_t)]
Dy = 01512)‘9 [(T —t) (1 + 26*kv(T*t)) T 211% (efku(Tft) " 5) (efkv(Tft) B 1)}

F.2 Proof of Proposition 1.4.2

Note that

T T
Vr = Vt—}—kv/ Vudu—l—ov/ v/ VudWhy.
t t

Thus,

Var[Vr|F]

T T
=Var [k:u/ Vidu + av/ \/VudW1u|Ft}
t t
T T
= kXVar [ / Vudu|Ft] + o2Var [ / \/VudW1u|Ft}
t t
T T
—2k,0,Cov {/ Vudu,/ \/VudWlu]Ft] (F.3)
t t
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and

T
Cov [/ Vudu, VT|Ft}
¢

T T T
= Cov [—kv/ Vudu + av/ \/VudWm,/ Vudu|Ft]
¢ ¢ ¢

T 2 T T T
=F |-k, (/ Vudu> |F;| + o, FE [/ \/VudWM/ Vu\Ft} + ky E? [/ VuduFt]
t t t t
T T T
= —k,Var [/ Vudu]Ft] + o, F [/ \/VudWm/ Vudu]Ft] . (F.4)
t t t

Var [ ftT vV VudW1u|Ft} is equal to E [ ftT Vudu|Ft}, which is already obtained in Section

1.4.2. Var [LT Vudu]Ft} is also given in Section 1.4.2. The remaining work is calculation of

T T T T
Cov [/ Vudu,/ \/VudWM\Ft} = F [/ \/VudWlu/ Vudu]Ft] .
t t t t

By integration by parts,

|: \ dWlu V dU‘Ft:|

t

=E _ /t ( /t \/Vsdwls> Vudu+ ( /t ’ Vsds) \/Zdwlum}
L >

( vV VsdWhs

t
r pT u u

=F / (/ \/Vsdwls) (Vt —I—/ k(60 — Vs)ds—i—/ JU\/VSdW18> du]Ft]
LSt t t t

= E :—kv /tT (/tu VVedWig /t V;ds> du|Ft] +E [ay /tT </tu vsds> du|Ft}F.6)

y (F.5) and (F.6),

T u
/E[/ \/VSdWBVu|Ft] du
t t
T u s T
:—k:v/ [/ E</ \/VTdWhV;> ds} du+av/ E (V4|E) du
t t t t

v, du|Ft] (F.5)
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By the result in Section 1.4.2,

T u
/ E [/ \/I/SdWMVu]Ft] du
t t

— k&, /tT [/tuE </t \/VTdWthIFt> ds] du

o /tT Vi [kly (1 - e_k”(“_t)) +0(u—t)— ]i (1 - e_k”(“_t))} du.

It gives the first order ordinary differential equation:

dE [ [} VVsdWis V| ]
du

= —kE [ / \/VdeMVu]Ft] + (Vg — ) Fo(ut),
t

Solving this equation yields:

u t
E[ / \/Vsdwlsvu} = —e RlubE [ / \/%dWSVU]—F(W—H)uek”(“t), (F.7)
t t

since (F.7) gives

dFE [f;y \/vsdwlsvu’Ft]
du

t
= —kye R R [ / \/VSdWMVu} + (Vs — 0)e o=t _ k. (V; — Q)ue™ P (D)
t

t
= —ky [e_k“(“_t)E [/ V V;dWlsVu’Ft] + (V= Q)ue b= | 4 (V, — g)eFoluD
t

= —k,FE [/ \/VSdWhVMFt] +(V; — e)e*kv(uft)'
¢

Since the first term on the right hand side of (F.7) equals to zero, completing the outside

integration operator now yields,

T T
Cov [/ Vudu,/ \/VudWM\Ft}
t t

=E UtT </tu \/178dW15Vu> du|Ft]

T
=(Vi— (9)/ ue R =t gy
t
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T t1
= (Vi=8) |— e P04 = 4 (1 . e_k“(T_t)>] . (F.8)

v

By plugging (F.1), (F.2) and (F.8) into (F.3), we obtain
Var[Vr|Fy] = Vilyr + Jur,

where

2
Lr = o [(1 + G”> (1 — (T — t)e kTt _ ]:e_%”(T_t)>

Jir = ©

By plugging (F.2) and (F.8) into (F.3) into (F.4), we obtain

T
Cou [ / Vudu,VT|Ft] — ViQir+ Rur,
t

where
- —ky(T—1) 1 —ko(T—t) L _op(T—0)
Qur = T2 |t+1-(T+1)e — oy (= 2AT — t)e L
oyl —ky(T—1) 1 —ky(T—1) L ok (T—1)
Ryr = i t+1—(T+1)e ™ —ou {2 — 2T — t)e " - v
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APPENDIX G

Nonparametric estimation

Regression methods model the expected behavior of a dependent variable given a vector

of regressors. In our study, the above statement can be formulated as
Si = g(xi,7i, pi) + wi,

where x; is moneyness, 7; is time to maturity and p; is the leverage effect. 4 indicates
the " sample. Under some condition, E(S*|z,7,p) is the optimal predictor of S* given
zi,m; and p;. To estimate this conditional expectation, we employ the statistical technique
known as nonparametric kernel estimation. Nonparametric kernel regression produces an
estimator of the conditional expectation without requiring that g(-) be parameterized by
the finite number of parameters. Kernel regression requires few assumptions other than
smoothness of the function to be estimated and it is robust to the potential misspecification
of any given parametric form of g(-). The choice of the regression type, the kernel type,
the bandwidth selection method all can affect the result of the estimation. The type of the
regression that is often used is the local constant kernel estimation. It is also known as the
Nadaraya-Watson kernel estimation. Denote all explanatory variables as Z. The estimate

for the conditional expectation, g(Z) is given as

9(z) = E[s"|Z]

where K (ZZ—,:Z) =k (”“h*“”) k (Tih*T> k (pﬁ;p> and k is a kernel function. Intuitively the
1 2 3

estimate is given by a weighted average of the observed modified stock prices, S} with more

weight given to the stock prices whose characteristics Z; are closer to the characteristics Z

of the stock price to be estimated. Thus, the closer h is to zero, the more peaked is the
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function around Z; and thus the greater is the weight given to realizations of the random
variable, Z;.
In our study, we also try the local linear kernel estimation. Three different types of

kernels are used:

the gaussian kernel : k(v) = 5= exp (—31?)
the uniform kernel : k(v) =1/2I(Jv| < 1)

the epanechnikov kernel : k(v) = 3(1 —v?)I(|v| < 1),

where I is the indicator function. For the bandwidth selection, the least squares cross-
validation is used. Only the result from the gaussian kernel is reported. Refer to Li and

Racine (2007) for details.
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