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ABSTRACT

STOCHASTIC VOLATILITY AND STOCHASTIC INTEREST RATE MODEL
WITH JUMP AND ITS APPLICATION ON GENERAL ELECTRIC DATA

Celep, Saziye Betiil
M.S., Department of Financial Mathematics

Supervisor : Assoc. Prof. Dr. Azize Hayfavi

April 2011, 81 pages

In this thesis, we present two different approaches for the stochastic volatility and stochastic
interest rate model with jump and analyze the performance of four alternative models. In the
first approach, suggested by Scott, the closed form solution for prices on European call stock
options are developed by deriving characteristic functions with the help of martingale meth-
ods. Here, we study the asset price process and give in detail the derivation of the European
call option price process. The second approach, suggested by Bashki-Cao-Chen, describes
the closed form solution of European call option by deriving the partial integro-differential
equation. In this one we give the derivations of both asset price dynamics and the European
call option price process. Finally, in the application part of the thesis, we examine the per-
formance of four alternative models using General Electric Stock Option Data. These models

are constructed by using the theoretical results of the second approach.

Keywords: option pricing, stochastic volatility stochastic interest rate model with jump, par-

tial integro-differential equation, martingale methods, direct algorithm

v



0z

SICRAMALI STOKASTIK VOLATILITE VE STOKASTIK FAIZ ORANI MODELI
VE MODELIN GENERAL ELECTRIC VERISI UZERINE UYGULAMASI

Celep, Saziye Betiil
Yiiksek Lisans, Finansal Matematik Bolimii

Tez Yoneticisi : Dog. Dr. Azize Hayfavi

Nisan 2011, 81 sayfa

Bu calismada, stokastik volatilite ve stokastik faiz oranina sahip sicramali opsiyon fiyatlama
modeli, iki farkli yaklagimla incelenmis ve 4 alternatif model lizerinde analizler yapilmistir.
Scott tarafindan onerilen ilk yaklagimda, opsiyon fiyati karakteristik fonksiyonun bazi1 mar-
tingale yontemleriyle bulunmas: sonucu olusturulmustur. Sonrasinda yaklasim ayrintili bir
sekilde incelenip, opsiyon fiyatinin ¢ikarimi orjinal ¢alismada bulunmayan ispatlarla birlikte
sunulmustur. Bashki-Cao-Chen tarafindan olusturulan ikinci yaklagimda ise kismi integro-
diferansiyel denklemleri kullanilarak opsiyon fiyatina ulagilmigtir. Bu ¢calismadaki fiyat siireci
dinamikleri ayrintili bicimde incelenerek, opsiyon fiyat formiilasyonu gerekli goriilen ispat-
larla beraber olusturulmustur. Son olarak ikinci yaklasimin yardimiyla 4 farkli opsiyon fiyat-
lama modelinin analitik ¢oztimleri ¢ikarilmis ve modellerin deneysel performanslar1 General

Electric Hisse Senedi Verisi lizerinde ol¢iilmiistiir.

Anahtar Kelimeler: opsiyon fiyatlama, sicramali stokastik volatile stokastik faiz oran1 modeli,

kismi integro-diferansiyel denklemi, martingale yontemleri, direct algoritmasi
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CHAPTER 1

INTRODUCTION

The Black Scholes Model which was articulated by Fischer Black and Myron Scholes in their
1973 paper has an important role in theory and application of financial studies. Obviously, the
model is a pioneering work in the area. However it is also know that the assumptions to get
the closed form solutions cause some empirical biases such as volatility smile. For this reason
in the last two decades, option pricing has witnessed an explosion of new models that each
relax some of the restrictive Black Scholes assumptions. Among these assumptions, constant
volatility, constant interest rate and no rapid price movements resembling jumps have been
the most studied ones. Over the years, there have been many alternative models offered to
solve this and other drawbacks of the Black Scholes model. Examples include the stochastic-
interest-rate option models of Merton (1973), the jump-diffusion and pure jump models of
Bates (1991), Madan and Chang (1996), and Merton (1976), the stochastic-volatility models
of Heston (1993), Hull and White(1987), Stein and Stein (1991), the stochastic volatility
and stochastic interest rates models of Bakshi and Chen (1997a,b), and Scott (1997) and the
stochastic-volatility jump-diffusion models of Bates (1996). In this work, we concentrate on
the most generalized model that is stochastic volatility and stochastic interest rate model with

jumps with two different angles conducted by Scott [33] and Bashki-Cao-Chen [1].

In the former approach, the closed-form solution for the price of the European call option is
obtained by using some martingale properties and mathematical tricks. In addition, by as-
suming that the volatility and the underlying price have a non-zero correlation and both the
interest rate and volatility follow a Cox-Ingersoll-Ross Model [11] captured many properties
of the financial data such as non-negative interest rate and volatility. Although the approach

has some theoretical advantages, in application, parameter estimation and determination pro-



cedure is formidable.

In the latter one studied by Bashki, Cao and Chen [1], the closed-form solution for the price
of the European call option is derived by using the partial integro-differential equation. By
reducing the difficulty of this complex equation to ordinary differential equations, the call
price is obtained. Moreover, the assumption of lognormally distributed jumps provided model
improvement and convenience with the market data. Although this approach is theoretically
complex and has implementational costs compared to Scott’s study, it is more applicable,
since it is given only as a function of identifiable variables such that all parameters can be

estimated.

The aim of this study is to review these two approaches of the same model in detail and use
the results of the second approach in application. The second chapter presents the derivation
of the option pricing formula suggested in the study of Scott [33] step-by-step. The way of
how the martingale method is used for derivation of characteristic functions is analyzed. In
the third chapter, by following the study of Bashki, Cao and Chen [1], the European call op-
tion price is obtained. Firstly, the complicated partial integro-differential equation is reduced
to simple forms. After that, the solutions of these simple ordinary differential equations are
found. Moreover, in the last section of the chapter the results are recorded to use them in
application part of the study. In Chapter 4, the results from the previous chapter are cali-
brated for the General Electric Stock Data. With the help of the calibration procedure, the
performance of four alternative models are compared. These alternative models are Black
Scholes Model, Stochastic Volatility Model, Stochastic Volatility Jump Model and Stochastic
Volatility Stochastic Interest Rate Model. In fact, in the fourth chapter the aim is to answer
the following question mainly: “What do we gain from each generalized feature rather than

using simple Black Scholes?” Finally, the conclusion follows.



CHAPTER 2

SCOTT’S APPROACH

Various econometric and numerical studies show that asset prices do not exhibit the assump-
tions of Black Scholes Model which are constant volatility, constant interest rate and no rapid
price movements resembling jumps. Therefore, new extensions of models that capture qual-
itative feature of the financial data is needed. The model that presented in this chapter is an
example of a model that relaxed the assumptions mentioned above. In this chapter, firstly,
we introduced the model in Louis Scott’s paper [33] and then we studied step-by-step the
construction of closed form solution of European call option prices. We only concentrated
on European options because the closed form solution with this technique can be reached
only for this type options. For path dependent options some numerical methods should be
used. The technique to derive a closed form solution to the call option pricing problem under
the assumption of stochastic volatility, stochastic interest and jump-diffusion is diverse. The
method used in this chapter is effectual from the point of view of getting closed form solution

however impractical in application due to the extreme number of parameters.

2.1 Model Construction

Let (Q, F, P) be our probability space. The underlying risky asset price volatility and interest

rate is assumed to follow a standard Cox-Ingersoll-Ross (CIR) process given as follows:

dyj(t) = Kj[@j - yj(t)]dt +0; yj(t)de(t) (=1, 2), (2.1.1)

where K, ®;, and o ; are respectively the speed of adjustment, long-run mean and volatility



coefficient of the process y;(f). Z; and Z, being constructed as independent Brownian Mo-
tions. It means that their correlation is 0. Moreover, independent Brownian Motions have
zero covariation. Therefore, dZ;dZ, = 0. The continuous part of the price process, defined as

S¢(?) is assumed to satisfy the following stochastic differential equation:

dS (t) = r()S (ndt + o \y1(HS “()dW(1), (2.1.2)

where W is a Brownian Motion that is independent of Z, but correlated with Z; with size p .

It means that the covariations are dWdZ, = 0 and dW(1)dZ,(t) = pd(?).

The instantaneous interest rate, r, is assumed to be a linear combination of y; and y;; the

reason behind this choice is given in [11] in detail:

r(0) = y1(t) + y2(0). (2.1.3)

The jumps in the log-price process are constructed as a sequence (M) of independent nor-
mally distributed random variables with parameters u; and oﬁ as N(u;, a-?) and jump counter
is modeled as an independent Poisson Process with intensity 4. Consequently, X(#) is assumed

to be the sum of all the jumps which occur up to and including time ¢ :

N(1)

Z M, = X(t).
k=1

X(1)

Finally, the jump process is formed as m which is a martingale. To examine the jump pro-

cess, we calculated the expectation of exp(X(t)) by using some characteristics of expectation.
Let B;’s be the events in the sigma algebra F' in the probability space (L, F, P) such that

UB; = F. Then E(X) = }, E(X|B)) - P(Bj). For more details the reader is referred to the book
j=0

given in [23]. By using above property, the expectation can be computed as below:

4
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where N(¢) is a Poisson Process with intensity A. Because of this reason, P(N(t) = k) =
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Note that M’s are iid. In addition, p;(u) = E [¢“M))] is the moment generating function of

normal distribution:

E[euX(l)] — e—/lt + e_/l’ i [p,(u) . /U]J

=

=M. [1 + i ‘[p—j(u). : /U]j]

=)

| 5 o0 )

J=0

— e—/lt . epj(u)/lt

_ Ailosw-11, (2.1.6)



Since pj(u) = M ADTE o the mgf of N(u;, 0'?),

E[¢X] = exp((e" P71 — 1)), (2.L7)

The jump process is constructed as follows:

J(@) = ED) (2.1.8)
Finally, we established the price process at time ¢ as follows:
S =J()S(). (2.1.9)

2.2 Call Option Pricing Process

In the model, it is assumed that all of the expectations are under a risk-neutral measure,
QO under which the discounted asset prices are martingales. This assumption causes many

advantages in the upcoming steps. Now, the call option prices can be defined as

C[S(0),(0), T] = E2[e™®(S(T) — K)*|y1(0) = y1,72(0) = y21,

T
where Ry = f r(u)du and y is a vector such that, y = (y1,y2). The logarithmic function is a

0
monotone one. Therefore, instead of S(7) > K, In S(T)> In K can be used:
C[S(0),y(0), T] = E9[e R S(T); InS(T) > InK] — KEC[e X InS(T) > InK],  (2.2.1)

i.e.,

CIS(0),y(0), T1 = E2[e ™ ® S (T)1ys ry21nk)] — KEC[e X Lins (1)) ]- (2.2.2)

We separated the equation (2.2.2) into two parts. The first part is, £ QleRrg (T Lns (1)=1nk;) ]

and the second part is, —KE Q[e‘RTl{lnS(T)ZmK}]. To make the calculations easier, in the first



expectation change of numéraire is computed. A numéraire is an asset that is used as a price
unit. As an example, if (§,) is the price process of an asset, the discounted price (S,/S o) can
be viewed as the price of the asset, when the riskless asset is taken as a numéraire [24]. For
the expectation given in (2.2.2), the stock process itself is taken as a numéraire. Consequently,

the new probability measure named as Q:

dQ, e ®*rS(T)
dQo  5(0)

and E2[X]= EQ[X- d&}.

dQ

Note that the above Radon Nikodyn Derivative must be a martingale [34]. Therefore, the

do, _ efrs)
d0 — ~ S0

martingale property of should be checked. But since the discounted asset

-R
prices are martingale under the risk neutral probability measure Q, < ST(g)(T) is a martingale

automatically.

The expectation in the first part of (2.2.2) takes the form:

e Rrs(T)

. EQ
SO)-FE $(0)

s yzink) | = S0) - EZ' [Ljins 1y21nk) - (2.2.3)

On the other hand, in the second part of (2.2.2) we take the 7-forward measure as a numéraire.

T-forward measure is a probability measure P” defined by

T
— | r(s)ds
dpT e {

dP ~ PO, T)’

where P(0,T) is a price process [24].

In our case, bond pricing function [B(y(0), T)] is taken as a T-forward measure. After that,

by entitling the new probability measure as Q», the Radon Nikodyn derivative becomes

dQ, e B(T,T)
dQ  B((0),T) "’

where B(T,T) = 1.

In this case the expectation that we are concerned is as follows:

e Rr

-K - E© BoO.T) Vs ryzink) | - BO(0), T) = =K - B3(0), T) - E9*[Ljtns (1ysink]- (2.2.4)



Finally, the equation (2.2.2) occurs as

CIS(0),y(0), T1 = S(0) - E?' [Lns rysink)] — K - BG(0), T) - E2[Lpnsrysiky].  (2.2.5)

We denoted the density function of In S (7)) under Q;, Q> as f¢'(x) and f2(x), respectively,

and distribution function as F9 (x) fori = 1,2,:

(&9

E9% s rysink)] = f f9%wx)dx for InS(T) > InK.

—00

= F%(InS(T) > Ink). (2.2.6)

As a result the call price process (2.2.5) takes the form

C[S(0),y(0),T] = S(0) - F2'(InS(T) > InK) — K - B(y(0), T) - F%(InS (T) > InK).

=S5(0) - fFl(dx) - K-Bx0),T)- sz(dx), (2.2.7)

InK InK

where F; is the distribution function of In S (7") under Q; fori = 1, 2.

2.3 Characteristic Function Using Martingale Methods

To invent the distribution functions F; and F, under Q, Q», respectively, firstly we should
clarify the form of the characteristic functions ¢;(«) and ¢, (u) of the process In S (7). Subse-
quently, by turning into account the inversion formula we can obtain the distribution functions.

The function ¢ (u) is as follows:



¢1(M) — EQ| [eiulnS(T)]

— EO|iuinS(T) . @]

dQ

— EOQ| IS (T)-Ry . S(T)]

] S(0)

[ ol(1+it)InS (T)-Ry] ]
0

=E 5(0)

2.3.1)

The characteristic function ¢,(u) can be expressed as follows:

¢2(u) — EQz [eiulnS (T)]

dQ

- Ry
— 0| sy __€ ]
i B(y(0),T)
ol o108 (T)-Rr
=E¥|——|. (2.3.2)
| BO(0), T)}

_ EQ —eiulnS (1) . dQ» :|

Define y/(a) = E Q[exp(—RT + aln§ (T))] for real values of a. Instead of the real number a, we
wrote a complex number in the following steps. We are allowed to do this analytic extension
because the exponential function in (a) is an entire function. The following definition can

clarify the fundamental definition in complex analysis, given in [15]:

Definition 2.3.1 A function f having a derivative at a point zo € A (A open) is said to be
differentiable at zo. If f has a derivative at zo, as well as at every point of some neighborhood
of 20, it is said to be analytic. If f is analytic at every point in A, then f is analytic in A. A

function that is analytic in whole complex plane is said to be entire.

Afterwards, the equation (2.3.1) can be written as

w(1 + iu)

O since  S(0) = E%[e R . S(T)] = w(1).

P1(u) =

Furthermore, the equation (2.3.2) becomes



$o(u) = Y since B(y(0), T) = E%[e™ R . B(T, T)] = E%[e7R] = y(0).

¥(0)

Note that S(T") = J(T)S“(T) implies InS (T) = InJ(T) + InS“(T). To invent the characteristic
functions above, the process /(z) needs to be calculated but it infers that the log price process

should be analyzed. Consequently,

W(2) E9[exp(—Ry + zInS (T))],

E9[exp(—Ry + zInS ¢(T) + zInJ(T))],
= EQ[e D). EQe Rr+inS M " gince J(T) and SS(T) are independent.

(2.3.3)

In the above equation, the term with jumps can be obtained easily. However, the part with
log-price process should be examined deeply. Therefore, the following lemma in [34] will be

one of the supporting steps.

Lemma 2.3.2 (Decomposition of Correlated into Independent Brownian Motions) Suppose

B> (t) and By (t) are Brownian Motions and

dB(1)dB (1) = p()d(1),

where p is a stochastic process taking values strictly between —1 and 1. Define processes

Wi (t) and W (t) such that

Bi(t) = Wi(»
t t

B(1) = fp(s)dWl(s)+f\/1—p2(s)dW2(S). (2.3.4)
0 0

then W (t) and Wy (t) are independent Wiener Processes.

Proof. We are claiming that d[W;, W>](t) = 0. From the hypothesis,

10



dB1()dBs(1) = d[B1, B2 1(t) = p(1)d().

Note that dB;(t) = dW;(t) and dB;(t) = p(t)dW1(t) + /1 — p%(t)dW,(t). Therefore,

p)d(t) = d[By, B1(t) = dW1 (1) - [p()dW1 (1) + 1 = p2(O)dW>(D)]

= p(Nd(t) + 1 = p2(O)dW,()dW,(2). (2.3.5)

We are sure that p(t) is strictly in between —1 and 1. Subsequently, equation (2.3.5) is feasible
if and only if dW (t)dW,(t) = 0. |

At this step with the help of Lemma 2.3.2 we wrote the following coequal instead of W(¢) in

our process:

W() = pdZ (1) + |1 — p*W' (D),

with [W, Z;] = p and [W’, Z;] = 0

Hereby, by using the Ito Formula, the continuous part of stock price process (f(S€(¢)) =

log(§¢(1))), can be expressed as follows:

In(S<(#)) = In(S°(0)) + f >

0

dse (s) 1 fd[SC ,S€l;
(S(s?

Assume with out loss of generality S¢(0) = 1,

t

t t
In(S(0) = fr(S)dS+(T\/1—P2f\/Y1(S)dW'(S)+CTpf\/yl(S)dzl(S)
0 0

0
t t

- % f (rzpzyl(s)ds—%- f a?(1 = pH)y1(s)ds. (2.3.6)

0 0

We entitle the terms of the above equality as follows:

11



t

R; = fr(s)ds,

0

t 1 t
&r=04/1 —sz VY1($)dW' (s) - 3 (1 —,Oz)f)n(S)ds, (2.3.7)
0 0

t

t 1
n=op f Wi ()dz,(s) - 5 f o2 p%y1(s)ds.
0

0

Therefore, the continuous part of the expectation given in (2.3.3) turn into the following form:

EQ[e—RT+zlnS"(T)] — EQ [e—Rr+th+z§t+znt]

= E9exp((z — DR, + 7€, + ). (2.3.8)

To clarify the terms given in the above equation, first we defined the sigma algebra generated
by Z; and Z; as o[Z;, Z,]. Second, by using the iterated expectation property, (2.3.8) is written

as

EC[E9[exp((z — DR, + z&; + z1)| o' Z1, Z]11].

Note that under the condition, that is sigma algebra generated by Z; and Z,, the terms of
expectation are independent, because if Z; and Z, are known then y; and y, are also certain.

In addition, the correlation between W’ and Z, is zero. Therefore, (2.3.8) can be expressed as

EQ|EQ[ VR o2, 2o1) - EQLe%| (21, 2211 - ECLe¥| o721, Z5]1. (2.3.9)

In the above expectation, the terms @~ DR and ¥ are o[ Z;, Z,]-measurable. For this reason,

the following equations obtained:

EQ[“ R (21,2501 = < VR and  E9[e™| 0[Z1, 25]] = €7 (2.3.10)
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Because of the above results, only the term E€[e¢%| o[Z, Z>]] in equation (2.3.9) is uncertain.
To clarify it first we entitled Y;(¢) = j yj(w)du for j = 1,2. Second, note that since &|Zy, Z,
is a integral of Brownian Motion withodrift given unconditionally in equation (2.3.7), it has a
normal distribution with expectation _710'2(1 - pz)Y 1(¢) and variance Var(&|Z1,2,) = o?(1 -
p?)Y1(f). Therefore, EC[e%!| o’[Z,Z»]] is actually the moment generating function of normal
distribution with mean _710'2(1 — p?)Y1(¢) and variance o(1 — p*)Y,(?). Finally, the following

equation is obtained:

— 201 _ A2 2
EQ[e%7| 021, Z5]] = e)Cp(?ZO'Z(l —pz)Yl(T) N o (1 =p")Y1(T)z )

2

2(1 = pH)Y\(T
- exp(z(z - 1)[(r(+)1()]). 2.3.11)
By combining (2.3.10) and (2.3.11) equation (2.3.8) takes the form
2 (1-p?)Y|(T)
E%exp(z — DRy +zér +2q)] = B[l DR e DS o
_ EQ[E D) | D) | el - oy
(2.3.12)

The above expectation consists of terms with Y; and a term with n7. At this step, we wrote

nr in terms of Y;’s. We know the following equation:

t

t
1
n=op f Wi ()dz,(s) - 5 f a2 p%y1(s)ds. (2.3.13)
0

0

In addition, we constructed the model as

dyi(t) = K1[®1 — y1(O)]dt + o1 \y1(HdZ(1).

The integral form of above equation is as follows:

W) - 1(0) = K101 — Ky f (s)ds + o f VIIZi(s).
0 0

13



Therefore,

t

f idzi(s) = 10 =010 = KiGut = Ki (1)

01
0

As aresult, (2.3.13) takes the form

o 1
m = 0_—’1) 1) = 1(0) = Ki®y1 = Ky Yi(0)] = 5 - o°p*Y1(0).

Then, equation (2.3.12) can be expressed as follows:

72(1-pH)7) @,
2

EQ[exp((z — DRy +zér + 7)) = EQ[e(Z—l)Yz(T)+(z—1)Y1(T)+z(z—1)(

202Y)(T)z
ot 01Dy 0)-K O T+ YI(T»—%]

_ EQ[e(z—l)Yz(T) ) ele(T)+z%-(y1(T)—y1(0)—K1®1T)]’ (2.3.14)

withw = (z = 1) + 2z - D3o?(1 - pH) + 22 - Ky - 5 - 02’z

Since y; and y;, are independent, the right hand side of (2.3.14) can be written as follows:

EQ[e(z—l)Yz(T)'eWYl(T)+Z%'(}’1(T)—YI(0)—K1®1T)] _ EQ[e(z—l)YQ(T)]

EQ[1 (D] eZg—f'@l(T)—yl(o)—KIG)lT)‘

(2.3.15)

Eventually, we reached our main purpose with the above equation. To write ¥(z), we are

going back to the jump process to calculate E€[¢¥"/(7)] where

2
+(1/2)0%
pi+1/ )0",_

J(T) = XD )

Therefore the log-jump process is as follows:

14



InJ(T) = X(T) = AT+ 11275 _ 1),

Presently, we are ready to construct the following equation:

2
+(1/2)0% _

E[¢™D] = E9[ oX()=2AT( 0}

(1/2)02
= @) | poy X

;1j+(1/2)o'

2 X 2
_ e—Z/lT(e - ,uJ+(l/2)0'j _

J=1)+AT (e 1)

Finally, by combining (2.3.14) and (2.3.16), the equation (2.3.3) is expressed as

2

DTy ear

v = eI

e

X €

2
i+(1/2)0%
eﬂﬁ-(/)ﬂ'j_

D

‘01 (T)=y1(0)-K,0,T) ‘EQ[e(z—l)Yz(T)] . EQ[ele(T)]

(2.3.16)

(2.3.17)

Derivation of ¢(z) is the main goal because the characteristic functions can be written sub-

sequently. However, ¥(z) contains unknown expectations. Note that Y;(T) and Y,(T) are

following CIR processes. Consequently, we will try to get the expectations using the proper-

ties of CIR models by using the following lemma in [34] and theorem in [24].

Lemma 2.3.3 (Feyman-Kac) Consider the stochastic differential equation

2
(')_f + u(x, t)a—f + 1 . a’z(x, [)8 s

or ox 2 a2 - RO,

defined or all real x and t in the interval [0, T, subject to the terminal condition

Jx, T) = y(x),

(2.3.18)

where u, o, ¥, R are known functions, T is a parameter, T = T —t and f is the unknown. Then

the solution can be written as an expectation:

15



—}R(Xr)d-r
fx,1)=Ele ! Y(X7)IX; = x], (2.3.19)

where X is an Ito-process driven by the equation,

dX = u(X, tydt + o(X, )dW,
with W(t) is a Brownian Motion and the initial condition for X(t) is X(0) = x.
The proof of Feyman-Kac formula can be found in [34] in Chapter 6.

Theorem 2.3.4 For a process X starting at x [Xo = x] and following a Cox-Ingersoll-Ross

Model, that means

dX; = (a — bX))dt + o X, dW, on [0, o),

and for any non-negative A and u, we have

—/le—quj,‘ds
Ele 0 | = exp(=ag,(1)exp(—xQ, (1)), (2.3.20)

where the functions ¢, ,(t) and Q,,(t) are given by

1(y+b)
2ye 2 )

2
1) = ——l
S‘/l,,u() o2 n(o'z/l(eyt— 1)+y—b+€7t(7+b)

and

Ay + b+ e"'(y — b)) + 2u(e” — 1)
a2 —1)+y—b+e(y+b)

Quu(n) =

withy = b+ 2024.

Proof.

16



For the proof, we follow the original proof given in [24] in section 6.2.2. For A and u fixed,

consider the function F'(z, x) defined by

—/lX;‘—y}X?ds
F(t,x) = E[e o . (2.3.21)

Note that for the initial condition x we can use Feyman-Kac Formula given in Lemma 2.3.3.

Therefore, we look for F' as a solution of the problem,

OF o* 0°F OF
T = GAas t @by —uaF and FOx) = e (2322)
X X

Assume that F can be written as F(f, x) = e %®=20)  The reason behind is the additive
property of X} relative to the parameter a and the initial value x [18]. At this step, write the

candidate of the solution to the given differential equation (2.3.22):

2
F(t,x)[—as’ (t) — xQ' ()] = %x[F(t, x)Qz(t)] —(a—bx)F(t, x)Q(t) — uxF(t, x).

Canceling F'(t, x) from both sides of the above equation gives

2
—ad () — xQ (1) = %xQZ(t) — (a—bOQA(1) - ux
2
= x %92@ + 6O — | - al Q). (2.3.23)

In equation (2.3.23) the coefficients of a and x should be equal. Therefore, the following two

equations are obtained:

2
Q') = %Qz(t) Y DO - and (1) = Q) (2.3.24)

By writing the candidate solution into the initial condition given as F(0,x) = e~

F(0, x) = e~ @O0 Thep,

*, we get

e—/lx — e—ag(O)—xQ(O) )

17



This means that the initial conditions for (2.3.24) are ¢(0) = 0 and Q(0) = A. We need to

solve the following differential equations to find out (¢) and ¢(#) under the initial conditions:

-dQ o
— =’ 4+ bQ -
a2 H
That means,
—dQ
- =d
Q2+ bQ - pu

Taking the integral of both sides in the above equation,

t
dQ
—fa_z—=l+c.
) T+ b0~ p

Now, by using partial fraction technique of integral, the denominator is separated into two

parts as follows:

By taking the integrals,

1
—In
Y

PQ+b+y

—| =t+C. 2.3.25
c2Q+b—vy ( )

From the initial condition of Q we know that Q(0) = A. Therefore,

1
C=-In
Y

FA+b+y
cZAl+b-y

This means that the equation (2.3.25) is as follows:

FQ+b+y

FA+b+y
c2Q+b-—vy

n
ocZAl+b—-y

=vyt+In

18



We take the exponential of both sides and get

2 2
Q+b+ A+b+
. Yoo Y (2.3.26)
o*Q+b—vy oAl+b—vy
The above term is denoted as
21+ b+
Foon TAtbty
ocZAl+b—y

Then equation (2.3.26) comes into the form

F’Q+b+y=Fo*Q+Fb-Fy.

Consequently,

_b+y—-Fb+Fy

Q
Fo?—o?

After writing F' into the equation and making some arrangements, € takes its value as given

in the theorem:

_ Ay +b+e"(y = b))+ 2ue —1)
M@ - ) +y—b+e(y+b)

Q) (2.3.27)

Presently, to clarify ¢(#), we can take the given value from the theorem and see, by taking the

derivative that it is really Q(#). This is because of the equation (2.3.24). In the theorem,

1(y+b)
2ye 2

a2Ae" - 1) +y—b+e"(y+b))

2
§(1) = ——log
o

We entitled the terms as follows:

S =2y 5" and K(t) = 02 — 1) +y—b +e"(y + b).

By taking the derivative of ¢(f) we get
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oo 2 (S'(r)K(r) ~K®S <r>)
SW="52 SOKQ@) :

Then,

2 (SOBEK@) - S0P Ay + (y + b)ery]
c0= 7?( SOK®) )

After arranging the terms,

0 = Ay + b+ e”(y — b)) + 2u(e” — 1)
ST @ Dty —btety+b)

(2.3.28)

The right hand side of equation (2.3.28) is €(¢), which is the main goal of the theorem. [ |

We will go back to our fundemental problem that is derivation of y/(z) from equation (2.3.17).
At this step we can write EC[e@D2(D] and EC[¢"V1(D)] by using Theorem 2.3.4, since both
Y»(T) and Y(T) follow a CIR process. We know that Y;(r) = j yj(u)du and y;(0) = y; for
j =1,2. In addition, ’

dyj(1) = [K;0; = Kjy;(0)dt + o \[y,(0dZi0)  (j=1,2).

Consequently, by using the theorem,

E9[e“ DD = exp(—K20; - ¢(T))exp(—y2 - T)) (23.29)
where
2 2ye T(YZKZ)
¢(T)=—-—In =
o5 y—Ky + e’ (y+ Kj)
and

21 =)@ - 1)
y-Ky+ e (y+Ky)

T) =

20



with

y = 1/K% + 20'%(1 - 2).

The expectation with respect to Y((7') is as follows:

EQ[e"" D] = exp(—=K 0O - ¢(T))exp(=y1 - T)) (2.3.30)
where
1) = Lo — 2
= —-——I\0
: o? \y-Ki+eTy+ K
and
2(=w)(e’ -1
Q) = (=w)(e )
y—-Ki+eT(y+Ky)

with

vy = 4/K 12 - ZO'%W.
Finally, we reached to our main concern. Firstly, to find the distribution functions F; and F»,
we try to get characteristic functions ¢; and ¢,. After that, because of the following relations

between characteristic function and ¥(z), the problem turns into finding ¢(z):

Y(l +iu) and () = Y (iu)

P == W)’

Now, we are able to calculate each term of y(z) by using (2.3.29) and (2.3.30). Remember

that,
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Hj (1/2)0' +(1/2)(r

J=)+AT (" -1

l,//(Z) — e—z/lT(e

v f 01 (1)=y1(0)-K,0,T) L EQ[E (D)) . EO[ ()],

(2.3.31)

Consequently, ¢1 and ¢, are available. By using Fourier inversion formula in [33], the distri-

butions F; and F» can be expressed as follows:

1 1 0 ¢ ,(_u) . eiux _ ¢ (M) . e—iux
Filx)=5+5-" / — ! - du, (2.3.32)

1—Fj(x)=%—2i f¢( 0 e ¢f(”) i for (=12
0

After all, the closed form solution for the call option pricing function using (2.2.7) is as

follows:

o

iulnk —iulnK
CIS®),y®), T -1 = S(t)[%— f $r(-u)-e .M¢1(u) e .du]
0
- BO(), T—t)
iulnkK —iulnK
x K[——— o) - 77~ o) - € du].(2.3.33)
2 2r iu
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CHAPTER 3

PARTIAL INTEGRO-DIFFERENTIAL EQUATION
APPROACH

In this chapter, the closed form solution of European call options under stochastic volatility
and stochastic interest rate jump-diffusion model is handled in a different point of view. The
method develops a partial integro-differential equation (PIDE) whose solution is the European
Call Price. The solution technique suggested in [1] is based on the form of the solution
of Black Scholes Model. Beginning with the similar form of Black-Scholes Call Price, the
problem to solve the partial integro-differential equation is reduced to deal with some ordinary
differential equations, which are easier and less complex. As in the previous chapter, we
only concentrated on European call options because the closed form option prices can be
reached for only this type options. This method has advantages in applications because of the
estimation of few parameters when compared to Scott’s approach in the previous chapter. For
this reason, this model is used in the next chapter to measure the empirical performance of

submodels which can be produced by letting some terms to be zero .

3.1 Asset Price Dynamics

Let (Q, F, P) be our probability space. The underlying risky asset price at time ¢ is assumed

to follow the stochastic differential equation as

dS (1) = (R(t) — Auj)S (Odt + V(@S (OdW(t) + J()dAN@®)S (7). (3.1.1)

Moreover, V(¢) is defined as the diffusion component of return variance conditional on no

jump occurring and assumed to follow a standard Cox-Ingersoll-Ross (CIR) process given as
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follows:

dv(t) =6, - K,V()]dt + o, VV()dW, (1), (3.1.2)

where K, 6,/K,, and o, are respectively the speed of adjustment, long-run mean and variation

coeflicient of the diffusion volatility V(z).

The underlying risky asset price instantaneous spot interest rate R(¢) is defined as follows:

dR(t) = [0r — KrR(1)]dt + or VR()dWg(1), (3.1.3)

where Kg, 0r/Kg, and o are respectively the speed of adjustment, long-run mean and volatil-

ity coefficient of the process R(?).

In the above equations, W, W, and Wy are standard Brownian Motions. The correlation
between W, and W, is p. That means d[W(¢), W,(¢)] = pdt. The rest of the Brownian Motions

is assumed to be independent from each other.

In equation (3.1.1), 4 is the frequency of jumps per year, J(¢) is the percentage jump size
conditional on a jump occurring, N(¢) is a Poisson Jump Counter with intensity A, where N(¢)

and J(¢) are uncorrelated. The jump size is assumed to be as follows:

1,

In[1 + J()] ~ N(n(1 + ;) - Eaj,aﬁ).

That means under the condition J(r) > —1, 1 + J(¢) is distributed as LogNormal(In(1 + x;) —

1/ 20'3, oﬁ). By using the expectation and variance formula, the following values can be found:

E[(1 + J(1)] = eln(l+,u(,*)—1/20'?+1/20’? -1 i,

2 N 2 2 2_
Var[(l + J(l’))] — e((rj—l)eZ[ln(lﬂz‘,) 1/2(rj]+(rj — e((rj 1) . (1 +,uj)2-

Firstly, consider a zero-coupon bond that pays 1 dollar in 7 periods from time ¢, and let B(¢, T)

be its current price. Then,
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1+t

B(t,7) = EQ[exp(— f R(u)du)],

t

where R follows a CIR Process. Note that in Theorem 2.3.4, we showed how to find such
an expectation for a CIR Process. For this reason, the current value of the zero coupon bond

under the risk neutral measure Q can be expressed as

+7

B(t,7) = EQ[exp( - fR(u)du)] = exp[—0Og - (1) — R(?) - Q(7)] (3.1.4)

t

where the functions ¢(7) and Q(7) are given by

T(y+KR)
2 2
o(r) = ——Zln( ye 2 )
o2 \y = Kg + "(y + Kp)

and

2’ — 1)
Y —Kgr+ &7 (y + Kg)’

Q1) =
withy = /KI% + 20'1%.

3.2 Construction of Partial Integro-Differential Equation

The processes, that are given in the previous section, are defined under the risk neutral prob-
ability measure, Q. Therefore discounted prices are martingale under this measure. By using
Ito-Doeblin Formula, a partial integro-differential equation, that the discounted call prices

satisfy, can be obtained. The discounted call price is formed as follows:

- t}TR(s)ds
f,;S,R,V)y=e Ct,t;S,R,V),

where C(t, S, R, V) is the time ¢ price of the call option.
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We denoted the continuous part of the stock process at time ¢ as S “(¢). From equation (3.1.1),

the differential equation can be expressed as follows:

dS(t) = (R(t) = Au))S (dt + V(S (HdW,(t). (3.2.1)

The quadratic variation of S¢(¢) is d[S€¢,S¢], = V(1)S2(t)dt. Because of the construction of
volatility process given in (3.1.2) the quadratic variation is d[V, V]; = o2V (f)dt and, similarly,

from the equation (3.1.3), d[R,R]; = O'IZQR(t)dt.

In the Ito Doeblin formula, we also need to know the cross variation of processes. Note that
since the Brownian Motions of interest rate and stock process are independent, their cross
variation is 0. By the same reasoning, the cross variation between volatility and interest rate
process is 0. Furthermore, the jumps in the model is independent from all other stochastic
processes. Only volatility and stock price process are correlated with each other as in the

following equation,

d[Sc, V] =d[VOS OWs(1), oy, VVOW, (D] = o, V(DS (Dpdt,

where p is the correlation between two Brownian Motions.

Using above relations, the Ito-Doeblin Formula can be written as follows:

t u
- [R(s)ds - [R(s)ds

e 0 C(t,S,R,V)—C(O,S,R,V):fe 0 | =Rw)C(u,S,R,V)du

+Cy(u, S, R, V)du + CsdS “(u) + CydV(u) + CrdR(u) + 1VS*Cssdu + 1Vo2Cyydu
+%R0'12?CRRdu + % -2VSo,0Cs Vdu]

—jR(s)ds
+ e 0 [C(u,S,R,V)-C(u,S,R, V)], (3.2.2)

O<u<t
where S~ = S(s7).

Note that if s is a jump time, from the stock price process, the following expression is mean-

ingful:
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AS (s) = J(s)dN(s)S(s”) where dN(s)=1.

Therefore, S(s) —S(s7) = J(5)S(s7). Asaresult, S(s) = (1 + /)S(s7).

Now by using (3.1.2), (3.1.3), (3.2.1) and the above result, the Ito Doeblin Formula becomes

arranged as follows:

—}R(x)ds
e 0 C(t,S,R,V)—C(O,S,R,V):fe

0
+[R(t) = ;1S Cs + $VS2Css + [0, — K,VICy + 2Vo2Cyy + [0 — KgRICg + SRo2Crg

—j‘R(s)ds
0 : [ - Rw)C(u,S,R, V) + Ci(u,S,R, V)

t

- jR(s)ds
+VSo,pCsy |du + f e o VVS CsdWy(u) + oy VVCydW,(u) + or VRCrdWr(u)
0
- }R(s)ds
+ Z e o [C(u, S™(1+J),R, V)= C(u,S™,R, V)] (3.2.3)
O<u<t

Our aim is to separate (3.2.3) into two parts. The first one will be the martingale part and
the other will be the non-martingale part. As the discounted call price is a martingale under
the risk neutral measure, the du terms should not exist in the equation. In fact, the partial
integro-differential equation will be the the coeflicient of du. Since integrals with respect to
the Brownian Motions are martingale, they can be added to the martingale part. However, the

summation part of the equation should be arranged so that we can separate it into two parts.

Note that the summation above represents the jump component of the call price process. We
can write the summation as integral. The variable of integration is a jump measure. We
used the notation given in [10] for the jump measure. In intuitive terms, for any measurable
set A ¢ R, Mx([0,7] x A) is the number of jumps of X occurring between 0 and ¢, whose

amplitude belongs to A. By using this notation we get the the following equation:

—jR(s)ds
Diet  ICu ST+ )R V)= Cw,ST,R, V)]
O<u<t
—TR(s)ds
= f e v [Cu,S~(1+J),RV)—C(u,S™,R,V)IM(du x dJ).
[0,/]x{J>-1}

(3.2.4)
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We compensated the jump part so that it has a martingale and non-martingale part in it. As
a notation, the compensated jump measure is A7I(du X dJ) = M(dux dJ)— E[M(du x dJ)],
where E is the expectation under the risk neutral measure. Note that the compensated jump
measure is a martingale. The expectation is E[M(du X dJ)] = AF(dJ)du where F is the jump

size distribution. Therefore, the jump term given in (3.2.4) can be written as follows:

—uR(s)ds .
e { [Cu,S (1 +),R,V)=C(u,S ,R,V)|[M(duxdJ)+ AF(dJ)du].

[0,¢]x{J>-1}

Finally we are ready to write (3.2.3) into two parts. The first part will be equipped with du

terms and the second part will be martingale:

~ [ Resyds ~ [ Resyds
e C(tS,RV)—C0,S,R,V) = fe 0 -[—R(u)C(u,S,R, V)+Ci(u,S,R, V)

0
+[R(u) — ;1S Cs + 3VS2Css + [0, — K,VICy + 1Vo2Cyy + [0g — KgRICR + 3Ro%Crp

—jR(s)ds
+VSo,oCsy + f e 0 [C(u,S‘(l +J),R,V)—C(u,S ,R, V)]/lF(dJ)]du

{/>-1}
t

- jR(s)ds
+ f e 0 [ VVS CsdW,(u) + o VVCydW, (1) + ok \/I_QCRdWR(u)}
0

—“ (s)ds .
+ f e £R [C(u, ST1+J),RV)-C(u,S ,R, V)]M(du X dJ). (3.2.5)

[0,¢]x{J>-1}

The differential form of above equation looks as follows:

~ [ Resyds - [Ras]
d(e " C(tS.R, V)) =e 0 [EVSZCSS +[R = ;1S Cs + VS oypCsy

+1Vo2Cyy + 16, — K,VICy + SRo:Cre + [0 — KgRICg + C; — RC

+AE[C(t,S" (1 + J),R, V)= C(t,S",R,V)]|dt

- }R(x)ds
+e 0 [ VVS CsdW,(t) + oy VVCydW,(t) + o-r VRCRdWg ()

+ f [C(t,S™(1 +J),R, V)= C(t,S™,R,V)IM(dt x dJ)|. (3.2.6)

{J>-1}
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We know that the discounted call price above is a martingale. Therefore, in our equation the
terms that are not martingale should not exist. We equate these parts to zero. As a result, the

following Partial Integro-Differential Equation is obtained:

1VS2Css + [R — uj1SCs + VSaypCsy + $Va2Cyy + [0, — K, VICy
+1Ro%Crp + [0 — KgRICg + C; — RC

+AE[C(t,S (1 +J),R,V)-C(t,S,R, V)] =0.

Note that the derivative of the call price with respect to ¢, C; is equal to minus the derivative
of the call price with respect to 7, —C;. The reason behind is t + 7 = T, where T is a constant.
Therefore C; + C; = 0. To construct the same notation with the reference, we will use the

following equation in the rest of the study:

$VS82Css + [R — uj1SCs + VSoypCsy + 3VaiCyy + [0, — K, VICy
+1Ro2Crp + [0 — KgRICg — C- — RC

+AE[C(t,S (1 +J),R,V)-C(t,S,R, V)] =0, (3.2.7)

subject to C(7,0) = max[S(T) — K, 0].

3.3 Solution of Partial Integro-Differential Equation

In fact the call price that we are trying to find is the solution of equation (3.2.7). The general
method to find out the solution of such a partial integro-differential equation is inspired from
the call price of Black Scholes Model [7]. The call price calculated in Black Scholes Model

is of the following form:
C(S,1) = N(d)S - N(d»)Ke """,

where N(-) is the cumulative distribution function of standard normal distribution,
S is the underlying asset price,

K is the strike price of the European Call Option,
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T — t is the time to maturity,

r is the risk free rate.

Inspired from Black Scholes Model European Call Option Price, the European Call Option
Price of Stochastic Volatility and Stochastic Interest Rate Jump-Diffusion Model Price can be
constructed as follows. Assume that the solution of the partial integro-differential equation

(3.2.7) is of the following form:
Ct,t)=m(t,7,S,R,V)S(t) - KB(t,7)m»(t,7,S,R, V), (3.3.1)

where 7| and m, are the probability functions that are calculated by inverting the respective
characteristic functions,

S is the underlying asset price,

K is the strike price of the European Call Option,

7 is the time to maturity,

B(t, 1) is the zero-coupon bond that pays 1 dollar in 7 periods from time ¢.

As it can be seen above, the form of the solution is similar to the form of Black Scholes. The
first difference in our solution is that the discount factor is not in exponential form. Instead, it
is the bond price, because the interest rate is not constant in the model. Another difference is

that our probabilities are not normal as in the case of Black Scholes.

Now we will apply the transformation L(f) = In(S (¢)) to the terms of equation (3.2.7). Firstly
under this transformation the difference of call price C(¢t,S ~(1+J),R,V)—-C(t,S ~, R, V) takes
the form C(¢, L + In(1 + J),R, V) — C(t, L, R, V). To get the idea behind the jump size should
be converted with logarithmic function. The stock price process itself jumps with an amount
AS = §7J and it changes from S~ to S~ + S ~J. Therefore the logarithm of the stock price
process will change from In(S ™) to In(S ~+S ~J). Consequently, AL = In(S™+S5 " J)—-In(S ") =
In(1 + J).

The conjectured solution given in (3.3.1) will be the starting point of derivatives and differ-

ences of call price as follows:

87'['1 KBaﬂ'Z
_ ., 0m  KBOm 33.2
Cg =0l Fml ol 1om 18m (3.3.3)
$T9LS T aLr's §2 0L~ §? 0L | B
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(971'1 8712
Cy=S— -KB—
=0y v’

P &
1 _ k2™

Cyy = 2L ,
VT2 gy2 V2

627'1'2 l
OLOV S~

on 1 (9271' 1

Csv=%y *atav ~

L 0m ony 0B
CR = Sa_R KBa_R Kﬂ'za—R,

(97'[2 0B K 571’2 (9_3
OR OR

o Om om 0B
C, =S ” KB E Ky 5

(971'1 6712 OB
=S L KB—Z2 + Knmr—.
¢ S ot * or * ”Zar

The difference of call option prices can be constructed as follows:

Cit,L+In(1+J),R,V)-C(t,L,R,V)

+

KBmy(t,L,R, V).

DR IR T

9*B

"2 oR?

|

S+ DHmt, L+1In(1+J),R, V)

(3.3.4)

(3.3.5)

(3.3.6)

(3.3.7)

(3.3.8)

(3.3.9)

KBry(t,L+1In(1 + J),R, V) =S m(t,L,R, V)

(3.3.10)

Substituting all of the above results into the partial integro-differential equation (3.2.7), we

obtain the following equations with respect to probabilities m;, 75 and a differential equation

of bond price:
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1. om omy
4 +[R— Au;+ 2V] oL [0y — (Ky — oyp)V] 3V

5" 1. 0%m
2 0L?

2 2
T 1 26 T 871'1
+o,pV + —Ro2Z2L 4 [6p — KrR]—~
TPV aray 3 Rr Ry + 10k~ KrRI Gy
HIR — il — Ry 4 v 2 &1 Om1  AEL(L + Dymy(t. L+ 1n(1 + J).R.V)
—Aujlm —Rm + ZVo,— — — i (t, ,R,
Him = Bms 5 YO gy~ ae !
-ni(t,L, R, V)]] =0,
(3.3.11)
1. 6*m, 1 __0m )
“KB|=VZ="2 L [R- Ay, — —V]=—2 72
[2V6L2 FIR= = VI Y PV oy
1 26271'2 377'2 1 2627'(2
+§VO-VW+[QV_KVV]W+§RO-RW
o2 0B lom, Omy
Or — (K — R “2)R|== — 22 + AE[mo(t, L+ In(1 + J), R, V) — m2(t, L,R, V)]| = 0,
+|0r — (Kr B@R)]GR (97'+ [mo(2, L + In(1 + J) ) — ma( )]
(3.3.12)
1. ,0°B 0B 0B
—Kmy| =Ro2=— + [0 — KxR]— + — —RB| =0. 3.3.13
”2[2 Tigge + 108~ KrRIge + 5 (33-13)

Equations (3.3.11) and (3.3.12) are equal to 0 because these two equations have independent
derivatives in them and the partial integro-differential equation itself is equated with zero. The
reason of equality to zero of equation (3.3.13) is because of the Ito Formula and martingale

property. We can prove (3.3.13) as follows:

~ [ Resyds ~ [Res)ds
dle © " B, R)) =e 0 [—R(t)B(O, t,R)dt + dB(0,1,R)|. (3.3.14)

This equation should not have term dt since discounted prices are martingale under the risk
neutral measure. To find dB(0, ¢, R) we applied the Ito Doeblin Formula and used the interest

rate structure given as:

dR(t) = [0r — KrR(?)]dt + o g VR(t)dWg(?).
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By Ito Doeblin Formula,

dB , OB 16°B_ ,
dB(O, t, R) = Edl + a_RdR(t) + EWRO-Rdt
0B 0B
= Ed[ + +ﬁ [6r — KrR(t)]dt + o g | R(t)dWg(1)
16°B_ ,
+§—0R2R0'Rdt. (3.3.15)

By writing the equation above into (3.3.14) and arranging the terms we get the main goal, that

is equation (3.3.13).

Finally the differential equations (3.3.11) and (3.3.12) for probabilities 71 and 5, respectively,

can be written as follows, since S~ and KB are nonzero:

1 627'(1 1 87‘[1 671'1 627'(1
N Tar R_ i = N v KV_ Vi e Vi V—
Vo TR A+ SVIGE H 10 = (K = p)VIgs + oV
+§RO-RW + [9R - KRR]a_R - /l,ujrr]
1 26271'1 (971'1
+=Ve2 22l T L AE[(L + Dm(t L+ In(1 + J),R, V) — 1 (t, LR, V)] = 0,
2 ov: ot
(3.3.16)
R S W S Vi SR SO VR i
2 12 Hi= 3" TP grgy T2 Tvgyr T T B Gy
1 0271'2 O_IZQ 0B om
—Ro%——= + |6g — (Kg — X —)R|—
TRk |0k~ Kr = B or R |Gk
—? + AE[m(t, L+ In(1 + J), R, V) — my(t, L, R, V)] = 0. (3.3.17)
.

The above equations are called Fokker Planck forward equations for probability functions.

These partial differential equations must be solved separately subject to the terminal condi-

tions:

mni(T,0) = Lyyr)=ky for i=1,2.
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In fact, the Fokker-Planck forward equations (also known as the Kolmogorov forward equa-
tions) provide a relation between the differential equation of probability functions and the
stochastic process itself. The details of these forward equations about continuous processes
can be examined in [6] and the processes with jumps in [13]. In fact, using the corresponding
characteristic functions instead of probabilities is easier because the closed form of probabil-
ities may not be available but the characteristic functions always exist. The Fokker-Planck
forward equations are very important at this step. Firstly, we constructed the corresponding
stochastic processes by looking at the Fokker-Planck forward equations above. Then, by us-
ing these processes, we showed that the probabilities and characteristic functions satisfy the
same PIDE. After that instead of the probabilities we dealt with the characteristic functions.
The details of this methodology for the stochastic volatility model are pointed out in the orig-
inal paper of Heston (1993), and the detailed version can be investigated in [12]. Note that the
construction of the process for the probability m, is standard, but for 7} it is slightly trickier.
The following property of normal distribution is necessary in that sense. The property is as

follows:

E(f() = & 292 (),

where Z ~ Nz, 02)and Z* ~ NZ +02,02).

The proof of the above equation is a consequence of writing the pdf of normal distributions

and calculating the expectation as

(o8]

2t
erf(Z)e 202 dz

Yo 2no;

E(e° f(2)

4 2

* -Grod)?  oteaolz 1
Iy T2
ff (e e dz
—00

2702

© 2))2

) _(z—(E-v-(rz 1
— eZ+ 707 ff(z)e 202 dz
—00

-1 2
&t 297 E(7), (3.3.18)

withZ ~ Nz, 02)and Z* ~ NZ + 02, 02).
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By using the above result we arranged the terms with jumps in the integro-differential equation

of 7y as follows:

—Aujmy+A4 E [(1+m(t,L+1In(1 +J),R, V) —m(t,L,R, V)] = —AE(J)m

AE[(1 + N)m(t, L+ In(1 + J),R, V) —mi(t,L,R, V)]

+

AE[(1 + D[mi(t, L+ 1In(1 + J),R, V) —m1(t, L, R, V)]]

A+ p)E[mi(t,L +1In*(1 + J),R, V) — m1(t,L,R, V)], (3.3.19)

with In[1 + J()] ~ N(n(1 + ;) - %0'5, U?),

and 01+ 701 ~ Nn(1 + 1)+ 42, %),

Using the results given in above equations and dividing each term with (1 + u;), the integro-

differential equation of m; can be written as

1V &m R-A+3Vlom (6, - (K —op)Vdm oV &m
2(1+p;) oL (1+u) oL (1 +u)) oV " (1+u;) ALAV
L1 Ro%  9m , 19 — KrR] omy

2(1+p;) OR? (1+u;) OR

1 VO'% 527'(1 1 571’1

- — + A(E[r(t, L+ 1In"(1 + J),R, V) —m(t,L,R, V)] = 0.
+2(1+#1)6V2+(1+M])at+([ﬂ-l(’ +n(+)’ 5 ) ﬂ](” 5 )]

Define the following time change in the above equation, we get

om_1 _om o !
ot (1+uj) o’

Therefore, the PIDE corresponding to 7y is as follows:
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LV &m R+ 5Viom  [6,— (K —op)VIom oV &m
2(1 +u;) L2 (1+u) oL (1 +u;) vV " (1 +u;) LV
R Ro% &m , 10 — KxR] omy

2(1+pu)) 0R2 ~ (1+pu;) OR

1 Vo% &Pm Om
+= — +
2(1+p)) ov: ' or

+ AE[n (", L+1In"(1 + J),R,V) —m (", L,R, V)] = 0.

We wrote the following PIDE for 7, as a reminder:

1. 8*m 1. 0m %y 1 2827r2 on,
“vIT2 R -~ V2 vIT2 | Cye2fT2 g g v 22
3Vorz TR = VIgE Yo Vary Y Vo gyr TG - KVIGD
1, 0%m 0% OB__ |0
SRo2ET2 g — (Kp — —RZ2\R|222
TRk 1|0~ K= B oR R |Gk

0
+% + AE[mo(t, L+ In(1 + J),R, V) — ma(t, L,R, V)] = 0.

The PIDE for 11 and 7, can be expressed in a general form as follows:

1V a*pP .\ [R—Auj+biVIOP opV 8°P . 1 Vo &P L [ —cviop

—_—— — + R
261,' C()Lz a; oL a; oLOV 2 a; 6V2 a; oV
1 Rog, 6*P oP
——RZ 4 [0r — (Kg — diR)]—
+3 @ 6R2+[R (Kg — d; )]OR
oP
o+ AE[P(; L+ Ini(1 + J).R.V) = P(t, L.R. V)] = 0 (3.3.20)
i
fori = 1,2, where a; = (1+pyj), ap =1, b = %, by = —%, c1 = (K, — oyp),
02 = KV7
2
di=Kg, dr=2E8 n=r, n=t, IjA+J)=In"1+J),

Inpy(1 4+ J) =1In(1 + J).

We can write the corresponding stochastic differential equation by looking at the above prob-

abilities. The spot price process, stochastic volatility and stochastic interest rate dynamics are

as follows:
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R—Au; + bV
ar, = BoM IV [V aws + in(1 + 1an,
a; a;
0, — c;V Vv
av, ==V oo [ Law,,
a; a;
IR
dR,,. = [0g — (Kg — d;R)]dt; + o | —dWk. (3.3.21)
a;

Subsequently, define any twice differentiable function f as a conditional expectation of L, V,
R, where L(t;), V(t;), R(t;) follow the risk neutral processes given by (3.3.21). This function is

constructed as follows:

(L, V.R,1;) := E[g(L(T), V(T), R(D)IL(t;) = L, V(1) = V,R(t;) = R)]

subject to the terminal condition

J(L,V.R,T) = g(L,V,R).

In fact, this function is a martingale under the risk neutral probability measure. In the thesis

given in [12], one of the three conditions of a martingale, that is the tower property, is proved.

We can establish by using Ito-Doeblin Formula the PIDE that f satisfies as follows:

of of of of 10°f 1 &*f
df = =—dt; + —dL+ ——d —dR+-——=d < L,L ——=d<V,
F= gt grdb* gydV + griR* ygppd <L L> v ogupd < ViV +
10%f O f *f O f
- R.R —_— L —_— L,R —_— R
2(9R2d< R >+(9L(9Vd< ’V>+6L6Rd< , >+6V8Rd<v’ > +

[f(u,L+1In;(1 +J),R, V)= f(u,L,R,V)IM(duxdJ) (3.3.22)

[0,¢;1x{J>—-1}

and, after using equations in (3.3.21),
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of Of[R—Auj+bV] 0f[6,-c;V] Of 19*fV
_ |49 or 9 g — (Kp — diR)] + = 2L~
af [Bti+(9L p Yov @ TorrT KemdBlrSan G

2 2 ?
LPfV VPIR &f oV f[f(u,L+lni(1+J),R,V)_

+
2 8V2 a; 2 6R2 a; o0LOV a;
{J>-1}

f(u, L, R, V)IAF(dJ)|dt; + f [fu, L +1In/1+J),R, V) — f(u, L,R, V)IM(du x dJ) +

[0.1i]x

{J>—1}
af [v of Vv of R
= = Lo — Lok A —dWp. 3.2
oL aidWS + (9VO-V aidWL+ aRO'R aidWR (3.3.23)

Consequently, since f is a martingale, in the above equations the non-martingale part becomes

zero as in the following PIDE,

1V, &f | 16 —ciV19f

1Vof . [R—Auj+biVIof a4 o f
261,' 6L2 a; oL a; O0LOV 2 a; 8V2 a; oV

1 Rogy 02 f of  of

—— R [6r — (Kg — diR)]| == + —
t27a o TR Ke ARG G
+AE[f(#;, L+ Ini(1 + J),R, V) — f(#;, L,R, V)] = 0 (3.3.24)

subject to the terminal condition
(3.3.25)

F(L,V.R,T) = g(L, V. R).

Note that the above equation has the same form with equation (3.3.20). With the proper choice

of g we can get the characteristic functions corresponding to r; and m,. Choose g as

g(L,V,R) = &~

Therefore, the function f is in this case as follows:

F(L,V,R, ;) := E[e"*|L(t;) = L, V(t;) = V,R(t;) = R)]. (3.3.26)

It is clear that the solution of equation (3.3.24) gives the characteristic functions of 7y and m»
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Finally we reached the desired solution. We can say that the probability functions and their
corresponding characteristic functions will satisfy the same PIDEs. By using this result, we
employ the PIDEs of characteristic functions instead of probability functions. Then, by using
the inversion formula, we can get the probability functions. This transition is essential be-
cause, one can view the characteristic function as a contingent claim to be solved using the
standard contingent claims’ partial integro-differential equation under relatively easy bound-

ary conditions [4].

We entitled the characteristic functions corresponding to 71 and 75 as f; and f>, respectively.
The following equations can be written for the characteristic functions by going back to equa-

tions (3.3.16) and (3.3.17):

1 8*fi 1. 0fi ofi 0% fi
VI LR aui+ = vIZ 6, - (K - )V 4 o pV
Vo TIR= A+ SVIGE + 16 = (K = p)VIGe + oV aras
1 O fi ofi
+§R0§W + [0 — KRl = = 4uj i
1 o2 i)
+-v(r§—f1 _on + AE[(1+ Dfit, L+In(1 + ), R, V) — fi(t, LR, V)] = 0
2 ov?: ot
(3.3.27)
and
1_8%f 1 _df ’fh 1 L8 af
VI L R-au-v1Z2 4o, Vo222 {16, - Kk, V)22
Ve TR A = SVIgE HowVaras + sVey s Fl VIGy
1 262f2 O-IZQaB 8f2
—Ro2Z 2 — (Kp — RZ2\R|22
TRk GRre 1|0k~ Kr = B aRR Bk
9
—a—f + AE[A( L+In(1 + J),R, V) = H(t, LR, V)] = 0 (3.3.28)

with the boundary conditions

f(T,0,¢) = YD for i=1,2.

The method to find the solution of the PDEs is very common in applied mathematics. We start
with a conjecture solution and insert the solution into the PDE. Finally, we reach the terms
of the solution. For this reason assume that the solutions of (3.3.27) and (3.3.28) are in the

following form

[T, S, R, V,¢) = exp(u(r) + x(T)R(?) + x,(7) V() + igIn[S (1)]). (3.3.29)
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L1, 7,8, R, V,$) = exp(z(7) + y(DR() + yo(D)V (@) + i¢In[S (O] — In[B(z, T)]),  (3.3.30)

with #(0) = x,(0) = x,(0) = 0 and z(0) = y,(0) = ,(0) = 0 with B(T,0) = 1.

Finally, we solved the PDEs by writing the conjecture solutions given above, into the equa-
tions of fi and f,. Starting with f; we can get the following differentials by taking derivative

of conjecture solution,

d
6—]2 = f1- (i), (3.3.31)
(92
67];1 = fi-(i9)* = —fi - 4%, (3.3.32)
% = f1 - x(1), (3.3.33)
@=f1 - x,(1)? (3.3.34)
aVZ v b . .
i ' 3335
LoV = fi - x,(7) - (i), (3.3.35)
F
a_j; = fi - x:(7), (3.3.36)
&=f1-x(7)2 (3.3.37)
aRz r 9 oJe
afl — ’ ’ 4
a9 fi- W () + x(DR@) + x,(T)V(2)), (3.3.38)

and the terms in jump part can be written as
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fi(t, 7, L+In(1+J), R, V) = exp(u(t) + x,(T)R() + x,(1)V () + i L+ ipIn(1 + J)) = f -9+,
(3.3.39)

where fi = fi(t,7,L,R, V).

By writing all of the above solutions into the equation (3.3.27), we get

- %V¢2 +[R— Apj + %vw +opVaxy(7) - (ig) + %Vcrixv(r)z +16, = (Ky — 0p)V1x,(7)
+%R0'12er(1')2 + [0 — KrR1x,(7) — (' (7) + x.(DR + x,(T)V) — A
+AE[(1 + N)em+D _ 11 x f; = 0. (3.3.40)

Equation (3.3.40) has terms with the volatility process V, interest rate process R, and terms

without V and R which are independent from each other. Therefore each of these terms should

be zero. As a result, we can construct the following equations:

- %¢2 + %M’ + 0ypx(7) - (i) + %O-\Z;XV(T)Z — (Ky = 0up)xu(7) = x(T) | X V = 0.

The above equation can be written now as

, 1 , 2
X,(1) = Eaﬁxv(rf + (ipovp — K,y + 0pp)x(T) — ¢ 5 ¢ _o. (3.3.41)
The terms with respect to R are,
i¢>+10'2x(7')2—K - X R=0
S TR RX(T) — x,(T)| X R =0.
Arranging, the terms we get
1 =21
X)(7) = S0 (1) = Kix, () - 2’¢ - 0. (3.3.42)

The terms that are not a multiple of V and R are,
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— i + 0,2x,(7) + Opx,(T) — 1/ (T) — A + AE[(1 + J)e ™1+ 1] = 0.

As aresult, the following equation can be formed:

U () = 0,2,(7) + Opx,(T) — Auligp + 11+ AE[(1 + J)e!MI+) 1], (3.3.43)

Actually equations (3.3.41) and (3.3.42) are special cases of so called Riccati equations. These

equations are first-order ordinary differential equations and in general form, they are given as:

d

cd +a(x)y* + b(x)y + c¢(x) = 0,
dx

where a(x), b(x), c¢(x) are known functions.

If the coefficients a, b, c are constants in the Ricatti equation as in our case, then it allows a

separation of the variables and the solution y can be obtained by the general integral

d
Cl—x:f—y.
ay* + by + ¢

Detailed information about Ricatti equations can be found in [22].

Lemma 3.3.1 The differential equation y'(s) = %yz + By — % with constants A, B, C and with

initial condition y(0) = 0 has the following solution:
-C
¥(s) = —————, where y= VAC + B (3.3.44)
ycoth(%) -B

Proof. To show that the given ordinary first order differential equation has the above solu-
tion we followed the general method that is writing the conjecture solution into the given

differential equation then showing that, really the equation is satisfied.

Firstly, we take the derivative of y(s),

i = S0 cot?%g» -1
(ycoth(§) - B)?

(3.3.45)
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Secondly, we write the terms of the differential equation separately:

AC?

A 2 2
Ao _ , 3.3.46
27 7 (eoth(Z) - BY? (3.346)

~ —BC(ycoth(%) — B)
By = o)~ BF (3.3.47)

~C 5 (ycoth(%) - B)?

, 3.3.48
2 (ycoth(%) — B)? ( )
Subsequently, adding (3.3.46), (3.3.47) and (3.3.48), we get
£(AC + B?) - $y*coth* (%) _ Oy - coth*(%)) - 2
(yeoth(5) - B (yeoth(5) - B
This equation is exactly the same as (3.3.45) which is y’(s).
|

At this step another proof from differential equations is needed to solve our problem.

Lemma 3.3.2 Let y(s) = where v = VAC + B2, with the derivative y'(s) = ‘%yz +

__ =
ycoth(5)-B’

By — % and with initial condition y(0) = 0, then the integral of this function is as follows:

sinh(%)

-B 2In(cosh®s — B )
f y(dt = —2 - 2 r (3.3.49)

A A

Proof. To prove the lemma, we try to show the derivative of the right-hand side of the equation
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(3.3.49) is exactly the same as y(s) given above:

d (-Bs 2IU(COSh§—BSinh(%§)) _ -B 2 Sinh(§%—§cosh(§)%
E(A_ A )__T_Z mmgygmm®]

=B vy l—gcoth(§)

- it

B> - AC - B?
" A(ycoth(%) - B)
-C
= Y.

Note that the integral may be differ with a constant. However in the statement of the lemma
the initial condition is given to be zero. Therefore the integral is exactly the same as (3.3.49).

Finally we reached to our main goal that is finding the solutions of (3.3.41), (3.3.42), (3.3.43)
of by using the two lemmas above. Note that (3.3.41), (3.3.42) are in the form of the differ-

ential equation given in Lemma 3.3.1. Therefore using the lemma we get,

~ —(¢* — i9)
D = () — (g — Ky + o) (5350
where y = \o2(¢? — ig) + (igo,p — K, + ,p)2,
and
x(1) = — —2i¢ (3.3.51)

neoth(%) + K

withnp = /0'1%(—21'(/’)) + KI%.

Using Lemma 3.3.2, equation (3.3.43) can be solved as,
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u(t)

0, f x,(7) + OR f X(T) = TAlig + 1] + TAE[(1 + J)e I+ — 1]

2

P [(Kv —ipoyp — oP)T
v
ay

Y

21n(cosh(7—;) + (K, — idorp — oop) Smm%))]

oy

inh(’E
. 21n(cosh(%) + KR%)
+ eR[—’;T— . ]—ij[i¢+ 11t
OR IR
+  TAE[(1 + J)m(+D _ 1. (3.3.52)

The expectation E[(1 + De?m1+D7 can be easily calculated due to the fact that In(1 + J) is
distributed as normal with mean In(1 + y;) — %0'5 and variance 0'?. The general form of the

characteristic function of normal distribution U ~ N(u, o) is

E('") = exp(iug — $02¢?).

Therefore, by writing the mean and variance of In(1+J) and arranging the terms as follows,

we can get

E[(1 + ])ei¢ln(l+J)] _ E[eln(1+1) ei¢ln(1+1)]

— E[e(1+l¢)ln(]+J)]

_ E[ei(§+¢)ln(1+1)]

= exp(i(In(l + 1)) = 3095 + §) = 3075(; +6)°)
= exp((1 + ig)In(1 + ;) + 0'3%(1 + i)

=(1+pu j)“”@exp(a?ig(l + i¢)). (3.3.53)

Note that in the characteristic function definition ¢ is a real number. However, in equation
(3.3.53) we wrote instead of ¢ a complex number. We are allowed to this because the normal

distribution has an entire characteristic function. That means instead of a real number a com-
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plex number can be put. More detailed results about analytical characteristic functions can be

examined in [32].

At this step, by using the lemmas and the conjecture solution of f>, we can construct the

derivatives as follows:

0
B_JZZ = f> - (i9),
PLofyigP =8
aLZ - 2 - 2 B
0
a_J‘(/‘z = f2 : yV(T)9
82
a_‘fzz = f (@)
82
aLfV = f3(@) - (i9),
0
a—];; = f2 - yr(0),
62
anzz = f2 'yr(T)2,

0fa

—= =2 @@+ y(OR®) + y(DV(1)),

or

and the terms in jump part can be written as

(3.3.54)

(3.3.55)

(3.3.56)

(3.3.57)

(3.3.58)

(3.3.59)

(3.3.60)

(3.3.61)

L, r,L+1In(1 +J),R, V) = expu(r)+ x.()R(t) + x,(1)V(t) + ipL + ipIn(1 + J) — In[B(t, 7)]

h- pioIn(1+)
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where o = fo(t,7,L,R, V).

By writing the above derivatives into equation (3.3.28) we get

1 1 1
- 5v¢2 IR =yt = S V1ig + pVyu(D) - (ig) + Ev(r%yv(r)z +1[6, — K,VIyu(7)

1 2 2 0-12? 0B ’ ’ ’
+§R<7Ryr(r) +|0r — | Kr — B R R|y(7) = (2 (1) + y. (DR + y,(D)V)
+AE[MIH) _ 1) x £ = 0. (3.3.63)

From a similar argument done for fj, equation (3.3.63) should have zero multiples of terms
with the volatility process V, interest rate process R and terms without V and R which are

independent from each other. As a result, we can construct the following equations:

1 1 1
- §¢2 - §l¢ + opyu(T) - (ig) + 50'12,)1‘,(7')2 — Kyyo(@) =y ()| X V = 0.

The above equation can be written now as,

¢’ + i

=0. 3.3.64
> ( )

, 1 .
YUD) = ST(D) + (9o = Kyu(T) -
The terms with respect to R are,
2

o1 o OB ,
i+ Ea,%yr(r)z - (KR - fﬁ)yrm - y,(r)] XR =0,

Arranging the terms we get,

NI B oy OB —2i¢ _
yr(T) = ZO'Ryr(T) (Kr B aR)yr(T) 7

0. (3.3.65)

The terms that are not a multiple of V and R are,

— i + 0,y,(T) + Ory () — 7' (7) + AE["H) — 1] = 0.

As a result the following equation can be formed,
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Z(1) = 0,9u(1) + Ory,(7) — A jip + AE[/MIH) 1], (3.3.66)

Using Lemma 3.3.1, equations (3.3.64) and (3.3.65) can be solved as

—(¢? + i)
yV(T) = b%s (¢ . ¢ ) (3.3.67)
VCOth(T) - (ipovp — Ky)
where y = o} (¢? +ig) + (igop — K, )2,
and
=2i
$(@) = — (33.68)
neoth(F) + (Kg — £ 28)
2
with = \/a,%(—zms) + (K — 22982,
Using Lemma 3.3.2, equation (3.3.66) can be solved as
a0) = 6 f () + b f V() = Tpjip + TAE[ M) 1]
_ (K, — ipop)T
= 6|———
O—V
i rr
21n(cosh(777) + (K, — igbam)%) o2 9B
(Kr — 5 28)
- > + HR > T
o 0%
2 : nr
21n(cosh(nz—T) + (Kg — %3—,‘3’)—““1’,; : ))
- 5 ] — Adujigt
OR
+  TAE[MIH) 1, (3.3.69)

where the expectation is the characteristic function of In(1 + J) which is normally distributed.
The form of the characteristic function of normal distribution is given in the previous part

when the differential equations of f; constructed. Therefore,

2 i

E[/"T D] = (1 +p j)"%xp(ajg

(ip = 1)).
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Eventually, the closed form solution of European Call Option Price is obtained. One can

found the results and summary in the next section.

3.4 Final Forms of the European Call Option Prices

In this chapter, the option pricing formula is formed under the asset price process Stochastic
Volatility Stochastic Interest Rate Jump Diffusion Model (SVSI-J). The European Call Option
Price occurred in a Partial Integro-Differential Equation. We solved this equation to get the

solution. To sum up, the call price is found as

Ct,7)=m(t1S,R, V)S(t) — KB(t,T)m:(t,7,S,R, V), (3.4.1)
where
ﬂ](tv T, S5R7 V) =
1 17 o~ OIIKIf{(t,T.SR.V)
L f Re( . )d¢, (34.2)
2 i¢
0

and the characteristic functions f;(z,7,S,R, V) are

K, —i -
fit,©,S,R,V,9) = exp(ev[( v l¢0'v,5 )T
ay
inh(%~
2ln(005h(§) + (K, — i¢0—v,0 _ O_vp) s1nh; S ))
- 2 + GR _§T
gy, O'R

n

5 — Aujlig + 1]t

i T
2ln(cosh(’777 ) + Kpgsinh(5) )
-2 ]

+  TA(1 +p j)“*"‘f’)exp(a?%‘p(l +ig)) — 1]

[ 2ig

-———R(¢
ncoth(%) + Ky @

.\ [ —(¢* - i¢)
VCOth(ij) = (igoyp — Ky + 0yp)

]V(I) + i¢In[S (t)]) (3.4.3)
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withy = Vo2(¢? — ip) + (ipovp — K, + 0,p)?,

n= /0'1%(—2i¢) + K2

and

fZ(t’ T’S’R’ K(b)

oo et

oy
21n(cosh(§) + (K, — i) Si“hy(?)) (K- T8,
- ~ + Op| —— 1
oy (o
21n(cosh(nz—T) + (KRI_;T%e %)Sinhn(%))
— 0_2 } — /1,Uji¢7'
R .
+ 1Al +p j)"‘f’exp(a?%(w -1))-1]
+ [ - ~2ip . ]R(t)
neoth(§) + (Kg — £ 98)
(i
. [ T(¢ +i9) }V(t)
yeoth(¥) - (igoyp — K,)
+ igIn[S (1] - In[B(, T)]) (3.4.4)

with y = Vo2(¢? + i¢) + (igor,p — K,)? and

0_2
1= o320 + (Kx —~ G

The results are the same as the ones in the paper of Bakshi, Cao and Chen. The only difference

is they wrote instead of hyperbolic functions their equals in exponential forms.

This pricing formula is much more applicable when compared to the formula driven by Scott
in the second chapter. The reason is that the number of parameters are much more less, es-
pecially, it is given only as a function of identifiable variables such that all parameters can be
estimated. In the next chapter, the performance of alternative option pricing models is com-
pared. 4 models are chosen to identify the best one from them. These models are Black Sc-
holes Model (BS), Stochastic Volatility Model (SV), Stochastic Volatility Jump Model (SVJ)
and Stochastic Volatility Stochastic Interest Rate Model (SVSI). The general form Stochastic
Volatility Stochastic Interest Rate Jump Diffusion (SVSI-J) is not included to the empirical

study. The reason behind is that in the literature this model performance is evaluated and
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results were abundantly poor. Therefore many empirical studies are concentrated on the 4

models we already mentioned (see Bakshi, Cao and Chen for details).

From the general formula mentioned above the call prices of sub models BS, SV, SVJ, SVSI
can be obtained. Since we need to write the call prices in closed form in the parameter

estimation in the next chapter, the sub models prices are established as follows:

If A is zero in (3.4.3) and (3.4.4), then we get the characteristic functions of SVSI as

ﬁ(t, T, S,R, ‘/, ¢) exp(ev[(Kv - l¢0'vp — O'vp)T

oy

Y

oy

inh( X
21n(cosh(§) + (K, — ipoyp — O'vp)m)]

© 21n(cosh("7) + Kg sinh(y ))
+ QR[—I;T - ) :|
OR OR
9
_ U—Tl‘p R(f)
ncoth(3) + Kg

[ —(¢* - i¢)
VCOth(g) - (i¢0'vp - Kv + O-VP)

]V(t) + i¢In[S (t)]). (3.4.5)

$(t.7.5,R. V. $)

exp(gv[(lfv — igop)T

oy

2ln(cosh(77r)+(l( ipo,p )smh( ))]

o

T 0% 5B+ sinh
[(KR FRa_B) 2ln(cosh("7)+(K — Ty & ))]
+ GR ) T— )
OR OR
+ [— —2i¢ . ]R(t)
neoth() + (Kg — £ 92)
[ —(¢ + i¢) ]
i ()
yeoth(%) = (igop — K,)
+ i¢ln[S(t)]—ln[B(t,T)]). (3.4.6)

The SVJ model can be obtained by taking R(f) = R (constant). Therefore, the partial deriva-

tives with respect to R will vanish and the bond price will be B(t,7) = ¢ ®". Hence, the
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solution of the partial differential equation (3.3.27) becomes

fl(z‘, 7,5,R,V,¢) = exp(u(t) + x,(T)R + x,(T)V(?) + igIn[S (1)]).

The differential equations of x,(7) given in (3.3.41) does not differ in this case. However,

(3.3.42) and (3.3.43) become

-2
P ~0

() = -

and

' (1) = 0,2,(7) = Al + 11+ AE[(1 + J)e " +D — 1],

For this reason, x,(t) = i¢r. Finally we can write x,(T)R = i¢tR = —igln(B(t,7)). The
coeflicients of u(7) is the same, only it does not include any terms with R. When the solution

of the differential equation in (3.3.28) is considered,

£(t,7,5, R, V,¢) = exp(7) + y (TR + (D) V(2) + igIn[S (1)].

The different part of this equation is that there is no coefficient with In(B(z, 7)) because we do
not have any derivatives with respect to R also. From a similar argument the equation (3.3.64)

is the same. However, (3.3.65) and (3.3.66) become

~2ip

> 0

() = -

and

U (1) = 0,9,(7) — Awjigp + AE[MI+D — 1],

Finally, the characteristic functions corresponding to SVJ are:
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fit.T.S.R, V. )

f(t, 7.5, R, V., $)

exp(0v|:(Kv — ipoyp — oWP)T

oy

Y

2

inh( 2%
21n(cosh(§) + (K, —igo,p — o,p) sinh( ))
= |

A1+ 1) Pexpe? L1+ i) ~ 11— i + e
~(¢” — ig) _
[ycoth(g) —(igorp— K, + O_vp)]V(t) + i¢In[S (1)]
igln(B(t, T))), (3.4.7)

( [(Kv — ipoyp)T
= exp|b|——————

oy

Y

o

inh( X%
21n(cosh(77’) + (K, — ipryp) 2GS ))]

+ 1Al +pu j)i¢exp(0§i§(i¢ — 1)) = 1] = Aujigt

2 .
4 [ :(¢ + i¢) ]V(t)
’yCOth(%) - (igovp - Ky)
+ igIn[S (r)] — idIn[B(t, T)]) (3.4.8)

The SV model differs from SVJ only with the coefficient A. By equating A to zero in the

characteristic functions of SVJ, the characteristic functions of SV can be formed as

fit,7,S,R, V, )

oy

exp(ev[([{v — ipoyp — oP)T

2ln(COSh(§) + (K, — iporyp — o) sinh}f%))
= ]
~(¢” — ig) ,
[ycoth(§) —(igorp — K, + o_vp)]V(t) + igIn[S (1)]

ipln(B(t, T))), (3.4.9)
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H(t,7,S,R,V,p)

2

exp(@,,[ (K, — ipoyp)T
ay

Y

i pas
21n(cosh(§) + (K, — ipor,p) 2T ))}

oy

[ —(¢* +ig) ]wo
'yCOth(YTT) - (igowp — K,)

+

i¢In[S ()] — igln[ B(t, T)]). (3.4.10)
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CHAPTER 4

THE PERFORMANCE OF ALTERNATIVE OPTION PRICING
MODELS ON GENERAL ELECTRIC STOCK DATA

There are many studies to construct mathematical description of financial markets and deriva-
tive investment instruments. The classical model for stock price fluctuations is the Black-
Scholes model. The model assumes that the implicit volatility is constant for all strike prices
for options on the same underlying asset with the same remaining time to maturity. How-
ever, the actual functional relationship between implicit volatility and strike price is typically
shaped like a lopsided smile. This functional relationship is therefore often referred to as the
“volatility smile”. The curve of the volatility smile indicates the deviation of the market’s
probability density function from the log-normal distribution assumed in the Black Scholes
Model. Volatility smile is the most significant problem of this model. The other deviations of
Black Scholes Model from the market behavior are the empirical distributions of log-returns
are fat-tailed” and ’sharp-peaked’ compared with normal distributions. Also price jumps of 4
or more standard deviations occur regularly in stock markets, but should be very rare events

if log-returns are normal distributed.

The purpose of the empirical analysis in this chapter of this study is to measure the improve-
ments of the model generalization like stochastic volatility, stochastic volatility with jump
and stochastic volatility, stochastic interest rate rather than using Black Scholes model. We
are trying to answer the questions: Is it really worthy to use models complicated then Black

Scholes? Is the gain, if any, worth the additional complexity or implementational costs?
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4.1 Data Description

We used the Options on the Stock of General Electric in our empirical performance study.
General Electric Company was founded in 1892 and operates as a technology, media and fi-
nancial services company worldwide. Its Capital Finance segment offers commercial lending
and leasing products to manufacturers, distributors, and end-users of equipment of capital as-
sets; consumer financial services to consumers and retailers; capital and investment solutions
for real estate; commercial finance to energy and water industries; and commercial aircraft
leasing and finance, and fleet and financing solutions. The stock and its options are traded
actively in Chicago Board Options Exchange. Observe that, many empirical performance
studies are constructed on S&P 500 index. However we chose the stock data on General Elec-
tric on purpose. Because Bakshi, Cao, and Chen (1996) suggest that their index option results
may not hold for single stock options. The data set is collected on 20 January 2011 at 14:05.
At that time the General Electric stock price was 18.43 dollars. The data contains options
with 7 different maturities. The days to expiration of these options are changing from 20 days
up to 515 days. Time to expiration of the options is founded by dividing days to expiration
to 360. For the risk free interest rate the 3 month T-bill Discount rate 0.15 % is used. For

dividend payments Forward Annual Dividend Yield of General Electric Stocks 2.8 % is used.

Some exclusion filters are applied to construct the option prices’ data set. Firstly, options
with unrealistic implied volatilities are ignored so that accurate results can be found. Sec-
ond, as options with less than six days to expiration may induce liquidity-related biases, they
are excluded from the sample. After this filtration, the number of data set is reduced to 75

observations over all. The data set can be found in Appendix A.

The option data is divided into several categories according to either moneyness or term to
expiration. S (#) — K is called the time-¢ intrinsic value of a call. A call option said to be at the
money (ATM) if §/K changes in between 0.97 and 1.03; out of the money (OTM) if §/K is
less than 0.97; and in the money (ITM) if S /K is greater than 1.03. We applied a finer partition
which resulted in 6 moneyness categories. By the term to expiration, we classified the option
contract into 3 categories. The first one is short term options with days to expiration less than
60 days. The second type is medium term options that has days to expiration between 60
and 180 days. Finally, there are long term options with days to expiration greater than 180

days. For each of these categories, the following table can be constructed to show the sample
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properties of the data. Under each moneyness and maturity category the average of option call
prices are taken. S denotes the general electric stock price when the data is collected. K is the
strike price of options contract. OTM denotes out of the money options, ITM corresponds to
in the money options and ATM refers to at the money options.The numbers in parenthesis in

Table 4.1 are the number of observations in each category.

Table 4.1: The Sample Properties of General Electric Stock Options

Moneyness(S/K) Days to Expiration
<60 60 — 180 > 180
$0.06 $0.25 $0.68
<0.94
(8) (12) 9)
0.94 - 0.97 - - ,
$0.37 $0.87 -
0.97 - 1.00
(2) 3) )
$0.85 $1.373 -
1.00 - 1.03
() 3) )
- - $2.63
1.03 - 1.06
) ) (2)
$3.19 $4.572 $7.54
> 1.06
®) (18) ®)

According to Table 4.1, the average call price ranges from $0.06 to $7.54. ITM and ATM

options respectively taking up 48 percent and 13.3 percent of the total sample.
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4.2 Structural Parameter Estimation

For the empirical work to follow, we concentrate on the four models: the BS, the SV, the SVSI,
and the SVJ. The analysis is intended to present what each generalization of the benchmark BS
model can really buy in terms of performance improvement and whether each generalization
produces a worthy trade off between benefits and costs. To get a sense of what we should look
for in any desirable alternative to the BS model, the implied volatility in Table 4.2 is obtained
by inverting the Black-Scholes model separately for each call option contract by using the
MATLAB comment ‘blsimpv’. The implied volatilities of individual calls are then averaged
within each moneyness-maturity category to produce an average implied volatility. S denotes

the spot General Electric stock level, and K is the exercise price.

Table 4.2: Implied Volatility from the Black-Scholes Model

Moneyness(S/K) Days to Expiration
<60 60 — 180 > 180
<0.94 %36.58 %28.96 %30.85
0.94 -0.97 - - -
0.97 - 1.00 %?29.35 %?29.48 -
1.00 - 1.03 %30.26 %31.05 -
1.03 - 1.06 - - %33.6
>1.06 %58.66 %49.17 %56.21

The findings are consistent with those in the existing literature (e.g., Bates (1996), Bashki-
Cao-Chen (1997a)). Clearly, regardless term to expiration, the BS implied volatility exhibits
a strong U-shaped pattern (smile) as the call option goes from deep ITM to ATM and then to
deep OTM with the deepest ITM call-implied volatilities taking the highest values. Further-
more, the volatility smiles are the strongest for short-term options, indicating that short-term
options are the most severely mispriced by the BS model and present perhaps the greatest
challenge to any alternative option pricing model. The maturity-related-biases can be seen

clearly in Figure 4.1. In the figure, the short-term options (days to expiration less than 60
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days) shows the strongest smile if we compare it with medium-term (days to expiration be-
tween 60 and 180 days) and long-term options (days to expiration greater or equal to 180

days). The MATLAB m-file regarding to Figure 4.1 can be found in the Appendix.
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Figure 4.1: Implied Volatility Graph of Black-Scholes Model

Any acceptable alternative to the BS model must show an ability to properly price non-ATM
options, especially short-term OTM calls. As the smile evidence is indicative of negatively-
skewed implicit return distributions with excess kurtosis, a better model must be based on a

distributional assumption that allows for negative skewness and excess kurtosis [1].

4.2.1 Parameter Estimation Procedure

In applying option pricing models, the option implied prices are under risk-neutral distribu-
tions, while those estimated from observed time series data are for the true distributions. Thus,
before estimating the parameters, we need to change the measure or use some results from

the literature. To solve this problem, we rely on the general-equilibrium models of Bakshi
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and Chen (1997b) and Bates (1996) in which the factor risk premiums are proportional to
the respective factors and, consequently, the processes for V(¢), R(t), g(¢) and J(¢) under the
true probability measure share the same stochastic structure as their counterparts under the
risk-neutral measure. Specifically, 6,, 0, p, 0r, Or, 0 j are the same under either probability,
only Kg, K,, A, u; will change when the probability measure changes from the risk- neutral
to its true counterpart. Let these parameters under the true probability measure be respec-
tively denoted by K_R, E, 1 uj. However, according to the study of Bates (1991), when the
risk aversion coefficient of the representative agent is bounded within a reasonable range, the
parameters of the true distributions will not differ significantly from their risk-neutral counter-
parts [1]. For this reason, we will use the exact theoretical prices under risk neutral measure

in parameter estimation procedure instead of true measure.

Generally, we faced with the difficulty that the spot volatility and the structural parameters
are unobservable in option pricing models. Consider the SVSI for instance. The strike
price and the term to expiration are specified in the contract, while the spot stock price, the
spot interest rate, and the matching 7'-period bond price can be taken from published mar-
ket data. But, the spot volatility (conditional on no jump), its related structural parameters
Kg,0r,0R,K,,0v,0,,p need to be estimated. Although the volatility risk premium is inter-
nalized in parameter estimates in this study, in some other works like [31] the risk premium
is estimated explicitly. However, in general, an explicit estimate of volatility risk premium is
not required to implement the models with stochastic volatility. The type of arguments similar
in this study are therefore more preferable and the examples can be seen in many other works

like Bates (1996), Longstaff (1995), etc.

There are many methods to estimate parameters in the literature. Examples include, maxi-
mum likelihood, generalized method of moments, etc. Each method holds its on advantages
and disadvantages in it. Generally, the improvement of alternative models and practices on
these models end up with the parameter estimation methods that are less depended on his-
torical data. This approach reduced the data requirement and the performance of the model
is significantly improved. In the estimation procedure of this study, we focused on the mini-
mization of sum of square dollar pricing error. This error can be constructed in the following

steps.

Step 1: Collect N option prices on the same stock taking from the same day, for any N greater
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than or equal to one plus the number of parameters to be estimated.

Step 2: Let 7; and K; be the time to expiration and the strike price of the i-th option. Entitle
the observed call price obtained from the market as C~'l-(t, T;,K;) and C;(t,T;, K;) its model
price as determined from the formulas of the previous chapter. For example, for SVSI model
price the characteristic function equation given in (3.4.5) and (3.4.6) should be used with S (7)

and R(¢) taken from the market.

Step 3: Define the difference as H;[V(#), @] = a(t, T, K;) — Ci(t, T;, K;) where the parameters
in general are ® = (Kg,0g,0Rr,K,,0v,0,,p,4,u;,0;) and V(¢) is the spot volatility. For
instance, for SVSI the only parameters are ® = (Kg, Or, og, K,,, 0v, 0, p) and spot volatility

V().

Step 4: Find the spot volatility V(¢) and parameters ® that minimizes:

|H,[V(t), ®]*|. 4.2.1)

g

The objective function in (4.2.1) is defined as the Sum of Square Error of Dollar Pricing (SSE).
The disadvantage of this objective function is that it may force the estimation to assign more
weight to relatively expensive options like ITM and long term options. An alternative could
be to minimize the sum of squared percentage pricing errors of all options, but that would
lead to a more favorable treatment of cheaper options like OTM. As it can be seen, each
estimation procedure has its own advantages and disadvantages. Based on this consideration,
we choose to adopt the objective function in (4.2.1). In addition, applying such an implied
parameter procedure gives equal chance to each model besides BS model. Note that there are
many methods and technical programing languages to minimize the sum of square error. A
summary of these techniques are examined in the next chapter. In the literature many studies
which measures the performance of these techniques exist. One of this studies can be found in

[30]. In our study, we used DIRECT algorithm together with MATLAB function, Isqnonlin.
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4.2.2 Some Algorithms and Methods to Minimize SSE
4.2.2.1 MATLAB Isqonlin

The least-squares, non-linear optimizer of MATLAB is the function Isqnonlin(fun,x0,lb,ub).
It minimizes the vector-valued function, fun, using the vector of initial parameter values, x0,
where the lower and upper bounds of the parameters are the vectors 1b and ub, respectively.
This method requires the user-defined function which is a vector rather than computing the

value of sum of squares. In our problem the vector ‘fun’ is

[ 1, [V(1), D]
Ho[V(0), ] |

| Hy[V(1), @]

The result produced by Isqnonlin is dependent on the choice of x0, the initial estimate. This
is, therefore, not a global optimizer, but rather, a local one. More detailed information about

Isqnonlin can be found in [8] and [9].

4.2.2.2 Excel Solver

The standard Solver supplied with Excel contains an optimizer that can be used for opti-
mization procedure. It uses a Generalized Reduced Gradient (GRG) method and, hence, is a
local optimizer. The calibration results are therefore sensitive to the initial estimates of the

parameters. The details can be provided from [27].

4.2.2.3 Simulated Annealing (SA) and Adaptive Simulated Annealing (ASA)

Simulated Annealing is a probability-based, non-linear, optimizer inspired by the physical
process of annealing. This method statistically guarantee finding an optimal solution. It were
Kirkpatrick and Vecchi (1983) who realized the algorithms application to optimization in

general.
Adaptive Simulated Annealing (ASA) was developed by the theoretical physicist Lester Ing-
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ber. ASA is similar to SA except that it uses statistical measures of the current performance
of the algorithm to modify its control parameters i.e. the annealing scheme. For a detailed

discussion on ASA the reader is referred to (Ingber 1995).

4.2.2.4 Direct Algorithm

DIRECT is an algorithm developed by Donald R. Jones et al. [20] for finding the global min-
imum of a multi-variate function subject to simple bounds, using no derivative information.
Instead, the algorithm samples points in the domain, and uses the information it has obtained
to decide where to search next. In fact, this algorithm is a modification of the standard Lips-
chitzian approach that eliminates the need to specify a Lipschitz constant. The details about
the Lipschitz constant and the relation with the algorithm can be provided from [14]. This

algorithm solves the type of optimization problem given as

min f(x) suchthat x;, <x<xy
X

with f(x) € R and x, xz, xpy € RN .

The first step in the DIRECT algorithm is to transform the search space to be the unit hyper-
cube. In geometry, a hypercube is a n-dimensional analogue of a square (n=2) and a cube
(n=3). The function is then sampled at the center-point of this cube. The hypercube is then
divided into smaller hyperrectangles whose centerpoints are also sampled. However, when no
Lipschitz constant is used, we can not understand the definition of convergence except when
the optimal value of the function is known. This problem is solved by a user defined iteration
number. The algorithm typically terminates when a user-supplied budget of function evalu-
ations is exhausted. There are many prepared packages to use the DIRECT algorithm in the
analysis of studies. Some examples are in the paper of Finkel (2003) and Bjorkman, Holm-
strom (1999). In our study, we used the package given in [5]. In this paper, there is a function
called gblSolve which applies the DIRECT algorithm into your function in MATLAB. The
function that we want to minimize is defined as a real valued function under the name ‘fun’.
Then the lower bound for the parameter set x; and upper bound xy is defined in the vector
form. After that the global number of iteration is specified in the name GLOBAL. Finally the
printing level of the results in the screen of MATLAB is chosen. Then the user can run the

algorithm. The types of printing levels defined under the name PrilLev in the algorithm are:
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PriLev > 0 Warnings,
PriLev > 0 Small info,
PriLev > 1 Each iteration info.

The output is specified with the name Result with Result = gblS olve(fun, xp, xy, GLOBAL,
PriLev). If the command f,,; = Result.f; is typed in MATLAB, the minimum value of
the function that you want to minimize can be reached. In addition, with the command
Xopt = Result.x; the estimated parameters can be found. To understand the idea behind Direct

algorithm and this specific MATLAB code, the following example from [5] can be examined.
Create a m.file in MATLAB under the name "functl’ as:

functionf = functl(x);

f =)= 5%x(1)?/(4* pi®) + 5 % x(1)/ pi — 6)> + 10 (1 — 1/(8 * pi)) * cos(x(1)) + 10;
Then write the following commands on the screen of MATLAB:

fun =" functl’;

xp =[=501"

xy =[10 157;

GLOBAL.iterations = 20;

PriLev = 2;

After that call the gblSolve function, which can be provided from the appendix of the paper

[5], we get

Result = gblS olve(fun, x;, xy, GLOBAL, PriLev);

When 20 iterations are finished we type the following commands:
Jopt = Result. fi

Xopr = Result.xy

If you want to see a scatter plot of all sampled points in the search space, do:
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C = Result GLOBAL.C;

plot(C(1,:),C(2,:),.));

The sampled points in the algorithm can be seen in Figure 4.2 for this example. In the
algorithm, firstly, the domain of the function is transformed to a unit rectangle. Then at the
center of this rectangle, the function is sampled. After that, the rectangle is divided into
smaller ones and the sampling continued. The stopping time of this procedure is determined
by the user defined function "GLOBAL.iterations”. In this example the number of iterations
is defined as 20. If you run the commands in MATLAB, you can see that the total number of

sampled points is 319.

15 o N T T
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Figure 4.2: Sampled Points with Direct Algorithm

The results are as follows:
Sopr = 0.3979,
Xopt = [3.1417 2.2500].
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In our study, we firstly applied the DIRECT algorithm and then used the resulted parame-
ters in Isqnonlin as initial values. The reason behind this way of parameter estimation is that
Isqnonlin function is sensitive to the initial value. Therefore, we used this function when
we are sure that the initial estimates are quite close to the optimal parameter set. In addi-
tion, note that after finding the characteristic functions formula for each model, we have to
invert them by using Fourier Inversion Formulas given in (3.4.2). That means, we encounter
with the difficulty to calculate the integral of a complex function in the analysis. We exceed
this problem by using the numerical integration function ’quadl” in MATLAB. The function
quadl(@fun,a,b) implements an adaptive Gauss Lobatto quadrature rule on the function ‘fun’
over the interval [a,b] where a and b are finite real numbers. A problem arises because quadl
evaluates only proper integrals. However, in our problem the integral boundaries were 0 and
oo. For sufficiently large b, the integral can be evaluated with the required accuracy. Therefore
we take the integral only from O to 200. To save space only SVSI parameter estimation proce-
dure for short-term options is given in the Appendix as m-files. In A.3, the objective function
that is used in DIRECT Algorithm can be found with the m.file name “objvolintshort”. Note
that the total number of iterations is determined as 20 in the user defined function. According
to this number of iterations, the number of sampled points is 825. The DIRECT Algorithm
itself can be provided from A.4 which calls the gblSolve. We used the commands as an m.file
but these commands can be written on the screen on MATLAB. In A.5, the "Isqnonlin” func-
tion is called back. Again these commands can be used directly. The objective function of
Isqnonlin function can be examined in A.6 with m.file name “lsqvolintshort”. Finally, the for-
mulation of call option model price of SVSI is in A.7 with the name “callstockvolint”. Note

that this model price is derived theoretically in the previous chapter.

4.3 Implied Parameters and In Sample Performance

In implementing the above procedure the parameters in the groups under “All Options”,
”Short-Term Options”, and ~At-the-Money Options” are obtained by respectively using all
the available options, only short-term options (days to expiration < 60), and only ATM op-
tions (0.97 < §/K < 1.03) in the day as input into the estimation. For each group the SSE is
noted. The structural parameter for each submodel is recorded. The structural parameters K,

6,/K, and o, are respectively the speed of adjustment, the long-run mean, and the variation
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Table 4.3: Implied Parameters of All Options

Parameters All Options

BS SV SVSI SVJ
K, 0.8531 | 0.85 0.86
6, 0.5 0.6493 | 0.4648
oy 3.4141 | 44803 | 3.41
P -0.5594 | -0.6164 | -0.55
Or 0.0139
Kr 5
OR 0.162
M 0.0864
o 0
A 1
V(1) 32.76% | 13.08% | 14.5% 12.17%
SSE 3.7306 | 0.9084 | 0.9871 | 0.8633

coeflicient of the diffusion volatility V(¢). Similarly, Kg, 0g/Kg and og are respectively the
speed of adjustment, the long-run mean, and the variation coefficient of the spot interest rate
R(7). The parameter u; represents the mean jump size, A the frequency of the jumps per year,
and o ; the standard deviation of the logarithm of one plus the percentage jump size. BS, SV,
SVSI, and SVJ, respectively, stand for the Black Scholes, the stochastic volatility model, the
stochastic volatility and stochastic interest rate model, and the stochastic volatility model with

random jumps.

These reported statistics are quite informative about the internal working of the models in
three tables. As such, several observations are in order. Firstly, the implied spot volatility
among the SV, and the SVSI models are close to each other. Only the implied spot volatility
of BS is higher from the others in every category. In fact, this closeness in implied volatility
is somewhat surprising. It should, however, be recognized that even small differences in

volatility can lead to significantly different pricing and hedging results.
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Table 4.4: Implied Parameters of Short-Term Options

Parameters Short-Term Options

BS SV SVSI SVJ
K, 3.1379 | 3.1380 | 3.8262
6, 0.778 0.6118 | 0.3716
oy 4.9989 | 52716 | 4.99
P -0.4383 | -0.5001 | -0.43
Or 0.1645
Kr 5
OR 0.1
M 0.0843
o 0.0001
A 0.9997
V() 31.48% | 14.39% | 15.81% | 15.89%
SSE 0.1618 | 0.05 0.0546 | 0.0475

Second, to understand the difference of estimated structural parameters for the SV, the SVSI,
and the SVJ models (each assuming stochastic volatility) recall that in the SV model the skew-
ness and kurtosis levels of stock returns are controlled mostly by correlation p and volatility
variation coeflicient o, respectively. The SVSI model relies on the same flexibility, with the
additional caveat of having stochastic interest rates to ensure more proper discounting of fu-
ture payoffs. In addition to inheriting all features of the SV, the SVJ model also allows price
jumps to occur, which can internalize more negative skewness and higher kurtosis without

making other parameters unreasonable. Therefore, note from the Tables 4.3, 4.4 and 4.5 that

1) The implied speed-of-volatility-adjustment K, is the highest for the SVJ.

2) The variation coefficient o, and the magnitude of p are the lowest for the SVJ, then SV and

after that SVSI.

These estimates together present the picture of the pricing structure of the calls. Firstly, the
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Table 4.5: Implied Parameters of At-The-Money Options

Parameters At-the-Money Options

BS SV SVSI SVJ
K, 0.0002 | 0.0031 | 1.7657
6, 0.1536 | 0.4198 | 0.1667
oy 0.8561 | 2.8547 | 0.8028
P -0.4776 | -0.48 -0.4439
Or 0.0462
Kr 2.2275
OR 0.0002
Hj 0.0185
ot 0.5
A 0.1667
V() 30.32% | 8.74% | 11.59% | 8.33%
SSE 0.0129 | 0.0026 | 0.0059 | 0.0032

SVJ model’s demand on the V(¢) process is the least strict as it requires both the lowest o,
and the lowest p (in magnitude). However, the SVSI requires o, and p to be respectively
as high as 4.4803 and -0.6164 for all options. The SVJ model attributes part of the implicit
negative skewness and excess kurtosis to the possibility of a jump occurring with an average
frequency of 1 times per year and an average jump size of 8.64 percent. Secondly, one would
expect that adding three extra parameters (related to the interest rate process) will advance
the performance of the model. This poor performance by the SVSI can be examined in other
measures as well. These results show that adding more parameters to the model does not
necessarily better the performance. Finally, by looking at the dollar pricing errors (SSE) one
can also see the similar performance of SVSI when compared to SV. From the ”All Options”
panel of Table 4.3, the SSE is 3.7306 for the BS and 0.8633 for the SVJ, while it is 0.9084
and 0.9871 for the SV and the SVSI, respectively. Allowing jumps with the model SVJ

improves in-sample fit further. The cliff between the SSE of BS model and the other models
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is generally the case. In our study the number of observations is only 75. If you have a
larger data set as in the paper of Bashki, Cao and Chen (1996), this huge cliff becomes more
clear. Thirdly, if we compare short-term and all options implied parameters, the volatility
coefficient o, is higher for each model than before, meaning that for the short-term options
to be priced properly the volatility process needs to be more volatile than for all options of
any maturity to be priced. Moreover, to price the observed ATM option prices properly, all
the three models with stochastic volatility would require volatility shocks to be less negatively
correlated with underlying price changes. Finally, as expected, the respective in-sample fits of
the four models of short-term options and at-the-money options are better than when the same
one set of parameters is applied to all options. This is reflected by the significant reduction in

the SSE of each model.

The above results however show something that we do not want to get. That is, if each can-
didate option pricing model were correctly specified, the six sets of option prices, formed
across either moneyness or maturity, should not have resulted in different implied parame-
ter/volatility values. Tables 4.3, 4.4 and 4.5 indicate that every candidate model is misspeci-

fied.

4.4 QOut-of-Sample Performance of Alternative Models

We have shown that the in sample fit of option prices is increasingly better as we extend from
the BS to the SV and then to the SVJ model. However, going from the SV to the SVSI does
not necessarily improve the fit much further. In fact, this increasingly better fit might simply
due to having an increasingly larger number of structural parameters. To lower the impact
of this connection, we turn to examining each model’s out-of-sample cross-sectional pricing
performance. The presence of more parameters may actually cause over fitting, whereas the

structural fitting does not get better. In the following tables, we measured this impact.

Firstly, we calculated model prices of each call option using the parameters estimated for all-
options. Then we subtracted the model price from its observed counterpart which is named as
the pricing error. To calculate the absolute pricing error, we took the absolute value of each
pricing error. In addition, the percentage pricing error is calculated by dividing the pricing

error (model price-market price) to market price. This procedure is repeated for every call in
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the sample, then the average of these errors are recorded. These steps are separately followed
for the BS, the SV, the SVSI, and the SVJ models. Table 4.6 reports the absolute pricing errors
whereas in Table 4.7 the percentage pricing errors are examined. The minus sign in percentage
pricing error implies that in that category the model systematically overprice the options. The
plus sign on the contrary means that the options are underpriced. Note that pricing errors are
obtained ”All Option” based on the implied parameter/ volatility values. In our main reference
Bashki, Cao and Chen (1996) these results are reported in three different categories which are
“Maturity-Based”, "Moneyness-Based”, ”’All-Option-Based”. For our study, one category is

enough to measure the out of sample performance of alternative models.

Table 4.6: Absolute Pricing Errors

Moneyness(S/K) | Model Days to Expiration
<60 60 — 180 > 180
BS | $0.019 $0.105 $0.107
094 SV | 0.010 0.029 0.059
SVSI | 0.015 0.052 0.091
SVJ | 0.006 0.028 0.060
0.94 — 0.97 - - -
BS | 0.071 0.127 -
SV | 0.033 0.0961 -
0.97 - 1.00 SVSI | 0.051 0.126 -
SVJ | 0.02 0.063 -
BS | 0.052 0.062 -
SV | 0.054 0.040 -
1.00 - 1.03 SVSI | 0.044 0.064 -
SVJ | 0.040 0.06 -
BS |- - 0.068
SV |- - 0.023
1.03 - 1.06 SVSI | - - 0.028
SVJ | - - 0.042
BS | 0.11 0.169 0.508
SV | 0.064 0.117 0.168
> 1.06
SVSI | 0.066 0.117 0.166
SVJ | 0.062 0.107 0.158

By starting with the absolute and the percentage pricing errors, respectively given in Tables
4.6 and 4.7 we reached the following results. First, both pricing error measures rank the SVJ
model first, the SV second, the SVSI next, and the BS last, except that for a few categories
either the SV or the SVSI performs slightly better than the others. According to the percentage

pricing errors, the SVSI does slightly better than the SVJ in pricing the long-term deepest ITM
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calls (days to expiration > 180). This is not surprising since the long-term deep ITM calls to
be the most sensitive to interest rates. Moreover, according to both measures, the SVJ surpass
the SVSI in pricing deep OTM calls (Moneyness < 0.94) which is also expected. In contrast
to this result, in [1] the performance of SVSI was better than SVJ while pricing deep OTM

calls.
Table 4.7: Percentage Pricing Errors
Moneyness(S/K) | Model Days to Expiration
< 60 60 — 180 > 180
BS %22.96 %-45.34 %-18.58
<0.94 SV 32.33 -27.52 -20.22
' SVSI | -88.24 0.052 -35.54
SVJ | -35.47 0.028 -23.69
0.94 - 0.97 - - -
BS -18.51 -15.04 -
NY% 9.11 11.38 -
097 - 1.00 SVSI | 13.96 15.04 -
SVJ | 5.71 7.48 -
BS -6.06 -4.83 -
NY% -6.45 2.44 -
1.00 =103 SVSI | -5.39 4.27 -
SVJ | -4.80 4.98 -
BS - - 22.99
MY - - 0.96
1.03-1.06 SVSI | - ) 117
SVJ | - - 1.65
BS 3.71 322 6.82
> 1.06 SV -0.21 -1.39 0.30
SVSI | -0.68 -1.51 -0.23
SVJ | 0.19 -0.76 0.94

Second, regardless of option moneyness or maturity, adding stochastic volatility produces a
significant improvement over the BS model. This improvement reduces the absolute pricing
errors up to 68 percent in the striking cases like deep ITM calls. To see this important progress
take a OTM call with moneyness less than 0.94 and with days to expiration between 60 to 180.
From Table 4.1 the average price for such a call is $0.25. When the BS is applied to value
this call, the resulting absolute pricing error is, on average, $0.105 as shown in Table 4.6, but
when the SV is applied, the average error goes down to $0.02. Thus, Table 4.6 suggests that
once stochastic volatility is added to the model adding other features lead o a second order

development. Thirdly, the absolute error becomes greater when we began from short term
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followed by medium and finally came to long term options. This result is valid for a given
moneyness category and regardless of the pricing model. Looking at the percentage pricing
error measure, the BS exhibits clear moneyness and maturity related biases. In addition, from
Table 4.7 it can be seen that there is relatively large mispricing of short term options as well as
OTM options. The reason behind this result may be the objective function in equation (4.2.1)
is biased in favor of more expensive calls (i.e., long-term and ITM calls). As we try to estimate
each parameter by minimizing the sum of squared dollar pricing errors, this factor can enlarge
the extent of poor fit for short term and OTM options in each pricing model. However, this
possible enlargement should not affect the overall conclusion regarding the pricing structure
of short-term and OTM options relative to others. The reason is that in Figure 4.1, even when
the BS implied volatility is estimated for each option individually (no weighted average),
the volatility smile is clearly the sharpest for short-term options. Finally, the magnitude of
mispricing varies dramatically across the models, with the BS producing the highest and the
SVIJ the lowest errors. Among the four models, the SVJ shows the best ability in improving
the pricing of short-term options. The same conclusions can be reached regarding the models

even according to the percentage pricing errors.

Note that in judging the alternative models, some other yardsticks can be employed. The first
one may be showing the consistency of implied structural parameters with those implicit in
the relevant times-series data. For more details, [1] and [4] can be examined. Secondly, the
hedging errors can be used to measure how well a model captures the dynamic properties of
option and underlying security prices. In fact, our theoretical model and closed form solution
lead to useful analytical hedge ratios, and contains many known option formulas as special

cases.

73



CHAPTER 5

CONCLUSION

In this study, we have presented two totally different approaches of stochastic volatility and
stochastic interest rate model with jumps to the derivation of closed-form European call option
problem and used one of these approaches in the empirical analysis. In the first approach, sug-
gested by Scott [33], the characteristic function is obtained via martingale methods. Conse-
quently, by using the inversion formula, the distributions and call option prices are calculated.
The other approach proposed by Bashki, Cao and Chen [1] give the option pricing formula
and the spot asset price dynamics by constructing partial integro-differential equations. In
the empirical analysis, we established 4 alternative models with the help of the closed-form
solutions obtained in the second approach. The performance of these models are measured
on General Electric Stock Option Data from two perspectives: (1) in-sample fit and (2) out-of

sample performance.

In the theoretical part of the study, we have derived the closed-form European call option
prices in both approaches step-by-step with the proofs. On the other hand, in the applica-
tion part, the performances of Black Scholes Model, Stochastic Volatility Model, Stochastic
Interest Rate Model, Stochastic Volatility and Stochastic Interest Rate Model are compared.
According to our results, incorporating stochastic volatility and jumps improves models on
stock options significantly. However, adding stochastic interest rate did not enhance the per-
formance as one would expect. In-sample fit performance is highest for SVJ model then for
SV and SVSI and least for BS Model. Out-of sample performance ranks the SVJ model first,
the SV second, the SVSI next and the BS last. Only for long-term deep in-the money options
SVSI shows better performance then the other models. The short-term options priced best

by SVJ model which shows the greatest challenge to any alternative option pricing model.
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Moreover, adding volatility into the model improves the out-of sample performance signif-
icantly. Therefore, once stochastic volatility is added, adding other features lead a second

order improvement.

In this thesis, the author looked for understandable arrangements which could serve the inter-
ested reader for further use of the original works. Furthermore, the application part is con-
structed to guide the readers how much each generalization of alternative models improves

option pricing.

Because of the time constraint of this study, we have left the hedging of the models and
measuring their performance in this perspective for future works. In fact, the results for index
options suggested by Bashki, Cao and Chen [1] has not been applied on a single stock option
yet. Therefore, the analysis on single stock options in this study can be improved with some
other performance measures. In addition to these, the techniques to price path dependent

options can be an extension of the methods given in the thesis.
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APPENDIX A

Table A.1: The General Electric Option Price Data

Strike/Maturity | 18.02.11 | 18.03.11 | 15.04.11 | 17.06.11 | 16.09.11 | 20.01.12 | 18.01.13
7.5 - - - - - 11.1 11.13
10 - - 8.45 8.6 8.57 8.55 8.6
12 - - - 6.45 - - -
12.5 - - - - - 6.15 6.3
13 - 54 - 5.65 5.45 - -
14 - 4.65 4.45 4.85 4.55 - -
15 3.55 3.5 3.65 3.65 3.55 4 4.5
16 2.52 2.56 2.66 2.76 2.96 - -
17 1.65 1.66 1.81 2.04 2.19 - -
17.5 - - - - - 2.27 2.99
18 0.77 0.92 1.1 1.33 1.69 - -
19 0.30 0.44 0.61 0.85 1.15 - -
20 0.11 0.18 0.28 0.5 0.76 1.13 1.84
21 0.03 0.09 0.15 0.27 0.47 - -
22 - - 0.08 - - - -
22.5 0.01 0.03 0.12 0.25 0.51 1.1
23 - - 0.03 - - - -
25 0.01 0.02 0.01 0.05 - 0.23 0.73
30 - - - - - 0.08 0.29
35 - - - - - - 0.18

The m.file used to get the Figure 4

.1 is as follows:
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Table A.2: The Implied Volatility Graph’s M-File

1=[1.4177;1.3164;1.2287;1.1519;1.0841;1.0239;0.97;0.9215,0.8776;0.8191;0.7372];
m=[76;75;58;45;39;30;29;30;31,;36;49];

plot(l,m,char(’-"))

hold on
z=[1.843;1.5358;1.4177;1.3164;1.2287;1.1519;1.0841;1.0239;0.97;0.9215,0.8776;0.8377,
0.8191;0.8013;0.7372];

k=[84;56;51;48;41;37;33;31;29;28;28;30;28;29;32];

plot(z,k,[char(’m”),char(’-.")])

hold on
x=[2.4573;1.843;1.4744,1.2287;1.0531;0.9215;0.8191;0.7372;0.6143;0.5266];
y=[83;59;45;38;34;31;30;30;32;33];

plot(x,y,[char(’r’),char(’:")])

xlabel(’Moneyness(S/K)’)

ylabel(’Implied Volatility(%)’)

legend(’Days to Expiration < 60°,’Days to Expiration 60 — 180°,

’Days to Expiration >= 180’)

Table A.3: The M-File ”Objvolintshort”

function [objective]=objvolintshort(parm)

q=0.028;%dividend yield

r=0.0015;%risk free interest rate

S=18.43;%spot stock price
Cobserved1=[3.55;2.52;1.65;0.77;0.3;0.11;0.03;0.01;0.01];
Strike1=[15;16;17;18;19;20;21;22.5;25];
Strike2=[13;14;15;16;17;18;19;20;21;22.5;25];
Cobserved2=[5.4;4.65;3.5;2.56;1.66;0.92;0.44;0.18;0.09;0.03;0.02];
Time1=0.06;%Time to Maturities

Time2=0.11;

sum1=0;

for j=1:size(Cobservedl,1)
suml1=suml+(Cobserved](j)-callstockvolint(parm(1),parm(2),parm(3),parm(4),parm(5),parm(6),
parm(7),parm(8),q,r,Time1,S,Strike1 (j)))z;

end

sum?2=0;

for j=1:size(Cobserved2,1)
sum2=sum?2+(Cobserved?2(j)-callstockvolint(parm(1),parm(2),parm(3),parm(4),parm(5),parm(6),
parm(7),parm(8),q,r,Time2,S,StrikeZ(j)))2;

end

objective=sum1+sum?2;

end
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Table A.4: The M-File of Direct Algorithm

fun = *objvolintshort’;
9Thetav,Kv,Sigmav,rho,V,Thetar,Kr,Sigmar
xr=[005-10000.17;

xy =[13.13810-0.4390.5155];
GLOBAL.iterations = 20;

Prilev = 2;

Result = gblSolve(fun,x;,xy,GLOBAL,PriLev);
fopr = Result.fy;

Xopr = Result.x;

Table A.5: The M-File of Isqnonlin

Joparameters Thetav,Kv,sigmav,rho,V,Thetar,Kr,Sigmar
Ib=[005-10000.1];

ub =[13.138 10 —0.439 0.5 1 5 5];

x0 =[0.1296;3.0799;8.4259;-0.5325;0.25;0.0185;4.9074;0.1907];

options = optimset(’MaxIter’,1000,” MaxFunEvals’,20000, TolFun’,1e-30);
tic;

[x,resnorm] = Isqnonlin(@lsqvolintshort,x0,1b,ub,options);

tElapsed=toc;

Table A.6: The M-File "Isqvolintshort”

function [objective]=Isqvolintshort(parm)

q=0.028;%dividend yield

r=0.0015;%risk free interest rate

Time1=0.06;%time to maturities

Time2=0.11;

S=18.43;%spot stock price

Cobserved1=[3.55;2.52;1.65;0.77;0.3;0.11;0.03;0.01;0.017];
K1=[15;16;17;18;19;20;21;22.5;25];
Cobserved2=[5.4;4.65;3.5;2.56;1.66;0.92;0.44;0.18;0.09;0.03;0.02];
K2=[13;14;15;16;17;18;19;20;21;22.5;25];

for j=1:size(Cobservedl,1)
diff1(j)=Cobserved1(j)-callstockvolint(parm(1),parm(2),parm(3),parm(4),parm(5),parm(6),
parm(7),parm(8),q,r, Time1,S,K1(j));

end

for j=1:size(Cobserved2,1)
diff2(j)=Cobserved2(j)-callstockvolint(parm(1),parm(2),parm(3),parm(4),parm(5),parm(6),
parm(7),parm(8),q,r,Time2,S,K2(j));

end

objective=[dift1’;diff2’];

end
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Table A.7: The M-File “callstockvolint”

function CallSVSI= callstockvolint(Thetav,Kv,Sigmav,rho,V,Thetar,Kr,Sigmar,q,r,tau,S,K)
warning off;

y=@ (phi)real(exp(-ixlog(K)*phi).xf1(phi,Thetav,Kv,Sigmav,rho,V,Thetar,
Kr,Sigmar,q,r,tau,S)./(i * phi ));

p1=0.5 + 1/pixquadl(y,0,200);

z=@ (phi)real(exp(-ixlog(K)=phi).«f2(phi, Thetav,Kv,Sigmav,rho,V, Thetar,
Kr,Sigmar,q,r,tau,S)./(i * phi ));

p2=0.5 + 1/pixquadl(z,0,200);

CallSVSI= exp(-q+tau)*S#p1-Bnd(Thetar,Kr,Sigmar,r,tau)*K+p2;

end

function cf1 = f1(phi,Thetav,Kv,Sigmav,rho,V,Thetar,Kr,Sigmar,q,r,tau,S)
Epsr:sqrt(Krz—(2*(Sigmar2)*i*phi));

Epsv=sqrt([Kv-[(1 +(i*phi))*rh0*SigmaV]].2-[(i>kphi).*( 1 +(i*phi))*(SigmaV2)]);
cf11=[Vx(ixphi).*((i*phi)+1).#(1-exp(-Epsv=tau))]./[(2+Epsv)
—[(Epsv-Kv+[(1+(i*phi))*rho*Sigmav]).*(1-exp(-Epsv=tau))]];
cf12=[-Thetavs(Epsv-Kv+[(1+(i*phi))*rho*Sigmav])=tau]./ Sigmavz;
cf13=1ixphixlog(S);
cfl14=[-2«Thetavlog(1-(([Epsv-Kv+[(1+(i*phi))*rhoxSigmav]].x
(1-exp(-Epsvstau)))./(2+Epsv))) ./ Sigmav?;
cf15=[-2+Thetarxlog(1-(((Epsr-Kr).*(1-exp(-Epsr¥taun)))./(2+Epsr)))]./Sigmar?;
cf16=(-Thetar*(Epsr-Kr)+tau)./Sigmar?;
cf17=[2(r-q)*ix*phi.*(1-exp(-Epsr=tau))]
./[(2«Epsr)-[(Epsr-Kr).x(1-exp(-Epsr=tau))]];
cfl=exp(cfl1+cf12+cf13+cf14+cf15+cf16+cf17);

end

function cf2=f2(phi, Thetav,Kv,Sigmav,rho,V,Thetar,Kr,Sigmar,q,r,tau,S)
Epsrstar=sqrt(Kr?-(2+(Sigmar?)*(i+phi-1)));
Epsvstar=sqrt([Kv-[(i#phi)*rho*Sigmav]].2-[(ixphi).*((i*phi)-1)+(Sigmav?)]);
cf21=[Vx(ixphi).*((ixphi)-1).%(1-exp(-tauxEpsvstar))]
./[(2«Epsvstar)-[(Epsvstar-Kv+[(i*phi)+rho*Sigmav]).*(1-exp(-tauxEpsvstar))]];
cf22=(lixphi*log(S))-log(Bnd(Thetar,Kr,Sigmar,r,tau));
cf23=[-Thetavs(Epsvstar-Kv+[(ixphi)*rho*Sigmav])=tau]./ Sigmavz;
cf24=[-2«Thetav=log(1-([[Epsvstar-Kv+[(ixphi)*rhoxSigmav]]
(1-exp(-tausEpsvstar))]./(2«Epsvstar)))]./ Sigmavz;
cf25=[-2«Thetar+log(1-(((Epsrstar-Kr).*(1-exp(-Epsrstarxtau)))
./(2xEpsrstar)))]./Sigmar?;

cf26=(-Thetar*(Epsrstar-Kr)+tau)./Sigmar?;
cf27=[2x(r-q)*(ixphi-1).x(1-exp(-Epsrstar=tau))]
./[(2«Epsrstar)-[(Epsrstar-Kr).x(1-exp(-Epsrstarxtau))]];
cf2=exp(cf21+cf22+cf23+cf24+cf25+cf26+cf27);

end

function[bond]=Bnd(Thetar,Kr,Sigmar,r,tau)
bondstar=sqrt(Kr>+(2xSigmar?));

bond1=(-Thetarx(((bondstar-Kr)=tau)+
(2+log(1-(((1-(exp(-bondstarxtau)))=(bondstar-Kr))

/ (2*b0ndstar))))))/Sigmar2;

bond2=(-2x(1-(exp(-bondstarstau))))/
(2«bondstar-((bondstar-Kr)=(1-(exp(-bondstarxtau)))));
bond=exp(bond1+r*bond2);

end
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