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Abstract

Mathematical and statistical modeling have been at the forefront of many significant advances in
many disciplines in both the academic and industry sectors. From behavioral sciences to hard core
quantum mechanics in physics, mathematical modeling has made a compelling argument for its
usefulness and its necessity in advancing the current state of knowledge in the 21rst century. In
Finance and Insurance in particular, stochastic modeling has proven to be an effective approach in
accomplishing a vast array of tasks: risk management, leveraging of investments, prediction, hedg-
ing, pricing, insurance, and so on. However, the magnitude of the damage incurred in recent market
crisis of 1929 (the great depression), 1937 (recession triggered by lingering fears emanating from
the great depression), 1990 (1 year recession following a decade of steady expansion) and 2007
(the great recession triggered by the sub-prime mortgage crisis) has suggested that there are certain
aspects of financial markets not accounted for in existing modeling. Explanations have abounded
as to why the market underwent such deep crisis and how to account for regime change risk. One
such explanation brought forth was the existence of regimes in the financial markets. The basic idea
of market regimes underscored the principle that the market was intrinsically subjected to many
different states and can switch from one state to another under unknown and uncertain internal and
external perturbations. Implementation of such a theory has been done in the simplifying case of
Markov regimes. The mathematical simplicity of the Markovian regime model allows for semi-
closed or closed form solutions in most financial applications while it also allows for economically
interpretable parameters. However, there is a hefty price to be paid for such practical conveniences
as many assumptions made on the market behavior are quite unreasonable and restrictive. One as-
sumes for instance that each market regime has a constant propensity of switching to any other state
irrespective of the age of the current state. One also assumes that there are no intermediatestates as

regime changes occur in a discrete manner from one of the finite states to another. There is therefore

vi



no telling how meaningful or reliable interpretation of parameters in Markov regime models are.

In this thesis, we introduced a sound theoretical and analytic framework for Levy driven linear
stochastic models under a semi Markov market regime switching process and derived It6 formula
for a general linear semi Markov switching model generated by a class of Lévy It6 processes (1). Ité
formula results in two important byproducts, namely semi closed form formulas for the characteris-
tic function of log prices and a linear combination of duration times (2). Unlike Markov markets, the
introduction of semi Markov markets allows a time varying propensity of regime change through the
conditional intensity matrix. This is more in line with the notion that the market’s chances of recov-
ery (respectively, of crisis) are affected by the recession’s age (respectively, recovery’s age). Such a
change is consistent with the notion that for instance, the longer the market is mired into a recession,
the more improbable a fast recovery as the the market is more likely to either worsens or undergo a
slow recovery. Another interesting consequence of the time dependence of the conditional intensity
matrix is the interpretation of semi Markov regimes as a pseudo-infinite market regimes models.
Although semi Markov regime assume a finite number of states, we note that while in any give
regime, the market does not stay the same but goes through an infinite number of changes through
its propensity of switching to other regimes. Each of those separate intermediate$tates endows the
market with a structure of pseudo-infinite regimes which is an answer to the long standing problem
of modeling market regime with infinitely many regimes.

We developed a version of Girsanov theorem specific to semi Markov regime switching stochastic
models, and this is a crucial contribution in relating the risk neutral parameters to the historical pa-
rameters (3). Given that Levy driven markets and regime switching markets are incomplete, there
are more than one risk neutral measures that one can use for pricing derivative contracts. Although
much work has been done about optimal choice of the pricing measure, two of them jump out of the
current literature: the minimal martingale measure and the minimum entropy martingale measure.
We first presented a general version of Girsanov theorem explicitly accounting for semi Markov
regime. Then we presented Siu and Yang pricing kernel. In addition, we developed the condi-

tional and unconditional minimum entropy martingale measure which minimized the dissimilarity
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between the historical and risk neutral probability measures through a version of Kulbach Leibler
distance (4).

Estimation of a European option price in a semi Markov market has been attempted before in the
restricted case of the Black Scholes model. The problems encountered then were twofold: First,
the author employed a Markov chain Monte Carlo methods which relied much on the tractability
of the likelihood function of the normal random sequences. This tractability is unavailable for most
Levy processes, hence the necessity of alternative pricing methods is essential. Second, the accu-
racy of the parameter estimates required tens of thousands of simulations as it is often the case with
Metropolis Hasting algorithms with considerable CPU time demand. Both above outlined issues
are resolved by the development of a semi-closed form expression of the characteristic function of
log asset prices, and it opened the door to a Fourier transform method which is derived on the heels
of Carr and Madan algorithm and the Fourier time stepping algorithm (5).

A round of simulations and calibrations is performed to better capture the performance of the semi
Markov model as opposed to Markov regime models. We establish through simulations that semi
Markov parameters and the backward recurrence time have a substantial effect on option prices
(6). Differences between Markov and Semi Markov market calibrations are quantified and the CPU
times are reported. More importantly, interpretation of risk neutral semi Markov parameters offer
more insight into the dynamic of market regimes than Markov market regime models (7). This has
been systematically exhibited in this work as calibration results obtained from a set of European
vanilla call options led to estimates of the shape and scale parameters of the Weibull distribution
considered, offering a deeper view of the current market state as they determine the in-regime dy-
namic crucial to determining where the market is headed.

After introducing semi Markov models through linear Levy driven models, we consider semi Markov
markets with nonlinear multidimensional coupled asset price processes (8). We establish that the
tractability of linear semi Markov market models carries over to multidimensional nonlinear asset
price models. Estimating equations and pricing formula are derived for historical parameters and

risk neutral parameters respectively (9). The particular case of basket of commodities is explored

viii



and we provide calibration formula of the model parameters to observed historical commodity prices
through the LLGMM method. We also study the case of Heston model in a semi Markov switching
market where only one parameter is subjected to semi Markov regime changes. Heston model is
one the most popular model in option pricing as it reproduces many more stylized facts than Black
Scholes model while retaining tractability. However, in addition to having a faster deceasing smiles
than observed, one of the most damning shortcomings of most diffusion models such as Heston
model, is their inability to accurately reproduce short term options prices. An avenue for solving
these issues consists in generalizing Heston to account for semi Markov market regimes. Such a

solution is implemented and a semi analytic formula for options is obtained.
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Chapter 1

A linear Levy-Ité switching model for log asset prices under semi Markov regimes

1.1 Introduction

The well known Black Scholes model [6], despite its slew of laureates has long shown well doc-
umented weaknesses as it pertains to its consistency with stylized facts of financial asset returns
and option prices. Smiles, smirks and skews are well documented empirical features of implied
volatilities [10, 26, 60, 66], unexplained in the context of Black Scholes model. Moreover, stylized
facts of financial time series also cast a doubt on the appropriateness of the normal log return dis-
tribution assumption. The literature goes about solving these issues in two main ways. The first
approach uses time dependent deterministic volatility models [39, 46] to capture most of option
market empirical properties. However, it has been shown [31] that risk neutral volatilities behave
in a random manner. This leads to the development of the second modeling approach consisting
of stochastic volatility, local volatility and regime switching models. Stochastic volatility models
[33, 40] are based on the assumption that volatility is a dynamic process in itself. In local volatility
models [5, 24], the volatility depends on time and stock price through a deterministic functional. In
both cases, in addition to the possibility of a misspecified functional form of the volatility [16], the
volatility surface often lacks smoothness and at times, takes nonsensical and counterintuitive forms.
One of the main advantages of regime switching models as noted by [16], is the interpretability of
the market states while disassociating with the very restrictive functional form assumption of the
local and stochastic volatility models.

The present chapter is an attempt to extend the currently existing semi Markov switching models for
stock price and at setting up a general theoretical framework to study qualitative and quantitative
properties of asset price processes. To the best of our knowledge, mostly Markovian interven-
tions on price processes are being successfully studied and have been investigated in many papers

[12, 13, 14, 16, 35, 37, 53, 60]. Recently, stochastic models [30, 41, 42, 59, 65] under the influ-



ence of a semi Markov process have been examined. However, these attempts leave two gaping
holes. First they are limited to Black Scholes switching models, hence failing to take advantage
of the proven flexibility of Levy driven models. In fact, most continuous models, fail to appropri-
ately price short maturity options because existence of such contracts in the market is an acknowl-
edgement that significant market movements can be observed in short period of time. Second, the
estimation method of [42] is an MCMC based estimation method, which by his own admission re-
quires tens of thousands of samples, as well as it depends highly on the tractability of the normal
likelihood and efficiency of the candidate distribution chosen to implement the Metropolis Hasting
algorithm. A Stochastic Maximum Principle for semi Markov switching jump diffusion models
[21] has been established, leaving out the class of Lévy processes with infinite activity such as the
variance Gamma model or the Normal Inverse Gamma. We propose a theoretical setting for a more
inclusive model.

The organizational outline of this Chapter is as follows: in Section 1.2, we introduce the neces-
sary definitions and notations and we present known results. In Section 1.3, we find a closed form
solution of a Lévy type of SDE. In Section 1.4, we derive It differential formula and the infinites-
imal generator for a class of stochastic linear hybrid models under semi Markovian and Lévy-type
structural perturbations. Section 1.5 is concerned with the derivation of a closed form characteristic
function of the log price process. This is useful for recovering risk neutral densities to estimate op-
tion prices. Moreover, this provides an alternative tool to the computationally extensive continuous
time MCMC and the two-step numerical integration procedure [30, 42], for simulating option prices

and calibrating model parameters to market option prices.

1.2 Preliminary Definitions and Results

In this work, 7% < oo and T' € [0,7*]. T™ and T stand for the time horizon of the market and
the maturity time of a contingent claim, respectively; (Q, F, P) is a complete probability space;
6 is a semi Markov process defined on R™ x (Q, IF, P) into F/, where F' is an at most countable
subset of the set of natural numbers N and RT = [0,00). For each n € N, T,, stands for the
n — th jump time of §. For s € [0,7] and 0,- = j, (Li—)se[O,T] is the Lévy process with Lévy
triplet (u(j),0(j),v(j,)), where u(j),0(j) and v(j,) are the drift rate, the diffusion rate and the

Lévy measure, respectively. (L¢)iejo,7), (Hi)iepo,r) and (Hy V L¢)iepo,7) are sub-sigma algebras
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of I generated by the collection of Lévy processes L7, Vj € E, the semi Markov process 6 and
(LY, 0t)iejo,7)> Tespectively. Let (8,)n>0 and (By)cjo,r) be a discrete-time real valued stochastic
process and the sub-sigma algebra of [F adapted to the discrete process 3, respectively. We denote
the enlarged filtrations (I; V By)seqo,7] and (Hy V By)seo,r) by (Lie)iepo,r and (Hy)zepo 11, respec-
tively. Let (4, .,.) be the Poisson random measure with compensator v(j, dz). It is also assumed

that the sequence (35, )n>0 is independent of both #(7, ., .) and the Brownian process By, for j € E.

DEFINITION 1.2.1 [17] Let § and {T,}22 be a semi Markov process and its jump time sequence
with Ty = 0, respectively. A couple (0,,T,) is called a Markov renewal process with kernel Q

induced by the semi Markov Process (0y), if it satisfies:

P(0n =4, T < t|(0k,Ti), k=1,2..n — 1)
= P(en =) Ty —Th1 <t — Tn71|0n71aTn71)

= Q(On-1,4,t — Tn—1), (1.2.1)
where 0, stands for O, .

REMARK 1.2.1 7, = T},41 — T, denotes a holding time at 7},. The holding times conditional on

the current state are independent [17]. The kernel in (1.2.1) can be represented as:
Qi,j,t —Tn) =Py = 4, Ty — Ty <t — Tpa|fp—1 =1). (1.2.2)

Moreover, for (0, Ty,) = (On(1)> Tnr)), Vt € [0, T, where

n(t) = max{k € N,T}, <t} (1.2.3)
In particular,
Qi j,t) = PO = 4, T, — Tyi—1 < t|0p—1 = 1). (1.2.4)
Furthermore, we define
Dij = tliglo Qi,7,1), (1.2.5)

where p;; is called the steady state transition probability of the embedded Markov chain from state

i to state j with ¢, j € E and n(E) = m.

For the sake of completeness, we present survival distribution and sojourn time distributions asso-

ciated with the semi Markov process 6.



DEFINITION 1.2.2 The conditional cumulative distribution of the holding/sojourn/residence time
(respectively, survival function) given that 6 transits from a state i to state j is defined by F(t|i, j) =

P(1y, < t|6 = j, 01 = i) (respectively, S(.|i,j) =1 — F(.i,)).
In the following lemma, we outline a few well known properties of semi Markov processes [17, 30].

LEMMA 1.2.1 The kernel of the semi Markov process defined in (1.2.4) is represented by

Q(i,7,t) = pi s F(t]i, 7). (1.2.6)
Moreover,
jerE
£(r]6o = 9) —23(tli, j)
= —L > 1.2.
BT > slfo—i) _ S(s i) 1 T=E (1.2.8)
o o '_E(th?])
Aij(1) =P S0) (1.2.9)

Proof. We first establish (1.2.6). From (1.2.4) we have

Qi j,t) = P(On = j, T — Tpm1 < t[bn—1 = 1),
= PO, = jlOn_1=9)P(T, — Thm1 < t|0p—1 =1,0, =)
= pi i F(t|i, 7).
For the proof of (1.2.7), we use Definition 1.2.2 and (1.2.6).
F(t|i) = P(1y, < t|0, = 1)
= Zpi,jF(t\z',j) (1.2.10)
JEE

Hence,

S(ti) =1=> " pi;F(tli, ).
jeEE
This completes the proof of (1.2.7). For the proof of (1.2.8), for » > s, we have

f(r]fo = i)
P(Ty > sl6g =1)’
= _%(T‘i) ( definition of survival function)

P(T1 > 8’95 = i)’
_ -8

S(s~li) -

( definition of conditional density)

(1.2.11)



This completes the proof of (1.2.8). The proof of (1.2.9) follows from the definition of Hazard

functions and (1.2.6). This completes the proof of the lemma. U

REMARK 1.2.2 A homogeneous Markov process is a particular case of semi Markov process.

Hence, Q;;(t) = pi;(1 — e2%)). We also have the following relationship:

¢ij = pijq(i), (1.2.12)

where (Qij)mxm is the Infinitesimal generator (intensity matrix) of a Markov process, and (pij)me
is its transition probability matrix defined in (1.2.5). The following can also be inferred from (1.2.6)

and (1.2.7),
S(tli) = 1= Q(i, j,t). (1.2.13)
JEE
DEFINITION 1.2.3 Let y; be the backward recurrence time of the semi Markov process 0 at time t.

y; is defined as follows:

Yt = Z(t — 1) LT <t<Tpin)s (1.2.14)
n>0

where the sequence {1, }22 is introduced in Definition 1.2.1.

DEFINITION 1.2.4 Let 1) : RT x R x RT — R be the random Poisson measure with inten-
sity measure v, H and G smooth functions defined on R™ x R into R, satisfying the condition:
fzeR ((1 + Hz(z,j))1|z‘>1 + G2(z,j)1|z‘§1)1/(j, dz) < oo, Vj € E. Moreover; 1 = ) — v

denotes the compensated Poisson measure associated with 1.

In the following we present a lemma, which would be used, subsequently.

LEMMA 1.2.2 Let (ay, by,) and (cy, dy,) be two renewal processes defined on the same probability
space (Q,F, P) and state space E. Then the renewal processes have identical transition probability

matrices and sojourn time distributions, respectively.

Proof. From (1.2.5), it’s clear that the transition probability and the holding time distribution are

completely defined by the kernel matrix. In fact, we have,

Jim Q(i, j, t) = tlg&pijF(ﬂZa]) = Dijs



and hence,
Q (Z? j? t)
Dij
This establishes the result. O

(i, j) =

LEMMA 1.2.3 Let n(t) be defined as in (1.2.3). The pair (0;,t — T,1)) is a Markov process.
Proof. Letbe s < twitht € [T, T,,+1) and s € [Ty, Tynt1) (M < n). For u < s, we have:

P(0y =i,t — Ty < a|(0u,u — Tp(y))) , (for some a € RT)

= P(0r, =i, Toy1 — Tn < a|(0u,u — Tyyy)), (fort € [T, Tny1))

= P01, =i, Tpp1 — T < a|(01,, Tk), k < m), (fors € [T, Tput1))
= P(@Tn =4, Thy1 —Th < a]HTm), ( Markov renewal process property)
=P (6, = n(t) < alfs), ( definition of n(t)).

Hence, the probability at a future time depends only on the most current information at time s. This

shows that (6, — T}, (;)) is a Markov process. O

REMARK 1.2.3 For the remainder of this paper 6 is a semi Markov process with jump time 7,,
with sojourn time 7, = Ty,41 — T5, ~ f(|0n, Onr1) with CDF F(|6,,, 6,,4+1) and with survival CDF
S(10n,0n+1) = 1 — F(|0y,0,+1). The semi Markov kernel is denoted Q(i, j,t), the backward
recurrence time y; is defined in (1.2.14) and (p; j)mxm is the transition probability matrix of the

embedded Markov chain.

1.3 Method for Finding Closed Form Solutions

In this section, we find a closed form solution of a Lévy-type Linear Stochastic Differential Equation
under semi Markovian structural perturbations. The presented extension is based on the procedure
described in [47]. The usefulness of the result is at least twofold. It is used to establish the martingale
property for certain processes in Chapter 2. In addition, it is used to formulate a general expression
for the simple return process with any Lévy and semi Markov jump choices. We consider the

following Lévy-type SDE:

dr; = x-dLY,  x(0) = xo, (1.3.1)



where,
dL! =u(B,)dt + 0(6)dB, + | H(z,0,)0(8;, dz, dt)
|z|>1

+ G(2,0,)¢(0,dz, dt), (13.2)

|z|<1
0 is the semi Markov process defined in Section 1.2; ¢, v G and H are in Definition 1.2.4. Following
the procedure described in Chapter 2, [47], we break down (1.3.1) into the following four types of
simplified SDEs.
dri = xiu(0y)dt
dz} = 2?_o(6;)dB;

(1.3.3)
da} = x}_ Jizj51 H (2, 00) (0, dz, dt)

drf =} [.c) G200 (0, dz, dt).

\ <

Imitating the procedure in [47], the closed form solution processes of
dxtl = xtl_,u(et)dt and dx? = U(Qt)fﬂtdetv

are

t t t
z{ = [exp (/ 11(05)ds)]e1 and 7 = exp [— ;/ o2(0s)ds —|—/ U(HS)dBS:| c2, (1.3.4)
0 0 0

respectively; c; and cg are arbitrary constants. We next consider the third type of SDE in (1.3.3):

do} = 23 H(z,0:)(0;,dz, dt). (1.3.5)
|z|>1

‘We seek a solution of a form:

t
T3 = exp [/ fa(z,05)0(0s,dz, ds) | c3, (1.3.6)
0 Jlz|>1

where f, is an unknown smooth function to be determined, and c3 is a real random variable. The

Ito integral for pure jump processes (1.3.6) yields:

ghae—ai= Y (ad-al)
t<s<t+At
t+At
= / / (xi’, ef1(z0.-) _ mi’,)w(Qs-,dz, ds)
t |z|>1
t+AL
— / a / (e/1&0=) —1)y(0,-, dz, ds) (1.3.7)
t |z|>1



As At becomes very small, (1.3.7) reduces to:

daf sl [ (1), dz o) (138)
|z]>1

Since 23

[47] and obtain:

is solution of stochastic differential equation (1.3.5), we repeat the procedure described in

exp (fa(z,01)) — 1= H(z,06). (1.3.9)
Hence,

fa(z,0;) =In(1+ H(z,6)). (1.3.10)

Therefore, the general solution of (1.3.5) is represented by

23 = exp{[/ot /|, A1+ H(z09)0(6,, dz, ds)] }es. (1.3.11)
2>

22 is almost surely finite. Finally, we find a solution of the following stochastic differential equation:
dry = x} /|<1 G(z,00)(0y, dz, dt). (1.3.12)

We seek a solution process of(1.3.12) in the following form:
z} = exp{ / / (2,05)0 (05, dz,ds) (1.3.13)

|2|<1

n / /| _ o0 )t s e, (1.3.14)

where f5 and fg are unknown smooth functions to be determined, and ¢4 is a real valued random
variable. 2% in (1.3.12) is an exponential function semi martingale of the form v = f(f f\ZlSI f5(z, 93)7])(03, dx,ds)+
fo f <1 fo(z,05)v(0s,dz)ds. Applying the Ito formula for discontinuous semi martingales, [1], we
have

ox} ¢ 102z} . , ozt
Sbdv+ 5 Sk )d(v)—i—(Awt - AL)

Zl’f— /||<1 (f6(za‘9t—) +exp (f5(2,6;-)) —1 - f5(z,9t_))y(9t_,dz)dt

4 _
dz; =

+x§_/ (exp (f5(2,0;-)) — 1)0(0;-, dz, dt). (1.3.15)
z|<1

Again, following the procedure for finding solution processes in [47], we get:

f6(2,0) +exp (f5(2,6¢) — 1 — f5(2,0,) =0

exp (f5(z,0:)) — 1 = G(z, 0:).

(1.3.16)



Hence,

f5(2,6,) = In(1+ G(z,0:))

(1.3.17)
fo(2.00) = In(1 + G(2,0,)) — G(z, ;).
Therefore,
ot = exp{[/t /Z|<1 [In (14 G(z,0,-)) — G(2,0,-)]v(0,-, dz)ds (13.18)
+/t/ll<11n(1+G(z,es_))@z?(es_,dz,ds)}}C4. (1.3.19)

The product of 2!, 22, 2> and z* in (1.3.4), (1.3.4), (1.3.11) and (1.3.19), respectively, yields the

solution of initial value problem (1.3.1):
¢ 1
2t xoexp{{/ [M(esf) - 02(95)+/ [In (1+ G(z,0,-)) —G(z,Gsf)]y(Hsf,dz)]ds
0 |z|<1
/ -)dBs +/ / n(1+ G(z,0,-))(0,,dz,ds)
|z|<1
/ / n(1+ H(z0, ))w(@s_,dz,ds)]}. (1.3.20)
|z|>1
In the following, we present a few versions of (1.3.20).
REMARK 1.3.1 We note that adding and subtracting
t - t
/ G(z,0,-)¢(0,-,dz,ds) and/ H(z,0,-)Y(0,-,dz,ds),
|z|<1 |z|>1
(1.3.20) reduces to:
t t t -
T = To exp{[/ N(QS)ds—i-/ o(0,-)dBs +/ G(z,0,-)¢(0,s-,dz,ds)
0 0 0 J)z|<1
t 1 t
s [ HG0 06, duds) 5 [ 00, )ds
0 Jlz>1 2 Jo
t
+ / / [ (14 G(2,0,)) — Glz,0, )] (0, ,dz)ds
0 J|z|<1
t
s[4 Ge00) - G50, d)
0 J|z|I<1
t
+/ / [In (14 H(z0,-)) —H(z,&sf)]w(esf,dz,ds)}} (13.21)
z|>1



t
Moreover, adding and subtracting / G(2,0,)0(0s,dz,ds),

zl<1
t t
/ H(z,0,)6(0,- dz, ds), and / H(z, 0,00, d=)ds,
z|>1 z|>1
(1.3.20) becomes:

t t t
xy = xg exp{ [/ p(0s-)ds + / o(0,-)dBs + / G(2,0, )0 (05 ,dz,ds)
0 0 0 J|z|I<1

¢
—{—/ H(z,0,- )05, dz,ds)
0 Jlz|>1

t t
+/ / In (H(z,05-)+ 1)v(b,-,dz)ds — 1/ o?(0,-)ds
0 Jlz>1 2 Jo

—|—/ /||<1 [In(1+ G(2,0,-)) — G(2,05-)]|¢(b,-, dz, ds)
/ /||<1 14 G(z,05-)) — G(z,0,-)|v(b,-,dz)ds

//u [+ Hs0, ))—H(z,es_)m(es_,dz,ds)]}. (1.3.22)

In the following remark, we take a look at a few particular cases of interest which will be used,

subsequently.

REMARK 1.3.2 If H(z,6,), G(z,0,) and L? in (1.3.2) are replaced by ef/(*0s) — 1, ¢G(z0s) _ 1

and
dL? =p(0s)ds + o(0s)dBs + / [eG #0s) _ 1)4(0s, dz, ds)
|z[<1
+ / [T =0 —1]4(85, dz, ds), (1.3.23)
|2[>1
respectively, then the solution of the IVP (1.3.1) in (1.3.20), (1.3.21) and (1.3.22) reduce to:
t 1 5
si=aoesp| [ [n0) - 5000
0
+ / (G(z,0,-)+1— eG(z’es*)} I/(QS—,CZZ):| ds
|z|<1
t
+ / (0, )dB, + / G2, 0,)(0,-, dz, ds)
|z|<1
/ H(z,6, )w(ﬂs,dz,ds)]}, (1.3.24)
[z|>1
t
xy = xoexp{ [/ wu(0s-)ds + / o(0,-)dBs
0 0

10



t
+ / / (€02 —1]9(8,-, dz, ds)
0 J|z|<1
t 1 t
—l—/ / [eH(Z’es*) —1]¢(0,-,dz, ds) — / o2(0,-)ds
0 Jlz|>1 2 Jo
t
+/ / [G(z,05-) — G0 1v(b,-, dz)ds
0 J|z|I<1

t
+/ / [G(z,05-) — eGlb-) 4 19(8s-, dz, ds)
0 J|z|I<1
t
+/ / (H(z,0, ) — G0 4 1]¢(05_,dz,ds)} I3 (1.3.25)
|2>1

x = w0 exp{ [/Otu(Gs—)ds + /Ota((’s—)st

t
[ 50, e ds)
0 J|z|<1
t
—I—/ / [eH(Z’es‘) —1]¥(0,-, dz, ds)
[z[>1
1 t
/ H(z,0,-)v(0,-,dz)ds — / o?(0,-)ds
|z|>1 2 0
0 J|z|I<1
t
+/ / (G(2,0,-) — eGb-) 4 1v(0,-,dz)ds
0 J|z|I<L1

t
+// [H(ngs)_emz,es—)“w(es,dz,ds)}}. (1.3.26)
0 Jlz|>1

In addition, if 1(65) in (1.3.2) is replaced by [u(@s)—i—%ﬂ(ﬁs)—i—ﬁz‘g [eG(0:) —1—-G(z,05) | v (0s, dz)} ,
then (1.3.24), (1.3.25) and (1.3.26), respectively, reduce to:

xy = xoexp] {/t (0,-)ds + /t (0,-)dBs
/ e GO, 2)¢(0,-,dz, ds)
<1
—l—/ . H(O,-, 2)Y(0,-,dz,ds)| }

= zoexp{[LY]}, (1.3.27)

Ty = xoeXp{[/otu(9s)d8+/0t0(95)d33

t
G(z,@s_) - n _
+/0 /|z|<1 S 0, e, )

11



t
+// [ef=0=) —1]4p(0,-, dz, ds)
0 Jlz|>1
t
N R CCR RS I FS
0 J|z|I<1
t
+/ / [H(Z,esf) —eH(Zﬁ“F) + 1]¢(93*7d27d3> }7
0 Jlz|>1
t t
xt:xoexp{[/ u(@s)ds+/ o(0-)dBs
0 0
t
—|—/ / [eG(Z’es—) —1]¢(b,-, dz, ds)
0 JzI<1
t
+/ / [eH(Z’es*) —1]¥(0,-,dz, ds)
0 Jiz|>1
t
—l—/ / [eH(Z’es*) —1]v(b,-, dz)ds
0 Jlz[>1
t
—|—/ / [G(z,&sf) — ef=0-) 4 l]w(esf,dz,ds)
0 J|z|I<L1

t
+// [H(z,@s)—eH(z’Hs‘)—Fl]w(Hs,dz,ds)}}, (1.3.28)
0 Jiz|>1

where L? is defined in (1.3.2). Moreover, if z4(6;-) in (1.3.1) is replaced by [,u(@s—) +30%(0,-) +
Jier [€999) =1 = G(2,0,-)]w(0,-,d2) + [0, H = OSf)y(Gsf,dz)} , then (1.3.26) reduces

to;
t t
xt:xoexp{[/ u(@s)ds+/ o(0,-)dBs
0 0
t
o[ S50, e ds)
0 Jz<1
t
+/ / [eH(Z’es*) —1]¢ (-, dz, ds)
0 Jiz|>1
t
+ / / [G(2,0,-) — e E0=) 4 1]9(0,-, dz, ds)
0 J|z|<1

t
+// [H(2,0,-) — e"&0=) 1 1]4p(0,-, dz, ds) | }. (1.3.29)
0 Jlz|>1

1.4 TIto Differential Formula

In this section, we define the asset price model and we derive the infinitesimal generator of the
quadruplet (¢, y,6,z). We denote LY the Lévy process with Lévy triplet (p(6;),0(6;), v(6;, dz))

defined (1.3.2). Following the argument used in [47], we formulate a linear stochastic hybrid dy-

12



namic model for stock price process under structural perturbations of semi Markov and Lévy pro-

CeSsses.

DEFINITION 1.4.1 A linear stochastic hybrid dynamic model under semi Markov and Lévy struc-
tural perturbations is defined as follows:

dz(t) = z(t7)dL | 2(T},) = xn , t € [T,, Th
x(t) = x(t7)dLy", (1) == [ +1) 141)

Tn = Bnx(T, , Th—1,2Zn-1), ©(0) =x¢,n € I(1,00) =N,
where {T),}°° | is an increasing sequence of jump/regime switching times of the semi Markov pro-
cess 0 with Ty = 0 introduced in Definition 1.2.1 ; forn € 1(0,00) = {0,1,2,3, ...}, 8, denotes
the discrete time state jump process caused by the semi Markov process from state 6,,_1 at Ty,_1 to
0y at T, it is denoted 3, = s, 4, highlighting the assumption that semi Markov jump distribu-
tions depend only on the previous and current market states. The density function of (B; j is b(.|i, j)

and LY is defined in (1.3.2).

REMARK 1.4.1 A few observations about the model in the context of Remark 1.3.2 are in order.
The solution of (3.2.4) can be described by the following discrete time iterative process [47]:

x(t, Ty, Tp) = Tp €xp [f;n dLg”] 1 € [Tn, Totr) (1.4.2)

T = ,an(Tn_, Tn—h xn—l)v
where L? is defined as the exponent of the solution process of (1.3.1) as expressed in (1.3.27). The
semi Markov process decomposes both the time and state domains causing structural changes in the
stock price process, while the Lévy process directly decomposes the state domain of definition of

the stochastic dynamic model.

In the following we are exhibiting three particular cases of the model developed in (1.4.1), which
generalize systematically Black Scholes model, Merton Jump diffusion model and the Normal In-
verse Gaussian model. We will subsequently use these generalized versions of these models to
exhibit the role and scope of the model in (1.4.1). In all three instances of (1.4.1), we assume
G(z,0;) = H(z,60;) = z,Vt € [0, T]. In addition, these models are referred to as: The semi Markov
Black Scholes (SMBS),the semi Markov Merton Jump Diffusion (SMMJD), the semi Markov Nor-
mal Inverse Gaussian (SMNIG).

13



ILLUSTRATION 1.4.1 We are ready to formulate an illustration regarding the models SMBS, SM-
MIJD and SNNIG as special cases of (1.4.1).

Semi Markov version of Black Scholes (SMBS) model: we assume the It6 Levy process L has no
Levy jumps, in other terms, the Poisson random measure 1,5 has intensity measure v, = 0. The
Semi Markov version Black Scholes (SMBS) model in the context of (1.4.1) reduces to:

da(t) = x(t™) [p(0)dt + 0 (0)dBy] , 2(Tn) = @n o t € [T, Tnt1) (1.4.3)

Ty = an(Tgan—hxn—l) 5 37(0> =2p,N E I(l, OO) = N,
Semi Markov version of Merton Jump Diffusion (SMMJD) model: we assume the It6 Levy

process L has jumps of normal size with mean and standard deviation ,,,jq and fi,, 4, arriving at a

finite Poisson rate \,,,;4. We also assume the corresponding Poisson random measure denoted 1), ;4

)‘m 'd(et) _ (zf;u“m 'd(ei))2
rmgal00)vEr P [ 27, ., (00)

Merton Jump Diffusion (SMMJD) model in the context of (1.4.1) reduces to:

has intensity measure v,,;4(6;) = ] . The semi Markov version of

dzx(t) = z(t™) [u(@t)dt +o0(0;)dB; + fzeR 2mid(On, dz, dt)] ,x(Ty) = xn ot € [T, Tht1)
Ty = Bpx(Ty , To-1,2n-1) , 2(0) = 29, n € I(1,00) =N,
(1.4.4)
Semi Markov version of Normal Inverse Gaussian (SMNIG) model: here we assume the It6 Levy
process L has no diffusion component (o(6,) = 0), with Levy measure

nig(04)0nig(01)

T

K (amg(at) |x‘) eXp [(Bmg(et)x)] )

ijd(es) =

where K is the modified bessel function of the third kind. The corresponding random Poisson
measure is denoted 1,,;4. The semi Markov version of Normal Inverse Gaussian (SMNIG) model,

in the context of (1.4.1) reduces to:
dz(t) = z(t™) [pu(6)dt + o(6;)dB; + f‘z|>1 2nig(On, dz, dt)
+f|z|§1 2nig(On, dz, dt)] yx(Ty) = xn , t € [T, Try1) (1.4.5)
Ln = ﬁnl‘(Tn_,Tn,b$n,1) > LL‘(O) =Zp,Nn € I(LOO) =N,

REMARK 1.4.2 From (1.3.27) and (1.4.1), the size of the jump in log price at time T, is In (53,,).
The density function of In (3,,) is described by:

b(2|0n_1,0n) = b(e*|0p_1,0,)e, (1.4.6)

14



where b(.|0,,—1, 0,,) denotes the density of (3, and e is the Naperian base. We further note that the
discrete time dynamic system in (1.4.2) is an intervention process. A feature of interest of this model
is its potential to capture, simultaneously, three important stylized facts. The volatility clustering
exhibited in log return time series, the slowly decaying autocorrelation of square returns and the
observed correlation between log returns and volatility [10, 16]. As the market switches from one
state to another, the diffusion rate changes while the asset price is subjected to a jump. Thus the

diffusion rate and the price jumps are modulated by the process 6.

For the development of an infinitesimal generator, in the following, we define a point process en-
coding both the regime switches and the jumps of x at regime switches. At each regime change, we
note that the jump in log price is In (3,). We define E? = {(4,5), (i,j) € E x E,i # j} and the
power set of E2, P(E?). B(R) is the Borel sigma algebra of the real line. We are ready to define

the aforementioned point process.

DEFINITION 1.4.2 8, and 6,, are introduced in Definition 1.4.1. Let N(t, A, B) be a stochastic

process defined on [0, T] x B(R) x P(E?) into [0, 00) as:

N(t,A,B)=) 1 (62Tl (o)A, (Or_1,6)< B) (1.4.7)

n>1

and N (t, A, B) stands for the number of regime switches in B with corresponding log price jumps

In (8y) € A by time t.

REMARK 1.4.3 We observe that:

N(tyAaB) = Z N(t7A7 {(%])})7 (1.4.8)
(3,5)eB

where N(t, A,{(i,7)}) counts the number of regime switches from ¢ to j with corresponding log

price jump In (53,,) € A.
In the following Lemma, we derive the predictable compensator process for N (t, A, {(,7)}).
LEMMA 1.4.1 Let N(t,A,{(i,7)}) be the point process introduced in Definition 1.4.2. Then

N(EANTo, A {(0,9)}) = 7(EATo, A {6 5)}) (1.4.9)
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is a martingale with respect to the filtration (Hy)¢>0,Vn € 1(1,00), where:
~v(t, A, {(i,7)} / / b(zli, )i j (ys)dzds, (1.4.10)
and \; j are defined in (1.2.9).

Proof. From [8, 63], it is enough to prove that N(t AT, A,{(i,7)}) — vt ATy, A, {(i,7)}) is an

(H), ,-martingale. For any 0 < s < t and for each n € I(1,00), it satisfies:
B[ [N(t A T A, {6 3)}) = At A Ty A,{(, )]
—[N(s AT, A, {(i,5)}) — (s A T, A, {(i, 5) HH} (1.4.11)
and if and only if
E(N(EA T, A, (0, )}) = N(s A T, A, (G, )|
:E(fy(t/\Tn,A,{(i,j)}) V(s ATy, A, {(i, ) \H) (1.4.12)

We prove that (1.4.12) holds. We first prove that (1.4.12) holds when the jump process IV is stopped
at 71. We then prove by the Principle of Mathematical Induction that (1.4.12) is true when N is

stopped at time 7},. From Definition 1.4.2, (1.2.5) and for 0 < s < ¢, we have

E(N({tAT,A{(i,5)}) — N(s ANT1, A {(3,5)})|Hs)

E<1(T1§t,1n (B1)EA N =j.00=i) — L(T1<s.In (B1)€A,01=5,60=i) |00, T1 > S>, forT) > s

0, for T1 < s,
:1(T1>5)E(1(T1§t,1n (B1)EA B =j,00=1) — L(Ty<sIn (B1)€A,0,=j,00—i) |00, T1 > 8)

=11, >5) B (L(s<m <t.n (81)€A01=j.00=i) |00, T1 > 5)
P(s <Ty <t,In(B) € A, 01 = j|bo = 1)

:1(T1>S)1(90:i) P(Tl > 5’90 = Z)
P(s < Ti,In (B1) € Al6s = j, 6 = i)
=L(1y>5) L(0=i) Pij S(sli)
P(t <Ty,In () € Al6r = j, 60 = i)
= L1y > L(00=i)Pis S(si)

P(s <Ty|0g =1,01 = j)

=Ly >8)L(go=i) P(In (B1) € AlIn (B1)i, j)pi;

S(sli)
. PE<Ti|0y=1i,6, =]
= Ui ey PUIn (51) € Alln (3)i oo - 0 =)
AS(tli
=1(1, 55 L(9y=i)Pis P(In (B1) € A6 =i,01 = )M’ (1.4.13)
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where AS(t]i,j) = S(t|6p = 1,01 = j) — S(s|0p = i,0, = j), with S(.]4, j) denoting the condi-
tional survival distribution of sojourn time when the process switches from 7 to j. From (1.2.8),

(1.2.9) and (1.4.6), we have
E[N(t A Tla Aa {’Lv.]}) - N(S A Tl’Av {Z)]})]
t
= / / ) L1y >5)L(8o=0) 0(2[4; ) Ni,j (Yu) dudz. (1.4.14)
s zEe

On the other hand, from (1.4.10) and (1.2.8), we obtain:

Ely(t AT, A{(i,5)}) — (s ATy, A {(6,4) 1) |H)

t/\Tl_
=1(eo_z~>1T1>sE[ / y /0 B2, )N (y)dudz

sAT1 —
[ el s
z€A JO

Ty Nt
=1T1>31(902i)E{/T X P(In (1) € Ali, §)Xij (yu)du|Ty > 5,60 = z} , ( Fubini’s theorem)
Y AS

nint —dS(rl6p = i
=1p>sl (Bo=1) / / P(In (p1) € Ali, j)A ”(yu)duu—o_)

Ty As S(sl0p = 1)
it —dS(r|f = i)
=17,>51(9y=i) [/ / P(In (81) € Ali, j)Ai ,J(yu)dum

o /M (In (51) € A6, )i (o) ﬂ%?%}

=17>s1(9,=0) [ S(S‘|Za])/s /S P(ln (1) € Al j)Ni,j(yu)dudS(r|0o)

~ g —dS (i = )
+/t [/s P(In(B1) € Ali, 5) i j(yu)d ] 505100 =) ]

=11 >s1(9,=i) [_ S(swzzi) /St /ST P(In (B1) € Ali, 5)\ij (yu)dS (r]00)du
* /st [/:O W}P(ln (61) € A\i,j))\i7j(yu)du]

=l1>s1(=0) [— (/ P(In (B1) € Ali, j)Nij(Yu)

|90 :Z
X [/ dS(rly = i)|du

S(t|6o = 9) o
Sislh = 1), P (1) € A0
:1T1>51(9021')P(1n (51) € A|i7j) [S(s|0t:z)/ )\i,j(yu) [S(U|90 = Z)
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t|00—l
— S(t|6o = )] du + |90_l/s i yudu}

e Ali ¢
PR T P(ln /8|100 = @| J) / S(ulfy = i)du
P(In (1) € Ali, j) —dS(uli, j)
:1T1>$1(60:i)plj ( ‘90 — 7,) / ( ’00 )m

5(8’17]) — S<t’Z7])
S(s]2) '

=11, >51(g,=i)pig P(In (B1) € Ali, j) (1.4.15)

From (1.4.13) and (1.4.15), we get

B (1t AT A{GDD) ~ 26 AT A (G DI

S(‘S’Z?]) — S(t‘%])
5(s]60)

:E(N(t/\Tl,A,{(i,j)} — N(s ATy, A {(i, ) \H)

= 17,551 (gy=i)Pi; P(In (B1) € Ali, j)

This establishes (1.4.12). Hence the stopped point process N (¢ A 11, A,{(4,7)}) has predictable
compensator y(tAT1, Ax{(i,7)}) defined in (1.4.10). Assuming that (1.4.11) is valid for some k €
I(1,00), and repeating the above argument, we verify the induction assumption. By the principle
of mathematical induction, we conclude that N ((¢t A Tk, t A Tr41], A, {(i,5)}) — vt A Ti, t A
Thi1], A, {(i,7)}) is an (H)s>o-martingale. O

Prior to turning our attention to the infinitesimal generator, we first establish It6 differential formula

for (1.4.1).

THEOREM 1.4.1 (Ito Differential Formula) Let V € C [R+ x RT x RT x R, R| be continuously
differentiable in the first and second variables and twice continuously differentiable function in the
fourth variable. Let x, y, N and -y be stochastic processes defined in (1.4.1), (1.2.14), (1.4.7) and
(1.4.10), respectively. Moreover, processes N and 1) do not jump simultaneously P—almost surely.

Then

dV(S7 y87 Y 087 Y xsf)

— (LV) (8,Ys—, 05—, xs—)ds + o (04— )4 g—Vst
T

—i—/ [V(s, Ys, 05, s~ + x4~ G(2,05)) — V(ys, 93,3357)}1;(05, dz,ds)
|z|<1

—i—/ [V(s,ys,ﬁs,xsf +x-H(z,05)) — V(s,ys,Hs,xsf)]lﬁ(Gs,dz,ds)
|z|>1
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/ZeR > {Vsys,J, —€°)

JEB\{0, -

- V(Sa Ys—» 03_ ) :Es_)}N(dSa dZ, {(93_7j)})’ (1416)
for 0,— € E where:

LV (8,ys—, 05—, T5-)

v av WV 1, PV
=05 Ty THO )T Gt 5o O )r 5

+ [ [V O+, Gla6,)
|z|<1

- v(saysfaesfamsf) - G('Z?esf)x 88‘;] (0 - dZ)

[V O 4oy H,0)
|z|>1
- V(Sv Ys—» 03* ’ xsf):| V(QS* ) dZ)

Y de ) [V e)
z€R j#6,-
_ V(s,ysf,Hsf,xsf)}?)(zwsf,j)dz, (1.4.17)
0, € Eand N = N — .

Proof. Let V be defined as in the theorem. Let {7},}°° ; be a sequence of semi Markov jump times
and Tp = 0. For t € R™, we can find an interval [T},, T),41] such that T,, < t < t + At < T}, 41 for
some n € N. Let {J"}] "o C [T, Th+1) and Jg' = T, be a finite sequence of jump times due to the

Lévy jump process for k,, € N. We further note that the interval can be rewritten as:

[TTH Tn+1] [Tnv Tn+1} [Tn_+17 Tn—i—l] (1.4.18)
We observe that [J7', 5] N [, J7 4] = 0. In addition,
kn
T, Tro) = U (V7 7] U 7, T (1.4.19)
7=0

It is known that the state dynamic process operating under the above stated conditions decomposes
into three parts, namely, the continuous time, the Lévy jump time and the semi Markov jump time.

In fact, the solution process of (1.4.1)/(1.3.1) can be rewritten as:

zy = 5 + 2d + a3, (1.4.20)
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where ¢, 2¢ and § are due to the presence of continuous process, Lévy process and semi Markov
process, respectively. We further observe that for s € [T;,, T,+1], we have: s = s~ + (s —s7) =
s~ 4+ As, where As = s — s~, s~ # s. From Definitions 1.2.3, 1.4.1, we note that y, = y,-
and 05 = 0, for s € [T, T, ] and for s = Tp,41, s # 57, ys- # ys and 07, # O,-.
Moreover, thereisa j € I(1, k, — 1) such that s € [J7', J2 U [J2 . T, ]. We choose As so that
s+ As € [J}, J7 ]. For these choices of s and s + As, we have:

YstAas = Ys— + As

Osins = O (1.4.21)
Tsyns = Tg— + Az,

Furthermore,

Az, if s € [J7, J2 ) U R Tht), forj € 1(0,k, — 1) and n € 1(0,00)
Azg = Azl if s = Jiyy, forj € I(1, by — 1)
Azs it s =Th

(1.4.22)

(1.4.22) implies that for s, As € [J 7 J”_H), the change in state dynamic process is in the absence
of the influence of Lévy jump process. On the other hand, for s = J} for each j € I (1, k), the
dynamic process is interrupted by the presence of Lévy jumps. Finally, if s=7}, 1, then the dynamic
system undergoes a structural change. Here the structural change is under the influence of the semi
Markov process. Therefore, there is no contribution of the continuous time dynamic process.

Based on the nature of the dynamic process operating under continuous time process, semi Markov

process and Lévy process, we compute the change in the auxiliary function V as:

V(S + A37 Ys+As, 95+A57 xs—i—As) - V(S7 Ys, 95) :175) (1423)

in the context of state dynamic model (1.3.1).
The computation of change in (1.4.23) depends on the computation of changes over the time domain

of decomposition of [T},, T,,4+1] forn € I(0, co). For computation on Uflal (7 T T UE, s Tatal,

we utilize the generalized mean value theorem. For this purpose, we pick s, s+As € [J ]”_ , }Erl) C

[T,, T, ]. From (1.4.21), the computation of (1.4.23) on the time domain U?go (7 TV UE, s o]
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regarding the continuous part of state dynamic (1.4.1)/(1.3.1) is as follows: The decomposition of
three subsets of time domain [T}, T;,+1], namely, Ui [J2, JES TUIJE . T, 4], or U 2y s Tl

or [T, Tpy1] for n, ky, € I(0, c0).
V(S + AS, Ys+As» 95+A87 ws—i—As) - V(87 Ys, 987 .’,Us)
Lrov
:/ [g(s +nAs,ys +nAs, 05, x5 +nAxs)As
0

oV
+ 8—y(s + nAs,ys + nAys, 0, x5 + NAxs) Ay

(?)V (s +nAs, ys + nAys, 05, 75 + nAxs)Axs} dn
a (3 Ys, 957 xS)AS + 88‘; (37 Ys, 987 xs)Ays
+ aav (8 y57 087 xS)AxS
Lrov
+/ |:87($+77A87y5 +77A87057x$ +77A$s)
0 X
- (?)V(S’ Ys s, xS)} Axsdn + g5y(As), (1.4.24)
XT
where,
£s,y(As)

(95
(s Ys) 95,1"5)} Asdn

Lrov
:/ |:7(5 + UAS, Ys + 77A3/s, Os, s + UA!TS)
0

0
/ (s +nAs, ys
oV
+ nAys, 0s, x5 + nAxg) — 8—y(s, Ys, O, xs)] Aysdn. (1.4.25)

We again apply the generalized mean value theorem to the integrand in (1.4.24), and we obtain:

e
7(5 =+ 77A57 Ys + "7Ay37 Os, s + nAxs)

oz
oV
- %(s +nAs, ys + nAys, s, z5)
62
8 9,2

82
+/ [ (s + As,ys + nAys, 05, x5 + enAxy)
0

(S Ys, Os, xs)nAxs

022
2
(Z Z(s Ys, 05, T5)] Azgnde. (1.4.26)
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From (1.4.26), the fourth term in (1.4.24) reduces to:

/01 {?;(3 + nAs, ys + nAys, 0s, s + nAxg) — Ez)‘;(sa Ys, s, os) | Axsdn
- ;gig(s,ys, Os, ) (Azs)? + ex(As), (1.4.27)
where,
+(As) / / s+As Ys + nAys, s, s

0%V
+ 677A-Ts) - a$2 (S, Ys, Os, ms)] (Aﬂﬁs)277d77d€

L ov
_|_/ [ (s+77A5 Ys +77Ay53957558)
o -O0x

oV
Oz

From (1.4.24) and (1.4.27), we have:

— (8, Ys, 05,x5)]dnA:US

V(S + As,ys + Ays, Os 1 As, xs-i—As) - V(Syy& 987:(:5)
oV

:g(s, Ys, Os, T5)As + (?;(s, Ys, Os, Ts) Ays

+ ?;Y(S Ys, 0, fEs)Ams

+182V
2 Ox2

where £(As) = e, 4(As) + e;(As). The expressions in (1.4.24), (1.4.26) and (1.4.27) are valid for

(5,Ys, O, s ) (Azs)? + £(As), (1.4.28)

alls € [J7, 'L |ULJE T, 4] and forall j € I(1, k, — 1) and hence they are valid on the intervals
[T0, Tr+1) for n, ky, € 1(0,00).
Using Lévy integrals and a single jump value, we compute (1.4.23) under the influence of Lévy

jump process. For this case, we first compute V' (J7 ;) — V(J}' ), where V(JI ;) = V(s A

J]n+17 ys/\J]ﬂH ) 08/\Jjn+1 s LES/\J;‘:H + xs/\J;{FlG(Zv HSAJ;L+1 )) and V(J]—ﬁjl) = V(Sv Ys— 63* y Ls— )

We set and compute:
V(s ANJMa) = VI(sAJTPD)
=[V(s A T1s Ysnar,, s Osnar, s Topngr, T stJ;:lG(Z’GSAJ?H))
— V(s,y5 05, 2 ) |9 (0,-, Az, As)
+ [V(s A Jf_H, ySAJ]TL+1,98AJJ’(l+1,$SAJJ’(L_:1 + xs/\J;LH(Z’ HsAJJnH))

=V (s, ys-, 05—, w5 ) |10 (05-, Az, As). (1.4.29)
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From (2), for any s € [J!

il i € 1(0,ky — 1) and n, Ky, € 1(0, 00) we have

V(sANJ4q) = VI(sAJ)

s+As
:/ / [V(s,ys,ﬁs,xs_ + x,-G(2,05))
s |z]<1

- V(Sa Ys, 987 xs*)]w(gsa dZ, dS)

s+As
4 / / V(5. ye, B2 + 4 H(2,0,))
s |z|>1

— V(s,ys, Hs,xs—)]w(ﬁs,dz,ds). (1.4.30)

The expression in (1.4.30) is over a subinterval Uk"_l[Jjngl, JP 1] of [Ty, Ty 11]. Finally, for s €
[T}, 1> Tn+1), and imitating the above argument, we compute (1.4.23) under the presence of semi

Markov jump as follows:

V(S A Tn+1a YsA\Thi1s Hs/\Tn+1 5 xs/\Tn_ + Ax SAT,

V(s AT, Ysaty, HSAT;+1’:B5/\T;+1)

—V S A Tn+1, s/\T ez) - V(Svys_aes—axs_)

1+As’05/\T 1+As’ s/\T

s+As
/ / u yu*79u*7mu*ez)

= V(W Yy, Oy 2 =) [N (ds, dz, {07~ 07, }), (1.4.31)
hence, adding and subtracting:
s+As
[ W )
s z€R
- V(“v Yu—> eu* y Loy— )] V(dsa dZ, {Hu* ) 0u})7
we obtain

V(S A Tn+17 YsA\Tp41> GS/\Tn.H ’ J;S/\Tn_+1 + Ax S/\TVL_Jrl)

V(s AT, ysAT;Hv‘gsAT; v Loa

n+1
s+As
[ Vo )
s z€R

— V(U Yy Oy—, x4, )] (du,dz,{0,-,0.})

s+As
/ / u Yu—> u ’xufez)
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— V(U Yy Oy, - )| N (du, dz, {0, , 0u}). (1.4.32)

This expression is on [T}, |, Ty, 11] for n € (0, 00). From (1.4.28), (1.4.30) and (1.4.32), (1.4.23)

reduces to:

V(S + As, Ys+As, 05+As> 333+As) - V(S, Ys, s, $s)

_V 00w A+ 2

88 ay (S7y57657x5)Ay8

+ 88‘;<3’ Ys, 957 xS)Ast

10%V 5
+ 5@(57 yS) 98) LUS)(AJIS)

s+As
+/ / [V(u,yu,Gu,a}u— + x,-G(2,0,-))
s |z|<1
- V(”? Yu—> gu* y Ty~ )] w(9u7 dz, du)

s+As
[ Vb, +ou H0,0)
s |z|>1

— V U/ yu*70u77x )]w(gu,dz du)

s+As
/ / V(u7 yu779u77xu762)
z€R

O EE\{G _

- V(u? Yu—> Hu* y Loy— )] ’7(dsa dZv {Hu* ) Hu})

s+As
+ / / [V(U, Yu—> eu* y Ly~ 62)
s z€R

— V(U Yo Oy, 2= )| N (ds, dz, {0~ 0, }) + e(As). (1.4.33)

For small As, applying the concepts of stochastic differentials [1], adding and subtracting:

s+As
/ / [V (1t Y B T + 2 H (2, 0,-))
s |z|>1

—V (U, Yy s Oy, Ty ) V0, , dz)du

and

s+As
/ /| Wb - G0,)

—V(U, Yu—> au— y Ly— )] V(eu_ ’ dz)du,
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(1.4.33) reduces to:

dv(87 yS_ ) 98_ 9y xS_)

:EV(Su y87 9 987 9 x57 )dS + 0'(087 )x87 aa‘::(sa ysa 057 xs)dBS

[ Vb, + i, H0, )2,0)
|z|>1
- V(37 Ys—» 05* y Ls— )] &(057 dZ, dS)
+/ [V(Sﬂl/s’gswj}s* +$37G(Z,98—)$s—)
|z]<1
- V(57 Ys—» 05* y Ls— )] QZ)(HS’ dZ, dS)
+ / [V(Says*795*7xsfez)
z€R
—V(8,Ys—, 05, 24~ ) | N(ds,dz x {0,-,05}) (1.4.34)
This establishes Ito differential formula (1.4.16) for Lévy type stochastic differential equation under

semi Markovian structural perturbations. Here £ in (1.4.17) is the linear differential operator relative

to (1.4.1). O

In the following, based on Theorem 1.4.1, we present a concept of infinitesimal generator and a few

results as special cases.

DEFINITION 1.4.3 For the function V defined in Theorem 1.4.1 and using (1.4.33), an infinitesimal

generator of (3.2.4) is defined by:

. 1
AlzlfrBO [EE [V(t + At yerat, Oerae Terat)
- V(tayta 9t>33t)|yt =y, 0y = 0,y = 9Ut—ﬂ

= Av(tv yt*aet* ’ xt*)7 for et* € E? (1435)

Moreover, a one parameter family of semi-group is generated by

194%
E(ta Yt—» Ht* y Lg— ) = .AV(t, Yi—» Qt* ) xt*)> (1436)

where A = L in (1.4.16) and %—‘{(t, Yt, O, 1) is the conditional partial derivative defined by the
left-hand side of (1.4.35).

We present special cases of the developed infinitesimal generator in Definition 1.4.3.
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REMARK 1.4.4 From Remark 1.3.2, the infinitesimal generator A defined in (1.4.35) extends the
earlier work in a systematic way. In fact, this generator includes the infinitesimal generator influ-
enced by finite state Markov chain [16, 26]. Moreover, it also includes the generator influenced by
a finite state semi Markov process [30, 42, 65]. If H and G are replaced by e“ —1and e — 1, then
A in (1.4.35) in the context of (1.4.17) is

’AV(S ys*vesfaesaxs*)
ov. oV ov 1 92V
0. oV 2 209 IV
8S+ay+lu’(s Jos- 5+ 5120 (0-) 5
—i—/ [V(s, Yy O 05, T e + 24— [eG(z,es_) —1))
|z|<1
]8V
ox

* / [V(S’ Ys—> 057 ) Os, Ts— + Ts- [eH(Z’HS_) — 1])
|z|>1

- V(S’ yS_ Y 08_ Y 05’ ‘/L‘S_) - :ES_ [eG(Z708 ) (9 - dZ)

—V(s,ys—,0s—,0s, 2, )}V(GS_,dz)

+f N,y W) [V (55 05,2, %)
z

ER g, B0, 7&9 _

- V(S, Ys—» 95* y Lg— )] B(ZWS* ) QS)dZ
A few notes on the nature of the infinitesimal operator.

REMARK 1.4.5 We further remark that the infinitesimal generator defined in (1.4.35) can be rewrit-
ten in a m X m matrix form. In fact the partial differential equations in (1.4.36) are a system of
partial differential equations of dimension m. More precisely, (1.4.36) is a linear system of partial

differential equations with variable coefficients.

REMARK 1.4.6 For V' (t,ys, 0, x:) = x, the conclusion of Theorem 1.4.1 reduces to

dxt :Ev(t7yt70t7xt)dt+o-(0t_)dBt+/ -G (2,0, )P(0p-, dz, dt)

|z|<1

+/ x-H(z,0,- ) (0, dz, dt)
|z|>1

/ (24— (e* — 1)N(dt,dz,{(6;-,5)})], (1.4.37)

€R eE\{G )



where

+ H Z Qt 9t ,dZ)
|z|>1
+/ (e = Do, 5 (ye-)]b(2]0,-, j)dz|. (1.4.38)
'Z‘>1JeE\{e }
dr; = x—dMY, (1.4.39)
with
AM{ =p(6,-)dt + G(2,0,-)(0,- , dz, dt)
|2]<1
+ H(Z, et_ )’(E(et_ ’ dZa dt)
|z|>1
/ ST [(ef = DN(dt, dz {6, 1)D)]
JeE\{G }

4 / S 1€ = D, (e )]B(e10,- )it
Z>1 jep\fo, }

+/ H(0;-,2)v(0,-,dz)dt
|z|>1

=dL? + / > (€@ = 1)N(dt, dz, {(6-,5)})], (1.4.40)

R jer\(o,-}
where L is defined in (1.3.2). Furthermore, we note that the solution process determined by (1.4.39)
has another solution representation of (1.4.1) in the framework of Remark 1.3.2. In fact, the closed

form solution representation of (1.4.39) is as follows:

xp = T exp{[/ / > [zN(ds dz, {(0,-,5)})] + /Otu(es)ds

JEB\{0,

/ 02(«98_)d5—|—/ /Z|<1 [In (1 + G(2,0,-)) — G(z,0,-)|v(0,-,dz)ds

/ _)dB, +/ /||<1 n (14 G(z,0,))d(0, , dz, ds)
//|>1 n(1+ H(z,0, ))¢(98,dz,ds)]}. (1.4.41)
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We exhibit three particular cases of the infinitesimal generator.

ILLUSTRATION 1.4.2 We exhibit the infinitesimal generators corresponding to SMBS, SMMIJD and

SMNIG models developed as Illustration 1.4.1.

The SMBS model: The infinitesimal generator of the SMBS defined in Illustration 1.4.1 reduces

to:
L)% v 1 2 o2V
AV (8,0, 0 B, 2,7) = G G4 (0, o+ 5% 0%(0r) g
/ >‘957 0 (yS) [V(S, ys—aGSa Ls— 62) - V(Svys—v98—7$s—)]6(z‘98_798)dz

Ry, eEe #0__

(1.4.42)

The SMMJD model: The infinitesimal generator of the SMMJD defined in Illustration 1.4.1

reduces to:

Bs oy | HVUs)% gy 92

+/ [V(s,ysf,Hsf,Hs,xsf +x-[e*—1]) — V(s,ysfﬁsfﬁs,msf)} Umjd (05—, dz)
z€R

AV(S ysf,st,Qs,x ) xg,UQ(st)

1
2

/ AOS_ 0 (yS) [V(S? Ys—> Os, Ls— 62) - V(S7 Ys—> 95* ’ 1'5*)]6(2‘95* ) Qs)dz
2€R g cp o, 7é9 _ ’

(1.4.43)
The SMNIG model: The infinitesimal generator defined in Illustration 1.4.1 reduces to:

6V+8V+ (- )z ov
8s | gy T HVsT)Tem gy

+/ [V(Saysfvesfvesaxs* + Tg— [ez - 1]) - V(Says*708*7987ws*) - xs*[ez - 1]
|z|<1

AV (8,5, 05,05, 75~ ) =

ov

% Vm'g(es* y ClZ)

+/ |:V(S ys*vesfvesaxs* + Tg— [ez - 1]) - V(Svys*793*7087$s*):| l/m'g(esfvdz)
|z|>1

/ Mo () [V($, 0y Bar2a ) — V(s,ypm B0 )| D216, 0)dz
z€R g €E9 20 -

(1.4.44)

In the following section, we utilize the infinitesimal generator of the exponential semi Markov Lévy
switching process to find a closed form expression of the characteristic function of the In (x;) with

x¢ solution of (1.4.1).
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1.5 Characteristic function

In this section, we derive a closed form expression for the conditional characteristic function

lII(”? 6, Y, 7, -T) =F |:€iuln (@)

Yo =y,00 =J,m0 = x (1.5.1)

of the log price process,

n(t)
In () =Y In(Bp) + L, (1.5.2)

p=1
where 3,,, LY in Definition 1.4.1 and x; is the closed form solution process of (3.2.4) in the context

of (1.3.27).

LEMMA 1.5.1 Let Lf, x, y and v be defined in (1.3.2), (1.4.1), (1.2.14) and (1.4.10), respectively.
A closed form expression for the conditional characteristic vector function of In (z) is,

t+y

U(u,t,y,z) = exp [iuln (x)] exp [ M (u, s)ds] 1, (1.5.3)

y
wherei = \/—1; V(u,t,y, x) is an m-dimensional column vector with k-th component ¥ (u, t,y, k, ),
fork € E; 1ism x 1 vector with components ones, and M (u,y) = (Mpq(u,y)),  isanmxm

matrix defined by:
iup(q) = 30%(Q)u’ + [ o [ —1—iuG(z,q)]v(q, d2)
Mgp(u,y) = § + f|z‘>1 [ewH(Z’Q) - 1]1/(q,dz) + Agq(v), P =1
Aaw (W) [,cg €7b(2]q, p)dz, otherwise,

and it is assumed to satisfy the Lie bracket-type condition:
[M (u, 1), M(u, y2)] =0, Vy1, € RT (15.4)
Proof. From (1.5.3), first we observe that

t+y
U(u,t,y, ) = exp [iuLf] exp [/ M (u, s)ds] 1 (1.5.5)
y

We note that ¥ (u, t,y, 6, z) possesses all smoothness properties of V' defined in Theorem 1.4.1.
Therefore, following the argument used in the proof of Theorem 1.4.1, Definition 1.4.3 and Re-

mark 1.4.5, we conclude that ¥ is in the domain of the infinitesimal generator of the process
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(ye, O, iuLf)te[D,T]. Moreover, it satisfies the following system of linear partial differential equation

0¥ (u,t,y, k,x)

ot = AV (u,t,y, k,x), fork € E, (1.5.6)

where A is the operator defined in Definition 1.4.3. From Remark 1.4.4 with 1(6,-) replaced by

1

#Os-) + 50(05-) + /| » [eGWs—) —G(Z,0,-) — 1]y(95,,dz)

and for ¥ defined in (1.5.1), we have:

AQ(U, 87 ysf 9 987 9 .T)
oV (u,s,y,0—,2) 0¥(u,s,y,0,,)
= +
ds Ay

) 1 oV (u, s,y,04—, 1)
+ iu [u(@s) + 502(98)]568— B

+ / |:\Il(u7 87 y7 05* B X + .I'[eiU'G(Z’GS_) _ 1])
l2|<1

oV (u,s,y,0s—,x
or

+/ |:\I/(u,3’y793_’x et (30.-) ]
|z|>1

—U(u,s,y,0,-, ) —iuxG(z,0,-) )]I/(Hsf,dz)

82\11(% 5 Y, 05—,1})
0z2

+/ Z U(u,s,y,0bs, xei“Z)B(z\HsﬂHS)AQS_,gs(y)dz
z€R 0.€E\{0,_}

1
- \I](Uﬂ $Y, 05—51")} V(es_adz) - §SC§U20'2(95—)

= W(u,s,y,05-,2)Ag__ o _(y) for0,- € E. (1.5.7)

Now, we assume that U(u,t,y, k, z) = exp {zu In (x)} h(u,t,y, k), where h(u,t,y, k) is the k-th
component of an unknown m-dimensional vector function h(u, t,y) = [h(u, t,y,1), ..., h(u,t,y, m)] T

From this, (1.5.6) reduces to the following system of partial differential equations:

Oh(u,t,y, k)
ot
Oh(u,t,y, k) , 1
=T (st ) [ (k) + 50 (R)
+ %UQ(k:)[—iu —u?] —|—/ [ei“G(z’k) —1—iuG(z,k)|v(k,dz)
2l<1

+/ [e™HER) 1) u(k, dz) + /\k,k(y)]
j21>1

+ / S g W)h(us £y, ) (9)e™=b(= k, j)d=
ZER ]7516
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_ Oh(u,t,y,k) _ 1, 9
oy + h(u,t,y, k) {zu,u(k) 57 (k)u

+/ [eiuG(z,k) — 1 — Gz, k‘)}l/(ka dz)

|z]<1

+/ [ez‘uH(z,k) _ 1]1/(l<:, dz) + )\kk(y)]
|z|>1

[ M@kt ) Bk (1.5.5)
z€R J#k

As stated in Remark 1.4.5, the coefficients of h are defined by the elements of A associated with

U(u,t,y,x), in particular, the m x m matrix M (u,y) = (Mj;(u, y))m ., defined in (1.5.4). From

X

the definition of h(u, ¢, y), (1.5.8) reduces to:

Oh(uty) _ OMLY) |y h(uty), hw0y)=1=(L..D)T.  (1.59)
ot 8y N———

m ones

Using the method of characteristics, the system of partial differential equations (1.5.9) can be solved.
In this case, the characteristic curves are determined by % = £1. Solving these differential equa-
tions, we obtain

n=t—yand( =1t+y. (1.5.10)

We use the above change of variable to define the transforms h and M from h and M, respectively,
as functions of (7, ¢):

b _ +¢ —n+
h(ua 7, C) - h(ua 7727<a 772 C)

(1.5.11)
M (u,n,¢) = M (u, =55),
From (1.5.11), the initial value problem (1.5.9) reduces to the ODE:
oh(u,n, 1 - - -
(87777() = EM(UJ% ()h(u, 7, C)a h(u) _yay) =1 (1512)

Under condition (1.5.4), the general solution of the linear homogeneous ODE with time varying

coefficients is [49]:
. 1 [ -
h(u,n, () = exp {2/0 M (u, K,C)dﬁ] .9(0), (1.5.13)

where g is an arbitrary m-dimensional vector function. Using the initial condition in (1.5.12), g is

determined by

9(¢) = exp [% /_0C M (u, &, g)dm} 1,Y¢ € [0, 7).
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This together with (1.5.13), yields the solution of the initial value problem (1.5.12) as:

h(u,n, () = exp [% /z M(U,K,C)dlﬁ} 1.

Using the inverse of the transformation defined in (1.5.10), the solution of the original initial value

problem (1.5.9) becomes:

1 [t —K+t
h(u,t,y) = exp [5 M (u, %)dn} 1
t+y
= exp { M (u, s)ds} 1.
y

This establishes the conditional characteristic function for the log prices described by (1.4.1). [J

REMARK 1.5.1 We note that the closed form exponential expression (1.5.3) holds only under con-
dition (1.5.4). This is due to the fact that system of ode in (1.5.12) has time varying coefficients.
Assuming the matrix (M;, j)me has continuous entries with respect to y, the system of differential
equations with time varying coefficients (1.5.12) has a fundamental matrix ®(u,t,y). Therefore,

the characteristic function in (1.5.1) is described by

U(u,t,y,) = exp [iuln (z)][®(u, t,y)P(u, 07y)_1] 1. (1.5.14)
The characteristic function ¥ (u, ¢, y, ) has a closed form expression if ® has a closed form expres-
sion. Theorem 1.5.1 corresponds to the particular case where W (u, ¢, y, ) = exp [ f;+y M (u, s)ds] )
We next provide three particular instances of the matrix M in (1.5.4), found inside the expression
of the closed form characteristic function in (1.5.3).
ILLUSTRATION 1.5.1 We exhibit three instances of the matrix derived in (1.5.4).

The SMBS model: In the particular case of the SMBS model, we have

iup(q) — 50%(Q)u” + Age(y), if p =g
Mg p(u,y) = o (1.5.15)
Agp (V) fzeR €"*b(z|q, p)dz, otherwise,

The SMMIJD model: In the particular case of the SMMJD model, we have
iufu(q) = [l 1<) 2Vmia(a, d2)] = 30%(@)u? + [ g [ = Uvmja(g. d2) + Agq(y),
My p(u,y) = ifp=gq

Agp(Y) szR e™?b(z|q, p)dz, otherwise,
(1.5.16)
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The SMNIG model: In the particular case of the SMNIG, we have

iup(q) — 30%(Qu” + [Lep [€" = 1= izl <1 ]vnig(q, d2) + Age(y), ifp =g
Mg p(u,y) =

Ap(Y) fzeR e™?b(z|q, p)dz, otherwise,
(1.5.17)

In the following, we present a consequence of Lemma 1.5.1 that extends the characteristic function

of sojourn time of finite state Markov processes [25, 53].

COROLLARY 1.5.1.1 We denote O'(k) the time spent by the semi Markov process (0;),c(01) in its
state k in the time interval [s,t],¥s,t € [0,T], with s < t, and O%, = [OL(1), 0%(2), ...,Og(m)]T
denotes the m-dimensional occupation time vector of 0. If a = (a1, ag, ..., am)T is an m X 1 vector

of constant real numbers, then,

E[ewus,a)‘ys =19,0, = k} = <|:exp [/ M(u,s)dSH €L, 1>7
)

where,

iuag +Agq(y) L Ifp=4q
My q4(u,y) = (1.5.18)
Ap.q(Y) , otherwise

Proof. Let (at)te[o,T} denote a stochastic process with a; = a; whenever 0,,;) = j.

exp[iu(O%, a)] = exp [iu Z arOL(k)] ,fori=+/—1

keE

t
= exp [iu / a,-dv] ,(asais piecewise constant)
S
t
= exp [zu/ avfdv]
S
. t 4] .
= e 4% with LY = a,, Vv € [0, T).
The characteristic function of the semi Markov occupation times in the time interval [s, ] becomes:

B0y, =y, 60, = k]

— B [eiu fst dLZ

ys =y, 05 = k|

- B [eiuLffs

y0:y790:k]7

since the couple (6, y) is homogeneous. Applying Lemma 1.5.1 with 3, = 1 Vn € I(0, 00) proves

the result. Corollary 1.5.1.1 is a direct extension of the results in [9, 36, 53]. ]
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1.6 Conclusion

We derived It6 formula for an asset price driven by a Levy process in a market with semi Markov
regimes. However, applying such a model to the pricing of derivative products will present quite a
few challenges. In It6 formula, the term due to semi Markov regime changes in the market depends
on the backward recurrence time, while its counterpart in markets with Markov regimes is merely
constant. This support the economic interpretation that regimes in semi Markov markets have a time
dependent instantaneous propensity of switching to another state. In other terms, the instantaneous
probability of changing state conditional on the current one depends on the “age” of the current
state. If one considers the financial downturns seen in the market since the great depression, one
might find sensible to assume that in the early age a financial crisis there is a decent chance that the
market regime improves as it hasn’t yet gangrened the financial system and can still be contained
and fixed. However, as the issue lasts longer, it becomes more difficult to contain it as more sectors
are affected. Markov market regimes assume that no matter the age of the market regime, the in-
stantaneous conditional probability of switching to any particular regime remains constant.

In addition to the supplementary flexibility, the new model offers a simple but reasonable low hang-
ing solution to the infinite market regime problem. Although the semi Markov market asset model
defined in this chapter is assumed to have a finite number of regimes, each regime can have infinitely
many sub-regimes. Indeed, let us assume that the market follows a three state model where the first
state corresponds to a bearish market, the second state corresponds to a normal market and the last
corresponds to a bullish market. Each observed bearish(respectively bullish, normal) market are
not identical in semi Markov markets. A given bearish (respectively bullish, normal) market with
an increasing conditional propensity of turning bullish (respectively bearish, normal) is not to be
equalled to a bearish market with a decreasing conditional propensity of turning bullish. Although
both are bearish markets, one has reasons to be more optimistic in the former than the latter as the
signs point respectively to an imminent change of regime and a long bearish market. In other terms,
semi Markov markets distinguish between a bearish market trending in the right direction and a
bearish market trending in the wrong direction. Such differences are retrieved from the functional
form of the conditional intensity matrix of the semi Markov process, which can be chosen in in-
finitely many ways hence supporting the the notion that although market regimes can be grouped in

finitely many categories, market states are actually infinite.
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The derivation of the characteristic function of the log price also allows us to envision the calibration

of the semi Markov parameters using the Fourier transform.
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Chapter 2

Risk neutral option price formula under semi Markov regimes

2.1 Introduction

In this Chapter, we introduce the conditional minimum equivalent martingale measuring the semi
Markov jump risk and the Lévy risk. In addition, we also develop an unconditional minimum
entropy martingale measure and the Esscher transform [64] measuring all three risks, namely, Lévy
risk, semi Markov jump risk and regime switching risk. In Section 2.2, we exhibit a general change
of measure and two risk neutral measures of interest, namely, the minimum entropy martingale
measures and the pricing kernel discussed in [64]. The latter accounts for the regime risk, the
jump risk and the Lévy risk. Section 2.3 is devoted to the presentation of a couple of option price
formulas. The first is an application of the well known Fourier transform method developed in [11].

The second formula is a slight modification of the integral formula developed in [30].

2.2 Change of measure and Pricing Kernels

We first utilize the closed form solution representation of (1.3.1) to shed more light on the martin-
gale property of the solution process of the Lévy type stochastic linear differential equations. For
this purpose, let z; be the solution process of (1.3.1) and assume that it is a (Ht \Y IEt) —martingale,

that is, for s < ¢, F [a:t — T ‘]H[S \Y, ]Ls] = 0. This is represented by the following illustrations.

ILLUSTRATION 2.2.1 (a) From E [xt—ws ‘HS\/ILS} = 0and (1.3.27), it is obvious that the solution
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process x; of (1.3.1)

t t
— 6.-)d 0.-)dB;
- 9608XP{[/0 o, s+ [ a6, )
t —
w650, dzds)
|z|<1

t
- / H(z,0, )0, ,dz, ds)]} (2.2.1)
|2|>1

is a martingale if and only if

(0 ) + - 50 (00-) + / GWH G(z,et->—1}u<0t-,dz>
<1

+/ [0 —1]u(6,-,dz) = 0,96, € B. (22.2)
|z|>1

(b) Furthermore if LY in (1.3.2) is replaced by M} :

thQ :O'(etf )dBt + G(Z, Htf ),&(Gt* ) dZ, dt)

|2|<1
+ H(z,0,)0(0,-,dz,dt), (2.2.3)
|z|>1

then the solution process of (1.3.1) in (1.3.20) is indeed a martingale and is represented by:

2 :xoexp{[— % /0 " o2(0, Vs + /0 (6. )dB,
+/Ot /|z>1 [1n (H(2,0,-) + 1) — H(2,0,-)]v(6,-, d=)ds
+ [ t /| (U G0 )0 =,
+/Ot/|zgl [0 (14 G(z,6,-)) — G(z,6,)]v(6,- d=)ds

t
1 H(z,0, )0, ,dz,ds)|}. 224
+/0 /|z>1 n(1+ H(z,0,-))(0,-,dz,ds) |} 224)

(¢) Replacing H(z,0s), G(z,0s) and LY in (1.3.2) by e"(3:05) — 1, ¢G(=95) — 1 and M? in (2.2.3),
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respectively, the solution of the (IVP) (1.3.1) in (1.3.22) is a martingale if and only if:
¢ t
xy =z exp{ [/ o(0s-)dBs + / H(z,0,-)v(0,-,dz)ds
0 0 Jiz|>1
L[ty ! G(2,0._)
—— | o%(0s-)ds + [G(2,0,-) — e“P0%) 4 1]u(b,-, dz)ds
2Jo 0 Jlzl<1
t
w6050, dzds)
0 J|z|I<L1
t
+ / H(z,0, )00, ,dz, ds)] 1. (2.2.5)
0 Jlz|>1

(d) V(t,y;—,0;—,x—) in (1.4.16) is a martingale if and only if LV (t,y,—,0,—,x,—) is identi-
cally equal to zero. In particular, from (1.4.37), the solution process of (1.4.1) is a local
martingale if and only if LV (t,y,—,0,—,x,-) in (1.4.38) is identically zero that is j1(60,-) +
f|z|>1 H(z,0,-)v(0;-,dz) + ﬁz|>1 ZjeE\{et,} [(ez - 1))\97577j(yt7)]17)(z|0t7,j)dz =0

We introduce and recall a few notations necessary for presenting the next lemma.

REMARK 2.2.1 We denote ®; a positive (P, (H; v ]Lt)te[o,T])— martingale process with initial
value &3 = 1. In fact for zg = 1, any one of the solution processes in Illustration 2.2.1 part (a),
I can be represented by ®,, that is the fundamental solution process of linear Lévy-type stochastic
differential equations. Moreover, ®; is called a density process of a probability measure P with

respect to a given probability measure P.

Based on a Girsanov theorem for Lévy [44] and point [8] processes, we present a Girsanov-type
theorem for stochastic hybrid process described by (1.4.1). We highlight the effects of change of
measures on both time and state domains of decomposition with respect to (L? )eelo,1]> (Bn)n>0 and

(0¢)tefo, 7] (Tn)n>o are the jump times in Definition 1.2.1.

LEMMA 2.2.1 (Girsanov-type Theorem) Let  and Y be piecewise deterministic stochastic pro-
cesses defined on [0,T] x R and [0,T] x R x R into R, respectively. & = (& ;(s,2)), . is

a R™™ —valued and H;—predictable process defined on [0, T] x R into R. Let us consider the

process Mf defined by:

aff = [ 3 (- ON@d {6 ) + dLf, (22.6)
#R jep\(0,-}

where L? is defined in (1.3.2). Furthermore, we make the following assumptions:
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HI € = (65(5,2)mxm (Mij(ys)), . defined in (1.2.9), n and Y satisfy the following condi-
tions:

o Joem €ig (22 8) N j (ys—)b(2]i, ) dzds < oo

Y >0

Jo (8,0, )0, )ds < oo

fzeR [G(Z795_)1\z|§1

FH(2,05- )1 251 [Y (05-, 2,8) — 1]w(0,-,dz) < oo

szR [Y(HS*V% S) - I]QV(Gsf,dz) < 00

(2.2.7)

H2 let Z, be the solution process of the following linear SDE,

dZy =7, [n(t,@t)a(ﬁt)st —|—/ . (Y(et, Z,t) — 1)’[;(915, dz, dt)
ze

+ Z/ & j(t,z) — 1| N(dt,dz, {(i,5)})| Zo =1, (2.2.8)

Z])€E2 z€R

where, N = N —  defined in (1.4.17) and Z; has the closed form representation:

t t
zt—exp{[ | gus.00 206, Vst [ a(s.6,)000, )i,

/ / Y (0,2 5) — 1) 80, dz,ds)

/ /@R Y(0-2%5) — (Y (0,2 5) — )] (0, dz,ds) | }
< T o] [ (0= 6o 2blelio s s

(i.j)€E?

/ / n(& (s, 2))N (ds,dz,{(i,j)})]}. (2.2.9)

Therefore, from Remark 2.2.1 and under a local equivalent probability measure P with density

process Zy with respect to P, the following hold:
1. BP = - gn(s, 0s-)o(8,-)ds + By is a Brownian motion for each 0, € E,
vP(0,-,) =Y (0,-,t,)v(0,-,) P—almost surely,
3. yP(dz, {(i,5)}) = & ;(t, 2)b(2i, §) Ni j (yr)dz P—almost surely,
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4. Mt‘9 defined in (2.2.6) can be expressed as follows:

dmf =

Proof. From (2.2.8),

10 )+ 000,

+/ G(2,0-)(Y (04—, 2,t) — v (06—, dz)
|z|<1

+/ H(z,0,-)Y(0;-,z,t)v(0;,-,dz)

Y [ez—117P<dz,{9t-,j}>}dt+o<9t->dBP
jeB\{9,} 7*R

+ G(Za et_)d_)p(et_ ) dZ, dt) + H(Z, et_ )&P(et_ ) dZ, dt)
l2|<1 |2|>1
Y [ e - uvande o)
JEBN{,-} PR
P (dz, {6, j})dt} . (2.2.10)

we note that E[Zt — ZS‘HS VILS} =0,Vs,t € [0,T] with s < ¢. Hence, Z; is

a local martingale. From the initial condition Zy = 1 in (2.2.8) and Illustration 2.2.1, Z; is a density

process of P. Moreover, P(A) = [, Z;(w)dP(w), for A € H; V L;. Consequently, P is a local

equivalent probability measure with density Z; relative to P. From the definition of BPin1,itis

obvious that it is a Brownian motion with mean — fot n(s,0s—)o(0s—)ds and variance t. It remains

to show that BF is a local martingale with respect to P. For this purpose, we use (2.2.8) and apply

Ito formula for the product ZB P [47] and we have,

d(2,BF'y =2,dB" + Bl dz, + dZ,dBT

=Z7,dB + BFdz,
=Z,[1+1(t.0,-)o(6,-)Bl'|dB,

+ ZtBtP[/ (Y (00 70) = 1) (0 dz, di)
zE

> /ZGR [€i(t,2) — 1N (dt, dz, {(5,5)})].

(i,§)€E?

From this, we conclude that BF is a P— continuous local martingale with quadratic variation t.

From Lévy characterization of Brownian motions, B is a P—standard Brownian motion. This

establishes 1. We now prove that v*(0,—, dz) = Y (0,-,t, 2)v(0,-, dz) is the P—Lévy measure of
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¥(0,—,,). Knowing that P and P are equivalent, following the argument[1], we define the condi-
tional characteristic function for the Poisson process (6, , , ) relative to the probability measure P

as follows:

P eXp w/t/ @b(@sf,dz,ds)}\HT]

— exp / / VP(es,dz)} 2.2.11)
zeR

where v P is an intensity measure of v with respect to P. Using the closed form expression of the

density process (2.2.9), the characteristic function in (2.2.11) is also computed as follows;
EP exp{ i / b0, ds dz)}}\HT}
_E Ztexp{ zu/ / W(0 7,dz,ds)]}\HT}
— 5[ espf / / Y(0, 2, 5) — 1)d(0,, dz, ds)
/ / (In (Y(0,-,2,5)) — Y (0, 2,5)
+ 1+ iu] (0, dz, ds)} }‘HT}
:

—exp] / / =Y (O 200, d2)ds])

X E exp{ / / Y (0,-,2,8) — 1)Y(0,-,dz, ds)

+/ [0 (Y (0, 2,8)) = (Y (0 2,8) = 1) + iu] 6 (0, d, ds) |} [Hir|
— exp(| / / Y(0,.25) ~ 1)u(0,-.d=)ds]}

exp{[/ / [In (Y (0,-, 2 s))+iu]¢(05,dz,ds)]}\HT (2.2.12)

We note that fg Loer [In (Y (0,-, 2, ) + iu|t(0-, dz, ds) is a compound Poisson process. From
[1], (2.2.12) becomes,

El3 exp{ zu/t/ w(ﬁsf,ds,dz)}}‘HT]
—exp{ / / Y0, ,2,5) — )u(as,,dz)ds}}
— exp{ /0 /Z ) [eln(y(es,z,s))ﬂ'u _ 1}y(98,dz)ds}}
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= exp{ [ /Ot /zeR [Y(es* X2 S)Giu —-Y(0,-, 2, s)] v(0,-, dZ)} }
— exp{ [/Ot /ZER [(em — 1)}Y(95—7z, s)u(@s_,dz)} 1, (2.2.13)

From (2.2.11) and (2.2.13), it is obvious that the intensity of Lévy jump poisson measure 1), with re-
spectto P, is 7 = Yv P—almost surely. Based on the proof of 2, the proof of 3 can be reformulated,

analogously. The verification of (2.2.10) follows from algebraic computations. ([l

REMARK 2.2.2 We recall that under the historical probability measure P, (pi,j)(i7j)€ g2 in (1.2.5),
F(|i,7) in Lemma 1.2.1 and b(|i, j) in (1.4.6) are the transition probability matrix of the embedded
Markov chain, the sojourn time distribution and the log jump density, respectively. We denote
(pf ) (i) eE?> FP(|i, ) and bP(|i, ) the transition probability matrix, the conditional cumulative
distribution of sojourn times and the density of the log of jump due to the semi Markov process
from state 7 to state j at jump time 7},_ 1, under the probability measure P. Using these notions and

part 3 of Lemma 2.2.1, we have

BP (21, )AL (ys) = €33 (5, 2)b(21i, )N (us),
M- Zk# pijP(ys’iv k)

We further remark that P is a risk neutral measure, if the process L! — fg 7(s)ds is alocal martingale

with AL (ys) = p (2.2.14)

with respect to P, whenever the drift coefficient satisfies the condition:

p(0p-) = r(t) + 00, )n(t, 0,-) + G(2,00-)(Y (0, 2,t) = 1) (8-, d2)

|z|<1
+ H(Z, et_)Y(et_azat)y(et_7dz)
|z|>1
D S B R (ORI (2215)
jeB\{9,} 7 *R

Given the 2-variate process (n(t, 0;), Y (6, z,t)) in (2.2.8), one can freely choose £. Hence, for each
choice of &, one gets a distinct risk neutral measure. Furthermore, by the application of the first and
the second fundamental theorem of asset pricing [4], the market under consideration is arbitrage

free and incomplete.

Following arguments in [26, 51, 53], we define two particular equivalent martingale measures,

namely the conditional and the unconditional minimum entropy martingale measure, respectively.
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2.2.1 Conditional minimum entropy martingale measure(CMEMM)

We define the conditional minimum entropy martingale measure pricing Lévy and semi Markov
jump risks. In the absence of risk associated with regime changes, a pricing kernel is computed
through a random Esscher transform. Without loss in generality, we assume that investors always

know past and future market regimes. Based on the idea in [52], we define the process R? as follows;

RY = // > [(ez—1)N(ds,dz,{(es_,j)})} + LY, (2.2.16)

JEEN{, -

where LY, n(t) and By are defined in (1.3.2),(1.2.3) and (1.4.1), respectively. Picking a locally

bounded process (a)¢c[o,7], we modify the process defined in (2.2.16) as:

/ R = / /ZGR o [(€ = DN (ds, dz, {65, )})]

JEEN{0,~ }

+ / og—dLY. (2.2.17)
0

In the following, we utilize the modified process (2.2.17) to formulate a dynamic process for the

asset process.

DEFINITION 2.2.1 Let o be a locally bounded process. We assume that F [eftf s~

| <

00, Vt € [0, T]. We define the stochastic processes Z* and k(s, z,ds, dz) as follows;

eJo o dRS
Ze=—"% V>0 (2.2.18)
E[efo 57 }
and
k(s,z,ds,dz) = Z a,- (e —1)N(ds,dz,{(05-,7)}),Vs >0,z € R. (2.2.19)

JEEN{0,-}
The stochastic process defined in (2.2.18) is called an Esscher transformation with Esscher param-

eters (as)se[o’ﬂ.

We first establish preliminary results useful for finding a necessary and sufficient condition under
which the probability measure P with density relative to P defined by the Esscher transform in
(2.2.18) is an equivalent martingale measure relative to the asset price process x; described by

1.4.1).
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LEMMA 2.2.2 Under Definition 1.4.1, Remark 1.3.2 and the Esscher parameter (as)SE[O,T] in Def-

inition 2.2.1, a stochastic process xf' exists and satisfies the following properties.

'L+1
= E [exp / / (s, z,ds, dz)}

ez,em] St s, (2.2.20)
where,

fils) =a(i)u(®:) + 507 B:)ai)

+ / W Glz0:) _q —a(i)G(z,ei)}u(ei,dz)
|z|<

+ / [ed@H 0D _1]1(0;, d2), (2.2.21)
|z|>1

fori e I(0,00), s € [0,T7];

a n(t) exp [a, fT”l Loer k(s, 2, ds dz)} Iz, N
- _ , (2.2.22)
E[xt ‘HT} i—0 E[exp [Oéi fTiHl fzeR k(s,z,ds, dz)] 0;, 97;“]

where ag-dM% = o, dL% — f;(s)ds

4. 78 = 17] is a (P,Hy V L)—local martingale;

B e iy

5. If P® is a risk neutral measure with respect to Z3, then under P“ we have:

(a) B = B, — fg ag-0(04-)ds, is a P*—standard Brownian motion process,
(b) v (0,-,dz) = e[H(Z’GS‘)1<|Z‘>1)+G(z’9~<‘)1|Z|§1} v(0y-,dz), is a P*—predictable com-
pensator of the Poisson random measure 1) (j,) forall j € E,

exp{ ;;:Hl zeRk(s,z,ds,dz)}

(c) the density of the n-th jump coefficient [3,, is . .
E[exp |:fT:+1 z€R k?(S,Z,dS,dZ)i| ‘9n70n+1i|
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Proof. From Definition 1.4.1, 0 = Ty < T1 < T, < ... < T, are the regime switching times
caused by the semi Markov process prior to ¢. For notational convenience, we denote §_; = 6.
Under the assumption of the Lemma, the solution process of (1.4.1) in the context of (1.4.2) and the

simple return process (2.2.17) exists and it is represented as

n(t)

Tiv1 T; 11 0,

_dLyi

xy = | | exp [/ / k(s,z,ds,dz)} el - dLs )
i=0 T; z€R

with Sy = xg = 1. For t € [T},, T},+1], from the independence of Lévy and semi Markov processes,

we have:
n—1 Tis1
E[azﬂHT} = H E|exp [/ / k(s,z,ds,dz)} ‘91-_1,91-]
Tit1 it 0;
x E [esz'+ o,—dL} [z, o,—dLs ]HT} . (2.2.23)
This, together with an application of the Lévy Kintchine formula [55] yields,
n(t) Ti+1
E[:vto“HT} = H E{exp{[/ / k(s,z,ds,dz)}} Gi_l,@}
i=0 T; z€R
Tita 1
< el [ [, u0) + 5o* @)l
T, 2
+ / [eas*G(z’ei) —1—a,-G(z, 91)} v(0;,dz)
|2[<1
+/ [e%s- H(z0:) _ 1]v(6;, dz)] ds}
|z|>1
This completes the proof of 1. For the proof of 2, we consider
g
—_—. (2.2.24)
E[z*|Hy)
From (2.2.21), (2.2.24), we obtain
g
E[z*|Hr)
n(t) T T
‘l:[o exp [IT;H fzeR k(s,z,ds, dz)} exp [IT;H g dng}
- n(®) Tiv1 Tjt+1
i:OE exp [sz Joer k’(s,z,ds,dz)} 6;,0j11| exp [ij fi(s)ds]

e [ atte o] oo [ oot —aiowl]

i=0 E|:eXp |:f7:§i+1 fzeR k(s,z,ds,dz)} 9j1,¢9j]
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From (2.2.3), (2.2.17), (2.2.21) and (2.2.25), we observe that asdegj — f;(s)ds has a form similar
to (2.2.3), that is

a,-dLY — fi(s)ds = ay-dM}” (2.2.26)

with coefficients G and H replaced by e* — 1 and ¢! — 1, respectively, hence establishing 2. Using
1, (2.2.25) and (2.2.26), we further remark that,

E 7’1&}1
[f"t ‘HT T-

n(t) exp{[fgf“ Ler k(s,2,ds, dz)} }exp{ [f;”l as—del} } ’
1 3 HT]

=F -
i=0 E| exp{ {f;}“ Loer k(s,z,ds,dz)}} 9i791+1]
n(t) [exp{[szH fZER k(s, z,ds, dz)}} 0;i—1, 91}
i=0 E[ [exp{{fT”l fzeRk(s,z,ds,dz)] 6’1-,9i+1] eil,ei]
Tit1
X E[exp{ [/ [ozs—dLgi - fi(s)ds]]}‘HT}
T;
n(t)
= H 1=1,fort € [0,T],
i=0
which establishes 3. For the proof of 4 we consider
E[;rg‘t]HIT] B n(t) exp |:Oli f:,:?’“ Loer k(s,z,ds,dz)]

S

HT] i=n(s)+1 F [exp [f;;i-H szR k(s, z,ds, dZ)}

X exp [/Tiﬂ [as_dMSH’”.

T;

0i—1, 91}

The conditional expectation with respect to Hr V L yields

«
xS

E[ )HTVL} ThsET

[xt |
This proves 4. Moreover, from 1, 4 and (2.2.22), Z“ is a probability density process of a probability

measure P with respect to P. The proof of statements in 5a and 5b of 5 follow by imitating the

proofs of (1) and (2) of Lemma 2.2.1. We only establish 5c. For B C By and t € [Tk, Ty+1). In
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fact
EP 1] = E[152]"]

—E[E[152]" 1)),

r n(t) exp fr”l Jocg k(s,2,ds,dz)
—F E{lBH [ T TEER ] ‘HTH
91‘—179@}

i=0 E{exp [f;}“ fze]R k(s,z,ds,dz)}

_1 exp [f;;k“ Z€R k(s,z,ds,dz)} ]
B

L E[exp[ ;};’“’1 fzeR k:(s,z,ds,dz)} ek_l,ek]

exp {fg“ fzeRk(s,z,ds,dz)]

n(t)
X H E

91—1,92‘]
Ltk E[exp [ S fzeRk(s,z,ds,dz)] eil,ei]
=l exp [f;‘f;’““ 2R k(s,z,ds,dz)} ]
pu— B .
9k1,9k]

E[exp [f;;’““ Loer k(s,z,ds,dz)}

exp |:f;;_i+1 LR k(s,z,ds,dz)}

Hence, VB € By, EF® [13] = E[lB

} . From Radon Nikodym
Ok—1 79k:|

E |:exp |:f;;i+1 . k(s,z,ds,dz)}

exp |:f;;f+1 Joer k(s,z,ds,dz)]

theorem [44], the density of 3 under P is

. This completes
9k-179k:|

E |:exp [f;;f"’l R k(s,z,ds,dz)]

the proof of the Lemma. g

In the following lemma, we provide a sufficient condition for the price process to be a (Pa, (Hp v
L)te[O,T])-martingale. The result obtained will be used to derived the martingale condition on the

discounted price process.

LEMMA 2.2.3 In addition to assumptions of Lemma 2.2.2, we assume that f|2|>1 (H(z,05) +

1)ea(j)H(Z"gs)V(‘]'7 dz) < 00,Vj € E. Then the following results hold:

1. zin(14.)isa (Po‘,(HT v Et)tG[O,T])-martingale measure provided that:

1(6,) + azo?(0,) + G(z,6,) [eatG(z’en) — 1] (0n,dz)
|z[<1
+ / H(z,0,)e* =000, dz) =0, (2.2.27)
|z|>1
Epo [Bn|0n-1,0,] = 1.Vt € (Ty, Tnt1), ¥n € 1(0, 00) (2.2.28)
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2. the discounted price process Ty = elo rsdsy isa (Pa,(HT Vv IEt)tE[O,T})-martingale if:

w(bn) + Oéto‘2(¢9n) + f|z\§1 [G(z, Hn)eatG(Z70n) — Gz, Qn)] V(0. dz)
+ fyor [ HE) — 1] (6, dz) = 1, (2.2.29)

Epe [Bu|On-1,0n] = 1,¥t € (T, Tr41),Vn € 1(0,00);

3. Let o and P be a solution process of equation (2.2.27) and the probability measure associ-
ated with the density process Z*", respectively. Under P®", the process Rf in (2.2.16) could

be expressed as follows:

AR — / S (¢F — ON(dt dz, {(6 )}) + ro-dt + 00 )dBE”

JEE(8,_}
+ G(z,0,-) [W(6;-,dt,dz) — vt (Qt , dz)dt]
|2|<1
+ H(z,0,) [0, dt, dz) — v™" (0, dz)dt],
|z|>1

with
EPOA* [ﬁn‘gnflaen} =1

Proof. From Radon Nicodym theorem, 2 is a (P*, (Hy V Ly)seqo,r])-martingale if and only if

2 Z¢ is a (P, (Hy V Lt);epo,71)-martingale. From (1.3.20) and (1.4.1):

.’EtZ?
Ty 0 7%
n(t) Bz exp |:f1?i+1 szR k(& z, ds,dz)} 6le.+1 [Oés—dMs +dLg ]
—nz0 ] Z (2.2.30)
i=n(s)+1 L FE [GXP [ij;Hl Loer k(s 2, ds, dz)} 01, 9i|9i—17 91']
with LY defined as follows:
dL? :[M(asf) - fa +/ [In (1+ G(z,0,-)) — G(z, 687)]V(057,dz)}d3
o0, )B+/ In (1 + Gz, 0, ) (6, ,dz, ds)
|z]<1
+ / In(1+ H(z,0,-))0(0,-,dz,ds) (2.2.31)
|z|>1
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From (2.2.3), (2.2.30), and (2.2.31) we have:

ag-dM?% + dL?

S

= [H(QS) - 1a2,<72((957) 1c72(987)al3
2°° 2
= [ e e ],
|z|>1

10 (G(2,0,-) + 1) = G(2,0,-)| w0 d2)ds| + (o= + 1)or(6,-)dB,
[ o G0) + 0G0, )+ D] e, dzds)
|2]<1
v / [asfﬂ(z, 6. ) +1In(H(z 0, )+ 1)]1/1(957  dz, ds) (2.2.32)
|z|>1
From (1.3.20), d[efot d(e, - M§+E§)} — elo dlo- MSBJFEg)dL; with:

AL% = |(6,-) + ay-o?(6,)
+ [G(z,0,- )e¥s=G#0-) _ q(z,0,- v (8-, dz)ds

<1

IN

H(z, 0, )e®s G000, dz)] ds + o(0,-) (g + 1)dB,
1

\

b [ [0+ 1) S0 1]5(0, de )

|

IN

<1

+/ [(H(2,0,-) + 1)e®s=T&0=) _1]4p(0,-, dz, ds) (2.2.33)
|z|>1

We now derive conditions under which z;Zf", is a (P, (Hz V Ly).e(o,r])-martingale process. ;Z"

isa (P, (Hp Vv Et)te[oj])—martingale process if and only if:
E[thﬂHT v ILS} = 2,2% Vs, t € [0,T] (2.2.34)
Applying Lemma 1.4.1 to V (s, ys, 0s, Zsxs) = x¢Z; and replacing G, H, o, u and 3; by,
(G(z,6s) + 1)eo¢5G(z,95) -1
(H(z,05) + 1)eH =0 1,
(as + 1)os,

1(0s) + as0?(05) + / [G(2,05)e*CE0) — G (2,0,)]v(05, d2)

|z|<1
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—/ [eo‘sH(es) —1]v(0s,dz)
|z|>1
and
Bi exp [fTT:“ Loer *(s, z,ds,dz)]

E [exp |:f7€i+1 fZeR k(s, z,ds, dz)} 0i—1, 92}

respectively, we obtain;

Y

thta - :USZ?
t
:/ Loy~ ZS‘ [M(eu*) + QU,UQ(HU—)
b [ 000 S0 G 0,6, 02
|2]<1
_ / [eau_H(z,Gu—) _ 1] y(@uf,d2>
|z]>1

+/ Ty~ 28 [(H(u,0,-) + 1)euHE0,-) _ l]u(ﬁuf,dz)] du
|z|>1

N / /ZER S wZ8(¢F — 1)N(du, dz, {0, )

JEEN{0,-}

+ sum of martingale terms .

Taking the conditional expectation, we obtain;
E[n 2y — zsZ$|Hr v L]
_ / Blow 2% [Hr VL) [u(eu_) +ay o%(0,)
+/||<1 [G(z,@uf)eau‘G(z’eu—) — G(z,0,-)|v(0,-,dz)
2|<

— H(z,0,-)e® 100, - dz)] du

|z|>1
t
+ FE [/ / Z -2y 78 (€% — 1)N(du, dz, {(9u_7j)})‘HT vV ]Ls:|
s ZERjEE\{Qu,}
=0,Vs,t € [0, 7], (2.2.35)

for any s, ¢ and for small As s,t = s+ As € (T}, T),+1) for some n € I(1, 00). This together with
(2.2.35) yields;

w(0s) + 04502(95) +/ [G(z, 95)ea5G(z’95) — G(z, 95)]V(95, dz)

|z|<1
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+ H(s,05)eHE0) (0, dz)As = 0,Vs € (T}, Tpi1),n € I(1,00). (2.2.36)

|z|>1
Lastly, we assume [s,t[= [Ty, Tn+1[. When As is small. There is one regime change [s,t] at

t = T,,. Using (2.2.36), (2.2.35) becomes,

Tn+1
E[/ / Z - - 28] ‘HT % LTn] =0,Vn € I(0,00)
S N
ﬂnean(ﬂn_l)

en(Bn—1) ‘anla Hn]

ZTnan[E[ Hn—lvan

HT\/LTH:| —1 :O,VTLGI(0,00)

ﬁnean(ﬁn_l)
E[E[eanwn—ﬂ\en_l,en]

[ Bn exp [fglnﬂ fZGR k(s,z,ds,dz)}
E[exp [f;;”“ fZeRk(s,z,ds,dz)‘@n_l,ﬂn]}

Epe [Bn|On-1,6n] —1=0,Yn € 1(0,0). (2.2.37)

9n_1,9n] —1=0,Yn € I(0,00),

Hn_l,é?n} —1=0,Yn € I(0, c0),

This completes the proof of part 1. Part 2 is a direct consequence of part 1 whenever u(6,-) is
replaced by p(6,- ) —rs. For the proof of part 3, we use (2.2.27) to derive the risk neutral dynamic of
the process R? defined in (2.2.16). We denote BY o and """ the standard Brownian motion and the
intensity process of the Poisson process v under the probability measure P®", respectively. From
Lemma 2.2.2 part (5a), solving for B in B’ = By — fg a_o(f,-)ds, adding and subtracting

*
v inside the Poisson integrals, we obtain:

AR} =/ > (¢F = 1)N(ds,dz,{(6;-,4)}) + p(0,-)dt + o(6,-)dBy
R jep\{6,- }

+ G(279t7)¢<0t*7dzadt) + H(Zvetf)w(etfadzudt)
|z|<1 |z|>1
-/ (& — ON(dt,d= (6, )}) + [uwt) T o6, )l
#€R jep\(o,-}
+ G20 ) [V7 (01—, d2) — (-, d2)]

|2]<1
+ H(z, 0, )" (0, dz)} dt
|z|>1
+ o6, )dB + G2, 0,) [(0,-, dt, dz) — v7 (0, dz)dt]
[2|<1
+ H(z,0) [0y, dt, dz) — v7° (04, d2)dt], Vt € [Ty, Tyi1] (2.2.38)
|z|>1
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From Lemma 2.2.2 part (5a), one gets v" (j,dz) = e [ G150 +GE 1] v(j,dz). Hence,

de = /e]R Z (ez - 1)N(dt7dz7 {(et*a])}) + [M(gt*)dt + 02(015*)@:*

JEEN{0,—}
Olg _ G(z,&t_) Pa*
+ G(z,0,-)[e * — 1v(0;-, dz)dt + o (6;-)dB
j2l<1
+ H(z, th)eagt* H(Zﬁt_)l/(é?f , dz)dt}
|z|>1
- G(2,0,-) [(0p-, dt,dz) — v* (0, ,dz)dt]
j2l<1
+ H(z,0,) [(0r, dt, dz) — =" (6, dz)dt] (2.2.39)
|z|>1

o satisfies the condition 1. Therefore, (2.2.39) becomes;

dRY —/ > (eF = 1)N(ds,dz, {(6;-,4)}) + 0<9r)dBPa*
“€R jep\(o,-}

+ G20, ) [W(0,- dt, dz) — VP (6,-,dz)dt]

|2|<1
) H(z,0,)[0(0,-,dt, dz) — v"" (6,-,dz)dt] Yt € [T, Toya],  (22.40)
z|>
with
Epe [Bn|0n-1,0n] =1,
which proves 3. This establishes the lemma. g

In the next remark, we introduce a particular case of Rf corresponding to the simple return process

[52] and we present a few properties of conditional entropies [67].

REMARK 2.2.3 Let P; and P, be two absolutely continuous probability measures relative to P. We

recall three important properties of conditional entropies [51]:
L Hy"p, (PLP) > 0;
2. Hy" (P1|P) < Hy" (P1|P),if K C Hy V Ly;

3.IfPisa (P, (Hp V[Et)te[o,T}) —absolutely continuous martingale measure, and P is a probabil-
dP»

ity measure equivalent to P such that In (52 ) is integrable with respect to Py, then ’H%ngT (P|P) >

Ep, [In (dP5|dP)|Hy].
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We now state and prove the conditional minimum entropy property of the martingale measure P%"

when RY is the simple return process of z; in Remark 2.2.3.

LEMMA 224 Let Q € M(%,P) ={Q < P: Zisa (Q, (Hr V L¢)iec(0.1)) — Local martingale}.
Let P®" be defined as in Definition 2.2.1 with o solution process of (2.2.29). Then the following
inequality holds:

Hir _(Q|P) > HET _ (PY|P),VQ € M(E, P).

HTVH:T HTVH:T

Where H%;VHT is the conditional entropy defined in [26].

Proof. We prove the lemma in two steps. The first step consists in minimizing the conditional
relative entropy of any probability measure () in the set M (&, P). From (2.2.18) and Remark 2.2.3,

one notes that Z;* can also be expressed as follows;

eJo - dRS
Zy) = 7 — ,Vt > 0. 2.2.41)
E [gfo Oés*dRs ]H[Ti|

By definition of an absolutely continuous local martingale measure, the discounted stock price £ =
e=Jo 45z, s a (Q,Hr Vv ]Lt)te[O,T] -local martingale process. The simple return processes Ry
and R, are associated with the price process x; and the discounted price process T; with respect
to(3.2.4), defined by dR{ = ;lti_t and dR! = gt—i_t, respectively. Q € M(z, P) implies that Z is a
(P,Hy Vv LL;)—martingale. Hence, Rf is a (—local martingale process. Furthermore, fot asfd]%g is
a local Q—martingale. As a (Q—local martingale, fg ar dRY is therefore integrable with respect to

Q. From (2.2.41) and (2.2.21) we have,
. t ~ t
In(Z") = / al-dR? - / g9(s)ds, (2.2.42)
0 0
where,
g(t) = In (E [efo - R yHT]). (2.2.43)

From (2.2.42), In (Zto‘*) is integrable with respect to () as a sum of two integrable terms. Let
(tn)ne 1(0,00) be a local sequence of increasing stopping times with lim,, o t, = T, associated

with the local martingale fg ozsfdlég. By definition of local sequences, the process f(f"/\t Qg= ng
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is a Q—martingale. Hence, for any ¢ € [0, 7], we have;

H vip (@IP) = HT\/LW (Q|P), (remark 2.2.3)

dP*

2 EQ |:h’l( dP ‘HT\/EU\,&”

) \HT} , ( remark 2.2.3). (2.2.44)

From (2.2.42) we have

dpPe”
[ dP |HTVLMM)‘HT]
o {m (225, ‘HT}
tALn _
= EQ[/ ag-dRs|Hr] + Eg[g(t A ty)|Hr ]
0
N . B
= EQ(/ asdRs|[Hy Vo) + Eg[g(t A ty)|Hr]
0
= EQ [g(t A tn) |HT] )

since f(f Mo _dR(s) is a (Hr v Ly) —martingale. We note that,

te[0,T] lg(t A tn)’HT]‘ <
Eq[|g(T)|[Hr] = g(T),Vt € [0,T), since from (2.2.43), g is Hy—measurable. Hence, by the

Dominated Convergence theorem we have,

lim Eq[g(tAtn)|[Hr] = Eqlg(T)|[Hr] = |g(T)]. (2.2.45)

n—oo

Taking the limit in (2.2.44), we obtain;

Myl i, (QIP) > Eq[g(T)|Hr] = g(T). (2.2.46)

The second step of the proof consists in showing that the conditional relative entropy of the random
Esscher transform achieves the minimum value in (2.2.46). Using (2.2.41) and the P —martingale

property of R, the relative entropy of P®" is computed as follows;

H *
HH;VET (P*'|P)
AP

= Epa* [ln ‘HT]
T
= Epa- {/ ag-dRs|Hr v ]Lo} + Epar [¢(T)|[Hr], ( from (2.2.41))
0
= Epa+ [g(T)|Hy] = g(T), (R? is a P*" a martingale).

From (2.2.46), the lemma follows. ]
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2.2.2 Unconditional minimum entropy martingale measure (UMEMM)

We will define an equivalent martingale probability measure and we will establish that it has the
unconditional minimum entropy martingale measure property. (A; ;(t))mxm is the intensity matrix

of the semi Markov process 6 from (1.2.9) and NV is the point process defined in Definition 1.4.2.

DEFINITION 2.2.2 Let Q) be a local absolutely continuous probability measure with respect to the
historical probability measure P on the filtered measurable space (Q, Hy VL, (Ht V E‘t)te[o,T])"
Q and P, denote the regular versions of the conditional probabilites P(|Hr) and Q(|Hr) over
Hr Vv Lr. ZtQ denotes a local martingale process with initial value 1, representing the density
process of Q with respect to P. (&; j(t))mxm denotes a matrix entries with predictable processes.

Moreover; the rows add up to 0 and satisfy 3 ; ;e e fg ‘gijj(s))\w(s) }ds < oo. N and vy are the

processes defined in Definition 1.4.2 and Lemma 1.4.1, respectively.

We first recall a decomposition theorem [53] and we establish a Girsanov-type lemma necessary in

the proof of the UMEMM property.

LEMMA 2.2.5 Let ), P, ZtQ, Q(w,), (& .j)mxm>» N, N and P(w,) be processes and probability
measures defined in Definitions 2.2.2, 1.4.2 and Lemma 1.4.1. The following claims hold.

1. there exist two density processes Z}* and Z%I such that;

7@ = 7L x 71 (2.2.47)
with:
dQ L d@Q H
dP LoV, t P T

2. If ()‘i:j(t))me is the matrix with conditional intensity of the semi Markov process 0 in (1.2.9)

and \; j(t) # 0,Vt € [0, T, then the following claims are equivalent;

(a)
dQ H
E}Ht =2,
where Z™ solves the SDE:
i) = ..
azf =z Y [+ S N (G, 2 =1
4 Aij(t7)
(4,5)€E? ’
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(b) Under probability measure Q, with density process Z, the point process M has condi-

tional intensities matrix (&; (t))me‘

Proof. The proof of 1 follows closely [53]. As for 2, we note that 2a = 2b follows from the
proof of Lemma 2.2.1. We now aim at proving that 2b = 2a. From Definition 2.2.2 and 2b,
ZH and N(,R,{(i,5)}) — 7(R,{(4,4)}) are (P, (Hy)e[o 7)) —martingale processes. From the
martingale representation property of N(¢,R,{(i,5)}) = Nt R, {(i,7)}) — 7(R,{(5,5)}) =
N(t,R,{(i,7)}) — Xi;(t), there exists an m x m matrix of H;—predictable processes (si’j)mxm

such that:
dzl = Z sy? N (dt, R, {(i,7)})-
(i.j)eE?
As ZH > 0 P-almost surely, there exists an m x m matrix of predictable processes g'zfj satistying
sil = ZH 517 Hence,
(i.j)€E?

From Lemma 2.2.1, the matrix of conditional Q—intensities of N(, R, {(¢,)}) is i ;(¢)(1 +
557). One needs to prove that the conditional intensity of N(,R,{(i,7)}) with respect to Q is

&.;(t),Vi, j € I(1,m). Hence, equating both matrices and solving for 5 yields;

Nij(H)(L+37) = & ;(),Vt € [0,T], (i, §) € B,

and hence, 5;Y = [ -1+ i )},Vt € [0,7), (i,4) € E*
Aij(t)
Therefore, Z*H is solution process of the SDE,
i, (L7 . _
dzf =z} [-1+ Sa _)} [N (dt, R, {(i, §)}) — &y (t7)dt] Zo = 1.
(i.J) B2 Aog(t)

From Lemma 2.2.1, the intensity matrix of the semi Markov process ¢ under the probability measure

@ is (& j(t))mxm- This completes the proof of 2 and thence the lemma. O

We define a density process which we prove is the unconditional minimum entropy martingale

measure.
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DEFINITION 2.2.3 Let P*"€ be a risk neutral measure with density Z; = Z&" x Zr_gp, where Z*
is introduced in Definition 2.2.1, with R? the simple return process of defined in (2.2.16). o is the

solution process of (2.2.29) and Zf is solution of the SDE de = Zf_ Z(i J)eE? st’J dM; b

dpe*8)
dP |HpvLp
efOTa;dRs
- expf / — (5 ) heg (57 )ds
E(efo o s Hr) (i) €E2

T
+ /0 In (€5(s7)) N (ds, R, {(i,/)1)] }

We also define a functional F as follows;

F((&y) =E

T
[I el [ (-l )hsls7)ds

where g is defined in (2.2.43).

We will next show that under a particular choice of &, P%"+¢ has the unconditional minimum entropy

martingale measure property.

LEMMA 2.2.6 We denote P*"¢ and F the risk neutral measure and the functional from Definition

2.2.3, respectively. If Q is a (Ht V ]Lt) | risk neutral measure and (52] Ymxm minimizes the

te[0,T
functional F, then the following holds:

HHT\/ET (Q‘P) > HHTVH:T (P(a*ﬁ_) ‘P)

Proof. Let (Q be a risk neutral measure. By definition of risk neutral measures, () is locally

absolutely continuous with respect to P. From Lemma 2.2.5, there exists a process ZF and a

dqQ

process Z}! such that Fig =7l x erf. From Lemma 2.2.5, we have:

HpVILg

t T
2= 1 e[ [ 0=t Mo+ [ s )N s RAGHD].

(4,9)EE2 0
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for some m x m matrix of H;-predictable processes &; ;(s) as in Definition 2.2.2.

HHTVET (Q‘P)

() 5]

ZFZf (0 (2§)) + 2 24w (2]))]

:E (7528 n (Z5)|Hy] + E[2EZE (Z%’)]HTH
:ZQEIE[Z% In (Z§)[Hy] + ZH n (Zﬁ)}
2T, (QIP) + 28 (28]

ZEHGT o (PPIP) + 28 n (2]

HTVH:T

T
o+ Y [ J AR S

X H exp{[ (1 — fi,j(8_>))\i7j(8_)d8

(i,§)€ 2 0

T
—|—/U ln(&?](s*))N(d&R7{(ZJ)})] }]

=F(&.5)
ZF(f_z‘,j)7 ( definition of €)

:E[ln(

AP € qpe€ ]
dP ’ dP

Higpur, (P7EP)

which proves the result.

2.2.3 Siu and Yang Kernel pricing all risks

Let o be a piecewise constant stochastic process. We define the density process Z;* of a probability
measure, P%, on the filtration (H; V Et)te[o,T}a with an Esscher transform with parameter o. The

pricing kernel discussed here is based on the work in [64], in the context of a Markov switching

asset price process.
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DEFINITION 2.2.4 Let Z™ be the following stochastic process;

e Jo as)ard

ap” E[ —JF o, arg
o _ E|e s |80,Y0

dP HtVH:t N

‘Ht v ]Lt} if'vt € (0,T]

1 ift =0,

where, Rf is the log price process in (2.2.16), induced by x from (1.4.1) in the context of solution
(1.4.2).

We note that from Lemma 1.5.1, one can retrieve any particular scalar conditional characteristic
function from the vector characteristic function as follows: W (u, ¢y, j,z) = exp [iuIn (z)]{ exp ( f;+y M (u, s)ds)
where ep, = (19,21, lg,=2, ..., 19t:m)T. oy 1s the Esscher parameter process associated with the

probability measure P2,

LEMMA 2.2.7 Let Z{* be the process in Definition 2.2.4. Z* is an almost surely positive martingale

with unitary expectation.

Proof. We first prove that Z* is a martingale. Let0 < s < ¢

T
e_ fO Xg— ng

E[Z?|H, Vv L] :E[E[ ‘HtthMHSvLS]

Ble o o iR yo, 0y, Ly|

T
e~ Jo a _dR?

:E[ ‘Hsvn:s},(HstscHtvL)

E {6_ INERR 10, 0o, Lo}

=7

S

Therefore, Z{* is a martingale. It follows that Z{* has unitary expectation,
E(Z}) = E[E(Z)|[Ho v Lo| = E(Z§) = 1.

Noting that Z{* is an almost surely positive process by construction, the lemma follows. O

From the preceding lemma, Z;* is a density process. Hence, The Esscher transform in (2.2.4) defines
a probability measure P® equivalent to P. It remains to show that P“ is a martingale measure under

a certain condition specified in the next Lemma.

LEMMA 2.2.8 Let Z{* be from Definition 2.2.4 and (zt),c|o,) as defined in (1.4.1). M (u,y) and
M (u,y) are defined in (1.5.4) with modified log price process defined by de = - In (Bn(t)) +
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oy-dL? and dRY = o~ In (Bn(t)) — 1 dt + (- +1)dLY, respectively, with L defined in (1.3.2).

t — —
Fr=e Jors—dsg, isq (Pa, (H, v Lt)te[o,T])-martingale if and only if:

t+y

<exp{[ M(—i,s)ds|}.eq,, 1>

)

- <exp{[/t+y M(—i,s)ds]}T.ego, 1> =0 Vte|0,T],0,€F,

respectively, where,

—7(q) + (ag + Dp(a) + 3(aqg +1)*0%(q) + [, [eleatDCG(=a) — 1]y(q, d2)
+ f|z\§1 e(atEED) — 1 — (ay +1)G(2,9)] (g, dz) + Mg (y) If P = g

Agp(Y) szR e(a‘l+1)zl;(z|q,p)dz Otherwise ,

and

Mp,q(*ia y)
agi(a) + 3050%(@) + [ly<y [e2CFD =1 = ayG(2,9)]v(g, d2)
= oo [€299C0 = 1u(q,dz) + Ao (y) Ifp =g

Agp (V) fzeR e“a*b(z|q, p)dz Otherwise .

Proof. Let 0 < u < t. From [53, 64] and by the abstract Bayes rule [44], we have;

E(Z¢e Joredsp H, v L,) (2.2.48)
o Efe et g
P : _ (2.2.49)
E[efuos-dR|H, v L,]
Hence, e~ I 4 isa (PO‘, (H; v Et)te[o’ﬂ)—martingale if and only if
E [67 f’lj Ts_ds+f(;5 (01_9—+1)ng Hu \/ ]Lu]
- — =1 VYu,tel0,T]. (2.2.50)
Elelo - 4R |H, v L,]

From Lemma 1.5.1 applied to dRY = o~ In (ﬂn(t)) +a;-dLY and dR? = o, In (,Bn(t)) —r—dt+

(- + 1)de , respectively and on account of the Markov property and the homogeneity of the
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process (6, y), the numerator and the denominator of (2.2.50) becomes,

Ele [ir—dstf! [a(s™)+1]dLe

B yHt—u
H, Vv ]Lu} = <exp (/ M(—i, s)ds).ego7 1>
y
and

E[elo osaLs

B y+t—u
HUVLU] = <exp(/ M(—i,s)ds).ego,1>,
y

respectively, where,

—7(q) + (g + () + 5(ag +1)%0%(q) + [0y [CTVIED —1]u(g, dz)
7t f|z\§1 [e(%+1)c(z’q) —1— (g +1)G(z, Q)]V((L dz) + Agq(y) Ifp =g
Agp(Y) fZGR e(@at1)2p(2|q, p)dz Otherwise ,
and
agi(q) + 3050°(q) + [,1<; [€2195D =1 — a,G(z,q)]v(g, d2)
=+ S [0 = 1]u(q,d2) + Agq(y) I p =g
A () [,cr €7°b(2|q, p)dz Otherwise .
Hence, (2.2.50) becomes:
y+t—u
<exp{[/ M (-1, s)ds] }.eq,, 1>
y
y+t—u
— <exp{[/ M(—i,s)ds]}.690,1> =0, Yu,t €[0,7], V0, € E,
y

which completes the proof of the lemma.

2.3 Option Pricing Formulas

In this section, we price a European style call option within the risk neutral pricing theory [62]. We

denote () an equivalent martingale measure of the historical probability measure P, relative to the

price process x in (1.4.1). We derive a PIDE extending the PDE in [6] satisfied by European call

prices. We also describe how two existing pricing methods blend seamlessly in the context of this

paper.
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DEFINITION 2.3.1 Let S be a function in L*(Q, Q) defined on R* x R* into R representing the
payoff of a contingent claim; Q) is a risk neutral probability measure of the price process x defined
by (3.2.4) with respect to the historical probability measure P; K is a nonnegative real number
denoting the strike price of a European type option contract with maturity T'; x denotes the asset
price value at maturity; C'is the Q—risk neutral option price function defined on [0,T] x R x
R x [0,T] x E x R into RT and V denotes the discounted option price process defined by

V(ta T7 Kv Yt, etv J}t) =e f(f Sidsc(m T7 K7 Yt, 0t7 .’L't)-

LEMMA 2.3.1 Let S be a random variable representing the payoff of a general European style
contingent claim with maturity T and strike price K in Definition 2.3.1; let () be the risk neutral
measure defined in Definition 2.3.1 and C' is the (Q—risk neutral option price of a contingent claim.
Then, the Q—risk neutral option price C of a European contingent claim with maturity T, strike

price K and payoff S can be expressed;

T

C(t, T, K, ys, 0, 21) = Eg(e™ v S (wr, K)|ys, Or, 1) (2.3.1)

Proof. From [62], the ()—risk neutral option price C at time ¢ is given by;
C(t, T, K, Yt Ht, CL’t) == EQ [6_ fiT TsdsS(l’T, K)|Ht \Y Et] .
We note from Lemma 1.2.3, that the triplet (y, 6, x) is Markovian, hence
- fTT ds
C(t¢TaK>yt79t7$t) :EQ[e L S(xTvK”yt?thxtL

which proves the result. U

A partial integro differential equation(PIDE) satisfied by a European style contingent claim with

maturity 7" and payoff H is presented in the next Lemma.

LEMMA 2.3.2 Let @, C andV be the risk neutral measure, the (Q—risk neutral option price function

and the discounted option price process defined in 2.3.1, respectively. Then V satisfies the following
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system of PIDE;

8l+8l+ () 81_1_} 2(') 282l
ds Oy BAIEs= gy T 97 V¥ g2

w [ VTR, 4o G - Vs T K i, )
|z|<1
. oV .
- Gz e, 5 v, d2)
[ VT K b, H(0)
|z|>1
- V(Sv T, K,ys,0s, Lg— ):| V(987 dz)
+ / D X W)V (s, T, K, ys, j, - *)b(2]d, 5)dz
z€R ./,
J#i
+ V(S, T7 K7 ysf 9 i? xsf)A]J(y) = 07
with terminal condition,
V(T T, K, yr.0r = j.ar) = ¢ o ") S(2r, K), for j € B.

Proof. From (2.3.1), the discounted price process could be expressed as follows:

VT, K.y, j,z) = e Jo 7Ot T Ky, j, z)

= EQ(e Ton I S (ap K|y, 01, ) (2.3.2)

Visa (Q,L; v Hy))-Martingale since it is a Q-conditional expectation. We use the law of iterated

expectation and u < ¢ to prove it as follows:

E(V K,y,j,2)[Ly vV H,)

e f””dSCtTKy], )|L, vV H,)

E
E
E|E(eJo 708, 1)Ly v Hy) L, v H ]
E

(t,T
(
[e i 70 g (o= T 70s G (oK), v L)L vH]
(e
[

e Jo T0)ds g (1 )L, \/H}
O dSE[ — L0951 KL, \/H}

=V(tT, K,y,j,z)
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From Ito differential formula in Lemma 1.4.1, we have:

av (t, T, K,y, 0, 2(t)) = AV (t, T, K, y;—,0;—, x(t™))dt + Martingale Terms

As V is a martingale, the first term vanishes and (1.4.17), the following PIDE is obtained:
ov oV ov 1 0%V
—+ — 0,V — + —02(0,- )2 =——
as + ay +/”’( S )xs ax+20 ( S )x88$2
+ / |:V(S7 T7 K7 y87 037 "L‘87 + 'rSiG(Z7 03)) - V(87 T7 K7 y37 957 xs*)
|2I<1

ov
— G(z,05)z, %} v(bs,dz)

—I—/ [V(S,T, K, ys, 05,2 + - H(z,05)) —V(s,T,K,ys,0s, 7, ) |v(0s,dz)
|z|>1

—V (s, T, K, ys 6,25 )Mo j(ys) = 0,V € 0, T7.

Hence, the proof is complete. U]

DEFINITION 2.3.2 Let C be a continuous function on [0,T] x Rt x R x [0,T] x E x RT into R*
representing the modified European call option price; let T be the characteristic function of C with

respect to its third variable, and k denotes the logarithm of the positive real number K in Definition

2.3.1

REMARK 2.3.1 Assuming a deterministic interest rate 7, a closed form formula for the Fourier
transform of a modified vanilla European call option price is known [11]. Let us denote C, C and n
the European call price, the modified European call price of Carr and Madan type and a positive real
number, respectively, for the payoff function of a European call option S(z7, K) = (x7 — K)* =
(e (1) — F)* with k = In (K). Further assume that
o
/0 |IC(t, T, k,j,y)|dk < co,Vj € E.
Then the modified European call price defined by Carr and Madan is expressed as follows;
T T

C(t, T, k, ys, 0y, 2(t)) = " Eg (e i 7045 @) _ekyFly, g, 1) (2.3.3)

In the following lemma, we recall the characteristic function of the modified European Carr and

Madan type call option [11].
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LEMMA 2.3.3 If T and WU (u,t,yo,00,2(0)) are the Fourier transform of C defined in Definition
2.3.2 and the conditional characteristic function of the log price process defined in Lemma 1.5.1,

respectively, then we have;

Y(T,w,yo,00 = j, o)

—fTr,ds
e 0 's
(77+iw)(1+17+iw) (w v 0( 77)’ » Y0, U0 ],xo) 2.34)

Proof. The proof can be found in [11]. ]

REMARK 2.3.2 We note that in the case of a regime switching interest rate [53] uses the Carr and
Madan type transformation to obtain the characteristic function of European call option prices. The
formula in [11] is based on the characteristic function of occupation times which is known in closed
form when market states are described by a Markov Chain. We have derived the characteristic
function of the occupation times in Corollary 1.5.1.1 which allows us to extend the results in [25, 53]

when market states are described by a semi Markov process.

In the context of a price process driven by the Brownian motion [30], an integral option price
formula is obtained. In the following result, we present a similar pricing formula [30] in the context
of (1.4.1), where we assume that fﬁ is the density of the increment of the log price process in an

interval of length s, whenever the semi Markov process is in state j for any j € I(1,m) = E.

LEMMA 2.3.4 An integral option pricing formula in the context of model (1.4.1) is represented by

the following formula:
C(t7 Yt, eta xt) - P(tv Yt, 015)6'9Zt (t7 T7 Ka Hl't)
T—t 0o
FQtud) [ Ot 0)] [ O w0 gadedn, @39
0 0

. 1—F(ys+T—t|0 T—t|6
with P(t,y;,0;) = %’1 — P(t,y1,0:) = Q(t,ys,0t), p(t,yt,0:) = % and
C(t+u,y,j, o) = Zét+u=j,j7é0t— C(t + w,yt, j, z¢) fo.(In (x/Sy)), where F(.0,-) and f(.|6,-)
are defined in Remark 1.2.1. C? is the Black Scholes option price when the market is in state 6,

and C(t,y, 0y, x¢) is short hand notation for C(t, T, K, y;, 04, x1).

Proof. The lemma follows by imitating the proof of Theorem 3.1 of [30]. Let V'(t) = v(¢, v, 6, x¢)

defined as in Lemma 1.4.1, using the risk neutral pricing formula, the tower Law of expectations,
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the identity 1 = 1Tn(t)+1§1 + 1Tn(t)+1>1 and the notations:

V(1)]s, 4,005 = BV (1),
V(O)ls,yss0ss 20, Tagey 1 < T| = BTV ()] 1
V(#)]s,yss 05 20s Tagiyi1 > T| = EZT[V (1)
V()50 s Yus Oy Ous 05, 2| = B[V (1)

V(£)15, s Yos Yur O Ous s Ty Ty 11 > T} — EZT V(1)

3 & &

V(t)|87 s+ Uy Ysy Ys+us 087 es—i—uu Ly Ls+u, Tn(s) = Yt + U] - E;ET [V(t)],
Vs,t,u € Ry and s < t, we obtain:

C(t,ye, 01, )

B [eftT r(0a)ds (g7, K)*],
—E, [E [eli 04 (30— KY |y, 04, 2, Tn(t)ﬂﬂ :
=Er- 1z, 5 B[ O r — K e, 01,20, T ]|

B {lTnu)HSTE[eftT T (g — K)+‘yt; Ot, 1, Tn(ﬂﬂﬂ ’
=P (T4 > Tlys—» O, 2= ) BT [E [C(t, Y, O - ) yTn(t)HH

+ P((Toaysr < Dlye- 00,2 VEET[B(C(typ 0y )| T +1]}
=P(Toy+1 > Tlyi- 04—, 2~ ) E[C(t, -, 04—, =) | Ty 41 > T

+ P(Thwy+1 < Ty 04 - ) E[C(t,y-, 04—, 4= )| Ty 41 < T
=P (Tyys1 > Tlye— 00—, 2= ) C (£, 20) + P(Tritys1 > Tlye— Op— 24—

X EET [E(C(t7 Yi—» 015_ ) :Et_)lTn(t) =Yt + U]:|
T—t
=P(t,y;,0:)C% (t,2¢) + Q(t,y1,0 + 1) / p(T — u, ys, 04)

0
x E [C(t’ Y- Ht* y L= ) |Tn(t) =y + U] du
T—t
=P(t,y,0,)C% (t,20) + Q(t7yt79t)/ p(t, yt>9t)Et+u,t[
0
T
e OB [T O N (g Ky B e gy =yt + u]]

T—t
=P(t,y1, 00)C? (t,2¢) + Q(t, yr, 0¢) / Ey [GT(et)uP(T — U, Yz, 04)
0
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X EZ:;yt+u [eftzu r(6s=)ds (g — K)+Hdu
T—t
=P(t, s, 0)C% (t, 2¢) + Q(t, vy, 0r) / e" (T — u, yy, 0;)du
0

o0

X / Z E[C(t+u,yt+u - Oagt-‘ru,mt*)‘,rn(t) = yt+u]
0 Ot 4u=3

J#0t
x fI(In(x/S;))dudx

T—t

=P(t,y1, 0)C% (t,2¢) + Q(t, ys, 0¢) / e"Op(T — u, yy, 0;)
0

X / C(t+u,0, 7, z;)dudz.
0

2.4 Conclusion

Option pricing in a semi Markov switching regime and performed through risk neutral pricing raised
the issue of choice of the martingale measure. Existence of uniqueness of the equivalent martin-
gale measure in the well known case of Black Scholes model has been well documented. However,
the completeness of the market is in general invalidated when additional sources of randomness
are introduced. Semi Markov regimes do not escape the rule and render the market incomplete.
The issue now is to pick the “best” equivalent martingale measure to price derivative with. Such a
choice is generally arduous as one needs to first describe an acceptable definition of “best”. In the
current literature, two preeminent versions of equivalent martingale measure are the Minimum mar-
tingale measure(MMM) and the minimum entropy martingale measure(MEMM). In this chapter,
we applied a version of Girsanov theorem to present a general equivalent martingale measure and
we exhibited one non optimal and two optimal martingale measures producing sensible derivative
prices. We also presented the conditional minimal entropy martingale measure as it is closest to the
historical probability measure with respect to Kulback Leibler distance. Carr and Madan pricing al-
gorithm have consequently been used along with the Fourier transform derived last chapter. A semi
closed pricing formula of the pricing formula is obtained. The new feature of the pricing formula is
its conditional intensity and the backward recurrence time. One is interested on how much impact
the semi Markov parameters have on the option prices and how much difference there is between

Markov regime prices and semi Markov regime prices.
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Chapter 3
Simulation of option prices and calibration of option prices parameters under semi-Markov

and Levy process structural perturbations

3.1 Introduction

Stochastic hybrid models have been used in financial modeling by quite a few authors among which,
[2, 16, 36, 45, 48, 63]. This is in response to the well documented limitations of the seminal Black
Scholes stock price model [6]. The non normality of log returns is exhibited by a pronounced
skewness and fat tails along with non constant implied volatility, therefore contradicting modeling
assumptions underlying Black Scholes model [6]. Moreover, smiles, smirks and skew empirically
observed in the option market are unexplained by the Black Scholes model. Heavy tailed and asym-
metric distributions have been successfully applied as a remedy to the log return distribution misfits.
However, the skew, smile and smirk are reproduced by exponential Levy models for asset prices with
relative success for short to medium maturity [66]. A consensual agreement is that volatility is not
constant as assumed by [6]. Furthermore, there is strong empirical evidence supporting stochastic
volatility. Stochastic volatility and local volatility models have provided a better explanation for
many stylized facts of the derivative market and log return times series. However, stochastic regime
switching models with random volatility switching from one state to another provide economically
interpretable alternative to stochastic volatility and local volatility models. Regime switching mod-
els have been first used in [38] in the context of time series in a two-state market regime. Since then,
a slew of regime switching stock price models have ensued [2, 10, 14, 34, 43, 54]. However, most
of the models developed are assumed to have Markov states. The convenience of Markov market
states stems from the constant conditional intensity matrix of Markov processes which proves to be
unrealistic for a market often undergoing structural changes. Indeed, under the assumption of con-
stant conditional intensities matrix, the market has the same propensity of switching regime at any

given time, regardless of occurring changes. We note that application of Markov regime switching
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models to financial derivatives is still a work in progress, namely, Markov regime switching expo-
nential Levy models for asset prices with applications in credit risk are used in [36] and an option
pricing method under Markov regime switching exponential jump diffusion [18]. On the other hand,
semi Markov regime switching models are a relatively unexplored topic [2, 30, 41]. Moreover, sim-
ulation methods for option prices from [30, 41] along with continuous and discrete time MCMC
calibration method formulated by [41] for semi Markov Black Scholes models of asset prices are
developed. Both calibration methods rely on normal likelihood simulation and aren’t extensible to
other switching exponential Levy models. This is because they either do not have a closed form
density function or their known density does not have easy-to-simulate-from conjugate priors. This
issue is solved by [2], where a closed form expression for the characteristic function of log asset
prices is developed. This paved the way for calibration and simulation of option prices induced by
an arbitrary exponential Levy price process with closed form log price characteristic function.

In this paper, we explore four problems of interest: estimation of historical parameters of a semi
Markov switching asset price model via LLGMM approach first developed by [56], estimation of
the effects of the semi Markov sojourn distribution parameters on option prices, application of [11]
and the Fourier space time stepping algorithm of [43] to semi Markov modulated stock price pro-
cesses and comparison of Markov modulated and semi Markov modulated stock price models.

The paper is organized as follows: in Section 3.2, we define the model along with related filtrations.
We use the LLGMM method of [56] to estimate the historical parameters of the model illustrated by
three case studies in Section 3.3. Section 4 highlights the effects of risk neutral semi Markov param-
eters on option prices and volatility surfaces via simulations based on the Carr and Madan method.
We also show that we can use the Fourier time stepping method of [60] to price American options
and exotic options. Both algorithms are shown to blend naturally in the semi Markovian regime
model due to the piecewise constant assumption imposed on the conditional intensity matrix. Sec-
tion 3.4 ends with calibrations of Heston model, Markov and semi Markov regime switching Black
Scholes models to a couple of option data, and we compare the fit of all models through the resid-
ual mean square error risk function. Section 3.5 concludes our work with a summary and a few

problems encountered along the way, which haven’t yet found a satisfying resolution.
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3.2 Preliminary notations and definitions of the model

Let T > 0 and 7" > 0 be the maturity date of an option contract and the time horizon of the
market, respectively. We assume that the market is subjected to regime/state structural changes. It
is assumed that the market structural states are governed by a semi Markov process 0;. (0,,,T},) is
the corresponding Markov renewal process, where 7, and 8,, = 61, are the time and the state of the
process at the n-th regime change. We assume that the structural state domain E of (6;);~¢ is finite,
and m = n(FE). We also denote 7, = T, +1 — T, the sojourn time of the semi Markov process. Let
(Bn)n>0 be a sequence of real nonnegative independent random variables. We assume that the jump
in price only depends on the past and current transition states of the semi Markov process, namely,
Bn = Bo,,_, .0, With density g(|0,—1,6,). n(t) = max,{n € I(0,00), T, <t} denotes last regime
change prior to or at time t. Let ¢(0,-,dz, ds) and v(,-, dz)ds be a Poisson random measure and
its intensity measure, respectively. We denote 1(0,-,dz, ds) = (0,-,dz,ds) — v(0,-,dz)ds, as
compensated measure of ¢ (6,—, dz,ds). G and H are smooth functions defined from R x E into R

satisfying
/ [(1 + H2(2,5)) 11 + 1|Z|S1G2(z,j)]y(j, dz) < 00,¥j € E. (3.2.1)
z€R

Condition (3.2.1) ensures that H and G have slow growth enough to allow existence and finiteness
of average transformed small and big jumps. It also ensures that the average big jump is finite, which
will ensure existence of certain expected values for some versions of H and G. Such features will
be necessary in the remainder of the article as we will apply the isometry property of martingales

Let LY and L{ be stochastic processes defined by:
t t t
L= [Cuto s+ [ o 9iB+ [ [ G0, )6, dxds
0 0 Jlz[<1

0
t
+/ H(z,0,-)(0,-,dz, ds), (3.2.2)
0 Jlz|>1
and

t
aLf = [ [ [ () 1= G0, 0, d2) + (0,19) + 5020, 5)] s
0o LJpz<1 2
¢
+/ o(0s-,5)dBs
0

t t
+ / / (eFE0) — 1)p(0,-, dz, ds) + / / (e1&0=) — 1)p(0,-,dz,ds), (3.2.3)
0 J|z|<1 0 Jl|z|>1
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respectively. The asset price process (x(t)) is described by the solution of a following Levy-

te[0,T)
type stochastic differential equation developed by [2, 47]:

Cl.%'(t) ( )dL97 ( )—CC 7t€[T7T+1)
' ! oo (3.2.4)
Tpn = /Bn:E(T71_’ Tnfly :L'nfl)a $(O) - :L'O,vn € I(O, OO)
The solution process x defined on each interval [T,,,T,+1) takes the following form found by [2,
47]:
x(t) = xp exp [f,}n dLgn},t € [Tn, Tn+1)

Tn = Ppx(T,, Th-1,Zn-1),Yn € I(0,00).

(3.2.5)

Let (Q,F) be the reference measurable space. (Hy):e(o,77, (Lt)se[o,7] and By, are filtration generated
by the semi Markov process 6;, the Levy processes LI, s € [0,t],Vj € E ={1,2,3,...,m} and
the discrete sequence f3,, respectively. We also denote Ly = L; V B, ), G; = Hy V Ly and
Gy = H; v Ly, Vt € [0,7%]. Let P and Q be the historical probability and an equivalent martingale
measures as found by [2], associated with the price process (:c(t)) £0 defined on the measurable

space (Q2,F), respectively.

3.3 Parameter estimation via LLGMM.

3.3.1 Estimating equations

We recall the definition of the infinitesimal generator developed by [2].

DEFINITION 3.3.1 Let L and V represent the infinitesimal generator of the price process x(t) solu-
tion of the SDE (3.2.4) and a function such that V € C [R* xRT xRt xR, R} , with V' continuously
differentiable in the first and second variables and twice continuously differentiable function in the
fourth variable. Let s € [T,,,T,,+1) with O, = j. We have,

ov. oV 1
+ [p(,- s)—i—iaz(ﬁsﬂs)}x 78—4- 20 (05—, 8)ri- —

s oy
+/ [V s ys,’gs,’xs,eG(zﬁs—)) —V(s,ys—, 05—, x4~ ) — G(2,04- )4 8‘/} (0,-,dz)
l2|<1 Ox

£V(S yS Y S 7‘7;57)

+/ [V S y8779877x876H(Z79S_)) - V(S7 y8779877x87):| V(9877dz)
|z|>1

w3 e ) [V g ) = Vi B ) [Bel0 dz (3D
R0,
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We establish two difference equations that are needed in the LLGMM estimation method.

LEMMA 3.3.1 Let V € C|RT x RT x Rt x R, R| be continuously differentiable in the first and
second variables and twice continuously differentiable function in the fourth variable. Py, =
{tk}fc\ﬁb,Tn =to < t1 < .. <tuy, =T, is a partition of the time interval [Ty, Ty, 11), where
0, = j. The conditional expectation and variance of V, associated with a discretized scheme of the

transformed stochastic differential equation:

dV(S, Ys 03’ ZES) = ‘CV(Sa Ys—» 95— ) :L's—) + 0'(95— 5 5)$s_ %st

+ / |:V(s7 y87 Y 087 Y xsieG(Z,j)) - V(S7 y87 Y 087 Y x87 )] 1/;(]7 dZ? ds)
|z[<1

+/ [V(s,ysf,é’sf,xsfeH(Z’j)) —V(s,ys—, 04—, x4 )]1/;(], dz,ds), (3.3.2)
|z|>1
are:

E [Av(tk-‘rla Ytrio ju xtk.t,-l)’Gtk] = EV(tk, Yty » j? xtk)Atk-Fl (333)

2
E [Av(tk+17 ?/tk+1 ) j7 mtk_'_l) - [Av(tk+17 ytk+1 ) j? xtk+1 ) |Gtk] Gtk:|

2 )
|:xtk7 %%U(j7 tki)] Atk+1 + f|2|§1 [V(tlﬁ ytkvjv xtkeG(z’J)) - V(tka ytk7j7 l’tk)] 2V(j7 dZ)Atk+1

. i . 2 .
T f|2|>1 [V(tk’> Ytis Js :L‘tkeH(ZJ)) - V(tka Yty J» mtk)] V(]a dZ)Atk—i-l-

(3.34)

Proof. We apply Euler-Maruyama discretization process as formulated by [45], to the transformed

Levy-type stochastic differential equation (3.3.2) and obtain:

. ) ) oV
Av(tk-i-la Ytpr1s D xtk+1) = ﬁv(tk’v Yt I :I;tk)Atk + J(]> tk)xtk %ABthrl

+ /| [V(tkvytk’ja $tk€G(Z,j)) - V(tk,ytk,j,xtk)]&(j’ d}z7 Atk‘)
z|<1

+ /| [V(tkvytkaja l'tkeH(Z,j)) - V(tk,ytkvjyl'tk)]&(j, dZ,Atk) at tk+1 S P]\Zn (335)
z|>1
Now we apply the conditional mean to the numerical scheme (3.3.5) and have:
B [Av(tk—H’ Ytrir Js Ltppa ) |Gtk] - LV(tk? Ytps Js xtk)Atk—‘rla (3.3.6)
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E(Av(tk+l7 ytk+1 P ju xtk+1) - E(Av(tk+17 ytk+1 ) j7 xtk.t,-l)‘Gtk)

r . _ 2
+E|: /| [V(tkaytkvjv xtkeG(ZJ)) - V(tkaytkaja xtk)]w(]> dZ, Atk+1):| ’Gtk:|

-Jz|<1

r . _ 2
+E|: /| [V(tkaytkajv mtkeH(ZJ)) - V(tkaytkaja xtk)]w(ja dZa Atk+1):| ‘Gtk:|

-J|z|>1

oV , y . .
+2E [wtk%J(J’tk)ABtlﬁl /|| [V(tbytkv]:xtkeG( J)) - V(tk?ytk7]7xtk):|¢(j7dzaAtk+1)]
L z|<1

[ ov .
+2E [xtkal,o-(J’tk)ABtkle/

- [V(t/ﬁ Yt Js wtkeH(ZJ)) - V(tka Yer Js xtk)] &(]7 dz, Atk+1)]
z|>1

(3.3.7)
+ and B are independent martingales. Hence, the products involving both have zero expectations.
We also note that products involving the compensated Poisson measure 1) for large and small jumps

vanish as they never jump, simultaneously. From Ito isometry, (3.3.7) becomes:

E(AV(tk+1, ytk+1 ’ ja xtk_H) - E(Av(tk-‘rla ytk_H ’ j7 xtk.t,-l)‘(@tk)

+ /|| [V(tka ytkv.j7 xtkeG(Z’j)) - V<tk7ytk7j7xtk)}2y(.ja dz>Atk+1
z|<1

. ; . 2 .
+ /|| [V(tkvytk7.]7xtk€H(z’])) - V<tk7ytk7.77xtk)] V(Jadz)Athrl (338)
z|>1
This establishes the results. O
The following remark describes the jump integral estimation problem.

REMARK 3.3.1 (3.3.3) and (3.3.4) form the building blocks of the estimation procedure that is
utilized to estimate the drift and diffusion coefficients. It is therefore possible that due to roundoff,
discretization and computational errors, 52 have negative values. Hence, it is critically important to
chose an efficient numerical estimation methods of the Levy integrals. We chose to estimate Levy
integrals via Monte Carlo integration method. We first note that compound Poisson processes have
independent and identically distributed (iid) jump sizes. Hence, jumps sizes of Levy integrals are

iid. We can apply the following monte carlo estimation scheme defined in [61]:

n(j

)
2)(j,dz) = EY9) [g(z %L z 3.
| oewtid) = B0 gl 27 ) (339

where g is a v(j, )—integrable real valued function, and (zl)zn:(Jl) is an iid sample of Levy jump sizes
when the market is in state 6; = j. n(j) denotes the number of Levy jump corresponding to the

7 — th regime.
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In the following Lemma, we present a particular case of interest along with an explicit formula for

parameter estimates and a recursive formula for price simulation updates.

LEMMA 3.3.2 (i) If H(z,j) = G(z,j) = 2,Vz € R,V¥j € E and V (t,y, j,z(t)) = In(z(t)),
then the transformed stochastic Levy type differential equation, and the conditional expecta-

tions of Euler-Maruyama type discretization scheme in Lemma 3.3.1 reduce to:

ov
5 Oz

+/ |:V(S7ys_795_7x3_eG(Z7j)) - V(Says_ves—axs_)}lz(jv dz,ds)
|z|<1

dv(s7 y57 987 xS) = £V(S7 y87 Iy 087 ? xsf) + 0’(0577 S)x dBS

[V b D) Vs 6,y | 00z ds), (3.3.10)
|z[>1

B|Am (21,19 = | / L ) )| A, (3.3.11)

2
FE |:<A In (xtkH) - E(A In (.I'tk+1)’gtk)) ‘Gtk] = 0’2(j7tk)Atk+1 + /GR zQV(j, dZ)Athrl

(3.3.12)

(ii) At time ti, we consider the subpartition P;\}fmk = {tk—mps th—my+15 -+ th—1} of Py con-
sisting of the past my, consecutive data values of the price process x. We assume At = At,
(g, t) = wu(y) and o(j,t) = o(j). We denote ﬂgkm;@ and &gk,mk the estimates of u(j) and
o(j) relative to the subpartition Pf/[fmk respectively. Explicit formulas for ﬂ{k,mk and &gk,mk

can be expressed as follows:

k—1
. 1
fitem, = — D B(AIn(2,)|Gr,_, sz1|zk|>1 (3.3.13)
Mk ti:kfmk
1 k-1 m k—1
~] 2 k

(Uljfimmk) - me — 1 kZ E(Aln(xti) E(Aln (2,)|Gy,_, }Gtz 1) - my — 1 Z
1=k—my, 1=n—my
(3.3.14)

(iii) We denote 1y, = E [mtk ’Gtk—l] the estimated conditional mean asset price. The following
recurrence relation holds:
n(j)

R R ~j 1
xtk+1 = Tt €Xp [Mgk,mkAtk'f‘l + 2(0'tk mk) Atk_;,_l + Wj) Z [ezl —1- Zl1|zl\§1]] .
=1

(3.3.15)
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Proof. Under the assumption H (z,j) = G(z,j) = z,Vz € R,Vj € E,and using V (¢, ys, 4, z(t)) =
In (z(t)), and applying Lemma 3.3.1, (3.3.3) and (3.3.4) reduce to (3.3.11) and (3.3.12), respec-
tively. (i1) is a direct consequence of part (i). Summing up (3.3.13) and (3.3.14) over the subpartition

n,k
PM my,» We obtain:

k—1 n(j)
E [A In (xtk)lgtk,l} = my, [— > 2l + mku(j)} At (3.3.16)
i=k—my n(‘7> k=1
k—1 2
E[(A In(z¢,) — E(Aln (g;tk)ygtkfl)) ’Gt“} = fmkUQ(j)At+mk/ 22v(j, dz) At.
i=k—my, z€R

(3.3.17)

Solutions of algebraic equations in (3.3.16) and (3.3.17) establish (3.3.13) and (3.3.14), respectively.

For (iii), we consider n € I(1, M) and t,,—1, t,, points of the partition Py, such that Tj,_1 < t,,—1 <

tn, < T} where 67, | = j for some k € (1, 00). By Levy Kintchine formula [55], we have:
tTL .
Blo1,[6t,-.] = Elae, o[ [ ari)

n71:|
tn—1

tn tn
- el e uidt+o@as 1 [ G+ [0 [ i), ]
tn—1 \z|>1 z|<1

= a e [[uG) + 50200+ [ =1 anas] Al

Hence, at each time step t,,, the simulated conditional mean observation is computed recursively as

follows:
1. At
By = &, exp [ (1)At + 55%(j) At + o e —1— zk1|zk‘<1]], (3.3.18)
k=1
where n(7) is the size of the data when the market is in regime j, hence proving the lemma. ([l

3.3.2 Parameter estimation for three real data.

We assume the regime switching times observable. Although semi Markov jumps 3, are not ex-
pected to stand out by their size, large jumps have empirically been associated with local structural
changes through clustering [10] and will therefore be chosen as jump times. These jump times could
be used to estimate the sojourn time parameters of the semi Markov process, however, we focus on

estimating the price jump distribution parameters and the parameters of the Levy distributions in
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between jumps. The IBM, Bank of America Corporation and BNP Paris Bas data were collected
over a period of 20 years and six months (daily except for the weekends and market holidays) from
January 2nd 1994 to July 11th 2014. Structural changes were identified in each data set and the cor-
responding jumps were considered semi Markov market price jumps. Based on Lemma 3.3.2, we
estimate the parameters of model (3.2.4) between jumps using the LLGMM algorithm developed in
[56]. The fit of the LLGMM is presented by the first columns of Figures 1, 2 and 3. Another feature
of the LLGMM is the more obvious randomness in the volatility as opposed to that of Garch(1,1).
The same conclusion is reached in the context of semi Markov exponential Levy asset prices as
shown in the second columns of Figures 1, 2 and 3. As noted in Remark 3.3.1, jumps are indepen-
dent and so are log jumps. Estimation of the parameters of the distribution of 3 could be performed

by maximum likelihood.
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Figure 1.: The first column exhibits the fit of the LLGMM simulated IBM stock prices against
historical prices. The second column illustrates a comparison of LLGMM and Garch(1,1) annual

volatilities.
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Historical BAC stock prices BAC Garch(1,1) volatility
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Figure 2.: The first column shows the fit for the LLGMM simulated BAC stock prices against
historical prices. The second column exhibits the performance of the LLGMM and Garch(1,1)

annual volatilities.
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Historical BNP stock prices BNP Garch(1,1) volatility
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Figure 3.: The first column exhibits the fit of the LLGMM stock of Bank National de Paris (BNP)
against historical prices. The second column illustrates a comparison of LLGMM and Garch(1,1)

annual volatilities.
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Table 1: IBM: Overview of a few LLGMM parameter estimates and simulated values

Index: t;, | Data: v, Estimate: g5, Error: |ys, — 95, | Volatility: s,;,,  Drift: i(j) Sample: 1y
11 167.73 169.19 0.70 0.000033 -0.013 2
12 169.72 168.82 0.90 0.000404 -0.002 2
13 164.90 166.98 2.08 0.000434 -0.011 3
14 165.45 165.71 0.27 0.000257 -0.008 5
15 167.19 166.87 0.32 0.000026 0.007 2
16 169.02 168.68 0.35 0.000000 0.011 2
17 169.35 168.97 0.38 0.000240 0.002 6
18 169.55 169.77 0.22 0.000029 0.005 3
19 168.03 169.12 1.08 0.000052 -0.004 2

6043 15.73 15.60 0.12 0.000259 0.009 2
6044 15.59 15.59 0.00 0.000170 -0.001 296
6045 15.65 15.64 0.01 0.000156 0.003 4
6046 15.80 15.75 0.06 0.000019 0.007 2
6047 15.71 15.72 0.01 0.000116 -0.002 100
6048 15.75 15.75 0.00 0.000136 0.002 14
6049 15.57 15.67 0.10 0.000049 -0.005 3
6050 1543 15.51 0.08 0.000003 -0.010 2
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Table 2: BAC: Overview of a few LLGMM parameter estimates and simulated values.

Index: ¢;, | Data: v, Estimate: g5, Error:|y:, — 95, | Volatility:s,;,,  Drift: i(j) Sample: iy
11 14.98 15.35 0.22 0.000427 -0.018 2
12 15.04 15.13 0.09 0.000684 -0.015 2
13 14.98 14.97 0.01 0.000380 -0.011 3
14 15.05 14.99 0.06 0.000023 0.002 3
15 15.05 15.03 0.02 0.000011 0.002 2
16 15.35 15.18 0.17 0.000202 0.010 2
17 15.37 15.34 0.03 0.000177 0.011 2
18 15.35 15.35 0.01 0.000127 0.000 15
19 15.23 15.27 0.05 0.000025 -0.005 2

6043 5.10 5.04 0.05 0.000000 0.029 2
6044 5.14 5.14 0.00 0.000207 0.019 2
6045 5.24 5.24 0.00 0.000104 0.019 3
6046 5.24 5.24 0.00 0.000650 0.000 4819
6047 5.21 5.23 0.02 0.000015 -0.003 2
6048 533 5.31 0.02 0.000194 0.015 7
6049 5.44 5.42 0.02 0.000000 0.022 2
6050 5.40 5.42 0.02 0.000324 -0.001 2156
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Table 3: BNP: Overview of a few LLGMM parameter estimates and simulated values.

Index: ¢;, | Data: v, Estimate: g5, Error: |y, — U5, | Volatility: s,  Drift: i(j) Sample: iy,
11 51.40 51.60 0.09 0.000078 -0.008 3
12 50.89 51.01 0.12 0.000014 -0.012 3
13 49.89 50.28 0.39 0.000049 -0.015 2
14 51.00 50.36 0.64 0.000883 0.001 2
15 50.22 50.22 0.00 0.000155 -0.003 14
16 49.99 49.99 0.00 0.000111 -0.005 14
17 50.16 50.08 0.08 0.000252 0.001 4
18 50.38 50.30 0.08 0.000000 0.004 2
19 50.49 50.49 0.00 0.000001 0.003 3

3626 21.93 22.05 0.11 0.000202 -0.008 2
3627 21.73 21.87 0.14 0.000102 -0.008 3
3628 22.56 22.19 0.37 0.001114 0.014 2
3629 2242 22.36 0.06 0.000696 0.007 3
3630 22.14 22.16 0.01 0.000017 -0.009 2
3631 22.92 22.46 0.46 0.000697 0.013 4
3632 2343 23.11 0.32 0.000082 0.028 2
3633 24.10 23.78 0.32 0.000041 0.028 3
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3.4 Option pricing

We develop option pricing based on Carr and Madan method and the FST method. We first recall

the following definitions from [2] useful in the remainder of this section:

DEFINITION 3.4.1 Let S denotes a continuous function defined on R™ x RT into R representing the
payoff of a contingent claim; () is a risk neutral probability measure of the price process x defined
by (3.2.4) with respect to the historical probability measure P; K is a nonnegative real number
denoting the strike price of a derivative contract with maturity T'; xr denotes the asset price value at
maturity; C is the Q—risk neutral option price function defined on [0, T|x RT xRT x [0, T| x ExR™
into R™ and V denotes the discounted option price process defined by V (t,T, K, y;, 0, ) =
e o s*dSC(t,T K, yi, 0, x¢). The Fourier transform and the inverse Fourier transform of an
integrable function f, are interchangeably denoted F(f) or fand F ~L(f) or f, respectively. Let
N (t, A, B) be a stochastic process defined on [0, T] x B(R) x P(E?) into [0, ) as:

N(t, 4,B) = Z 1(t2Tn,ln (Bn)EA,(6n—1,6n)EB) (3.4.1)

n>1

and N (t, A, B) stands for the number of regime switches in B with corresponding log price jumps
In(5,) € A by timet. The compensators v(t, A, {(i,j)}) = fg Loea b(zli, 5) i (ys)dzds of
N(t, A, {(i,7)}) are derived in [2].

We model asset prices with the semi Markov switching exponential Levy process in (3.2.5), where
LY defined in (3.2.2) is based on H(z,j) = G(z,j) = z. Options are priced based on the risk
neutral theory. The martingale probability measure chosen for pricing purpose is the conditional
minimum entropy martingale measure (CMEMM) P®" with density process expressed in [2] as the

following Esscher transform:
et Bi eJo atdLs

dPa* n
W‘HTVM - Zl;[l E(ea;ﬁi 9¢,9i—1) E(efota;dLs

,Vt € [Tn, Tn—l—l)-

Hy)
From [2], for Vt € [T},, Tp+1),Yn € I(1,00), the risk neutral conditions satisfied by the Esscher

parameter process (v )¢e[o,7], are as follows:
p(0n) + aF0?(0n) + [j<q [G(2,00)e*i T — G(z,0,) |0 (60, dz)
+ j‘|z\>1 H(Z7 an) (ea,’{H(z,G") - 1)1/(0717 dz) = T(t)v vt e (Tna Tn+1) (342)

a* ea;,ﬁn .
[EP [Bn‘enaen—l] - 1:| == |:E [m‘en,en_l] - 1i| - O lft — TTL
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The risk neutral pricing formula for European call options is described by:

C(t7 T7 K7 Yt j7 .’Ift) = EP& (ei ‘I;:T TSds(mT - K)+|Ht Vv }Lt)
_ EPa (67 ftT rsds(elog (z7) ek)+‘yt7 et _ j;xt)
So log (z7)
— EP (ek_ftT rst(ek(ggk T _1) . 1)-&-’%7 0, = jth)’ (3.4.3)
where £ = In K. Given the known closed form expression of the characteristic function of log
prices [2], one can apply Carr and Madan formula [11]:

e ftT reds

(o +iu)(1 4+ a + iu)

T(thaua yo»j»l“o) = \P<u7i(1+a)vt7y07jax0)7 (344)

where T is the characteristic function of the modified option price

~ o T

C(tv T7 k: Y, jv xt) = eakEP [6_ ft rsds(eln (@) ek)+‘yt7 et = ja xt]
W is the characteristics function of the log prices developed in [2]:

t+y
=exp (iuln (:ct))<exp( M(u,n)dn)ej, 1>7 (3.4.5)
Y

and M is an m x m matrix function with components M, are defined by:

iup(q) — 302 (Q)u® + [, 1oy [€MCD 1 —iuG(z, 9)]v(g, dz)
Mop(u,y) = q + f|z‘>1 [ei“H(z"J) —1]v(q, dz) + Agq(y), ifp=gq (3.4.6)
M) [,cg €7b(2]q, p)dz, otherwise.

M is assumed to satisfies the Lie bracket condition [49]
[M(u,t1), M(u,t2)] = 0,Vt1,t2 € Ry (3.4.7)

w satisfies the martingale condition in (3.4.2). We next explore the effects of parameters on option
prices and implied volatilities. By developing a closed form solution to a PIDE which will allow us
to apply the FST algorithm, hence paving the way for the pricing of exotic and American options
[60] in the context of asset price model (3.2.4). The option price is the inverse Fourier transform of

T:

—ak

€ /e_i“kT(t,T,u,y,j,m)du. (3.4.8)
T JRr

C(taTv kvytajaxt) =
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The Fourier time stepping method from [60], is an option pricing method of vanilla and exotic option
contracts based on the inverse Fourier transform. The FST has been used to price options when the
market is subjected to Markov regime changes, [43, 53, 60]. We investigate an application of the
FST method to semi Markov regimes with jumps at regime changes. We assume in this subsection

that the asset price process in (3.2.5) is defined under a (P, HvV IE) — equivalent martingale measure

Q.

LEMMA 3.4.1 Let S be a random variable representing the payoff of a general European style
contingent claim with maturity T and strike price K in Definition 3.4.1; let () and L be the risk
neutral measure and the infinitesimal generator defined in Definitions 3.4.1 and 3.3.1. Let C be the

Q —risk neutral option price of a contingent claim.

(i) Then, for 0,— = j, the Q—risk neutral option price C of a European contingent claim with

maturity T, strike price K and payoff S satisfies the following PIDE:

‘CV(S? T7 K? y8_7j7 a’:S_) = 0
(3.4.9)

V(T,T, K, yr,0p, v7) = elo "du§(zp, K)
FOI" any j 6 I(l7 m)’ and V(S7 T? K? yS_ 7j7 ':L'S_) = ei f(f Tudu0(87 T7 K7 ys_ ) j7 $8_)'

(ii) The vector solution C(s, T, K,y, ) = (C(S,T, K,y,1,2),C(s,T,K,y,2,x),...,C(s, T, K,y,m,x))
has Fourier Transform (with respect to In (x)):

~

C(S7T7K7y’ w) :[C’(S’T?K7y’]"w)7é(s7T7 K7y727w)7"'?é(87Y?K’ y’ m’ w) =
T—t+y R

exp [/ M (u, s)ds}.[S(w)l], (3.4.10)
y

and the Fourier transform of option prices in individual regimes are:

X T—t+y .
C(s,T,K,y,j,w) = <exp [/ M (u, s)ds][S(w).ej],w. (3.4.11)
y

Proof. (i) is a direct consequence of the PIDE derived in [2] with u, H and G replaced by
f\Z|§1 [eGED) — 1 — Gz, )| v(j,dz) + 10%(j), €9 — 1 and eH(*7) — 1. We prove (ii) us-
ing properties of the Fourier transform. Using the change of variable £ = In(z), assuming

S,C € LY(Q,G, Q) with respect to the first and the sixth variables, respectively, and using the

85



properties F(%C)(t,T, K,y,j,w) = (iw)”é’(t,T, K, y,j,w), F(C(t,T, K,y,7, xez))(w) =
vz ( (t,T,K,y,j,w), along with linearity of the Fourier transform lead to:

%% + % +iwp(j) + %O’Q(j> + |:‘[|Z‘§1 [e“"G(z’j) —1- in(z,j)]u(j, dz)

+f|z|>1 [6in(z’j) — 1]1/(]', dz)

i W) = (3| Cls. T, Ky jow) (3.4.12)
+ ZZ#] [[fzeR )\j,i(ys)eisz(ZU? Z)dZ} 0(87 T7 K7 Ys—» ia w):| = 07

é(Tv T, K,yr, Or, [L‘T) = S(w, K)

In vector form, (3.4.12) becomes:

9 4 98 4 M(w,y)C(s,y) = 0
C(T, T, K, yr,w) = S(w,K).1

With the matrix (M (w, y))me defined by its elements:

iwp(p) — $020?(p) + [l < [MOEP) =1 — iweSCED v (p, dz)

Mpq(w,y) = 3 + [l or [¢2HEP) 1] (p, d2) + Npp(y) = (p) Ifp=q
Agp(¥) fZeR e"*b(z|q, p)dz Otherwise,
(3.4.13)

which proves (ii). Such a system of PIDE does not in general admit classical solutions as many
payoff functions or derivative instruments are continuous but not differentiable. The solutions con-
sidered for this type of PIDE are weak solutions in the sense of viscosity, which are proven to exist
in [53] in the Markov regime switching case. We assume in our case that the conditional intensity
matrix is a piecewise constant function of the backward recurrence time. Hence, PIDE (3.4.9) has a

unique viscosity solution and is solved in [2] yielding the general solution:

~ T—t+y R
C(s, T, K, y,w) = exp [/ M(w,s)ds][S(w,K)ﬂ, (3.4.14)
y
hence,
. T—t+y .
C(s,T,K,y,j,w) = (exp [/ M(w,s)ds].[S(w,K).l],ej) (3.4.15)
y
Which proves (iii). ]
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REMARK 3.4.1 We note that for any 5 > t; we have:

C(tlaTa K,y,w) = €Xp [f;27t1+y M(w, S)d8:| .C(tQ,T, K, Y2, UJ) (3 4 16)

C(t,T,K,y,j,w) = (exp [f;z_tl+y M (w, s)ds] Cty, T, K, y2,w), ej).
REMARK 3.4.2 We recall the discretization necessary for implementing the FST algorithm, [60].
First partition the time space [0, 7] in N subintervals with P*" = (tn)ﬁfzo. Discretization of the log
stock price space (—oo, 00) is done by approximating the log price domain by a bounded domain
[Tmin, Tmaz] and set PHM = (:ni)f‘io, Tj = Tyin + 1Az where Ay = FminzZmer - Ag noted by
[60], it is sometimes preferred to discretize either In (z/z¢) or In (z/K) with K the strike price
of the option contract depending on whether the pricing is needed around the strike price or not.

( z')(N—H)/Q

The frequency domain [0, wynq| is partitioned with PN = (w i—0 Wi = Typin, + 1AW =

2Wimaz /N and Wiey = ﬁ, the Niquisdt critical frequency.

Next lemma describes the basic difference between option prices in semi Markov regimes and
Markov regimes and shows that it boils down mainly to the difference in integrated conditional

intensities.

LEMMA 3.4.2 Let M, M™, C™ XY™ and V™ be the matrix defined by (3.4.6), the matrix de-
fined by (3.4.6) when (Gt)te[o,T] is a Markov process with generator matrix components denoted
(A7%)1<ij<m» Carr and Madan option price via FFT, the characteristic function of option prices

and the characteristic function of spot prices in Markov switching market regimes.

2
efak

(C(t7 Ta k) ?/t7j7 I‘t) - Cm(t7 T7 kvjv xt))

B /]R exp [(iu(ln () — uk)) — [ rsds] i < [</yt+y Mo i1 Oz),n)d77>n B (tMm(u s a)))ﬂ}

(o +iu)(1 4+ a + iu)

n=1
(3.4.17)
Proof.
2 ] " .
ook (C, Tk, ye, j,xe) — C" (4, T, k, §,24))
e""k efak

27 s

= /e_iUkT(t7T7uvy7j7m)du_ /e_iUkTm(taTau7j7$)duv
R R

= / e iUk (T(t, T,u,y,j,z)— X", T,u,j, x))du, from (3.4.8),
R
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—iuk—fT'rsds
e t
- U(u—i(1+a),t,yo, j20) — O™ (u —i(1 + ), b, j, o }du,f m (3.4.4

exp [(iu(ln (w1) — uk)) — ftT rsds]
/

t+y _
(@ + iu)(1+ a + iu) <[eXp( , M(u = i(1 + o), m)dn)

—exp (tM™(u —i(1 + )))]ej, 1>du, from (3.4.5)

) /R exp {(iu(ln () — uk)) — [T rsds] f: < [</yt+y M i1s a),ﬁ)dﬁ>n

(o +iu)(1 4+ o +iu)

n=1

- (i ap) Jes1

3.4.1 Effect of parameters on option prices.

Simulation of option prices is performed by computing the inverse Fourier transform of (3.4.4).
We use Simpson rule of integration, with upper limit of integration in w being a. Moreover, the
frequency space is divided into N subintervals of equal lengths; the log strike k ranges from —b to
b divided into N subintervals of equal lengths. Inverting the Fourier Transform of C could be done
quite efficiently by FFT or even by FRFT as suggested in [15]. Let’s use the notation: w; = (j—1)n
withn = £, ky = —b+ Au — 1) with A = %b. To match the Discrete Fourier Transform with the

FFT requires one to impose the condition A\np = QW”:

efaku

Ze_i%ﬂ(j_l)(“_lw(uj, Yt, Js l“t)eibujﬁ 3+ (1)) —4;]

C(t7T7ku7ytaja$t) %R€|: 3

s
j=1

(3.4.18)

The presented condition generates a tradeoff between precision of the integral approximation and
step size of the log strike partitions. However the fractional Fourier transform (FRFT) allows to use
independent log strikes step size and integration grid precision [15]. Under the risk neutral measure,

we consider a couple of semi Markov spot price log-jump densities Ei,j» when the market switches
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from regime 7 to j, and we denote them x; ; with:

1 — &;,; with probability p; ;

Kij = 4 1 with probability 1 — 2p; ; (3:4.19
1 + €; ; with probability p; ;

with (3.4.20)

1
Eij > 07pi,j € [07 5]7V7'7.7 € I(la m) (3.4.21)

We consider the following partition 0 = ag < a3 < ... < ap/—1 = T* of [0, T*] and for convenience
we denote aj; = co. We assume that the conditional intensity of the semi Markov process 6; is a
piecewise constant approximation of Weibull intensities. This is guided by a couple of motivations:
first its flexibility and then the necessity of Lie bracket condition (3.4.7). On the one hand, Weibull
intensities are quite flexible as they can simulate increasing, constant and decreasing rates. On the
other hand, the Lie bracket condition is satisfied piecewise, since the A; ; are piecewise constant.
The piecewise conditional intensity approximation of Weibull intensities relative to the partition
(a)pL," are defined:

M—-1 (@)191'—1

Pij2uk=0 G\ Vagaps)(Ys) if i # 4

)\17] (ys) —
- Z;n:l,#i Ai j(ys) otherwise

- ¥;—1 o .
g 2/[:01 (az) 1[ak’ak+1)(ys) if i #£ j a2
— D1y jzi Mij(Ys) otherwise

Vs € [0,T], with a; ; = pirj% and af, = %+ i € [(0,M — 2). Three notable sets of
parameters are absent from moslt option price formulas whenever the market is subjected to Markov
regime changes: the backward recurrence time, the semi Markov sojourn time distribution, and the
price jumps associated with regime changes, respectively. We will examine the added flexibility
of stock price models under semi Markov regimes due to the extra parameters and the impact of
each of the first two parameters on option prices and implied volatilities. We first make a couple
of observations necessary to shed more light on the simulation results. If the intensity function is a

continuous function of the backward recurrence time, from the derivative of the matrix exponential
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under the Lie bracket condition [49], from (3.4.4) and (3.4.8) we have:

—ak ) T
9C T kg o) = © / et IL (4 oy, o w)du
R

oy 2 oy
efak
- [M(u —i(1+7n),y+1) (3.4.23)
2T
u€eR

t+y .
— M(u—1i(1+n), y)} exp (/ M (u, n)dn)ej, etu(in (x)_k)1>du,
y

(3.4.24)

where the difference of matrices in (3.4.24) is performed componentwise and yields,
Mpq(u —i(1+1n),y + 1) = Mpg(u —i(1 +1),y) (3.4.25)
_ App(y +1) — App(y) if p=q (3.4.26)

Doay+ 1) = Apg ()] B, [/ ) [u—i(1+77)]} ,

where Ej;,  is the expected value with respect to &y, 4. (3.4.25) shows an interesting feature of option
prices in semi Markov market regimes. The derivative with respect to the backward recurrence time
of option prices First, if the rate matrix (A; j(¥))mxm is monotonic componentwise, the backward
recurrence time effect on option prices is most significant for long range maturity options. Assuming
the intensity functions \; ; have finite limits when the backward recurrence time grows to infinity,
we have

lim a—c(t,T, k,y,z) =0,Yi,j € E. (3.4.27)
y—oo Oy

Hence, the semi Markov conditional intensity matrix is asymptotically constant, which implies that
asymptotically, semi Markov market regime prices are identical to Markov market regime option
prices. Examining Figures 6, 7 and 8 shows that irrespective of the model, option prices from prices
processes in Markov market regimes can be sandwiched between semi Markov market regimes
with shape parameter ¢ above and below 1. More importantly, the specific observation that prices
from semi Markov market regimes with ¥; < 1 and ¥J; > 1 are higher and lower than Markov
prices, respectively is consistent with the underlying mathematical and economic theory. Indeed,

our price model accounts for two sources of risk, the Levy and the semi Markov switching risks.
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The former is hedged against by the conditional minimum entropy martingale measure as the Levy
jump process is turned into a martingale, and the latter isn’t considered hedgeable and directly
affects option prices. Hence, the higher the regime switching risk the larger the option price. From
(3.4.22), choosing 9; < 1 (resp. ¥; > 1) implies a decreasing (resp. increasing) transition rate,
which translates in a decreasing (resp. increasing) regime switching risk. Simulations for Figures
6 and 7 are performed with y = .1 year and ¥; < 1, hence, \; j(y) is largest for ¥; < 1, which
justifies why prices for 1J; < 1 lie above prices corresponding to ©; = 1 and ¥; > 1, respectively.
Simulation of Figure 8 was performed with y = 1.1 year. It shows that option prices are higher for
larger shape parameters. This is in agreement with (3.4.22) as it shows that A is higher for higher
values of 1J;. One of the most documented shortcomings of Levy models for price processes is
their inability to capture long term implied volatility smiles, [S0]. Markov switching Levy price
models succeed in slowing the dampening of the implied volatility smiles through the conditional
intensity rate matrix, [50]. In our context, the conditional rate matrix is time dependent and could
be affected by y, a and ¥, hence offering more control than Markov market regime models over
long term smiles. Figure 15 shows that, irrespective of the Levy process used, long term smiles
an smirks which often vanish at 7' = 1 year in Markov regimes [7], are still persistent at T = 2
years when market regimes are semi Markovian. In addition, Figures 16, 17 and 18 show that
the backward recurrence time, the shape and the scale parameters do have a prominent effect on
the implied volatility surface. The three rows of Figure 9 display three different effects of the
backward recurrence time on the difference in prices between all market regimes, based on three
different values of the shape parameter ©J. The first and the third row were simulated based upon
¥; < 1,Vi € EFand 9; > 1,Vi € E, respectively. Option prices are decreasing in the first row
and increasing in the third row in all market regimes. However, in each regime, prices decrease or
increase at different rates, hence affecting the price differences between market regime prices. One
therefore observe either an exacerbation or a reduction of differences in regimes as evidenced in the
first and third row. The second row corresponds to 1¥; = 1,Vi € E and shows no change in option
prices as the price model reduces to Markov market regime price model which is independent of y.
Indeed, from (3.4.22), when ¥; = 1,Vi € E, \; ; will reduce to a mere constant and will therefore
be free of y. Similar observations are made in Figures 10 and 11. One also note from Figure 12,

13 and 14 that y, o and 4, respectively, affect in-the money, at-the-money and out-of-the-money
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options prices and leave deep in-the-money (low call strikes relative to the spot price)and out-of-
the-money (high call strikes relative to the spot price) option prices relatively unchanged. This stems
from (3.4.3), where the payoff vanishes or grows substantially causing the option price to vanish or
grow as well irrespective of the market regime when the log strike k& grows or decreases relative to

the spot price respectively.

3.4.2 FST pricing of vanilla and exotic option contracts

We first look into the pricing of two vanilla option contracts: single asset European option contracts
and single asset American option contracts. We recall that American option contracts can be exer-
cised any time before expiration of the contract, unlike European option contracts which are settled
at maturity. It has been shown [28] that it is not optimal to exercise a non-dividend-paying Ameri-
can option contract before maturity. Hence, American and European call options contracts have the
same price provided that the underlying asset does not pay dividends, [32]. One will therefore be
concerned only with pricing and comparing prices induced by [11], and the FST numerical meth-
ods, [60], respectively. The FST pricing of European option contracts requires one time step despite
the assumption of time dependent conditional intensity matrix. It is based on (3.4.16) applied at

(t,y, ) as follows:
T—t+y R
Ct,T,K,y,x) :fl{exp[/ M(w,s)ds].S(w,K).l].
y

Simulation parameters used for pricing purpose are as follows: m = 3 market states, interest rate
r = .05, spot price S = 100, 0 = (.3,.5,.7), a = (—3,2,1;2,-6,4;.5,1,—1.5), 9 = (5,3,.3),
e=(0,.2,.1;.4,0,.1;.1,.3,0) and the jump and drop probabilities p = (0, .2, .1;.25,0,.3;.1,0,0).
We notice from Figure 4 that SMBS call option prices obtained from FST and Carr and Madan
are identical up to the third decimal as is the case with call option in Markov regime markets [53].
However, the error plot shows that Carr and Madan prices are consistently slightly larger than FST
prices. As for the pricing of American options in semi Markov markets, (3.4.16) allows us to use
the FST method, [60], thus far applied to Markov regime markets. The FST is applied based on the
discretization scheme presented in Remark 3.4.2. American put option prices are larger than their
payoff, as they can be either exercised or held at each time step. The option holder always chooses

the alternative netting the larger benefit. Such a maximum condition is enforced in the design of the
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pricing algorithm as follows:

y+AL R
C*(tn,T, K.y, xn) = ]:_1 |:eXp [/ M(w, S)dS ‘C(tn+1vTa K,y,w) >
)

which is the holding price of the option at time t,,, while the price of the option at the same time is

C(tn7 T7 K7 Y, xn) = Inax (C*(tTM Ta K7 Y, I'n), C(T7 T7 Ka Y, xn))7

where the maximum is applied component wise. We simulate prices of European style Digital and
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Figure 4.: The left hand side plot presents comparisons of Semi Markov Back Scholes FST and
Carr and Madan prices of European option in every state of the market while the right hand side

plot exhibits error differences in each regimes.

asset-or-nothing exotic option prices. We recall that at expiry, digital call option contracts pay $1,
if the spot price is at least at large as the strike and nothing otherwise. Digital put options however,
pay nothing if the spot price is larger than the strike and $1 otherwise. Asset-or-nothing option

contracts are similar to digital option contracts with the only difference that they pay the asset price
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worth or nothing. Their respective payoff functions can be expressed as follows:

L(2r> k) for digital calls,

1 K for digital puts,
(e, k) = (zr<K)
x71 (2> k) for asset-or-nothing calls,

z71 (4, < ) for asset-or-nothing puts.

The pricing of this style of path-independent exotic option contracts in semi Markov regime switch-
ing could be done using the FST method with one single time step. The first row of Figure shows
that the effect of the backward recurrence time on European vanilla observed in the preceding sec-

tion carries over to American and exotic option contracts.
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Figure 5.: The first row captures the effect of backward recurrence on American style put, digital
put and asset-or-nothing put option prices while the second and third rows present all three put and

call option prices at each market state.
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Semi Markov vs Markov Black-Scholes: Regime 1
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Figure 6.: Comparison of option prices in a Markov switching Black Scholes model and a semi

Markov switching Black Scholes (SMBS) model.
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Figure 7.: Comparison of option prices in a Markov switching Merton Jump diffusion model and
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a semi Markov switching Merton Jump diffusion (SMMIJD) model.
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Semi Markov vs Markov NIG:
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Figure 8.: Comparison of option prices in a Markov switching Normal Inverse Gamma model and

a semi Markov switching Normal Inverse Gamma (SMNIG) model.
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Figure 9.: Effects of the backward recurrence time on option price. The first, second and third rows

are simulated with ¥; ; < 1,Vi,j € F,v;; > 1,Vi,j € EFand ¥; ; = 1,Vi,j € F, respectively.
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Figure 10.: Effects of the scale parameter o on option prices C'.
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Figure 11.: The effects of the shape parameter on option prices. The shape parameter vector in the

simulation is (30 where (j € {.25,.5,.75,1}.
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Figure 12.: The effects of the backward recurrence time y; on option prices C' from the standpoint

of the strike price K of the option and the model used (SMBS, SMMJD or SMNIG).
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models regardless of the option moneyness.
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3.4.3 Calibration

In this section, we estimate the risk neutral parameters inducing option prices closest to observed
market option prices in the least square sense. Here the CMEMM is considered to be the risk neu-
tral measure. Hence, the martingale condition (3.4.2) holds. The sojourn time distribution of the
semi Markov process (es)se[O,T] is assumed to be piecewise exponential with intensity function
defined in (3.4.22). The jump distribution at a regime switch is defined in (1.4.1). Option prices
induced by Levy processes are well known to fit market prices better [66], than BS induced option
prices. It is therefore more appropriate to isolate the effects of market regime by calibrating regime
switching BS parameters to market option prices. On the other hand, in Subsection 3.4.1, we have
concluded that the effects of the backward recurrence and sojourn time distribution parameters in-
crease as time to expiry goes up. Hence, our choice of the time to expiry 7" = 1.2 years. We will
use 4 data sets to calibrate semi Markov regime switching Black Scholes models. We will show
that in our framework, calibration results provide a fit at least as good as Markov switching models
with the added advantage of more insight into the dynamic of market regimes. Data of interest
are in-the-money and at-the-money European call option contract quotes on the Dow Jones Indus-
trial Average Index (DJX) and the NASDAQ index (NDX), both collected March 2008 and March
2015, respectively. Data is presented in Table 3.4.3. We note that in-crisis DJX quotes of 2008
have been used in [22] to calibrate standard exponential Levy processes and in [53] to calibrate
Markov regime switching exponential Levy processes whereas post crisis data have been retrieved
from the website www.optionseducation.org. The sum of squares (SS) and root mean square error
(RMSE) are reported in Tables 5 and 6. Markov switching models are known to improve the fit of
exponential Levy models discussed in [16, 25, 54]. It appears from Figures 19 and 20 that SMBS
fits the market data at least as well as Markov switching BS and from 19 and 20 visibly better.
Such a feature is hardly unexpected as the theoretical set up developed in [2] and the associated
estimation techniques parallel and extend the results of [16, 26, 34, 53]; showing that Markov BS
model estimation methods are nested inside SMBS. Furthermore, the parameter estimates of the
sojourn time distribution of the semi Markov process shed an additional ray of light on the market
regimes behavior. Although risk neutral parameters are a reflection of market makers perception of
the future, one can still glean a decent insight on the market behavior through calibrated parameters.

One notices that calibrated 2008 DJX Markov regimes have two very similar regimes with nearly
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identically low volatilities (17.5% and 17.6%), which is a reflection of the market widespread panic
observed at the end of the year, hence suggesting that Markov regime models support a one state
market. However, semi Markov parameters calibrated to the same data rather contend that ciy and
19 are much higher than « and 11, hence showing that the market will spend much more time in
regime 2, the regime with the highest probability of price jumps or drops (regime 1, p = .258),
which is in line with the sell-off observed throughout 2008 when the Dow Jones Industrial Average
dropped by nearly 20% from June 2007 to June 2008. Post crisis Markov and semi Markov market
state parameter estimates in Table 5 present the same conundrum as in-crisis parameter estimates.
Indeed, Markov market model parameters describe a market with volatility non reflective of the
easing of the mood observed in the market. In fact, Markov market regime model supports evidence
that volatility is higher in the post crisis market and the regime risks are similar. Another lingering
effect of the financial crisis that has not been captured by Markov regime models is the remnant and
even mounting fear of a market crash or correction which became even more acute since the DJIA
and NASDAQ have reached all time intraday highs May 19 2015 and April 23 2015, respectively.
Both market features are captured by semi Markov parameters which provide a more intuitive in-
terpretation of future behavior of the market regimes and crash fears. In fact, a look at the last line
of Table 5 shows that volatility has decreased (.143 < .173 and .044 < .141) while most of the
remaining fear in the market is centered around unexpected crashes (¢; = 18%,p1 = .477). When
the market is in state 1 seldom does it switch to state 2 as 1 < Y9 and a7 < a9. However, the
switching rate from state 2 to state 1 grows as ¥ is bigger than 1. Hence, the market is expected
to have short stays in state 2 which has low volatility (.044 < .144) and low probability of drop or
jump (.028 < .477) and longer stays in the first state. This is also in line with the notion that the
2008 financial crisis has lingering effects and market makers expect significant market corrections

and are incline to over-reacting to new information. Similar observations are made from Table 6.
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Table 4: FEuropean call option quotes written on the DJIA and NASDAQ during and after the
financial crisis. Deep out-of-the-money options have been weeded out as they are of value close to
zero. The spot prices are as follows: Dow Jones Industrial average, $122 and $180 for the 2008 and

the 2015 data sets. NASA Index $1775 and $4323

‘ 2008 DJX quotes ‘ ‘ 2015 DJX quotes ‘ ‘ 2008 NDX quotes ‘ ‘ 2015 NDX quotes
Strikes Call prices Strikes Call prices Strikes Call prices Strikes Call prices

98 24.43 50 129.85 1400 334.95 4050 339

99 23.40 55 124.85 1425 311.55 4075 319.1
100 22.50 60 119.875 1450 288.35 4100 299.35
101 21.55 65 114.9 1475 265.5 4125 280.15
102 20.63 70 109.9 1500 242.6 4150 261.3
103 19.68 75 104.925 1525 220.5 4175 242 .95
104 18.75 80 99.95 1550 198.95 4200 224.9
105 17.83 85 94.975 1575 178.45 4210 217.9
106 16.90 90 89.95 1600 158.55 4220 210.85
107 15.98 95 85.05 1625 139.60 4225 207.4
108 15.10 100 80.1 1650 121.5 4230 204

109 14.23 105 75.15 1675 104.45 4240 197.1
110 13.33 110 70.225 1700 88.45 4250 190.4
111 12.45 115 65.325 1725 73.8 4260 183.7
112 11.63 120 60.425 1750 60.4 4270 177.7
113 10.78 125 55.575 1775 48.45 4275 174.4
114 9.95 130 50.75 1800 38.05 4280 171.2
115 9.18 135 45.95 1825 29.2 4290 164.75
116 8.40 140 41.25 1850 21.65 4300 158.6
117 7.68 145 36.55 1875 15.65 4310 152.35
118 6.93 150 32.025 1900 10.95 4320 146.25
119 6.23 155 27.475 1925 7.45 4325 143.2
120 5.58 160 23.125 4330 139.7
121 4.95 165 18.925 4340 134.45
122 4.35 170 15.1 4350 128.65
123 3.80 175 11.375 4360 123.05
124 3.25 180 8.075 4370 117.35
125 2.74 185 5.275 4375 114.35
126 2.28 4380 111.95
127 1.90 4390 106.65
128 1.52 4400 101.1
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Figure 19.: Calibration results of the Markov and semi Markov regime switching models to NDX

observed prices in 2008 with the financial crisis in full swing.
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3.44 Comparison with Heston model

In this section, we veer away from sequential calibration of option prices for each market maturity
as performed in last section. We rather perform a full implied volatility surface calibration which
we compare with the implied volatility surface generated by Markov regime switching Black Sc-
holes and Heston models. The parameters of interest in Heston model as in most literature are Vj
the initial spot price volatility, « the speed of mean reversion of the spot price volatility, 6 the long
term spot price volatility and p the correlation of the Brownian motions driving the spot price and
the Brownian motion driving the mean reverting volatility of the spot price. We recall that Heston
volatility and Black Scholes models are two amongst the most used market models by practitioners
in the financial market. Two of the main attractions of both models is their relative tractability as
far as option pricing and the clarity of the economic interpretation of their calibrated parameters
as well as their calibration performances relative to more complex models (Levy models for in-
stance). We look into a full implied volatility surface of the semi Markov Black Scholes model, the
Markov Black Scholes model and Heston model for a data set of option prices on the NASDAQ
index quoted under the handle NDX and obtained from the website optioneducation.org. A sum-
mary of the calibration process is given on Table 7. It appears from rows 1, 2 and 4 of Table 7 that
the semi Markov Black Scholes regime switching model fits a volatility surface as well and even
slightly better than the Heston model (RMSE are 3.8 vs 4.6) and even better than Markov regime
Black Scholes models (RMSE 3.8 vs 7.1). A closer look at the reason why the semi Markov Black
Scholes outperforms Heston volatility surface is because of its ability to reproduce more accurately
short term option prices as evidenced by Figure 21. Given that the basic Black Scholes model only
supports flat volatility surfaces, one can attribute the added flexibility of the volatility surface gen-
erated by the semi Markov Black Scholes model to its switching nature which is in turn modeled
as a semi Markov process. One can note the negligible contribution of the extra jump component
at regime switches as the optimum parameters of the calibration algorithm leaves all four jump pa-
rameters equal to 0 and hence with no effect of option prices. Despite these encouraging model
fit diagnostic of the semi Markov regime switching model, one cannot be oblivious to the lack of
efficiency of its calibration algorithm compared to Heston and the Markov regime Black Scholes.
Much research as been devoted to successfully improving on the efficiency of the Heston calibration

model leading to efficient algorithm while the relative novelty of Semi Markov regime switching

109



models in the derivative market is relatively unexplored, hence offering a decent research avenue.
All algorithms used in this sections were implemented in MATLAB version R2016a and the global
optimization tool was extensively used to avoid the additional bias of initial guesses in the compar-
ison. The genetic and the simulated annealing algorithms were used in particular to obtain an initial

guess and find an optimum solution respectively. [h]
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Figure 21.: Comparison of short term NDX prices observed(August 2016), generated from the
SMBS and Heston models .
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Figure 22.: Implied volatility surface of NDX observed prices with the semi Markov regime switch-
ing Black Scholes model in August 2016 as the market still recovers from the 2008 financial crisis

assuming the market in regime 2.
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Figure 23.: Implied volatility surface of NDX observed prices with the semi Markov regime switch-
ing Black Scholes model in August 2016 as the market still recovers from the 2008 financial crisis
assuming the market in regime 1 along with market volatility prices. The market implied volatility
surface is blue-green for short maturities and the SMBS implied volatility surface is yellow for short

maturities.
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3.5 Conclusion

In this chapter, we have extended the ubiquitous Markov market regime model to a semi Markov
market regime model in the context of option pricing. It allows a more accurate description of the
risk neutral market regime dynamics as it assumes a time dependent conditional intensity of state
changes. The main drawback is the increased complexity of the partial differential equation satisfied
by the option price which translated in longer CPU times of calibration algorithms. We considered
semi Markov processes with piecewise constant conditional intensity matrices, which allowed us
to use Carr and Madan and the Fourier time stepping methods for option simulations and calibra-
tions. An analysis of the semi Markov parameters effects on option prices shows that semi Markov
parameters influence option prices to a visible extend, hence legitimizing the use of semi Markov
regimes in derivative pricing. We performed a fit comparison of models with semi Markov and
Markov markets regimes and showed that Black Scholes model under semi Markov regimes shows
a slight improvement in sequential calibration (for each maturity) over Markov regime switching
models and a substantial improvement in the calibration of full implied volatility surface over both
Markov regime switching and Heston models. As previously mentioned, the runtime of the calibra-
tion algorithm is slower than Heston and Markov regime models, and every regime switching model
(Markov or semi Markov) induces an incomplete market. Incompleteness of the market renders the
risk neutral pricing argument more complex as there exist more than one risk neutral measures.
This brings up the issue of choice of the risk neutral measure. In this article we used the minimal
entropy martingale measure which is heuristically the risk neutral measure closest to the historical
measure probability measure in the sense of Kulback Leibler distance, which minimizes the distance
between the risk neutral and the historical view of the market. Another useful risk neutral measure
is the minimal martingale measure which allows the best (with respect to certain risk functions)
replication of option contracts for portfolio risk hedging purpose. Future research may look into
the development of a minimal martingale measure for semi Markov regime switching models along
with improving the calibration algorithm for a more economical CPU time in semi Markov regime

switching models.
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Chapter 4

Non linear multidimensional Levy-Ité semi Markov regime switching models

4.1 Introduction

We introduce a family of semi Markov regime switching multidimensional non linear models ex-
tending the commodity model developed in [56, 57] and the most common stochastic volatility
models and local volatility models, namely, Heston-type models, [20, 40, 58], Constant Elasticity
of Volatility (CEV) type models, Garch models and Cox-Ingerson-Ross (CIR) models [19, 23, 29]
among others. Stochastic volatility models are ubiquitous in financial modeling, as they are a signif-
icant upgrade over Black Scholes model [6] both in derivative pricing and in asset return prediction.
In derivative pricing, stochastic volatility model provide an implied volatility surface in compliance
with many empirical features of the market such as smiles and smirks. As for historical parameter
estimation, Stochastic volatility models provide a log return distribution exhibiting many empiri-
cally observed features (skewness, fatness of tails and high peak). Despite the abundant literature
of Heston models and its well documented reproduction of many stylized empirical facts, a semi
Markov switching market has the potential of adding to the already well documented flexibility of
the model. Semi Markov regime switching market represent a non obvious generalization of the
more common Markov regime switching models. Such models have been studied recently by [2, 3]
who finds a Fourier methods through a characteristic function formula, for pricing derivatives in
Levy driven financial markets.

The families of models introduced also allow the modeling of multi-asset baskets. Financial port-
folios are often divided in sectors (technology, energy, commodity and so on) which are assumed to
show significant intra-sector correlation and little to no inter-sector correlation. Hence prediction of
one specific asset price could be improved when accounting for prices of assets in the same group.
[56, 57] first developed a calibration technique for such a class of model, namely the LLGMM

method, accounting for a unique layer of interaction between asset prices through their diffusion
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coefficients. We extend such a model to semi Markov markets and provide in the same token an
opportunity to assess the unpredictable jumps effects on the calibration results. The rest of the chap-
ter is organized as follows: Section 2 is an introduction to the general multidimensional non linear
model. Section 3 is the special case of a coupled multidimensional stochastic differential equation
model describing commodity prices and an extension of Heston model to account for semi Markov

regime changes. Section 3 is a presentation of numerical results and simulations.

4.2 LLGMM preliminary set up

Let (Q, IF) and m be the reference measurable space and a whole number, respectively. We de-
note 7™, T" and v the market time horizon and the maturity time of some derivative contract, and a
Poisson random measure, respectively. (9t)te[0,T*} is a semi Markov process with state space I/ =
{1,2,...,m}, state switching times (7} )ren and (B )ken is a discrete sequence of non negative vec-
tor valued numbers with B = (B,}:, Bz, - B,?) We consider n, ¢,{ € N* and & an n-dimensional
vector stochastic process, p € C[Ry x Ry x ExR",R"], 0 € C[Ry x Ry x Ex R", R" x R],
B is an [ dimensional vector of Brownian motions, G, H € C[Ry x Ry x E x R” x R,R"| and
ReB []R x R x R™ x R”,R"] a bounded function.

u, o, G and H are assumed smooth enough to ensure existence of a solution of the following sys-

tem of stochastic partial differential equations:

dxy = p(t, y4—, Ok, x4— )dt + o (t, y4—, Ok, 24— )dBy

+ et Gty Op, i, 2)0(0, dt, dz)
+ ; 1H(t,yr,ek,wt,z)z/z(&k,dt,dz), (4.2.1)
2>
xy, = Brx, ,Vk € I(1,00) = N, where z7, = 1, Vk € I(1,00) = N,Vt € [T}, T} 1)
4.2.2)
In (By) ~ b(|0k—-1,6%) (4.2.3)

(Ht)sejo,71> (Lt)sefo,r) and By, are filtrations generated by the semi Markov process 6, Levy pro-
cesses L2, s € [0,t], Vj € E = {1,2,3,...,m} and the discrete vector sequence (B )keN, re-
spectively. We also denote L; = L; V By (), Gy = Hy VL, and G, = H; V Ly, vVt € [0,T7].

Let P and @) be the historical probability and an equivalent martingale measures [2], respec-
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tively, associated with the price process ((t)),_, defined on the reference space (2, F). We

t>0
present an extension of It¢’s lemma in [2], for a function V' € ch1.0,2 [R+ x Rt x E x R", Rq}.

2V _ ( 9%V

v o .
5z denotes the ¢ x n first derivative matrix of V' and 55 = oz, 8acj)anXq represents a ten-

sor of rank 3. We use the following notation: G = (G1,...,Gy)T, H = (Hy,...,H,)T and
T

Tr[aT%a} = (Tr(aT%Qm‘éla),...,Tr(aTaazgqa» , Va € R™ x RP, V¥p € N*. We define

the following set E* = E? — {(i,i),i € E}. We denote N(t, A, B) a stochastic process on

[0,7] x B(R) x P(E*) into [0, c0) as follows:

N(t,A,B)=> 1 (65T 10 (Br)EA, G 60)EB): (4.2.4)

n>1

N(t, A, B) is the number of regime switches in subset B of E* with corresponding log price jumps
In(8,) € A C R by time ¢. The compensator (¢, A, B) = 3", icp fg Loeab(zli, 5)Nij (ys)dzds
of N(t, A, B) and It6 formula for the function V' are derived in [2]:

oV oV oV 1, 0%V
dV(S,yS, 65, ms) = Edt + 87ydy + %dws + i(dws) des
+/ [V(S’ yS_705_7m8_ + G(S’ yS_’GS_’wS_7Z)) - V(87 y8_798_7m5_)
|zl<1
1°)% _
- %G(Sa Ys—» 93* y Lg—, Z)j| ¢(937 ) dZ, dS)
+ / |:V(S’ ys_ I 05_ ) ms_ + H(S7 ys_ ) 9.9_ ) a}s— 9 Z)) - V(Sa ys_ 9 95_ 9 ms_)
|z]>1
ov
- %H<3a Ys—» 03* y Lg—, Z)i| 1/1(937 ) dz, dS)
[ Ve b o 4 Gl ) = Vs 0, )
|z|<1
ov
- a—wG(s, ysf,esf,wsf,z)} v(0,-,dz)ds
3 [ Ve @) - Vi b @) [N ds (0 0) @29)
4 z€R
J=1,5#0—
1 2
= aa—‘sfds + g‘;dy + g—‘;u(t, Ok, Ys—, s )ds +Tr [iaT(s, Ys—, Os—, :cs_)@o'(s, Yg—, 04—, - )| ds
ov
+ %a(s,ﬂk,ys_,ms_)st
—"_/ [V(S7 y8770877w57 +w57G(S7 y8770877$5772’/)) - V<87 y5770577w87):|1/;(9577d27ds)
|z|<1

—"_/ [V(S7 y8770877w57 +H(S7 y5779577w577z)) - V(s7 y8770877w57):|¢(0577dz? ds)
|z|>1
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/|<1 |:V(37 yS,’QS,’x$7 + $5*G(37y877037,$57,z)) — V(S, y57’057’w87)

ov
— %G(s, ys_,GS_,acs_,z)} v(0,-,dz)ds

m

+ 0y / [V(s,ys,j,wyez)—V(s,ysn@n%) N(dz,ds,{(05-,4)}) (4.2.6)
=140, "R

=LV (s,0s,ys, xs)ds +

oV
ox 0'(8, 014:7 Ys—» ms‘)dBS

[V O+ Gl b 2) = Vst 82|00, d5d)
|z|<1

/ |:V(87 y57 ) 087 Y w$7 + H(S7 y87 ) 987 ) "1:87 ) Z)) - V(S7 y87 ) 087 ) x87 )} 1/7)(957 ) dZ) dS)
|z|>1

+ Z / [V(s,ys,j, xy €)= V(8,90 s )| N(dz,ds, {(0,-,5)}), (4.2.7)
j:17j¢057 z€R
where
av. oV oV
[’V(Su 05*7 $7 1"87) - g + aiy + %“(tv 9](:7 Ys—» 11357)
1 T 0*V
+ §TT [0’ (Sa Ys—» 93— ) ms_)wa(s, Ys—» 93— ) ms‘)
+ / |:V(87 y5770577m87 + G(S’ y8779877w877z)) - V(87 y8779877w87) (4'2'8)
|z|<1
oV
- %G(Sv Ys—» 03— y Ls— Z)i| V(Qs— ) dZ)

o[ o b B e 2) = Vi 00 16, d2)
+ S Vs g mee) = Vs, b | y(dz, ds, {(0,-,)) (429)
R jen—{o, 3
We denote Py, = {tk}&o,o =ty < t1 < .. < ty, = T a partition of the time inter-
val [0,7]. Using the notations Vi, = V' (tx,0, Yt Tt ), G = G(tk, ye,, 01y, xt,, 2), Hy =
H(tk, yi,, 01y 1,5 2), VkG_l(z) =V(te-1,Y 10t 120, +G(tk—1,Yt, 1,0 1> Tt),_,, %)) and
Vi (2) = V(t—1:Yt 1Oty Ttp s + HE—1.Yte 1> Yty 1+ Tty %)), the first and second mo-

ments are presented below:
E[AVHG%A] = LV 1At

E (4.2.10)

[AVk - E[AVk‘Gtk_lﬂ {Avk - E[Avk|Gtk—1]]T‘Gtk_1

ov T ovT
_aimo-(svys—ves—vws—)a (57?/5—7‘95—7"1:5—)8? Atk:—l
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# [ [0 =i [0 - Vi v

+ /|Z>1 [VkIL(Z) - Vk—l] [Vzﬁﬂz) — Vk71}TV(0tk_1,dz)Atk

. , T
+ Z / [V(tkflv Ytr_1+J» wtk_lez) - Vk71:| |:V(tk717 Ytr_1+J» a"tk_lez) - Vk*l
jeEf{etkil} z€R
x y(dz, Atg, { (01, 7)}) (4.2.11)

4.3 Illustrations

In the following, we examine two particular cases of the model in (4.2.1).

4.3.1 Modeling of a basket of interdependent assets

We extend the system of interconnected commodity price process network in [56] by considering
Levy jumps representing shocks specific to each member of the network. We assume that each
asset in the network is affected by independent unpredictable shocks/informations. If the network
considered is a network of financial assets, unpredictable shocks may originate from sudden infor-
mation affecting investors views of the particular financial sector of interest or other unpredictable
change affecting parameters playing a preeminent role on the asset price. Unlike [56, 57], we
assume two layers of interactions of asset prices in the network. We assume asset price interac-
tions in the diffusion coefficient and in the price jumps. Similarly to [56, 57], the i-th asset price
impacts the j-th asset price through cross diffusion coefficients of order (i,j). A second layer of
interaction introduced in this paper is achieved by assuming that a jump of the i-th asset price
impacts the j-th asset price through an appropriately modeled cross dependence parameter of or-
der (i,j). Let us assume that the network entails n > 1 assets. We model these shocks with a
family of Lévy-Ité processes with Poisson measures ¥™ = (7%, ...1b'™) having intensity pro-
cesses v = (1, ../ T and P = (¢¥,...40h)T having intensity processes vP = (1, ..5)T.
We also denote 9™ = (7, ..pm)T = ™ = (1, ™) —vm = (v, ™7 and P =

(¥, ...oh)T with intensity processes v? = (1, ...v5)T. We assume that the vector mean process

m

m'™ = (m}",...m]") and vector price process p”* = (p'", ...p)") potentially react differently to mar-

ket shocks through Poisson integrands (G)™_,, (H™)™_,, (GY)!_, and (H?)_,. We introduce the

K3 K3

following matrices: G™ = (G7")j<n, GP = (G%)j<n, H™ = (HJ")j<n, GP = (H})j<n, W =
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(Wi j)ij<n and andZ = (Z; j)i j<n are real numbers Vi,j € I(1,n). W, ; and Z; ; are indepen-
dent Brownian motion processes. A coupled system of Levy type stochastic differential equations

under regime changes and subjected to structural perturbations can be expressed as follows:

dm; = (uj; —m;) [27:1 Ry (8 ) (E7)dt + 055dW55(t) + 3200 ey O (t™)dWy 5(¢)
+f|z|<1 (t mt—,z)@bl (dt dZ —|—f ‘>1 (t My, 2 )1/1{"(dt,dz),t € [Tk,Tk+1),mj(to) = mj o,
m;(Ty) = mj and mj = ij(Tk_,Tk_l,m),Vk € I(1,00),

dpj = p; “'ij('mj =) A B+ 2ot My ()i (t7)] dt + 045dZ55(t) + 201 1z Uljpl(f)de,j(t)}

+f|z|<1 (t pt_’2)¢l (dt dZ +f‘ |>1 t y Pty 2 )sz)lp(dt?dz)at € [TkaTk-‘rl)’pj(tO) = Pj,0,

p;(Tx) = pj and pf = wjp(Tk_,kal,p,m)?Vk € I(1,00).

4.3.1)
We define the following matrices:
K11 ... Rin 711 .- Min
H = 77 = )
Knl .. Knn Tnl B (0
011 01nP1 011 d1nm1
2 = 7T - )
Onl1Pn Onn On1mp Onn
W11 Wln le Zln
W = : Z =
Wni oo Wan Znl oo Lnn
This coupled system in matrix form becomes:
dmy = a(t,y, 05, m)dt + Y(t,y., 05, m)dW (t) + G™(t,yt,0;,m, 2)hm (05, dt, d2)
|z]<1
+ H"™(t,y;, 0, m, 2)1p(0;,dt, dz), where m(ty) = my, ift € [Tj,Tj11)
|z|>1
dp: = b(ta Y, vapv m)dt + 2(t7 Y, ejap)dz(t) + G? (t Y, japa )wp(eﬁ dt dZ)
|z|<1
+ Hp(t7yt79jap7 Z)¢(ejadta dZ), where p(tO) = po, ift € [T‘]'?T‘j—i-l) (4.3.2)
|z|>1
m' ='m" (T, Ti—;,m'™ ), (4.3.3)
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P =Qp (T T, p' ), (4.3.4)
with
= diag(my, ..., m), where In (7g) ~ g(|0;,60;-1),Vk € I(1,n),i € 1(1,00), (4.3.5)

Q' = diag(wy, ...w,), where In (wy) ~ h(|60;,60;_1),Vk € I(1,n),i € I(1, 00), (4.3.6)

where a(t,y, 0;, m) and b(t,y, 0, p, m) are n dimensional vectors with a(t, y, 8;,p, m) = kT (t " )p(t™)
and b(t,y,0;,p, m) = —ydiag(mi, ..., mp) + B + ~vp; We consider the particular case of (4.3.1)
where, H[ (t, yt, 01, pt, 2) = G} (t, Y1, 01, Pr, 2) = zand H™(t, yt, O, m, 2) = G (t, 41, 01, 1, 2) =

2. We also consider the following families of Lyapunov functions: V74(¢, vy, 0;, m) = mj and
VIa(t gy, 0, p) = p Vj € I(1,n),q € I(1,00). Using the multivariate real valued version of Ité
formula in (4.2.8) and (4.2.10) applied to U, we obtain, respectively:

dm () = g () = my ()| Y mpama(t™) | de

=1
% (q— DmI () (uj — m;(t7))? [Z 5]2-,zmz2(t’)] dt
=1
+ /|z|§1 ) +m; ()G ()] ~ mj.(t‘)] (0, dz)

/||>1 [[mﬁ’( D)+ my(t)HP ()] - m?(ﬁ] (0, d2)
/||<1 [[mj(t_) +my ()G ()] = mi(t) — qmj’(t‘)G{n} V0, d2)
+ /| - [[m}’?’(t_) +my(tT)HL(t)]! - m?(t)}VF(Ht-,dz)
+ qmq—l(t_)( - m] Z 5 lml dW] l( )],Vt S [Ts,Terl]v s € 1(17 OO), “4.3.7)

d(pj(t)) = QP?_I(f)Pj(f) (95,5 (mi(t7) = pi(t7)) + B + Z’Yj,lpl (t)]dt

%(qfl) [Z%pz ]

+

/||>1 [[ i(t7) +p;(t )Hf(t*)] —pj( )}1/} (6, dz)
/|z|<1 [[pj(ti) +pj(t7)G§]q _p?(tf) — qPQ(t*)Gg)} Vf(et—,dz)
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. /| N [[mf) 4y () H) = )]0, 2)
>
qp* Za] wi(t7)dZi(t7)], Yt € [Ty, Tysa],s € I(1, 00). (4.3.8)
Applying Euler Maruyama discretization scheme at ¢;, leads to:

E[AmI(t)|Gy,_,] = qmd™ (tho1) (uj — mj(tr_1) [Zﬁglmz }Atk

2
gl = mt a) (g — ()2 [ S0 02
=1
! 2l<1 [[mj(tk—l)+mj(t_)G§n(tk—1)] —mi(tr—1) — qmi(ty— 1)G§n(tk—1):|7/]7'n(9tk,pdz)
+/ [[mj(tk:—l)+mj(t_)Hgm(tk—l)] —m (g 1)} (05—, dz), (4.3.9)
|z|>1

B[[ami(t) — B[Am (|G, ,)[Go, |

= (uy = my ) 0 [Z )] At

" /lz,glﬂmﬂtk—mmj( NG ts )" — ()] VB, d2) A

+/|Z|>1 () () F (b)) = (1 1)}2V$;1(9tk1,dz)AtkH, (4.3.10)
and

E[Ap(th)|Gt,_, | = qp?_l(tk—l)pj(tk—l) (75,5 (m; () —pi(t7)) + B; + Z viamu(t)] Aty

ala = P! (w3 te1) | D o2 (te)|

=1

“pj(tk:fl) +pj(te—1) G (1) T = P(te—1) — qu(tkfl)Gg(tkfl)} V5 (05, dz)

l\.')\r—l

_l’_

_l’_

—

|
+ /|| ) [[pj(tk:fl) +pj(tk71)ij(tk)]q —pg(tkfl)} vl (st,dz), 4.3.11)

z|<1

B[Ap)(t) — E[Ap)(t)|Go]]*|Griy | = 25" [me te-1)| Atk
b [ [t + pyltan)GF )]~ Bt 1>]2up<etk_1,dz>mk
|2|<1

2 .
+/|| X [[pj(tk—l)+pj(tk—1)H;-D(tk—1)]q_p?(tk_l)} vl (0r,_,,dz) Aty (4.3.12)
>
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We note that Levy jumps sizes of a fixed price process(resp: fixed mean process) are indepen-
dent and identically distributed for a given market regime. The Euler Maruyama discretization
in 4.3.9 and (4.3.11) involve first and second moments of Levy jump sizes which we will es-
timate using Monte Carlo integration. We note from model definition in 4.3.1 that the contri-
bution of small and big Levy jumps in dp;(t)(resp: m;(t)), the price (resp: the mean) change
in asset j at time ¢ are respectively p(t~) f|Z|<1 G7(t,ps-, z) and p;(t7) le|>1 H}(t,py, z) (resp:
mt™) f|z|<1 G (t,my—, z) and m;(t™) fIZ\>1 H]"(t,my, z)). Hence, the Levy Jumps are esti-
mated from the price and mean process return time series in the following manner (see [61]):
S focr £ 20, d2)dn & s ZZ}T&EQD FGM, zm), Vs 5 € [0, T) with 6, = i, €
[s,t]. (¢ )ien is the sequence of Levy time jumps of the mean price process m;. n(my, [s,t])
denotes the total number of jumps of the [ — th mean asset price process while in regime ¢ in the
time interval [s, t] and (ZCZW )Z o+ Tepresents the corresponding sequence of Levy jump sizes. We
assume that the function f is integrable with respect to the product measure ;" (4, )dt in the domain
R x [0, T]. Throughout the discretization process, the four functions used inside the Levy integral
are f(1,2) = 1(z1<1), (0, 2) = 1(21<1)2% F(0,2) = (2512 and f(n,2) = 1(z)51)2°. For
convenience of notation, from here on, for each of the preceding functions we denote the Monte
Carlo estimates by M7 (my), M3 (m;), M?(m;) and M&(m;), respectively. Approximations of the
exponential in the Levy integrand and estimation of the Levy integrals are performed by Taylor

expansions and Monte Carlo sums respectively. These lead to the following:
E[Amg(tk;)‘@?tk,l] = qm ity 1)(u; —mj(te—1) {Zﬁ]lml }Atk

+ %Q(q— D2 (th-1) (u; — m;(tp—1) [Z (te—1 } +qmi(t7)M] (bm),  (4.3.13)
E[[Amj(tk) — E[Am(t)|Gy, ,]] ]Gtk_l}

= (05 = 10?2 1) [g Smies )] A

+ @?m (t,) M3 (sm) + ¢*m3 (t) M7 (bm), (4.3.14)

and

E[Ap!(tr) |Gy, ] = ap? ™ (tre1)pj (trm1) [ (mi (67) — pi (7)) + B + Z viama(t)] Aty
=1
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1 B n
+5ala = 1)pj 2(t)p3 (te-1) [Z sz,lp%(tk—l)} + qp! (tx—1) M (bp), (4.3.15)
=1

E[[Ap;’-(tk) E[Ap](th) |Gy, _,] ‘Gtk 1} = ¢*p} (tk-1) {Z (tr—1)p; (te—1) | Aty
+ @3 (te—1) M7 (sp) Aty + ¢°pl? (tg—1) M7 (bp) Aty (4.3.16)
We note that the particular case ¢ = 1 in (4.3.9) and (4.3.11) yields the following systems:
E[Amj(tk)‘Gtk_l] = (uj — mj(tg—1) [Zﬁ] my(t ]Atk

+ mj(ti—1)M; (bm), (4.3.17)

E[[Amj(tk)—E[Am]'(tk)|Gtk_1”2’Gtk_l} :( ] m] tk 1 2(5 lml tk 1)Atk

+ m5 (tg—1)[M] (sm) Aty + M7 (bm)Aty], (4.3.18)
and
E[Ap;(t)| Gy, ] = pj(te—1) [ (m;(t7) — )+ B+ Y vup(t)] Aty
1=1,l#£j
+ pj(te—1) M (bp), (4.3.19)

E“Apj(tk) - E[Apj(tk”Gtk—l]]2’Gtk—1:| = p; (te-1 HZ o517 (tr-1) }Atk
+ 03 (3;) At + MY (p5)Ati 4320
When ¢ = 1, from (4.3.13) we have
(uj —mj(tp—1) [Z lml (th—1)| = E“Amj(tk) - E[Amj(tk)‘Gtkil}]Qthkil]
m5 (L) M3 (sm) — m3 (t,) M (bm). 4.3.21)
Using (4.3.21) in the first moment equation of (4.3.13) yields:
E[Am;Z(tk)‘Gtk_l] = qmg (tk 1)( —my tk 1 [Zﬂjlml }Atk
1 _
+ iq(q - l)m;] 2(tk71) I:E[[Amj(tk) — E[Amj(tkHGtka] ‘Gtk71:| — (tk)M (sm)

- m3~<tk>Mf<bm>] T qm(t) M (bm), (4322)
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hence,
E[Am(ty)|Ge, ] — %Q(q - 1)m§72(tk—1)E[[Amj(tk) = E[Amj(tk)‘Gtkfl]]ﬂGtkfl]

4 galg = Dm )M (sm) + Sala — Dm?(6) M3 (brm) — gm(+7) M (bm)

= Kjj [qujm?(fk—l) - qm?“(tk—ﬁ} + Kji [quj md ™ (tr_1)mu(te—1) — qm (tr—1 ) (te— 1)]

(4.3.23)
Writing the estimating equations at time £, yields:
s—1 1 s—1
> E[Ami(t)|Gy, ] - 54(a—1) > mgiz(tk—l)E“Amj(tk) - E[Amj(tk)’Gtk,l]]Q‘Gtk,l}
k=sl—ns s—1 1k=s—ns s—1 s—1
ala= DMEsm) Y milh) + Jale— DMEbm) S mi(t) —q Y mi)M} (om)
k=s—ns

k=s—ns k=s—ng

s—1 s—1 s—1

= Kjj [quj S omiteor) —q Y, mI (e 1)} + Kji [quj > mI ey (te—1)
k=s—ng k=s—ns k=s—ns

—q Z Htr—1)mu(t— 1)]

(4.3.24)
k=s—ns
Let us set:
s—1
Al =q > mite1)(u; —my(te—1)) = afu + af
k=s—ns
m — 4q Z m~ tk 1 mj(tk 1))ml(tk 1)—b1u+bq
k=s—ns
s—1
Z E[Am?(tk)‘(gtkfl]
k=s—ns
1 ! 2
—2
—5ala—1) > ml (tk—l)E“AmJ‘(tk)—E[Amj(tk)\@’tk_lﬂ ’Gtk 1}
k=s—ns
1 s—1 1 s—1 s—1
+ 54 g(q—1)Mj(sm) Y m?(tk)+§Q(q—1)Mf(bm) S omity) —q > mi(t)M](bm)
k=s—ns k=s—ns k=s—ns
s—1
a(f:qu(tkl a2—qz m tk_
k=s—nsg k=s—ns
s—1 s—1
bl=q > mi Mt)multe—r). b5 =q > mI(te_y)my(te—1).
k=s5—ns k=s—ns
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For | € {1,2} with, [ # j we seek to estimate the parameters u;, /@}7 and /ﬁ}?. The deterministic

interaction coefficient parameters x;; are estimated using the first moment equation in (4.3.24), for

any three real values q1, g2 and g3 of the parameter q.

q1 . q1 S q1
Aj,mK’]J + Bj,m“lj = Cj,m

@ . @ . _ G
Aj,mK’J] + Aj,m”ly = ija

as . a3 . _ a3
Ajinkij + Ajnky = O

yielding the solutions:

21 431,92 q1 92143 g1 __ 91192 .93 921491 q3
u-[al bi’c a’bi’c ay bi*c® +aj blc]

43741 g2 91143 .q2
i a’bit e +aj'bi’c

[,931.92 .q1 93192 .q1 __ 931,92 .2 _ 43191 g2 411,43 .q2 91193 g2 92143 .q1
+u][a1b20 +ay’bic ay’by’c ay’ bt e 4+ aj' by’ c? + a5 bi’c ay’ bi’c

13162 g3 __ 411,42 ,.q3 21.91 .q1 q11.92 .q3
aj' by’c ay bi?c® +aj’by'c +a1b20]
+ [ag‘"’ b et — al?bl ¢ + a0 — aPbB M — ad DT B + o 0T cqﬂ =0
@ a0 @ pa
o= BimCim = CimBim
i3 T BE @ @ pa
By Ajm — AjmBim
q2 q1 q2 q1
o= GimAim = A Cm
i = pa2 @1 2 pa
B Am = AjmBim

42143 .1
a;’by’c

(4.3.25)

We estimate d;;,1 € {1,2},1 # j the continuous random interaction coefficients of the mean pro-

cesses (my(t))ejo,r),! € {1,2} associated with the Brownian motion. We use the second order

moment equation in (4.3.14)

s—1 s—1
2
Z E[[Am?(tk)—E[Am?(tk)‘Gtkfl]] ’Gtkfl]—QQMf(sm) Z m?q(tk)
k=s—ns k=s—ns
s—1
—@MP(bm) > mi(ty)
k=s—ns
s—1 s—1
=08 > (= (b ))PPmE () + 0% Y (g — my(te1) 2P ml T (b))
k=s—ng k=s—ns

applied to any two distinct values of ¢, ¢; and g2 as follows:

q17j 2 q17l 2 _ 1
A0 055+ Binoiy = Cjm
q27j 2 q27l 2 _ 2
A0 055+ Biniy = Cjms
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(4.3.28)



where the coefficients are defined as follows:

s—1
AL = 3 (g —my(teen)gPm () Aty
o
Bl = Y (uj—my(t—1))2@®m> ") () md(th_1) Aty
kiins s—1
= Y E[[amitt) = E[AmI(t)|Gr, )] |Gr, | - *MPsm) D7 mi(te)
h=s—ns . k=s—ns
— @M (bm) Y mi(t)
k=s—ns

this, therefore yields the solutions:

, _ ClaBl — BCH!
VA AnB
, _ AT - ChAT
J l ’

AmIpEl_ gt g

(4.3.29)

(4.3.30)

We turn our attention to estimating the parameters of the price processes p;, j € {1,2}. Equation

of (4.3.16) has parameters a?j, l € {1,2}. From

s—1

k=s—ns
s—1
—* Y p(th-1) M (bp) Aty

k=s—ns

s—1 n
=@ Y pt)| Yo ot )pR () | Aty
=1

k=s—ns

The parameters afj, [ € {1,2} are estimated through the general equation,

E F lglj —DqJ,
where,
2q+2
Z P (te)
k=s—ng
s—1
Fu=¢* > pi'(te-1)p;" (th-1)
k=s—ns

127

s—1
B[ [8pi(t) — B[A5 1[G, ) |Goy | 0 Y0 w0 ) ME(sp)Al (433D)
k=s—ns

(4.3.32)

(4.3.33)



s—1 s—1
Dyi= ) E“Apg(tk)—E[Ap?(tk)\Gtk_lﬂz‘Gtk_l}—q2 > P (th-1) M} (sp) Aty

k=s—ns k=s—ngs
s—1

— ¢ Y Pt M (bp) Aty

k=s—ns

For two distinct values ¢; and g2 of ¢ we form the following system:

2 2
quvjo'jj + leglj = DtIhl

g2 2 _
EQ27JUjj + F(I2,lalj = Dg, 1,

with solutions;

0_]2] — FQZ:l‘D(IIJ — DQ2,lFtI1,l (4334)

)
E¢117jFQ2J - E%JFQLZ

012' _ _DQ2JEQ1J — Dy, 1By
J . _ . :
Eqquz,l Equql,l

(4.3.35)

The last parameters of the price processes are the deterministic interaction coefficient parameters
7vjj-B; and ;5,1 # j. In order to estimate them, we assume the parameters 0,/ € {1,2} known

from the estimation equations (4.3.34). We use the first moment equation in (4.3.15).

s—1 s—1 s—1
1
> E[An)|Gr ] - ala—1) p?(tk)[ff?,z+0J2-,zp12(tk71)] —q Y plte—1)M] (bp)
k=s—ns k=s—ng k=s—ns
s—1 n
=q > Pl [y (my(te1) —pi(te-1)) + B+ Y vapi(te-1)] Aty (4.3.36)
k=s-ns I=1,l#j

Equation (4.3.36) could also be written

Kqj7vj5 + QqBj + Ogivij = Sy,

where the equation coefficients are expressed as follows,

s—1 s—1

Sei= >, E[Ap}z(tk)thka—%Q(q—l) > p?(tk)[zaizp?(tm)}

k=s—ns k=s—ng =1

s—1
—q Y pHte—1) M (bp)

k=s—ns

s—1
Og1=q Z P} (tx)

k=s—ns
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s—1
Qi=q Y plts)

k=s—ns
Kyj=q Z 1(tk) (my (te—1) — ps(th1))
k=s—ngs

For three distinct values q1, g2 and g3 of g, we form the system:

Kq,.5755 + QaiBj + Ogrivij = Sau i
Kg,,57j5 + Qo Bj + Oqz, lvij = Sgp15

Kos.iv35 + QasBj + Ogs i1 = Sgs -
Solutions are expressed in closed form through Cramer rule

S(Ihl ch anl
Stm,l Qq2 061271
S%J QQS Oq37l

Vi =
KQ1J Qq1 O(hJ
K%J QQ2 Oqu
Kq 2J Qqs Oq-s,l
Kq WJ thJ Oth
Kq 7] Sq27l Oq27l
Kq 3,J qu,l Oqs,l
Bj =
Kq »j qu Oq17l
KQQJ qu Oq2,l
K‘IB»j Qqa OCISJ
KﬁhJ Qq1 thl
K‘]Qaj QQ2 qu,l
Ky, 5 Qqs Sqml
Yij =
qu Qq1 OQI:l
KQ2J Q‘]Q Oqzal
KQ:&J Q% Oqsvl
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4.3.2 Modeling of asset prices with a regime switching Heston model

This illustration extends [27] and presents how vanilla option pricing could be performed using a
model with stochastic volatility in a market with semi Markov regimes. However, the results and
proofs in this second illustration of the general model of coupled stochastic dynamics will rely on
a different but equivalent notation for market regimes. We first introduce the new notation for the

semi Markov process and a few necessary results.

DEFINITION 4.3.1 [. The semi Markov process (gt)te[o,T} is now represented by a vector process

denoted <@t>tE[O,T] with ©; = (1(9t=l)7 1(9t=2)7 ey 1(9t:m))»

2. A(ye) = (Nij(ye))i j<m denotes the conditional matrix of intensities of the semi Markov process

(©1)tefo.1)>

3. the notation AT denotes the matrix transposed of A,

4. we denote the states of the semi Markov process (Gt)te[O,T}J €1, ...em, where e; = (0,...0,1,0, ...
and I represents the identity matrix.

We establish a martingale theorem for the vector valued semi Markov process as a particular case

of [8].

LEMMA 4.3.1 Let ©; = (1(9,—1), L(g,=2) --» L(6,=m)) and A(t) = (Nij(yt))i,j<m as in Definition
4.3.1, be the vector carrying instantaneous states of the semi Markov process ©; and the conditional
intensity matrix of ©;. There exists an R™ vector valued martingale process My, right continuous
with left limits such that: .

Oy =060+ [ Ay, )0, du+ M, (4.3.37)

to

Proof. From Definition 4.3.1 and the intensity theorem for general marked point processes in [8],

the conditional intensity process A; of 1(g,—;) could be expressed as follows:

St —T,)dt

nt
730 Se, (t—T,
B [t = Ty,)dt
= Z Z pjimlTnSKTnH 17, <00
JEEn>0 On n

Fiilt = Ty)dt
= Nt — Tn)lg,—j, where, \;; = Zlh’i%lngxnﬂ 17, <co-

jEE n>0
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Hence from [8], there exists real valued c4dlag martingale processes M*(t),Vi = 1, ..., m such that

) t
Mz(t) = 1(9t:i) —/0' )\i(ys—)ds.

We set M (t) = (M(t),..., M™(t)) and rewrite

d(l(et:i)) = Z Njii (Y- )1(9t7 :j)dt + dMi(t)
JjEE

d(L(g,=)) = (ALi(We-)s A2i(We-)s s Ami(ye-))-©; dt + dM (2)
hence:
dO; = A(y,~) O dt + dM(t),
hence proving a martingale decomposition of the vector process (@t)te[o,T]~ Il

We consider the particular case where the asset price and its volatility follow the risk neutral Heston

Model:
day = (r(t, O, yt) — 50 (t, O, 31))dt + 247/ (t, O, yr) AW} (4.3.38)
dO'(t, @t7 ?/t) = a(ta @t7 yt) (b(ta ®t7 ?/t) - U(ta @ta yt))dt + U(tv @ta yt) V U(ta @t7 yt)th2
(4.3.39)
with: dW dW? = pydt, and o(0, O, 30) = ¢ > 0, (4.3.40)

where r is the risk free interest rate, x is the log asset price model, o is the asset volatility, a is the
speed of the mean reversion of the asset volatility, b is the long term asset volatility and v determines
the variance of the volatility which is referred to as the volatility of volatility.

We make the following simplifying assumptions on the model parameters:

1. A sufficient condition for the volatility remains non negative we assume: 2a(t, Oy, y)b(t, 0y, y¢) >

U2(t7 ®t7 yt)7Vt € [07 T}’

2. The only parameter subjected to mean reversion is the long term volatility: r(¢, Oy, y¢) = r(¢),

p(t, O, y) = p(t), v(t, O, yt) = v(1)

3. the speed of mean reversion of the volatility, the interest rate and the volatility of volatility are

assumed to be positive and constant: a(t) = a > 0,r(t) =7 > 0,0(t) =v > 0.
4. The correlation between asset price and volatility is assume to be constant: p(t) = p.
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The main goal is to derive a general formula for the vanilla European call option prices both from the
perspective of Carr and Madan’s algorithm and as an extension of the formula derived in [? ]. Both

problems are simplified if one can derive an expression for the following conditional expectation:

E (eiwru

Ft) ,for a fixed u > t.

We first present a useful Lemma providing a general conditional expectation formula needed in this

illustration.

T
LEMMA 4.3.2 We denote I, 1 = (1,...,1), f, A(s) = (Xijj(s))
———

1<ij<m and ® the m X m identity

m
matrix, an m X 1 vector of real numbers, a real valued process continuous in its second and third
variables, the m x m real valued conditional intensity matrix of the semi Markov process © and
the m x m matrix of real numbers satisfying the linear matrix partial differential equation with

terminal condition:

ob 0
E + 873/ + A(t, yt)(I)(T, t, yt) =0, with (I)(T, T, yT) =1 (4.3.41)

where:
A(T7 t yt) = A/(yt) - dlag(f(tv yt)):

f(tvy) = (f(t,yt,€1)7f(t7yt,€2), e f(t7ytaem))'

We assume that the following conditions are satisfied:

EfeJo F0v= 08 1, v L] < 00, Vt € [0,T] (4.3.42)

T
/ Xij(s)ds < oo (4.3.43)
0
We define a real valued function F' and a vector valued function F' as follows:

F(T,t,y1,0;) = Be J J@v—Ou)du| g, v 1), (4.3.44)

F(T,t,y) = (F(T,t,ys,e1), F(T,t,ys, €2), ... F(T, t, yr, €m))., - (4.3.45)

Let K be a m x m real matrix function. M is said to satisfy the bracket condition if Vt1,t1 €

RT, [K(t1), K(t2)] = 0, where [,] denotes Lie matrix bracket.
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1. The vector valued function F' and the real valued function F' can be respectively expressed as

follows:
F(T,t,y1) = (T’ 1, y:)1, (4.3.46)

F(T)ta yt7®t) = <¢(T7tayt)1a ®t> = <@(Tat)yt)®t7 1>) (4347)

2. If A satisfies the bracket condition, a closed form expression for the fundamental matrix of

(4.3.41) could be expressed as follows:

T—t+y
DT, t,y7) = exp | / A(v —y + t,0)dv], (4.3.48)
Yy

Proof. We define the following product of processes,

P = e Jo fwv— O, )dup(T ¢ 4 9,) (4.3.49)
— o Jo fuy,~0,)dup [e* S F iy, =0, )dul g, ILT} (4.3.50)
—E [e_ Jo sy, — 0, -)dul g, \ ]LT]. 4.3.51)

In addition to being integrable as per assumption (4.3.42), the process ((P)te[o,T]) satisfies the

following properties:

E[R|H, VLr] = E|E[e™ ) S0t 000 g, v Lr] [H, v Lp |

- E [ef I Fwy,— 0, )d”|HS V. LT}
= P;,Vs < twith s,t € R.

Hence, P; has the martingale property with respect to the filtration (H; V Lr).cjo7). Writing It6

differential formula for P; from [1] yields:
d|em 10 OB (T, 1y, ©0)] = —F (7, g, O Jelo St O (T 1y, €, )t
t e Jo Fluv— O, )dugp(T ¢ 4, ©,)dt
— f(t7, 0ty Jem WSO NPT 1y, ©,)dt
= (7, Y, O ) o SO (T ¢y, @)t + e o TWOGR(T 1y, ©))
Applying a particular case of It6 rule for semi Markov regime switching processes developed in [2]

yields:

OF oV
AF (T, y1,0:) = S-dt + Syt <F(T, 5,5 ), d®s>
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Hence,

dlem BIOUP(T 1.y, )] = —[(t,0- ) IO IUE(T, 1.y, 0,)dt
t oF oF
J; f(uw,0,-)du v B
+ el [a i+ 5 dt+< (T, t, , ),d@sﬂ (4.3.52)

= _f(t_a @t— > Yt— )6_ fo f(ujeui)duF(Tv t, Yt e)t)dt

be ot u97>d“[%f+gF + (P ye) Ay )70, at

e o f(“vGu*)d“<F(T, ), th_)> (4.3.53)
=—e fot f(we)u_ )du<diag(.f(t77yt*))F(Tvuyt% ®t7>dt

— 1t fwo Ndul, OF oF
4o S Fwe, ) [< .0 >dt+<a—y,®t_>dt+<A(yt_)F(T,t,yt_),@t_ﬂdt

te ko f(u,euf)du< F(T,t,y,),d Mt—)>' (4.3.54)

As elo F(wy,~.0,-)dup (T, t,y:, Oy) is a martingale process, the bounded variation term of It6 for-

mula in (4.3.52) is identically zero. It reads:

OF OF

o T oy + A,y )F(T, t,y) =0, with A(t,y,) = —diag(f(t,ye)) + A (). (4.3.55)

Assuming matrix A has continuous components with respect to both ¢ and y there exists ® a funda-

mental solution of (4.3.55), ie ® satisfies the matrix ODE

0d 09 . . /
E + aiy + A( 7yt*)(I)(Ta ta Z/t) = 07 with A(t7 yt) = —dZCLg(f(t, Z/t)) + A (yt) (4356)

Hence, the solution of the ODE (4.3.55) with terminal condition F(T, T, yr) = 1 is:
F(Ta ta yt) = (I)(Ta t? yt)17

where ® is solution of the matrix partial differential equation (4.3.56), with terminal condition

®(T,T,yr) = I. This therefore proves (4.3.46). We establish (4.3.47) as follows:

F(T7 t') Yt, @t> = E(eft 1w, Yu= ,© u )du|Ht \% ]LT)
= (F(T,t,y),Oy), From (4.3.45)
<<I> (T,t,y)1 ®t> Since the e, 7 = 1, ..., m form an orthonormal basis

@Tt s Yt @t’1>
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The proof of part (2) proceeds from the result in part (1). Indeed, assuming the bracket condition
is satisfied one can derive a closed form expression for the solution of (4.3.55). We first use the

method of characteristic to solve the system of PDEs (4.3.55). We consider the variable transforms:
n=t—yand(=t+y. (4.3.57)

Based on (4.3.57), we define the transforms F and A from F and A, respectively, as functions of

(n,¢):
F(T,n,¢) = F(T, ¢, =L

(4.3.58)
A(n,¢) = A(E, 5.
Simple algebra shows that the system of PDEs (4.3.55) becomes :
OF (T, n, 1 - .
(E)C”O =5 A QOF(Tn.0) . (4.3.59)

Assuming continuity of the components of the matrix A, the ODE (4.3.59) has general solution

¢
F(T,n,() = exp [— ;/0 A(n,s)ds]c(n), (4.3.60)

where ¢ is a vector function of 7 only. Assuming the terminal condition F'(T,7T,y) = 1, the

function ¢ becomes

1 T+y _
o(T —y) = exp [5 / AT -y, S)dS],
0
which leads to ,
1 2T—n _
con=ep 5 [ Al s)as].
2 Jo
Hence, the solution of the system of PDEs (4.3.55) becomes

1 2T—t+y t _ _ t
F(T,t,y) = exp [/ AT, Y Es Yt
2 )iy 2 2

)ds} 1
T—t+y
= exp [/ A(v—y—l—t,v)dv}.l,
Y
where v = y_THS Hence, one can verify that the fundamental matrix of the matrix system is:
T—t+y
®(T,t,y;) = exp [/ A(v—y+1, v)dv]. 4.3.61)
y

0
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We note that the semi Markov process 0; paired with its corresponding backward recurrence time
y; form a Markov process. This important fact allows to claim that the preceding conditional char-
acteristic function is a function of only the current values of the variables. Next Lemma review
the characteristic function formula of the log price in the context of Heston model with no market

regime.

LEMMA 4.3.3 [falog asset price (zt),c(0,1) and its volatility process (ot),c[o,1) follow the dynamic
of the model in (4.3.38) and (4.3.39), with one single market regime (that is no regime change), the

characteristic function of the log price is expressed as follows:

BE(e™™|F,) = eMtBrotinm yy > ¢ (4.3.62)
u
Ay =irw(u —t) + a/ Bbyds (4.3.63)
t

—q 1 — en(u—t)
B, =2t 77( ¢ ) (4.3.64)

v 1 — yen(u=t)

where,
n=+/(a—ipvw +n)2 + v2w(w + 1) (4.3.65)
Y= a— z'pvw + T}j (4.3.66)
a—ipvw +1n

where, i1 = \/—1.

Proof. The Markov property of the pair (O, ;) implies that the quadruplet (O, y;, x¢, 0¢) is

Markovian as well. Therefore, we can use the notation:

h(U; etv Yty Oty [,Ut) — E(eibmu

IFt) ,forafixed u > t.

We derive the system of partial differential equations satisfied by A when the market has one single

state 0; = 7, Vt € [0,T]. From 4.2.8 1t6 Lemma applied to / yields:

Oh(t,j,04,x¢) Oh(t, j, o1, x¢) Oh(t, j, o, x¢)

dh(t,], 0t, .fCt) = ot dt + or de’t + 0o dO’t
10°h(t, j, o1, 1) 1 0%h(t, j, o1, 1) 10%h(t, j, o1, 1)
§le’tdl‘t + deO’tdO’t + iwdl}dat
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From (4.3.38), we have:

. aht’ "O”w . 1 . 8ht’ .’O_’;L‘
dh(tyjyo-t)xt) = (]attt)dt + (T(t,j) — QM)WCR

. 4 L Oh(t,j, 00, x 0%h(t,j, 04, x
+alt, j)(b(t, 5) —U(t,J)('éatt) (a]mgtt)dt

1 2 . . a2h(t,j,0't,l‘t) 1 . . a2h(t7j70t7$t)
+ 50 (6 Aot f) ———p F—dt + 5u(t, ot ) —5 5=

Oh(t, j On(t, j
+\/J(t,j)(’;;detl+v(t,j) a(t,j)Wthl. (4.3.67)

As h is defined through the means of conditional expectations, it is easy to prove that h is therefore

1
dt + 50’15

dt

a martingale process with respect to (P, (F¢)c[0,77). Therefore, the bounded variation terms of the

right hand side of equation (4.3.67) reduce to 0.

Oh(t,j, o x . 1 — Oh(t, j, o x
PELID) 4 (10,5) - 5/olhd) TSI

0x
. . . oh t, '7 , 1 82h t, -’ ’
+ a(t, 7)(b(t, j) _a(w))w zgt(wna:t)

do Ox?
TR A L LI SR P LS L
=0 (4.3.68)
with boundary condition :
h(u, , Y0, 00, Tg) = €. (4.3.69)

From [27], we assume that the the characteristic function is of the form:
h(t,]) — e(At-‘rBtO't-‘ri’th)'
We apply substitution in (4.3.68) and from [27, 40] the following system of ODE is obtained:
irw + a(t, j)b(t, j) B + Ay = 0 (4.3.70)
— 5w’ + iwpvBy + 5v?B? — 5w — aB; + By = 0 (4.3.71)

Solutions of such a coupled system are found in [40] and [27].

— 3 1 — enu—t)
B, = 4 tPvw ( . ) (4.3.72)

v2 1 — yen(u—t)

u
Ay =irw(u—t) + a/ Bgbgds (4.3.73)
t
where,

n=1/(a—ipvw +1)2+ v2w(w + i) and y = aztpuw (4.3.74)

a—ipuw — N
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0

We systematically extend the main result derived in [27] by considering semi Markov regimes. We

find a similar but more general formula for vanilla call prices.

LEMMA 4.3.4 Let M (t,ys,u),u > t, Oy K and A be an m x m real valued matrix function, a
semi Markov process, the strike price of an option contract and the conditional intensity matrix of

Oy We assume that M is solution of the matrix PDE:

aé\td + 8(;\4 + A(t,y)M (t,y,u) =0, with M (u, y,,u) = I. (4.3.75)
Y

1. The Vanilla European Heston call price from Carr and Madan algorithm is given by the semi

analytic formula

—ak t —rT _
(0,00, yo, w0, o) = - Re(/ O C e € 20) (4.3.76)
0

v a2+a—v2—|—i(2a+1)¢)’

with k = log(K) and o the Carr and Madan parameter. 1 is the characteristic function of the

log asset price x, given by the following expression:
¢(U, @05 Yo, Xo, Vo, w) = E(eidm“ “FO) = eir¢u+BOUO+isz <(I)(U, 07 y)®07 1>7 (4377)

where ® satisfies the equation (4.3.75) with A(t,y) = —diag(f(0,y0)) + AT (yo) and with
f(t,yt) = aBb(t, yr).

2. A semi closed expression for vanilla option prices with Heston model in a market with semi

Markov regimes is as follows:

1 1 00 eiwru+iwx0+Bogo o u, O, @ 7 1
C(“? ®an07x07U0) :e_’ru<7 + — / R€|: < ( yO) 0 >:|d’UJ)
2 7o 1w

1 1 00 6—iwlog(K)+irwu+ibxo+Boao+iwxo (i) u, 0, ) ’ 1
/ Re[ ' (®( Y0)O0, 1)
0 Tw

(4.3.78)

where ® (respectively, ®) are solutions of the system of matrix partial differential equations

(4.3.75) when A(t,ys) = —diag(f(t,ye)) + AT (y) with f(t,y:) = aBib(t,ys) (respectively,
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f(t,y) = aBb(t, yr)) with Ay, By,ny and ; defined as in Lemma 4.3.3 for any t > 0.

_ a—pv—ipvw—l—n(l—eﬁ(“_t))

2 1 — Fen(u=t)

a— pu—ipvw + 1N
a— pv —ipvb —10

7=1/(a— pv—ipvw +7)2 + v2w(w + i) and 7 =

Ay = irw(u —t) + a/ Bgbgds.
t

Proof. We note that (4.3.76) is a well known formula derived in [11]. The critical issue is to prove
(4.3.77). The first part of the lemma boils down to deriving an expression for the characteristic

function of the log asset price of Heston model in a regime switching market.
E[e™|F] = E|E[e"™ [Hr v Lo] |F|
— eiwru+iwxu+BocroE [ea fou Bsb(s,05 ,y,—)ds ’FO]

= eibru+ibx0+30”°<¢>(u, 0, v0)Oo, 1>, From Lemma 4.3.2, with & satisfying (4.3.75)

where, f(t,y:) = aBib(t,y;). This proves the first part of the lemma.

In order to complete the proof of the second part of the lemma, we recall the risk neutral pricing
formula for a vanilla call option with initial cost C, strike price K and in the context of a regime
switching Heston driven market:

u

C(u, ©g, yo, 0, v0) = E[e_r“(ex - K)+\IE‘0]
=e ME [e”‘“u 1:puzlogK‘F0} - Ke”’“E[a:u > log (K)!Fo]
— ¢ TB e 1y, 10 k[Fo| — Ke TP (w, > log K|Fo)
The second term of the last equation has been expressed as a conditional survival probability. We

will express the first term in similar fashion. We first define P for any A € F,, as follows:

» 1 —ru+x
1 u ’
= - B[emJo oodstlo VEdBaq 4 Rg], from (4.3.38).
(&

It is easy to prove via It6 formula that the process

Ly—e " Jo osds+ [ VosdBs 4.3.79)
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which satisfies the differential form of It6 lemma
(4.3.80)

dLi=Li [ VodB.
0

is a martingale process [44] and consequently is an appropriate density process. Hence, from Gir-
sanov theorem [1], P is a probability measure absolutely continuous with respect to the conditional
probability measure IP’(]IFO). The pricing formula can therefore be rewritten:

C(u, O, Yo, To, Vo) = G_WP(lxuzlogK) — KC_TUP(Z'U > log K|F0) (4.3.81)

We first derive an expression for the second survival probability of (4.3.81). Under the probability

measure P, the model follows the dynamic in (4.3.38). Hence,

E [eib$u |HT vV ]LO} — er-l—BoUo-‘rib:Eo

where,
a—ipvb+mn 1 —enwt)
By = 2 ( —t )
) 1-— 'ye”(“ )
where,
a—ipvb+n
a—1ipvb —n

n=+/(a—ipvb—+n)2+ v2b(b+i)and y =

Ay =irb(u —t) + a/ Bgbgds,
t

therefore from Lemma 4.3.3, the characteristic function has the form,
E [eiwxu |HT Vi LO] _ eiwru+iwxo+Boao+a [} Bsb(s,05 y,— )ds

The only regime switching term involved is b. Hence,
E[c™=|Fo] = E|E[e"™ [Hp V Lo] |F|

— eiwrquiw:rquBgaoE [ea fou Bsb(s,05 ,ys_)dsuFO]

The characteristic function problem now boils down to deriving an expression for F'(u, 0y, yo) =

Ele® Jo' Bsb(s,05 »ys—)d5|]Fo] . From Lemma (4.3.2) we have:

F(u,0,y) = <<I>(u, t,yt)Oy, 1>, with ® solution of the PDE:
od 0
i + M + A(t,y)®(u, t,y¢) = 0, with ®(u,u,y,) = I,Yu >t >0
Yy

where:
A(t,y) = A () — aBydiag (b(t, ur)).
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Therefore the characteristic function and the survival probability sought are:

E[eibﬂfu |HT v ]LO] _ eibru+ib:ﬂ0+Boo’0E [Ca fou BSb(s’Gs_7y57)dS|]F0j|
= ¢brutibrotBooo (§(y, 0,10)O0, 1)

1 1 00 eibru—l—ibmo—l-BOoo ) u, 07 /o) 1
IP’(xUZIOgK|]FO):2_|_7r/ R[ (®(u,0,90)Og >}dw_
0

T

We turn our attention to deriving a semi closed expression for the first term of (4.3.81). We note
that from Girsanov theorem [44], under the probability P, the standard Brownian motion in (4.3.38)

become
dB; = dB; — \/odt.
The new dynamic of the Heston model under the probability measure P is as follows:

d(L‘t = (T‘ + 50't)dt + \/EdBt

doy = (aby — (a — pvr)oy) + vi/adWy.
In a derivation similar to that of the first characteristic function and default probability, we obtain:

E [ez’bmu |F0] _ e—z’wlog(k)+irwu+iba¢0+§oao+iwzo <(I)(u’ 0’ y0)907 ]_>

_ 1 1 00 —iwlog(k)+irwu+ibro+Bovo+iwzo o .0, 0o, 1
P(xUZIogK|Fo)=+/ JE oo (@(u, 0, 30)Oo >]dw
2 mJo w
o 0P _ o
T y + A(t,ye)®(u, t,y;) = 0, with ®(u, u,y,) = I
where:

A(t,y:) = AT (y;) — aBydiag (b(t7 yt)),

_ a—pv—ippw+7/1-— e(u—t)
Bt - < ~en(u—t )7
1— yen(u )

L2

where,

a— puv —ipvw + 1N
a— pv—ipvb—1

1 =1/(a— pv—ipvw + 7)) + v’w(w + i) and § =
Ay = irw(u —t) + a/ Bsbgds.
¢

Hence, (4.3.81) yields the result to be proved. O
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4.4 Conclusion

This chapter aimed at calibrating the historical parameters and the risk neutral parameters of two
nonlinear semi Markov regime switching coupled system of stochastic differential equations, re-
spectively representing a basket of commodity prices and the risk neutral dynamic of a stock price.
In the former case, we obtained closed form parameter estimates and in the latter case we obtained a
couple of semi closed form formulas for European call option prices, hence proving the tractability

of both model when the market is assumed to follow a semi Markov dynamic.
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Chapter 5

Conclusion and future Research

Semi Markov regime switching financial models prove to be a generalization of Markov switching
processes preserving the economic interpretability of the regime switching parameters. One of
the downside of semi Markov switching models is the challenging nature of solving the system
of partial integro differential equations (PIDE) of call option prices. The PIDE is usually solved
using finite difference methods in a rectangular domain. However, in semi Markov models, the
backward recurrence is a variable in the derived pricing PIDE. Given that the current time is always
at least equal to the backward recurrence time, the rectangular structure of the variables involved
in the PIDE does not hold anymore. Which result in a more challenging finite difference scheme.
Our approach for solving the pricing problem throughout this work is based on the characteristic
function formula of the log asset price. The tractability of the formula obtained depends highly on
the choice of the intensity matrix. For computational simplicity and tractability of the results in this
work, we opted to work with piecewise constant Weibull intensities as they are flexible enough to
encompass upward trending, downward trending and constant instantaneous switching propensities.
The comparative results obtained showed that calibrating Markov and semi Markov regime models
to observed data, lead to substantial model fit improvement and preserved the ease of interpretation
of parameters.

However we are still looking into possible improvements of the model. In order to benefit from the
full scale semi Markov regime models, one will need to drop the piecewise constant assumption and
pick a smoother model for conditional intensity. This of course will leave us with only the finite
difference method for option pricing.

Another application of interest is in fixed income derivatives and in structured finance. Credit default
swap, collateralized debt obligation are interest rate sensitive products more likely to be affected by
regime changes than options. Although in this work we have shown that the effect of regimes could

be substantial, there are reasons to believe that fixed income and structured finance products are
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more sensitive to regime changes and therefore semi Markov switching models would provide a
substantially better avenue for modeling asset dynamics.

Finally, we are working at comparing what was referred to in this work as the pseudo-infinite number
of regimes of semi Markov Markets, with the explicit infinite number of regimes in hidden Markov
model with Dirichlet priors. The purpose of such a comparison would be to determine if there is a
parallel between the estimated regimes in both models and to determine if one has a more realistic

interpretation.

144



[1]

(2]

[6]

[7]

(8]

[9]

References

David Applebaum. Levy processes and stochastic calculus. Cambridge university press, 2009.

Patrick Assonken and S. G. Ladde. Option pricing with a levy-type stochas-
tic dynamic model for stock price process under semi-markovian structural pertur-
bations. International Journal of Theoretical and Applied Finance, 2015. URL
http://dx.doi.org/10.1142/50219024915500521.

Patrick Assonken and S. G. Ladde. Simulation and calibration of options prices under a levy-
type stochastic dynamic and semi markov market switching regimes processes. Applied Eco-

nomics and Finance, 2016. URL http://dx.doi.org/10.11114/aef.v4i1.1870.

Kerry Back and Stanley R Pliska. On the fundamental theorem of asset pricing with
an infinite state space. Journal of Mathematical Economics, 20(1):1-18, 1991. URL
http://dx.doi.org/10.1016/0304-4068(91)90014-K.

Stan Beckers. The constant elasticity of variance model and its implications for option pricing.

The Journal of Finance, 35(3):661-673, 1980.

Fischer Black and Myron Scholes. The pricing of options and corporate liabilities. The journal

of political economy, pages 637-654, 1973.

Nicolas PB Bollen. Valuing options in regime-switching models. The Journal of Derivatives,

6(1):38-49, 1998. URL http://dx.doi.org/10.3905/50d.1998.408011.

Pierre Brémaud. Point processes and queues, volume 30. Springer, 1981.

John Buffington and Robert J Elliott. American options with regime switching. International

Journal of Theoretical and Applied Finance, 5(05):497-514, 2002.

145



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

Ingo Bulla. Application of hidden Markov models and Hidden Semi Markov models to finan-

cial time series. PhD thesis, Georg-August-University of Gottingen, 2006.

Peter Carr and Dilip Madan. Option valuation wusing the fast fourier
transform. Journal of computational finance, 2(4):61-73, 1999. URL
http://dx.doi.org/10.21314/JCF.1999.043.

Leunglung Chan and Song-Ping Zhu. An explicit analytic formula for pricing barrier options

with regime switching. Mathematics and Financial Economics, pages 1-9, 2014a.

Leunglung Chan and Song-Ping Zhu. An exact and explicit formula for pricing asian options

with regime switching. arXiv preprint arXiv:1407.5091, 2014b.

Kyriakos Chourdakis. Continuous time regime switching models and applications in esti-
mating processes with stochastic volatility and jumps. U of London Queen Mary Economics

Working Paper, (464), 2002.

Kyriakos Chourdakis. Option pricing using the fractional fft. Journal of Computational Fi-

nance, 8(2):1-18, 2004. URL http://dx.doi.org/10.21314/JCF.2005.137.

Kyriakos Chourdakis. Switching 1évy models in continuous time: Finite distributions and
option pricing. University of Essex, Centre for Computational Finance and Economic Agents

(CCFEA) Working Paper, 2005.
Erhan Cinlar. Markov renewal theory. Advances in Applied Probability, 1(2):123—-187, 1969.

Massimo  Costabile, Arturo Leccadito, Ivar Massabd, and Emilio Russo.
Option pricing under regime-switching jump-diffusion models. Journal
of Computational and Applied Mathematics, 256:152-167, 2014. URL

http://dx.doi.org/10.1016/j.cam.2013.07.046.

John C Cox, Jonathan E Ingersoll, and Stephen A Ross. A theory of the term structure of
interest rates. Econometrica, 53(2):385-407, 1985.

José Da Fonseca, Martino Grasselli, and Claudio Tebaldi. A multifactor volatility heston

model. Quantitative Finance, 8(6):591-604, 2008.

146



[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

Amogh Deshpande. Sufficient stochastic maximum principle for the optimal control of semi-
markov modulated jump-diffusion with application to financial optimization. arXiv preprint

arXiv:1407.3256, 2014.

Damien Deville. On 1évy processes for option pricing: Numerical methods and calibration to

index options. 2007.

Jin-Chuan Duan et al. The garch option pricing model. Mathematical finance, 5(1):13-32,
1995.

Bruno Dupire. Pricing and hedging with smiles. Mathematics of derivative securities. Demp-

ster and Pliska eds., Cambridge Uni. Press, 1997.

Robert J Elliott and Carlton-James U Osakwe. Option pricing for pure jump processes
with markov switching compensators. Finance and Stochastics, 10(2):250-275, 2006. URL
http://dx.doi.org/10.1007/s00780-006-0004-6.

Robert J Elliott, Leunglung Chan, and Tak Kuen Siu. Option pricing and esscher
transform under regime switching. Annals of Finance, 1(4):423-432, 2005. URL

http://dx.doi.org/423. doi:10.1007/s10436-005-0013~z.

Robert J Elliott, Katsumasa Nishide, and Carlton Osakwe. Heston-type stochastic volatility

with a markov switching regime. Journal of Futures Markets, 2015. doi: 10.1002/fut.21761.

Edwin J Elton, Martin J Gruber, Stephen J Brown, and William N Goetzmann. Modern port-

folio theory and investment analysis. John Wiley & Sons, 2009.

Helyette Geman and Yih Fong Shih. Modeling commodity prices under the cev model. The
Journal of Alternative Investments, 11(3):65-84, 2009.

Mrinal K Ghosh and Anindya Goswami. Risk minimizing option pricing in a semi-markov
modulated market. SIAM Journal on control and Optimization, 48(3):1519-1541, 2009. URL
http://dx.doi.org/10.1137/0807168309.

Ana Gonzalez-Urteaga. Further empirical evidence on stochastic volatility models with jumps

in returns. The Spanish Review of Financial Economics, 10(1):11-17, 2012.

147



[32] J Orlin Grabbe. The pricing of call and put options on foreign exchange.
Journal of International Money and Finance, 2(3):239-253, 1983. URL
http://dx.doi.org/10.1016/50261-5606(83)80002-3.

[33] Patrick S Hagan, Deep Kumar, Andrew S Lesniewski, and Diana E Woodward. Managing
smile risk. Wilmott magazine, pages 84—108, 2002.

[34] Donatien Hainaut. Switching 1évy processes: a toolbox for financial applications. Technical

report, CREST working paper, 2010.

[35] Donatien Hainaut. Financial modeling with switching 1évy processes. ESC, 2011.

[36] Donatien Hainaut and David B Colwell. A structural model for credit risk with switching
processes and synchronous jumps. The European Journal of Finance, (ahead-of-print):1-23,

2014. URL http://dx.doi.org/10.1080/1351847X.2014.924079.

[37] Donatien Hainaut and Olivier Le Courtois. An intensity model for credit risk with switching

1évy processes. Quantitative Finance, (ahead-of-print):1-13, 2013.

[38] James D Hamilton. A new approach to the economic analysis of nonstationary time series and
the business cycle. Econometrica: Journal of the Econometric Society, pages 357-384, 1989.

URL http://www. jstor.org/stable/1912559.

[39] Yufeng Han. Asset allocation with a high dimensional latent factor stochastic volatility model.

Review of Financial Studies, 19(1):237-271, 2006.

[40] Steven L Heston. A closed-form solution for options with stochastic volatility with applica-

tions to bond and currency options. Review of financial studies, 6(2):327-343, 1993.

[41] Julien Hunt and Pierre Devolder. Semi-markov regime switching interest rate models and
minimal entropy measure. Physica A: Statistical Mechanics and its Applications, 390(21):

3767-3781,2011b. URL http://dx.doi.org/10.1016/5.physa.2011.04.036.

[42] Julien Hunt and Markus Hahn. Estimation and calibration of a continuous-time semi-markov

switching model. —, 2010.

148



[43] Kenneth R Jackson, Sebastian Jaimungal, and Vladimir Surkov. Option pricing
with regime switching lévy processes using fourier space time stepping. In Proc.
4th IASTED Intern. Conf. Financial Engin. Applic, pages 92-97, 2007. URL

http://dx.doi.org/10.2139/ssrn.10202009.

[44] Jean Jacod and Albert N Shiryaev. Limit theorems for stochastic processes, volume 288.

Springer-Verlag Berlin, 1987.

[45] Peter E Kloeden and Eckhard Platen. Higher-order implicit strong numerical schemes for
stochastic differential equations. Journal of statistical physics, 66(1-2):283-314, 1992. URL
http://dx.doi.org/10.1007/BF01060070.

[46] S Kruse. On the pricing of forward starting options under stochastic volatility. Fraunhofer-

Institut fiir Techno-und Wirtschaftsmathematik, Fraunhofer ITWM), 2003.

[47] Anil G Ladde and G.S. Ladde. An introduction to differential equations: Stochastic Modeling,
Methods of analysis, volume 2. World Scientific Publishing Company, Singapore, 2013.

[48] Wu Ling and Ladde G.S. Stochastic modeling and statistical analysis. PhD thesis, University
of South Florida, 2010.

[49] Wilhelm Magnus. On the exponential solution of differential equations for a linear op-
erator. Communications on pure and applied mathematics, 7(4):649-673, 1954. URL

http://dx.doi.org/10.1002/cpa.3160070404.

[50] Sovan Mitra. Regime switching stochastic volatility with perturbation based option pricing.

arXiv preprint arXiv:0904.1756, 2009.

[51] Yoshio Miyahara. Minimal entropy martingale measures of jump type price processes in in-

complete assets markets. Asia-Pacific Financial Markets, 6(2):97-113, 1999.

[52] Yoshio Miyahara, Alexander Novikov, et al. Geometric Lévy process pricing model. School

of Finance and Economics, University of Technology, Sydney, 2001.

[53] Romuald Momeya. Les processus additifs Markoviens et leurs applications en finances Math-

ematiques. PhD thesis, Universite de Montreal, 2012.

149



[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

Vasanttilak Naik. Option valuation and hedging strategies with jumps in the volatil-
ity of asset returns. The Journal of Finance, 48(5):1969-1984, 1993. URL
http://dx.doi.org/10.1111/73.1540-6261.1993.tb05137.x.

Bernt Karsten @ksendal and Agnes Sulem. Applied stochastic control of jump diffusions,

volume 498. Springer, 2005.

Olusegun Otunuga and Gangaram Ladde. Stochastic modeling of energy commoditys spot
price processes with delay in volatility. American International Journal of Contemporary

Research, 4(5):1-20, 2014.

Olusegun M Otunuga, Gangaram S Ladde, and Nathan G Ladde. Local lagged adapted gen-
eralized method of moments and applications. Stochastic Analysis and Applications, 35(1):

1-34, 2016.

Andrew Papanicolaou and Ronnie Sircar. A regime-switching heston model for vix and s&p

500 implied volatilities. Quantitative Finance, 14(10):1811-1827, 2014.

Vasile Preda, Silvia Dedu, and Muhammad Sheraz. New measure selection for hunt—devolder
semi-markov regime switching interest rate models. Physica A: Statistical Mechanics and its

Applications, 407:350-359, 2014.

Vladimir Surkov R Jackson, Sebastien Jaimungal. Fourier space time-stepping for option

pricing with levy models. The journal of computational finance, 12, 2009.

Christian Robert and George Casella. Monte Carlo statistical methods. Springer Science &

Business Media, 2013.

Walter Schachermayer. Fundamental theorem of asset pricing. Encyclopedia of Quantitative

Finance, 2010.

Daniel Siu and G.S. Ladde. Stochastic hybrid system with non-homogeneous and boundary

jumps. Nonlinear Analysis: Hybrid Systems, 5(3):591-602, 2011.

Tak Kuen Siu and Hailiang Yang. Option pricing when the regime-switching risk is priced.

Acta Mathematicae Applicatae Sinica, English Series, 25(3):369-388, 20009.

150



[65] Anatoliy Swishchuk and Md Shafiqul Islam. The geometric markov renewal processes with

application to finance. Stochastic Analysis and Applications, 29(4):684-705, 2011.
[66] Peter Tankov. Financial modelling with jump processes. CRC press, 2003.

[67] Yoshio Miyahara Tsukasa Fujiwara. The minimal entropy martingale measures for geometric

levy processes. Finance and Stochastics, 7:509-531, 2003.

151



	Modeling in Finance and Insurance With Levy-It'o Driven Dynamic Processes under Semi Markov-type Switching Regimes and Time Domains
	Scholar Commons Citation

	tmp.1496249646.pdf.NhqJ6

