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Abstract

Fractional calculus has a long history, almost as old as calculus itself, dating back
to the late seventeenth century. There has been a great deal of mathematical in-
terest in this area by pure mathematicians but it is only in recent decades that the
applications of fractional calculus have been systematically explored. The physi-
cal interest in fractional calculus is due to it’s nonlocal nature which introduces a
history dependence into the system.

Differential equations are the mainstay of mathematical models that describe and
predict the evolution of systems in time. It is intuitive to replace some of the integer
order time derivatives with fractional order time derivatives to provide a model
that incorporates a history dependence. However, including fractional derivatives
in this way can lead to problems in reconciling the dimensions of parameters in the
systems. In this thesis we have developed a modelling approach, to include fractional
derivatives and a history dependence, which is based on a well defined stochastic
process. The resulting fractional order models and their parameters are well posed.

The thesis begins with a discussion of the history of fractional calculus, leading
to the application to partial differential equations (PDEs), derived from continuous
time random walks (CTRWSs). We provide a brief overview of CTRWSs and their
role in deriving fractional order ordinary differential equations (ODEs) and PDEs.
Some of the fundamental tools of fractional calculus are introduced. A discrete time
analogue of a CTRW is also introduced.

After the introductory material, the remainder of the thesis is a compilation of

original published work that I have co-authored. This material is separated into



three parts. Part I, consisting of Chapters 2 - 7, features the derivation of fractional
order ODE models and their discretisations. Part II, consisting of Chapters 8 - 10, is
focused on the derivation of fractional PDE models. Part III, consisting of Chapters
11 - 12, presents novel numerical approaches for solving fractional-order ODEs and
PDEs via piecewise approximations.

This thesis includes the results drawn from nine published papers produced over

the course of my PhD candidature.
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CHAPTER 1

Introduction

Fractional calculus has a long history dating back to the origins of calculus in the late
1600s [121]. In the past few decades there has been renewed interest in fractional
calculus due to modelling applications. Fractional calculus mathematical models
are typically written as ordinary differential equations (ODEs) or partial differen-
tial equations (PDEs) with fractional derivatives. The incorporation of fractional
derivatives introduces a history dependence into the model; the future state is de-
pendent on all past states. These models have been applied to a variety of contexts;
including anomalous diffusion [106], epidemiology [21], pharmacokinetics [144] and
viscoelasticity [97].

In recent years it has become popular to investigate mathematical models with
fractional derivatives included in an ad hoc fashion, by replacing standard deriva-
tives with fractional derivatives. This direct derivative substitution introduces more
parameters, e.g. the order of the derivatives, and thus can result in better fit-
ting models or lead to interesting mathematical results. However from a modelling
perspective replacing ordinary derivatives with fractional derivatives can lead to in-
consistent model dimensions and thus the clear interpretation of parameters may
be lost. This thesis provides a physically consistent method, using an underlying
stochastic process, as a basis for deriving fractional equations. The method can be
applied to both ODE and PDE systems and in this thesis it is applied to compart-

ment models and diffusion processes on non-uniform domains.



1.1 Brief History

The origin of fractional calculus is generally dated back to a letter exchange between
I'Hopital and Leibniz in 1695 [86]. In their exchange, they consider the possibility of
taking a derivative with order % Whilst this provides an anecdotal and oft quoted
introduction to the field, it was not until the 19th century that formal mathematical
definitions of the fractional integral and derivative were formulated.

The first recorded use of fractional calculus occurred by Abel in 1823 [3, 4].
In order to solve the tautochrone problem, Abel introduces formulas which can be
recognised as a fractional integral and derivative [122]. The properties of fractional
derivatives are exploited in order to solve the problem. However, it was not until
1834 that the Riemann-Liouville fractional integral and derivative were formally
defined by [91].

There has been increased attention in the fractional calculus arena over the past
fifty years as the applications of fractional derivatives have become more appar-
ent. This interest has occurred across multiple subfields. In particular the history
dependence that fractional derivatives introduce were found to be useful in viscoelas-
ticity. This was first noted by Caputo in 1967 [34] and explored in greater detail
by Mainardi [95, 96]. Mainardi makes use of the fractional diffusion considered by
Wyss [154], which is defined by replacing the standard temporal derivative with a
time-fractional derivative.

The applications of fractional calculus have also been seen in the development of
diffusion equations from the limit of the continuous time random walk (CTRW) [111,
133]. If the CTRW has a history dependence the resulting diffusion equations may
include time-fractional derivatives [67, 35, 28, 106]. Fractional diffusion equations
obtained in this manner model anomalous diffusion in which the mean squared
displacement does not scale linearly. CTRWSs have been generalised in various ways
to model fractional diffusion with reactions [63, 142], forces [60, 61], trapping [7],

and on non-uniform, see Chapter 9, and on growing domains [85, 23].



The remainder of the first chapter will provide a more detailed introduction and
background to the areas of mathematics required in deriving fractional ODE and
PDE models from underlying stochastic processes. This will include CTRWs in Sec-
tion 1.2, anomalous diffusion in Section 1.3, compartment models in Section 1.4 and
fractional derivatives and their properties in Section 1.5. The related discretisations

and numerical schemes for fractional models are introduced in Section 1.7.

1.2 Continuous Time Random Walks

The random walk was introduced by; Bachelier in his PhD thesis [25], by Pearson in
a problem posed in Nature [116], and by Einstein in his consideration of Brownian
motion [46]. Einstein showed that the probability density function describing the
position of a random walk was governed by the diffusion equation. In general terms
this demonstrates a connection between stochastic processes and PDEs. In the past
few decades this connection has been greatly expanded through the consideration
of CTRWs and their limit processes.

The CTRW was originally considered by Montroll and Weiss in 1965 [111] and
further developed by Scher and Lax [133]. This approach was further generalised
over the following decades [125, 148, 137, 112, 79]. Partial differential equations
can be derived by taking an appropriate diffusion limit of the master equation of
a CTRW. An advantage of constructing PDEs from a CTRW is that the model
parameters can be understood easily as physical processes and the CTRW describes
the dynamic process at a mesoscopic level.

The CTRW is set up by considering the governing dynamics of an individual
walker on a lattice and extending this consideration to an ensemble of walkers. In
the CTRW each walker waits at a site, 2/, for an amount of time drawn from a
waiting time density, 1 (t), before jumping to a new site, x, governed by the jump
density \(x,2’,t). Let us now consider an ensemble of walkers, where each walker is
governed by a common jump density, A(z, z’,t), and a common waiting time density,

¥ (t). The expected concentration of walkers at any given site can now be expressed.



By taking the limit in which the distance between the lattice sites goes to zero, the
dynamics of the walkers can be considered on a spatial continuum. The diffusion
limit requires both the lattice spacing to go to zero and the characteristic time-scale
to go to zero. This needs to be done carefully to avoid singularities and this will be
discussed further in subsequent sections of this thesis.

If the central limit theorem holds for the stochastic process of the CTRWs then
the walkers will be undergoing Brownian motion [55, 32, 106] and the dynamics of
their concentration will be described by a standard diffusion equation. Standard
diffusion is characterised by the mean squared displacement growing proportionally
with time [116], i.e.,

(X2(t)) ~t. (1.1)

The central limit theorem does not hold for all choices of jump densities or wait-
ing time densities. In particular if the jump or waiting time density has a power-law
tail, for example a Pareto or Mittag-LefHler density, the central limit theorem does
not hold. The work in this thesis focuses on power-law waiting time densities. As
the first moment of power-law distributions diverges, the standard central limit the-
orem does not appy to describe the resulting dynamics of the walkers. However the
Lévy-Gnedenko generalised central limit theorem [57, 88] can be applied and mak-
ing use of the properties of geometrically stable distributions, a power-law waiting
time produces anomalous diffusion. The diffusion limit of the master equations for
CTRWs with power-law waiting times can be expressed with time-fractional deriva-
tives. The mean squared displacement calculated from these fractional diffusion

equations has anomalous scaling, i.e.,

(X2(t) ~ 17, (1.2)

for a« # 1. This result, commonly referred to as anomalous diffusion, has been

experimentally observed across a variety of settings, so much so that it has been



noted that “Anomalous is ubiquitous” [52] and has lead to increasing interest in the

mathematical nature of anomalous diffusion.

1.3 Subdiffusion

The size of « in Eq. (1.2) quantifies the anomalous diffusion. In particular this thesis
focuses on subdiffusion, classified by 0 < o < 1. Subdiffusion has been commonly
observed in biological systems with traps and obstacles [131, 45, 151]. It has also
been observed in the diffusion of molecules in spiny nerve cells [129], diffusion across
potassium channels in membranes [99, 150], and diffusion of HIV virions in cervical
mucous [138]. Subdiffusion is also present in other physical systems such as cosmic
rays [136], porous media [87], and volcanic earthquakes [2].

The equation for subdiffusion is a generalisation of the standard diffusion equa-

tion. This equation can be expressed with a fractional derivative [28],

WD _ O (i (ol 1)) (1.3

and as o — 1 the equation limits to the standard diffusion equation. The notable
difference between the subdiffusion equation and the standard diffusion equation,
is the presence of the Riemann-Liouville fractional derivative, oD} * (p(z,t)). The
definition for this and other fractional derivatives are presented in Section 1.5.
Before the stochastic derivation of the subdiffusion equation, Wyss replaced the
time derivative of the standard diffusion equation with a fractional derivative [154]
and analysed it’s mathematical properties. This equation was found to be useful
in modelling viscoelasticity by Mainardi [95]. Hilfer and Anton derived the mas-
ter equation using the CTRW framework [67], which after taking a diffusion limit,
results in the subdiffusion equation. In doing so Hilfer and Anton considered a
Mittag-Leffler waiting time density [121]. Building on [79], Compte took the diffu-
sion limit of this master equation [35], deriving an equation for subdiffusion which

was identical to Wyss’ equation.



The equation for subdiffusion with forces and/or reactions was subsequently de-
rived from the CTRW framework. The incorporation of subdiffusion has proven
non-trivial in these extensions. In a standard Fokker-Planck equation or reaction-
diffusion equation the diffusion is independent of either the forces or reactions re-
spectively. However, one of the notable results from the derivation of subdiffusive
equations with forces or reactions is that the diffusion can affect the forcing or re-
actions. Subdiffusion with forcing was introduced by implementing a power-law
waiting time density and a time biased jump length density in the CTRW, resulting
in a fractional Fokker-Planck equation [105, 104, 28, 106]. Space dependent forcing
and time dependent forcing has also been considered in this context [142, 61, 11].
An equation with fractional-advection, with no diffusion, has also been derived from
the CTRW framework [18].

By introducing a source term along with power-law waiting times, reactions
were able to be introduced, giving rise to fractional reaction-diffusion equations
(63, 62, 143, 83, 53, 1, 158]. More recently, the equation for subdifffusion with both
forcing and reaction was systematically derived [7]. These fractional equations have
been derived outside of the CTRW framework as well [152, 93, 141].

Another area of interest has been in deriving PDEs on a growing domain. Over
the past two decades, equations for diffusion, forcing and reactions have been derived
on a growing domain [36, 113, 37, 153]. These equations have been generalised to
account for more complex forcing and non-uniform growth [26, 155, 140, 157]. A
natural extension has been to consider subdiffusion on a growing domain [23, 85].

My contribution to this field has been the derivation of the fractional-advection
equation without diffusion, which makes up Chapter 8, subdiffusion on a geometri-
cally spaced lattice, in Chapter 9 and subdiffusion on a growing domain, Chapter

10.



1.4 Compartment Models

In addition to considering the derivation of fractional-order PDEs, this thesis also
considers the derivation of fractional-order ODE models. In particular, this thesis
contains the derivations for epidemiological models containing fractional derivatives,
as well as the derivation for a general fractional-order compartment model. A com-
partment model is a mathematical model which describes the dynamics of entities
moving between different compartments. Typically the compartments are assumed
to be homogeneous, i.e. all elements in the compartment are assumed to have the
same probabilities of leaving the compartment. These models are typically repre-
sented by a set of coupled ODEs with time the independent variable. The dependent
variable may represent numbers of entities or concentrations of entities.

These models have been applied to a range of contexts, including epidemiology
[73, 64], pharmacokinetics [144] and economics [70, 147]. The particular quantities
of interest vary between applications. For example in a compartment model for epi-
demiology, the compartments represent states in which individuals are susceptible,
infected, or removed from the infection, commonly known as an SIR model [73].
While in pharmacokinetic compartment models, the compartments may represent
the concentration of particular drugs in various organs in a person’s body.

If the transition between compartments are Markovian, i.e., they do not depend
on the ‘age’ of the system, the dynamics can be captured by standard ODE models.
In such models, the time when ‘particles’ leave a compartment is not dependent on
how long they have spent in the compartment. If the behaviour of the particles is
dependent on how long they have been in a compartment, then the mathematical
formulation of the compartment model can no longer be captured by autonomous
ODEs. There are many examples of systems in which the length of time particles
have spent in a given state, represented as a compartment, will affect their subse-
quent behaviour. Such systems are said to have a history dependence. There are a

variety of methods of capturing the system’s history dependence, including the use



of non-local operators such as integro-differential terms and fractional derivatives
[74, 75, 65, 44, 43, 59, 21, 20, 14, 130, 144]. The growing interest in fractional ODE
models can, in part, be attributed to the popularity of fractional derivatives in PDEs
[42].

The original epidemiological compartment model was introduced by Kermack
and McKendrick [73]. They proposed a three compartment model, commonly re-
ferred to as the SIR model. The model splits the population into three classes, those
susceptible (S), infected (I) and recovered (or removed) (R) from the infection. In
this model individuals begin susceptible to the infection, through interaction with
an infected individual they may become infected and moved to the infected class,
before finally recovering from the disease and developing immunity to the infection.

This can be described by the ODE system,

s
dl
dR

in which \ and v are the birth and death rates respectively. In these equations it is
assumed that birth and death rates are the same for all compartments. Susceptible
individuals become infected after contact with an infected individual with probabil-
ity 8 and % is the expected infected time before individuals recover. All individuals
are subject to the same recovery rate regardless of how long they have been infected.

Many variations of the SIR model have been proposed [64], typically through
the introduction of a new state, resulting in an additional compartment, or creating
a new path between states. Some SIR extensions include; the possibility for waning
immunity after an individual has recovered from an infection; and having an incuba-
tion time before infected individuals become infectious. These extensions produce

autonomous, coupled ODE systems. The limitations of autonomous ODE models



can be seen in epidemiological applications when considering a chronic infection. If
a disease is known to be chronic, the longer an individual has been infected, the less
likely they are to recover [126]. This property cannot be captured by a standard
ODE epidemic model.

The earliest non-autonomous SIR model is the age-structured SIR model intro-
duced by Kermack and McKendrick in 1932 [74], in the form of integro-differential
equations. The age-structuring of this model refers to the ‘age’ of the infection.
Given that the length of time that an individual is infected will affect the dynamics,
the model incorporates a history dependence. In such a model individuals who have
been infected for different amounts of time may be subject to different recovery
probabilities. This model reduces to the standard Eqs. (1.4), (1.5) and (1.6) when
individuals have the same chance of recovering, regardless of how long they have
been infected.

A more recent approach to incorporating history dependence into compartment
models is to consider a fractional-order compartment model. We have derived frac-
tional SIR models by allowing for the inclusion of memory effects on the infectivity
or recovery of the infection [21, 20, 22]. Fractional pharmacokinetic models allow
for the modelling of drugs which lead to long term accumulation [42, 44, 43, 59].
The inclusion of memory effects through fractional derivatives in economic models
has also been considered [145, 146]. We have also derived a general fractional order
compartment model that can be adopted to different applications [14].

Our approach in deriving fractional order compartment models has been to con-
sider an underlying stochastic process, representing a CTRW between compartments
[21, 20, 14, 22, 130]. This is analogous to the derivation of PDEs from CTRWs, dis-
cussed in Section 1.2. Using a CTRW, a compartment model can be derived with an
arbitrary survival probability density. Choosing a memoryless survival density will
produce a standard compartment model, while choosing a heavy-tailed power-law
density leads to a fractional-order compartment model. This type of derivation is

used to produce different sorts of fractional order SIR models including; a fractional



recovery SIR model in Chapter 2 [21]; a fractional infectivity SIR model in Chapter
4 [20]; a fractional infectivity with fractional recovery SIR model in Chapter 5 [22];

and a general fractional order compartment model in Chapter 3 [14].

1.5 Introductory Fractional Calculus

A cursory understanding of fractional calculus, specifically fractional derivatives,
is fundamental to this thesis. Here I present a set of definitions and properties
of the necessary fractional derivatives to understand the fractional models derived
throughout this thesis.

The canonical definition for the fractional integral, also known as the Riemann-

Liouville integral, is given by,

oD F (3, 1) — ﬁ /0 (t = 7)5= f(z, 7)dr, (1.7)

for € RT. This definition is a generalisation of the Cauchy n-fold integral, extend-
ing n € N to allow for all positive reals.

Unlike integer order derivatives, there are multiple, contradictory definitions for
fractional derivatives [115, 128, 121, 89]. Riemann-Liouville, Caputo and Griinwald-
Letnikov fractional derivatives will feature throughout this thesis. These fractional
derivatives are introduced in this section along with the generalised fractional deriva-
tive and Riesz space fractional derivative. The Riemann-Liouville fractional deriva-
tive, with order @ € R*, is given by taking an integer order derivative of the

Riemann-Liouville fractional integral [115], defined as,

Lo
L(m — «a) otm

am —(m—a
reDEf (@, t) = = — oD " f(a,1) =

= 3m /Ot(t — )" f (e, T)dr,

(1.8)
with m — 1 < a < m and m € N. The fractional derivative can be seen as a

generalisation of an integer order derivative explicitly in Laplace space. The Laplace
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transform, from ¢ to s, of the fractional derivative is,

m—

L{ reD§, f(,t)} = s"L{f(2,1)} Z oD (2, 1)] - (1.9)

k=

However, the initial conditions required for this Laplace transform are in the form of
a fractional integral over the function’s history [66]. The Caputo fractional derivative
was proposed [34] to enable standard initial conditions. The Caputo fractional

derivative, with order a € R is defined as,

AT S (S i
DG (1) = D7 " 1) = F(a)/o(t P famydr,(110)

with m — 1 < a < m. The Laplace transform of the Caputo fractional derivative is,

Ok f(x,t)

o , (1.11)

LU f (1)) = SLLf (1)) — 3 st

for m — 1 < a < m, for m € N. The initial conditions here involve integer order
derivatives at a point, and the Caputo derivative of a constant is zero. Some re-
searchers cite these as reasons to use the Caputo derivative rather than the Riemann-
Liouville derivatives [34]. However a disadvantage of the Caputo derivative is that it
does not limit to an ordinary derivative in the limit as @ — (m—1)" [89]. Moreover,
despite the differences between the Riemann-Liouville and Caputo derivatives, an

elementary relationship exists between the two derivatives,

,_.

m—

e O f(xt)

D¢ t)= D t) . 1.12
mDG /(@ t) = Do f(@.t) +k:0F1—a+kz k|, (1.12)
The two derivatives are equivalent if,

Ut I (1.13)
ot |, '

forall k=0,1,....m— 1.
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The third fractional derivative, that is widely used in this thesis, is the Griinwald-
Letnikov derivative, defined by,

GLDS}f(SE,t) = lim h™“ Y (—1)k <p)f<$,t — k’h) (114)

h—0,nh=t k
k=0

This derivative is equivalent to the Riemann-Liouville derivative for functions f(z,t),
which are sufficiently smooth around ¢ = 0. This equivalence can be seen more

clearly in the alternate definition for the Griinwald-Letnikov derivative [89],

m—1
. thme @R f(a,t) 1 ! mea_1 0" f(z,1)
Do f (@) = ; F'k+1—a) otf |_, I'(m—a) /0 (t=7) otm dar.

(1.15)

The Griinwald-Letnikov derivative is included here as it’s limit form provides a basis

for numerical schemes for fractional-order differential equations [159]. This is done
by considering a small enough A and taking a finite sum approximation.

The generalised fractional derivative is typically defined through it’s Laplace

transform,

‘C{ GD&tf(xa t)} = Saﬁ{f(x’ t)}> (1'16)

which is equivalent to the Riemann-Liouville derivative, Eq. (1.8), when 0 < a < 1
and z(t) is sufficiently regular around ¢ = 0. A more formal definition for the
generalised fractional derivative is provided in [89].

Another common fractional derivative is the Riesz fractional derivative [124].
This derivative is typically derived through it’s Fourier transform [30] rather than

it’s Laplace transform,

FAR f(z,t)} = —|w|*F(w,t), (1.17)

where F'(w,t) is the Fourier transform of f(z,t). This derivative is used commonly
in ‘space’ fractional systems, however this is beyond the scope of this thesis and will

not be discussed further.
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I have presented the partial derivative form of the fractional derivatives. Orig-
inally these derivatives were proposed as total derivatives, however it has become
common to use the same notation for fractional derivatives, regardless of whether
they are being taken of a function with one or more variables. Hence when we
consider ODE systems, we will use the same notation as that of the PDE systems.

While all the fractional derivatives presented above are valid for a € R, from
this point forward I limit my discussion of these derivatives to the 0 < a < 1
case. This is due to their association with power-law, heavy tailed distributions,
[67] trapping [7, 21] and subdiffusion [106] processes. It is with these applications in
mind that I have incorporated fractional derivatives into the ODE [21, 20, 14, 22, 19]
and PDE [17, 23] models.

I have constrained this very brief introduction on fractional calculus to the defi-
nitions and properties that I make use of in the later chapters of this thesis. For a

more thorough introduction into fractional calculus please see [115, 127, 107, 121].

1.6 Generalized Caputo Models with Unknown Derivation Methods

The major motivation for Part I of this thesis is to introduce and implement a
systematic approach for including fractional differential operators into ODE models.
Our approach, based on underlying stochastic process with history dependence, leads
to the formal introduction of fractional differential operators. This avoids physical
problems that arise when integer order derivatives are simply replaced with fractional
derivatives. To focus on these problems, consider the following ad hoc fractional SIR

model:

s

Trr = A—BST —~S, (1.18)
a«l

T BST —wl — I, (1.19)
aes

dtf = wl — R, (1.20)
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An assumption of the SIR model is that the flux out of one compartment matches the
flux into a corresponding one i.e. the number of individuals leaving the susceptible
compartment, due to becoming infected, will match the number of incoming infected
individuals. The flux-balance is violated when a1 # . A similar violation occurs
when as # «as, resulting in a flux-balance violation of the number of individuals
recovering from the infection.

If we let [a] denote the dimensions of the parameter a, and carry out a simple

dimensional analysis of this system then: from Eq. (1.18) the dimensions of the

parameters are [A] = time ', [f] = time ™, [y] = time !, from Eq. (1.19)
[f] = time™*?, [w] = time™*2, [7] = time™*? and from Eq. (1.20) [w] = time 3,
[v] = time™*. This analysis highlights potential inconsistent dimensions of the

model parameters. Similar issues arising from ad hoc fractional models were noted by
Dokoumetzidis, Magin and Macheras, in the context of fractional pharmacokinetic
models [43, 44].

To reconcile both the flux balance and dimensional issues, we require a; = g
and ap = ag; i.e., @ = oy = as = az. If we now add Egs. (1.18), (1.19) and (1.20)

and define the total population, N, as N =S+ I + R then,

=\ —N. (1.21)

If the birth rate is equal to the death rate then A —yN = 0, which requires ddiiv =0.

If ;t% is a Riemann-Liouville fractional derivative, this would imply N = 0. If C% is

a Caputo fractional derivative this particular issue is avoided. The resulting system,

dCM
5 A —BSI—~S, (1.22)
dt>
ol
ili? = pBSI —wl —~I, (1.23)
d“R
=wl — 1.24
dt> w ryR’ ( )
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where j% is a Caputo fractional derivative is an SIR model with a history dependence
but this is a very restricted generalisation and there is no obvious physical mechanism
for the fractional derivative. In an SIR model with integer order deriviatives, the
parameters have a clear physical interpretation and can be easily observed, i.e. A
represents the number of births per year. However in the fractional model governed
by Egs. (1.22), (1.23) and (1.24), the physical interpretation of the parameters is
less clear, for example A represents the number of births per year to the —a. Our

systematic approach for the incorporation of fractional derivatives, as outlined in

Part I, resolves the above issues.

1.7 Discretisation of Fractional-Order Equations

The use of fractional derivatives within models can lead to difficulties in finding
exact algebraic solutions. Many numerical methods have been proposed to numeri-
cally solve fractional ODEs [41, 156, 76, 120, 59, 161, 39, 16]. However the history
dependence of fractional derivatives can make stable numerical methods complex
to implement [19]. The approach considered throughout this thesis, to numerically
deal with fractional-order ODEs, is to derive a corresponding discrete time random
walk (DTRW) master equation. This DTRW is derived such that it limits to the
CTRW when the length of the time steps approaches zero. These master equa-
tions can then be used as the basis for a stable numerical scheme. Furthermore,
the equivalence of the Riemann-Liouville and Griinwald-Letnikov fractional deriva-
tives [121] can be exploited in producing a discretisation. The Griinwald-Letnikov
fractional derivative allows the Riemann-Liouville fractional derivative, used in our
fractional-order ODEs, to be expressed as an infinite sum, Eq. (1.15), which can be
truncated for a numerical scheme. This approach is considered for the discretisation
of the fractional recovery SIR model in Chapter 6 and for a general fractional-order

compartment model in Chapter 7.
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1.8 Fractional-order Models

The focus of this thesis is the derivation of stochastically consistent fractional-order
equations. The thesis is organised as follows. Part I, consisting of Chapters 2 - 7,
focuses on the derivation of fractional order ODE models and their discretisations.
This includes; derivation of an SIR model with a fractional recovery term; a deriva-
tion for a general multi-compartment system, where each compartment can have a
multiple Markovian leaving terms and a single fractional leaving term; a derivation
of a fractional infectivity SIR model; derivation of a fractional infectivity and frac-
tional recovery SIR model; a discretisation of the fractional recovery SIR model; and
a discretisation for general fractional compartment models.

Part II, consisting of Chapters 8 - 10, is concerned with the derivation of frac-
tional PDE models. This includes; derivation of a fractional advection equation
without diffusion; derivation for a time-fractional geometric Brownian motion equa-
tion; and derivation for the governing equation for anomalous diffusion on a growing
domain.

Part II1, consisting of Chapters 11 - 12, describes a novel numerical approach for
solving fractional-order ODEs and PDEs via piecewise approximations.

Table 1.1 presents some of the fundamental equations derived throughout Parts

I and II of this thesis.
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Table 1.1: Some Fundamental Equations Derived in this Thesis
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CHAPTER 2

Fractional Recovery SIR

2.1 Introduction

This Chapter is based on the publication [21]. We derive a fractional recovery SIR
model from an underlying physical stochastic process. We consider a variation of
an SIR model where recovery from the disease is dependent on the time since infec-
tion. The model is derived from a directed CTRW through the SIR compartments,
with the time in the infectious compartment drawn from a waiting time probabil-
ity density. We show that, in the case of a power-law tailed waiting time density,
the governing equations become a set of fractional-order differential equations. The
expected recovery time diverges in a power-law waiting time density and this leads
to chronic infection in the fractional recovery SIR model. As the fractional-order
derivative operates on the recovery we refer to this as the fractional recovery SIR
model. There have been several studies of semi-Markovian epidemic models in the
recent literature [72, 109] that are related to the approach presented here, but they
are not formulated as coupled integro-differential equations.

In Section 2.2 we derive an SIR model with an arbitrary waiting time before
transitioning from the infectious compartment to the recovered compartment. This
general model is shown to be consistent with the structured formulation of Kermack
and McKendrick [74, 75]. We also derive an integral equation representation of the
model and show that it reduces to the integral equations presented by Hethcote

and Tudor [65] when the parameters are constants. In Section 2.3 we show that in
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the case of a power-law waiting time distribution in the infectious compartment we
obtain fractional-order derivatives in the model and we present the governing equa-
tions for the fractional recovery SIR model. Chapter 6 contains the discretisation

and numerical scheme for the model derived in this Chapter.

2.2 SIR as a Continuous Time Random Walk

An underlying assumption in the simplest SIR models is that the transition of an
individual through each of the compartments is independent of the amount of time
since the individual entered the compartment. This assumption is mathematically
equivalent to assuming that the time spent in each compartment is exponentially
distributed. This is a very restrictive assumption with no a priori reason for it to
hold. In some diseases with the potential for chronic infection, such as human papil-
lomavirus (HPV), there is evidence of power-law tails in the distribution of infected
times [126]. We have incorporated an arbitrary time in the infected compartment
in our derivation of a generalised SIR model below by way of a CTRW [111, 133].

In this Chapter we derive an SIR model with births and deaths. This derivation
may be adapted to any compartment model where the transition out of a com-
partment is dependent on the length of time since entering the compartment. This
generalisation is presented in Chapter 3.

In the standard manner, we separate the population into three compartments,
Susceptible (S), Infectious (I), and Recovered (R) [64]. The population is composed
of individuals who are born into the S compartment and undergo a directed CTRW
on the S, I, and R, compartments until they die and are removed from consideration.
As in the standard model, individuals may only move from the S compartment to the
I compartment and then to the R compartment. The transition to the I compartment
occurs when an individual becomes infected and the transition to the R compartment
occurs when an individual recovers from the infection. The derivation of fractional
diffusion equations [67, 106], fractional reaction diffusion equations [62, 143, 53],

fractional Fokker-Planck equations [28, 142, 61] and fractional chemotaxis diffusion
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equations [82, 54] from CTRWSs has been well studied and provides clear physical
motivation for each of these systems. Our derivation of the evolution equations
for the SIR model and fractional SIR model from a stochastic CTRW process with
reactions is similar to the derivation of the fractional Fokker-Planck equation with
reactions [7] and the derivation of the master equations for CTRWs with reactions
on networks [8].

Consider an individual who is infectious. The probability that they will infect a
susceptible person in the time ¢ to t4 4t is assumed to be a product of the probability
that the infectious person will encounter a susceptible and the probability that an
encounter with a susceptible will result in an infection. Without loss of generality
we can express the probability that an encounter with a susceptible will result in
infection by w(t)ot + o(dt), identifying w(t) as the rate of becoming infected per
time interval d¢. Given that there are S(t) susceptible people at time ¢, this implies
that the probability of an infected individual creating a new infected individual in
the time interval ¢ to t + 0t is w(t)S(t)dt + o(dt). We represent the number of
individuals entering the infected state at time ¢, i.e. the flux, by ¢ ([, t), which can

be recursively constructed from the flux at earlier times. Explicitly we have

g (I,t) = /_t wt)SH)P(t,t)q(I,t)dt, (2.1)

where ®(t,1t') is the probability that an infected individual has survived in the in-
fected state until time ¢ given that they entered the state at time t'. Let i(—t',0)
be the number of individuals who became infected at time ¢’ < 0 and who are still
infected at time 0, hence,

i(—t',0)

)=
T =50

t' < 0. (2.2)
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We can then write Eq. (2.1) for t > 0 as,

““”:Aw@%wwwfmww+/cmw@%ﬁg

—0Q0

i(—,0)dt’.  (2.3)

KA

For an individual to be in the infected compartment at time ¢ they must have
become infected at time ¢ or at some prior time ¢’ and remained in the compartment
until ¢. The number infected at time ¢ can therefore be found from the flux, and the

survival probability, as follows,

f@:h@+/ﬁmwf@ww. (2.4)

Here we have defined the function,

<mw=/;$g§%eumﬁt (2.5)

We assume that there are two possible ways in which an individual can move from
the infectious compartment; they can either recover from the disease and move to
the R compartment, or they can die and be removed from consideration. If these

two possibilities are independent we may write,
O(t,t') = ot — 1)6(t, ') (2.6)

where ¢(t —t') is the probability of surviving the jump transition to the R compart-
ment from time t' to time ¢, and 6(¢,t’) is the probability of surviving death from
time ¢’ until time ¢. If we have a time dependent death rate such that the probability
of death occurring in the interval ¢ to ¢+ 0t is v(t)dt + o(dt), then the death survival
can be written as,

O(t,¢') = e Jo (s, (2.7)
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The rate of change of the population in the infectious compartment can be found

by differentiating Eq. (2.4) to get,

dI(t) dlo(t)

S =t /wt—t 0(t,t")qt(I,t')d /W—t ()" (L, )t + ==

=q"(I,1) —/0 Yt —t)0(t, g (I, t)dt' —~()I(t) + 6(t, O)jt (;(“3)) ,

(2.8)

Here we have used the fact that, ¢(0) = 1, and that the derivative of the jump
survival function, ¢(t), is a waiting time probability density function, here denoted
»(t), ie.,

4O) _ o). (2.9

Substituting Eq. (2.3) into Eq. (2.8) gives,

dI(t)
—~ =w(t)S ot —t)0(t, t')g" (1,1')dt' + Io(t)
dt (/ ) (2.10)

/wt—t (4, 8)g" (1, ¢)dt’ 7()J(t)+e(t,0)%(£f’2)>.

In order to obtain a generalised master equation we need to express the right hand

side of this equation in terms of I(¢). We first use the definition of I(¢) in Eq. (2.4),

to write,
O _ owsiore - /0 V(=)0 g (10l = (1)I(1) +0(1,0) 5 ( 02(750))) .
(2.11)
Further, noting that,
0(t,0) =0(t,t)0(t',0) VO <t <t, (2.12)
we can write Eq. (2.4) as
th(t()) / ot — 1) L L t;) i (2.13)
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As the right hand side contains a convolution, taking the Laplace transform, L, of

the equation with respect to time and rearranging gives,
) CRUEE Ioit) | 1
A = Ao}z Caew) o @
This result can then be used to write,
b o d (L) (L)) L L) O\ e L)) L [ o(t)

R R b AU S P iR oot
It L)\

/Kt—t 50 9@,,0))(115.

(2.15)
where we have defined the memory kernel,
_ o LAY}
K(t)=LC {W} (2.16)
Equation (2.12) allows us to write Eq. (2.11) as
d';—(:):w(t)S 0(t.0) / G(t—t) >) (D) 1(0) +01(1,0) (;&%)
(2.17)
which, using Eq. (2.15), becomes,
dIt) It) L)\ ., d [ L)
T—w(t)S(t)](t) ~y(&)I(t)—6(t,0) (/Kt—t ( O)_G(t’,O))dt_£<9(t,0)>)'

(2.18)
This equation is the generalised master equation that describes the time evolution
of the number of infected individuals in an SIR model with arbitrary waiting time

in the infectious compartment.
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Simple flux balance considerations give the master equations for the other two

states. The equations for the susceptible and recovered populations are,

= = M) —w(®SOI) (1)), (2.19)

dR(t) ! N 1) L) ., d [ D(t)

oo ([ xe-0 (05 - ) @ - 5 (7)) om0
(2.20)

Equations (2.18), (2.19), and (2.20) are the governing, or generalised master, equa-

tions for an SIR model with a general recovery probability.

2.2.1 Relation to the Classic SIR Model

The master equations for the SIR model with a general recovery probability reduce
to the classic SIR model equations, with births and deaths, if the probability of
not clearing an infection is exponentially distributed, i.e. ¢(t) = exp(—ut). In
this case the probability of an individual clearing an infection is not dependent on
the amount of time that the person has already been infected. Subsituting the

exponential distribution for ¢(t) into the kernel, Eq. (2.16), we obtain,
Kt —1t)=udét—1), (2.21)

where () is the Dirac delta function. Also noting that as ¢(t) = exp(—put) we can

d (It)\ _ In(1)
dt (0(75, 0)) = a0y (2:22)

write,

We can now substitute the expression for the kernel, Eq. (2.21), into the generalised

master equations, Eqs. (2.18), (2.19), and (2.20), to yield the classic SIR equations,

B — )~ wsO10) 050 (2.23)
d;_i” = w)SWI) — pI() — A1) (D). (2.24)
dﬁ;_izf) — ul(t) - 4()R). (2.25)



2.2.2  Relation to the Kermack and McKendrick Age-Structured Model

The master equations for the SIR model with a general recovery probability are
formally equivalent to a reduction of the general SIR model presented by Kermack
and McKendrick [74]. The derivation of the Kermack and McKendrick model from
our stochastic process is presented in Appendix A. Here we show how the master
equations, Egs. (2.18), (2.19), (2.20), can be obtained from a reduction of the

Kermack and McKendrick SIR model equations given by,

% — A— /0 Oomm,t)dw(t)—w(t), (226)
% n %_—B(a)i(a,t)—w'(a,t), (2.27)
mo_ /O " Blai(a, )da — VR(), (2.28)
I(t) = /Oooi(a,t)da. (2.29)

In this model i(a, t) is the number of individuals who are infected at time ¢ and who
have been infected since time ¢ — a. The equivalence can be seen by making the
identification,

i(a,t) = ®(t,t —a)gt(I,t — a). (2.30)

Then Eq. (2.29) is equivalent to Eq. (2.4), provided that the separability assump-
tion, Eq. (2.6), holds. If we assume that i(a,t) — 0 as a — oo. Integrating Eq.

(2.29) with respect to a then gives

dl

prie i(0,t) = — /000 B(a)p(a)(t,t —a)g(I,t —a)da — 1. (2.31)

Identifying f(a)¢(a) = ¢ (a) and i(0,t) = ¢* (I, t), we can then split the integral to,

% = i(O,t)—/O w(a)Q(t,t—a)qu(],t—a)da—/too P(a)0(t,t—a)qt (I, t—a)da—I.
(2.32)
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This allows for the use of the same Laplace transform method as in Eqs. (2.14)-

(2.18), hence with a change of variable of integration ¢ = ¢ — a becoming,

dr ‘ n( AW L) d ( L)
(2.33)

Using the result that,

d ( L)
6.0 3 (9@,0)

) - / L= 00 ) (1L (2:34)

Hence we have recovered the generalised master equation given in Eq. (2.18) with

time independent rates.

2.2.8 Integral Equation Formulation

The master equations for the fractional recovery SIR model can be formulated as
a coupled set of integral equations. This enables comparisons with other related
models and it enables the application of integral equation methods for analysis of
equilibrium states. To formulate the system as integral equations we begin by noting

that Egs. (2.1), (2.3) can be substituted into Eq. (2.4) to yield,
¢ (1t) = w(t)S(HI(t), (2.35)

and then Eq. (2.4) can be re-written to obtain the integral equation for the time

evolution of the infected state,
t
I(t) = In(t) +/ O(t, tw(t)SE)I(t') dt'. (2.36)
0

The integral equation for the time evolution of the susceptible state can be

obtained by direct integration of Eq. (2.19), to yield,

S(t) = 5(0) + /t A(t')dt' — /tw(t’)S(t/)I(t') dt' — /tfy(t’)S(t') dt'. (2.37)
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Note that the total population,
N(t) = S(t)+ I(t) + R(t), (2.38)

and the master equations with a fractional-order recovery were obtained with,

O = X0 (N ). (239

We can combine Eqs. (2.38) and (2.39) to obtain the differential equation for the

time evolution of the recovery state in the form,

% _ _Z_i _ % + () = ¥ (D)S() = 7()I(E) — 1B R(2), (2.40)

and then integrate to find ,
R(t) = R(0)—1I(t)+1(0)—S(t)+ S(0)+ /t (') dt’
—/0 y(t)S(t) dt’ — /0 F()I(t) dt' — /0 YR ) dt'.  (2.41)

After substituting for I(¢) and S(¢) using Egs. (2.36) and (2.37) we have the integral

equation for the time evolution of the recovered state,

R(t) = R(0)+ 1p(0) — Io(t) — /t O(t, tw(t)SE)I (') dt' + /tw(t’)S(t’)I(t’) dt’

- / I - / ()R dt. (242)

Equations (2.37), (2.36) and (2.42), provide a general set of coupled integral
equations for fractional recovery SIR models. The integral equation for the sus-
ceptible state, Eq. (2.47), can be shown to be equivalent to the integral equation
obtained from S(t) = N(t) — I(t) — R(t) in the special case where A(t) = v(¢)N(t),
and thus N(t) = N(0) is constant.
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2.2.4  Reduction to the Hethcote and Tudor Endemic Disease Model

If v(t),w(t) and A(t) are constant in time then the integral equations, (2.37), (2.36),

(2.42) reduce to the integral equation model for endemic infection diseases that was

introduced by Hethcote and Tudor [65].

We first note that, with v constant,
(L, ) = ot —t')e "),

and,
dY (t)

d
’/‘ — -yt 'ytir
dt WY (t)=e dt (e <t>) ’

Substituting Eq. (2.43) into Eq. (2.36), with w also constant, we have,
t) = Io(t / ot — t)e WS I() dt'.
Using Eq. (2.44) we can re-write Eq. (2.19), with w,y and A constant as,

d — et vt
a(e S(t)) ="\ —e"wS(t)I(t),

and then integrate with respect to time to obtain,
t / t /
S(t) = e S(0) + / e N — / e WS It dt.
0 0
Using Eq. (2.44) we can re-write Eq. (2.40), with w,y and A constant as,

d ot o\t d 7t d vt
7 (RD) = A — 2 ('S() — = (I(1),

and then integrate with respect to time to obtain,

R(t) = R(0)e ™ — I(t) + I(0)e " — S(t) + S(0)e ™ + / e gyt
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(2.48)
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We now substitute for I(¢) and S(t) using Eqgs. (2.45), (2.47) to obtain,
t /
R(t) = R(0)e ™ +Io(0)e ™ —In(t)+ / wS(E)I(t)e D (1 — ¢t — ) dt’. (2.50)
0

Equations (2.45) and (2.50) recover the integral equations for the infected state
and the recovery state in the endemic infection diseases model introduced in [65].
The integral equation for the susceptible state in this case can be shown to be
equivalent to the integral equation obtained from S(t) = N — I(t) — R(t) with
N(t) = N(0) = A\/~.

2.3 Fractional Recovery SIR Model

When a person is persistently infected for a long period period of time, with little
chance of spontaneous recovery, they are said to be chronically infected. This type
of behaviour is not captured by the assumptions of the standard SIR model, i.e.,
exponentially distributed waiting times. We can incorporate chronic infections by
having, at least asymptotically, the rate of clearing the disease decrease with the
amount of time that an individual has been infected. In this case the ‘hazard rate’,
h(t), defined as the rate of recovering at time ¢ conditional on surviving until time
t, will be a monotonically decreasing function. In general we can write the hazard
rate as,

h(t) = 0 (2.51)

(1)
All power-law tailed distributions have an asymptoticly decreasing hazard rate. In
the tail of the distribution ¥(t) ~ at=®~! and ¢(t) ~ t~*. Hence the hazard rate
will asymptote to ¢, which is a monotonically decreasing function. As such a power-
law tailed waiting time distribution may be an appropriate distribution in modelling
chronic infections, although it is not the only choice for distributions with a decreas-
ing hazard rate. If we consider a power-law exponent o < 1 then the first moment

of the distribution will not exist, and the expected waiting time will diverge. Thus
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using a power-law tailed waiting time distribution in our SIR model can lead to
some individuals becoming “trapped” in the infectious compartment until they die.

We will take the power-law tailed Mittag-Leffler distribution as our waiting time
distribution. Using this distribution our general SIR model will reduce to a set of
differential equations with a fractional-order time derivative on the recovery transi-
tion.

The Mittag-Leffler probability density is defined by [67],

U(t) = tj_;lEa,oc (— (;)a> : (2.52)

with 0 < a <1. Here E, g(z) is the two parameter Mittag-LefHler function, defined

by,

Eao?) = 3 Wra T 5] (2.53)

k=
The Mittag-Lefller distribution limits to an exponential distribution in the case
a = 1. For 0 < a < 1 the density has a power-law tail at long times [29],

Y(t) ~ 7, (2.54)
The corresponding survival function is given by,

(1) = Eas <— (;)a) | (2.55)

The Laplace transform from t to s of the memory kernel, Eq. (2.16), for a

Mittag-Leffler distribution is given by,
LK (t)]s] = s' 7. (2.56)

Here we use the notation £;[Y (¢)|s] to denote the Laplace transform of Y'(¢) from ¢

to s and we use the notation £; [V (s)|t] to denote the inverse Laplace transform of
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Y (s) from s to t. Without loss of generality we define,
=T (2.57)

We also recall that the Riemann-Liouville fractional derivative, defined by Eq. (1.8)

oDIf(t) = ﬁ%/o %dt’. (2.58)

for 0 < a < 1is,

The Laplace transform, defined in Eq. (1.9), can be expressed as,
LoDy~ f(8)]s] = s Ly[f(1)]s], (2.59)

for sufficiently smooth f(t). The fractional derivative can also be written as the

following convolution,

DI F(t) = /0 L[] (- )t (2.60)

It follows from Eq. (2.56) and Eq. (2.60) that if the kernel in Egs. (2.18), (2.19),
(2.20) is obtained from the Mittag-Leffler waiting time density then we obtain the

generalised master equations with fractional recovery,

%ﬁt) = A(t) —w(®)S@)L(t) —~(t)S(t), (2.61)
R G G e Gl

(2.62)
dR(t) I(t

w0 (o (5 )~ @ (o)) oRe- @

In the following we will refer to the above set of equations as the fractional recovery

SIR model. Letting a = 1 recovers the standard SIR model.
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2.3.1 FEquilibrium States
The fractional recovery SIR model is a non-autonomous dynamical system which
can be simplified, by taking the birth, infectivity and death rate to be constant

parameters, A\(t) = A\, w(t) = w and (t) = v respectively, giving,

%it) =A—wS)I(t) —~vS(t), (2.64)
% = wSM)I(t) — yI(t) — e (u oDy (7 (I(t) — Lo(1))) — % (6”10(15))) :
(2.65)
M0 ot (oD (10~ ) — 2 (7)) =R 200
We take the equilibrium state to be (S*, I*, R*), such that,
lim S(t) = S,  lm I(t)=1I*,  lim R(t) = R". (2.67)

t—o00 t—o00 t—o00

Taking the limit as ¢ — oo of Egs. (2.64), (2.65), and (2.66), and noting that,

d
. _ . Bl 'yt o
lim Io(t) =0, lim yy (e"1o(t)) = 0. (2.68)
we have
0=\—wS"I"—~S5", (2.69)
0=wS"I" - lim e oD (e (1(t) — (1)), (2.70)
—00
0= tlim e oDy (e (1(t) — In(t))) — vR". (2.71)
—00

In order to calculate the unevaluated limits in Eqs. (2.70), and (2.71) we consider

a Laplace transform of the terms,

L{e" DI (1)} = (5 +7)° (j(3)> . (2.72)

35



In which we have defined,

J(t) = 1(t) — Iy(t). (2.73)
We can express Eq. (2.72) using a Taylor series expansion,

~ ~

J()(s4+7)'= = J(s) (17 + (1 — )y~ s + O(s?)) . (2.74)

As the Laplace transform is a linear operator we can take the inverse termwise,

producing,

e oD, (e7(I(t) — (1)) = L7 J(s) (v + (1 =)y s+ 0(s%))}, (2.75)

=g + (1 — a)v_a%gt) + L7t (0(32)) .

(2.76)

The limit of J(t) is,
lim J(t) =I". (2.77)

t—o00

It is then clear that, in the long time limit, the inverse Laplace transform of the

higher order terms of the Taylor expansion will become zero, i.e.

dJ(t)

i g =0 279
el 20\ _
lim £ (O(s%)) = 0. (2.79)
Thus we can compute the desired limit,
lim e " oD, = (7 (I(t) — Io(t))) = ' 1" (2.80)

t—o00

36



Substituting Eq. (2.80) into Eqgs. (2.64), (2.65), and (2.66) yields,

0=A—wS"I"—~57, (2.81)
0= wS*I* — puy' oI — ~I*, (2.82)
0= puy' " “I* —yR*. (2.83)

Solving Eqs. (2.81), (2.82), and (2.83) reveals two equilibrium states, the disease

free state,
A
S*=—, I"=0, R" =0, (2.84)
8
and the endemic state,
-« 1-a
R o s oo . A g . PA oy
St=———, I's—F——-—, R'= T (2.85)
w ety w pry + w

As the population in each compartment can not be negative the endemic equilibrium
can only exist if,

Mo > py? T A2 (2.86)

When a = 1, the equilibrium states are equivalent to the fixed points of the
classic SIR model with constant parameters. For 0 < o < 1 the equilibrium states
are not fixed points. This invalidates the use of a standard linear stability analysis
around the equilibrium states. However some progress can be made by considering
the integral equation formulation of the fractional recovery SIR model, Egs. (2.45),
(2.47), and (2.50). After a translation of the equilibrium states to the origin, the
asymptotic behaviour of the resulting system of nonlinear Volterra integral equations
is equivalently given by the asymptotic behaviour of its linearisation as a system
of linear Volterra integral equations [108]. This result was used by Hethcote and
Tudor [65] to infer local stability properties of the equilibrium states of the integral
equations Eqs. (2.45), (2.47), and (2.50). If the results of Hethcote and Tudor [65]

are applied to the special case of the fractional recovery SIR model, where ¢(t) is
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defined in Eq. (2.55), then the disease free state, Eq. (2.84), is locally stable if
Aw < uy* @ 4+ 4% and the endemic equilibrium state, Eq. (2.85), is locally stable

when it exists.

2.4 Summary

We have derived a fractional recovery SIR model that differs from the classic SIR
model by considering the case where the recovery from a disease does not follow
an exponential distribution, but follows a distribution with a power-law tail. The
fractional-order model is biologically motivated by the observation that in some
disease processes, the longer a person is infectious the more likely they will remain
infectious. The fractional-order model permits both a disease free equilibrium state
and an endemic equilibrium state. We have related the fractional-order model to the
generalised SIR models introduced by Kermack and McKendrick. The fractional-
order model that we have derived is different to ad hoc fractional epidemic models
and avoids dimensionality and flux-balance problems. While we have focused on the
derivation of a fractional-order recovery SIR throughout this chapter, we consider the
conditions necessary to result in a fractional-order infectivity SIR model in Chapter
4. Additionally, the derivation of a combined fractional infectivity and fractional
recovery SIR model is discussed Chapter 5. It is natural to extend the derivation of
fractional-order recovery SIR model, outside of epidemic applications, to a general

fractional compartment model, which is considered in Chapter 3.
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CHAPTER 3

General Fractional Compartment Model

3.1 Introduction

This Chapter is based on the publication [14]. In this Chapter we derive a general
framework for formulating fractional-order compartment models, by considering the
governing equations from an underlying stochastic processes. The stochastic process
models particles entering a compartment, waiting for a random time, and then leav-
ing the compartment. The governing equations we derive describe the time evolution
of an ensemble of particles that are undergoing this process. If the particles that
leave one compartment always enter another compartment the stochastic process
is equivalent to a generalised CTRW [111] with waiting times moderating transi-
tions between compartments. As such, this formalism for the compartment model
dynamics further extends the theory of CTRWs with reactions [62, 53, 158, 7, 114]
and it generalizes recent work on fractional-order SIR models [21, 20|, presented
in Chapters 2 and 4. Fractional-order compartment models are obtained when the
waiting time in a compartment is governed by a non-Markovian process, whereby
the probability of leaving the compartment is dependent on the length of time spent
in the compartment. The fractional models can be formulated as age structured
integro-differential models, however the formulation using fractional derivatives en-
ables ready comparison with the growing literature on fractional-order compartment
models. Moreover the age structured integro-differential models can be derived from

the underlying stochastic processes considered here.
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The remainder of this Chapter is organized as follows: In Section 3.2, start-
ing with a stochastic process, we derive the governing equation for an ensemble of
particles in a single compartment. This is reduced to a fractional-order differential
equation by considering a power-law distribution for the time that a particle remains
in the compartment. fractional-order multi-compartment models can be constructed
by linking multiple fractional-order single compartment models. Details on this are
provided in Sections 3.3, and in Section 3.4, examples of fractional-order multi-

compartment models are developed.

3.2 Single Compartment Model

In order to develop a general compartment model we first consider the dynamics
of a single compartment. We derive a generalised master equation that describes
the population of the compartment through time, and show the assumptions that
lead to fractional dynamics. We will then combine multiple single compartments
together to form the general model.

In a single compartment we consider an ensemble of particles. We assume that
each member of this ensemble is undergoing a stochastic process in which; they are
created, they last for a random amount of time, and then they are removed from
the compartment. In general, new particles can be created in this ensemble by a
number of distinct creation processes, and similarly particles can be removed from
the ensemble by a number of distinct removal processes.

We assume that the creation of the particles in the ensemble is governed by N¢
distinct creation processes. In the mean field, the arrival flux of particles due to the
ih creation process is labeled j3;(t). The expected number of particles created in the

compartment by the creation process between times t and ¢ + 6t, is 5;(¢)dt 4 o(dt).

The total arrival flux, ¢(¢), is the sum of the fluxes due to the creation processes,

q(t) =Y _Bilt). (3.1)
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A particle remains in a compartment until removed by one of the removal pro-
cesses. We allow for an arbitrary number Ny of Markovian removal processes where
the probability of a particle being removed from the ensemble at time ¢ only de-
pends on the state of the system at time t. For each individual Markovian removal
process, the probability of surviving, from time tq to ¢, is A;(t,to). The probabil-
ity of surviving all Markovian removal processes from time ¢y to ¢ is then given by
O(t,tg) = HfV:Rl A;(t,to). As a particle can not be created and removed in the same
instance we have O(tg,ty) = 1.

In general, the probability that a particle will be removed by the i** Markovian
removal process in the time interval ¢ to ¢t + 6t will be \;(t)dt + o(dt). This allows

us to write the survival function as,

O(t, ty) = exp (— /t:w(s)ds) . (3.2)

where,
w(t) = Xi(). (3.3)

From this we can see that the Markovian survival function must obey the semi-group

property,
O(t, ) = O(t, u)O(u, 1) , (3.4)

for any ty < u <t. And furthermore,

dO(t, o)

T = —w()O(t To) (3.5)

We also include a non-Markovian removal process, where the probability that a
particle is removed from the ensemble is dependent on the length of time since the
particle entered the compartment, i.e. if the particle entered the compartment at
time ¢y the process at time ¢ will be dependent on the variable t — t3. The survival

probability for the non-Markovian removal process is given by ®(¢), and we require
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that ®(0) = 1. It can be expressed in terms of a waiting time density, ¢(t),

O(t)=1-— /Ot o(u) du. (3.6)

The waiting time density ¢(¢) gives the likelihood of waiting in a compartment for
a length of time ¢ having arrived at time 0. From Eq. (3.6) the derivative of the

survival function is,

20 _ o). (3.7)

For a particle to be in the compartment at time ¢ it must have entered the
compartment at some earlier time ¢y, and survived until time ¢. We assume that the
various removal processes are independent and hence can say that the probability
of surviving all of the removal processes, given an arrival time of ty, is given by
O(t — t9)O(t,tp). Thus the number of particles in the compartment at time ¢, p(t),

can be written,

o0 = | Dt — 1)t 1) alto) do. (33)

We have assumed that there are no particles in the compartment before time zero,
ie. p(t)=0fort <O.

To obtain a differential equation that governs the dynamics of the number of
particles in the compartment we take the derivative of p. This can be done by using
Leibniz rule for differentiating under the integral sign provided that the integrand
is continuous [7]. Here, we wish to consider the case where there can be an injection
of flux into the compartment at time ¢ = 0, with the flux a continuous function for
t > 0. Thus we write,

q(t) = iod(t — 07) + " (1), (3.9)

where 7 is the initial injection and ¢*(¢) is right continuous at ¢ = 0 and continuous

for all ¢ > 0. Substituting Eq. (3.9) into Eq. (3.8) we can write,

p(t) = ip®(t)O(t,0) + /0 t Ot — 10)O(t, to) ¢ (to) dto, (3.10)
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this ensures that the integrand is continuous for continuous survival functions. Tak-
ing the derivative of Eq. (3.10), applying the Leibniz rule and using Eqgs. (3.5) and
(3.7), we find that,

L= g (1) — w(t)plt) — Folt), (3.11)

where we have defined,

Fy(t) = /0 t Bt — t0)O(t, to)q(to) dto, (3.12)

which denotes the outgoing flux due to the non-Markovian process. The outgoing
flux F,(t) can be expressed in terms of p by using Laplace transform techniques.

We divide Egs. (3.8) and (3.12) by O(¢,0), and using the semi-group property, Eq.

(3.4), we find,
@p(ff)()) _ /0 Bt — to) @?EZ?)(D dto, (3.13)
Fyt) [ q(to)
@Z;O) -/ ot —to) 50t0.0] dto . (3.14)

As both these equations are convolutions, taking the Laplace transform gives,

c, { 9’2?0)} — {0} L, {%} (3.15)
e e | = £ e { gy ) (310

Re-arranging Eq. (3.15) and substituting into Eq. (3.16), we simplify this to

c{ang) = SO g | (317)

43



where we have defined the memory kernel K(t) as,

ﬁﬂkﬁﬂ}—-éiﬁﬁﬁi (3.18)

- L{e)}

Taking the inverse Laplace transform of Eq. (3.17) allows us to express F,(t) as,

Fy(t) = /0 t K(t — to) O(t, to) plto) dto (3.19)

Using Eq. (3.19) in Eq. (3.11) we write,

o _

== gt () — w(t)p(t) - /0 K(t — t0)O(t, to)plto) dto. (3.20)

This is the governing equation for an ensemble of particles in a single compartment,
where the particles are created and removed by underlying stochastic processes. This
equation is true for an arbitrary waiting time distribution for the non-Markovian
removal process. The formulation of Eq. (3.11) relies on the history of ¢(¢) while
Eq. (3.20) relies on the history of p(t). We shall show that, with the appropriate
choice of a waiting time distribution, the convolution over the memory kernel may

be expressed as a fractional derivative.

3.2.1 Relationship to Age-Structured Models

Age-structured compartment models [73, 102, 38] allow for the dynamics of the
system to depend on ‘system’ time, as well as the length of time particles have been
in a particular compartment. The governing evolution equation for age structured
dynamics can be shown to be equivalent to the governing evolution equation for
an ensemble of particles in a single compartment, where the particles are created
and removed by underlying stochastic processes. Moreover the governing evolution
equation for age structured dynamics can be derived from the underlying stochastic
process. In the derivations below we consider the simplification in which the arrival

density ¢(t) is continuous for ¢ > 0.
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3.2.1.1 Deriwvation of Age-Structured Dynamics from an Underlying Stochastic
Process

Considering the underlying stochastic process for single compartment dynamics in-

troduced in Section II we define p(t,a) as the number density of particles in the

compartment at time ¢ with age a. Similar to Eq. (3.8) this is given by

) = [ (= 0O )3 ~ t.0) i (3.21)

where the delta function has been introduced to select those particles that arrived
in the compartment at time ¢35 and have age a at time . The integral over all times

to leads to

p(t,a) = ®(a)O(t,t —a)q(t — a). (3.22)

The evolution equation for the age-structured number density can now be found

by differentiating Eq. (3.21) with respect to time. This results in

op(t,a)  0Op(t,a)  dP(a) B _
o + o = — O(t,t —a)q(t — a)

0 0
+®(a)q(t — a) (a@(t,t —a)+ %@(t,t — a)> (3.23)
where we have used the results that

dt_da_l
dt  dt

and

94t —a) =~ qft — ).

In general we can write the survival function as

®(a) = exp (— /0 " s) ds) , (3.24)
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where

(a) = o) (3.25)

is the associated hazard rate dependent on age [21]. Furthermore, recalling

t
O(t,t —a) = exp (—/ w(s)ds) , (3.26)
t—a
it is a simple exercise to show that

0 0
a@(t, t—a)+ %@(t,t —a) =—w(t)O(t,t —a), (3.27)

and using Eq. (3.24),
dd

= = 1 (0)B(a) (328)

We can now substitute Eqgs. (3.28) and (3.27) into Eq. (3.23) and simplify, using
Eq. (3.22), to obtain

9plt.a) , Op(t.a)

ot 5a = 1(@plt,a) —w(t)p(t, a), (3.29)

which is the governing evolution equation for the number density of particles in an
age-structured model. The terms on the right hand side of this equation identify a
non-Markovian removal process dependent on the age of the particle, with a corre-
sponding rate y(a) and a Markovian removal process with rate w(t). It also follows

from Egs. (3.22), (3.24) and (3.26) that

plt,0) = q(t), (3.30)

so that the flux from creation processes, ¢(t), are incorporated into the model as a
boundary condition. The governing equation, Eq. (3.29), encompasses models such

as Kermack and McKendrick’s structured SIR model [73].
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3.2.2  From Age-Structured Dynamics to Stochastic Compartment Dynamics

We can obtain the evolution equation for the stochastic compartment dynamics
from the governing evolution equation for the number density of particles in an

age-structured model. First we note that

p(t):/o p(t,a) da. (3.31)

As ¢(t) is continuous p(t, a) is also continuous and we can differentiate with respect

to time using Leibniz rule, to arrive at

dz_? — /0 %da + 5, 1). (3.32)

Taking the integral of the evolution equation for age-structured dynamics, Eq.

(3.29), with respect to a, we obtain,

/0 —aﬁgﬁdmﬁ(t,t)—ﬁ(t,o)=—w(t) /0 p(t,a)da — /0 Y(a)p(t,a) da. (3.33)

The results in Eqgs. (3.31), (3.32) and (3.33) can be combined to arrive at

A — 5i6.0) = —(tote) — [ (@it o) o 530

We now replace p(t,a) and p(t,0) using Eqgs. (3.22) and (3.30) respectively. This

results in

dlzl—sft) = q(t) - w(t)p(t) - /0 ’Y(G)@(a)@(t7 t— a)q(t — a) da, (3'35>

and after a change of variables a =t — ¢,

dz—gf) =q(t) —w(t)p(t) — /0 Y(t — to)P(t — t0)O(t, to)gq(to) dio. (3.36)
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It follows from Eq. (3.25) that
Yt = to)®(t — to) = (t — to), (3.37)

so that we can use the same sequence of steps as Eqgs. (3.15) - (3.19) to arrive at

the governing evolution equation for stochastic compartment dynamics

dﬁ—g) = q(t) —w(t)p(t) — /Ot K(t — t0)O(t, to)p(to) dto, (3.38)

which is equivalent to Eq. (3.20) in the case on continuous ¢(t).

3.2.8  Fractional-order Single Compartment Model

The inclusion of a fractional derivative in the governing equations requires a power-
law tailed waiting time distribution for the non-Markovian removal process. The use
of such a distribution implies that the longer particles have been in a compartment
the slower their rate of removal by this process. If there are no other removal
processes, this is akin to particles becoming trapped in the compartment as the
expected time until removal diverges. To obtain the fractional derivatives at all
times, rather then simply asymptotically, we will take the non-Markovain waiting
time to be Mittag-Leffler distributed. This distribution has a power-law asymptotic
decay [29] as t — oo, i.e. ¢(t) ~ t717* The survival function of a Mittag-Leffler

distribution was introduced in Chapter 2, Eq. (2.55). We have written it again here

B(t) = Fa, (— (;)a> , (3.39)

for an exponent 0 < o < 1, and time scale parameter 7 > 0. Taking the Laplace

for convenience,

transform of the Mittag-Lefller survival function from t to s gives,

1

O S

(3.40)
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The Laplace transform of the corresponding memory kernel K, calculated from Eq.
(3.18), is,
LAK(t)} =77 (3.41)

where we have used Eq. (3.6) and the fact that Li{¢} =1 — sL,{P}.
Again using Laplace transforms we can rewrite the outgoing flux due to the

non-Markovian removal process, Fy(t), as,

Fy(t) = /tK(t — 40)O(t, to) p(to) dio,

- @(t,o)/o K(t —to) @?1(520)0) dto,

_ o(t,0)L" {T—%l—%t { @p(g)o) }} . (3.42)

This Laplace space representation of the flux can be related to a Riemann-Liouville

fractional derivative, allowing us to write the governing equation as a fractional-
order differential equation.
The Laplace transform of the Riemann-Liouville fractional derivative, from Eq.

(1.9), is in this case,

LoD (1)} = s LS ()} — oD (). (3.43)

We assume that f(t) = 2% is continuous for ¢ > 0 in which case we have [89],

0(1,0)
oD} ° ( @‘éf)m) ‘0 —0. (3.44)

Using Eq. (3.43) we can simplify Eq. (3.42) to,

Fy(t) = 770(t,0) ODtl—a< Pl ) (3.45)
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Finally, substituting this into Eq. (3.20), we have,

=)~ wltplt) — 000 D (). (3.46)

This is the fractional-order governing equation for a single compartment model. We
will use this to construct general compartment models. It should be noted that the
regularity condition given in Eq. (3.44) can be relaxed by considering a Griinwald-
Letnikov derivative in place of the Riemann-Liouville derivative, see for example

[158].

3.2.4  Equilibrium State Analysis

The inclusion of the fractional derivative leads to some complication with the cal-
culation of equilibrium states. This is due to the fact that the Riemann-Liouville
derivate of a constant is non-zero. A further complication is the explicit t dependence
in the ©(¢,0) function. As such, to find the equilibrium behaviour of the model we
need to consider the behaviour of solutions as t — co. The system approaches an
equilibrium solution if the limit,

lim p(t) = p*, (3.47)

t—o00

exists. It should be noted that this limit may be dependent on the initial condition
of the system, and hence multiple equilibrium solutions are possible. The first
requirement for the existence of an equilibrium is that the rates associated with
the Markovian removal processes and the incoming flux all approach a constant as

t — 00, i.e.

tlg(r)lo w(t) = w", (3.48)
lim ¢*(¢) = ¢*. (3.49)
t—o00
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For simplicity we will consider the case where w(t) = w* for all time so that,

O(t,0) = exp (—w™t). (3.50)

Consider the limit of Eq. (3.46),

tim 5 =t () = w(0p(0) - 000Dl (00)). @y

From Eq. (3.47) the left hand side is zero, and the first two terms on the right hand

side simplify trivially leaving,
O=¢ —wp —7° tlim exp (—w*t) oD} (exp (w*t) p(t)) . (3.52)
—00

To evaluate the last term on the right hand side of Eq. (3.52), we take the Laplace
transform, and apply the well known shift identity, as well as the binomial expansion,

to yield

Ly {exp (—w't) oDy (exp (W't) p(t)) } = Lo { 0D~ (exp (w't) plt)) ;s +w'}
=(s +w")' 7Ly {exp (w't) p(t); s +w'}
=(s +w")' "L {p(t); s}
=L {p()} (W)™ + (1 = a)(w") s + O(s%)) .
(3.53)

This equation can be inverted term-by-term due to the linearity of the Laplace

transform. Hence we find

exp (—w't) oD~ (exp (W't) p(t)) = (w*)' " p(t) + (1 - &)(W*)“% +L7H{O(s%)}
(3.54)
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Thus in the limit we find

lim exp (—w*t) oD}~ (exp (w*t) p(t)) = (w*)'~*p". (3.55)

t—o00

Note that this is the same result as simply substituting a constant p* in to the origi-
nal expression, the key point that we have demonstrated being that the non-locality
of the fractional derivative is not unduly affected by pre-asymptotic behaviour. Sub-

stituting Eq. (3.55) in to Eq. (3.52) and taking the limit gives,

P ¢
W* 4 177 (w*)l_a

(3.56)

Analysis of the stability of the equilibrium points is possible, however this is difficult
in a general setting. The specific example of a fractional-order SIR model has

previously been considered [21].

3.3 Fractional-order Multiple Compartment Model

In general, any number of fractional-order single compartment models can be com-
posed together to form a fractional-order multiple compartment model. The exact
nature of how the compartments are joined is system dependent. Consider a set of N
compartments, the dynamics of each compartment will be governed by a governing

equation of the form,

— =q (t) — wi(t)pr(t) — *O(t,0) oD, 3.57
7= a0 e n) - o0 (g ) 887
where £ =1,..., N indicates the compartment.

In a multiple compartment model the flux entering a compartment, gx(t), may be
dependent on the flux leaving another compartment. This is achieved by matching
removal processes from a compartment to creation processes in another. It is also

possible to have creation processes that do not depend on removal processes from
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other compartments. The Markovian rates, wy(t), are general functions of time and
hence may depend on the population in any compartment.

Using this approach we can build the governing equations for any given com-
partment model, with fractional dynamics. Further demonstration is best done by

way of examples and reductions to existing models.

3.4 Examples of Fractional-order Compartment Models

The general framework which we have established in this Chapter can be used to
create specific examples of fractional-order compartment models. With the ap-
propriate choice of fluxes, rates, and fractional parameters the general governing
equation reduces to the fractional recovery SIR model [21]. We provide fractional
models for epidemiological, pharmacokinetic and in-host disease dynamics, with
figures demonstrating the fluxes between compartments. In these figures we have
defined Markovian transitions with a regular arrow and anomalous transitions with

a dashed arrow.

3.4.1 An SIS model with Fractional Re-susceptibility

Similar to the fractional recovery SIR model, a fractional SIS model is a generalisa-
tion of the standard SIS model. This model splits the population into a susceptible
compartment, S, and an infected compartment I. Individuals start in the suscep-
tible compartment, then transition into the infected compartment through a mass
action term, as in the SIR model. Subsequently, individuals undergo an anomalous

transition back into the susceptible compartment, as represented in Fig. 3.1.

Figure 3.1: Flux flow of fractional SIS Model
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We obtain this model from Eq. (3.57). Here, we have two compartments, p; = S
and p; = I. We take the flux into the infected compartment to be ¢y (t) = BSI.
There is no Markovian removal process from the infected compartment, so that
wo(t) = 0, and, using Eq. (3.2), ©(¢,0) = 1. In the fractional SIS model we are
considering an anomalous re-susceptibility, we define oy = o and 7, * = v. This

yields the governing evolution equation for the infected compartment,

dl
o= BSI — v oD} (I). (3.58)

Taking, ¢ (t) = v¢D; *(I), w; = BS and, as there is no non-Markovian removal
process, i.e. ®1(t) = 1, we can define the governing equation for the susceptible

compartment,

dsS
E = —ﬁS[ + V()Dtlia (I) . (359)

There are no vital dynamics in this model so that the total population is constant for
all time, and S(¢)+I(t) = N, where N is the total population. Equations (3.58) and
(3.59), subject to the initial conditions S(0) = sy and I(0) = iy, define the complete
dynamics of the fractional SIS model. While we have constructed this model as an
epidemic model, the standard SIS model has been used for general applications such
as changing opinion dynamics [149] and it is feasible that the fractional SIS model
could be used in a similar way where the time spent in a state affects the probability

of switching states.

3.4.2 A Compartment Model for Chromium Clearance in Mice

A fractional-order compartment model can be used to model the clearance of chromium
in mice. When chromium enters the body a variety of processes may cause it to
become trapped. This includes chemical reactions and the physical trapping of
chromium within red blood cells [78]. We can use Eq. (3.46) to model the whole-

body clearance of chromium in mice. In this model we consider a single compartment
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model which represents the concentration of chromium remaining in the cell, see Fig.

3.2.

Figure 3.2: Flux flow of chromium clearance

In this example, p = ¢ and we consider the only flux into the compartment to
occur as an initial dose, i.e. ig = ¢y and ¢*(t) = 0. We assume that there are no

Markovian removal processes, hence w(t) = 0 which yields the equation,

de

yri —77%D T (e (1)), (3.60)

where ¢(0) = .
We can solve Eq. (3.60), as we did in Eq. (3.62), to give us the solution for the

chromium content in the mouse body over time, hence,

o(t) = coFas (— (;)3 . (3.61)

We compare this model to the experiment by Bryson and Goodall [33], in which
the whole-body chromium clearance of mice is observed over time. In this experi-
ment, a high dose of Cr(VI), as potassium dichromate, is injected into a cohort of
mice at time, t = 0. Mice were sacrificed at three, seven and twenty one days after
the initial dose and the total whole body chromium concentration was measured.
The experimental results reveal that whole-body clearance of chromium from mice
is observed to be rapid during the first week, with 31% of the initial dose remaining
after three days and 16% after seven days. Clearance then slows dramatically, at
21 days 7.5% of the initial dose remains [33]. Using a least squares fit we found the

best parameters for the Mittag-Leffler solution in Eq. (3.61) to be o = 0.71 and
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Figure 3.3: Percentage of initial Chromium dose remaining in mice after a time
(dots). The ODE single compartment prediction (dashed) and fractional-order single
compartment prediction (full).

7 = 1.60. We compare this fit to the solution of a standard constant-decay ODE
model for which the solution is an exponential function, c¢(t) = ¢yexp(—t/7), i.e.
a = 1. Plots of the solutions are shown in Figure 3.3. The Mittag-Leffler solution

shows excellent agreement with the experimental data.

3.4.8 A Compartment Model for in Vivo Dynamics of HIV

Many mathematical models have been developed to study HIV infection and drug
treatment in vivo, and the response of the immune system to the infection. These
models are typically concerned with modelling the population of CD4+ T cells, the
primary target of HIV, and the population of the virus itself [118].

Here we present a simplistic two-compartment model for the population dy-
namics of the virus and infected CD4+ T-cells. We consider the case of combined
antiretroviral therapy with 100% efficacy, meaning there will be no replenishment of
the infected T-cells from uninfected stock. We let I denote the number of infected
CD4+ T cells and V' the number of HIV virions. Virions from Long-lived infected
cells are typically observed after treatment has begun [117]. To model this we will
have a fractional death of infected cells using Eq. (3.57) with p(t) = I(t) and
p2(t) =V (t), see Fig. 3.4.
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Figure 3.4: Flux flow of fractional HIV model

As no new infected cells are created, ¢; (£) = 0 and the only flux into the infected
compartment occurs as the initial conditions, we assume there is no Markovian
removal process of infected cells hence, w;(t) = 0. We take oy = o and 7 = 1/4.

This gives us the governing equation for infected cells,

dl
i —6¢ 0Dy, (3.62)

subject to the initial conditions I(0) = ip. Upon death of an infected cell, virions
are released. This occurs through a burst event and we will assume that on average
N virions are created from each infected cell death. As such we take ¢ (t) =
N§¢ oD} ~*1, and assuming no long lived virions, we will only consider a Markovian
death rate of virions. Hence, wy(t) = dy, i.e. the governing evolution equation for

the number of virions is,

d
d—‘t/ = N6 oD} — 6,V (3.63)

subject to the initial conditions V' (0) = V4.

The well-known solution [121] of Eq. (3.62) is,

I(t) = IyBa, (—(6;1)%) . (3.64)
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Substituting Eq. (3.64) into Eq. (3.63) we can then use an integrating factor method

to solve for V (),

t
V(t) = e ' I)N <[1 — V' By (—(01t)*)] + 5\// eV By (—(078)%) ds) + Voe oV,
0

(3.65)

3.5  Summary

We have derived the governing evolution equations for compartment model dynamics
from the stochastic process of particles undergoing a CTRW. The resulting dynamics
are represented by a coupled set of master equations, Eq. (3.57), derived through
Sections 3.2 and 3.3. Under a natural, power-law, choice of waiting time proba-
bilities these master equations become coupled ODEs with fractional dynamics, as
demonstrated in Section 3.2.3.

The use of fractional derivatives in compartment models has attracted increasing
levels of interest in recent years. It is easy to construct fractional-order compart-
ment models by including fractional derivatives in an ad hoc manner, e.g., simply
replacing integer order derivatives with fractional-order derivatives. The approach
for developing fractional-order compartment models in this thesis starts by consid-
ering an underlying stochastic process and fractional-order evolution equations are
obtained systematically by considering power-law distributed waiting times in com-
partments. The ad hoc inclusion of fractional derivatives in compartment models
can result in equations that are unphysical; they may violate conservation of mass.
In Eq. (3.57) we observe an entanglement of the Markovian removal waiting times
in the non-Markovian removal processes. This ensures a conservation of probability
or mass between the local operators and the non-local fractional derivative operator.
Furthermore, in a given physical system, it is to be expected that only some reactions
will experience trapping or power-law waiting time. Our derivation accommodates

this.
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Finally we have provided some simple examples of fractional-order
multi-compartment models whose governing evolution equations have been obtained
using the methods of this chapter, which will be considered in their discretised form

in Chapter 7.
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CHAPTER 4

Fractional Infectivity SIR

4.1 Introduction

The results of this Chapter are drawn from [20]. The main objective in this Chapter
is to provide a sound derivation of an SIR model that includes a fractional-order
derivative as the infectivity term. Part of the motivation is that some of the ad
hoc fractional compartment models have been shown to be unphysical [43]. In
the case of the fractional-order infectivity SIR model derived here, the fractional
derivatives appear if the infectivity of an individual depends on their age-since-
infection in a power-law manner. The power-law in the infectivity can arise, as a
special case, in a disease process where the longer that a person has been infected,
the less likely they are to transmit the disease. The assumptions that give rise to the
fractional derivative can be experimentally validated from epidemiological studies
by estimating the infectivity as a function of time and time since infection.

The conditions under which the fractional infectivity SIR model occurs, differ to
the conditions of the fractional recovery SIR, derived in Chapter 2. In Section 4.2
we derive a general infectivity SIR model from a CTRW and show the consistency
of the derived model with a Kermack-McKendrick age-structured SIR model. A
power-law rate is considered for the infectivity in Section 4.3. This results in the
inclusion of a fractional-order derivative in the infectivity term of the model. The

equilibrium states of the system are found in Section 4.4.
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4.2 Derivation

In order to incorporate the fractional-order infectivity, we first derive master equa-
tions for an SIR model with a general infectivity rate, using a stochastic process.
We consider a generalised CTRW where an individual transitions through the three
compartments, waiting a random time in each compartment. The model considers
an ensemble of such individuals. An individual who has been infectious since time
t" will infect a particular susceptible person in the time interval ¢ to t + dt, with
probability o(t,t")dt 4+ o(dt). The transmission rate per infected individual, o(t,t’)
is dependent on both the time of infection, ¢/, and current time, ¢. Given that there
are S(t) susceptible people at time ¢ then in the time interval ¢ to ¢t + ¢ the expected
number of new infections per infected individual will be o(¢,t")S(t)dt + o(dt).

The number of individuals entering the infected compartment at time ¢, i.e. the
flux into I, will be represented as ¢ (I,t). This can be recursively constructed from

the flux at earlier times by,

g (I,t) = /t o(t,t)St)®(t, t") g (I,t)dt, (4.1)

—00

where ®(¢,t') is the survival function that an individual infected at a prior time ¢’
remains infected at time ¢. Considering the initial distribution of infected individuals
in the population, we let i(—t’,0) be the number of individuals who became infected

at time ' < 0 and who are still infected at time 0, hence,

It = M ! ‘ 4.9
Hence we can split Eq. (4.1) into,
t 0 @(t t/>
g (I,t) = / a(t,t)SH)®(t, t") g (I,t)dt’ +/ U(t,t/)S(t)q)(O’ t/)i(—t’,o)dt’.
0 —o00 )
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It is natural to assume that the rate of infection, o(t,?'), is dependent on the time
t to account for environmental changes in time. It is expected that o(¢,t) may also
depend on the age of infection, t—t', to account for the natural course of the disease.

In the following we incorporate these effects by writing,
o(t,t") =w(t)p(t—1t). (4.4)

Noting that an individual may leave the infected compartment in two ways, either
they die or they recover from the disease, and assuming these effects are independent

we can write the survival function as,
O(t,t") = o(t,t)0(t, t). (4.5)

Here ¢(t,1') is the probability of surviving the transition to the R compartment from
time ¢’ to time ¢, and 6(¢,t’) is the probability of surviving the death transition from
time ¢ until time ¢. We will assume that the recovery and death survival take the

form,

O(t,¢') = e Jo (s, (4.6)

o(t, ) = e i m)ds, (4.7)
From this it follows that ®(¢,t’) satisfies the semi-group property,
O(t,t') = d(t,s)P(s,t'), VI <s<t. (4.8)

For an individual to be infected at time ¢ they must have become infected at some
time prior to ¢t and not yet transitioned into the removed compartment nor died.

Hence the number of individuals in the I compartment at time t can be expressed
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recursively using the flux as,

I(t) = Ip(t) + / t@(t,t’)q*([,t’)dt’. (4.9)

In Eq. (4.9) Iy(t) is the number of initially infected individuals, i(—t',0), whose

infection has persisted until time ¢, expressed as,

wo= [ 2o
:tO/ —t',0)d

In order to recover the master equations governing the dynamics, we differentiate

(4.10)

Eq. (4.9) to produce,

MO (1)~ (1) + 900 | ot 1 0a = 60+ o,

=q"(I,t) = (u(t) +7(£)1(2).

(4.11)
Substituting Eqs. (4.3), (4.4) into Eq. (4.11) gives,
d{d—f) _ /0 )l — VSO g (1, ) + /_ wlt)plt = )SR(10)i(~1 0)ir
— (p(t) + () I(2).
(4.12)

In order to obtain a generalised master equation we need to express the right hand

side of this equation in terms of I(¢). We can write Eq. (4.9) using Eq. (4.8) as

_ L /0 (J;((t{:g)) " (4.13)
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Taking the Laplace transform from ¢ to s then gives,

R T R o 414

Returning to the first integral of Eq. (4.12) we can rewrite it using Laplace trans-

forms as,

W(B)S(E) /0 p<t—t')%dt':w(t>su)cl {E{p(t)}ﬁ{qq:((t{’ot;}}. (4.15)

Making use of Eq. (4.14) this becomes,

Y- e {5501,

= w(t)S(t) /0 H(t—t')%dt',

(4.16)

soswe { el

where we have defined,

w(t) = £ (LD}, (4.17)
Using Eqs. (4.16) and (4.17), in Eq. (4.12), we obtain the master equation,

dg—gf) =w(t)S(t)®(t,0) (/0 ﬁ(t_t,)%dt/—i_/m p(t—t’)i(—tﬁo)dt’)

— W)Lt = H(B)I(2).
(4.18)

Noting that I((Jt(to)

(o) 18 & constant and using Eq. (4.17) this may be written as,

o —ats(e0) ([ e tgiisar s [ o) - o) i o)

— p(t)I(E) = (@)I(t).

(4.19)
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This equation is the generalised master equation that describes the time evolution of
the number of infected individuals in an SIR model with arbitrary time dependent
infectivity and recovery. As individuals may only enter the infected compartment
from the susceptible compartment, there must be a corresponding decrease in the
number of individuals in the susceptible compartment. Accounting for vital dynam-

ics, the differential equation for the susceptible population is then given by,

ds (1) = ) gt
_EF_—MQ—»Awﬂw¢@ﬁ>(A’“”‘”@@G@dt

. (4.20)
# [ e = ppit-t.0a¢) =200

— 00

where A(t) > 0 is the birth rate and y(¢) > 0 is the per capita death rate. Using
a similar balance between the infected and recovered compartment, the differential

equation for the recovered compartment is,

o i) — (DR, (4.21)

Taking the initial condition i(—t,0) = icd(—t), where 6(—t) is a Dirac delta function

and 7( is a constant, these equations further simplify to give,

%(f) =A(t) — w(t)S(t)®(t,0) (/0 K(t — t’)%dt) —()S(t), (4.22)
T s ([ we-05i0at) - w010 -2 010, (129
MO —ut)1(0) -+ (1)), (4.24)
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4.2.1  Structured SIR

Here we show how the master equations, Eqs. (4.22), (4.23), (4.24), can be reduced

to the Kermack and McKendrick age-structured SIR model [74] equations given by,

% = A—5@1) /0 N v(t,a)i(a, t)da — vS(t), (4.25)
% L % — _B(a)i(a,t) — i(a,t), (4.26)
% _ /0 " Bla)i(a, t)da — VR(), (4.27)
I(t) = /OOO i(a,t)da. (4.28)

In this model we consider i(a, t) to be the number of the individuals infected at time
t who have been infected for length of time a. To show how Eq. (4.23) reduces to
Eq. (4.26) we set i(a,t) to,

i(a,t) = ®(t,t —a)gt(I,t — a). (4.29)
This allows us to see that i(0,t) = ¢ (I,t). Integrating Eq. (4.26) with respect to
a, using Eq. (4.28) and equating 3(a) = u yields,

dI(t)

DO~ gt (10— /0 Tt —a)gt (It — a)da— 1) (4.30)

By taking a change in variable to ' = t — a and making use of Eqs. (4.3) and (4.4)

we arrive at,

dg—f> _ /0 ot — N (®)SED(E ¥ )gH (I, )dt
4 /_ olt = )lt)Sth) i)((é gz‘(—t', 0)dt' — 1 /_ (L) (L) = A1)

(4.31)
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We further simplify this expression by using Eqs. (4.14), (4.15) and (4.16) and
taking the initial condition to be i(—t',0) = iod(—t'). This yields,

T st | (- g~ WO =10, @)

which is a special case of Eq. (4.23). To show how Eq. (4.22) reduces to Eq. (4.25)
we consider a change of variable a =t — t/, hence we can rewrite Eq. (4.25) as,

%ﬂ —A—S(1) / (= OB O (LW — S0, (439

— 00

which is equivalent to Eq. (4.22) if v(t,t—t") = o(t,t'). Finally to recover Eq. (4.24)
from Eq. (4.27) we make use of Eq. (4.29) and the change of variable a =t — ¢/,
resulting in,

dR(t)

= pl(t) —yR(t). (4.34)

4.3 Fractional Infectivity SIR

The general master equations given in Eqs. (4.22), (4.23), (4.24) reduce to the
classic SIR ODEs if p(t) = p, a constant. This can be seen from Eq. (4.17) where

the corresponding memory kernel reduces to,

K(t) = pd(t). (4.35)
If p(t) is a power-law of the form,
toz—l
= <1 4.
p(t) Ty 0<esh (4.36)

then the general master equations reduce to a set of fractional-order differential

equations. The memory kernel following from Eq. (4.17) with power-law p(t) given
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by Eq. (4.17) has Laplace transform,
Lk(t)} = s (4.37)

Hence the integral in Egs. (4.22) and (4.23) can be written as follows,

/0 n(t—t’)%dt’: /0 m(t—t’)%dt’, (4.38)

e feee{FON

To evaluate the inverse Laplace transform in the above equation we use Eq. (1.9),

ODt_O‘f(t)‘t:m = 0, and we can express Eq. (4.38) as,

! ! I(t/) I 11—« I(t,)
/0 k(t =) gyt = oD (q)(t,,o)). (4.40)

Substituting Eq. (4.40) into the generalised master equations Eqs. (4.22) and (4.23)

yields the fractional-order infectivity SIR model,

%it) = \t) — w(t)S(t)®(t,0) D} ™ (qf(%)> —(t)S(t), (4.41)
T = w8000 (i) < HOI0 - AO10, (442
MO _ o)1) - 0 RO). (4.43)

4.8.1  Dimensionality

An aspect of fractional SIR models that warrants further consideration is the di-
mensionality of the parameters. A time derivative of order one has dimension of
[time| ™!, a fractional derivative of order a, either a Caputo or Riemann-Liouville,
will have a dimension of [time]~®. Hence the inclusion of fractional derivatives ne-
cessitates the redefinition of parameters in the associated models. This may lead to

complications when considering the physical interpretation of rates [43].
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In the fractional model derived above, we consider the equation for change in the
number of infected individuals over time, Eq. (4.42). As we have a order one time
derivative of a population on the left hand side its dimension is [population][time] .
Thus the dimension of the right hand side must be the same. It is clear that the
recovery and death rates, u(t), and (t), must have dimension [time]™! as I(t) has
the dimension [population].

For the infectivity term, it is clear that the dimension of S(t) is [population],

I(t)
3(£,0)

1

) is [population][time]*~'. In order for

and the fractional derivative (D} <
the dimensions of the infectivity term to be consistent with the model, we are left
with w(t) having dimension [population]*[time]~®. We note that the dimensions of
the infectivity rate per infected individual of the disease, o(t,t') = w(t)p(t —t'), is

[population] ~![time] 7!, regardless of the fractional o exponent.

4.4 Equilibrium State Analysis

The set of fractional infectivity SIR Egs. (4.41), (4.42) and (4.43) are a non-
autonomous dynamical system. This set up creates difficulty in finding the equilib-
rium states hence we will simplify the model by taking the birth, death, recovery
and contact rates to be constant, i.e. A(t) = X\, y(t) =7, u(t) = p and w(t) = w,
respectively, where w,, represents the dependence of the chosen « exponent on w(t),

due to dimensionality considerations. Hence the model becomes,

%it) =\ —w,S(t)®(t,0) oD} ((;;iti))) —vS(t), (4.44)
dz—? = w,S(t)®(t,0) D} ( @I(Etz)) —pulI(t) —~I(), (4.45)
dﬂ;—)@ = pl(t) — YR(?). (4.46)

This can be simplified further using Eqs. (4.5), (4.6), (4.7) to rewrite,

B(t,0) = e~ OFHL (4.47)
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The equilibrium state, (S*, I*, R*), is defined by,

lim S(t) = 57, lim I(t) = I", lim R(t) = R".

t—o0 t—o00 t—o00

Taking the limit as t — oo of Eqs. (4.44), (4.45) and (4.46) reduces the equations

to,

0= lim waS(t)e” Tt Dl (0TI (£)) — 4S*, (4.48)
0= lim waS(t)e” 0TIt D= (DT (4)) — (y + p) 17, (4.49)
0=pl"—yR" (4.50)

We are able to split the remaining limit into,

lim weS(t)e™ oD}~ (e”1(t)) = (lim waS(t)> (lim e oD} (e”tl(t))> :

t—o00 t—00 t—o00

where v = v + p. Using the result of [21],
tligé e*l/t OrDtlfa (eut[(t)) — ylfa[*,
and trivially we have limy;_, o, waS(t) = w,S™, hence,

1tlirn waS(t)e " oDy (" I(t)) = waly + p)' " *S*I*. (4.51)
—00

Substituting Eq. (4.51) into Eqgs. (4.48), (4.49) and (4.50) yields,

0=\ —walp+y)"*5*I* — 5%, (4.52)
0= wa(p+ )78 " = (p+)I*, (4.53)
0= pul* —yR". (4.54)
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Solving these equations reveals two equilibrium states, the disease free state,

A
S*=—, I"=0, R =0, (4.55)
Y
and the endemic state,
G kt7 JO— gl R*_u( A gl )
- 1-a’ - B 1-a’ - 5 - l-a | °
wa(p +7) pty walp+7) Y\r+7  walpt+7)

(4.56)
The disease free equilibrium state is non-negative for all valid system parameters.

However, the endemic equilibrium is only non-negative if,

Wa

> ()" (4.57)

In the case where a = 1 the equilibrium states reduce to the steady states of the
standard SIR ODE model with vital dynamics. We anticipate that, similar to the
fractional recovery SIR model [21], the endemic equilibrium state will be an asymp-

totically stable state for all parameters where it is non-negative.

4.4.1 Basic Reproduction Number

A fundamental quantity of interest in SIR models is the basic reproduction number
Ry defined as the number of new infections that an infected person will produce
over the course of their infection in an otherwise uninfected population. This can

be calculated from

Ry=N / wap(t)B(t, 0) dt’ (4.58)
0

where N is the total population. After substituting Eq. (4.36), and Eq. (4.47), into

the above we obtain the result,

wWa N
Ry= ——-—. 4.59
T (v +p)e (4:59)
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This defines the basic reproduction number for fractional infectivity SIR model.
Given that the equilibrium population is given by,

N =1lim S(t) + I(t) + R(t)

t—o00

=2, (4.60)

it then follows from Eq. (4.57) that the existence of the endemic equilibrium requires
Ry > 1. It is worth noting that the integral in Eq. (4.58) would diverge for p(t) ~ t=*

with 8 > 1, which is consistent with the restriction 0 < o < 1 in Eq. (4.36).

4.5 Summary

In this Chapter, we have provided a physical derivation of an SIR model that includes
fractional-order derivatives. This is motivated by the concerns that many fractional-
order compartment models that have been postulated are not physically meaningful.
Starting from a stochastic process, we have derived an SIR model where the evolution
equations incorporate a fractional-order derivative in the infectivity term. This
derivative arises from a power-law dependence in the infectivity. We have shown
that this fractional infectivity SIR model can be written as an age structured SIR
model. The dimensions of the parameters in the fractional model depend on the
order of the fractional derivative. The fractional model permits both a disease free,
and an endemic, long time equilibrium state, dependent on the system parameters.
Whilst we have not identified a particular disease process with the required power-
law properties of the infectivity that gives rise to the fractional derivatives in the
model these assumptions could be experimentally validated from epidemiological
studies by estimating the infectivity o(¢,t') as a function of time ¢, and time of

infection t'.
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CHAPTER 5

Fractional Infectivity and Fractional Recovery SIR

5.1 Introduction

In this Chapter we extend the stochastic process derivation of an SIR model con-
sidered in the past three chapters to allow for a fractional infectivity and fractional
recovery. This Chapter follows the publication [22]. In Section 5.2 we derive the
governing master equations of an SIR model from a stochastic process with general
history dependent infectivity and recovery. In Section 5.3 we consider particular
forms of the infectivity and recovery such that the governing equations will con-
tain fractional derivatives. In Section 5.4 we consider the limits under which the
fractional-order infectivity and recovery SIR model reduce back to the classic and
fractional recovery SIR models. In Section 5.5 we derive the steady states of the

fractional-order infectivity and recovery SIR model.

5.2  Derivation

We incorporate both a fractional-order infectivity and recovery into an SIR model
by deriving the master equations for a stochastic SIR model with age since infection
dependences. We consider a generalised CTRW through three compartments, those
susceptible (S) to the infection, those infectious (I) with the infection and those
recovered (R) from the infection. An individual is born into the S compartment.
They wait a random amount of time in each compartment before moving to the

next compartment. The individual may die in any compartment and be removed
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from consideration. Here we derive the master equations for the time evolution of
an ensemble of individuals undergoing these dynamics.

Considering an individual who has been infectious since time ¢’, the probability
this infectious individual will infect a particular susceptible person in the time in-
terval t to t 4 0t, is o(t,t')0t + o(dt). The transmission rate per infected individual,
o(t,t') is dependent on both how long the individual has been infectious, ¢t — ¢, and
the current time, ¢. If there are S(¢) susceptible individuals at time ¢ then in the
time interval t to t+ 0t the expected number of new infections per infected individual
will be a(t,t)S(t)ot + o(dt).

The probability that an individual who is infected at time ¢’ is still infected at
time ¢ is given by the survival function ®(¢,¢'). For an individual to become infected
at time ¢t they must come in contact with an individual who has become infected
already. The flux of individuals into the infected compartment, I, at time ¢, is

denoted ¢*(I,t), will therefore be constructed recursively via,

g (I,t) = /t a(t,t)SE)D(t, t" g (I,t)dt'. (5.1)

—00

Initial conditions are given as the number of individuals who are infected at time
0, and how long each individual has been infected. This is given by the function
i(—t',0) that represents the number of individuals that are still infected at time 0

who were originally infected at some earlier time t’, hence,

+ I N i(_t/70) / 9
q (I, 30.0) t' <. (5.2)
Equation (5.1) can then be written,
+ _ ! ’ N+ AP ‘ / (I)<t7t/> Y ’
g (L,t)y= [ ot th)St)P(t, t")g (I, t")dt' + a(t,t)S(t)q)(O t’)Z( t',0)dt’.
0 —00 )
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We will assume that the rate of infection, o(t,t') will be a function of both the
current time, ¢, and the time since infection, ¢ — ¢'. This accounts for both time
dependent extrinsic changes as well as the intrinsic change in the infectivity of the

disease over its natural course. As such we may write,

o(t,t) = w(t)p(t — 1), (5.4)

where w(t) > 0 is the extrinsic infectivity and p(t) > 0 is the intrinsic infectivity.
An individual may only leave the infected compartment by either dying or recover-
ing from the disease. Assuming that these processes are independent, the survival

function for remaining in the infectious compartment can be written,
O(t, ") = o(t —t)0(t,t). (5.5)

Here ¢(t—1t') is the probability that an individual has not recovered and transitioned
to the R compartment by time ¢ given that they were infected at an earlier time
t'. Similarly 6(t,t") is the probability that the an individual has not died by time ¢
given that they were infected at the earlier time ¢’. We will assume that the survival

function of the death process takes the form,
O(t, t) = e~ Jor(wdu (5.6)

and hence,

0(t,t') = 0(t,u)0(u,t'), V' <u<t. (5.7)

Individuals in the infected compartment at time ¢t must have arrived in the
compartment at some earlier time and not left the compartment. We can therefore

express the number of individuals in the infectious compartment via the flux into
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the compartment and the survival function to give,

I(t) = Io(t) + /t O(t,t')g " (I,t)dt'. (5.8)

The function, Iy(t), gives the number of individuals who were infected at time 0,
who are still infected at time ¢. In terms of the initial condition function, i(—t',0),

this can be written,

Io(t) = / D2y gya (5.9)

The master equations are derived by differentiating Eq. (5.8). This yields,

MO _ gt /wt—t 01, )q (1, 1)t — /(bt—t 01, )q (1,1)de

dlo(t)
LT

(5.10)

where 1(t) = —%f) is the probability density function related to ¢(t). Using Egs.

(5.3), (5.4) and (5.5), Eq. (5.10) can be written,

%(tt) =w(t)S(t) (/0 p(t — ot gt (I, t)dt’ +/ p(t — tl)q;((): ~i(—

—00

- /0 Yt =)0t t)g (L, t)dt' + 0(t, 0)% (9@(2

(5.11)

A generalised master equation can be obtained by removing the dependence on

gt (I,t) in the above equation. Using Eq. (5.7), Eq. (5.8) can be rewritten as,

](t) Io(t) ¢ /qu([’t/) .
0(1.0)  6(1,0) +/0 ¢t — t)mdt. (5.12)
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As this is now in the form of a convolution, taking a Laplace transform from ¢ to s,

L{-}, then gives,

1) = (1) (L)
— 2 = H} L : 5.13
o ECU R 19
Again using Eq. (5.7), the first integral of Eq. (5.11) can be rewritten using Laplace

transforms as,

e{ [ ote-vrote - 0T Dar} ~ eipnone { S G

Making use of Eq. (5.13) this becomes,

LY L6 . (1) — Tt
“”<”¢<’”}£{e<t, >}‘ 200)! ‘C{ (t.0) }

N (5.15)
_£{/ Ki(t—t) It o é‘;( )dt}.
Here we have defined the infectivity memory kernel as,
L
Ki(t) =L {%} , (5.16)

where £71{-} defines the inverse Laplace transform from s to t. Once again using
Eq. (5.7), the third integral of Eq. (5.11) can similarly be rewritten using Laplace

transforms as,

c { /O t bt — t’)q(;(sf’ g;) dt’} = L{Y(t)}L {q;é] OL;) } . (5.17)

Making use of Eq. (5.13) this becomes,

SO\ L{0) L (100 - L)
‘CW)}‘C{ (t,0) }‘ c{eza(t)}‘c{ 0(t,0) }
t It — Io(t) (5.18)
:.c{ 0 KR(t—t’)Wt/—’OO)dt’}.
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Here we have defined the recovery memory kernel,

(5.19)

g - £ {1201,

L{o(1)}

Using Eq. (5.15) and Eq. (5.18), Eq. (5.11) becomes the master equation for the

infectious compartment,
d[t I t/ [ t/ t/
%:w(t)S()( (t,0) / Kt —t)———r— *) 00,0 0 +/ (t—1t) )i(—t',O)dt')

0(t,0) (/ Kg(t—t) g(_lot,d’—di( )) V()I(t).

(5.20)

This equation governs the time evolution of the number of individuals in the in-
fectious compartment. All individuals who enter the infectious compartment must
have previously been susceptible. Taking this into account we may write the master
equation for the susceptible compartment, with the addition of the vital dynamics,

as

ds(t) () — It
>0 _ (t)—w(t)S()( tO/KIt—t)Wdt
P

O (5.21)
+ / =507 )¢<—t’,0)dt’) —1(0)5(),

where A\(¢) > 0 is the flux into the compartment due to births. The per capita
death rate is assumed to be the same as for the infectious compartment. Similarly
considering that individuals who enter the recovered compartment must have left
the infectious compartment, we write the master equation for the recovered com-

partment as,

d};—p = 0(t,0) (/0 Kg(t - t’)%dt’ - % (GI&(’%)) —()R(1). (5.22)
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Together Eqgs. (5.21), (5.20) and (5.22) are the master equations for an SIR
model with both time since infection dependent infectivity and recovery. These
equations are simplified by taking the initial conditions to be i(—t,0) = igd(—t),
where §(t) is the Dirac delta function and i is a constant. With these choices we

can write,

/ ot — 1) i((é i//))i(—t’, 0)dt = p(t)ig®(t, 0). (5.23)

This leads to simplifications and our full set of SIR master equations become,

dfh(f) =\(t) — w(t)S(1)0(t,0) / K( t—t)eg é)dt — (1)), (5.24)

dizgst) 0(t, 0) / K,t_t é)dt —0(t,0) / KRt—t)eé(f/é)dt'—v(t)f(t),
(5.25)

U —ot0.0) [ Kenle — )50 ()00, (5:26)

Henceforth we will use the master equations with Dirac delta initial conditions for

simplicity.

5.3 Fractional Infectivity and Recovery SIR

We incorporate fractional derivatives into both the infective and recovery terms by
choosing 1 (t) to be power-law distributed and p(t) related to our choice of ¥ (t).

Similar to Section 2.3, we take () to be Mittag-Leffler distributed,

»(t) = t(: Eoa (— (;)a> : (5.27)

for 0 < a < 1, where 7 is a scaling parameter, and the corresponding survival

(1) = Ea, (- (;)a) | (5.28)

function ¢(t) is,
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The Laplace transform of the recovery memory kernel, Eq. (5.19), with Mittag-
Leffer distributed v (¢) is given by,

L)
“ Ty S T (529)

L{KR(t)}

subsequently, a convolution with the recovery memory kernel can be written as,

/0 Kr(t — t’)eégi%)dt’ =7 %D} (%) : (5.30)

A fractional derivative can be incorporated into the infectivity, if the infective mem-
ory kernel, Eq. (5.16), has a Laplace transform similar to Eq. (5.29). This is
satisfied by taking p(t) of the form,

o0 - ma (- (1)), (5.31)

where ¢(t) is defined in Eq. (5.28). As we require p(t) > 0, we must constrain «
and ( such that 0 < a < 8 < 1. This constraint is easily verifiable for § = a as p(t)

can be reduced to,

where 1(t), as defined in Eq. (5.27), and ¢(t) are both positive functions. It is also

possible to express Eq. (5.31) using fractional derivatives as,

n=T" Py 5.33
p()—mo,: P(t). (5.33)

Using this form, it is clearer to see that the Laplace transform of the infectivity

memory kernel becomes,

_ Lo} _ 775 L{6(0)} _ g

RO =200y~ Chwr o 63y
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Using the relation between the Riemann-Liouville fractional derivative and it’s
Laplace transform, Eq. (2.59), we are able to express the first integral of Eq. (5.25)

as,

/K[t—t )>dt 7P oD} P (G(t(t()))) (5.35)

Substituting Egs. (5.35) and (5.30) into the master equations Eqs. (5.24), (5.25)

and (5.26) yields the fractional-order infectivity and recovery SIR model,

%it) () — w(t)S(Tt;H(t, 0) ,DI? (9@{%)) — ~(t)S(t), (5.36)
100) _ A0SO s (1O) 0D e (O iy
dt 8 "7\t 0) T 0w.0)) |

(5.37)

0 () o

5.4 Reduction to Classic and Fractional Recovery SIR Models

Both the classic SIR and fractional recovery model are special cases of our derived
Egs. (5.36), (5.37) and (5.38). In this Section we consider the parameters required
for the classic and fractional recovery SIR and how they relate to the generalised
fractional model we have derived above. The classic SIR model can be obtained by
taking constant functions for the birth, death and time dependent infectivity rates,
ie. A(t) = A, v(t) = v and w(t) = w, respectively and taking the limit as o, 5 — 1

. Noting that the limit,

: o AQ@)  _ 1(F)
h_rg oD; (9 0)) = 0)’ (5.39)
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we obtain the classic SIR equations,

B N~ 2so1t) - y50). (5.40)
%(;) = ;S(t)l(t) - %I(t) — (1), (5.41)
MO _ L1y ). (5.42)

By considering the relationship between the fractional exponents o and  and
Egs. (5.28) and (5.33), we gain insight into the underlying stochastic process of the
classic SIR model. For a = 1, the waiting time function, Eq. (5.28) reduces to an
exponential function,

o) =e 7. (5.43)

Taking the limit § — 1 the age of infection dependent infectivity, Eq. (5.33) becomes
a constant,
(1) = im = DI () = 1 (5.44)
= lim — =—. .
p B—1 (1) 0t T
Note that this limit is independent of the form of ¢(t).
In a similar fashion we obtain the fractional recovery SIR model [21] by taking

the limit 5 — 1, whilst leaving 0 < o < 1. Making use of the limit in Eq. (5.39)

and the functional form of p(t) from Eq. (5.44), we obtain,

B\t~ “sw10) 1)), (5.45)
dil—it) _ $S(t)l(t) B 9(;0) Dl (Qét—,t()))> — ~(I(t), (5.46)
d}czhgt) _ e(i,a 0) pi-o (012 ;t()))) SR, (5.47)

While the fractional recovery SIR model can be obtained from the general frac-
tional infectivity and fractional recovery SIR model, we are unable to obtain the
fractional infectivity SIR model [20]. The fractional infectivity SIR model requires

a=1and 0 < 8 < 1, hence § < «a violating our non-negativity conditions for p(t).
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A different form of p(t) was considered in [20]. The form of the fractional infectiv-
ity in [20] could not readily be generalized to include a fractional recovery. Thus
the model here with both fractional recovery with fractional infectivity provides
an alternate form of fractional infectivity. The choice of which type of fractional

infectivity model should be used could only be decided by comparisons with data.

5.5 Equilibrium State Analysis

The set of fractional-order infectivity and recovery SIR Egs. (5.36), (5.37) and
(5.38) are a non-autonomous dynamical system due to both the history dependence
of the fractional derivative and the time dependence of the parameters. To find
the equilibrium states we will simplify the model by taking all time dependent
parameters to be constants, i.e. A(t) = A, v(t) = v and w(t) = w. Hence the

simplified master equations become,

At wSHOE0) .y sf 1)\ 6t0) . ( It
e " oD, " (9(1&,0) g oD, (W) —I(t), (5.49)
e (1)

The constant recovery rate allows us to write Eq. (5.6) as,

0(t,0) = e . (5.51)

For an equilibrium state, (S*, I*, R*), to exist the following limits must exist,

lim S(t) = 57, lim I(t) = I*, lim R(t) = R". (5.52)

t—o00 t—o00 t—o00
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Taking the limit as t — oo Eqgs. (5.48), (5.49) and (5.50), reduce to,

0=\— tlgg wrPS(t)e " D} P (e71(t)) — ~S%,
0 = lim wr S (t)e ™" thl_’B (evtl(t)) lim e 7 (D} (e”t[( )) — I,
t—o0 t—o0

0= lim e "'77% (D, (e"1(t)) — YR".

t—o0

We use the result of [21] to evaluate the limit,

hm e oD, (eI (1)) = ' T

— 00

The remaining limit can be split into,

lim S(t)e" oD} (' I(t)) = (lim S(t)> (nm e DI P (e”U(t))) .

t—o0 t—o0 t—o0
Trivially we have lim;_,, S(t) = S*, hence,
lim S(t)e " D} ° (e"I(t)) =~'7Ps I,

t—o00

Substituting Eq. (5.58) into Egs. (5.53), (5.54) and (5.55) yields,

0=\—wr Y88 1" —~5*,
0 =wr Pyt As " — raqlars — ~T

0=r71""°I"—yR*
These equations permit two distinct equilibrium states, a disease free state,

s =2 o Rr=—0
7
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(5.53)
(5.54)

(5.55)

(5.56)

(5.57)

(5.58)

(5.59)
(5.60)

(5.61)

(5.62)



and an endemic state,

(ty)™*+1 _ A 1
w(ry)=? Y((ry) 1) wlry)

\ : (5.63)
R* = (7_/7)704 (’Y ((T’}/)_a + 1) B W(T’}/)_ﬁ> .

St =

For all valid values of the parameters the disease free state will give non-negative
populations and hence be physically obtainable. The same is not true of the endemic

state, which is only physically obtainable if,

Aw
B~ B+1
— > . 5.64
(Ty)*+1 K (5:64)
In the case where o = [ = 1 the equilibrium states recover the equilibrium

states of the standard SIR ODE model with vital dynamics. We expect that the
endemic state will be asymptotically stable when it is physically obtainable in a

similar manner to the endemic state for the fractional recovery SIR model [21].

5.5.1 Basic Reproduction Number

It is also possible to calculate the basic reproduction number for this model. This is
defined as the expected number of individuals who will become infected from a single

infectious individual in an otherwise uninfected population. This can be calculated

e[S (f). e

from,

where N is the total equilibrium population. From Eq. (5.9), with i(—¢,0) = §(—t),

t 6%
[0(t) = 6_’ytEa71 (- (—) ) . (566)
T
It is then left to solve,

Ry = /0 h “’NTth o (Eml (— G)a)) . (5.67)
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The fractional derivative of the Mittag-LefHler function is well known and hence this

can be simplified to,

> wNe t\“
_ [ et e (= (L) ). .
o /0 0 ’ < <T> ) (568)

This integral is now in a standard form and has solution [58],

wN 7‘“5
B () -

We can also rewrite the existence criterion for the endemic steady state, Eq. (5.64),

in terms of Ry by noting that the equilibrium population is N = %, giving,

Ro > 1. (5.70)

5.6 Summary

In this Chapter we have derived a fractional infectivity and recovery model using
a stochastic process. The fractional derivatives arise as a consequence of taking
an age-of-infection dependent infectivity and recovery to be power-law distributed.
In doing so we have shown how to incorporate fractional derivatives into the model
without violating the physicality of the parameters of the model. Under appropriate
limits we are able to simplify this generalised fractional model to the fractional
recovery and classic SIR models, however the fractional infectivity SIR model can’t
be recovered. We have shown the conditions under which an endemic steady state
exists. The model and it’s parameters are well posed and physical, however the
fractional derivatives originated from power-law assumptions, and these assumptions

need to be tested by fitting to data.
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CHAPTER 6

Discretisation of the Fractional Recovery SIR Model

6.1 Introduction

This Chapter follows the discretisation of the fractional recovery SIR published in
[21]. Starting with a discrete time stochastic process formulation of the fractional re-
covery SIR model we derive a numerical method for solving the governing fractional
order differential equations. The numerical method is related to the discrete time
stochastic process method that was introduced to solve the fractional Fokker-Planck
equation [12]. We have implemented the numerical scheme to investigate the effects
of changes in the fractional-order exponent on the qualitative behaviour of solu-
tions. The numerical solutions converge to the calculated equilibrium states of the
fractional recovery SIR model, when the parameters are constants. In Section 6.2
a stable numerical scheme for solving the fractional recovery SIR model is derived
from a discrete time formulation of the stochastic process. Numerical solutions are
investigated in Section 6.3 and in Section 6.4 the discrete time formulation is shown
to converge, under a continuous time limit, to the continuous time formulation of

Chapter 2.

6.2 SIR as a Discrete Time Random Walk

There are numerous numerical methods that have been developed for solving
fractional-order differential equations [115, 121, 41] and many of these methods

could be adapted to the system under consideration here. However recently we

89



showed that in the case where the fractional-order derivatives have been derived
from CTRWs it is useful to reformulate the problem using DTRWs and then use
this formulation as the basis of a numerical method [13]. The advantage of bas-
ing the numerical method on a discrete time stochastic process is that the derived

explicit numerical method is easy to implement and is also inherently stable.

6.2.1 Discrete Time Random Walk

We consider a discrete time random walk where the walking particle is an individual
that will transition though the S, I, and R, compartments. In order to obtain
a useful numerical scheme from this we need the discrete time process to limit
to the continuum process as the time step, At, goes to zero. This necessitates a
slight modification to the transitions that were considered in the continuum case.
Individuals are born into the susceptible compartment with a birth rate A(t) so that
the number of individuals being born on the n'" time step, between time t and
t+ At, is equal to A(n) = A(t)At. The probability that an individual will die and be
removed from consideration on the n'" time step is v(n). Susceptible individuals who
come in contact with an infected individual may become infected. The probability
of an infected individual coming in contact and infecting a susceptible individual in
the n'" time step is w(n).

The recovery of infected individuals is assumed to be dependent on the number
of time steps since they entered the infectious compartment. The individual is
assumed to wait in the infectious compartment with a probability of “jumping”
that is dependent on the time step. When a transition event occurs there are two
possible things that can happen to the individual, they will either move to the
recovered compartment or re-enter the infectious compartment with the transition
probability, dependent on the time step, being reset. If the individual was infected
before the first time step they will always transition to the recovered compartment.
This self jump modification is required to ensure appropriate scaling as the size of

the time step tends to zero. The probability of transitioning to the R compartment,
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given a jump occurred, is denoted by . The probability of jumping on the n*® step,
conditional on not having jumped in the first (n — 1) steps, is denoted by u(n).
From this it follows that the probability flux entering the I compartment on the

th time step can be written as

n—1

Qf(n) = > wn)S(n—1)g(n—1—k)b(n—1,k)Qf (k)
h=moe (6.1)

+(1=1) Yl — k)é(n — 1 = K)6(n, K)QF (k).

1

3
—_

B
Il

In the above equation, ¢(n — k) is the probability of not jumping for (n — k) steps
and 6(n, k) is the probability that an individual who entered the I compartment on
the k' step has survived the death process up to the n'® step. If we assume that
we have an initial distribution of infectious individuals at the 0" time step, then we

can infer that the flux at earlier times is given by,

=0y, <, (6.2)

+(n) =
Q7 (n) 50 —ma(—m) S

Here i(n,0) is the number of individuals at time step 0 who have been infected since

time step n, with n < 0. This allows us to write the flux for n > 0 as

Q7 (n) = n_1:2—§¢n_1_ O0(n —1,k)Q7 (k)
+(1—T)§M(n—k)¢(n—1—k) (n, k)Q7 (k) (6.3)
+w(n)S(n — 1)f(n — 1,0) k-z:o Sln—1— k>l£ﬁ?]—€}£)

We can easily sce that
¢(n—k) = jli[:(l — (7)), (6.4)
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and
n

6(n. k) = [](1 =~()- (6.5)

Jj=k

The number of individuals in the I compartment on the n'" time step is

Z(bn— (n, k)QF (k) + Io(n). (6.6)
where,
_ - i(_k> 0)
Iy(n) = 6(n,0) k;@ o(n — k) e (6.7)
Subtracting I(n — 1) from each side of Eq. (6.6) gives,
I(n) = I(n—1) = +Z — 6(n—1—k)0(n — 1,k)QF (k)
+ Ip(n) — In(n — 1),
(6.8)

and substituting Eq. (6.3) into the right hand side of Eq. (6.8) and using Eq.(6.6)

gives,

I(n)—I(n—1) =w(n)S(n—1)I(n—1))+ Io(n) — Iy(n — 1)

+(1=7) D uln = k)g(n — 1 = k)6(n, k)Qf (k) (6.9)

Noting that,

o(n—k)o(n, k) —pn—1—k)0(n—1,k) =—~vy(n)p(n —1—Ek)0(n—1,k)
—p(n—k)p(n —1—k)0(n, k).
(6.10)
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we get,

In)—I(n—1)=w(n)S(n—1)I(n—1) —y(n)(I(n—1) — Iy(n — 1))
n—1 (6.11)
+Io(n) = Io(n — 1) =r > p(n — k)p(n — 1 = k)0(n, k)QF (k).

To simplify further we mirror the derivation in the CTRW approach, using the
semi-group property of the death survival function, and using discrete Z-transform

methods to replace the memory kernels. The Z-transform form n to z of Y(n) is

defined by [71],

Z[Y(n)|2] =) Y(n)z" (6.12)
First we use the result
0(n,0) = 0(n, k)0(k,0), (6.13)

in Eq. (6.11) to write

In)—I(n—1)=wmn)S(n—1)I(n—1)+ Iy(n) — Io(n — 1)

n—1 N
k=1 )
(6.14)
and we use the same result in Eq. (6.6) to write
I(n) = I(n) & QT (k)
T 0m0) ;Wn—k)@(k’o)- (6.15)
Q7 (k)

Finally, we need to express the sum Y 7—1 u(n — k)p(n — 1 — k) in terms of

0(k,0) °

I(n) so we take the Z-transform of Eq. (6.15), and use the convolution property of

Z-transforms to give,

z [Mp} — Z[4(n)| 22 {Qi(”) |z} . (6.16)
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We can now write

;M(n —k)p(n —1— k)g(%(g; = 3 kn—1— k)[(ke)(;’ é(;(@, (6.17)
where,

n} . (6.18)

The discrete time generalised master equation for an arbitrary waiting time dis-
tribution can then finally be found by substituting Eq. (6.17) into Eq. (6.14) to

give,

In)—I(n—1)=wn)Sn—1)I(n—1) —y(n)(I(n—1) = Ij(n —1))

+ Ip(n) — In(n —1) —rB(n,0) Y k(n—k)

The master equations for the other compartments can be found by again considering

a flux balance so that,

S(n)—S(n—1)=An) —wn)S(n—1)I(n—-1) —y(n)S(n —1), (6.20)
R(n) — R(n —1) =rf(n,0) ; k(n —k)

1

T Io(n) — To(n — 1) +y(n)Io(n — 1) — y(n)R(n — 1).

[y

I(k) — Io(k)

D) (6.21)

i

6.2.2 Discrete Time Fractional Recovery SIR Model

The continuous time fractional recovery SIR model was obtained by considering
Mittag-Leffler waiting time densities in the CTRW formulation. In the DTRW
formulation a discrete time fractional recovery SIR model is obtained by considering
a Sibuya(«) waiting time distribution [139, 13]. In this case the probability of

jumping on the n'" time step, conditional on not having jumped on the previous
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n — 1 time steps, is given by

() = (6.22)

and the jump survival probability is given by

['(l—a+n)
o) = F DM =) (6.23)

It is a simple matter to obtain the Z-transforms from n to z

z

Ziotll = (25 1)a1 (6.24)

and

=3 wlm)é(n — 1)z (6:25)

Now using Eq. (6.18) we have
kn)=Z'[(1—-2"H)"" =1 =27"n] (6.26)

and then after taking the inverse Z-transform we obtain the fractional memory kernel

I(n—1+«a)
=, . 6.27
A) = O & G DT+ 1) (6.27)
This memory kernel can be calculated recursively by noting that for n > 3,
a—2
k(n) = (1 + > k(n —1). (6.28)
n
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The first two values are simply x(2) = §(a — 1)and £(1) = a.
The number of initially infected individuals left at the n't time step, Io(n), is
found from Eq. (6.7) for the case 0 < a < 1,

Iy(n) = 6(n,0) Y ?8 - ZE%E(? jz - Z;i(—k, 0). (6.29)

k=—o00

In the case where the initially infected individuals were all infected at time zero this
will simplify. Taking i(—k,0) = igdxo where ig is a constant and dy ¢ is a Kronecker
Delta function, we find,

'l4+n—a)
T(1+n)I(1—a)

Again this may be also expressed recursively,

Io(n) = (1 - %) Io(n —1), (6.31)

with the initial condition, I(0) = 4.

When o = 1, ¢(n) = 0, for all n > 0, as such care has to be taken with the
definition of Iy(n). In this case the only physically permitted initial condition is
that the initially infected individuals were all infected at time zero. Hence, when
a=1, Iy(n) =0 for n > 0, and I(0) = .

The discrete time fractional recovery SIR model is obtained by using the memory
kernel, Eq. (6.27), in Egs. (6.19), (6.20), and (6.21).

In Appendix B we show that the discrete time fractional recovery SIR model
equations limit to the fractional recovery SIR model equations by identifying ¢ = nAt

and taking the limit At — 0 and » — 0, with

. T
lim
Atr—0 Ate

= L. (6.32)
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This justifies our use of the explicit discrete time model equations as a numerical

method for solving the continuous time fractional recovery SIR model.

6.2.3 FEquivalence Between The Discrete and Continuous Parameters

As the discrete fractional recovery SIR governing equations, Eqs. (6.20), (6.19),
and (6.21) with Eq. (6.27), limit to the continuous time fractional recovery SIR
model equations we can approximate the solution of the continuous time equations
with the solution to the discrete time equations. Given a set of parameters for the
continuous time equations we need to identify corresponding values of the parameters
in the discrete time equations. The continuous time fractional recovery SIR model
is parameterised by three functions, (\(¢), w(t), v(t)), and two constants («, ).
The discrete time fractional recovery SIR model is parameterised by three functions
(A(n), w(n), v(n)), and three constants («, r, At). Assuming a given time step
At, the correspondence between the continuous time t and the discrete time n is
given by t = nAt. The expected number of births in a time step is related to the

continuous time birth rate by,
A(n) = AtA(ndt). (6.33)

The probability of an individual becoming infected in a time step is related to the

continuous time infection rate by,

(nt1)At
w(n) =1-—exp (—/ w(t') dt') : (6.34)

ot

We can treat the death probability in a similar fashion,

(n+1)At
v(n) =1—exp (—/ (t') dt') : (6.35)

6t
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This definition of the death probability ensures that the discrete survival function,

6(n,m) is equal to the continuous time survival function evaluated at ndt mdt, i.e.

O(n, m) = exp (— / ) dt’> | (6.36)

mAt

The discrete anomalous exponent, «, is unchanged from the continuous case. The

remaining parameter in the discrete model, r, is obtained from,
r = pAt®, (6.37)

which is consistent with Eq. (6.32). Note that r is a probability and as such is
bound in the interval [0, 1]. Thus given the parameters x4 and « from the continuous

time model, Eq. (6.37) constrains At as follows,

At < l é 6.38
(2) (6.39)

0

Given that Egs. (6.20), (6.19), and (6.21) are explicit difference equations if we
know S(k), I(k), and R(k), for 1 < k < n, then we can calculate S(n), I(n), and
R(n). In this manner we have a simple numerical method that approximates the

solution of the continuous time fractional recovery SIR model by simply noting that

for t = nAt, S(t) = S(n), I(t) = I(n), and R(t) ~ R(n).

6.3 Example

We consider the fractional recovery SIR model, Egs. (2.61), (2.62), and (2.63), with
the following parameters, A(t) = 0.1, w(t) = 0.02, v(¢) = 0.001, x = 1, and a range
of a € (0,1]. We also take a delta function initial condition at ¢ = 0 for the infected
population, i(t,0) = 0.56(¢). The initial recovered population is taken to be zero,
R(0) = 0, and the initial population in the susceptible compartment is taken so that
the total population is at the equilibrium level of 100, i.e. S(0) = 99.5. With these

parameter values, the system has two possible steady states, the disease free steady
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Figure 6.1: The endemic steady state in the fractional recovery SIR model plotted
as a function of « for susceptibles (solid line) and infecteds (dashed line). The
Parameters were A = 0.1, w = 0.02, v = 0.001.

state given by Eq. (2.84) and the endemic steady state given by Eq. (2.85). The
endemic steady state for susceptibles and infecteds are plotted as a function of « in
Fig. 6.1.

To find the numerical approximation for this situation we solve the discrete
equations, Eqs. (6.20), (6.19), and (6.21). For a given At, the discrete parameters
are taken to be A(n) = 0.1A¢t, w(n) = 1 —exp(—0.02At), v(n) = 1 —exp(—0.001A%),
and 7 = At®. The initial conditions are implemented by taking S(0) = 99.5, R(0) =
0, and i(—k,0) = 0.50¢ .

In Fig. 6.2 we show plots of S(t) and I(t) versus time for o = 0.3,0.5,0.7,0.9 with
initial conditions S(0) = 99.5,1(0) = 0.5, R(0) = 0. The number of susceptibles falls
sharply over short times before rising slowly towards a steady state at later times.
The number of infecteds rises to a maximum in the short time regime before declining
slowly back towards a long time steady state. It can be seen that the peak level of

infection and the long time levels of infection are both increased with decreasing a.

For values of a very close to one the numerical solutions show an oscillatory

approach towards the steady state. This can be seen in Fig. 6.3 for o = 0.99, 0.999,
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Figure 6.2: Plots of S(t) and I(t) versus time in the fractional recovery SIR model
with o = 0.3,0.5,0.7,0.9. The arrow indicates the direction of increasing «. The
other parameters are A = 0.1, w = 0.02, v = 0.001. The model was solved using the
DTRW method with At = 0.05.

and 1. The oscillations are suppressed as « is decreased.

6.4 Limit To Continuous Time

The discrete time fractional recovery SIR model can be shown to limit to the frac-
tional recovery SIR model by identifying ¢ = nAt and taking the limit At — 0 with
r/At® finite. The continuous time equations can be obtained from the discrete time
equations using Z-star transform methods. The Z-star transform of Y'(n) is given
by

Z*[Y (n)]s, At] = Z Y (n)e A (6.39)
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Figure 6.3: Plot of susceptible versus time, after the initial relaxation time, for
a =1 (solid line), a = 0.999 (dotted line) and o = 0.99 (dashed line). The other

parameters are A = 0.1, w = 0.02, v = 0.001, and At = 0.05

It follows that

AtZ*[Y (n)|s, At] = ZY Je SATAL
(6.40)

o0

Y (nAt)e ™A AL,

where we have introduced Y (t) as a function defined over a continuous variable ¢

We can now take the inverse Laplace transform from s to ¢

Z Y (nA)S(t — nAt)At (6.41)

n=0

L1 |AtZHY (n)|s, At]|t

where 6(t) is the Dirac delta function. Here, and in the following, we use the notation

t| to denote the inverse Laplace transform from s to t and we use the

LY (s)

notation £; |Y(t)|s| to denote the Laplace transform from ¢ to s

It is useful to define the function

(6.42)

Y (t|At) =Y (nAb)s(t — nAt)At.

n=0
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In a similar fashion we have

t Y (nAt)s(t — (n+ 1)At)At

[
NE

L |ALZ Y (n —1)|s, At

0

3
|

Y((n = 1)A8)(t — nAt)At (6.43)

I
WE

Il
o

n

=Y (t — At|At).

Note that, with ¢ = nAt, in Eq. (6.42), we have

lim Y (t|At) = lim Y Y (nAt)d(t — nAt)At
At—0 At—0 —
_ / V()o(t — t') dr (6.44)
0
=Y(t).

This formally identifies

Y(t) = Jim L7V AtZH[Y (n)|s, At]|t] , (6.45)
provided that the limit exists.
We further note the product rule
Al}tglo Z% X (nAt)Y (nAt)o(t — nAt)At
o . (6.46)
= (Al}glo nz:_o X (nAt)j(t — nAt)At) (Al}glo ; Y (nAt)d(t — nAt)At) :

which equates to X (t)Y(t) in each case, with ' = nAt, provided that both X ()

and Y (t) exist.
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We now take the inverse Laplace transform of the Z-star transform of Eq. (6.19)

At

At to write

and multiply by

ii(nm) —I((n— DAY anar

— N 6(nAt,0) < " R — k)AL <k?ZI)€A_tI%()k&)> 5(t — nADAL (6.47)

. i To(nAt) — Iy((n — 1)At)

— nAt)AL.
& 5(t — nAt)At

n=0

We now take the continuous time limit of Eq. (6.47) using ¢’ = nAt and the

product rule in Eq. (6.46), to obtain

(o DO T ADN
/O<A¥30 Al )5“—”“—

/ T o W)W — 1) dr

_ (/000 é(t’70)5(t —t) dt’) (Aligloé Z ( T R((n — k)At)](k:Aé?kgtfoo()kAt))

% 8(t — nALAL) — /0 T A (f(t’) - Io(t’)> St —t')dt

< L(t) = It = At) N
+/O (hm A )5(t—t)dt

At—0
(6.48)
where we have defined continuous time rate parameters
oy W(nA)
A0 =L T ar (0:49)
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and

(e 7(nAt)
V() = AtSo At (6.50)
Equation (6.48) simplifies further to
MO _ owswi - 50 (10 - L) + 2
- R Ny ey I(kAt) — Io(kAY)
— 4(t,0) <A11r30 N nz; (;; #((n — k)At) 3(6BL,0) ) 5(t — nAt)At> .
(6.51)

The further reduction of this equation depends on the specific form of the memory

kernel x(n). In the case of a jump at each time step the memory kernel is,
K(n) = 0 1. (6.52)

In this case we can perform the sum over k explicitly in Eq. (6.51) to arrive at

i dlo(t)
Y _ owsmie - (10 - Ln) + 2

= I n—l At) — Io((n — 1)At)
—0(t,0 (Alglo i Z CEEYS ot — nAt)At> :

(6.53)

In order for the continuous time limit of the above equation to exist we define

,
i= A A (034

Note that r is a free parameter in the range [0, 1] and hence p is only well defined
in this limit if we take r to be a function of At. With this definition of u we can

now perform the limit 6¢ — 0 to obtain the continuous time equation,

L L dlo(1)
dr

(6.55)
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This further simplifies to

al . s 8 o
= = wOSOI) — pl(t) = A(OL(). (6.56)
Equation (6.56) recovers the corresponding equation in the classic SIR model.
We now consider the continuous time limit of Eq. (6.51) with the Sibuya memory

kernel, given by Eq. (6.18). First we simplify the double sum in Eq. (6.51) using

Laplace transforms and Z-transforms as follows:

o (e [(kAL) — Io(kAt)
Jim > (kzzo R((n — k)At) S6BL,0) ) 5(t — nAt)At

e’} n—1 = ~
— 'L | lim — > R((n — k)At)I(kAf) — lo(kAY) 5(t — nAt)At|s| |t
| At At =\ 0(kAt,0)
i 00 n—1 ~ ~
— o | dim S S (- kyan L FAD = RO ) sy
| At=0 At = \= 0(kAt,0)
i n—1
T I(k) — Iy(k)
=7 | lim — 27 — k)= 05 AfA
£ N [k:()”(” N0y | AlAl
_ r—1 | : L * * I(n) - ]0(k>
=L, Aliglo AtZ [k(n)|s, At]Z [—H(n,O) |s, At]At|t] .
(6.57)

The last line in the above follows from the convolution theorem for Z-star transforms.

To proceed further we use the Z-transform of the Sibuya memory kernel in Eq.

(6.26) to write

Z*[k(n)]s,At] = [((1—e )17 — (1 — e *21))] (6.58)

~  (sA)'TY 4 o(sAt). (6.59)
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The result in Eq. (6.57) can now be written as

R ey fstey I(kAt) — Io(kA)

lim — Z (Z R((n — k)At) G 0) ) d(t — nAt)At

' 1-a = ]N(nAt) — jo(nAt) —snAt
D dnaLo)  © M

S

lim t

At—0 At
< I(t) —

— ,U“CS—I Sl—a/ ( )
0

— ,u/J_l Sl—aLt

S

(6.60)

where

= Alim (6.61)

i—0 At

Finally we substitute the result of Eq. (6.60) into Eq. (6.51), and use the known
result [121]

Lo | oD} Y (t)|s| = s'7L |V (2)|s (6.62)

to invert the Laplace transform and obtain

I
Ev
—~
~
SN—
U
Yy
~
N—
~n

2 [ I(t) = Io(t s (s . dIo(t
(1)~ wh(1.0)oD} (M) =50 (1) - L) + 20,
0(t,0)

(6.63)

Equation (6.63) recovers the continuous time fractional recovery SIR model equation.

Note that in order for the continuous time limit of the fractional recovery SIR
model equation to exist we defined,

— lim (6.64)

-var NS '
which requires € [0,1] to be a function of At. This is important for numerical
simulations based on this DTRW method where we take r = pAt* and then the

requirement that r € [0, 1] places restrictions on At for given o and p.
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6.5 Summary

We have derived a discrete time fractional recovery model that limits to the contin-
uous time fractional-order model as the time step goes to zero. The discrete time
model was itself derived from a stochastic process and we have used this model to
provide a stable numerical solver for the continuous time model. Our numerical
solutions based on this discrete model show that the prevalence of infection and the
peak levels of infection are both elevated by the fractional-order derivative as it is

varied further away from the integer order derivative in the classic SIR model.
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CHAPTER 7

Discretisation of the Fractional General Compartment Model

7.1 Introduction

The work in this Chapter follows the publication [19]. We have introduced an ap-
proach for finding solutions of fractional order compartment models that also pro-
vides further insight into stochastic modelling. Our approach is based on using the
correspondence between continuous time, and discrete time, stochastic processes.
The fractional order compartment models of the type derived form a continuous
time stochastic process in Chapter 3 can also be derived from a corresponding dis-
crete time stochastic process. The discrete master equations, for the discrete time
stochastic process can be used in turn to formulate stable numerical schemes that
can easily be implemented to obtain approximate solutions for the continuous time
fractional order compartment models. One of the purposes of this text is to draw
attention to, and develop connections between, discrete time stochastic processes
and numerical schemes.

The remainder of this Chapter is organized as follows. The governing evolution
equation of a discrete time stochastic process for a single compartment is given in
Section 7.2. A general compartment model can easily be formed from the compo-
sition of any number of single compartments. The only constraint that we place
on the compartment models is that there is a single non-Markovian removal pro-
cess for each compartment. This restriction is required in order to obtain fractional

derivatives in the continuous time limit.
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In Section 7.3 we show that the governing equations for the discrete time stochas-
tic process will, in the limit of small time steps, approach the governing equation
for a fractional order compartment model. This correspondence provides the basis
for utilising the discrete time process as an approximation for the continuous time
compartment model. In previous work [13, 9], the governing discrete time evolu-
tion equations were used directly to provide a difference equation approximation to
the fractional order partial differential equations. This was possible as the partic-
ular choice of waiting time distributions led to an expression for the discrete time
memory kernel that was amenable to simplification through Z-transforms. Here we
consider choices of waiting time distributions where this simplification cannot be
carried out. Instead, we track both the population in each compartment, as well as
the flux between the compartments at each time step. By tracking the fluxes we
obviate the need to perform the inverse Z-transformations required to calculate the
memory kernel.

The single compartment model is extended to multiple compartments in Section
7.4, where we show that the multi compartment system can be considered via a flux
matrix. The implementation of the numerical scheme for an arbitrary fractional
order compartment model is given in Section 7.5. A general example is considered
to illustrate how to construct both the fractional order compartment model PDE’s
as well as the numerical scheme for their solution.

In Section 7.6, particular examples are given to illustrate the use of the scheme.
Examples are chosen for their tractability, so we can compare the method to exact
solutions, and for their ability to demonstrate the variety of uses of compartment

models.

7.2 Discrete Derivation

A general compartment model can be analyzed and solved by separating the struc-

ture into several single compartments [14]. As such we will develop our stochastic
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process by considering the dynamics of a single compartment, before combining
multiple single compartments into a full compartment model.

We begin by considering an ensemble of particles that enter the compartment,
wait for a random number of time steps, drawn from a probability distribution, and
then leave. In general the expected number of particles in the compartment after n

time steps, X (n), can be calculated as,

X(n) = E(n, k)Q(k), (7.1)
k=0
where Q(k) is the flux of entering particles on the k" time step, and Z(n, k) is the
probability that a particle that entered the compartment on the k™ time step has
survived until the n'" time step.
Considering the case where we have two independent processes that describe the
waiting time, we may write the survival function, Z(n, k) as the product of each

processes survival functions,

=(n, k) = O(n, k)®(n, k). (7.2)

In order to obtain a fractional order compartment model we will take one of our
processes to be Markovian, with survival function ©(n, k), and the other to be non-
Markovian with survival function ®(n,k). The Markovian survival function will

obey a semi-group property such that,

O(n, k) = O(n,m)O(m, k), (7.3)

with integers n > m > k. The non-Markovian process is assumed to only depend
on the amount of time that a particle has spent in the compartment, and as such

we may write its survival function as,

O(n, k) = d(n — k) (7.4)
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The expected flux of particles in the compartment can be written as,

[y

X(n)-X(n-1) =Y O(n,k)d(n—k)Q(k) - " O(n—1, K)(n—1—k)Q(k). (7.5)

e
Il

This in turn can be rewritten as,

n—1

X(n) = X(n—1)=Q(n) = Y _®(n—1-k)(O(n—1,k) — O(n, k))Q(k)
o (7.6)
S O )W — Q).
k=0

where the flux leaving the compartment has been split into a Markovin and a non-

Markovain component, we have defined,

U(n)=o(n—1) — d(n), (7.7)

and used the fact that ©(n,n) = 1, and ®(0) = 1. Using the semi-group property,

Eq. (7.3) this can be written,

i
L

X(n)—=X(n—1)=Q(n)—(1-6n,n—-1)) Y O(n—-1,kdn—-1-kQk)

— X_: O(n, k)¥(n —k)Q(k)

(7.8)

It should be noted that the decomposition from Eq. (7.5) to Eq. (7.6) is not unique
and the choice made is equivalent to requiring that a particle survive the Markovian
process before it may leave due to the non-Markovian process. The alternate choice,
or having the particle survive the non-Markovian process before leaving due to the
Markovian process, could be made which would give a different form of Eq. (7.6).
This choice should be considered as part of the definition of our overall stochastic

process.
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Equation (7.6) can be further simplified using Eq. (7.1) to give,

—

X(n)=X(n—1) = Q(n)—(1-6(n, n—1)) X (n—1)— 5" O(n, K)T(n—k)Q(k). (7.9)

B
Il

The last sum may be expressed as a convolution by noting the semi-group property

of the Markov survival function, and taking ¥(0) = 0, so that,

X(n)—Xn-1)=Q(n)—(1-60(n,n—1))X(n—1)—06(n,0) » ¥(n—k)

@

(k,0)
(7.10)

We can further simplify this equation by considering the Z-transform of the discrete

convolution on the right hand side. Firstly from Eqgs. (7.1), (7.2) and (7.3) we have,

X(n) < Q(k)
5.0 ;;@(n - k)®<k70). (7.11)

Taking the Z-transform of this equation then gives,

#{on) = 2o 2 {gh 5} (712)

Taking the Z-transform of the convolution in Eq. (7.10) similarly gives,

z {; U(n — k)@%i’f())) } = Z{U(n)} 2 {@%if‘())) } . (7.13)

Combining these results we see that,

S win - k) 20§ gy S (7.14)

k=

[e=]

where the memory kernel K is defined by its Z-transform,

_Z2{¥(n)}

Z{E} = Z gy

(7.15)
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We can then write the master equation for the discrete time evolution of the prob-

ability as,
X(n)=X(n—1)=Qn)—(1-6(n,n—-1))X(n—1)=6(n,0) p K(n—Fk) @)f,ikg)
= (7.16)

7.3 Continuum Limits

The continuum limit of the discrete time master equation, Eq. (7.16), will be ob-
tained by considering the limit as the time step size is decreased to zero. To begin
we assume a form for the waiting time distribution by assuming that there exists
a continuous time waiting time survival function, ¢(¢). Taking a lattice spacing At

we define our discrete time waiting time survival function as,
®(n) = Ppar(nAt) = ¢p(nAt), (7.17)

where ¢a; is a function over a continuous time such that at the points ¢t = nAt
it agrees with the discrete time function. Away from these points we will assume
that the function is continuous via some form of interpolation. From the survival

function we can find the discrete time probability mass function
U(n) = ar(nAt) = ¢((n — 1)At) — ¢(nAtl). (7.18)

Furthermore, we can note that in the limit At — 0, such that ¢t = nAt we have,

_ Ya(nAt) d(t)
ey wE

= (1), (7.19)

where 1(t) is the probability density associated with the continuous time survival
function. The semi-group property of the Markovian survival function can be pre-

served in the continuous time limit by assuming that there exists a time dependent
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hazard rate, p(t), such that,

O(n,m) = Oa(nAL,mAL) = exp (— / " u(s)ds) . (7.20)

For the evolving probability function over discrete time we will associate a continuous

time function, parameterised by At, such that at the points ¢t = nAt we have,
zar(nAt) = X(n), (7.21)

and the continuous function is interpolated between these points.
We will also assume that there is a continuous time flux, such that,
Q(n)

qar(nAt) = === (7.22)

To look at the continuous time limit of the discrete equation it is easiest to work
from Eq. (7.10). We begin by casting the equation in terms of the newly defined

continuous time functions,

_ _ _ *fon u(s)ds 2¢At (( )At) QAt(k?At)
Lt (nAt) mAt((n 1)At) - ¢ Z At At e fOkAt p(s)ds

(1 I IO ) zai((n — 1)At) + gar(nAt) At.

(7.23)

Setting t = nAt and expanding the right hand side of this equation about At = 0,

whilst noting that,

ZAt2¢At )At) C]At kAt / ¢At t—t) CIAt(t,) at' + O(At3)
o fOkAt o f(f/ (s)ds
_At/ o (t ( _alt) +O(A#)
0 ,u(s)ds
(7.24)
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then gives,

zar(t) — war(t — At) =q(t)At — p(t)z(t) At
t ) (7.25)
— e dorsAE [yt —t) —qft ) dt' + O(At?).
e~ Jo wn(s)ds

Here we have defined the continuous time limits of ga; and za;(nAt) such that,

Am qae(t) = qo(t) = q(t), and, (7.26)
Algl rar(nAt) = xo(t) = z(t). (7.27)

We now divide both sides of Eq. (7.25) by At and take the limit At — 0 to arrive

at the limit equation,

0 — o) = w0 — 0 [ -0y

/
efot ds

To obtain the continuous time master equation we will rewrite the convolution in
Eq. (7.28) via the use of Laplace transforms. Firstly, the continuous time limit of
Eq. (7.1) is,

)edo nls)d / ot —t') Hs)ds gy, (7.29)

Similarly to the discrete time case the Laplace transform of this equation can be

used to show that,

/w o Sdt _/ K(t ( ))dsdt’, (7.30)

where the memory kernel K is defined via its Laplace transform,

L{p(0)}

LKW} = Fiamy

(7.31)
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This then leads to the continuous time master equation,

dx(t)
dt

= q(t) — p(t)a(t) — e Jor S>d8/ K(t ( G (7.32)

u(s)ds

This equation is identical to the master equation derived in Angstmann et al. [14]
for the case of a general compartment model. Given a Mittag-Leffler waiting time

distribution, we have,

/Kt—t - ( ) — L —dt' = 7D} (exi) (7.33)

u(s)ds — Jo u(s)ds

and the general master equation becomes,

= lt) = pl0ya(t) ~ 7o o pe (D

e~ Jo wu(s)ds
which is the general form of the evolution equation for a fractional order compart-
ment model.

7.3.1 Error Analysis

The continuous time limit given above serves to show that the approximation of
the continuous time equations by the discrete time stochastic process is convergent.
Further to this it would be ideal to have some idea about the accuracy of the

approximation. We define the L; error in our approximation as,

ent(t) = |2(t) — zar(t)]: (7.35)

In order to see how this scales with At we integrate Eq. (7.28) from ¢ — At to ¢,

() — 2t — AF) = /j o(u )du—/t ()2 (u)du

t
- / —Jo #s)d / W(u ( ) g,
Al J3 uis)ds

(7.36)
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Taking the series expansion of the right hand side about At = 0 then gives,

x(t) — x(t — At) =q(t) At — p(t)x(t) At

. t / (737)
—e o ”<S>dSAt/ W(t — t’)#dt’ + O(At?).
0 e~ Jo n(s)ds
From Egs. (7.25) and (7.37) we then find,
ent(t) = |zt — At) — za(t — At) + O(AP)). (7.38)
Hence,
eat(t) < ear(t — At) + O(AF?). (7.39)
As we have fixed t = nAt, we can recursively use this to write,
ear(t) < ear(0) +nO(A). (7.40)

Finally noting that our initial condition is exact, and hence ex;(0) = 0, and that n

scales with ﬁ, we find the error bound by a term of order At,

ens(t) < O(AL). (7.41)

7.3.2  Stability

In the above subSection we showed that the discrete time process will converge to
the continuous time process, and we identified the rate of that convergence. It still
remains to be shown that the discrete time process well approximates the continuous
time process at some non-infinitesimal At. To achieve this we will examine the
stability of the approximation. The approximation of the continuous time solution
by the discrete time solution will be considered stable if the error remains bounded

as t — oo.
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Due to the construction of the continuous time equations from a stochastic pro-
cess, see Angstmann et al [14], the solution must always remain positive, and hence
x(t) > 0 for all ¢. This is also true for the discrete time solution and is readily
seen from Eq. (7.1). First note that 0 < Z(n,k) < 1 as it is a probability, and
Q(k) > 0 by construction. From this we see that X (n) > 0 for all n as it is a sum of
non-negative numbers, and then by it definition za.(t) > 0. From Eq. (7.35) then
we see that,

end(t) < a(t) + zad(t), (7.42)

and ea; only diverges if either xa; or x diverge.

Considering the case where we have no additional flux entering the compartment
after some time, i.e. Q(m) = 0 for all m greater then some number n. In this case
xai(mAL), the solution to the discrete time equations, is a decreasing sequence for
all m > n. This can be seen from Eq. (7.10), where under these conditions all the
terms on the right hand side are negative. Given that x; is both decreasing and
bound non-negative we know that it must be approaching some limit, i.e.,

lim za(mAt) = L, (7.43)

m—00

where the value of L may be dependent on the initial conditions. As such we see
that the error is bounded and therefore the solution is stable. Further to this we
say that the approximation is unconditionally stable as this stability is independent
of the time step size, At. The general case of Q(m) > 0 is more nuanced as the
continuous solution may itself diverge, and this needs to be considered on a case by

case basis.

7.4 Multiple Compartments

Thus far we have been concerned about the dynamics of a single compartment. Most
compartment models involve a sequence of compartments and as such we need to be

able to solve a system of multiple compartments. In an M compartment model each
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compartment will have its own survival function, =Z;. In addition to this we define an
adjacency flux matrix, of size (M +1) x (M +1), as Q(n) = Q; ;(n) to describe the
flux from compartment ¢ to compartment j at time n. The additional dimension
of Q(n) allows us to capture flux moving in and out of the model that does not
originate or terminate in any compartment. The total flux out of compartment ¢ is
then the sum over the ith row of Q(n) and similarly the total flux into compartment
i is the sum over the ith column of Q(n).

Using this notation for the flux and waiting time survival function we may then
explicitly define the dynamics of the mass for compartment 7 using a generalisation

of Eq. (7.1),

n M+1

Xi(n) => Zi(n,k) Y Qui(k). (7.44)

k=0
Similar to Eq. (7.2) we will assume that the survival functions, Z; are separable into
Markovian and non-Markovian survival functions. Further to this we will assume
that the Markovian survival function can be separated into survival functions for

each Markovian outflow such that,

M+1

Zi(n,k) = [ ©i(n. k)i ;(n — k). (7.45)
j=1
Here ©, ; is the Markovian survival function for the process in compartment ¢ that
will send mass to compartment j, and ®;; is the non-Markov survival function for
the process from ¢ to j. Note that we are restricted to a single non-Markov outflow
for each compartment, and so ®; j(n — k) = 1 for all other compartments.
Further to this we can write Eq. (7.6), in terms of the elements of Q highlighting

its form as a flux balance equation,

M+1 M+1
Xi(n) =Xi(n— 1)+ > Quiln)—>_ Qin). (7.46)
=1 =1

/

Vv vV
flux into X; flux out of X;
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The flux out of the compartment, in terms of the overall survival functions, can be

written,

M+1 n—1 /M+1 M+1
Z Qzl Z (H @M(n — ]_, ]C)CI)ZJ(’I’L —1- ]f) — H @i,j(n, k:)<1>w(n — k))
=1 k=0 \ j=1 Jj=1 .
X (Z Ql,iuf))
=1

(7.47)

The decomposition of the right hand side into a sum in order to identify the individ-
ual ();; from the right hand side is again not unique and will depend on a ordering
or the removal processes. Assuming that a particle may only leave the compartment
due to Markov process ¢ if it has first survived all Markov processes j, such that
j < i, and that any non-Markov removal process will alway be considered after the

Markov processes, we may write,

Qiy(n nZ<H 0;,(n zJ(n—l—ls)) (1—6,(n,n—1)) H@”

k=0 j=1

X (Z Qh,i(k)> + i H Qi (1, k) (Biy(n — 1 —k) — ®;(n — k) (Z Qnil
(7.48)

In going from Eq. (7.47) to Eq. (7.48) it has been assumed that ®;;(n) = 1 for all but
one [, i.e. there is at most one non-Markovain transition out of each compartment.
This is also a requirement so that the continuous time limit will contain fractional
derivatives. In the cases where the mass leaving one compartment arrives into
another compartment unchanged, then Q(n) is symmetric and can be recursively
constructed via Eq. (7.48). In other cases the flux into the compartments will need
to be constructed from the model itself, but Eq. (7.48) will still hold true for the
flux out of a compartment. An example of an asymmetric system is provided in

Section 7.6.2.

121

k>>



7.5 Implementation

Here we will demonstrate how the discrete time stochastic process can be used as a
numerical scheme to solve a fractional-order compartment model. From Eq. (7.44)
it is clear that if we know the matrix Q at all times then we can easily calculate
the solution of the fractional order model. The flux, Q, may itself be found via
recursion from Eq. (7.48) or similar. The process of constructing this numerical
scheme from a given set of equations or block diagram is clearly illustrated by way
of example. We will consider the diagram shown in Figure 7.1 and the associated

system of equations,

d t
ﬂ = )\(t) + TQ—a202(t) (),Z)tl_a2 xQ( ) + 62(t)[1i2(t) (749)
dt ~— Qg(t)

flux entering system -~ v

flux in from 2
T (t)

) \(n—‘“ g ( L ) + 6 (t)asl(t)>;

~
flux out from 1 to 2

% = (nalel(ﬂ oD} (ZE;) > + 5 (t):cl(t)) (7.50)

[ J/
-~

flux in from 1

- \(m‘ “20,(t) oD @28) + 52(15):62(25))/— ﬁlf(;)zii)tm

flux out from 2 to 1

Here, 0,(t) = exp (— NG (T)dT), and 0y(t) = exp <— Iy Ba(T) + ,u(r)dr). We note
that these equations may be nonlinear as A\, £, (2, and pu, are arbitrary time de-
pendent variables and may depend on x; and x5 themselves. These equations will
be subject to initial conditions such that z,(0) = a, and x2(0) = b.

The numerical scheme comprises two major parts. To obtain an approximation
for x1(t) and xo(t), we will first calculate Q(m) for all m < n such that t = nAt.
Following this we will calculate X; and X5 via Eq. (7.44) and use these to form
our approximation. To do this we will need to relate the discrete parameters and

probabilities to the known parameters given in the continuous time equations. The
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A®) 1 | By 2

Figure 7.1: Box diagram for the case considered in the implementation Section. The
solid arrows indicate a Markovian transition from one compartment to another with
a rate parameter indicated above the arrow. Arrows originating or terminating on
no compartment indicate transitions in and out of the system respectively. Dashed
arrow indicate a non-Markovian transition with the first parameter above the arrow
being a time scale and the second parameter being the exponent.

discrete time process is completely described by the survival functions and incoming

flux. Considering compartment 1 the Markov survival function is,

nAt

©12(n,m) = exp (— Bl(r)dr> , (7.51)

mAt

and the non-Markov survival function is,

oo 5 (- (12" o

Note that this non-Markov survival function is chosen so that in the limit At — 0
we will recover the Mittag-Leffler survival function, Eq. (3.39), that leads to the
fractional derivative appearing in the continuum equations. The discrete time flux

entering compartment 1 from outside the system can be found from,

nAt
Q31(n) = /( AT)dT + adyp. (7.53)

n—1)At

where 9,, o is a Kronecker Delta function and the term ad,, ¢ is used to establish the

initial condition. In compartment 2 we have two Markovian out processes and one
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non-Markov out process. The Markov survival functions are,

nAt

©31(n,m) = exp (— 52(T)d7) : (7.54)

mAt
and

O 3(n, m) = exp <— / nAt,u(7‘)d7‘) | (7.55)

mAt

The non-Markov survival function is

o) - £ (- (220)7). o

Compartment 2 does not have any flux entering from outside the system and so the

flux @32 will only incoporate the initial condition,

Q3,2(n) = bdy . (7.57)

The flux matrix that we wish to compute then is,

0 Qa2 O
Q) =1 Q1 0 Qa3 |- (7.58)
Q31 Q32 0

We know Q37 via Eq. (7.53) and Q32 via Eq. (7.57), leaving only three matrix
elements that must be calculated recursively. Starting with the flux entering com-

partment 1 from compartment 2 we have, from Eq.(7.48),

n—1

Q21(n) =Y 031(n, k)Os3(n, k) (Pa(n — 1 — k) — Boy(n — k))(Qr2(k) + Qs(k))

n—1

+Y O01(n— 1,k)O23(n — 1,k)Pay(n — 1 — k)(1 — Oa1(n,n — 1))(Q1.2(k) + Qs2(k)).

(7.59)
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Similarly, using FEq. (7.48), we find the flux entering compartment 2 from com-

partment 1,

n—1

Q1,2<n) = @172(71 - 1, /{:)<I>1,2(n —1- k?)(l - @1’2(72, n — 1))(@2’1(/{3) + Qg,l(k’))

+ @172(71, k:)(CI)l,g(n —-1- k)) - <I>1,2(n - k‘))(QQJ(k) + Q3’1(]€)).

(7.60)

Lastly, using Eq. (7.48), the flux leaving the system from compartment 2 is,

n—1

Q23(n) =Y Oa1(n, k)Oz3(n — 1, k)Po(n — 1 — k) (1 — Oz3(n,n — 1))
k=0 (7.61)

X (Q12(k) + Q32(k)).

Finally, to obtain the approximation we use Eq. (7.46),

Tia¢(nAt) = Xi(n) = Xi(n — 1) + Q21(n) + Q31(n) — Q12(n), (7.62)

Tap(nAt) = Xo(n) = Xo(n — 1) + Q12(n) + Q32(n) — Q21(n) — Q23(n). (7.63)

7.6 Examples

Here we consider a collection of examples that have been chosen for their tractability,
enabling us to make comparisons with exact solutions. The fractional derivative in
all these examples ensures that the evolution has a dependence on the entire history,

and thus includes a non-local memory effect.

7.6.1 A Single Compartment Model for Chromium Poisoning

We consider a one-compartment model describing the clearance of chromium in
mice considered in Subsection 3.4.2 [14]. This compartment model comprises of a
single compartment that has an initial dose of chromium, ¢y, that exits out of the

compartment via a non-Markovian process, see Figure 7.2.
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The amount of chromium in the compartment, ¢(t), changes according to the

fractional order DE,
dc

i —7% oD} (), (7.64)
where 7 is a time scale and « the exponent, subject to the initial condition ¢(0) = c.

The exact solution to Eq. (7.64) is given by,

c(t) = coBu1 (— (18)). (7.65)

Using our discrete time stochastic process this governing equation can be ap-
proximated by its discrete time analog. As outlined in Section 7.5, we will come
about this approximation by considering the flux for the system. As there is a single

compartment we will consider a two dimensional flux matrix,

0
Q= @) (7.66)
Q21 O
where (Q21(n) is the flux into the compartment and ;2 is the flux out of the

compartment. The only flux into the compartment, Q(k), is the initial dosage and

hence we may write,

Q2,1(n) = cobnp, (7.67)

Figure 7.2: A one compartment model for the clearance of chromium. There is
a single non-Markovian transition out of the compartment with time scale 7 and
exponent «.
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where 0, ¢ is the Kronecker delta function and ¢ is the initial dosage concentration.

The non-Markovian survival function is given by

By9(n) = Buy (— (tnAD®) (7.68)

and there are no Markovian processes. Hence, from Eq. (7.48), we can write,

i
L

Qr2(n) =) (Pia(n—1—Fk) = P1a(n —k))(Q21(k)). (7.69)

0

i

Substituting Eq. (7.67) into this gives,

Q12(n) = co(P12(n — 1) — Py 2(n)), (7.70)

for n > 1. Finally our approximation for the solution is found from Eq. (7.46),

cat(nAt) = Xi(n) = Xi(n — 1) — co(Pra(n — 1) — ®19(n)), (7.71)

for n > 1 and X (0) = ¢o. This recursive relation can be solved to give,

car(nAt) = X1(n) = cgEa (— (TRAL)Y) . (7.72)

Hence in this case our numerical approximation gives the exact solution at discrete

points, t = nAt.

7.6.2  Two Compartment Model for in Host HIV Dynamics

HIV has been the subject of numerous mathematical models, typically aiming to
describe the population dynamics of the virus itself and the CD44 T cells, targeted
by the virus [119]. We consider a simplistic two-compartment model describing these
dynamics in the case of a combined antiretroviral therapy with 100% efficacy, leading

to no replenishment of the infected T-cells from uninfected cells. This model has

127



been considered in it’s continuum in Subsection 3.4.3 [14]. The model is governed
by
al

== —6% oD} 1, (7.73)

and

dv
- = N&¥ oD} 1 — 6V, (7.74)

where I denotes the number of infected CD4+ T cells and V' the number of HIV

virons, subject to the initial conditions,

1(0) = I, (7.75)

V(0) = V. (7.76)
The solution of these equations is given by [14],
1) = ToEay (—(671)°). (7.77)

V(t) =V, N ([1 — V' Eon (=(6:1)")] + by /Ot €V Ba (=(315)") ds) (7.78)

+ Voe"s"t
In representing this as a compartment model, we consider three compartments,
with [ is taken to be the first compartment, V' to be the second, and a third dummy
compartment for outflows an initial inflows. This is illustrated schematically in
Figure 7.3).

The flux matrix Q(n) for this example is given by

0 0 Qi3
Q=1 0 0 Qs - (7.79)
Q31 Q32 0
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The flux into the I compartment from the dummy compartment is used to give the

initial condition such that,

Qs1(n) = Loy o, (7.80)

From the model we see that the flux into the V' compartment from the dummy
compartment is a multiple of the flux out of the I compartment into the dummy

compartment, plus our initial condition term. Hence we can write,

Q32(n) = NQ13(n) + Voo . (7.81)

This just leaves the flux out of each compartment into the dummy compartment.
A single non-Markov process removes particles from the I compartment, from Eq.

(7.48) we can therefore write,

i
L

Qu3(n) =) (P13(n—1—Fk) = ®13(n—k))(Qs.1(k)), (7.82)

i

with
Py 5(n) = Ea (— (6rnAL)Y). (7.83)

Figure 7.3: Diagram for the HIV model. Here the Infected cells die with a non-
Markovian transition. The virions grow proportionally to the death of the Infected
cells, such that A = N§% ¢D; I, and themselves are cleared via a Markov transition.
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Using Eq. (7.80), this becomes,

leg(n) = [0(<I>1,3(n — 1) - (13173(71,)), (784)

and Eq. (7.81) becomes,

Qs2(n) = N1p(P13(n — 1) — @1 3(n)) + Vodno. (7.85)

Lastly we have the flux from the V' compartment to the dummy compartment, which

again can be found from Eq. (7.48),

—_

n—

Qg,g(n) = (@2’3(71 - 1, k) - @2’3(71 - k))Q&Q(/{?) (786)

0

i

Here the Markovian survival function can be constructed from the continuous time

parameters such that,

O 5(n,m) = exp <— / " MT) | (7.87)

mAt

Our approximation can then be found by considering Eq. (7.46),

IAt(TLAt) = X1 (n) = X1 (TL - 1) + ngl(n) - Ql,g(n), (788)

VAtO’LAt) = XQ(TL) = XQ(TL — 1) + Q372(n) — Q273<7’L). (789)
Again, we can note that the recursion equation for Ix;(nAt), can be solved so that,
IAt(nAt) = ]OEQJ (— ((5]72,At)a) s (790)

and our numerical approximation gives the exact solution for (t) at discrete points,

t = nAt. However the numerical approximation for V' (¢) will not be exact.
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Figure 7.4: Left: Comparison of approximate DTRW solution for I compartment
(o) and V' compartment ((J) against exact solutions (solid line). Right: L; error in
approximate DTRW solution for I compartment (o) and V' compartment ((J). Plots
are given on the domain ¢t € [0, 4], with & = 0.7 and At = 1/8.

Figure 7.4 illustrates a comparison between the exact solution and the numerical
solution obtained by the present method with Vo = 0, Iy = 1, 6y = 1, oy = 1,
At = 1/8 and o = 0.7. A coarse grid has been taken to exaggerate the difference
between these solutions in the V(¢) compartment. The error shown in Figure 7.4 is
problem specific and will grow or shrink depending on the problem dynamics. In
Figure 7.5 the L; error in the numerical approximation of V' (¢) has been plotted as
a function of At, with Vo =0, Iy =1, ; = 1, oy = 1. Since our numerical solution
is evaluated at discrete points, nAt, we choose the evaluation time (¢t = 0.4) such
that ¢ is an integer number of At steps. For Figure 7.5 we used At = 0.4/27 for
7 =0,1,...,9. The error for three values of o have been plotted and all show the

linear relationship as expected by Eq. (7.41).

7.6.3 Two Compartment Model with Fractional Feedback

We now consider a two compartment model with a non-Markovian feedback loop,

as seen in Figure 7.6. This dynamic is captured by,

dx « —«

- 0% 0Dy (y — ) (7.91)
d

d_?i =0%¢D; *(x — y) (7.92)
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Figure 7.5: Plot of the convergence of the L; error for the numerical approximation
of the concentration in the V' compartment at t = 0.4 over At for a = 0.1 (o),
a=0.5(0) and a = 0.9 (o).

with initial conditions z(0) = zy and y(0) = yo. The exact solution for this

system is given by,

(o — yo) Ea1(—20°t%) + 20 + yo) (7.93)

((yo — o) Ea1(—28%%) + 20 + yo) (7.94)

The numerical approximation will again be constructed by considering the flux
out of each compartment. Identifying compartment x as 1, and y as 2, the flux

matrix for the DTRW is,
0 @2 O
Q=Qu 0 of. (7.95)

Q31 Q32 0
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The flux from the dummy compartment to each of the other two compartment

encodes the initial condition so that,

Qs3.1(n) = 2000, (7.96)
and
@32(n) = Yon0- (7.97)

The other two fluxes are both due to non-Markovian processes and there are no

Markovian processes present. As such we can use Eq. (7.48) to write,

—_

n—

Qra(n) =) (P1a(n—1—Fk) = ®1a(n —k)) (Qa1(k) + Q3.1(k)), (7.98)

0

i

and

—_

n—

Qaa(n) = ) (Poa(n—1—k) = ®y1(n —k)) (Qra(k) + Q32(k)). (7.99)

0

B
Il

Comparison with the continuous time equations give the non-Markkov survival func-
tions as,

B, 5(n) = By (n) = Buy (— (GnA1)Y). (7.100)

The numerical approximation can then be constructed from Eq. (7.46) giving,

Z’At(’I’LAt) = Xl(n) = X1 (’I’L — 1) + Q371(n) + QQJ(?’L) — QLQ(TL) (7101)

yAt(nAt) = Xg(n) == XQ(TL - ].) + Qg}g(n) + QLQ(TL) - QQJ(TL) (7102)

We numerically consider the above system subject to g = 1 and yo = 0. Figure
7.7 illustrates a comparison between the exact solution and the numerical solution
obtained by the present method with At = 1/8,§ = 1, and o = 0.7. We again choose
a coarse grid to exaggerate the difference between these solutions in the z(t) and

y(t) compartments. Due to the symmetry of the problem the errors in the z(t) and
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Figure 7.6: Diagram for two compartment fractional feedback loop. In this case
there are identical non-Markovian transitions between each of the compartments
and no Markovian transitions.
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Figure 7.7: Left: Comparison of approximate DTRW solution for x compartment
(o) and y compartment ([J) against exact solutions (solid line). Right: L; error in
approximate DTRW solution for x compartment (o) and y compartment ([J). Plots
are given on the domain ¢ € [0,4], with a = 0.7 and At = 1/8.

y(t) solutions are identical. Figure 7.8 plots the L, error of the solution as a function
of At for a range of a values. Once again the slope of the curve indicates that Eq.
(7.41) holds. We note that the analysis conducted in Section 7.3.2, specifically Eq.
(7.41), provides asymptotic behaviour of the error as At — 0. As such the errors

reported in Figure 7.8 deviate from the theoretical bounds for large At.

7.7 Summary

We have developed a new numerical method for solving a class of coupled fractional
order differential equations that arise in modelling with compartment models. This
method, developed by considering an underlying stochastic process, is robust and
easy to implement. The method is unconditionally stable, in the sense that ar-

bitrarily large time steps can be taken, which is advantageous at small a values
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Figure 7.8: Plot of the convergence of the L; error for the numerical approximation
of the concentration in the x compartment at ¢ = 0.4 over At for a = 0.1 (o),
a=0.5(0) and a = 0.9 (¢). Note that due to the symmetry of the problem the L,
error for the x compartment is equal to the L; error for the y compartment.

where more traditional methods, such as finite difference methods based on the
Griinwald-Letnikov derivative become unstable with larger time steps [134]. Exam-
ples of various compartment models were considered. In each case the results are in
agreement with our analysis.

The procedure for obtaining a numerical method that we have developed can be
applied when there is a known underlying stochastic process for the fractional DEs.
It is interesting to speculate if more general fractional DEs could be derived from a
stochastic process in which case the procedure could be applied more generally. As
an example we recently derived a fractional advection equation, without diffusion,
from a stochastic process [18], featured in the following Chapter. Another interesting
area to pursue is that different stochastic processes may limit to the same fractional

DEs [11, 18] and thus would produce distinct numerical schemes. It therefore may be
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possible to find a more optimal numerical scheme by considering different stochastic

processes.
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Part 11

Fractional-Order PDE Models

137






CHAPTER 8

Fractional Advection Equation without Diffusion

8.1 Introduction

This Chapter moves away from the ODE space of the first Part of this thesis and
presents a derivation for a fractional-order PDE. We have derived a time fractional
partial differential advection equation by considering an advective limit in the gen-
eralized master equations for CTRWSs on a one dimensional lattice with power-law
distributed waiting times. This follows the publication [18]. We have also de-
rived the generalized master equations for corresponding DTRWs which limit to the
same fractional advection equation and we use these master equations as a basis
for obtaining numerical approximations to the solutions of the fractional advection
equation.

The remainder of this chapter is as follows: In Section 8.2 we derive the gener-
alized master equations for CTRWs on a one-dimensional lattice, with a power-law
waiting time density and with two different jump length densities - a two-sided den-
sity, and a one-sided density. We derive a fractional Fokker-Planck equation from
the diffusive limit of the master equation, and a fractional generalized advection
equation from an advective limit of the master equation. In Section 8.3 we derive
the generalized master equations for DTRWs on a one-dimensional lattice with a
power-law waiting time probability mass function and with two different jump length

densities. We show that the fractional generalized advection equation is recovered
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in an advective limit. In Section 8.4 we consider two different numerical approxima-
tions for the solution of the fractional advection equation, one based on the DTRW
master equation with a two-sided jump length density and the other based on the
DTRW master equation with a one-sided jump length density. This is illustrated

with an example. We conclude with a summary in Section 8.5.

8.2 The Master Equation of a CTRW

The CTRW on a one-dimensional lattice is a stochastic process in which a particle
resides on a lattice site for some random amount of time, drawn from a waiting time
probability density function, before jumping to a site on the lattice governed by a
jump length probability density. The stochastic CTRW process has been widely
employed in derivations of fractional Fokker-Planck type equations [28, 142, 61, 7,
11]. There are two fundamental steps in these derivations. The first is the derivation
of the generalized master equation that governs the time evolution of the probability
density for the location of the particle. The second is taking the diffusive limit of
the generalized master equation to obtain a partial differential equation.

For completeness, we revisit the derivation of the generalized master equation.
We also include the consideration of two different jump length densities; a two-sided
density, and a one-sided density. We then consider different limits to fractional
partial differential equations; a diffusive limit and an advective limit.

To begin, we consider a one-dimensional lattice with sites denoted by x; where
¢ € N. The flux of probability of the particle entering the lattice site x; at time ¢,

after having taken n jumps can be defined recursively by,
t
Qn—i-l(xi? t) = Z/ \Ij(xz, t‘xja t/)Qn<xj7 t/)dt/> (81)
— Jo
J

where U(x;,t|x;,t') is the transition probability density for a particle that arrived

at lattice site x; at time ¢’ to jump to lattice site z; at time ¢. As ¥ is independent
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of n, the number of jumps taken, we may write the flux entering lattice site z;,

unconditional on n, as,

q(zi,t) = Z%(xut)- (8.2)

The flux entering the lattice site x; after any number of steps can then by written

recursively as,
t
q(xi,t) = qo(zit) + > / Uy, tlzg, t)q(a;, t')dt'. (8.3)
— Jo
j
In the following we suppose that ¥ is separable such that,
U (g, tzj, t') = Ny, tley)(t — ). (8.4)

Here v is a waiting time density that governs how long the particle will stay at the
site, and A a jump length density that governs the length of the jump. The jump

length density is normalised such that,

Z)\(xi,ﬂxj) =1, (8.5)

and the waiting time density is normalised as,

/ Tyt = 1. (8.6)

In the case where the particle begins at a lattice site, zy, at time ¢ = 0, the
initial flux condition will be a product of a Kronecker and a Dirac delta functions,
i.e. qo(zi,t) = 0y, 2,0(t). Other initial conditions have been considered recently in
[24]. For the subsequent derivation, we split the flux into the discontinuous and

differentiable components, i.e.,

q(25,t) = 04, 2,0(t) + ¢ (i, 1), (8.7)
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where the differentiable component is given by,
t
)= / st )6t — #)q(a;, )t (8.9)
— Jo
J

The master equation governs the evolution of the probability density, p(z;,t),

for the position of the particle. This probability density is related to the flux, via

p(xi,t):/O Ot —t')q(x;, t')dt', (8.9)

where ® is the survival function associated with the waiting time density. The

survival function can be computed from the waiting time density,

o(t)=1— / (e (8.10)

To obtain the master equation we first differentiate Eq. (8.9) to give,

(7p(xz,t) . t , , .
P =t = [ v = atan e

t t (8.11)
= Z/O )‘(xlvt’x])w(t - t/)Q(xj,t/)dt/ — /0 w<t _ t/)Q(xi,t,)dt/.

It remains to express the right hand side of this equation in terms of p. This can be

achieved by introducing a memory kernel K (t) with the property that

/0 Yt —t)q(x;, t)dt' = /0 Kt —t)p(x,t"dt'. (8.12)

An explicit representation of the memory kernel can be obtained using Laplace

transform methods. We use the notation

Li{g(z,t)} = /000 e *g(x, t)dt. (8.13)

142



for the Laplace transform from ¢ to s and £;! as the inverse Laplace transform from
s to t. We now take the Laplace transforms of Eq. (8.9) and of Eq. (8.12) using the
convolution theorem, and we combine the results to obtain the Laplace transform

of the memory kernel,

and then the memory kernel is given by,

K(t) =L {‘Ct{W)} } : (8.15)

L{®()}

The master equation for the CTRW is now simply found by substituting Eq.
(8.12) into Eq. (8.11). This yields

af””“ Z)\xz,ﬂ% /Kt—t’ p(xjt dt—/Kt—t plas, t)dt',

= 37 (M o) = i) /O K(t = t)p(a;, )t

(8.16)

8.2.1 Mittag-Leffler Waiting Time Density and Fractional Derivatives

The master equation derived above is valid for any waiting time density. If a heavy
tailed waiting time density is chosen, then the master equation may be expressed
with fractional-order derivatives [67, 106]. Again we consider a Mittag-Leffler wait-

ing time density with the survival function,

(t) = B, (— (;)a> , (8.17)

where F, is a one parameter Mittag-Leffler function defined by,

=Yty (.18

k=0
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The memory kernel corresponding to the Mittag-Leffler waiting time density is,

K(t) =L { s } . (8.19)

This memory kernel allows us to write,

/0 K (it — )pla, )t = £ (LK (20, )} Lol D)}

- e {0}

T

(8.20)

As discussed in Section 2.3, the inverse Laplace transform can be carried out, re-

sulting in a time fractional-order derivative. For 0 < o < 1, we have,

t
1
/ K (it — )l )t = = DI p(z. 1). (8.21)
0 T

Substituting the relation in Eq. (8.21) into Eq. (8.16), gives the master equation
for a CTRW with Mittag-Lefler distributed waiting times,

= Z (M@, 7)) — Gpar) T 0D (', 1). (8.22)

We show below that depending on the choice of jump length density, and the
particular limit in which it is considered, this master equation can be the basis for

the fractional Fokker-Planck equation as well as the fractional advection equation.

8.2.2 Two-Sided Jump Length Density

Firstly, we will consider a two-sided biased nearest neighbour jump length density,

A(fi’ t|$j) = Dr (xj> t)(saijxifl + pl($j7 t)5$j790i+17 (823)
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where p,(x;,t), and p;(x;,t), are the probability to jump to the right, and left, from

site x; given that the jump occurs at time ¢. Substituting this into Eq. (8.22) gives,

0 xht r\Li— 7t — Z; 7t _
p(at ) =L ( al >0Dt1 “p(wi-1,1) + pl(—zl)optl “p(Tit1,t)
T T (8.24)
- ’l'_a ODtl_ap(:BZ? t)

It is convenient to exploit the normalisation condition p,(x;,t) 4+ p;(z;,t) = 1 and
write,

1 1 1 1
pr(xi,t) = 5 + §f(33i,t)> and py(z;,t) = 5 §f(xiat)7 (8.25)

where f(x;,t) = p.(z,t) — pi(z4,t). Equation (8.24) can now be written as,

Opxit) 1 o 1 .
ot 27« ODtl p(Ti-1,t) + ora ODt1 p(Tiy1,t)
1 f(xio1,t) f(@it1,t)

oD, p(wim1,t) — oD p(wit1,t).

(8.26)

- Dl_a iat
—a 0% p(zi,t) +

2T 2T

In order to obtain a spatially continuous equation we will consider limits such
that the lattice spacing, Az, goes to zero. In Eq. (8.26), we write z; = x and

Ti+1 = x £ Az, giving,

ap(l‘,t) 1 — 1 -«
5~ ora oD %p(x — Az, t) + 5o oD %p(x + Az, t)
1 _ x— Aux,t _ + Az, t _
_T_a ODtl ap(l',t) + % ()Dtl ap(il? — A[L’, t) — % [)Dtl ap(ﬂ? + Al’,t)

(8.27)

Prior to considering limits as Az — 0, we take the Taylor expansion of the terms in
Eq. (8.26), about Az = 0. This gives,

Ax 0? Ax?

= T 5. (f(l’,t) OIDtliap(xut)) T_O‘ + @ (O,Dtliapcg?t)) ﬁ

+ O(Az?).
(8.28)
There are two ways in which we can take the limit Az — 0 in Eq. (8.28) in which

the terms remain finite.
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8.2.2.1 Diffusive Limit
A diffusive limit is taken by considering the case where both the lattice spacing, A,
and the waiting time scale, 7, are taken to zero such that the limit,

D — Ax?

= lim —,
Az, 7—0 27

(8.29)

exists. In order for the first term on the right hand side of Eq. (8.28) to remain
finite under such a limit, we let f(x,t) scale with Az and be O(Az). Using Eq.
(8.29) and introducing another function,

Al = i F0

(8.30)

we can take the limit Az — 0 in Eq. (8.28) to arrive at the fractional Fokker-Planck

equation,
Op(x,t 0 Cu 0? o
(825 ) - _2Da% (F(z,1) 0D, “p(x,1)) + Da@ (oDi " p(x,1)) - (8.31)

8.2.2.2  Advective Limit
An advective limit can be taken by considering the case where, f(x,t) has no Az
dependence and the lattice spacing, Az, and the waiting time scale, 7, are taken to

zero such that the limit,

Cop= lim =, (8.32)

exists. In this case, in the limit Ax — 0, we arrive at the fractional generalised

advection equation,

8”(;;’ b _ _a% (v(,1) oD pla, 1)) (8.33)

where v(x,t) = C, f(xz,t) is interpreted as the advective velocity. As f(z,t) is bound

between [—1, 1] the advective velocity is bound between [—C,, Cy].
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8.2.8 One-Sided jump length density

An alternative approach to arrive at a fractional generalised advection equation
from a CTRW master equation is by considering a one-sided jump length density.
Without loss of generality we consider a right-moving random walk with jump length

density given by,

Mg, tlwg) = ps(x), )00, 0 + (25, )00 20, - (8.34)

Here py(x;,t) is the probability to jump back to the same site at x; given that a

jump occurs at time ¢. Substituting this jump length density into Eq. (8.22) gives,

6 xivt r(Li— 7t —o T -Tht
p( ) :p ( 1 )ODtI P(wi—1;t> _p ( )

TE Dt (559)

As in the case of the two sided jump length density, in order to take the continuous

limit we write x; = x and z;_; = x — Az,

8 ;t T _A 7t —a - 7t .
p(aa;“j ) el A ) DI p( — A1) —%Optl po(a.t),  (8.36)

where we have made use of the normalisation p,(x,t) + ps(x,t) = 1.
Taking a Taylor expansion with respect to Az, around Az = 0 of the terms on

the right hand side of Eq. (8.36), we have,

op(x,t 0 . Az
50 ot ona
+ 5.3 (@, ) oDy p(,1)) 5 + O (A?).

Here, in contrast to the two-sided jump length density, we are only able to take an
advective limit. This is due to the appearance of p, in the first two terms on the

right hand side of Eq. (8.37), so that any scaling of p, with Az would be redundant.
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8.2.3.1 Advective Limit
In a similar manner to the advective limit taken with the two-sided jump length

density, we again take a limit as Ax and 7 go to zero such that C, exists. This

yields,
Op(x,1) 0 o
where,
u(z,t) = Copr(,t), (8.39)

and u(z,t) is bound between zero and C,.

We note that in the advective limit, both the one- and two-sided jump length
densities, yield an equivalent fractional generalised advection equation. However,
the one-sided jump length density is unable to produce a fractional Fokker-Planck
equation as the diffusive limit of the generalised master equation does not exist

except in the most trivial case.

8.3 Discrete Formulation

In this section we derive a discrete time form of the time-fractional advection equa-
tion. We show that this discrete scheme limits to the time-fractional partial differ-
ential equation derived in Section 8.2 and go on to illustrate how the discrete form
may be used as a numerical scheme for simulating the equation’s dynamics.

We begin by considering the motion of a particle on an arbitrary lattice
{..,mi_1,2;,Tis1, ...} at some discrete time n € N. We define a transition probabil-
ity distribution, ¥(z;, n|z;, m), which dictates the probability of the particle moving
from site z; at time m to site z; at a later time n. We assume that the transition
probability distribution is separable into independent waiting time, 1(n — m), and

jump, A(z;, n|z;), distributions such that,

U(z;,n|z;,m) = Az, n|z;)v(n —m). (8.40)
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The probability distribution functions are normalised so that,

D b(n) =1 (8.41)

and
j=L

Z Azxj,n|z;) = 1. (8.42)

j=—L
The flux of probability of the particle entering the lattice site x; at time step n

having taken w jumps can be recursively defined as

Qerl Tiy T ZZ\I’ xl,n|xj, Qw(SU], ) (8'4?’)

As W is independent of the number of jumps taken we may write the total probability

flux as,

Q(zin Z Qu (@i, n (8.44)

Summing over w on both side of Eq. (8.43) then gives,

Q(zs,n) = %@,+22ﬁaﬂ% Q(x;,m), (8.45)

where Qo(z;,n) is the initial condition term, for example when the particle begins
at lattice site zop at n = 0 then Qo(z;,n) = 04, 2,0n0. The probability of waiting

from time m to n without jumping is given by,

3

—m

On—m)=1-Y k), (8.46)

k=0

and hence the probability of a particle being at a site z; after the n'" time step is,

X(zi,n Z O(n—m)Q(x;,m). (8.47)
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This can be interpreted as the collection of probability mass that has jumped to a
site x; at all previous time steps and not jumped away by time step n. Implicitly,
we have X (z;,n) = 0 for n < 0 from our taken initial condition.

Subtracting X (x;,n — 1) from each side of Eq. (8.47) gives,

i
L

X(zyn) — X(x;,n—1) = Q(zy,n) — Y(n —m)Q(x;,m). (8.48)

3
I

Substituting Eq. (8.45) into Eq. (8.48), we obtain,

n—1
X (@i,n) — X(wi,n — 1) = Qo(zi,n +Zm,nm > d(n—m)Q(x;,m)
n=0

— Z w(n —m)Q(x;,m). (8.49)

We now seek a memory kernel through which we may obtain the generalised
master equation (GME). In an analogous fashion to the CTRW, we begin by taking

the single sided Z-transform, defined by
Y(2) = Z{Y(n)} =) Y(n)z", (8.50)
n=0
of Eq. (8.47) which yields

X (i, 2) = D(2)Q(x, 2). (8.51)

K(z)= : (8.52)

noting that K (0) = 0. Through the inverse Z-transform we may now arrive at the

relation
> v(n—m)Q(z,m) =Y K(n—m)X(x,m). (8.53)
m=0 m=0



This result is readily verified by taking the Z-transform of both sides and using Eqs.
(8.51) and (8.52). Using this result we may write Eq. (8.49) in terms of probability
mass X (x;,n) which gives the GME,

n—

X(ziyn) — X(x;yn—1) = Z (/\(a:i, nlx;) — 5%33].) Z K(n—m)X(z;,m), (8.54)

X =0

for n > 0 and assuming that the particle began at n = 0.

8.8.1 Sibuya Waiting Time Distribution

The above master equation is valid for any discrete waiting time density. In order to
obtain fractional-order time derivatives in the limit we will need to consider a heavy
tailed waiting time density. We will consider Sibuya distributed waiting times [139],

whose probability mass function is given by,

n—1
v ==TJa-2). (8.55)
k=1
The survival function is,
n—1
olm) = [Ja-7). (8.56)
k=1

It is straight forward to write down the memory kernel for the Sibuya distribution

from Eq. (8.52). First noting that,

Z )}y =1 (1— =), (8.57)

and

Zo{o(n)} = (1—271)", (8.58)

we find

K(n) =61, +£[1 (1 2 - O‘) , (8.59)

for n > 0, and K(0) = 0.
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8.3.2  Two-sided jump distribution

In a similar manner to the continuous time case we will first consider a two-sided

biased nearest neighbour jump length density,

Azi, n|z;) = pr(25,1)00, 00 + P1(25,1)00, 20, - (8.60)

where p,.(x;,n) and p;(z;,n) are the probabilities to jump to the right and left from
site x; given that the jump occurs on time step n. Substituting this into Eq. (8.54),
together with Eq. (8.59), gives for n > 0,

(8.61)

The diffusive limit of this master equation is a fractional Fokker-Planck equation,

for details see [13, 9]. As such we will examine the advective limit.

8.8.2.1 Advective Limait
Unlike the continuous time case, the continuum limits are difficult to calculate di-
rectly. As such we will follow the method outlined in [9] and approach the limits
via Z- and Laplace transforms.

We associate a function in continuous space and time to our discrete space and
time functions via the limit of a Z-star transform. The unilateral Z-star transform

from n to s also depends on a scale parameter At, and is defined by,

Zi{Y (wi,n)} =) Y (g, n)e A, (8.62)
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We will also make use of a bilateral Z-star transform over the spatial lattice. With
a lattice spacing of Az, such that x; = iAz, from z; to ¢ this transform is defined
by,

ZH{Y(z,n)} = > Y(iAz,n)e 2. (8.63)

1=—00
For an arbitrary function, Y (x;,n), in discrete time and space we define the

continuous limit of the function as,

ylo,t) =  lim  AeAL L7 HEZ {2 Y (1,n)}}} ) (8.64)

Axz—0,At—0

Under this process it can be shown [9] that the continuous limit of the product of

two discrete functions is the product of the continuous limits, i.e.,

y1(z, t)ya(z,t) =  lim AxAtE;l {E;l {Z:{Z {Y1(x;, n)YQ(:cl,n)}}}} .

Az—0,At—0
(8.65)
The shift relations for the Z-star transforms are,
Zi Y (wi,n — )} = e P20 [V (25,m)} (8.66)
ZHY (zip,n)} = e FA*Z5 LY (2,n)} (8.67)
It is convenient to adopt the notation,
Yalg:s) = Z {20 {Y (zi.n)}} (8.68)
In the same manner as the continuous time case we define the function,
F(zi,n) = p(x;,n) — pi(zi,n). (8.69)
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This allows us to write the master equation, Eq. (8.54) as

n—1
1
X(zi,n) — X(zi,n — 1) — Qolzi,n) = 3 > K(n—m)X (i1, m)
m=0
1 n—1 1 n—1
+§ K(n—m)X(zi41,m) — 3 K(n—m)X(xz;,m)
m=0 m=0
F(q: n) «— . F(ziy1,n) —
121’ K(n—m)X(z;_1,m) — Z;’ K(n—m)X(zi1,m)
m=0 m=0

Taking the Z-star transform of this equation then gives,

DN | —

(1 . eiSAt)XA(q, S) N Qo(q’ 8) _ (equa: + edAT _ 2) KA(S)XA(% S)

n—1 (8.71)
+<e—qm—eq“>z:{Z;{F(ﬁ’”) ( m>X<a:i,m>}}

Multiplying the left hand side by 2%2¢ and the right hand side by AAgf oL and taking

the inverse Laplace transforms we will arrive at our continuous time and space limit.

All limits will be considered such that ¢ = nAt, x = iAx, and,

Ax
im )
At,Az—0 At

C, = (8.72)

Firstly the limit for the left hand side is easily calculated,

lim  AzALL, {L {(1 =) Xal4,5) — Quale S)}} _ Qulnd) g )

Az, At—0 At ot

where we have defined,

w(z,t) = lim  AzAtL{LTHZA{Z{ X (2i,n)}}} ) (8.74)

Az—0,At—0
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and used the fact that,

A:cAt

L AL AZI {2, {Qo(wi,n) } 1} = u(z,0). (8.75)

1m
Az, At—0

The next limit we need to consider is also straightforward to calculate,

im L. {E {A$2At% (equ;c + etdT _ 2) KA(S)XA(Q, s) }} _o (8.76)

Az, Ai—0 AxAt

It should be noted that under a diffusive limit this would be non-zero and contribute
the second order spatial derivative.

Lastly we need to calculate,

, A2 At e IAT _ pahT . .
W= A b {Eq { (T) 2 {Z {F@ n)

(8.77)

Which is equivalent to,

9 C AZ2A¢ 5 —
W:_a_x<ml,1§?ao At 'CS{'C {Z{ { o ;Kn_ xm>}}}}>

(£.78)

Making use of the property given in Eq. (8.65), and the definition from Eq. (8.72),

this can be written as,

W= (f(x’%h&?ﬁomﬁs{ﬁq{zi {Z {m A }}}})

(8.79)

where we have defined,

flot) = lim ColaAtL L7 {2 {22 {F(x,n)} ) ) (8.80)

Az—0,At—0
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The Z-star transform of the Sibuya memory kernel, Eq. (8.59), is,
ZI{Kn)} = (1—e2) 7% — (1 — ) = (sAH)' ™ + O(AL). (8.81)

Using this in Eq. (8.79) gives,

W = —% (f(x,t) lim %Es {ﬁq { <(1 - 6_8At)1_a - (1- e_SAt)> XA(q,s)}}) .

Az, At—0 A1
(8.82)
Finally taking the limit and noting the Laplace transform of the Riemann-Liouville

fractional derivative, Eq. (2.59) we arrive at,

0

W= ——
ox

(f(z, 1) oDy~ (u(w,1))) - (8.83)

From this we see that the advective continuum limit of the master equation with

Sibuya waiting times is,

= (flat) oD (ula. 1) (354

This is identical to the advective continuum limit of the CTRW master equation

with Mittag-Lefler distributed waiting times.

8.3.3 One-sided jump distribution

Again similar to the continuous time case we will consider a right moving one sided

jump length density given by,
/\<xi> n|£]) = Dr (mjv n>(5xj,xi71 + pS(xj’ n)(sxj,xw (8'85)

where p,(x;,n) is the probability of a length zero jump back to the same site given

that the jump occurs on time step n. Substituting this into Eq. (8.54), together
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with Eq. (8.59), gives for n > 0,

X (21,1) =pr(zi_1,7) (X(a:z Ln—1)+ nzl nl‘f ( 2= O‘) X(a:i_l,m)>

m=0 k=1
n—m

— po(s,m) (X(xi,n —1)+ ;1 II <1 2 - O‘) X(x,-,m)>

+ X(zi,n — 1) + Qo(wi, n).
(8.86)

In the same manner as the two-sided jump distribution we can find the continuum

limit of this master equation by first considering the Z-transform,

n—1
(1_6_8At)XA(Q> S)_QOA(Qv S) - (e_qAx_l)Z:L { {pr Ty T Z K x“ m)} } :
(8.87)
Multiplying the left hand side by ££2¢ and the right hand side by S22t AAtt, the ad-
vective continuum limit is found by taking the inverse Laplace transform of the

equation and the limit as Az and At go to zero such that Eq. (8.72) holds, with

x = 1Ax, and t = nAt. The limit of the left hand side is again straight forward,

lim Al’At,C {[, { (1 — 6_8At)XA(Q> S) _ QBA(Q? S) }} _ 8“(337 t)7 (888)

Az, At—0 At ot

again using Eqs. (8.74) and (8.75). Using the same method as for the two-sided

jump distribution, the limit for the right hand side can also be found,

Jim £, {ﬁx {iiit(e—qﬂm 1)z {Z; {pr(xi,n) z_: K(m —n)X (z, m)}}}}

8 l1-a
= - (f(%t) oD, (U(x’t))) )
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where,

flaty=lim CoAaAtL M {L7{Z {Z: {p-(zi;n)}}}}. (8.90)

Az—0,At—0

Hence the advective continuum limit of the DTRW with a one-sided jump distribu-

tion and Sibyua distributed waiting times is,

Ou(x,t) 0

5 = gy (@)D (ulx 1) (8.91)

which is identical to both the CTRW and the two-sided jump distribution cases.

8.4 Numerical Approximations

Whilst we have shown that both choices of jump distribution share a limit, we are
often interested in how close to the limit we are for some non-zero lattice spacing.
This is particularly true for the discrete time and space processes that could be used

to obtain numerical approximations.

8.4.1 Exact Solution

In order to compare how close each of the master equations is to the limit we need
an exact solution to which we can compare. Here we consider the solution u(z,t) to

the fractional advection equation

21; _ _ODgaZL (8.92)
with the periodic boundaries
u(1,t) = u(—1,1) (8.93)
and initial condition
u(z,0) =1 — cosmx. (8.94)
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We seek a separable solution of the form
u(z,t) = X(x)T(t) (8.95)
which leads to the ordinary differential equations
X'(z) = A\X () (8.96)

and

T'(t) = =X oD} T (t). (8.97)
The solution to the spatial part is trivially found to be
X(z) =€ (8.98)
with eigenvalues

A=dnmi neN. (8.99)

To find the solution to the temporal part we take the Laplace transform of Eq.
(8.97) and solve for

. T(0)s>!

T(s) = o (8.100)

where T'(s) denotes the Laplace transform from ¢ to s of T'(t). It is a simple matter

to invert Eq. (8.100) arriving at
T(t) =T(0)E,(AtY). (8.101)

The zero eigenvalue results in a constant solution, and then, using the results in

Eqgs. (8.95), (8.98), (8.101), (8.99), the general solution is the linear superposition

u(x,t) = Cy + Z A€ B, (—inmt®) 4+ Bpe " By (inmt®). (8.102)

n=1
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The constants A,, and B,, need to be chosen in such a way that the solution u(z, )
is real valued. To arrive at the real solution we first introduce the two-parameter

Mittag-Leffler function [58]

Eap(z) = m (8.103)

00
k=0

It is now straightforward, using elementary manipulations on the expressions in Eq.

(8.18) and Eq. (8.103), to show that
E,(£inmt®) = Eoo(—n*m?t*) £ inmt® Byg 1 1o (—07212%). (8.104)

We now subsititute the above identity, Eq. (8.104), together with Euler’s formula

e = cos(nmt®) + i sin(nmt®),

into Eq. (8.102), and combine terms to write

u(z,t) = Co+ Z an, [COS(TLWZ‘)EQQ(—nz’/TZtQa) + sin(mrx)nmf“E2a71+a(—n27r2t20‘)]

n=1

- Z by [cos(nmz)nmt® Eag 1 4a(—n°mt7Y) — sin(nmz) Bog (—n*77t**)]

n=1

(8.105)

where a, = A, + B, and b, = i(A,, — B,,) are real valued arbitrary constants to
be determined by the initial conditions. Using the initial conditions in Eq. (8.94)
we find Cy = 1,7 = —1,by = 0 and a,, = 0,b, = 0 for n > 2. Thus we have the

solution

u(z,t) = 1 — cos(mx) Ba (—7t**) — sin(72) 7t Bog g 1.0 (—72>%) (8.106)
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8.4.2 Comparison

The construction of the DTRW master equation in discrete time and space makes
it particularly amenable for numerical approximations. Equations (8.61) and (8.86)
can both be used to iterate the probability density forward in time. All that is re-
quired is the appropriate selection of parameters such that the advective continuum
limit of the master equations matches the exact solution derived above. For the
two-sided jump distribution we need values for p,(z,t), pi(z,t), Az, and At. From

Egs. (8.69), (8.72), and (8.80), we see that we need to set,

Azx s
At = == 1
() 107

and,
1

pr(x,t) = % (C_a - 1) : (8.108)

Note that here we are using C\, and Az as free parameters, and setting the value of
p; through the relationship, p, + p; = 1. The constraint that 0 < p, < 1 therefore
also constrains the choice of C, such that C, > 1 and Az > At*.

Similarly for the one-sided jump distribution we need a values for p,.(z,t), Az,

and At. From Egs. (8.72), and(8.90), we see that we need to set,

Azx a
At = == 1
t (Ca) , (8.109)

and,

pr(x,t) = Ci (8.110)

To compare the distance that each DTRW is from the exact solution we will use

a Lo, norm and define the distance from the exact solution, for a given Az and At
at t = nAt, by,

Loo(X,u) = max({| X (z;,n) — u(iAx,t)|}4), (8.111)
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Figure 8.1: Left, Plot of the exact solution, together with the one-sided jump
distribution DTRW (red circles) and the two-sided jump distribution DTRW (blue
squares). Right, the difference between the exact solution and the one-sided jump

distribution DTRW (red circles) and the two-sided jump distribution DTRW (blue

squares). Here o = %, C, =2, and Az = %. The solutions are evaluated at ¢t = %07.

i.e. the absolute value of the maximum difference between the DTRW and the exact
solutions.

In Figure 8.1 a plot of the solution for each of the DTRWs is given, as well as
a plot of the difference between each solution and the exact solution. This clearly
shows that the one-sided jump distribution results in a DTRW master equations
whose solution is closer to the exact solution.

In Figure 8.2, we show how the distance from the exact solution scales with time
and Az for both the DTRWs. Again from this figure it is clear that the one-sided
jump distribution produces a solution that is closer to the exact solution across all

time and for all values of Azx.

8.5 Summary

The Chapter highlights the practicality of considering continuous time, and discrete
time, random walks, and their limit processes, in deriving fractional-order PDEs.
Solutions of fractional-order PDEs that are derived in this way are guaranteed to
be positive and finite. Moreover the corresponding master equations from the dis-
crete time random walk formulations can be interpreted as stable finite difference
approximations to the solutions. In this Chapter we considered the fractional ad-

vection equation that is obtained in the advective limit from the generalized master
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Figure 8.2: Left, L. scaling time for the the one-sided jump distribution DTRW
(red circles) and the two-sided jump distribution DTRW (blue squares) with Az =
%. Right, L., vs Az for the one-sided jump distribution DTRW (red circles) and
the two-sided jump distribution DTRW (blue squares) at ¢ = . Here @ = 3 and
C, = 2.

equations of CTRWs and DTRWs, with power-law distributed waiting times, and
with two different types of jump densities. In particular we considered a two-sided
jump density where the particle could jump in either direction on the lattice and
we considered a one-sided jump density where the particle could not jump along
one direction. We arrived at the same fractional advection equation in each case,
even though the generalized master equations were different. The fact that the
master equations for different CTRWs, or different DTRWs may limit to the same
fractional-order partial differential equation, provides evidence of the robustness of
the limiting partial differential equation as a valid mathematical model. On the
other hand, the different master equations provide different choices on a DTRW
based numerical scheme, as presented in the previous Chapter, for approximating

the solution of the fractional advection equation.
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CHAPTER 9

Time-Fractional Geometric Brownian Motion

9.1 Introduction

Many processes are geometrically scaled, with the process dynamics scaling with
current values. This type of dynamics has been applied in numerous fields, including,
as an example, the modelling of financial assets where returns are taken proportional
to the current asset values. A particular stochastic process with geometric scaling
is geometric Brownian motion. This Markovian process underlies many models,
including the Black-Scholes option pricing framework [31].

Brownian motion can be derived as the diffusion limit of a CTRW with a Marko-
vian exponential waiting time density. The CTRW is a stochastic process that tracks
the position of a particle in time. The particle waits at some position for a random
time, governed by the waiting time probability density function, before jumping a
distance, governed by a jump length density, to a new location. CTRWs have been
used as models in finance [123, 77, 132, 103, 100, 110], physics [111, 80, 67, 106],
and biology [150, 68]. By taking a power-law tailed waiting time density, where the
first moment diverges, the diffusion limit of the CTRW provides a stochastic model
for anomalous diffusion where the mean squared displacement scales as a sub-linear
power-law in time [106]. This stochastic model for subdiffusion is often referred
to as fractional diffusion. Fractional diffusion is distinct from fractional Brownian

motion. The latter is a Brownian motion with correlated noise [98].
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In direct applications of CTRWs to finance it has generally been considered
that the random walk involves the logarithm of the price of a financial issue. The
logarithm of the price at a given time can be represented as a sum of log-returns at
different trade times and the waiting time density governs the waiting time between
trades [132, 103]. In this interpretation a waiting time density with a power-law
decay, ~ t717% with 0 < o < 1, results in sub-linear power-law scaling, ~ t, of the
mean squared logarithm of the price. In our analysis below, for a CTRW leading
to fractional geometric Brownian motion, we find that a waiting time density with
this power-law decay results in sub-linear power-law scaling, ~ ¢, of the logarithm
of the price.

In previous work, the effects of a force have been incorporated into CTRWs
using biased jump length densities [28, 142, 61, 11]. The force can be introduced
in this way through the assumption that the equilibrium distribution of particles
subject to a conservative force is the Boltzmann distribution. The jump bias can
also be defined as a difference between Boltzmann factors and, to lowest order in the
lattice spacing, this is proportional to the force [61]. The diffusion limit of CTRWs
with biased jump length densities and power-law waiting times leads to fractional
Fokker-Planck equations [28, 142, 61, 11].

Typically, CTRWs are considered where the length of the jumps are indepen-
dent of the position of the particle. In the analysis here we consider a multiplicative
jump length density in which the jump length is proportional to the particle’s cur-
rent position. This naturally leads to the consideration of the process on a geometric
lattice, where the position of neighbouring lattice sites differs by some multiplica-
tive constant. The lattice effect is not prominent in the generalised master equation
describing the CTRW, but care needs to be taken, with the implementation of
the diffusion limit and the formulation of the bias consistent with a steady state
Boltzmann distribution, to obtain the reduction to a Fokker-Planck equation. The
diffusion limit of the CTRW with a power-law waiting time density and biased near-

est neighbour steps on the geometric lattice leads to a time-fractional geometric
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Fokker-Planck equation with spatially dependent diffusivity, and an additional ad-
vection term. If the bias is consistent with the force from a logarithmic potential,
the fractional geometric Fokker-Planck equation reduces to the governing equation
of a geometric Brownian motion as the anomalous exponent is taken to one. Hence
the diffusion limit of the CTRW with a power-law waiting time density, and a multi-
plicative jump length density biased by a logarithmic potential, defines a fractional
geometric Brownian motion, also referred to as subdiffusive geometric Brownian
motion [94].

Formally, Magdziarz [94] introduced subdiffusive geometric Brownian motion,
Zo(t), as geometric Brownian motion, Z(t), subordinated by an inverse a-stable
subordinator S, (1), i.e., Zo(t) = Z(S4(t)). In earlier work it had been shown that
subdiffusive Brownian motion, ie., a Brownian motion in which the mean square
displacement grows as a sub-linear power-law in time, can be obtained from Brow-
nian motion subordinated by an inverse a-stable subordinator [106]. The governing
evolution equation for the probability density function of a Brownian motion, or a
geometric Brownian motion, subordinated by an inverse a-stable subordinator can
readily be obtained using Laplace transform methods.

In geometric Brownian Motion the mean squared displacement grows as an ex-
ponential function in time, and in subdiffusive Brownian motion the mean squared
displacement grows as a Mittag-Leffler function with time. For geometric processes,
however, it is more insightful to consider the behaviour of the expectation of the log-
arithm of the position of the particle rather then the mean squared displacement. In
finance this would be considered to be the expected logarithmic return. In the case
of a geometric Brownian motion the expected logarithmic return grows linearly in
time. Here we find that the expected logarithmic return of the geometric fractional
diffusion grows as a sub-linear power-law in time, analogous to the mean square

displacement scaling in anomalous sub-diffusion.
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In section 9.2 we obtain the generalized master equation for a CTRW on a geo-
metric lattice with nearest neighbour biased jumps. In the special case of Mittag-
Leffler distributed waiting times, a waiting time density with a power-law tail, the
generalised master equation becomes a fractional order differential equation. In sec-
tion 9.3 we consider the diffusion limit of this generalized master equation. This
limit involves the lattice spacing going to zero, and a characteristic waiting time
going to zero, but at different rates to avoid singularities. The bias probabilities
are dependent on the lattice spacing parameter so that the diffusion limit is depen-
dent on the formulation of these probabilities. We consider a formulation that is
consistent with a Boltzmann distribution for the steady state. The diffusion limit
of the master equation for the CTRW on the geometric lattice with biased nearest
neighbour jumps, and Mittag-Leffler distributed waiting times result is a fractional
geometric Fokker-Planck equation. In section 9.4 we show that if the bias is consis-
tent with a force from a logarithmic potential the diffusion limit provides a fractional
generalisation of geometric Brownian motion previously identified through subordi-
nation methods as subdiffusive geometric Brownian motion [94]. In section 9.5 we
calculate the moments, and the logarithmic moments, of this fractional geometric
Brownian motion. We find that the logarithmic moments scale as a power-law in
time. Finally in section 9.6 we provide a summary and discussion, and we have
included an appendix showing how the fractional geometric Fokker-Planck equation
can be obtained from the fractional Fokker-Planck equation with an appropriate

change of variables and the introduction of an effective potential.

9.2 Generalized Master Equations for CTRWs on a Geometric
Lattice

We consider a CTRW on a lattice x; with a separable transition density,

qj(l‘j,ﬂl’j,t/) = )\(I’i,t,.]?j)w(t—t/), (91)
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representing the probability density for a particle located at z; at time ¢’ to transition
to z; at time t. Here, A(x;,t, ;) is the probability density for a particle to jump
from z; to x; at time ¢ and ¢ (¢,t') is the probability density for waiting from time #
to time ¢ before jumping. The time dependence in the jump length density enables
the inclusion of a time dependent bias, or time dependent force. The jump length

density and the waiting time density are normalised as follows;

> At ay) =1, (9.2)
and
/ Tt = 1. (9.3)

The generalised master equation for this CTRW, with a delta function initial con-

dition, is given by [7]
8 t t
ap(gci,t) = ZA(:pi,t,xj)/ K(t —t)p(x;,t)dt —/ K(t—t)p(z;,t)dt', (9.4)
j 0 0

where p(z;,t) is the probability of finding the particle at site x; at time ¢. In this

equation K (t) is a memory kernel defined by

where L; represents a Laplace transform from ¢ to s, and £;! an inverse Laplace

transform from s to ¢, and ¢(t) is the survival function defined as

olt) = / ()t (9.6)

If we consider a geometric lattice of points, x; € (0, 00), such that, z; = U’ for some
parameter U > 1 then the master equation governs the evolution of the probability

density function for a CTRW on a geometric lattice.
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9.2.1 Multiplicative Jump Length Density

A CTRW with a multiplicative jump length density can now be constructed by
considering nearest neighbour steps on the geometric lattice. The jump length
density in this case is proportional to the current position of the particle. On this

geometric lattice if a particle is at position z; the nearest neighbour to the right is

Ly

;11 = Ux; and the nearest neighbour to the left is x;_; = +. The biased nearest
neighbour jump probability density, to jump from site x; to z;, on this lattice is
then,

Mz, t,x;) = pe(zy, )0 — j — 1) + pi(z, 1) — j + 1] 07)

x.
= pr(z;,t)0[x; — Uzxj] + pi(xj,t)0 [xz — ﬁ]] ,

where §[z] is a Kronecker delta function, such that 6[z] = 1 for z = 0 and ¢[z] = 0,
for z # 0. The bias is introduced through p,(z;,t), the probability of a jump to the
right from the lattice site z; at time ¢, and p;(z;,t), the probability of a jump to the

left from lattice site z; at time ¢. The bias probabilities are normalised through

(i, t) +pr(xj,t) = 1. (9.8)

Note that the lattice spacing is not a fixed constant on the geometric lattice. In
the analysis below we consider a diffusion limit with the lattice spacing approaching
zero. In the geometric lattice the lattice spacing is zero if U = 1. It is convenient to
define U = 1 + u, in which case the diffusion limit on the geometric lattice requires

the limit u — 0. We we can rewrite \(z;,t,z;) as,
)\(a:i, t, l'j) = pT(xj,t)d[xl — (1 + U)l'j] +p[(l'j,t)(5 [i[)z — (1 + U)ililfj} . (99)

The generalised master equation for a CTRW with biased nearest neighbour jumps

on a geometric lattice can be found by substituting Eq. (9.9) into Eq. (9.4). The
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result is

plzit /K Y (= #ar

1+u 1+u

/ Kt —tpe((1+ w)x;, t)p((1 + u)x;, t')dt'

/Kt—t (20, ). (9.10)

9.2.2 Power-Law Waiting Time Density

We now consider the special case of a Mittag-Leffler distributed waiting time, with

time scale 7 and scaling exponent «,
Y(t) =t T Byl (—Tt%), (9.11)
with 0 < a < 1. The corresponding survival function is given by,
d(t) = Enq (—71%), (9.12)
and the memory kernel can be written as,
K(t)=L; ' {r7s'*}. (9.13)

Evaluating the inverse Laplace transform leads to the introduction of fraction deriva-

tives. Explicitly,
t
/ Kt —t)p(z;, t)dt' = 77 oD} (p(4,1)) . (9.14)
0

The generalised master equation for biased nearest neighbour jumps, and Mittag-

Leffler distributed waiting times on the geometric lattice, Eq. (9.10), can now be
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written as a fractional order differential equation,

%p(xia ) =pr (L+w) " g, t) 7% 0Dy (p (1 +u) 'y, 1))

+ (1 + w)ai, )7 0D (p((1 4 w)as, 1) — 7 oD (plas, 1)) -
(9.15)

9.3 Diffusion Limit Fractional Fokker-Planck Equations

In this section we consider the diffusion limit of the master equation, Eq. (9.15).
In this limit we are seeking the evolution equation for a space and time continuous
probability density function. The diffusion limit involves taking the characteristic
time 7 — 0, and the lattice spacing parameter u — 0, at controlled rates to avoid
singularities. The bias probabilities are dependent on the lattice spacing parameter
and thus they need to be treated in a consistent way.

We begin by embedding the discrete space probability density function p(x;,t),
into a space continuous function, p,(x,t), that is parameterised by u. The function
pu(z,t) is defined to be equal to p(x;,t), at all points 2 = x;. The space continuous
function p,(x,t) is not a probability density. However we can defined a probability
density function S(z,t) from p,(z,t) by considering the normalisation of p(z;,t).
Starting with the normalisation

oo

Z p(x;,t) =1, (9.16)

and introducing a space dependent lattice spacing Ax; = ux;, we can write

> u $i,t

3 Mmi —1, (9.17)
1=—00 Ui

so that provided the limits exist,

[e.9]

lim >~ (lim M) Az; = 1. (9.18)

Axz;—0 u—0 Ux;
1=—00
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We now define

fulant) = 2ol (9.19)

ux

and then Eq. (9.18) expresses the normalisation

/OO f(z,t)dx =1, (9.20)

where

flz,t) = 71}1)% fulz, t). (9.21)

Rewriting the master equation, Eq. (9.15) in terms of the probability density

function f, gives,

%fu(xi,t) =pr (L+w) e t) 77 (L +w) ™ oD~ (fu (L +w) 1))
+ (1 +w)ag, ) (1 +u)7™* oD (ful(1+w)ziy 1) — 7% oD (fulws, 1))

(9.22)

A Fokker-Planck equation will be found as the diffusion limit of this equation
as u — 0, and 7 — 0. This limit will depend on the form taken for the bias jump

probabilities. We consider definite forms for p,.(z,t) and p,(x,t) in the next section.

9.3.1  Diffusion Limit

It is convenient to express the difference between the right and left jump probabilities

in terms of a bias function, and so we define,

Bu(zi, t) = pr(xi, t) — pi(24,t). (9.23)
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This bias function has an implicit dependence on the scale parameter u. We may

rewrite Eq. (9.22) in terms of the bias function,

8 1 —a -1 j— —1
afu(l"i,t) =37 (T+w) ™ oD, (fu (L4 uw) g, t))
+ %(1 + U)Tia O’Dtlia (fu((l + u)xi’t» -7 O’Dtlia (fu(xlvt»
(9.24)

+Bu((L+u) 2, ) (L+u) ™" oDy (fu (L+u)  as,t))

= Bu((1 4w, ) (1 + )77 oDy~ (ful(1 + w)z, 1)) .
Taking x; = x, performing a Taylor expansion around u = 0, we can write,

0 u? 0

O Tt = oo (1 4+ 2By, 1) — Ao, 1) 6D (12 1)
P 2 O (9.25)
+ x2% oD (f(x,t))) - 5 (xBo(x t) oD} (f(x,t))) + O(u?),
where
By(x,t) = }gr(l) By(z,t) (9.26)
and
bo(z,t) = lim — 8 By(z,t). (9.27)

u—0 Ou

The diffusion limit is found by taking the limit v — 0 and 7 — 0, such that,

u2

lim —— = D,. (9.28)

u,r—0 27
In order for the diffusion limit of Eq. (9.25) to exist we require By(z,t) = 0, and
taking the limit gives,

ST .0) = D ((ol1 = (o, ) DI (7(ot) + - oD (72,11 ).

(9.29)
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If the bias function does not depend on time then we can re-write Eq. (9.29) as

follows:

02 (2.0) = Dug- (1= th(a) (0,0 + 57 (72,0 (9.30)

T ox

The asymptotic long time steady state for a conservative system acted on by a

stationary potential V' (z) is the Boltzmann distribution,
tlim f(x,t) = f(x) x e V@), (9.31)
—00

where (3 is a parameter. If we substitute this steady state solution into Eq.(9.30),
and consider the long time limit where the left hand side of the equation is zero,

then we obtain an explicit expression relating the potential to the bias, viz;

. 11— 4b0(2) -
Vi) = / g, (9.32)

where a is an arbitrary constant. From the identification

Fz,t) = _%. (9.33)

we have the corresponding relation between the force F'(x) and the bias, viz;

F(w) = =2

(9.34)

Thus in the case were the force does not depend on time we can write Eq. (9.29) as

Of (z,t) 0 0
ot ox ox

= Dy (5 DI S0 - BF @) oD (0) (039
If the bias function depends explicitly on time we can generalize the expression in
Eq. (9.34) to define

bo(w,t) = ~ (1 + BeF(z,1)) (9.36)

e~ =
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and then Eq.(9.29) becomes

D) p, 2 (0 DI o)~ ) DI (030

This equation is the fractional geometric Fokker-Planck equation for a particle sub-
ject to a space and time dependent force. In contrast to the standard fractional
Fokker-Planck equation with space- and time- dependent forcing [61] we see a spa-

tially dependent diffusivity and an additional spatial dependence on a force.

9.4 Fractional Geometric Brownian Motion

In this section we show that a fractional geometric Brownian motion can be defined

from the fractional geometric Fokker-Planck equation with a force

F(z) = —%. (9.38)

This force can be derived from a logarithmic potential

Viz) = %lnx, (9.39)

where v is an arbitrary parameter and v = 0 corresponds to the case with no force.

Substituting the force, defined by Eq. (9.38), into Eq. (9.37) we arrive at

9 _ 2 22 -« g -«
oy (x,t) = e (x OxDa oD, f(x,t)) + pe (vaDy oD} f(z, 1)) . (9.40)

Ifweset =1 v=2—/ and D; = %2 then Eq.(9.40) reduces to

of

+ (0% = p) f + (207 — p)

0, _sroy
o’ 2 da?
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which is the Fokker-Planck equation for geometric Brownian motion. With the

initial condition w(x,0) = §(x — 1), this has the solution,

flx,t) = - exp (— (nfe) = (k= %)t>2> . (9.42)

2rtox 202t

Geometric Brownian motion has been widely used in financial mathematics as the
stochastic process for modelling the price of an asset X; assuming that percentage
changes are independent and identically distributed. Geometric Brownian motion

satisfies the stochastic differential equation
dXt = ,uXt + JXtth, (943)

where W; is a Brownian motion. In financial applications, p is the percentage
drift and o is the percentage volatility. We could equivalently write the stochastic

differential equation as
dXt = (2 — /U)DlXtdt + v/ 2D1Xtth, (944)

which relates it back to the force defined in Eq. (9.38).

The generalized Fokker-Planck equation, Eq. (9.40), is the Fokker-Planck equa-
tion for a fractional geometric Brownian motion. The solution of Eq. (9.40), can be
simply related to the solution of Eq. (9.41) using time subordination [94]. Explic-
itly, it is easy to verify using Laplace transform methods (see, e.g., the appendices

in [94, 84]), that the solution of Eq. (9.40) is given by
flz,t) = /000 f(x,m)o(r,t)dt (9.45)
where f*(z,t) is the solution of Eq. (9.41) and ¢(7,t) has the Laplace transform
o7, s) = /00 (7, t)s ™t dt = s> e, (9.46)
0
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9.5 Moments

In this section we consider the moments and logarithmic moments of the fractional
geometric Brownian motion. We begin by considering expressions for the moments
of the fractional geometric Fokker-Planck equation, Eq. (9.37). The n'® moment is

defined as,
(x™(t)) :/0 " f(z,t)d. (9.47)

To check that the equation is conservative we begin by considering the zeroth mo-
ment. Integrating both sides of Eq. (9.37) with respect to z, and integrating we
find,

d(2’(t)) _
=0, (9.48)

provided that fooo S(x,t)dr exists. Hence the zeroth moment is conserved as ex-
pected. The first moment, or mean, is found by first multiplying both sides of Eq.
(9.37) by z and then integrating over x, this gives,

d(x(t))
dt

= 2D, oD} ({(x(t))) + BDq /OOO 2*F(x,t) oD} (f(x,t)) d. (9.49)

In general the integro-differential equation that governs the evolution of the n'®

moment is,

d(z"(t))
dt

=n(n+1)Dy oD ((z™(t))) +nBD, /00 2" F(z,t) oD (f(w,t)) do.

' (9.50)

This fractional integro-differential equation simplifies for fractional geometric Brow-
nian motion.

We have also considered the log-moments of the fractional geometric Fokker-

Planck equation, Eq.(9.37). The n'® log-moment is defined as,

(n(a(t)") = / " ()" f (. t)d. (9.51)
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If x represents the price of an asset then the first log-moment is the expected logarith-
mic return. Similar to the moment calculations we multiply Eq. (9.37) by (In(z))"
and integrate with respect to x, this leads to the evolution of the n'" log-moment
to be governed by,
M) i —1)Da oD (0 ((0)) + 1D oD ({(In((1))) )
+nAD, / (@) F (. 1) oD (f (2, 1)) da.
0

(9.52)

Again, this fractional integro-differential equation simplifies for fractional geometric

Brownian motion.

9.5.1 Fractional Geometric Brownian Motion Moments

In section 9.4 we showed that the probability density function for a fractional ge-
ometric Brownian motion is governed by the fractional geometric Fokker-Planck
equation with the force, Eq. (9.38), derived form a logarithmic potential. We now
substitute the expression for the force, Eq. (9.38), into Eq. (9.50) to obtain the
moments for the fractional geometric Brownian motion. This yields,

d(z" (1))

" = (n(n +1) = nv) Do yD; " (("(1)) (9.53)

With the given initial condition, the solution of Eq. (9.53) is a Mittag-Leffler func-
tion,

("(t)) = Eo (n(n+ 1) — nv)Dyt®) . (9.54)

From this it is easy to see that the mean will be,

(2(t)) = Ey (2 — v)Dat®) . (9.55)
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Next we can consider the log-moments. Using the force from the logarithmic

potential, Eq. (9.52) becomes,

dn@O)y e (a2
DL — i = 1)Da DI ({(n((6)") 05

+n(1 =) Do oD;~* ({(In(x(t)))" 1))
For n = 1 this simplifies to,

d((In(z(t)))) _ Da a1
G =gt (9.57)

a)

where we have used the following property of a Riemann-Liouville fractional deriva-

tive,

L ta—l
D, 7% (1) = .
0+t ( ) F(CY)

(9.58)

Using our initial conditions we can see that, ((In(z(0)))) = 0, and so Eq. (9.57) has
the solution,
(1—-v)D

((In(z(1)))) = F(1—+a)ata (9.59)

Note that for geometric Brownian motion, @ = 1, the log moment scales linearly
with time whereas for fractional geometric Brownian motion the log moment scales
as a sub-linear power-law in time. This is analogous to the sub-linear power-law

scaling of the mean square displacement in anomalous subdiffusion [106].

9.6 Summary

In this Chapter we have considered the CTRW on a geometric lattice, with biased
jumps related to a force and, in the case of a power-law tailed waiting time den-
sity, the diffusion limit results in a fractional geometric Fokker-Planck equation. In
carrying out the diffusion limit we considered the relation between the bias and a
force derived from a potential. Our approach has been to consider the relationship
that emerges by requiring the steady state solution, if it exists, to be the Boltzmann

distribution.
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We have further shown that if the force is obtained from a logarithmic poten-
tial then the corresponding geometric fractional Fokker-Planck equation governs the
evolution of the probability density function for a fractional, or subdiffusive, geo-
metric Brownian motion. We have obtained expressions for the moments, and the
logarithmic moments, of the subdiffusive geometric Brownian motion. One of the
signature properties of the subdiffusive geometric Brownian motion is that the log

moment was shown to scale as a sublinear power-law in time.
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CHAPTER 10

Anomalous Diffusion on an Arbitrarily Growing Domain

10.1 Introduction

A wide range of important physical phenomena involve transport in expanding,
and contracting, domains. Fundamental examples include, the diffusion of proteins
within growing cells, the interactions of cells in a growing organism, and diffusion in
an expanding universe. The governing equations for reaction diffusion on growing
domains and related studies of pattern formation have been considered in a series of
publications, see for example, [36, 113, 37, 26, 153, 155, 140, 157]. Domain growth
has been shown to be fundamentally important to the development of patterns [81].

In this Chapter we derive the equation for anomalous diffusion occurring on an
arbitrarily growing domain. This follows the derivation in [23]. We start with the
underlying stochastic process of a CTRW to derive master equations for subdiffu-
sive transport in a growing domain. In our derivation we first consider a mapping
between a given position x on the domain at time ¢ = 0 and the position that it
evolves to, y, on the growing domain at a later time ¢. With this mapping we then
transform the CTRW from the coordinates on the growing domain to a non-growing
fixed domain. An auxiliary master equation for the evolution of the density on the
fixed domain is derived. The auxiliary master equation is constructed so that the
value of the density at a given x and ¢ equates to the probability density on the
growing domain for y and ¢. The diffusion limit of the master equation is taken to

produce a fractional diffusion equation on both the fixed and growing domains.
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Our approach enables us to model subdiffusive transport of particles on arbi-
trarily growing domains, and the solution of the auxiliary master equation on the
fixed domain could be used as the basis for numerical simulations of subdiffusive
transport on growing domains. The equations we derive on the growing domain
can be interpreted phenomenologically as a reaction sub-diffusion process with an
additional advective term. In this context, the reaction represents the dilution of
the concentration due to the growing domain. The remainder of this Chapter is or-
ganised as follows. In Section 10.2 we establish the mapping between the arbitrarily
growing domain and the initial fixed domain. In Section 10.3 we derive the master

equation on the initial domain and map it onto growing domain of interest.

10.2 Mapping

We wish to construct a mapping between a location on the initial fixed domain,
x € [0, Lg], to the corresponding location at some later time ¢, on the growing
domain y € [0, L(t)]. To characterise how the domain is changing in time we begin
by partitioning the domain [0, Ly] into m cells of width dz = nll The ith partition
begins at position x; = idx. As the domain grows, the width of the partitions,
now denoted by dy;(t) will have grown with the domain and formed a partition of
[0, L(t)]. Note that whilst the initial cell widths were constant this is no longer the
case in the growing domain, i.e. dy; is a function of both the initial position x; and
time. The mapping is defined through a growth function, u(z;,t), via,

T = pu(x;,t). (10.1)

Explicitly it can be shown that the mapping g(z,t) from a position in the fixed

domain, z, to a corresponding position on the growing domain, ¥, is given by,

n T t
y = lim 25%‘ = / exp (/ u(z,s)ds) dz = g(xz,t). (10.2)
n—o0 Py 0 0
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This is illustrated schematically in Figure 10.1. Note that, ¢(0,¢) = 0 and the initial
condition, y = ¢(z,0) = x for all x € [0, L], places a physical restriction on the
mapping between y and x. For future notational convenience we will denote the
spatial derivative of g(x,t) as v*(z,t), so that,

dg(x,t)
s

v (z,t) = = eloplas)ds, (10.3)

and the time derivative as,

n*(x,t) = :/ u(z,t)efg“(z’s)dsdz. (10.4)
0

As the mapping is invertible, so that z = ¢g~!(y,t), these can be expressed on the

growing domain, giving,

v(y.t) =v* (g~ (. 1), 1), (10.5)
and
n(y,t) =n"(g " (y, 1), 1). (10.6)
0 Vi L(t)
A OOt |
[0]
€
l_
[ — [
0 X ox Lo

Figure 10.1: Schematic representation of the growth of the domain and the mapping
of an interval in the initial domain to a corresponding interval at some later time ¢.
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It should also be noted that if we consider the growth of a small interval in the
initial domain (z,z + dz), then the width of the interval at some later time, in the

limit of small dx can be written as,

oy(z,t) = elo nw)ds 5o (10.7)

10.3 Master Equation

We now consider a CTRW on a growing domain, such that a particle will jump to
a location, wait for some time, and then jump to a new location. We will assume
that the waiting time and jump length densities are independent. The waiting time
probability density for a particle that arrived at a location at time ¢’ to jump at
time ¢ will be denoted by ¢(t — t'), where t — t' is the amount of time that the
particle waited. The jump length density for a particle that is at a location 2’ to
jump to location z at time ¢ is denoted by A(z|z/,t). In the following we consider a
CTRW on the growing domain z = y and an auxiliary CTRW on the fixed domain
z = x. In taking the diffusion limit we will restrict ourselves to fixed length jumps
on the growing domain, Ay, where the particle may jump either left or right. The
corresponding jumps in the auxiliary CTRW on the initial fixed domain will therefore
have lengths that change in both time and space as the domain grows.

For a particle undergoing a CTRW on the growing domain, we let p(y, t)dy(z, t)
denote the probability of finding the particle in the region (y,y + dy(z,t)), in the
time (¢,t + 0t) for a small dy(x,t). Thus p(y,t) is the probability density of finding

the particle, which we can express as follows,

P9l ), )5y t) = / Ot — )alg(e,t), )0y, YA, (108)

where ®(t — t’) is the survival function associated with the waiting time density
Y(t —t'). The inbound flux, ¢(g(z,t),t), is defined such that the probability of the

particle entering the region (y,y + dy(x,t)) in the time (¢,¢ + 0t), given y = g(z, 1),
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is q(g(x,t),t)0y(x,t)dt. This equation states that for a particle to be in the region,
it must have previously arrived in the region and not jumped away.

Equation (10.8) can be simplified by using Eq. (10.7),
t t t/
plot ) el e = [ (e — )algla, ), 1)l ey, (10.9)
0

To transform the evolution equation to a master equation it is necessary to replace
the explicit dependence on ¢(g(z,t),t) with a dependence on p(g(x,t,),t). The
growth of the domain requires us to utilise non-standard techniques to achieve this.
As the region is moving and growing this is most easily expressed by mapping the
required functions back to the fixed x domain. The formulation of the CTRW on
the fixed domain will be referred to as an auxiliary CTRW.

To formulate the auxiliary CTRW on the fixed domain, we relate the associated

densities to densities on the growing domain, such that,

p(y,t) :p(g(LC,t),t) :p*(:v,t), Q(g<x7t)7t) :q*(SL',t). (10'1())

Here we use a star to denote a function associated with the auxiliary process on the

fixed domain. Hence we can write the auxiliary form of Eq. (10.9) as,
t d t ¢ d
p*(x, t)edo H@s)ds :/ Ot — t')g* (x, t')elo H@ds gy, (10.11)
0

Note that this left hand side, p*(z, t)efot mws)ds g a conserved probability density.
Differentiating Eq. (10.11) with respect to time and simplifying, we arrive at an
evolution equation for the probability density,

op*(z,t)

t
Y Zq*($at)—/¢(t—t/)€ft’“(x’s)dsq*(ﬂv,t’)dt’—u(w,t)p*(x,t). (10.12)
0

In this equation the second term on the right hand side is the flux out of the

neighbourhood around z in the time interval around ¢, while the third term is the
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reduction in concentration of particles, around x around ¢, due to the growth of the

domain. Explicitly we define the flux out as,
t t
i*(x,t) = / Wt —t)q" (, ') e Jor m@s)ds gy, (10.13)
0

In this equation the incoming flux, ¢*(x,t), can itself be expressed in terms of the

flux out resulting in the relation,
L(0)
q*(z,t) = / Mz|x' t)i* (2, t)da, (10.14)
0

where A(z|2’,t) is the jump probability density, where a particle at =’ jumps to z,
at time t.

Using Eq. (10.14), noting the semi-group property of the exponential function,
we can rewrite Eq. (10.12) and using Laplace transform methods, we can express

the evolution equation for the auxiliary CTRW as the auxiliary master equation,

* t L(O) t ¢ ,
8/) a(fa ) _ / )\(.I|$/,t) / K(t _ t/)p*(I,, t/)e_ Sz ’s)dsdt/d]?/
0 0 (10.15)
— / K(t—t)p*(z,t)e T resds gy — iz 4)p* (2, 1).
0
In this equation, the memory kernel, K (t), is defined by,
L{(t

LAK(t)} = Ldv()} (10.16)

- L@}

where L; denotes a Laplace transform with respect to time.

The master equation, Eq. (10.15), has been derived for arbitrary waiting time
and jump densities. To obtain a diffusion limit of the master equation we will
require specific forms for these densities. We wish to consider the case of a fixed
jump length on the growing domain, where the particle will jump either right or

left with equal probability. In this case the jump length for the auxiliary master
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equation will change with both space and time. The jump probability density can

therefore be written as,

Mzl t) == (6(z — 2" — ")+ 6(z —a' +€7)), (10.17)

N —

where 0(z) is the Dirac delta function, and €t and e~ are time and space dependent.
To relate the €’s to the fixed jump length, Ay, we note that from Eq. (10.2) we

have,

Ay = / elo 1z3)ds g, (10.18)
r—et

xT+e .
Ay = / elo #(z:)ds (10.19)

Using the relations from Egs. (10.18) and (10.19), we perform a Taylor expansion
of Eq. (10.15) with the jump distribution given by, Eq. (10.17) around Ay = 0 to

arrive at,
ap* (ZL’ t) Ay2672 fot wu(z,s)ds 92 t "
) _ K(t — "o ' —f/,u(m,s)dsdt/
- . 5 | K= e

t@,u(:v,S) 0 ! AR N, — [ u(x,s)ds gq0 (1020)
—(/0 o ds) (%/OK(t—t)p (x,t")e” e dt)>

- [L(ﬁ, t)p*(ﬁ, t) + O(Ayg)

To consider subdiffusion on a growing domain we now take a heavy tailed Mittag-

Leffler waiting time density, given by,

Y(t) = t;lEa,a (— (;)a> : (10.21)

with 0 < @ < 1 and 7 > 0. The memory kernel of a Mittag-Leffler probability

density can be calculated from the inverse Laplace transform of Eq. (10.16),

To

K(t) =L {Sl_a}. (10.22)
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Recall that the Riemann-Liouville fractional derivative of order 1 — « is defined

as,

DI 10) = g g [ FOE =) et (10.23)

As we are considering smooth real valued functions, the initial condition term in the
Laplace transform of the Riemann-Liouville fractional derivative will be zero [89)],
so that,

LD (F()} = 5L {F (D)} (10.24)

Using Mittag-Leffler distributed waiting times the auxiliary master equation on

the fixed domain, Eq. (10.20), becomes,

—a * t(x,s)ds
op (e 1) Agre2linais (g2 [ oDy (p (2, t)els @) )
ot N 27 02 oJo n(x,s)ds

t oD (g (e Jo wla,s)ds (10.25)
([ o (20 )
0

ox ox oo 1(w,s)ds

- :U/(xv t)p*(x, t) + O(Ayg)

The fractional diffusion limit is one in which the length and time scales are taken

to zero, such that,

A2
D, = lim =Y

Mmoo (1026)

)

exists. The fractional diffusion limit of Eq. (10.25) is,

lI-a * ¢ x,8)ds
M = Dpe? Jy w(z,s)ds 0 0Dy <p (@, t)efo (s >

- u(m, t)p*<$’ t)'

‘ Oplfa p* (LC, t)ef(f w(z,s)ds
([ ey o (7 ( )
0

ox ox oo 1(a,s)ds

(10.27)

This is the auxiliary fractional diffusion equation defined on the fixed domain. Note

that, apart from the advective type term, this is the same form as a fractional re-

190



action subdiffusion equation [7], with the additional feature of a space and time
dependent diffusivity. In writing the equation in terms of the growing domain coor-
dinates the diffusivity will be constant.

Boundary conditions may be implemented by considering different jump length
densities near the boundary. Explicitly, a zero flux boundary will be implemented
by taking,

Mzl t) =0(x — 2" +€), (10.28)

for x € [L(0) — ¢, L(0)] and,
Mzl t) = 6(z — 2’ —€), (10.29)

for z € [0, e*]. This jump density guarantees that there is no flux across the bound-
ary, and in the diffusive limit the master equation at the boundary point will be
consistent with the master equation in the bulk.

Using the jump length density for the left boundary, Eq. (10.29), and taking a

Taylor expansion around Ay = 0, the master equation, Eq. (10.15), becomes,

8Péf7t) Aye fo (z,s)ds (/Kt—t)p (l't) ftluxsdsdt)

2,2 [ p(x,s)d
L aver <( Q/Kt—t’)p (z,t)e ft/““‘“dt’)
2 O (10.30)

taﬂ(x‘s " — [} w(z,s)ds 341
([ #5) (G [ ettt o))

— (@, t)p"(x,t) + O(Ay?).

for x € [0,et]. The difference between this equation and the bulk result is the
occurrence of a first order spatial derivative. With the Mittag-Leffler waiting time

density in order for the diffusion limit, Eq. (10.26) to exist, we require the first order
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spatial derivative term to be,

5 [ oD (o yckinen)

% efg wu(z,s)ds

=0, (10.31)
z=0
only holding at the boundary point as Ay — 0. This zero flux boundary condition
is equivalent to the zero flux boundary derived for fractional reaction subdiffusion
equations [10]. The derivation for the right hand side of the boundary results in an
equivalent condition.

The fractional diffusion equation can be found by mapping the auxiliary equa-
tion, Eq. (10.27), to the growing domain. Using the mapping y = g(z,t), with Egs.

(10.5) and (10.6), we perform a change of variables and find,

dply,t) . & 1,
ot _Da@yQ <1/(y,t)0
ov(y,t) 1

‘( o )u<y,t>”(y’”'

(. (p(y,t)l/(y7t))) _ n(y,ﬂ@péz, t)
(10.32)

Here we have defined a new comoving fractional derivative, JC/~®, which operates

along the curve, y = g(z,t), for a fixed . Formally this is defined as,

0C T f(y,t) = ﬁ% /0 Fla(g™ (y, 1), 1), ¢)(t — ') at'. (10.33)

Informally, the history of the function is not integrated over a fixed value of y
but rather along the trajectory of the point in the domain as it grows. As with the
Riemann-Liouville fractional derivative, the co-moving fractional derivative becomes

the identity operator in the limit as o — 1. We note that,

6C " (py, v (y. 1) = oDy~ (p" (2, )" (2, 1)) (10.34)

The physical understanding of Eq. (10.32) is that the third term on the right

hand side is a dilution factor due to the growing domain, the second term is an
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advection factor due to the growing domain and the first term is a fractional diffusion
term modified to take into account both the growth and dilution. The boundary

condition, Eq. (10.31), on the growing domain is,

= 0. (10.35)

y:07L(t)

0 ( 5C (p(y, t)v(y, t)))

Ay v(y,t)

dy

We note that when o — 1 this boundary condition is independent of the rate of the

domain growth and is simplified to,

dp(y,t
Py, 1) —0, (10.36)
W lyo.L)
on the growing domain.
It should also be noted that,
d L
- [ ply,t)dy =0. (10.37)
0

This can be seen by integrating Eq. (10.32) over the growing domain and using the
boundary conditions given by Eq. (10.35).
As a specific example, we consider a constant growth rate in which the mapping

between the original and growing domain is defined by Eq. (10.2),

pw(x,t)=r, and g(z,t) = ze™, (10.38)
where r € R. Using this we can simplify the master equation on the growing domain,
Eq. (10.32), and it becomes,

8 7t 82 —r —« T
P D (T (ol )

dp(y,1)
dy

—rp(y,t), (10.39)

with boundary conditions given by Eq. (10.35). This can be considered a simple

model for diffusion of transmembrane proteins, such as potassium channels [99], that

193



are anomalously diffusing in the plasma membrane of a uniformly growing cell, for
example during the G1 phase of growth of budding yeast [101]. In the case as a — 1,
we recover the expected equation for diffusion on a uniformly growing domain, see

Murray [113].

10.4 Summary

In this Chapter we have derived evolution equations that describe subdiffusive trans-
port on a growing domain. Equation (10.27) describes the transport on a rescaled
fixed domain whilst Eq. (10.32) describes the same process on the growing domain.
The evolution equation on the growing domain required the definition of a new frac-
tional order differential operator that follows the domain growth, Eq. (10.33). Our
work provides the essential first step for modelling physical applications involving
subdiffusion on growing domains. This model can be extended in numerous ways;
including reactions through birth and death processes, including forces using biased
CTRWs, and generalising to higher dimensions using a multidimensional growth

function and multidimensional CTRWs.
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CHAPTER 11

Piecewise Fractional ODE Method

11.1 Introduction

This Chapter follows the derivation in [16]. In the following we consider an initial

value fractional-order ODE (frODE) of the form,

oD (t) = f(x(t), (0) = wo, (11.1)

where ¢Dg, is a Caputo fractional derivative with 0 < a < 1 and f(x(t)) is
potentially a nonlinear vector field. Extending the work of El-Sayed and others
[49, 5, 69, 135, 47, 48, 51, 50] we provide a correct derivation of the difference equa-
tion approximation to Eq. (11.1) based on a piecewise approximation. This results
in an increasing order difference equation which captures the memory effect of the
frODE. This is achieved by a piecewise constant approximation of the vector field,
resulting in a one parameter family of integrable frODEs that limit to the original
frODE. The integrable frODEs have a closed form solution that can be discretised to
provide a difference equation that approximates the solution of the original frODE.
Furthermore, we show that this method may be implemented with an non-uniform
time step. An example is presented that shows the difference equation correctly

captures the dynamics of a specific frODE.
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11.2 Fractional Derivatives

The properties of fractional derivatives were summarised in Chapter 1 but we have
made further remarks here for convenience. There exist multiple types of fractional
derivatives, here we will focus on frODEs involving Caputo derivatives. A Caputo

fractional derivative is defined by [34],

oDSa(t) = ﬁ /0 (t -ty gy, (112)

for 0 < a < 1. The Riemann-Liouiville fractional derivative is defined by,

1 d

wDalt) = f—mr /0 (t— ) (t)dt . (11.3)

for 0 < o < 1. We can transform a Caputo derivative to a Riemann-Liouville
through the following relation [89];

r DG (2(t) — 2(0)) = cDg,(t), (11.4)

hence the two are equivalent when z(0) = 0.
Fractional derivatives can be easily expressed in Laplace space and we will make

use of this form. The Laplace transform of the Caputo fractional derivative is,
LAcDgx(t)} = s"Lofx(t)} — s 12(0). (11.5)
The Griinwald-Letnikov derivative is defined by,

a S m
aLDf e (t) = lim <= > (-1) z(t — mdt). (11.6)
m=0 m
If 2(t) € C° and 0 < « < 1, then this is equivalent to the Riemann-Liouville

derivative. Griinwald-Letnikov derivatives have long been used as a basis of methods

for discretising Riemann-Liouville frODEs [121, 27].
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11.3  Problems with First Order Approximations to frODEs

The approach taken by El-Sayed and others [49, 5, 69, 135, 47, 48, 51, 50] when
applied to the fractional equation, Eq. (11.1), results in a discrete first order equation

of the form,
ot

F(a(ndt)). (11.7)

We can use a simple convergence argument to demonstrate that this first order
difference equation can not capture the dynamics of a fractional order differential

equation.

11.3.1 Convergence

In this subSection we demonstrate that Eq. (11.7) does not converge to Eq. (11.1)
as 0t — 0 such that t = ndt. Noting that the solution of Eq. (11.7) is a function
that is only defined over a discrete set of points, we define a function of a continuous
variable ys(t), such that at the points t = ndt we have ys(t) = z(ndt). Away from
these points the function ys(¢) is defined as an interpolation whereby the resulting
function is continuous and differentiable. We will assume that such a function will
have a well behaved limit as 6t — 0 so that,

lim y5(t) = y(t). (11.8)

ot—0

This limit must exist if Eq. (11.7) is to converge, furthermore if Eq. (11.7) did
converge to Eq. (11.1) then y(¢) would be a solution of Eq. (11.1). We will now
show that y(t) is not a solution of Eq. (11.1).

From Eq. (11.7) we see that ys obeys the relation,

ot”

y(;((n -+ 1)(5t) = y(;(nét) + m

S (ys(ndt)). (11.9)
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Letting t = ndt, we can rearrange Eq. (11.9) to give,

(ys(t + 6t) — ys(?))
ote

I(1+a) — Fus(®)). (11.10)

Taking a Taylor expansion of the function ys(t) at 6t = 0, allows us to express

ys(t + 0t) = ys(t) + otys(t) + %yg’(t) + 0(6t?), thus Eq. (11.10) becomes,

(St (1) + S244(t) + o(6t2))
ote

I(1+a) = f(ys(t)). (11.11)

Finally taking the limit 6t — 0 gives f(y(¢)) = 0, for 0 < a < 1, and hence y(¢)
can not be a solution of Eq. (11.1) except in the trivial case y(t) = 0. It follows
that the discretisation given by Eq. (11.7) does not recover the original continuous
equation, Eq. (11.1), in the limit of small time steps.

As an aside, we note that in the special case « = 1, Eq. (11.11), becomes,

(Stys(t) + L yp(t) + o(6t2))
ot

= f(ys(t)), (11.12)

and hence in the limit 6t — 0 this recovers the integer order equation,

WO _ pyy). (11.13)

Thus in this special case of a = 1 the discretisation, Eq. (11.7), does converge to
Eq. (11.1).

A numerical demonstration of the lack of convergence, for 0 < o < 1, is shown
in Figure 11.1. Here we have considered the first order discretisation of the Riccati
equation, Eq. (11.1) with f(z(t)) = 1—xz(¢)?, and show that it tends to the function
z(t) = 1 for t > 0, as 0t — 0. This is consistent with the equation f(z(t)) = 0 as

derived above.
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11.4 Piecewise Constant Integrabilisation

Whilst the final result of the method described in the series of papers [49, 5, 69, 135,
47,48, 51, 50] is incorrect, the initial approach that has been undertaken has merit.
Here we will consider a correct extension of this approach for the general Caputo
initial value problem given in Eq. (11.1). We will construct a family of equations,
parametrized by dt such that in the limit 6¢ — 0 the family limits to Eq. (11.1).
Each member of the family is an integrable frODE with a closed form solution. We
will refer to this process as an integrablization of Eq. (11.1). Here this is achieved
by replacing the right hand side of the frODE with a piecewise constant function.

Choosing some time step dt, the frODE to solve would become,

D5 x(t) = f (:1: (5t %J >) | (11.14)

We show below that this is an integrable equation whose solution is trivially ob-
tained. The piecewise constant function is chosen so that in the limit of small 6t we

recover the original equation, i.e.

lim f <x (5t %D) — f(a(1)). (11.15)

Using a unit step function, defined by

0 t<0,
u(t) = (11.16)
1 t>0,

we can rewrite the right-hand side Eq. (11.14) as a sum, giving

¢Dg(t) = > f(x(mdt))(u(t —mét) — u(t — (m + 1)dt)). (11.17)

m=0

The infinite sum on the right hand side of this equation is convergent as for any

value ¢ the difference between the step functions is 0 for all bar one term. Equation
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(11.17) can be expressed as a sum of single unit step functions,
oD§a(t )+ > (f(x(mét)) = fla((m —1)6t)) u(t —mdt).  (11.18)
m=1

The solution of this equation can be found utilising Laplace transforms. The Laplace

transform of Eq. (11.18) yields,

s“L{x(t)} —s* g =s"1f -1 Z z(mdt)) — f(z((m — 1)6t))) =Mt
(11.19)

where 2(0) = zo. Rearranging and inverting the Laplace transform gives,

x(t) = Zo+

te = [ (t —mét)®
T(1+ a)f<w0)+z ( T(1+a)

m=1

(Flalmdt) = flal(m = D30) ) ult-mdo),
(11.20)
We note that this is a solution in continuous ¢. This can be simplified to an n'®

order difference equation by setting t = ndt,

(not)*

T o)) 70+ Z T + - U = 10 o meit)) — fa(m — 1)61))).

- (11.21)

z(ndt) = xg +

This difference equation incorporates the history of the function and as such the
order of the difference equation grows with each time step.

The complexity of arithmetic operations in Eq. (11.21) grows with the iteration
number n. The first two terms accumulate with O(1), however due to the memory
effect for each evaluation of a new time step n, we are required to sum over the

entire history of n — 1 terms. Hence the algorithm has O(n?) arithmetic complexity.
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11.5 Limit o — 1

Here we show that in the limit o — 1 that Eq. (11.21) will recover the simple Euler

discretisation of an integer order ODE. Taking a = 1, Eq. (11.21), becomes,
n—1
x(ndt) = xo + (ndt) f(xo) + ((n—=m)dt)(f(z(mdt)) — f(x((m —1)dt))). (11.22)

m=1

Subtracting z((n — 1)dt) from both sides of this equation then yields.

—_

n—

z(not)—x((n — 1)dt) = (ndt — (n — 1)5t) f(xo) + Y ((n — m)dt)(f(z(mdt))

1

3
I

[\

n—

= f(x((m =1)ot))) = »_((n =1 =m)ot)(f(x(mdt)) — f(z((m —1)dt))).

" (11.23)
This simplifies to,
x(not) — z((n — 1)dt) = ot f(z((n — 1)dt)). (11.24)
This is the Euler discretisation of the ODE,
dfg) = f(x). (11.25)

11.6  Convergence

It is easy to confirm that the discretisation given in Eq. (11.21) will limit to the
solution of Eq. (11.1) in the limit as 6t — 0. Firstly we note that the solution of

Eq. (11.1) can be found by fractionally integrating both side of the equation giving,

() — 2(0) = /O (. (11.26)
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Integrating by parts leads to,

x(t) =$(0)+%+/ %di,f( (t))dt’ (11.27)

Now considering Eq. (11.21), we can write,

not)* at(( x(mot)) — f(xz((m — 1)dt
( F(zo +Z 1+a )6t) (f (z(madt)) — f(=(( )9t)))

as(ndt):xo+r<1 50

(11.28)
Taking the limit 6t — 0 such that t = ndt and ¢’ = mdt are fixed then one recovers
Eq. (11.27). This shows that the discretisation given in Eq. (11.21) converges to the
solution of Eq. (11.1) in the limit 6¢ — 0. This also shows that the discretisation
could have been derived from a quadrature of Eq. (11.27). This integral form
representation of the method shows that this is related to a fractional order Adams

method [40, 160].

11.7 Fixed Points

It is clear that any fixed points of Eq. (11.1) must also be fixed points of the
discretisation given in Eq. (11.21). A point z* is a fixed point of Eq. (11.1)
provided that f(z*) = 0. Consider the discretised dynamics given by Eq. (11.21)
with an initial condition zy = x*. By construction we can see that the trajectory
x(ndt) = x* for all n and hence x* is also a fixed point of the discretised equation.

We begin by considering the point z(dt). From Eq. (11.21) we have,

2(5t) = o + 007y (11.29)

= z*. (11.30)

In general for the point z((n + 1)dt) we will have,

(n+1—m)ot)”
I'(l+«)

z((n+1)6t) = 2* + Z

(f (z(mdt)) — f(z((m —1)t))), (11.31)
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and z((n + 1)6t) = z* provided that z(mdt) = z* for all m < n. Thus, as z(0) =
z(dt) = x*, we have inductively shown that x(ndt) = z* for all n > 0. Hence any

fixed point of Eq. (11.1) must also be a fixed point of Eq. (11.21).

11.7.1 Linear Stability

Next we consider the linear stability of the fixed points. Considering a small initial
displacement away from the fixed point z*, so that z(0) = x* + dxg. We can write
the solution at some later time as x(t) = z* + dx(t), and using this Eq. (11.1) can

be written as,

D56 (t) = f(a + da(t)). (11.32)

Performing a Taylor series expansion on the right hand side, with respect to dx

about 0, and retaining the linear term gives,

cDg ox(t) = f'(x7)dx(t). (11.33)
This linear equation has a solution of the form,

dx(t) = 0x(0)EL(f'(x7)t%). (11.34)

Considering the long term behaviour of this solution if f/(z*) > 0 then x(t) — oo
as t — oo and we would say that the fixed point z* is linearly unstable. Otherwise

the point is linearly stable. Rewriting Eq. (11.14) and linearising gives,

t
C'D&ﬁx(t) - f/(x*>5x ({&J 5t> . (11.35)
From Eq. (11.21) we see that this has a solution of,

(not)>

L ((n —m)dt)~
I'l+a)

dx(ndt) = 0x(0)+ I'(l+ )

I (2*)0x(0)+ I (") (dx(mdt)—dz((m—1)dt)).

m=1

(11.36)
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We will say that the fixed points of the discrete dynamics have unchanged linear
stability and are asymptotically stable if f/(z*) < 0 implies that xz(ndt) — 0 as
n — oo. Typically this will be expressible as a function of the step size dt. We
can solve Eq. (11.36) with Z-transform techniques. Taking the Z-transform of Eq.

(11.36) and rearranging we find,

220z(0)0(1 + «)

202D} = T T A+ a) — ot f (a7 (2 = D2 (no]) (11.37)
where the Z-transform is defined as,
Z{ox(ndt)} = i 2 "ox(ndt). (11.38)

n=0

We see that in the case f/'(z*) > 0, Z {0x(ndt)} has a pole for |z| > 1, and hence
dx(ndt) is unbounded as n — oco. This implies that any fixed point that is unstable
for the continuum dynamics will remain unstable for the discrete dynamics. For
the case f'(z*) < 0 we can use the Z-transform generalised final value theorem that
states [56],
lim znja (i6t) = Tim(1 — 2)Z {5x(not)} (11.39)
nl_}H;on'_oxz = lim z x(n . .

Note that if the sequence dz(ndt) has a limit as n — oo then = 77" oz (idt) will

tend to the limit as n — oco. Performing the limit using Eq. (11.37) we find,

lin%(l — z)Z{0x(ndt)} =0, (11.40)
and so,
1 n
lim — 0t) = 0. 11.41
Jim -~ ZEZO dx(idt) =0 ( )

This shows that if the sequence of dz(ndt) tends to a limit then that limit is zero,

and hence the discrete fixed point will be stable. Formally it remains to show that
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dx(ndt) does approach a limit as n — oo, and typically this can be achieved by

considering a sufficiently small time step dt.

11.8 Non-uniform Time Step

One benefit of this approach is the ease of implementing a non-uniform time step.
Non-uniform time steps can be used to concentrate time points around areas of
greater change in the solution and can improve the performance of the method
[90, 92]. The approximation to Eq. (11.1), can be formulated so that the time
steps, {071,072 ...}, are not uniformly sized. Let the sum of the first i time steps

be represented as 7; i.e.

Ti=Y 07 (11.42)
j=1

With the unit step notation the frODE approximation is,

DS, (t) )+ ) (f( — f(@(Tme1))) u(t — ). (11.43)

m=1

Again, the solution can be found using Laplace transform techniques. Following the

same method as above this gives,
x(t) = xo + F(lt f(zo) + Z ( (= Tm (f(x(1)) — f(x(Tml)))> u(t — 7).

This leads to a difference equation by setting t = 7,,,

—_

n—

(Tn — Tim)®
f(zo) + 1m(f($(7m)—f($((7m—1)))‘ (11.45)

,7_05

SL’(Tn) =T + m

3
I

This difference equation reduces to Eq. (11.21) when uniform time steps are taken.
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11.9 Examples

11.9.1 The Fractional Order Ricatti Equation

The fractional order Riccati equation,

e D () = 1 - plx(t))’, (11.46)

with the initial condition x(0) = z was considered in [49], resulting in the first

order difference equation approximation,

ot

z((n 4+ 1)dt) = x(not) + m

(1 — p(x(nét))?). (11.47)

Our discretisation of Eq. (11.46) can be found from Eq. (11.45),

n—1

(1—pag) Z e 1=p(2(7))*) = (1= p(a (1 —1))?)].
" (11.48)

(e%

x(1,) = xO—NT

Taking 7,, = ndt leads to the fixed time step discretisation of Eq. (11.21). Figure
11.1 shows the results of these two discritization methods with p = 1, a = 0.8, and
zo = 0.5, for 6t = 0.1, 0.01, and 0.001. From the figure, we can see that Eq. (11.47)
produces a sequence that is convergent to x(ndt) = 1, i.e. f(x(t)) =0 for t > 0, as
0t — 0. This is in contrast to the results from Eq. (11.48). We also see that the
results from Eq. (11.48) display a much slower approach to the equilibrium at x = 1

that is characteristic of fractional order differential equations.

11.9.2 Linear Fractional Differential Equation

To show that the discretisation presented here correctly captures the dynamics of
a fractional order differential equation we will consider a simple case with a known

exact solution. Consider the Caputo frODE,

cDgx(t) = —cx(t), (11.49)
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x(t)

0.0 0.5 1.0 15 20
Time

Figure 11.1: Comparison between a first order difference approximation Riccati
equation [49], Eq. (11.47) for §¢t = 0.1, 0.01, 0.001, 0.0001, and 0.00001 (Red), and
the results of the integrablization, Eq. (11.48), for 6t = 0.1, 0.01, 0.001, 0.0001
(Blue). The arrows indicate the directions of decreasing d§t. The first order discreti-
sation is clearly not converging to the solution of the fractional Riccati equation.

with 2(0) = zy. As this is a linear equation the solution is easily found by Laplace

transform methods,

x(t) = xoEo(—ct®), (11.50)

where E,(y) is a Mittag-Leffler function.

To check that the discretisation correctly captures the dynamics we will com-
pare the exact solution with discrete points generated by the piecewise constant
integrablization. We will also compare against the standard Griinwald-Letnikov
discretisation of the same equation and a numerical solution found via a predictor

corrector method. The Griinwald-Letnikov discretisation of Eq. (11.49) is given by,

x(ndt) = xog — c6tx((n — 1)6t) — » (=)™ (x((n —m)ot) — xg). (11.51)

A more exact approximation can be formed by a predictor corrector method [41].
This involves constructing an approximation from a higher order Adams method

by correcting a lower order prediction. This scheme is easy to implement, although
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it does not result in a simple difference equation in the same manner as the above
method. For details of the scheme see [41].
The difference equation from a piecewise constant integrablization can be found

from Eq. (11.45),

() = (T — Tm)®

A — mzl m(l«(fm) — 2(Tu1))- (11.52)
Taking 7,, = ndt leads to the fixed time step discretisation. As well as a fixed
time step we will consider two cases of non-uniform time steps. In the first case we
will draw a set of 7,,’s from a uniform distribution such that the expected value of
Tn — Tn—1 is 0t. In the second case we deterministically chose the 7,, such that the
difference between subsequent 7’s is an increasing function. Again the time steps
are chosen so that the average value is dt.

We define the error in the approximation zs(t), with respect to the exact solution
x(t) as,

E(t) = [z(t) — za(t)], (11.53)

Figure shows the results of these discretisations on the time interval [0, 3], where
we have taken, a = 0.5, c = 1, o = 1, and 0t = 0.25. The residuals are calculated
by taking the difference between the discretisation value and the exact value, i.e.
x(7n) — Eo(—c1?). For a fixed time step the Griinwald-Letnikov discretisations and
piecewise constant integrablization are similar in their accuracy with the predictor
corrector method providing a much better solution at the same dt. As we would
expect taking a set of 7,,’s that sample the dynamics more closely at earlier times,
when the solution has a larger gradient, gives a better approximation for small times.
The random sampling time step shows that the discretisation scheme is robust to

the choice of time step.
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Figure 11.2: The Griinwald-Letnikov discretisation (Orange Circles) and the piece-
wise constant integrablization on the time interval [0, 3] (Blue Squares, fixed time
step, Yellow Diamonds, random time steps, and Purple Triangles, non-uniform
spaced time steps) of Eq. (11.49) with a = 0.5, ¢ = 1, zy = 1, and §t = 0.25.
The left panel shows the solutions, with the exact solution given as a solid black
line, and the right panel shows the difference between the exact solution and the
discritisation.
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Figure 11.3: Left panel: The convergence of the numerical schemes for the linear frac-
tional ODE. The error in the Griinwald-Letnikov discretisation (Blue Circles), the
piecewise constant integrablization (Orange Squares), and the predictor-corrector
method (Green Diamonds) are plotted against the time step dt. The orange and
blue dashed lines have a slope of 1 whilst the green dashed line has a slope of 1.64.
Right Panel: The time evolution of the error in the piecewise constant integrabliza-
tion for the same 0t values as the left panel. The arrow indicates the direction of
decreasing 0t

11.9.3 A Fractional Duffing Oscillator

We consider an undamped fractional order Duffing oscillator governed by the equa-
tion,

cD§ a(t) = ax(t)’ + bx(t) + ccos(wt), (11.54)
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with 1 < a < 2. As the degree of the fractional derivative is greater then one,

we decompose the equation into a set of lower order differential equations. Letting

f=a—1,and y(t) = d‘zgt), we have
dx(t)
=yt 11.
Oy, (11.55)
cngty(t) = ax(t)?’ + bx(t) 4+ ccos(wt). (11.56)

This set of differential equations now involves a fractional differential equation whose
order is between zero and one, and hence amenable to our integrablization. Using Eq.
(11.45) to discretize the fractional equation, and the standard Euler discretisation

for the integer order equation, for a fixed §t we find,

x(ndt) =x((n — 1)0t) + dty((n — 1)ot) (11.57)
0 (n6t>/8 3
y(not) =xy + m(az(nét) + bx(ndt) + ccos(wndt)) (11.58)

n —m)ot)?
+ Z %(am(métﬁ + bx(mdt) 4+ ccos(wmdt))

3 3
==

n —m)dt)?
_ %(ax((m —1)0t)? + baz((m — 1)dt) + ccos(w(m — 1)dt)),

m=1

with x(0) = 2. We can also discretize this system using a Griinwald-Letnikov

derivative and the standard Fuler discretisation. This gives,

x(ndt) =x((n — 1)dt) + dty((n — 1)dt) (11.59)
y(not) =(6t)% () + ax((n — 1)6t)® 4+ ba((n — 1)6t) + ccos(w(n — 1)6t))  (11.60)
S [ ) i —msn 25,

m=1 m

with 2(0) = xo.
Again we will also consider an approximation found via a predictor corrector

method [41].
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The numerical evaluation of these methods is presented in Figure 11.4, for
a =18, a = —%, b=1,¢c =2, and w = 1. We see that both the Griinwald
discretisation and the integrablization are similar in accuracy, whilst the predictor-
corrector method results in a much more accurate approximation. As we do not
have an exact solution to compare against, the accuracy of the predictor-corrector
method can be used to give a good approximation for a ground truth solution. With
a small enough time step the approximation from the predictor-corrector has a suf-
ficiently small error so as to be negligible when compared with the errors of all the
methods at larger time steps. For this ground truth solution we will take a time step

of 6t = 2.5 x 107°. We define the relative error in the approximation zs(t) then as,

E(t) = |ver(t) — x5 (t)], (11.61)

where xgr is the ground truth approximation.

The approach taken in this example of breaking a frODE whose order is greater
than one into a system of equations can be applied more generally [89]. If an frODE
has an order between k£ and k + 1 then it can be broken down into a system of k

DEs with order one, and one frODE of order between zero and one.

11.10 Summary

We have demonstrated that the first order discretisations of frODEs based on piece-
wise constant approximations in a series of papers [49, 5, 69, 135, 47, 48, 51, 50]
do not converge to the corresponding frODE in the continuous time limit. The
difference equations, being of first order, cannot capture the dynamics of the origi-
nal frODE. We have presented a correct derivation of an increasing order difference
equation based on a piecewise constant approximation for the vector field of the
frODE. This discretisation method is amenable to non-uniform time steps and can

easily be implemented on nonlinear frODEs, including non-autonomous frODEs.
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Figure 11.4: Left Panel: The error in the discretisation of the fractional Duffing os-
cillator, Eq. (11.54), as a function of 6¢. The orange squares are the integrablization,
from Eqgs. (11.57) and (11.58), the blue circles are the Griinwald-Letnikov discretisa-
tion, given by Egs. (11.59) and (11.60), and the green diamonds are from a predictor
corrector method. The dashed lines show that the error is scaling with ¢ for the
integrablization and Griinwald-Letnikov discretisation, and d¢? for the predictor cor-
rector method. Right Panel: The error as a function of time for the integrablization
for the same 6t values as the left panel. The arrow indicates decreasing dt.

Whilst the method presented here is less accurate then current state of the art
techniques, such as predictor-corrector type methods [41], it should be possible to
adapt this scheme to obtain high order accuracy. Simply considering a piecewise
polynomial interpolation rather then piecewise constant will give an improvement
without overly complicating the Laplace transform techniques employed. Further-

more, it should be possible to adapt this to a predictor-corrector scheme.
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CHAPTER 12

Piecewise Fractional PDE Method

12.1 Introduction

The work in this Chapter is based on [17] and introduces a novel method for the so-
lution of nonlinear time-fractional partial differential equations via a semi-analytical
integrabilisation method. This extends the integrabilisation method for fractional
ODEs that the authors introduced in [16]. The integrabilised representation of the
nonlinear fractional PDE is achieved through the construction of a one parameter
family of time-integrable fractional PDEs that is consistent with the original frac-
tional PDE in the limit of this parameter. Each member of this family of fractional
PDEs is amenable to solution via Laplace transform techniques. The solution of
these fractional PDEs and the subsequent discretisation of the solution forms a ba-
sis for a numerical method that may be used to approximate the solution of the
original fractional PDE.

This approach to the construction of a numerical method for a fractional PDE
differs from traditional approaches in that we construct an approximation for the
entire equation rather then any single operator. In fact at no stage do we discretise
the fractional derivative in constructing our method. We show that our method is
somewhat similar to an Adams method, in that it can be seen to be equivalent to a
quadrature of a fractional integral.

In the following we will consider fractional PDEs involving Caputo derivatives,

however the method can readily be extended to other fractional derivatives. We de-
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velop the Piecewise Constant Integrabilisation in Section 12.2 and we have provided
a general convergence result. As a simple application we consider the fractional
heat equation in Section 12.3. Exact solutions for the fractional heat equation are
found considering polynomial initial conditions on an unbounded domain. In this
application we show that the integrabilisation is exact for cubic in space initial con-
ditions, but is only an approximation for higher polynomial order initial conditions.
In Section 12.4 we turn our attention the fractional diffusion-wave equation using
the time integrabilisation with a spectral solution of the spatial derivatives. We also
provide a stability result for the spectral integrabilisation in this application. In
Section 12.5 we show how the integrabilisation behaves for the integer order time
derivative in the non-linear Burgers’ equation. We conclude with summary remarks

in Section 12.6.

12.2  Piecewise Constant Integrabilisation

Here we consider an initial value fractional PDE,
cDyw(z,t) = p(z,t,w(z, 1)), (12.1)

for « > 0, where p(x,t, w(x,t)) is a function of x, ¢ and a spatial operator on w(z,t).
In order to create piecewise constant integrabilisation of this fractional PDE, we
extend the previously considered piecewise constant method for fractional ODEs
[15]. To begin we replace the right hand side of the fractional PDE, Eq. (12.1), with

a piecewise constant function in t. We choose a dt such that,

DS w(a,t) = p (g; (575 %J) w (g; 5t %J >) . (12.2)

As we take the limit of 6t — 0 we recover the original equation, since,

lim p (x (5t %J) w (mt %J )) — (ot w(z, b)) (12.3)
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The right hand side of this equation can be rewritten using a unit step function,

defined by,

0 ¢<0,
u(t) = (12.4)
1 t>0.

Then the right hand side becomes,
cDgw(x,t) = p(x, (mdt), w(z,mdt)) (u(t — mot) — u(t — (m +1)6t)). (12.5)
m=0

By considering a change of limits this can be rewritten as a sum of unit step func-

tions,

cDgw(w,t) = p(z,0,w(z,0))
+ Z , (mot), w(x,mdt)) — p (z,(m — 1)ot, w(x, (m — 1)6t))) u(t — mot).

(12.6)

Equation (12.6) can be solved by using a Laplace transform with respect to time.

Using the Laplace transform definition from Eq. (1.11) we arrive at,

s*L{w(x, 1)} — i s E1wOR) (2,0) = s7p (,0,w(z,0))
4+ st Z (p (z, (mdt), w(x, mdt)) — p(z, (m — 1)6t,w(zx, (m — 1)6t))) e ™",

(12.7)

Here, we have defined w")(x,) to be the mixed ith derivative with respect to x

and the jth derivative with repect to ¢ of w(z,t) evaluated at (xg,tg), i.e

0w (z,t)

w(i’j)(:to, to) = R

(12.8)

r=x0,t=tg
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Rearranging and inverting the Laplace transform gives,

n—1

tk te
w(z,t) = kzow(o’k)(% O)H + p (2,0, w(z,0)) NCE)
> (t — mdt)®
+ Z (p (z, (mdt), w(z,mdt)) — p(x, (m — 1)6t, w(z, (m — 1)dt))) mu(t — mdt).

m=1

(12.9)

This is the exact solution of Eq. (12.2). As such the solution is defined for all time
t.
To obtain a numerical method we must discretise time. Considering the time

points t = [0t the solution becomes,

n—1 k .

-1 )

+ (p (ma (mét), w(x, mét)) -p (xa (m - 1)5t, w(x, (m — 1)5t>)) %
(12.10)

Notice that no information was lost in going from Eq. (12.9) to Eq. (12.10). Know-
ing the solution at the discrete time points, t = [dt, is sufficient to construct the
solution at any other time.

Equation (12.10) forms the basis of our numerical method, although, depending
on the form of the function p(x,t,w(x,t)), further spatial discretisation may be
required. In most cases standard finite difference operators may be used to deal
with integer order spatial derivatives. It may also be possible to avoid a spatial
discretisation by finding a spectral solution of the equation. We will look at specific
examples of these different approaches in the examples, but first we obtain a general

convergence result.

12.2.1  Convergence
We check that our discretisation in Eq. (12.10) limits to the solution of Eq. (12.1)

in the limit as 0t — 0, by considering the integral of both equations. To begin we
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integrate Eq. (12.1) with respect to t, yielding,

n—1 OF) tk t (t _ t/)a_l
) R ;7 / / /
w(ert) = 3wl 0 = / Fo @t e .
Integrating by parts leads to,
n—1 tk
w(z,t) =Y wo(z, O)E
k=0 '

+

I(a+1) ['(a+1)dt

Turning to Eq. (12.10), we can express it as,

p (2,0, w(z,0)) + /t (=) d (z, ¢, w(z, ') dt'.

(12.11)

(12.12)

n—1
B 7 (16t)F (16t)
w(z, 10t) = kzzo wOF) (g, O)T + p (2,0, w(zx,0)) Tla+1)
- dt((l —m)dt)* (p (x, (mdt), w(x,mdt)) — p(x, (m — 1)dt, w(x, (m — 1)dt)))
= Dla+1) ot

(12.13)

Taking the limit ¢ — 0 such that ¢ = [§t and ¢’ = mdt then one recovers Eq.

(12.12). This shows that the discretisation given in Eq. (12.10) converges to the

solution of Eq. (12.1) in the limit 6¢ — 0. This also shows that the discretisation

could have been derived from a quadrature of Eq. (12.12).

12.3  Fractional Heat Equation

We consider the classic heat equation,

0 0?
aw(x> t) - @w@j? t)a

with the first order derivative replaced by a fractional time derivative,

Dy w(w,t) = @w(x,t),
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here we have restricted ourselves to 0 < a < 1. The integrablization present above

approximates Eq. (12.15) as,

w(z, 16t) = w(z,0) + w?0 (z, O)%
+ i: (w(z,o) (z,mét) — w2 (z, (m — 1)6t)) ((L=m)ot)® (12.16)

['(a+1)

m=1

By considering an initial condition that is polynomial in space on an unbounded
domain we can construct both exact solutions to the fractional heat equation, Eq.

(12.15), and the integrablization, Eq. (12.16).

12.3.1 Integrablization of the Fractional Heat Equation

If we assume an initial condition that is a polynomial in x of degree p without
boundaries, then we may express solutions of Eq. (12.16) without any spatial dis-
cretisation. As the RHS of the equation involves only the function, and second
derivatives of the function, from earlier times, then the polynomial initial condition
ensures that the solution at all later times may be written as a polynomial of degree

p with respect to x so that,
p .
w(z, lot) =Y a;(lot)x". (12.17)

1=0

Substituting this into Eq. (12.16) then gives,

D aot)e =Y a0)' + Y i+ 1)(i + 2)ai+2(0)xi—rgfiza1)
-1 /p-2 .
" (Z(Z + 1)@ + 2) (ai2(mdt) — ai2((m — 1)6t)) xl) %‘ (12.18)
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Matching coefficients leads to equations for the time evolution of each of the poly-

nomial coefficients. The highest two degree coefficients are unchanging in time,

a,(lot) = a,(0) (12.19)

ap,—1(10t) = a,—1(0) (12.20)

All other coefficients are evolved by the relation,

al(lét) = CLZ(O) + (Z + 1)(2 + 2)ai+2(0)ré;5—%
-1 «
3 (5 106+ 2) (o) = asa(n — 1) L 12

m=1
As an example, we consider an initial condition that is quadratic in x, i.e.
w(z,0) = ag(0) + a1(0)x + az(0)z?. For such an initial condition Eq. (12.16 )
has the solution,

w(x,10t) = ag(0) + 2@(0)% +a1(0)x + ay(0)2*. (12.22)

12.3.2  Ezact Solution of the Fractional Heat Equation

The procedure used in Section 12.3.1 can be followed in general to obtain exact
solutions to Eq. (12.15) for any initial condition that is a polynomial in z. Again,
in general, given a polynomial initial condition of degree p then the solution at all

times can be written as a polynomial of degree p, i.e.
p .
w(z,t) = Zai(t)x’. (12.23)
i=0

The integral form of the solution to the fractional heat equation can be found from

Eq. (12.12),

w0 (z,0) (" (E—t)*
t) = —_— ~ L _w@D (g, )t 12.24
wlat) = we0)+ = [ e ) (12.24)
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Substituting the polynomial representation of the solution into this equation and
then matching coefficients we find that the two highest order coefficients are constant

in time, i.e.

a,(t) = a,(0) (12.25)

a,_1(t) = a,_1(0). (12.26)

We also see that the remaining coefficients are given by the following equation,

B (i 4+ 1)(i + 2)ai2(0)t® bt —t)> ,
i) = ai(0)+ T +/0 H i D+ 2alty(e)ar. (1220

As the coefficients a,(t) and a,_1(t) are constant in time it is possible to express the

coefficients as polynomials in t*. Explicitly,

F 1—1—1—1—23 )ai125(0)t7*
F1+al(1+jo)

(12.28)

From this we can write down the exact solution of the fractional heat equation via
the sum in Eq. (12.23),
p—i

55 . . ;
p > LA +1+ 2j)air; (08 )
T+ (1 + ja) '

w(z,t) =

(12.29)

This solution can be checked explicitly by substituting into the fractional heat equa-

tion, Eq. (12.15).

12.3.83  Comparison Between the Fxact Solution and the Integrablization of the
Fractional Heat Equation

Returning to the case of a quadratic initial condition it is trivial to see that the
solution of the integrablization, Eq. (12.22), matches the exact solution, Eq. (12.29),
for all t = [4t. For initial conditions that are polynomials in = of degree greater then

three the integrablization solution will not exactly match the solution given in Eq.
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(12.29). The evolution of the highest four polynomial coefficients, i.e. a,(t), a,—1(t),
ap,—o(t), and a,_3(t), will always be exact regardless of the order p.

To examine this difference we will consider a numerical example. We take an
initial condition of the polynomial formed from a finite truncation of the Taylor
series expansion of exp(z — ) about 0, for example for p = 5 this would be

2?2 bxd  at 412°

Neldp— Lt 20 T .
w(z,0) =1+z-F -+ 5+

(12.30)

The exact and integrablization polynomial coefficients were solved under a range of
0t values with a = 0.8. The solutions were compared over the interval x € [—1,1] by
integrating the absolute value of the difference between the two solutions to produce
an absolute L error, F(dt,t). The relative error, R(dt,t), is defined as the absolute
error divided by the integral of the exact solution over = € [—1,1]. The results are
presented in Figure 12.1. From this figure we see that the error grows unbounded
in time, this is to be expected as the exact solution also grows unbounded in time.

For the case p =5 we also see a convergence of O(0t).

12.4  Fractional Diffusion-Wave Equation

This example considers the linear diffusion-wave equation, which in the integer order

case is given by,

—w(z,t) = —w(x,t). (12.31)

This equation is almost identical to the heat equation, differing only by the order of
the time derivative. We will use a formulation for which Agrawal has provided exact
solutions on a bounded domain [6]. The time fractional version of this equation is
given by

Do w(z,t) = @w(:p, t), (12.32)
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Figure 12.1: The error in the integrablization of the fractional heat equation given
initial conditions given in by a Taylor series of exp(z — z%) about = 0 of order
p. Top left: The absolute error as a function of dt for p = 6 evaluated at ¢t = 2.
The dashed line is a linear best fit in §¢. Top right: The evolution of the absolute
error as a function of time. The arrow indicates decreasing dt. Bottom left: The
time evolution of the absolute error for p =4,5,6,7,8,9, 10, at fixed 6t = ﬁ. The
arrow indicates decreasing p. Bottom right: The time evolution of the relative error

for p=4,5,6,7,8,9,10, at fixed dt = ﬁ. The arrow indicates decreasing p.

with 1 < a < 2, subject to the initial conditions

T 0<x <1,
w(z,0) = (12.33)

2—x 1<x<2,

and

w®(z,0) = 0. (12.34)

We now impose Dirichlet boundary conditions

w(0,t) = w(2,t) = 0. (12.35)
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Applying the present method yields

w(z, 16t) = w(z,0) + w® (z,0)(16t) + w9 (z, 0)%
-1 a
i (w(2’0)(x,m6t) _ w(270)<x7 (m — 1)&)) M (12.36)

‘ I'(a+1)

3
Il

12.4.1 Spectral Solution of the Integrablization

As an alternative to the standard finite difference approach we can form a spectral
method by considering the evolution of single Fourier components. As we have
imposed zero value Dirichlet boundary conditions on Eq. (12.32) we will assume
that its solution can be expressed as a sine decomposition on the interval = € [0, 2],
this gives,

w(z,t) = i": on(t) sin (gnx> . (12.37)

This representation makes the calculation of the second derivative in x trivial,

w®% (z,t) = i —0o,(t) <gn>2 sin (gmc) : (12.38)

n=0

Due to the linear nature of Eq. (12.32) we only need to consider the evolution of

a single wave number n. Simplifying Eq. (12.36) with the above assumptions then

gives,
0, (16t) = 0,(0) + oV (0) (16¢) — (gn>2 U”(O)%
- s (12.39)
(@nl(m = 1)3t) = o (mdt)) (n) %

1

3
I

Any initial condition, f(x), that obeys zero valued Dirichlet boundary conditions

may also be represented by a Fourier sine decomposition,

flz) = i o,(0) sin (gn.r) : (12.40)
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Figure 12.2: The spectral representation of the initial condition for the fractional
wave equation. Left: The spectral representation of the initial condition function,
f(z), for maximum wavenumbers up to n = 1, 5, and 10. The dashed line is the
exact function. Right: The difference between the exact initial condition function
and its spectral representation with maximum wavenumbers up to n = 1, 5, and 10.

where

an(O)—/O f(m)sin(gnx) dx. (12.41)

Any initial conditions imposed on higher order derivatives may be similarly. In our
case, Eq. (12.34) gives the trivial condition o (0) = 0 .

Thus the fractional wave equation, posed in Eq. (12.32), can be approximated
by evolving a finite set of wave numbers according to Eq. (12.39), subject to the
initial condition given by Eq. (12.41).

The accuracy of the solution will be limited to the accuracy of the representation
of the initial condition. Taking a finite number of wave numbers to represent the
initial condition given in Eq. (12.33) will always result in a loss of information. The
accuracy of the finite Fourier decomposition is captured in Fig. (12.2), illustrating

the qualitative shape of the initial condition and the absolute difference.

12.4.1.1 Stability

For a given dt we observe that the evolution of the solution for a finite number of
wavenumbers is stable. In order to capture higher spatial frequencies a smaller time
step is required. Due to the sum over the past history the standard Fourier stability
analysis is complicated and results in inequalities that are not readily reducible

to easy to interpret conditions. Instead we will consider a different limit found
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by considering the evolution of the solution. We know that the analytic solution
requires that |0, (t)| < |o,(7)] for all ¢ > 7. Moreover we also know that evolution
should not change the sign of 0,(t), i.e. if 0,(7) > 0 then o,(¢) > 0 for all t > 7.
Thus if 0,(0) > 0 the method will be unstable if ¢,(ldt) < 0 for any [ > 0. This

gives us an instability criteria from Eq. (12.39),

0> 0,(0) — (%)2%(0)%
3 . (12.42)
o 090 ) ()

If we assume that o,(kdt) > 0 for all 0 < k < [ then (o, ((m — 1)dt) — o,(mdt)) >0

for all m > 1. This reduces our instability criteria to the more manageable,

n?m2(15t)>

oD 1. (12.43)

If this is not true for any [ if it is not true for [ = 1. This implies that, given a Jt,
our method is unstable for the evolution of the solution of wavenumbers where,

- (%)é | (12.44)

12.4.2  Comparison Between the Fxact Solution and the Spectral Integrablization

We numerically solve the intergablisation to compare with the exact solution. Fol-
lowing Agrawal [6], the exact solution to Eq. (12.32) given the initial conditions by
Eqgs. (12.33) and (12.34), subject to the boundary conditions Eq. (12.35), is given

by the infinite series,

(12.45)

T ) (S~ )
2

we(x,t) = ZEQ(— 1 t*) sin(—=x oy
n=1

For the purposes of computation we truncate the series when the terms become

less then 107°. The spectral integrablization is computed by considering a finite
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Figure 12.3: The error in the spectral solution of the integrablization of the fractional
wave equation given a piecewise linear initial condition. Top left: The absolute error
as a function of dt for a spectral solution at time ¢t = 1 taking wavenumbers up to
n = 5. The dashed line is a linear best fit in 6¢. Top right: The evolution of the
absolute error as a function of time of a spectral solution taking wavenumbers up to
n = 5. The arrow indicates decreasing dt. Bottom left: The time evolution of the
absolute error for the spectral solution taking wavenumbers up to n = 1,3,5,7, at
fixed 0t = TIOO‘ The arrow indicates decreasing maximum wavenumber n. Bottom
right: The difference between the exact solution and the spectral integrablisation

across the domain with n =5 at ¢t = 1.

truncation of the sum in Eq. (12.37). Each of the required o,(ldt) functions were
computed via Eq. (12.39). We considered the case of a = % and the results are
presented in Fig. (12.3). Here we can see a linear convergence rate of the solution

as ot — 0.

12.5 Burgers’ Equations

We now consider the integer order nonlinear Burgers’ equation due to the availability
of an exact solution to which we may compare our numerical scheme. The equation
is given by,

ow(zx,t) 0 0?

By + w(x,t)%w(x,t) = V@w(x,t). (12.46)
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In the infinite domain case the Burgers’ equation is satisfied by the following equa-
tion,

w(z,t) =14 2vtanh (c + t — z). (12.47)

As we wish to consider a finite domain we implement time dependent Dirichlet
boundary conditions on the domain = € [0, L]. Taking the boundary conditions of

the form,

w(0,t) = 14 2v tanh (c + t), (12.48)

w(L,t) =14 2vtanh (c+t — L), (12.49)

ensures that the infinite domain exact solution, Eq. (12.47), is also a solution for
our finite domain problem. Here we set L = 10, ¢ = 0 and v = 1/2. Using standard
finite difference approximations to the spatial derivatives, the integrablization, Eq.

(12.10), applied to Brugers’ equation gives,

w(idz, 16t) = w(idz,0) + p (idz, 0, w(idx,0)) (16t)
-1
+ Z (p (idz, (mdt), w(x,mdt)) — p (idx, (m — 1)dt, w(idx, (m — 1)dt))) ((I — m)dt),

m=1

(12.50)

for 0 <i < L/dx, where

i, 16, w(ide, 16)) = <y <w((z + 1)dx,16t) — 2w(i{;5;:2, 10t) + w((i — 1)dz, lét))
. w((i + 1)0x,16t) — w((i — 1)dz, 16t)
—w(idx, 16t) 550 ) . (12.51)

From Eq. (12.50) we can easily see that,

w(idz, l0t) — w(idx, (I — 1)dt) = dtp (idz, (I — 1)dt, w(idx, (I — 1)ot)).  (12.52)
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Figure 12.4: The error in the solution of the integrablization of Burgers’ equation.
Left: The absolute error as a function of dt for the solution at time ¢ = 0.5.Right:
The evolution of the L; error as a function of time with 6t = 0.01 and dz = 0.1.

This shows that when o = 1 the sum over the history of the function is not required
and we recover a simple Euler method as a time discretization. For completeness
and in comparison to the non-integer order case we will numerically evaluate this
scheme. The values of 0x are chosen so that M = L/dx is an integer. The boundary
conditions are implemented numerically by fixing the value of the numerical function

at the boundaries of the domain. This gives,

w(0,10t) = 1+ 2v tanh (¢ + 15t), (12.53)

w(Mox,l6t) = 1+ 2vtanh (¢ + [0t — Mox). (12.54)

The initial condition is also taken from Eq. (12.47),

w(idz,0) = 1 + 2vtanh (¢ — idz). (12.55)

Figure 12.4 illustrates, numerically, the increase in accuracy of the numerical scheme
as 0t and dx are decreased. This numerically validates the convergence discussion
given in Section 12.2.1. Figure 12.4 also shows the time evolution of the L; error,
E(dt,t). The initial increase with time is due to the wave-front passing through the

domain.
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12.6  Summary

We have introduced a new method for enabling the time integration of nonlinear
time-fractional partial differential equations. The method does not provide a dis-
cretisation of the fractional derivative but instead it uses a integrablization of the
fractional PDE.

The method presented in this Chapter is an extension to the work on fractional
ODEs in [15] to fractional PDEs. The introduction of a spatial domain presents a
host of approaches to the solution of the spatially dependent fractional PDE as has
been discussed above. The stability of the proposed scheme is dependent on the
relationship between 0t and dx and we note that with a rigorous stability criterion
one could adaptively choose dt, as is done in [15], to reduce the computational time
of the method.

Several numerical examples are given as a means of illustrating the efficacy and
accuracy of the proposed method for linear and nonlinear PDEs and fractional PDEs
on both bounded and unbounded domains. In addition to this a convergence proof

is provided which validates the proposed method.
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CHAPTER 13

Thesis Summary and Discussion

Over the past few decades there has been increased interest in developing fractional-
order models, both ODE and PDE. This is due to the history effect that fractional-
order derivatives introduce into the system. However without sufficient care ad
hoc fractional-order models can have non-physical parameters or a violation of flux-
balance. By deriving fractional-order models from an underlying stochastic process,
physical fractional-order models can be derived. This thesis presents the derivation
of both fractional-order ODEs and PDEs which can be used as mathematical models.
This body of work has firmly established the use of CTRWs in the development of
fractional-order models.

In Part I we focused on the derivation of fractional-order ODE models. This
began by deriving stochastically consistent fractional SIR models and a more general
fractional-order compartment model and concluded with discrete formulations of our
continuous models, providing a stable numerical scheme to solve the equations. In
doing so, we presented the conditions under which fractional-order derivatives arise.
This is a novel approach to fractional-order ODEs.

Part II was centred around the derivation of fractional-order PDEs. Whilst
these derivations are significant in their own right, they also raise considerations
around underlying stochastic processes. These considerations include; the non-
unique stochastic framework which can result in the same equations; and the differ-

ent ways in which ‘forces’ can be introduced.
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Part III described a novel numerical approach for solving fractional ODEs and
PDEs based on piecewise approximations and integrabilisations.

The use of the CTRW as a stochastic process from which once could derive
physically consistent fractional-order ODEs and fractional-order PDEs was reliant
on the introduction of power-law tailed waiting time densities such as the Mittag-
Leffler density. The use of exponential waiting time densities results in integer order
derivatives.

The key difference between the exponential and Mittag-Leffler distributions is
that the former is memoryless. For the exponential distribution the ‘waiting time’
until the next jump is not dependent on how much time has already elapsed. In
the case of the Mittag-Leffler distribution the longer that one has waited, the longer
one expects to wait. This memory property, the memory of how much time one has
already waited, becomes manifest through a fractional derivative in the governing
evolution equation. The fractional derivative, like an integral, requires the knowledge
of the full history of the solution, but unlike an integral it expresses the time rate
of change of this full history, and it applies different weighting to different parts of

the history.
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