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Abstract

In this thesis I have analysed several mathematical models, which represent the dynamics
of genetic regulatory networks. Methods of bifurcation analysis and direct numerical
simulations were employed to study the biological phenomena that can occur due to the
presence of time delays, such as stable periodic oscillations induced by Hopf bifurcations.
To highlight the biological implications of time-delayed systems, different models of genetic
regulatory networks as relevant to the onset and development of cancer were studied in
detail, as well as genetic regulatory networks which describe the effects of transcription
factors in the immune system. A network of an oscillator coupled with a switch was
explored, as systems such as these are prevalent in genetic regulatory networks. The
effects of time delays on its oscillatory and bistable behaviour were then investigated, the

results of which were compared with available results from the literature.
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4.4 Effect of the coupling parameters A and B on the oscillation-induced peri-
odic switch in the DDE system (4.2) with delays only in the T'oggle switch.
(b) is a magnification of (a). Dark blue: When B is sufficiently small and A
sufficiently large, a periodic switch is observed. Light blue: When A and B
are small, low amplitude oscillations around the lower steady state branch
are observed. Green: When both A and B are large enough, we see low
amplitude oscillations around the upper steady state branch. Yellow: When
A is sufficiently small and B large, birythmicity is observed. Orange: For
small B there is a range of possible choices of A where, depending on initial
conditions, low amplitude oscillations around the upper steady state branch
or periodic switch is observed. Pink: For small B if A is sufficiently small
and within a certain range, depending on initial conditions, low amplitude
oscillations around the lower steady state branch or periodic switch is ob-
served. Parameter values: 7 = 0, 79 =40, T' = 0.2, a1 = as = az = 100,

Br=P2=pP3=5,11=7=73=05,d =d2=1,bp =by =0, ax = 2,

xil



4.5  Oscillatory behaviour in the DDE model (4.2). (a) Bifurcation diagram of
variable X as a function of parameter a;. The blue curve shows that this
variable switches between the lower and upper steady states, with different
dynamics than seen in the ODE model (4.1). (b) Time evolutions of X
and Y. (c¢) When amplitude of coupling is insufficient, a periodic switch
cannot be induced and variable X oscillates around the lower steady state.
(d) Corresponding time evolution of X and Y. (e) When amplitude of
coupling is high, oscillations around the upper steady state can occur. (f)
Corresponding time evolution of X and Y. (g) When amplitude of coupling
is very low, oscillations of the Repressilator can induce birythmicity. (h)
Corresponding evolutions of X and Y. Parameter values: 7p = 0, 79 = 40,
T'=02 o0q=a=a3 =100, 51 = P2 =3 =5,71 =7 =173 =5,
di=dy=1,by =by =0, ao =2, m =2, n=4. Coupling parameters:
A=0.3,B=05 ((a) and (b)), A =0.05, B=10.5 ((c) and (d)), A = 0.3,
B =2.5 ((e) and (f)), A =0.05, B=2.5 ((g) and (h)). For the latter case,
initial conditions are X (0) = 0.1 and Y (0) = 10 (denoted by CI1), leading
to the lower limit cycle or X (0) = 10 and Y (0) = 0.1 (denoted by CI2),
leading to the upper limit cycle. . . . . . . . . . .. ... ... .. ... ...

4.6 New Oscillatory behaviour found in the DDE model (4.2). (a) For suffi-
ciently large amplitude of coupling, it is possible to induce a phenomenon
where, depending on initial conditions, variable X can undergo small-amplitude
oscillations around the upper steady state or undergo a periodic switch. (b)
Time evolution of corresponding X and Y. (c) For a sufficiently small ampli-
tude of coupling, a type of behaviour is possible where, depending on initial
conditions, variable X can undergo a periodic switch or undergo small-
amplitude oscillations around the lower steady state. (d) Corresponding
time evolution of X and Y. Parameter values: 7 = 0, 79 = 40, T' = 0.2,
ap =a2=a3 =100, 81 = B2 =P3 =5, =1 =73=5d =d =1,
by = by =0, a3 =2, m =2, n = 4. Coupling parameters: A = 0.3,
B = 1.25 ((a) and (b)), A = 0.12, B = 1 ((c) and (d)). Initial condi-
tions are X (0) = 0.1 and Y (0) = 10 (denoted by CI1), or X(0) = 10 and
Y(0) =0.1 (denoted by CI2). . . . .. .. ... ... ... ... .. ...



Preface

Genetic regulatory networks (GRNs) are often modelled mathematically to gain informa-
tion about a vast array of life processes within an organism. The ability to derive simple
models which capture the important dynamical behaviours in a biological system, such as
a GRN, allows one to understand the impact of specific system parameters on the network
dynamics. The level of control that can be achieved through parameter tuning can yield
valuable results and help make crucial predictions on biological phenomena outside of an
experimental environment. One such parameter type that can be more easily represented
mathematically, but are more difficult to measure accurately experimentally, are the time
delays associated to transcriptional and translational processes in GRNs. Mathemati-
cal models of GRNs which consider these time delays are essential in obtaining a better
understanding of the processes in their representative biological environment.

In the first part of the thesis I investigate the role of transcriptional and translational
time delays in GRN models, and show how such delays can be introduced in a paradigmatic
two-gene activator-inhibitor GRN. Depending on a particular biological regime in which
a given GRN is operating, it is often possible to encounter a situation where there is
a significant separation of time scales due to, for instance, very fast mRNA dynamics
compared to other characteristic time scales. In such a case it is possible to perform
dimensional reduction and concentrate on the dynamics of a smaller number of variables.
A reduced model of this type is analysed and conditions are derived that lead to a transition
from a stable steady state to stable periodic oscillations that are impossible in the model
without the time delays. This result highlights the importance that time delays have on
the dynamical behaviour of GRNs, revealing information that would have otherwise been
inaccessible. Analysis is then extended to the full nonlinear system to illustrate differences
in stability conditions, and it is shown how critical values of the parameters at the Hopf

boundary change when the time delay increases from zero.
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In order to better understand the role of time delays in genetic regulatory networks, in
the next part of the thesis I derive a delayed model based on the so-called Repressilator.
The model incorporates auto-activation, which is a process present in many gene networks
in the immune system. After proving that the model is well posed, the model is anal-
ysed and conditions are derived for the existence of a Hopf bifurcation leading to stable
periodic oscillations. This result was not possible for the earlier models of the symmetric
Repressilator without a large Hill coefficient. Numerical simulations are performed and
they fully support theoretical findings.

Many GRNs are known to be composed of interconnected sub-networks of oscillators
and switches. To investigate the role of transcriptional and translational time delays on
networks such as these I introduce discrete delays to a five-gene network, which extends
the work in the earlier literature, of the Repressilator coupled with a Toggle switch. 1 focus
on analysing analytically and numerically the dynamics of the delayed model, and show
the existence of new behaviours, which were not present in the model system without the

time delays.
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Chapter 1

Introduction

The networks of interactions between DNA, RNA, proteins and molecules, are defined as
gene requlatory networks (GRNs). GRNs play a major role in a large number of normal life
processes, including cell differentiation, metabolism, the cell cycle and signal transduction,
hence, significant efforts have been made to develop mathematical techniques for their
analysis [1-3].

The process of protein synthesis by a gene is known as gene expression. In this process
a promoter, which is a regulatory region that precedes the gene in its DNA sequence, de-
termines the rate at which the RNA polymerase (RNAp) transcribes encoded information
into mRNA. mRNA are then translated into proteins, which accumulate and perform a
certain task in the organism. The rate of transcription can be affected by special types
of proteins called transcription factors, which are themselves encoded by genes. External
signals influence whether a transcription factor is in the active state. When active, the
transcription factor binds to the promoter and influences the probability of the RNAp
producing an mRNA [1]. Thus, transcription factors can either activate or repress the
transcription of its target gene. Multiple connections of gene products that regulate tran-
scription of other genes then give rise to GRNs, which are usually formalised as networks
(undirected or directed) where the nodes represent individual genes, proteins etc, and the
edges correspond to some form of regulation between the nodes.

An important consideration to be made is the separation of timescales within each
process of gene expression. The influence of external signals on the transcription factor

typically takes less than a second, binding of transcription factors to its target DNA



sites takes seconds, whereas transcriptional and translational processes take minutes and
accumulation of protein products can take minutes to hours [1]. It is therefore vital
to account for these timescales within mathematical models of GRNs to enable a more

complete picture of the underlying behaviours within the biological environment.

1.1 Literature Review

1.1.1 Mathematical Models of Gene Regulatory Networks

In the analysis of gene regulatory networks and their dynamics, the first step is the iden-
tification of key modules or components and possible relations between them, which is
often done by interrogating available expression data. Once the topology of the GRN has
been fixed, the next step in modelling the dynamics is making realistic assumptions about
specific rules that govern the expression of particular genes. Depending on the level of
understanding of underlying processes, the complexity of the GRN under investigation,
and the specific questions to be addressed, there are several methodologically different
approaches that can be employed. Endy & Brent [4] and Hasty et al. [5] discuss biological
underpinnings for studying and modelling GRNs, while excellent reviews by de Jong [2],
Bernot et al. [3], Tusek & Kurtanjek [6], and Hecker et al. [7] give an overview of mathe-
matical and statistical techniques that have been successfully used to model GRNs, and

some of these methods are discussed below.

Boolean Networks

Some of the first models developed for modelling GRNs were the so-called Boolean networks
[8-10], where the states of all genes participating in the interactions are represented by
binary variables having the values of ON and OFF, or 1 and 0, with the possibility of
either synchronous or asynchronous update rules for the nodes. Boolean logic rules are
then used to approximate regulatory control of gene expression [11], with updates of
binary states of all genes taking place simultaneously [12]. Boolean networks approach
has been extended in several directions to provide a better approximation of real GRNs.
Shmulevich et al. [13] have proposed a probabilistic analogue of Boolean networks to
account for stochastic nature of many processes involved in gene expression. Silvescu and

Honavar [14] have proposed temporal Boolean networks, where the next state of genes in



the networks is determined not only by their current state, but also by a fixed number
of their previous states, which effectively allows one to take into account some history of
transitions in a GRN. Recently, Boolean network models of GRNs have been compared to
models based on ordinary differential equations (ODEs), and, in fact, it has been shown
that some Boolean models can be rigorously derived as coarse-grained analogues of some
ODE models [15].

Significant advantage of using Boolean networks to model GRNs lies in the fact that
they allow one to consider networks with a very large number of nodes. At the same time,
there are several deficiencies in this approach. The first one concerns the fact that since
the gene states only admit the values of ON or OFF, this formalism does not take into
account intermediate stages of gene expression [16]. Another issue is that GRNs modelled
by Boolean networks can exhibit behaviour not observed in real life, hence, special care

has to be taken when choosing the class of admissible Boolean functions [17].

Fuzzy Methods

Due to intrinsic imprecision and uncertainty associated with gene expression data, it may
be appropriate to move away from precise rules of Boolean logic in favour of machine
learning techniques based on fuzzy logic. The basic idea is that rather than trying to
reconstruct some assumed fixed gene network topology, one considers the whole family of
possible networks with all possible distributions of links between nodes. The problem lies
in using actual data to assign appropriate probabilities to each of these configurations, so
that for a given input the fuzzy network would provide an output that most resembles
actual data. A significant advantage of fuzzy logic for inferring the structure of GRNs
lies in their ability to rely on already available knowledge of biological relations between
different nodes in the network, and, at the same time, being able to recover important
previously unknown connections. On the other hand, fuzzy methods for GRN inference
are characterised by a high level of computational complexity.

To give a few examples, fuzzy approach has been used to analyse microarray data from
the yeast cell cycle and to recover a set of GRNs, with k-nearest-neighbour algorithm
being used to replace missing data [18]. Woolf and Wang [19] have used a k-means
clustering algorithm to reconstruct and evaluate GRNs for Saccharomyces cerevisiae. In

this approach, groups of co-regulated genes are considered as clusters, and the clustering



algorithm is then used to detect cluster centres. Volkert and Mahlis [20] have used a smooth
response surface algorithm to recover GRNs from gene expression data for Saccharomyces
cerevisiae. Approaches based on an artificial bee colony search algorithm have allowed the
reconstruction of a GRN in Escherichia coli [21]. A very recent review by Al Qazlan et
al. [22] gives an overview of different fuzzy methods, as well as their combinations with
other approaches, such as ordinary differential equations, with the purpose of optimising

data mining of gene expression and microarray datasets to recover GRNs.

Ordinary and Delay Differential Equation Models

A very powerful and mathematically insightful methodology for analysis of GRNs is based
on nonlinear ordinary or delay differential equations (ODEs or DDEs). In this approach, a
gene regulatory network is represented by concentrations of different mRNAs and proteins,
and the dynamics can be written as a system of ODEs or DDEs using the law of mass
action for individual reactions [1]. Some of the earliest results on ODE models of gene
regulation go back to Goodwin [23,24], who introduced and studied a negative feedback
loop involving the concentrations of mRNA, an enzyme and a metabolite. It has been
later shown that a negative feedback loop is absolutely essential to ensure the existence of
stable periodic solutions, while positive feedback is required for multi-stationarity [25,26].
This approach was subsequently generalised and expanded [27-30]; reviews by Smolen et
al. [12], de Jong [2] and Hecker et al. [7] discuss some of these models based on systems
of nonlinear ODEs. A very important aspect of all these models is a regulation function
that controls the rates of gene expression. In light of experimental evidence suggesting
monotonic sigmoidal shape of regulation functions [31], a conventional choice for this
function is given by the Hill function [32-34]. Weiss [35] has discussed various chemical
mechanisms associated with the Hill function, including different kinds of ligand binding,
and a more recent review of the uses of the Hill function in GRN models can be found
in [36].

In order to more accurately represent a switch-like behaviour of the gene expression,
several authors have developed models of GRNs using piecewise-linear differential equa-
tions, in which the continuous Hill function is replaced by a discontinuous step func-
tion [37-42]. Besides regular steady states, the piecewise-linear models also allow for sin-

gular steady states, which although important for representing homeostasis in GRNs, are



complex to analyse due to discontinuities at the thresholds [43,44]. Polynikis et al. [32] dis-
cuss various features of piecewise-linear ODE models and different dynamical regimes that
can be exhibited in these models, including possible periodic solutions, sharp-threshold
dynamics, and the comparison with models based on continuous regulation function.

In terms of applications to cancer, ODE models have explained aberrant dynamics of
the NF-kB transcription factor linked to oncogenesis, tumour progression and resistance
to therapy, as well as the dynamics of IxB-NF-xB [45,46]. Another example is the analysis
of the feedback loop between the tumour suppressor p53 and the oncogene Mdm?2 [47],
and the single-cell response of p53 to radiation-induced DNA damage [48]. Clinical evi-
dence suggests that different components of the PI3K/AKT pathway can lead to aberrant
cell growth, metastatic competence and therapy resistance, and some progress has been
made in modelling this pathway and identifying inhibitors responsible for the regulation
of PI3K/AKT signalling [49]. Cheng et al. [50] and Edelman et al. [51] give a number
of examples of the uses of differential equation based models for the analysis of GRNs in
cancer.

Another aspect that has to be properly accounted for in dynamical models is the
fact that transcription and translation during gene expression often take place over non-
negligible time periods. Monk [52] has shown how time delays can cause oscillatory gene
expression and provide insights into the dynamics of interactions between p53 and Mdm?2
proteins associated with cancer suppression. Subsequent research has focused on the
role of time delays in GRN dynamics [53-57]. Xiao and Cao [58] have analysed a Hopf
bifurcation in a gene network with two transcriptional delays, which occurs when the sum
of the delays passes through a critical value, and shown how the amplitude and period of
oscillations of gene expression change with the time delays. Due to the fact that it may not
be practically possible to identify discrete transcription/translation time delays, a better
alternative would be to use models with distributed delay [59]. Models with time delays
have been used to understand the regulation of feedback loops involving transcription
factors E2F and Myc, known oncogenes and possible tumour suppressors [60,61]. Ribeiro
et al. [62] have developed a delayed stochastic simulation algorithm for analysis of the
p53-Mdm?2 feedback loop whose malfunction is associated with 50% of cancers. Sequences
of multiple reactions with unknown intermediate kinetics can also be successfully analysed

using time-delayed models [63,64].



Stochastic Models

Experimental evidence suggests that significant stochastic fluctuations are observed dur-
ing gene expression and regulation, hence, in many cases it is paramount to use stochastic
models for studying GRN dynamics [65,66]. Even in the absence of extrinsic noise as-
sociated with variability in different environmental factors, there are several fundamental
processes responsible for intrinsic stochasticity of gene expression [67,68]. One of these
is the process of initiation of transcription, which starts by first forming an elongation
complex by binding RNA polymerase (RNAp) to the promoter region of the gene, and
there is a significant variation in the duration of elongation processes between different
transcription events [69-72]. Binding of RNAp to the promoter regions of different genes
results in switching of these genes on and off, thus either blocking or facilitating further
transcription, which gives another major source of noise in GRNs. Stochasticity in ex-
pression of individual gene results in stochastic behaviour of larger genetic circuits and
GRNs [65,73]. Some of the early work on stochastic gene expression emerged from ex-
periments in synthetic biology [74,75] that demonstrated how stochasticity can result in
sustained oscillations, and significant amount of research has been subsequently done both
theoretically and experimentally on the analysis of stochastic (and delayed) oscillations in
gene regulatory networks [68, 76-78]. Zavala and Marquez-Lago have recently considered
delay-induced oscillations in deterministic and stochastic models of single-cell gene expres-
sion, highlighting important differences between these two types of models and associated
behaviours [79].

Besides being an intrinsic feature of biological dynamics, stochasticity has proved to
be important in the context of engineered genetic switches [74,80]. de Jong [2] and El
Samad et al. [81] discuss various methods for modelling stochastic GRN models, including
stochastic master equation and various stochastic simulation algorithms. Bratsun et al.
[78] have developed an algorithm for analysis of non-Markovian dynamics in GRNs with
time delays and showed that these delays are able to induce oscillatory dynamics in the
case where deterministic models do not exhibit oscillations. This methodology was later
improved, and several exact stochastic simulation algorithms have been developed for
simulations of time-delayed models [82,83]. A review by Ribeiro [72] discusses various

techniques for simulating stochastic time-delayed dynamics of gene expression, and very



recently Jansen et al. [84] have reviewed the role of delay distribution in the stochastic
dynamics during gene expression.

Another way to approach stochasticity in the analysis and reconstruction of GRNs is
by using so-called Bayesian networks [85], where gene expression values are represented as
random variables, and relations between them are probabilistic. Learning techniques for
Bayesian networks [86,87] allow one to combine expression data with an a priori knowledge
to deduce the structure of GRN that best matches the available expression data. Friedman
et al. [85] have developed an algorithm for deriving Bayesian networks that circumvents
a dimensionality problem, and this method has been used to analyse the cell cycle data
for S. cerevisiae containing numerous measurements of mRNA expression levels [88]. Out
of 800 genes it was possible to identify a few genes controlling the regulation of cell cycle

processes.

1.1.2 Delay Differential Equations

Mathematical investigation into the behaviour caused as a result of the elapsed time
between the initiation and completion of mRNA transcription, and likewise protein trans-
lation, has received great interest [52-58]. Types of models that best capture such infor-
mation are those of delay differential equations. A general delay differential equation with

a single time delay can be written in the form

= J(t,z(t),2(t = 7); ), (1.1)

where z(t) € R" is the state variable, 7 € R is the time delay, function f is a nonlinear
smooth function and p € R™ are time-independent parameters. Since the derivative @(t)
depends on the solution at past times, the initial condition for DDEs is defined as a
function over the interval [—7,0]. If xy = x(0), where —7 < ¢ < 0 denotes the solution
on the interval [—7,0], then for a fixed parameter p and given the initial solution x(t)
on [—7,0], there is a unique solution z(t) for ¢ € [0,00). Time delays themselves can be
constant or time/state-dependent.

In the case of multiple constant discrete time delays, a general delay differential equa-



tion (1.1) can be modified as follows

dx(t)
dt

= f(t,x(t),x(t — 11),x(t — T2), .cc, x(t — Tp); 1), (1.2)

where 71 > 0, 70 > 0, ..., 7, > 0 are the time delays. In this case, the derivative of x
depends on the solution at some fixed time in the past, represented by the time delays
T, 79, ..., Tn, and the initial conditions must take the form of an initial function established
over the interval [—7,0] where 7 = max{r;}, i =1,...,n.

The solutions of some delay differential equations can be obtained using the method
of steps [89]. The idea of this method is to compute the solution over a small time
interval using a given initial condition. The solution over that interval is then used as a
history function to calculate the solution over the next interval. This process is continued
indefinitely. As an example of this method, consider the following simple delay differential

equation:
dx(t)
dt

= —a(t—-2), a(s)=1 for —2<s5<0. (1.3)

The solution over a particular time interval must use known initial data, thus the time
step must be chosen accordingly. For a DDE of the form (1.2), the time interval cannot
exceed the size of T = min(7;), i = 1,...,n. This way all values of z(t — 7;) are known
in the interval 0 < ¢ < T. For the case of DDE (1.3) this simply means looking for the

solution in the interval 0 <t < 2 as the first step, which is given by:

o(t) = /Ot (v — 2)dv+ 2(0) = 1 — £,

Next, using this result as a history function, the solution in the interval 2 < ¢ < 4 can be

solved, and is given by:

2(t) = /Qt—x(v—2)dv+:r(2) - t; Y

The solution in the interval 4 < ¢ < 6 can then be found, and so on. This method, however,
becomes tedious in finding solutions over a large time scale, and can be troublesome with

DDE equations that are more difficult to integrate.



A linear discrete delay differential equation with n delays takes the form:

dx(t)
dt

= A0$(t) + ZAsz(t - Ti), (1.4)
=1

where x € R" and A4; € R"*", i =0,1,...,n. The characteristic equation for (1.4) can be
found in a similar way to ordinary differential equations, by supposing that linear delay
differential equations have exponential solutions. By substituting the solution x(t) = Be
into (1.4) and using basic linear algebraic theory, the characteristic equation is expressed

as

detA(\) = 0, (1.5)

where
AN = (Ao + Z Aie_)‘”) — A
i=1

is the characteristic matrix, I is the n x n identity matrix, and A denotes the eigenvalue.
Due to the exponential terms, there are infinitely many eigenvalues that solve equation
(1.5). There is, however, only a finite number of eigenvalues that can lie on and to the
right of the imaginary axis [90]. When a pair of complex conjugate eigenvalues crosses
the imaginary axis into the right half plane, a Hopf bifurcation is induced, generating a
periodic solution in the neighbourhood of a steady state whose stability changes [91].

To highlight the appearance of periodic solutions that can arise as a result of time
delays, first consider the following linear ordinary differential equation:

dx(t)
dt

=ax(t), =(0)=1, (1.6)

where @ € R is a non-zero constant. This can be easily solved using the method of

separation of variables which yields

x(t) = e™.

It can be deduced that the steady state, £ = 0, of ODE (1.6) is stable for a < 0 and
unstable for ¢ > 0. To introduce a time delay, consider the following delay differential

equation:
dx(t
dt

~—

=ax(t—71), z(s)=1, se€[-71,0). (1.7)



By seeking a particular solution, z,(t) = Be*, where B € R*, and its derivative, i,(t) =

BMeM| a solution can be obtained by substituting these into (1.7):

BleM = qBeMt—T)

— aBeMe 7.

Dividing both sides of this equation by Be* gives

A =ae M.

Thus, the solution of the delay differential equation (1.7) is
z(t) = BeM, where \=ae V.

In the limit 7 = 0, it follows that A = a. As one would expect, the DDE (1.7) behaves
in the same way as the corresponding ODE (1.6) when 7 = 0, that is, in the absence of
the time delay. The steady state £ = 0 is unstable when a > 0 and stable when a < 0. It
can be shown that a periodic solution is possible for 7 > 0 by alternatively looking for a
particular solution of the form z,(t) = C'sin(wt), its derivative @,(t) = Cw cos(wt), where

C € R*, and substituting into (1.7), which gives

Cw cos(wt) = aC sin(wt — wT)

= aC [sin(wt) cos(wT) — cos(wt) sin(wT)] .
Equating coefficients of cos(wt) and sin(wt), the following conditions are found:
. w
cos(wr) =0 and sin(wr)=——.

a

Since the period of the cosine function is 27, the two values of w7 in the range [0, 27]

that will satisfy the first condition are wr = 7/2 or wr = 37/2. Combining this with the
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second condition leads to the following possibilities:

(i) wr= g and ar = —%,
3 3

(il) wr= T and ar =",
2 2

It then follows that for the particular values of a and 7 that satisfy one of these conditions,

the DDE (1.7) admits the harmonic solution, z(¢) = C'sin(wt) [91].

1.1.3 Autoinhibition Model with Transcriptional Delay

To motivate the work in this thesis we first look at an existing model of a genetic regulatory
network studied by J. Lewis [92]. Delay differential equations have been used to describe
a self inhibiting gene, giving rise to oscillations which describe the dynamics of the somite
segmentation clock in Zebrafish, see Figure 1.1. To investigate the behaviour of the model
we perform a stability analysis of the steady states of the model analytically. To gain
a better insight into the dynamics, we numerically compute the eigenvalues using the
TraceDDE suite in Matlab, and use direct numerical simulations to illustrate the behaviour
under different parameter schemes and confirm analytical findings.

We consider a single-cell GRN consisting of a single gene which is assumed to inhibit
the production of its own mRNA. Denoting the concentration of proteins as p and con-
centrations of transcribed mRNAs as m, the rate of change of p and m are described by

the following pair of ordinary differential equations:

dL@ =am(t) — b
dﬂf(tt) (t) — bp(t), L8
a = f(p(t)) — em(t),

where p(t) is the number of protein molecules per cell at time ¢, m(t) is the number of
mRNA molecules per cell at time t, a is the protein synthesis initiation rate, f(p) is the
mRNA synthesis initiation rate as a function of p, b is the protein degradation rate, and
c is the mRNA degradation rate. Assume that transcription is inhibited by the protein p,

so that
k

f(p)zwa

where k and pg are constants. However, with more careful consideration of the transcrip-
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Figure 1.1: Network motif for the auto-inhibitory gene, X, of the Zebrafish somite segmen-
tation clock. The node is gene X and the loop represents regulation of mRNA production
by self-inhibition.

tion and translation processes, one should note that the concentration of protein deter-
mines the production of mRNA molecules and likewise the amount of mRNA molecules
influence the rate of protein production. There is a significant amount of time that passes
between the initiation of transcription and the arrival of a mature mRNA cell. This is
also the case with the production of a protein molecule after the initiation of translation.
Accounting for these delays, model (1.8) can be modified, giving the following pair of delay

differential equations:

dp(t)

- am(t —Tp) — bp(t),

ity (1.9)
7 f(p(t = Tpn)) — em(t),

where T}, is the delay during translation of proteins and T, is the delay during transcription
of mRNAs. To reduce the number of free parameters in the model, we define a phase-

shifted protein concentration by introducing a new variable:

padvanced(t) = p(t + Tp)a (110)

where we shall denote pagvanced(t) by Padw(t). The first equation of system (1.9) evaluated

at t 4+ T}, then has the form:

p(t+Tp) = am(t) — bp(t + Tp),

and in terms of the new variable (1.10) this can be rewritten as

padv(t) = am(t) - bpadv(t)'

12



The second equation of system (1.9) transforms into

m(t) = f(padv(t — T — Tp)) — Cm(t).

Thus, omitting the ‘adv’; system (1.9) takes the form:

) am(t) ot
(1.11)
D) fp(t )~ emi),

where 7 = T}, + T}, is the new combined time delay [92].
Before continuing with any analysis of system (1.11) we first must establish that the
solutions are nonnegative for all time to ensure their biological feasibility. The initial

conditions for model (1.11) are given by:

p(S) = ¢1(S)a s € [77-7 0]7

m(S) = ¢2(5)a s € [_7-7 0]’

(1.12)

where ¢;(s) € C([-7,0],R) with ¢;(s) >0 (=7 < s <0, i = 1,2). Here, C([—7,0],R) is
the Banach space of continuous mappings of the interval [—7, 0] into R. It is also assumed
that m(0) > 0, as this ensures that at least some amount of proteins will be produced.
We now prove that the solution (p(t), m(t)) of DDE (1.11) with the initial condition
(1.12) is positive for all ¢ > 0. This result can be proved by contradiction, following the
methodology used in [93]. We begin by showing that m(t) > 0 for all ¢ > 0. Let t; > 0
be the first time when p(t1)m(t1) = 0; assuming that m(t;) = 0 implies p(t) > 0 for all
t € [0;¢1], and since t; is the first time when m(¢;) = 0, this also means dm(t1)/dt < 0,
that is, the function m(t) is decreasing at ¢t = t;. However, evaluating the second equation

of the system (1.11) at ¢ = ¢; yields

dm(ty) k
= >
dt L+p(t—1)%/p3

0,

which gives a contradiction. Since m(0) > 0, this implies m(¢) > 0 for all ¢ > 0. Now that
the positivity of m(t) has been established, let t3 > 0 be the first time when p(t2) = 0.

For this to happen, one must have dp(ts)/dt < 0, that is, the function p(t) should be

13



decreasing at t = to. At the same time, evaluating the first equation of the system (1.11)
at t =t yields

dp(ta)
P am(tg) > 0,

which gives a contradiction, therefore, py(t) > 0 for all ¢ > 0. Hence, solutions p(¢) and

m(t) of the model (1.11) are positive for all ¢ > 0.

The steady states p and m of system (1.11) can be found as the roots of the following

system of algebraic equations:

am —bp =0,

L ) (1.13)
T =2/.2 cm = 0.
1+ p*/pjs

b
From the first equation of (1.13) we find that m = —p. Substituting this into the second
a

equation of (1.13) leads to the following polynomial equation for p:

akp?

3, 9
p° 4 pop be

2
where a, b, ¢, pg, k > 0. Replacing p with u — 5—3, some algebraic manipulation yields

2 6
6 akpy 3 Py
- ——==0.
T e Y T o7

This can be easily solved for u? as

0= akpd :l:l | a2k?p} N 47178.
2bc — 2V b2 27

There are six solutions for u, namely

2bc 2 b2c2 +77 et K=012

slakpd 1 [a?k?pf  4p§  rioks,
— _Z — e 3 ' K=01,2.
44,56 \/2bc 2V 2 Tar €

slakpd 1 [a?k?pl  4p§  2kx,
U123 =

(1.14)

A positive real steady state is required in order for it to be biologically relevant, so we
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only need to look at u; in (1.14) (where K = 0):

slakpd 1 [a?k2pf  4pf§
= — —. 1.15
b \/2bc+2\/ EERRNY (1.15)

2
Substituting (1.15) back into p = u — g—g, we are able to express the steady states p and

m of system (1.11) as follows:

2/3 2/3 )
6 2 b ap P
<§+$ F2+42p70> -3 a < F? 4 o7 —é’]
p= ., m=

6
0
e 1/3 g 1/3
F 1 P F 1 P
(2+2\/F2+27°> <2+2\/F2+27>

k 2
where F' = %.

Sl

_|_

N[

N—

)

oo

The equation for eigenvalues A of the linearisation near the steady state (p,m) of

system (1.11) has the form

M+ b+ )N+be+ye T =0, (1.16)

where

2akp/p?
7:—(1 p/Pg > 0.

(1+ (p?/pd))?

In the limit 7 = 0, (1.16) reduces to the quadratic equation:

M+ b+ )N +be+y =0,

whose roots always have negative real parts since b > 0, ¢ > 0, and v > 0. This means
that the steady state (p,m) is stable for any choice of parameters. Then to investigate if
there is a point at which the steady state loses stability for 7 > 0, we notice that A =0
is not a valid solution to the characteristic equation (1.16). Thus, the only way in which
the steady state (p,m) may lose stability is when a pair of complex conjugate roots of
(1.16) cross the imaginary axis. We can investigate this by looking for solutions of the

characteristic equation (1.16) in the form A = iw for some real w > 0. Substituting this
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Figure 1.2: Stability boundary of the steady state (p,m) of system (1.11). The steady
state is stable below the surface in (a) and to the left of the boundary curves shown in
(b). Parameter values are ¢ = 0.23, k = 33, and py = 40.

into equation (1.16) and separating into real and imaginary parts gives

7y cos(wr) = w? — be,
(1.17)
vsin(wr) = (b + ¢)w.
Squaring and adding these two equations together produces the following equation for
z=w:

h(z) =22+ (B* + )z + b2 —~4* =0,
which can be solved to give the critical frequency:

1
wp =5 [~ + )+ V0P - AP+ 4?) (1.18)

It should be noted that wg will only give real values provided bc < . This means that for
the values of parameters such that bc > +, the steady state (p,m) is stable for all values
of the time delay 7. Note that,

dh(z)
dz

=224+ b +¢* >0, forany z>0.
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Figure 1.3: Numerical solution of system (1.11): (a) 7 = 5; (b) 7 = 7. Parameter values
area =5, b=0.7, c=0.23, k = 33, and pg = 40. The critical time delay is 7p = 6.1271.

The critical value of the time delay 79 can be calculated from (1.17) to give

Ton = (jo [arctan <(Zg—0)l7020> + 7”L7T:| , n=0,1,2,..
where wp is found from (1.18) and arctan corresponds to the principle value of arctan.
When 7 = 79, the complex conjugate roots of the characteristic equation (1.16) are on
the imaginary axis. In order to determine if the roots do cross the imaginary axis, with
positive speed, we consider the root A(7) = u(7)+iw(7), of (1.16) near 7 = 79 5, satisfying
1(10n) = 0 and w(7m9,) = wo, n = 0,1,2,.... Then substituting A = A(7) into (1.16) and

differentiating with respect to 7 gives

A\ @ +b+oeM T
N Py A

dr

Therefore, it can be found that

d(Re)) d\
= Re || ==
weh { |: dr :| T=T0 } e © (dT>
o T=T0,n

9 AT
:Sgn{Re[()\-l-b-l-C)e ] }
Ay _
T=To,n

. { 2w cos(woTo.n) + (b4 ¢) sin(woTo.) }
wo?Y '

Substituting the expressions for cos(wo7o,,) and sin(woro,,) given by (1.17) yields

o[, - () o
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Figure 1.4: Stability boundary of the steady state (p,m) of system (1.11). The steady
state is stable below the surface in (a) and to the left of the boundary curves shown in
(b). Parameter values are a = 4.5, ¢ = 0.23, and pg = 40.

Thus, the eigenvalues of the characteristic equation cross the imaginary axis at the point
where 7 = 79 and never goes back across the axis for larger values of 7. Therefore, we

have proven the following result.

Theorem 1.1. Ifbc > =, the steady state (p,m) of the time delayed system (1.11) is stable
for all values of time delay T > 0. If be < vy, this steady state is stable for 0 < 1 < 19 and

unstable for T > 19 and undergoes a Hopf bifurcation at T = 1.

Figure 1.2 illustrates the stability boundary of the steady state (p,m) of system (1.11)
depending on the time delay 7, protein synthesis initiation rate a, and protein degradation
rate b, with parameter values taken from J. Lewis [92]. This Figure suggests that for a
fixed value of the degradation rate b, the time delay required for the steady state to lose
stability reduces as the protein synthesis initiation rate a, is increased. It also suggests
that when b is fixed, there exists a value, a, such that for 0 < a < a the steady state is
stable irrespective of the value of the time delay.

Figure 1.3 demonstrates the type of behaviour that is observed inside and outside of
the stable region in Figure 1.2. It shows how increasing the time delay 7 leads to a Hopf
bifurcation of the steady state (p,m) inducing a stable periodic orbit. After stability is

lost at the critical time delay, the system exhibits oscillatory behaviour for any larger value
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Figure 1.5: Stability boundary of the steady state (p,m) of system (1.11). The steady
state is stable below the surface in (a) and to the left of the boundary curves shown in
(b). Parameter values are b = ¢ = 0.23, and py = 40.

of 7.

In Figure 1.4 we show how the stability boundary for steady state (p,m) of system
(1.11) varies depending on protein degradation rate b, the transcription rate k, and the
time delay 7. One can see that by decreasing the value of k, there is a significant reduction
in the range of b where an unstable steady state is possible. As k is increased the stability
boundary tends towards a boundary curve limit as depicted for £ = 200 and remains close
to this for any larger value of k.

Figure 1.5 shows the stability boundary for steady state (p, m) of system (1.11), varying
parameters for protein synthesis initiation rate a, transcription rate k and the time delay
7. It suggests that for large k, the region for a stable steady state is consistently small for
most of the parameter space. However for very small values of k, and likewise for a, the

region for a stable steady state increases exponentially.

1.2 Thesis Outline

The research in this thesis focuses on mathematical modelling of genetic regulatory net-
works with discrete time delays associated to transcription and translation processes.

In Chapter 2, I use a paradigmatic two-gene network to focus on the role played by
time delays in the dynamics of gene regulatory networks. Dynamics of the reduced model

arising in the limit of fast mRNA dynamics are contrasted with that of the full model.
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Stability of steady states are established in terms of the system parameters and analytical
conditions for a Hopf bifurcation are derived for both models. Numerical simulations are
shown to illustrate the dynamical behaviour under different parameter schemes.

Chapter 3 discusses a mathematical model of a genetic regulatory network relevant
for describing the dynamics of transcription factors in the immune system. A three-gene
network is explored to examine the effects of time delays on its dynamics. Conditions for
stability of each steady state are presented where a Hopf bifurcation is possible for one
of the steady states. Numerical simulations help to further understand the results of the
mathematical analysis.

In Chapter 4, I investigate a mathematical model of a genetic regulatory network which
gives rise to oscillation and switch dynamics. A five-gene network is used to discuss the role
of transcriptional and translational time delays on the dynamical behaviour of one protein
in the gene regulatory network by comparing results with earlier literature. Numerical
simulations are used to depict the existence of new behaviour due to the inclusion of time
delays.

Chapter 5 contains a summary of the main results of the thesis and a discussion of

some open problems.
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Chapter 2

Time-Delayed Models of Gene

Regulatory Networks

Cancer is a complex disease, triggered by multiple mutations in various genes and ex-
acerbated by a number of different behavioural and environmental factors. Some risk
factors associated with possible onset and development of cancer are preventable, such
as, inappropriate diet, physical inactivity, smoking and drinking [94], while other causes
include pathogens (HPV16 and HPV18 are known to cause up to 70% of cervical cancer
cases [95]), as well as genetic pre-disposition. Many studies have focussed on identifying
efficient genetic cancer biomarkers, such as, specific genes and groups of genes associ-
ated with significant number of cases of breast cancer [96], prostate [97] and pancreatic
cancer [98]. Despite this progress, due to significant complexity associated with muta-
tions of various cancer genes, many molecular mechanisms of oncogenesis remain poorly
understood.

Recent advances in microarray and high-throughput sequencing technologies have pro-
vided pathways for measuring the expression of thousands of genes and mapping most
crucial genes and groups of genes controlling different types of cancer.

In order to make progress in understanding the onset and development of cancer, as
well as to develop effective drug targets, it is essential to be able to reconstruct GRNs
pertinent to particular types of cancer from available data. Yeh et al. [99] have used a
K-nearest-neighbours algorithm to identify GRNs correlated with cancer, tumour grade

and stage in prostate cancer. As an alternative approach, Bonnet et al. [100] have utilised
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LeMoNe (Learning Module Networks) algorithms to derive GRNs from gene and mRNA
expression, as measured in lymphoblastoid cell lines of prostate cancer patients. A rule-
based algorithm has been successfully used to determine GRNs in colon cancer [101],
and similar kinds of networks have been identified from microarray data using neural
fuzzy networks [102]. Madhamshettiwar et al. [103] discuss different approaches to infer
GRNs in ovarian cancer, as well as the potential of using these GRNs to develop optimal
drug targets. Bayesian network techniques have been employed to construct GRNs from
microarray data for breast cancer [104]. In a recent paper, Emmert-Streib et al. [105] have
successfully used a BC3Net inference algorithm to analyse a large-scale breast cancer gene
expression data set and reconstruct the associated GRN.

This chapter is devoted to consideration of the effects of transcriptional and transla-
tional time delays on the dynamics of GRNs. We introduce the time-delayed model of a
two-gene activation-inhibition network together with its quasi-steady state simplification,
and estabilish the well-posedness of both models. We derive analytical conditions for sta-
bility and a Hopf bifurcation in the case of very fast mRNA dynamics, before extending

analysis to the full time-delayed system.

2.1 Time-Delayed Models: Derivation and Positivity

To motivate the analysis of time-delayed effects in gene regulatory dynamics, following
Polynikis et al. [32], we consider an activation-inhibition two-gene GRN consisting of two
genes a and b, which are assumed to have no effect on their own expression; at the same
time, protein P, is assumed to activate the expression of gene a, while protein P, inhibits
the expression of gene b. This is one of the fundamental motifs, which has been shown
to be functionally relevant in GRNs [50,106]. Denoting the concentrations of proteins P,
and P, as p, and pp, and concentrations of transcribed mRNAs as r, and 7y, the following

system of equations can be derived for the dynamics of this GRN [32]:

Tq = Tnah+ (pb; 9(,, nb) — YaTa
7y = Mph™ (Pa; Oy Ma) — VT,
(2.1)

Da = kaTa — 0aPas

Db = kpTp — OpPp,
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Figure 2.1: Hill functions for activation and inhibition of transcription in system (2.1),
varying the Hill coefficient, n. (a) Activation function. (b) Inhibition function.

where m; are the maximum transcription rates, k; are the translation rates, ; are the
mRNA degradation rates, and J; are the protein degradation rates for ¢ = a,b. Equations
(2.1) are called the complete nonlinear model (CNM). To make further analytical progress,
the activation and inhibition functions in the system (2.1) can be written as the following

Hill functions:

n;
p.
Wt (i 6mi) = b
(p27 ’L;nl) p?l + eznl Hn

where 6, and 6, are known as activation and inhibition coefficients, and the integer pa-
rameters n, and ny, known as Hill coefficients, determine the steepness of Hill curves [1].
The parameters 6, and 6, give the values of protein concentrations p, and py, at which the
corresponding Hill function achieves half of its maximum value. Depending on the values
of transcription rates, this would then lead to a significant increase in the respective mR-
NAs regulated by these proteins [3,32]. A qualitative illustration of the activation and
inhibition Hill functions is given in Figure 2.1.

Due to the fact that the dynamics of mRNA is normally much faster than that of
related proteins, one can use a quasi-steady state assumption to simplify the CNM (2.1)
by reducing the number of equations. Effectively, this means assuming that mRNAs have
already reached their steady-state concentrations, i.e. taking 7; = 0, ¢ = a,b in the

CNM (2.1), and then focusing on the dynamics of proteins only, as given by the following
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simplified nonlinear model (SNM):

Do = k:;h+(pb§ ‘9ba nb) - 5apa7

Py = kyh™ (Pa; Basma) — Gbpo,

where
mg ka mbkb

k’é = , ki = . 2.2
Ya b b ( )

Polynikis et al. [32] have shown that while the CNM exhibits Hopf bifurcation of a pos-
itive equilibrium, leading to persistent oscillations, in the case of the SNM model this
behaviour can disappear. They have also demonstrated an important role played by the
Hill coefficients, as well as the separation of timescales between mRNA and proteins, with
a larger scale separation favouring a stable equilibrium rather than oscillatory behaviour.

While the transcription and translation may be faster than characteristic times as-
sociated with significant changes in protein concentrations (of the order of 5 minutes for
transcription + translation and 1 hour for a 50% change in the concentration of translated
protein for E. coli. [1]), these are, in fact, multi-step processes consisting of thousands of
consecutive chemical reactions. Hence, the duration of transcription and translation is
non-negligible when considered in the context of GRN dynamics [72,84], and has to be
correctly accounted for in mathematical models. To analyse the effects of transcriptional

and translational time delays we introduce the following model [107]:

Fa = mah™ (py(t — 7, ); O, M) — VaTas
7 = mph™ (pa(t — 7r,); 0as Na) — W7,
Da = kaT’a(t - Tpa) — 0aPa;

Py = kprp(t — 7p,) — Sbpp,

where 7., and 7, are the delays during transcription of mRNAs r, and ry, and 7,, and

Tp, are the delays during translation of proteins p, and pj, respectively. This model will
be referred to as the delayed complete non-linear model (DCNM). Similar to the case of

instantaneous transcription and translation, the quasi-steady-state assumption simplifies
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Figure 2.2: Network motif for the activation-inhibition model of the DCNM and DSNM.
The nodes are genes A and B where expression of gene B is inhibited by gene A, whilst
expression of gene A is activated by gene B.

the system (2.3) to the following delayed simplified non-linear model (DSNM):

Do = k(,;h—’—(pb(t — Trq — Tpa)§ Qba nb) - 5apaa
(2.4)

Dy = k;llyh_(pa(t — Try, — pr); eaa na) - 5bpb,
with parameters &, and kj defined in (2.2).
Before proceeding with the analysis, one has to augment the models (2.3) and (2.4)
with the appropriate initial conditions and establish that these models are well-posed, i.e.

that their solutions remain non-negative for all time to ensure their biological feasibility.

The initial conditions for the DCNM model (2.3) are given by

T‘a(S) = ¢1(S)) ERS [_Tmaxa OL
Tb(s) = ¢2(5)7 ERS [_Tmamo}a
pa(s) = ¢3(3)7 s € [_Tmaxvo}v

pb(s) = ¢4(5)7 ERS [_Tma)uOL

where Tmax = Max(Tr,, Tr,, Tpa, Tp,) a0d @i(s) € C([—Tmax, 0], R) with ¢;(s) > 0 (—Tmax <
s <0, =1,.,4), and similarly for the DSNM model (2.4). Here, C([—Tmax,0],R) is
the Banach space of continuous mappings of the interval [—7yax, 0] into R. It is further
assumed that 7,(0) > 0, 7,(0) > 0 to ensure that at least some amount of proteins will be
produced.

We now prove that the solution (rq(t),r,(t), pa(t), pp(t)) of the DCNM model (2.3)
with the initial condition (2.5) is positive for all ¢ > 0. This result can be proven by
contradiction, following the methodology used in [93]. As a first step, let us show that
rp(t) > 0 for all £ > 0. Let ¢; > 0 be the first time when p,(t1)r5(¢1) = 0; assuming that
rp(t1) = 0 implies p,(t) > 0 for all ¢ € [0;¢1], and since ¢; is the first time when 74(¢1) = 0,

this also means dry(t1)/dt < 0; that is, the function ry(¢) is decreasing at ¢t = ¢;. On the
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other hand, evaluating the second equation of the system (2.3) at t = ¢; yields

dT‘b(t1> mbﬁga
= — >0,
dt pa(tl — Trb)n@ + 6,

which gives a contradiction. Since r,(0) > 0, this implies r(¢) > 0 for all ¢ > 0. Now that
the positivity of 7,(¢) has been established, let t2 > 0 be the first time when py(t2) = 0. In
order for this to happen, one must have dpy(t2)/dt < 0; that is, the function py(t) should
be decreasing at t = to. At the same time, evaluating the last equation of the system (2.3)

at t = to yields

dpy(t2)
dt

= kprp(ta — 1p,) > 0,

which gives a contradiction and, therefore, py(t) > 0 for all ¢ > 0. In a similar manner,
the positivity of py(¢) implies the positivity of r4(t), which in turn implies the positivity
of pa(t). Hence, all solutions 74(t), 74(t), pa(t) and py(t) of the DCNM model (2.3) are
positive for all t > 0. The same approach can be employed to show positivity of solutions

of DSNM model (2.4).

Steady states (7, 7, Pa, Dp) Of the DCNM model can be found as roots of the following

system of algebraic equations:

math (ﬁb; (91,, nb) — YaTa = 07
mbh_(ﬁm Oas na) — Wiy = 0,

k’a"?a - 5aﬁa = 07

kT — dppp = 0.
This gives
T
a ka a b kb by b 02“ —i—]ig‘“
where p, satisfies the polynomial equation
ngy n
b\ — _
DY <k: )p’é“("b D058+ (Ba = 60) (64057)™ = 0, (2.6)
k=0
and we used the notation
makq mpkyp
Pa = s = —
Yada Y00
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Even for realistically small values of Hill coefficients, such as n = 2,3 [108] or n = 4-
8 [109], (2.6) is too complicated to allow one to analytically find closed form expressions
for p, and other state variables. Despite not having explicit formulae for possible steady
states (7q,7b, Da, Pp), one can still perform the analysis of stability in terms of system
parameters, and such results would be valid for the values of steady state variables that
can be accurately and efficiently determined through numerical solution of the polynomial

equation (2.6).

2.2 Analysis of the Delayed Simplified Nonlinear Model
(DSNM)

In order to gain some first insights into the role of transcriptional and translational delays
on the dynamics of GRN, we focus on the behaviour of the delayed simplified nonlinear
model (DSNM) (2.4). To reduce the number of free parameters in the model, we introduce

the new variables:

Pa(t) = pa(t),  Po(t) = po(t — 7oy — 7p,), (2.7)

which transform the first equation of system (2.4) into
Pa = kb T (po(t — Try — Tpa )3 06, 10) — Sala <= Da(t) = kLR (pp(t); O, 1) — Supalt).
The second equation of system (2.4) evaluated at ¢t — 7., — 73, has the form
Po(t = Try = Tpo) = kyh™ (Palt — Try = Tpy = T, = Ty )3 Oy ) — Supp(t — Ty — T, ),
and in terms of the new variables (2.7) this can be rewritten as
Do) = kph™ (Palt = o, = Tp, — T, = 7,3 bas 11a) — (1)
Thus, system (2.4) takes form

Pa(t) = KR (Bu(t); Oy, ) — Saa(t),

ﬁb(t) = kéhf (ﬁa(t - 7—)3 9(17 na) - 5bﬁb(t)7
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where

T =Tr, + Tpa + Try, + pr

is the new combined time delay. The equation for eigenvalues A of the linearisation near

a steady state (pg,pp) of system (2.8) has the form

(A+6a)(A + &) + Dpsxme ™ =0, (2.9)
where
gna gnb —(nafl) —(nbfl) “Nga enb
Dpsny = kb kpnany a2 Da Py = NgNp0a0p Pa b

(ega +]33a)2(92b +ﬁgb)2 Hga + ﬁga Hng +ﬁgb :

In the limit 7 = 0, this equation reduces to the quadratic equation [32]:

A2+ (0a + )\ + 640 + Dpgnm = 0,

whose roots always have negative real parts, since §, > 0, 6, > 0 and Dpgnm > 0. This
implies that, for 7 = 0, the steady state (pq, pp) is stable for any values of parameters. To
investigate whether this steady state can lose stability for 7 > 0, one can note that A =0
is not a solution of the characteristic equation (2.9). Hence, the only possible way that the
steady state (pq, Pp) can lose its stability is when a pair of complex conjugate eigenvalues
crosses the imaginary axis. In the light of this observation, one can look for eigenvalues
of (2.9) in form A\ = jw for some real w > 0. Substituting this into (2.9) and separating

into real and imaginary parts gives

w? = 6,05 = Dpsnu cos(wT),

(2.10)
(0g + 0p)w = Dpsnm sin(wT).
Squaring and adding these two equations yields the following equation for z = w?:
h(z) = 22+ (62 + 0)z + 030, — Dpsnu = 0,
which can be solved to give the critical frequency as
=3 |02+ 8+ (624 50~ 400207 ~ Dhund)| (211)
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One should note that wg will only admit positive real values, provided 6,0, < DpsnmM,
which implies that, for d,0, > Dpgnu, the steady state (pg,pp) is stable for all values of
the time delay 7. Note that

dh(z)
dz

=22 +062+02 >0 forany z>0.

The critical value of the time delay 7 can be found from (2.10), which gives

1 Oq+ 6
Ton = — [arctan <(a2+b)wo> + mr] , n=0,1,2 ..,

where wy is determined by (2.11), and arctan corresponds to the principal value of arctan.
When 7 = 79, the characteristic equation (2.9) has a pair of purely imaginary roots.
To determine whether or not these roots do indeed cross the imaginary axis, we consider
A(T) = p(7) +iw(r) as a root of (2.9) near T = ¢, satisfying p(70,,) = 0, w(70.,) = wo,
and j = 0,1,2,.... Substituting A = A\(7) into (2.9) and differentiating with respect to 7

yields

<d)\> @A+ ) T
ADpsnum A

dr

From this equation, one can find

d(Re)) d\\ !
= Re | —
’ T=T0,n

(2A + 64 + (51,)@’\7}
=sgn < Re
& { [ ADpsnm r—Tom

~ sem { 2w cos(wWoTo,n) + (64 + 0p) sin(woTo,n) }
woDpsnm '

Substituting the expressions for cos(wo7o,) and sin(wg7y,,) from system (2.10) gives

2 2 1,2
won [d(ReA)] . {2(% %) + (B + &) } . { () } 0.
dr —— Diysnm Dpsnwm

Hence, the eigenvalues of the characteristic equation cross the imaginary axis at 7 = 79

(here, 79 = 70,0) and never cross back for higher values of 7. Thus, we have proved the

following result.
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Figure 2.3: Stability boundary of the steady state (p,,pp) of DSNM system (2.8). The
steady state is stable below the surface in (a) and to the left of the boundary curves
shown in (b). Parameter values are m, = my, = 2.35, 0, = 0, = 0.21, n, = np = 3, and
ka =k =7 =m=1

Theorem 2.1. If 6,0, > Dpgsnu, the steady state (pa,py) of DSNM system (2.8) is stable
for all values of the time delay T > 0. If 6,0, < Dpsnu, this steady state is stable for

0 <7 < 719 and unstable for 7 > 19 and undergoes a Hopf bifurcation at T = 19.

Figure 2.3 illustrates the stability boundary of the steady state (pg,pp) of the DSNM
system (2.8) depending on the time delay 7 and the protein degradation rates §, and Jp,
with the parameter values taken from Polynikis et al. [32]. This Figure suggests that, for
any fixed value of one of such rates, there is only a limited range of positive values of
the other degradation rate, for which, at a given time delay 7, the positive equilibrium is
unstable. For sufficiently high values of §, and d, this steady state is stable regardless of
the value of the time delay 7, confirming the result proved in Theorem 2.1.

In Figure 2.4 we show how the stability boundary varies depending on the parameters
0, and 6, and the time delay 7. One observes that, for sufficiently high values of 6y, the
range of possible values of 6, for which the steady state is unstable is significantly reduced,
thus making the system more prone to support a stable positive equilibrium rather than
exhibit oscillations. At the Hopf bifurcation, the associated critical value of the time delay

7 monotonically increases with the parameter 6,. At the same time, there is a minimum
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Figure 2.4: Stability boundary of the steady state (p,,pp) of DSNM system (2.8). The
steady state is stable below the surface in (a) and (c) and to the left of the boundary
curves shown in (b) and (d). Parameter values are m, = mp = 2.35, n, = np = 3, and
ko =ky=0a=0=7%=m=1

value of the time delay 7, such that for 7 smaller than this value the steady state (pa,pp)
is stable for any value of 6,.

In a similar way, the effects of the transcription rates m, and my, are illustrated in Fig-
ure 2.5, which shows that the critical transcription rate of the inhibitor m, increases with
decreasing 7, and, similar to Figure 2.4, below certain value of 7, the steady state (pq, pp)
is stable for any value of m,. Qualitatively similar dependence is observed between the
critical value of 7 and the transcription rate my, though this dependence is not completely
monotonic.

Figure 2.6 demonstrates how increasing the overall time delay 7 results in a Hopf

bifurcation of the steady state (p,,pp) and the emergence of a stable periodic orbit. The
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Figure 2.5: Stability boundary of the steady state (p,,pp) of DSNM system (2.8). The
steady state is stable below the surface in (a), and to the left of the boundary curves
shown in (b). Parameter values are 6, = 0, = 0.21, n, = np = 3, and k, = ky = §, = 6 =
Yo =Y = 1.
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Figure 2.6: Numerical solution of DSNM system (2.8): (a) 7 = 0.5; (b) 7 = 2. Parameter
values are mg =mp =235, 0, =0, =1, ng=np=3,and ko =kp =g = =Va =Y =
1. The critical time delay is 79 = 0.9762.

shift between individual time series for p, and p; can be interpreted in the same way as in
predator-prey or activator-inhibitor systems [110]. In accordance with Theorem 2.1, once
the stability of the steady state (pg,Pp) is lost, it can never be regained for higher values
of 7, so the system will be exhibiting oscillatory behaviour. This result highlights the
significance of correct mathematical representation of the transcription and translation
processes, since inclusion of transcriptional and translational delays can lead to sustained
periodic oscillations even in the simplified model, where such oscillations were impossible

when the time delays were neglected.
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2.3 Analysis of the Delayed Complete Nonlinear Model
(DCNM)

Linearisation of the full nonlinear DCNM model (2.3) near the steady state (74, 7, Da, Pb)

results in the following characteristic equation:

(A + %) A+ 1) (A + 6a) (A + &) + Dpoxme ™ =0, (2.12)
where
nanpy Y e O

= nanb(sa(sb'ya')/b

a T
Dpcenm = mampkakyty*0,°

(920, + ﬁga)Q(egb + ﬁgb)Q 0;741 +ﬁga ggb + ﬁgb’

and

T="Tr, + Try T Tp, + Tpy-

It immediately follows from the form of the characteristic equation (2.12) that stability of
the steady state (74, Ty, Pa, Dp) is determined not by individual transcriptional and transla-
tional delays but rather by their overall combined duration. In the case 7., = 7, = 7, =
Tp, = 0, the characteristic equation of the DCNM model reduces to the one analysed in

Polynikis et al. [32].

The characteristic equation (2.12) can be recast in the form

A+ AN} 4+ BA2 + C\ + (D + Dpenme ™) = 0, (2.13)

where

A=+ + 6+ 0,

B =%+ ’Ya(;a + ’Ya(;b + ’Ybéa + 7b5b + 6a6b7

(2.14)
C = Ya9 + Va0 + Yadadb + V60adb,
D = 54750405
At 7 =0, (2.13) reduces to a quartic
M 4+ AN 4+ BN+ C)\ + (D + Dpeny) = 0. (2.15)
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By the Routh-Hurwitz criterion [110], the necessary and sufficient conditions for all roots

of (2.15) to have negative real parts are given by

A =A>0,

Ay =AB—-C >0,

Ag = ABC — A%(D + Dpcnm) > 0,

Ay = (D + Dpenm)(ABC — A%2(D 4 Dpenm) — C2) = (D + Dpexu) (A3 — C2) > 0.

From the fact that all system parameters are positive and using the definitions of A, B,
and C' in (2.14), it follows that Ay > 0 and Ag > 0 for any values of the parameters. Since
D + Dpenm > 0, it is sufficient to require Ay > 0 to ensure that condition Ag > 0 is also

satisfied. This leads to the following result.

Lemma 2.1. Let 7 = 0. The steady state (Tq, 7, Pa,Db) 0f the system (2.3) is stable
whenever the condition ABC — A%(D + Dpcnm) — C2 > 0 holds.

From now on, we will assume that the condition in Lemma 2.1 holds and analyse
whether stability can be lost as 7 increases. Since both D and Dpcnm are positive,
this means that A = 0 is not a root of the characteristic equation (2.13), so once again
the stability can only be lost through a possible Hopf bifurcation. To investigate this
possibility, we look for solutions of (2.13) in the form A = iw for some real w > 0.

Substituting this into (2.13) and separating into the real and imaginary parts gives

w* — Bw?> + D = —Dpenu cos(wT),
(2.16)
— Aw? + Cw = DpenMm sin(wT).
Squaring and adding these equations yields a quartic equation as follows:
g(z) =2+ a2 +02° ez +d =0, (2.17)
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where z = w? and

a=A%—-2B,
b= B%+2D — 2AC,
c=C?—-2BD,

d = D* = Dcxu

Without loss of generality, suppose that (2.17) has four positive real roots, denoted by

21, 29, 23, 24, respectively, which would give four possible values of w:

w1 = /21, w2 =+/22, w3 =+/23, wi= /2
Dividing the two equations in (2.16) gives
Aw? — C 1 Aw} - C
tan(wka) -k Wk = Tk = — [arctan <wkwk> —|—j7T:| ,
Wk

wé—Bw,%—i—D wﬁ—Bwi—i—D
k=1,..,4, j=0,1,2, ...

Define

T0 = 1?224{776,0}7 wo = wkoa ]{;0 S {1727374}7

and then 7¢ is the first value of 7 > 0 such that the characteristic equation (2.13) has a

pair of purely imaginary roots. We have the following result.

Theorem 2.2. Suppose the conditions of Lemma 2.1 hold and ¢'(zy) > 0, where g(z)
is defined in (2.17). Then the steady state (7o, Ty, Pa,Dp) of system (2.8) is stable for

0 <7 <719 and unstable for T > 19 and undergoes a Hopf bifurcation at T = 1.

Proof. The conclusion of Lemma 2.1 ensures the steady state (74, 7y, Pa, Pp) Of system (2.3)
is stable at 7 = 0, and the fact that the roots of the characteristic equation (2.13) depend
continuously on 7 implies that the steady state (74, 75, Pa, Pp) is also stable for sufficiently
small positive values of 7. Since 7y is the first positive 7, for which the eigenvalues lie on the

imaginary axis, in order to verify whether or not the steady state actually loses stability
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at T = 79, one has to compute the sign of dRe(\)/d7|;=r,. Let A(7) = pu(7) +iw(7) be the
root of the characteristic equation (2.13) near 7 = 79, satisfying u(79) = 0 and w(19) = wo.

Substituting A = A(7) into (2.13) and differentiating both sides with respect to 7 gives

T
ADponm A

<d>\> U (AN £ 3ANZ £ 2BA + O)eM
dr -

This implies, with A(mg) = iwp,

{1 )] )

. {Re {(4)\3 +3AN2+ 2B + C)w] }
T=T0

ADpcenm

~ sen { (2Bwp — 4wd) cos(womo) + (C' — 3Aw?) sin(woTo) }
woDpenm '

Using the expressions for cos(wy7p) and sin(wpmp) from (2.16) gives

{ [d(Re)\)} } {4w8 + (342 — 6B)wi + (2B2 + 4D — 4AC)w2 + C? — 2BD}
sgn = sgn
T=T0

dr
(2
9'(wp) }
= sgn{ 0,
DIZDCNM

2
DDCNM

which means that at 7 = 7y a pair of complex conjugate eigenvalues of the characteristic
equation (2.13) crosses the imaginary axis with a positive speed. This implies that the
steady state (74, 7'y, Pa, D) Of system (2.3) does lose its stability at 7 = 7. O

Figure 2.7 shows the stability boundary of the steady state (74,7, Pa, Pp) Of system
(2.3) depending on the transcription rates m, and m; and the total time delay 7. In a
manner similar to that for the simplified model, the critical value of the transcription rate
mg at the Hopf bifurcation reduces with increasing 7. However, a major difference from
the DSNM model, as shown in Figure 2.5, is that now the Hopf bifurcation can take place
even at 7 = 0, as the DCNM system is able to support sustained oscillations [32]. In
Figure 2.8 we illustrate the transition from a stable steady state (74, 75, Da, Pp) t0 a stable
periodic solution around this steady state as the time delay passes through the critical

value of 7 = 9.
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Figure 2.7: Stability boundary of the steady state (7, 7p, Pa, Pp) of DCNM system (2.3).
The steady state is stable below the surface in (a), (c), and below the boundary curves
shown in (b), (d). Parameter values: 6, = 0, = 0.21, n, = np = 3 and k, = ky = 0, =
O =Y =7 =1

2.4 Discussion

In this chapter we have discussed mathematical models for the analysis of GRNs and
focussed on the role played by the transcriptional and translational time delays in the
dynamics of a two-gene activator-inhibitor GRN. By reducing the model to the one with a
single time delay, we have considered possible behaviour in the quasi-steady state approx-
imation of very fast mRNA dynamics, which has resulted in a lower-dimensional system
of DDEs. Due to the presence of time delays, even this simplified model is able to exhibit
loss of stability of the positive equilibrium through a Hopf bifurcation and a subsequent

emergence of sustained periodic oscillations, which was not possible in the absence of the

37



(b)

‘ ‘ r®
0.4} — 0|
p,(®)
—p,®
0.2
0 50 100 150 200 % 20 40 60 80
time t time t

Figure 2.8: Numerical solution of DCNM system (2.3): (a) 7 = 0.25; (b) 7 = 2. Parameter
values: mq = 0.6, mp = 0.3, 0, =0, =021, ng =np =3, and kg = kp = 6 = 0p = Yo =
v = 1. The critical time delay is 79 = 0.5314.

time delays, as discussed in Polynikis et al. [32]. We have found analytically the boundary
of the Hopf bifurcation depending on the total time delay and other system parameters
and illustrated different types of behaviour by direct numerical simulations. Our results
suggest that once the positive steady state loses its stability, it can never regain it for
higher values of the time delay.

We have also studied the stability of a positive steady state in the full system and
showed that this steady state can also undergo a Hopf bifurcation depending on the time
delay and system parameters. Our analysis extends an earlier result of Polynikis et al. [32]
by showing how the critical values of the parameters at the Hopf boundary change when
the time delay increases from zero. Numerical simulations have illustrated the transition
from a stable positive steady state to a stable periodic solution as the time delay exceeds
its critical value.

Besides providing insights into the dynamics of GRNs, there are several practical ways
in which models similar to the one described in this chapter are helpful for monitoring
and treatment of cancer. GRN models based on differential equations coupled with other
techniques, such as machine learning and Bayesian networks, have proved effective in
identifying specific oncogenes that can be used as biomarkers or drug targets [50,104,111—
114]. Similar kinds of models are useful for modelling cancer cell growth and understanding

interactions between tumour growth and immune response and for analysis of the effects of
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chemotherapy (or immunotherapy) and drug resistance [50,51,115,116]. The methodology
described in this chapter can be directly used to improve the performance of these models
by elucidating the role of transcriptional and translational time delays in GRN dynamics

and its impact on various aspects of cancer onset and development.
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Chapter 3

Time-Delayed Model of a Genetic
Regulatory Network in the

Immune System

Recent studies have highlighted the physical applications of GRNs to model cell dynamics
in the immune system [117]. The immune system is a complex system of cells and molecules
that can provide us with a basic defence against pathogenic organisms. Like the nervous
system, the immune system performs pattern recognition tasks, learns, and retains a
memory of the antigens that it has fought. Furthermore, the immune response develops
in time and the description of its time evolution is an interesting problem in dynamical
systems [118].

An area of research in immunology that is of particular interest is the ability to develop
deterministic models for cell fates. Sciammas et al. [119] have used a chemical kinetic
approach based on ordinary differential equations (ODEs) to develop a model for a GRN
that regulates the cell fate dynamics of activated B cells undergoing a germinal centre
(GC) response and then differentiating into plasma cells. The architecture of this GRN
involves the mutual repression of several transcription factors (TFs), namely a TF of the
plasma-cell program, Blimpl, as well as Bcl6 which is essential for GC B cells. In this
network design there exists a TF, IRF4, which activates both genes, and also positive
feedback based on the mutual activation of Blimpl and IRF4 [117]. The dynamics that

appear as a result of the varied connections between transcription factors provide valuable
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insight into the behaviour of proteins in the immune system.

Modelling dynamics of T cells have also been extensively studied [120-123]. H. J. van
den Ham et al. developed a simple master regulator for the Ty1/T}y2 paradigm, which
can be extended to higher dimensions for larger networks and enables the analysis of
other cell types. This general model, however, is mechanistic in characterising binding
of transcription factors but due to its simplicity, allows for the study of larger networks.
A more deterministic approach was carried out by W. C. Lo [123], who modelled the
concentrations of the transcription factors T-Bet (Thl), Gata3 (Th2), and Foxp3 (Treg)
in a cell using ODEs. This meant they were able to account for influences from external
activators, mutual inhibition, and auto-activation which is modelled using Hill functions.
However, mathematical analysis of larger networks using this approach would be very
challenging.

Due to the vast number of connections between transcription factors in the immune
system, the aim is to be able to model complex networks whilst still capturing useful
information about the system dynamics. There have been many different network motifs
explored and analysed to various degrees of complexity [124-127]. T. Hong et al. build
on their previous work by exploring a three and four master regulator symmetric motif,
to describe the interactions between the master transcription factors T-Bet, Gata3, Foxp3
and Roryt (Thl7). It is shown that mathematical analysis and numerical simulation
agree with experimental data. This observation motivates investigation into networks
with multiple nodes, where inhibition and positive feedback loops are present, to model
the dynamics of GRNs in the immune system.

This chapter focuses on the transcriptional and translational delays in a system of three
genes, each of which promotes the growth of its own proteins, and expresses unidirectional
inhibition. We discuss the works of Andrecut et al. [128] and H. El Samad et al. [129] and
derive a delayed model based on the so-called Repressilator. We analyse the model and
derive conditions for the existence of a Hopf bifurcation leading to periodic oscillations,
which could not be present for such a low Hill coefficient in the symmetric Repressilator
model. Numerical simulations are discussed, which give rise to interesting patterns of
stability regions in the parameter space due to the inclusion of multiple time delays. It
is also illustrated that only one of the possible 9 steady states has the potential to lose

stability.
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3.1 Derivation of the Time-Delayed Model

We take insight from the general model studied by Andrecut et al. [128] for describing

auto-activation and mutual repression between two general proteins, which has equations

given by
dz ax
L - fxa
dt  xy+br+cy+d (3.1)
dy ay '
1. fy7

dt :xy+by+c:c+d_

where x and y are the two system variables of the generic dynamical system, which can
be taken to describe the concentrations of protein x and protein y. The first term of each
equation in (3.1) describe both auto-activation and mutual inhibition, and the second

terms are degradation for each protein. Note that the growth terms are of the form

< x ) ( Oy ) _ Oy (3.2)
0, + x Opy +y 2y + gy + 03y + 0504,

where the left hand side of the equation consists of two Hill functions with Hill coefficient
n = 1; the first term representing auto-activation of protein x, and the second is repression
of x by protein y.

Here we investigate a three-gene asymmetric model with time delays accounting for
those present in auto-activation and mutual repression processes. The model is given by

the following set of delay differential equations:

dx a1x(t — Taz) e

dt — x(t — Taz)2(t — Trz) + b1zt — Taz) + c12(t — Tr) + dy o

dy a2y(t - Tay)

dy _ — fo, 3.3
@ B asz(t — Taz) e

dt — 2(t — 7o)yt — Trz) + b3z(t — Taz) + c3y(t — 72) +d3 27

where 74;, T4y and 74, are the transcriptional delays associated to the auto-activation of
proteins x, y, and z, while 7,;, 7y, and 7, are the transcriptional delays associated to the

repression of proteins z, y, and z respectively.
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D

Figure 3.1: Network motif of the Repressilator with auto-activation model. The nodes are
genes X, Y, and Z, which are connected by edges, in red, representing regulation of each
gene by inhibition from the preceding gene in the cycle. The loops, in blue, represent self
activation of each gene.

In the work by H. El Samad et al. [129], they discuss a two-gene network given by

71 = —0171 + fl(pz),
p1 =11 — d2p1,
7o = —017m2 + fa(pl),

P2 = T2 — d2Do2,

2 2,.n
where fi(p2) = 1172]” and fo(p1) = la_}_p;n are Hill functions with n being the Hill coefficient.
2 1

They show that the linearisation of the system does not have positive eigenvalues if n < 2.
Thus, oscillations do not occur unless the Hill coefficient exceeds n = 2. H. El Samad et

al. then look at a three-gene fully symmetric circuit, where the Hill functions are all of
2
a

the form f;(p) = T

and therefore represents a network where each protein represses the
transcription of the next. This network is known as the symmetric Repressilator [74]. It
is shown that periodic solutions are possible for certain choices of the system parameters.
Oscillations can occur provided that n > 4/3.

The model described by (3.3) is essentially an asymmetric repressilator where each
gene also promotes the transcription of its own proteins. As demonstrated in equation
(3.2), the growth term in each equation of system (3.3) is composed of two Hill functions

with Hill coefficient n = 1. Figure 3.2 shows a time profile of system (3.3) where all time

delays are equal to zero. We see there are sustained oscillations, which illustrates that
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Figure 3.2: Numerical solution of three-gene Repressilator model with auto-activation and
without time delays. Parameter values: 7, =7, =7. =0, a1 =4, ap = 5, a3 = 6, by =4,
b2:3, b3:1, 61:8, 02:10, 63215, d1:0.5, d2:2, d3=0.2,’}’2:0.8, ’)/3:2.

the inclusion of auto-activation and asymmetry within the repressilator model can lead to
periodic solutions, even with Hill coefficients n = 1. Without time delays, system (3.3)
can still give rise to sustained oscillations given a small Hill coefficient.

In (3.3) we assume, for simplicity, that the time delays associated with auto-activation
and inhibition are equal for each respective gene. Thus, let 7., = 7y = 7, and 74y =
Try = Ty and 7,4, = T, = 7,. We may also rescale the system to reduce the number of free
parameters by introducing

1_

t=—*t.
h

Omitting the bar =, model (3.3) can be rewritten as follows:

dic B arx(t — 1) .

dt 2t —7)2(t — %) + bia(t — 74) +c12(t — 1) + dy '

dy ay(t — 1)

dy _ — o, 3.4
dt ~ y(t—ry)a(t —7y) + boy(t — 1) + com(t — 7)) + dp 2 (3.4)
dz asz(t — 1) s

At~ 2(t— )yt — 1)+ b3zt — 1) tesy(t — ) 1 dz

as as fo f3

ap
where o = —, s = =, a3 = —, o = *=, 73 = =
i’ fi’ fi’ fi’ fi’

values. This model will be referred to as the delayed repressilator with auto-activation

and all system parameters have positive real

model (DRAM). We investigate analytically the conditions for oscillations to occur and

also examine as to what extent the inclusion of time delays affect steady state stability.
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3.2 Time Delayed Model: Positivity and Steady States

Before continuing with any analysis of the DRAM model, first we must define initial
conditions where appropriate and address whether all solutions to the model give positive
values for all time to guarantee it’s biological feasibility. The initial conditions for the

DRAM model are

37(3) = ¢1(3)7 RS [_Tmaxyo]a
y(s) = ¢2(s), s € [~Tmax, 0], (3.5)

Z(S) = ¢3(S)7 ERS [_Tmaxyo]a

where Timax = max(7y, 7y, 72) and ¢;(s) € C([—Tmax, 0], R) with ¢;(s) > 0 (—Tmax < s <0,
i =1,2,3). C([—Tmax,0],R) is the Banach space of continuous mappings of the interval
[—Tmax, 0] into R. It is also assumed that x(0) > 0, y(0) > 0, and z(0) > 0 to be sure that
some proteins are produced.

Now we prove that the solution (z(t),y(t),2(t)) of system (3.4) with initial condition
(3.5) is positive for all t > 0. As we did in the last chapter, the proof for this makes use of
the methodology applied in [93]. First, we show z(¢) > 0 for all ¢ > 0 by contradiction. Let
t1 > 0 be the first time that z(¢1)z(t1) = 0; assuming that x(¢;) = 0 implies z(¢) > 0 for all
t € [0;¢1] and since ¢; is the first time when z(¢1) = 0, this also means that dz(t1)/dt <0,
meaning the function x(t) is decreasing at ¢ = t;. However, evaluating the first equation

of system (3.4) at t = t; gives

d:B(tl) . ozlx(tl — Tx) >0
dt :E(tl —Tm)z(tl —Tm)—l-bll'(h —Tx)+clz(t_71)+d1 ’

which yields a contradiction. This implies that x(¢) > 0 for all ¢ > 0. In a similar way to
this, we can prove the positivity of y(¢) and z(t). Hence, all solutions x(t), y(t), and z(t)
of model (3.4) are positive for all ¢ > 0, that is, the model is well posed.

The steady states (Z,y,z) of (3.4) can be found as roots of the following system of
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algebraic equations:

1T

T2+ b1Z + 12+ dy —z=0
a2y _
— 729 =0, 3.6
JE+ b+t +dy 2 (3.6)
Qs 3z =0
it bsEi sy tds o
This gives
(1) (z1,91,21) = (0,0,0),
ag — d3y3
2 =
(2)  (w2,92,22) <0,0, - )
g — dayo )
3 €3, y % - 07 ,O R
(3) (3,93, 23) ( b
(4)  (w4,Y4,24) = <0 g — day2 73(72(03612 — bads) — aiacs) + a3b272>
s Tobaye ¥3(72(b2bs — d2) + a2) ’
a; —d
(5) (55579572’5) - < 1b1 170,()),
73(1)3(051 - dl) + Cldg) — a3C1 o3 — d3’}/3>
6 (@656 20) = 0,
R ( v3(b1bs — d3) + as b33
a1 —di Ye(ca(di — a1) — bids) + asby )
7 T, , 2 = , ’0 7
(M) () ( - g o) )

and the final two Z steady states are found by solving the following quadratic for xg and
xg:

(g9 + prsg + ¢ =0,

where

¢ = 72(73(b1b3 + cac3 — d3) 4+ a3 — bicay2),
p= ’yg(’)’g(bg(blbz +di — 041) + (6263 — d3) + c3dy — bgdg) + ’72(04162 — bidoy — Cle)
+ az(bz + c1) + a2br) — azca7s,

¢ = 72(73(b2(b3(d1 — a1) — c1d3) + cresda) + (a1 — di)(d2y2 — a2) + asbacr) — azcicsys,

with respective § and Z components given by

ag — Y2(cazg9 + d2) a3 — v3(c3ys,o + d3)

Yg,9 = , 289 =
Y2(z8,9 + b2) v3(ys,9 + b3)
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Now that we have explicit formulae for steady states (1)-(7) and implicit forms for the
final two steady states, we can use these to perform the stability analysis in terms of the

system parameters.

3.3 Analysis of the Delayed Repressilator with
Auto-activation Model (DRAM)

The equation for eigenvalues A of the linearisation near a steady state (z, 7, z) of system

(3.4) has the form

< ai(az +de 1_ )\) ( ag(ca +dg)e v y )\) < ag(csg +dgle ™™= . )\)
(ZZ+ 01T+ 12+ dp)? (GT + bay + 2T + da)? (Zg + b3z + 3y + d3)?

,( A Z(T + er)e N >< agf(§ + co)e >< a3Z(Z + c3)e A7 >—O
(ZZ 4+ 01T + c1Z + dy)? (JZ + boy + coT + do)? (Zy + b3z + c3y + d3)? '

(3.7)

For the zero steady state (Z,7,z) = (0,0,0), equation (3.7) simplifies to

ﬂ ATz 1 % —ATy _ _ 3 _—Ar: _ —
<d16 1 A) <d26 v — 9 )\> <d36 -3 )\> 0. (3.8)

For the non-zero steady states, substitutions can be made to simplify analysis of the

characteristic equation (3.7). Using the system of equations (3.6), we have

TZ+b1T+ci1z+dy = ay,
YT + by + co + da = /72,

Zy + b3Z + c3y + d3 = a3 /73,

so that the characteristic equation for non-zero steady states reads

<61'Z+d1€/\7—z _ > <72 coT + da) ey oy — /\> (We’\” oy — )\>
(6751 as
- <a:(:c+c1) _m> < 159 y+€2> —m) <7§5<5+03>6—m> _o. (3.9)
aq as
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3.3.1 Stability of Steady States with a Zero Component

First we look at the characteristic equation (3.8) for the zero steady state, (z1,y1,21) =

(0,0,0). In the limit 7, = 7, = 7. = 0, equation (3.8) reduces to

a1 a9 Qs
— 1A= == A =2=3=X]=0
(dl )(dz " ><d3 7 ) ’

which gives the following result.

Lemma 3.1. Let 7, = 7y = 7, = 0. The steady state (x1,y1,21) = (0,0,0) of system (3.4)

1s stable whenever the following conditions hold:

i) ay < di,
i)  az < yodo,

i) ag < yads.

We now assume that the conditions in Lemma 3.1 hold and analyse whether stability
can be lost as 7., 7y, and 7. increases. To investigate whether this steady state loses
stability for 7, > 0, 7, > 0, 7. > 0 one can note that A = 0 is not a root of the
characteristic equation (3.8). Therefore, the only way the steady state (z1, 1, 21) can lose
stability is if a pair of complex conjugate eigenvalues cross the imaginary axis. Hence,
we can look for solutions of (3.8) of the form A = iw, with real w > 0. We investigate
the possible choices of 7., 7, and 7., starting with the limit 7, = 7. = 0, and 7, > 0, to
see whether the steady state (x1,y1, 21) can lose stability. In the limit 7, = 7, = 0, and

7 > 0, equation (3.8) reduces to

N A 1 X2 A3 y) —
(dle ! /\> (dz 2 )\> <d3 7 )\>

Since Lemma 3.1 is satisfied the only way the steady state (z1,y1,21) can lose stability is

— AT

if a pair of complex conjugate roots of 3‘—116 — 1 — X = 0 crosses the imaginary axis.
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Substituting A = iw into this equation and separating into real and imaginary parts gives

dq
cos(wTy) = o
d
sin(wry) = _a
aq

Squaring and adding these two equations together we have

2
Q@
291 _ 4

W = —=
2
dl

which is a contradiction since w is a positive real number however condition i) of Lemma
3.1 implies that 3—% < 1. Hence, in the limit 7, = 7, = 0, there does not exist a value of
7, > 0 that causes the steady state (x1,y1,21) to lose stability. Analogous to the above
analysis, it follows that we have the same situation in the limit where one or more of 7,

Ty, OT T, are zero, so this analysis is not shown here.

When 7, >0, 7, > 0, and 7, > 0, the characteristic equation (3.8) reads

a1 _\r a2 g a3 A\t
e T — 1 — —_ Yy — — —_— e — ey .
<d16 /\> <dge s A) (dge s A) 0

Again, since Lemma 3.1 is satisfied the only way the steady state (z1,y1,21) can lose
stability is if a pair of complex conjugate roots of 3‘—116_)‘1” —1—-—X =0or g—je_)‘”y —
Y2 — A2 = 0 or 3—;6*)‘372 — 73 — A3 = 0 crosses the imaginary axis. Substituting A\; = in

and Ao = iw and A3 = iv, for some real n,w,v > 0, into the respective equations and

performing the same type of analysis as before, we have equations for 7, w and v given by

2 2 2
2_ O 2 _ 2 2 _ O3 2
n"=—-1 w=_-% v=_-7
di d3 ds

2 2
which again leads to a contradiction since Lemma 3.1 gives us that % <1, % < 3 and
1 2
2
3—5 < 7%. It follows that there does not exist a value of 7, 7, 7. > 0 such that the steady
state (x1,y1,21) loses stability.
Next we investigate the stability criteria for steady states (x;, yi, 2;), i = 2,3, ..., 7. The

characteristic equation for these steady states can be reduced from equation (3.9), taking
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Figure 3.3: Parameter regions for stable and unstable steady states of DRAM system
(3.4). Each colour coded number is the indice of the corresponding steady state which is
stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 7, =17, = 7. = 0, a3 = 6, by =4, by = 3, b3 =1, ¢c1 = 8, c2 = 10,
C3 = 15, d1 = 0.5, d2 = 2, d3 = 0.27 Y2 = 0.8, Y3 = 2.

the form

_ 2 _ 2 _
(clz +dq Mo _ ] _ )\) (’Yz (coZ + d2)e—>\ry g — /\) (73(0321 +d3) e AT g — /\) =0.
o1 (&%) as

(3.10)

First we investigate (x2,y2, 22), so that equation (3.10) reduces to

_ 2 2
<C1(Oé3 3ds) +bsysds _xr, )\) (’72d2 e _ py — )\) (73d3 e g — )\) —0
a1b33 Qg as

In the limit 7, = 7, = 7, = 0, the characteristic equation is given by

_ 2 2
<C1(0és 3ds) +b3ysdr )\) (’dez g A) (73613 oy )\) o,
a1b33 as as

Lemma 3.2. Let 7, = 7, = 7, = 0. The steady state (x2,y2, 22) of system (3.4) is stable

whenever the following conditions hold:

i) ci(az —3ds) < bzyz(ar — dy),
i) yody < g,

iii) ’)’3d3 < os3.
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Figure 3.4: Numerical solutions of DRAM system (3.4): (a) a; = 13. (b) a3 = 25.
Parameter values: 7, = 7y =7, = 0, g = 17, a3 = 6, by =4, by =3, b3 =1, ¢c1 = 8,
Cy = 10, C3 = 15, d1 = 0.5, d2 = 2, d3 = 0.2, Y2 = 0.8, Y3 = 2.

Assuming Lemma 3.2 is satisfied, we investigate whether the steady state can lose stability
for possible choices of 7., 7y, and 7.. In the limit 7, = 7, = 0 and 7, > 0, the only way

the steady state (z2,y2, 22) can lose stability is if a pair of complex conjugate eigenvalues

of 01(a3—d3zs)+b373d1 |
a1b3s

— A = 0 crosses the imaginary axis. Substituting A = iw into

this equation and separating into real and imaginary parts we have

cos(wTy) = by
7 ci(ag — y3ds) + byysdy
b
sin(wry) = — AP575%

c1(ag — y3ds) + byysdy

Squaring and adding these equations together yields

W2 — (Cl(oé:s — 73ds) + 5373(11)2 .
a1bss ’
which, similarly to the steady state (x1,y1, 21), leads to a contradiction as a result of i)
and iii) in Lemma 3.2. This result shows that in the limit 7, = 7, = 0, there does not
exist a value of 7, > 0 where the steady state (z2,y2, 22) experiences a loss of stability.
The same result arises for all other choices of 7, 7, and 7., and also holds true for all
steady states (z;,y;, z;) where i = 3,4, ...,7. Assuming that the conditions for stability in
the limit 7, = 7, = 7, = 0 are satisfied, each steady state remains stable for any time
delay.

Figures 3.3, 3.5, 3.6, and 3.7 represent steady state stability regions of system (3.4)
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Figure 3.5: Parameter regions for stable and unstable steady states of DRAM system
(3.4). Each colour coded number is the indice of the corresponding steady state which is
stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 7, = 7y =7, =0, a1 =4, ag =5, a3 = 6, by = 4, by = 3, b3 = 1,
C3 = 15, d1 = 0.5, d2 = 2, d3 = 0.2, Y2 = 0.8, Y3 = 2.
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Figure 3.6: Parameter regions for stable and unstable steady states of DRAM system
(3.4). Each colour coded number is the indice of the corresponding steady state which is
stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 7, = 7y =7, =0, a1 =4, ag =5, a3 = 6, by = 4, by = 3, b3 = 1,
Cl1 = 8, Co = 10, C3 = 15, d3 = 0.2, Y2 = 0.8, Y3 = 2.

for the DRAM model, however the time delays have been equated to zero. These plots
therefore depict the stability regions for the ODE description of the Repressilator with

auto-activation. The numbers assigned to each colour coded region are the indices of the

respective steady state, i.e. 1 = (x1,y1,21), 2 = (%2,92,22), ..., 9 = (%9,y9,29). The
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parameter regions that are represented by these colours signify where the corresponding
steady state is stable. For example, if a region is colour coded with the number 2 then
this means that steady state (x2,y2,22) is stable and all other steady states are either
unstable or biologically infeasible in this region. The dark blue coloured regions labelled
0 are areas where system parameter choices that lie here lead to instability of all steady
states, and give rise to oscillatory solutions.

In Figure 3.3, we can observe how the relationship between parameters oy and g can
lead to the destabilisation of steady state (xg,y9, z9). For example if we fix ag = 17 the
system undergoes a Hopf bifurcation as a; is increased through o1 = 8.4. The system then
reverts back as o is increased beyond a; = 18.28, to the stable steady state (z9, yg, 29). We
can also observe stability switching between many of the possible steady states throughout
the parameter space. Figure 3.4 shows two solution diagrams. The parameter scheme for
Figure 3.4(a) lies in the 0 region of Figure 3.3, and Figure 3.4(b) lies just to the right
of the 0 region. In Figure 3.4(a) we see sustained oscillations around the steady state
(x9,Y9, 29), then in Figure 3.4(b) we have a solution that tends towards the stable steady
state (x9,yo, 29).

In Figure 3.5 we see a strong dependence between parameters ¢; and co for stability
of steady states. For stability, either both parameters must be reasonably small or else if
one grows, the other must remain small. We see therefore, a large parameter region exists
where all steady states are unstable, and oscillations occur. Therefore, the model is not
robust against variations in parameters c¢; and cy with regards to steady state stability.

Figure 3.6 shows that for dy < 5.69, the steady state (x9,yo, z9) gains stability as d;
is increased, followed by a subsequent switch of stability to (z7,y7, 27) and then a switch
to (x3,ys,23). For 5.69 < dy < 5.82, as d; is increased, the steady states are unstable
followed by a gain in stability of (z9, yg, z9) for a very small parameter region before steady
state (x4, Y4, 24) becomes stable and stays stable for any larger d;. For 5.82 < dy < 6.25,
(z4,y4,24) is stable for any choice of parameter d;, and likewise for (z2,y2,22) when
dy > 6.25.

In a similar fashion to Figure 3.3, Figure 3.7 shows a small pocket in the parameter
space where all steady states are unstable. This means that close to this region, if we

increase 79, the steady state (z9, yg, 2z9) switches from stable to unstable and then stable
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Figure 3.7: Parameter regions for stable and unstable steady states of DRAM system
(3.4). Each colour coded number is the indice of the corresponding steady state which is
stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 7, = 7y =7, =0, a1 =4, ag =5, a3 = 6, by = 4, by = 3, b3 = 1,
Cl1 = 8, Cy = 10, C3 = 15, d1 = 0.5, d2 = 2, d3 =0.2.
again. In the rest of the parameter space we notice switches of stability between the
different steady states, so it can be inferred that the relationship between the parameters
v and 73, i.e. the degradation rates of proteins y and z, have a strong impact on the long
term behaviour of the system.

Even without time delays present it is not possible for any of the steady states
(x1,91,21), (x2,Y2,23), ..., (x7,y7,27) to undergo a Hopf bifurcation and lose stability
by varying the system parameters. The rest of this chapter investigates the stability prop-

erties of the remaining two steady states and the effect that time delays have on the long

term system behaviour.

3.3.2 Stability of Steady States with Non-zero Components

We wish to investigate stability of the steady states (xg, ys, z3) and (xg, Y9, 29), which have
non zero values in all components. Here, the number of free parameters of system (3.4) is
reduced in order to simplify analysis of the DRAM model which has 3 time delays. From
here on, it is assumed that protein x is a different type to proteins y and z. Protein x is
expressed under a smaller time scale to y and z, such that the time delays associated with
protein x are negligible, relative to the delays associated with proteins y and z. Thus, we

take the limit 7, = 0 and relabel 7, = 71 and 7, = 7. The system of equations for this
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model is then given by

dj B a1z .

dt_$2+b1+cl+d1 ’

dy oy(t —71)

o = — s 3.11
dt y(t—Tl).%'(t—Tl)—i-bgy(t—Tl)—i—CgQ?(t—Tl)—l—dQ 2y ( )
dz asz(t — 12)

At 2(t—m)y(t — ) +b32(t — 1) + cay(t — ) +d3 E

This model will be referred to as the simplified delayed repressilator with auto-activation

model (SDRAM). The initial conditions for model SDRAM are

l‘(S) = ¢1(S)’ s € [7Tm3«X70]a
y(s) = ¢2(8)7 ERS [_Tma)no]u

Z(S) = (253(3)7 RS [_Tmamo]a

where Tax = max(7y,72) and ¢i(s) € C([—Tmax, 0], R) with ¢;(s) > 0 (—Tmax < s < 0,
i = 1,2,3). C([~7Tmax,0],R) is the Banach space of continuous mappings of interval
[—Tmax, 0] into R. It is also assumed that z(0) > 0, y(0) > 0, and 2(0) > 0. The proof
for the positivity of solutions follows the same methodology to that of system (3.4). Since
time delays have no affect on the calculation of steady states, the equilibria of system
(3.11) are the same as for system (3.4). Therefore, to investigate the stability properties
of (x3,ys,zs) and (xg,yg, z9) with respect to the new reduced system, the characteristic
equation of system (3.11) for non-zero steady states reads

<c1z+ di 1 )\) <’y§(czx + dg)e_)\ﬁ g )\) <’Y§(C3y + d3)e—)\7'2 oy — /\>
o1 (%) as

- (f(:f—{—q)) <7§§(ﬂ+62)6_m> (We—m> —0

e5] a2 as

& AN N (L+y2+ 93— k1 — kae M — kge ) + A((k1 — 73 — 1)kge™ !

+ (k1 — 72 — Drze ™™ 4 karaze M) Loyy 4y 4y — k1 (2 + 73))
+ (k1 — 1) (13k26 T + Yok3e 2 — kigkze M) _qon0) 4 €1 68ze NTIET) = )

(3.12)
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where

1z + dq
K1=—",
a1
. ’Y%(Cgi‘ + dg)
R = ——"",
a2
_ V3(csy + dg)
Ky = ————,
Qs
(T + 1
51 = ( )7
a1
_ BIG + )
§2 - )
(0%]
_ 3Z(Z + c3)
3= >—""-—7".
Qs

In the limit 71 = 7 = 0, the characteristic equation (3.12) becomes
M4+ AN +BA+C =0,
where

A=1+7v+v3 — K1 — K2 — K3,
B = (k1 —v3 — 1)Ko + (k1 — 72 — 1)K3 + Kaks + 72 + 73 + 1273 — K1(72 + 73),

C = (k1 — 1)(y3k2 + y2K3 — Kaks — Y2773) + §1€263.

Lemma 3.3. Let 71 = 70 = 0. By the Routh-Herwitz criterion, the steady state (xg,ys, 28)

or (x9,Y9, 29) of system (3.11) is stable provided that A >0, B >0, C >0 and AB > C.

Assuming that the conditions of Lemma 3.3 are satisfied, we analyse whether stability
can be lost by the existence of a sufficiently large time delay. In the limit 75 = 0 and

71 > 0, the characteristic equation (3.12) becomes

N+ 2D — kze M) + N(Ee™™ + F) 4+ Ge ™ + H = 0, (3.13)
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where

D=1+vy+7v — K1 — Ks,

E = k(K1 + k3 —v3 — 1),

F=r3(k1—72—1)+ v +73+7273 — ~1(y2 +3),
G = ka(k1 — 1)(73 — K3) + £162&3,

H = yy(k1 — 1) (k3 — 73)-

We look for solutions of (3.13) of the form A = iw for some real w > 0. Substituting this

into (3.13) and separating into real and imaginary parts we have

Dw? — H = (k3w? 4+ G) cos(wty) + FBwsin(wry),

(3.14)
W(F —w?) = (k3w? + Q) sin(wr;) — Ew cos(wy ).
Squaring and adding together gives a cubic equation of the form:
g(z2) =2 +pP +qz+r=0, (3.15)

where z = w? and

p=D?—-2F — K2,
q=F?—-2DH — 2Gk3 — E?,

r=H?- G

Without loss of generality, suppose that (3.15) has 3 positive real roots, denoted by 21, 22,
z3, respectively, which would give 3 possible values of w: w1 = /21, wa = /22, w3 = /3.

Some algebraic manipulation of (3.14) gives

(E + k3)wi + (DG — EF — Hrs)w? — GH

cos(wgT1 k) = kIl + (B2 4+ 2Gr3)w? + G2

1 E 44+ (DG—-EF—-H 2 _GH
[arccos<( + rig)w + (DG figJw — G >—|—2j7r]>

= L=
Lk W ngé + (E2 + 2GI€3)CU]% + G?

k=1,..3, j=01,2...
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Define,

71,0 = 1?]323{7—1,]6,0}7 wo = Wk, kO € {17 27 3}7

then 71 o is the first value of 71 > 0 whereby the characteristic equation (3.13) has a pair

of purely imaginary roots. We have the following result.

Theorem 3.1 Suppose the conditions of Lemma 3.3 hold and that g'(w?) > 0, where g(2)
is defined in (3.15). In the limit o = 0, the steady state (zs,ys,zs) or (x9,yg,29) of
system (3.11) is stable for 0 < 7 < 719 and unstable for 71 > 119 and undergoes a Hopf

bifurcation at 71 = T 0.

Proof. The conclusion of Lemma 3.3 ensures that the steady state (s, ys, z8) or (9, y9, 29)
of system (3.11) is stable at 71 = 0, and the fact that the roots of the characteristic
equation (3.13) depend continuously on 77 implies that either steady state is also stable
for sufficiently small positive values of 7. Since 7 ¢ is the first positive 71, for which the
eigenvalues lie on the imaginary axis, in order to verify whether or not the steady state
actually loses stability at 71 = 710, one has to compute the sign of dRe(\)/d71|r=r, ;-
Let A(m1) = p(m1) + iw(71) be the root of the characteristic equation (3.13) near 7 =
710, satisfying p(110) = 0 and w(119) = wp. Substituting A = A(71) into (3.13) and

differentiating both sides with respect to 71 yields

< dA > ' (3X2 4 2DA+ F)eM E — 2r3\ T

dr, M—k3\2 + EX+G) * M=r3XN2+EX+G) X

From this equation, one can find

sgn [d(Re/\)] =sgn ¢ Re
dry TI=T1,0

()]

T1=T1,0
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Figure 3.8: Parameter regions for stable and unstable steady states of SDRAM system
(3.11). Each colour coded number is the indice of the corresponding steady state which
is stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
(b) is a magnified view of (a). Parameter values: 72 =0, ag = 5, ag = 6, by = 4, by = 3,
bg = 1, Cc1 = 8, Cy = 10, C3 = 15, d1 = 0.5, d2 = 2, d3 = 0.2, Y2 = 0.8, y3 = 2.

_ won d Re [ BN £ 2DA+ F)eln + Re E — 2r3\
= sg M—r3A\2 + EX+G) =r10 AM—r3A2 + EX+ Q) =10

= sgn{ (E2w§ + (/igwg + G)2w§)71 [(F — 3w§)[w0(/<;3w(2) + G) sin(woTi,0)
— Ew% COS(O.)()TL())] + 2Duwy [wo(ngwg + G) cos(woT0) + Ewg Sin(onl,o)]

— E2W2 — 2k3w3 (Kawi + G)}

Substituting the expressions from system (3.14) gives

sgn{ [d(c];i-ef\)} ) } = sgn{A—l [(F — 3(;_}%)(F _ WS) + 2D(Dw8 o H) . E2

— 2/’%3(&3&)3 + G)]}
— sgn{ A~![3w¢ + (2D? — 4F — 263)w? + F> — 2DH

—2r3G — E°] }
/(2
9'(wyp)
= ——= >0
sgn{ A } ,
where A = E%w? + (kswi + G)?. Hence, the eigenvalues of the characteristic equation

(3.13) crosses the imaginary axis at 71 = 71,0 with a positive speed. This implies that the

steady state (3, ys, 28) or (29, yg, 29) of system (3.11) does lose its stability at 7 = 71,9.00
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Figure 3.8 demonstrates how increasing the time delay 7| results in a Hopf bifurcation
of the steady state (zg, y9, 29) and the emergence of a stable periodic orbit. For 0 < a; <
0.5058 and 0.5058 < a3 < 1.963, steady state (z3,ys,z3) and (z7,yr, 27), respectively,
are stable for any time delay. However for 1.963 < a1 < 2.083, there exists a critical
time delay which leads to sustained oscillations when 7 passes this value. In accordance
with Theorem 3.1, once the stability of the steady state (xg,yo, z9) is lost, it can never
be regained for higher values of 7, so the system will be exhibiting oscillatory behaviour.
Beyond «; = 2.083 the steady states are unstable for all ;.

In the limit 4 = 0 with 7 > 0, the story is identical to the limit 75 = 0 with = > 0, so
this analysis has not been included here. Next we look at the case where 71 = 7 =7 > 0.

The characteristic equation is given by
NN —Je M)+ MEe ™+ Le ™ £ M)+ Ne M+ Pe? +Q=0, (3.16)
where

I =14 +7v3 — kK1,
J = K9 + K3,
K = ra(k1 — 3 — 1) + K3(k1 — 2 — 1),
L = koks,
M =72+ 73+ 7273 — Kk1(72 +73),
N = (k1 — 1)(73K2 + 72K3),
P = koks(1l — K1) + &18283,

Q = 72y3(1 — K1).

Here we use an iterative procedure adopted from B. Rahman et al. [130] to find a new
function F(w), the roots of which give the Hopf frequency associated with the purely
imaginary roots of the characteristic equation (3.16). The procedure we employ for find-

ing the function F(w) works as follows. Consider a general transcendental characteristic
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equation [131-133],

= i:pk@)e—k”, (3.17)
k=0

where 7 > 0; pr(N), k = 0,1,2,...; are polynomials in A; and |[px(A)/po(N)] < 1, k =
1,2,...,n, for |\| = co and Re(A) > 0. Substituting A = iw into (3.17) and conjugating

A(T,iw) gives

A(T,iw) Zpk iw)e kT A(T,iw) = Zpk(iw)ekim.

Clearly, A(r,iw) = 0 if and only if A(7,iw) = 0. Define AU)(r,iw) recursively as

A(l)(q-, iw) = po(iw)A(T, 1w) — pp(iw)e” m‘”A (7, iw) Zpk: iw) ki

AW (7, iw) = WAU_D (1, iw) — pg—jll(zw)e—(n—jﬂ-l)iw‘rm

(j+1

From p; )(iw) we obtain
) = [p ) = i )y G= 0,12 =2

Moreover, from A= (7, iw), let
F . (n=1),. (n—1),. 2
(@) = Ipy"™ " @) = p{" " (i)

If A(7,iw) =0, then w is a root of F(w) = 0.
Now returning to (3.16) one can use the same argument as above with n = 2 to find

the function F(w):

F(w) = |po(iw)|* — [pi(iw)[?,
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where

poliw) = w® + (I? = 2M)w* 4+ (M? — L* = 2IQ)w” + Q* — P2, (3.18)

pi(iw)=— (IJ+ K)w'+ (J(Q—P)+ K(M — L) — IN)w? + N(Q — P)

+i[Jw’ + (N = J(L+ M) — IK)w® + (K(P+ Q) — N(L + M))w].

The function F(w) is then calculated to give

F(w) = w'? + 410" + Aw® + A3w® + Agw® + Asw? + Ag, (3.19)

where,

A =217 — J? — 4M,

Ay =T~ (J2 +4AM)I* + 2[J(J(L + M) — N) +3M? — 2IQ — L*] — K?,

Az = —413Q + [2(M* — JN — L*) — K?|I? +2[J(J(Q — P) — 2K L) + 4M Q]I
—4M?® — J*M? +2[J(2N — JL) + K? + 2L*|M + J4(LN — KP) — JL?|
— 2(K%L + P?) — N? + 2%,

Ay = M*—[2(2IQ + JN + L?) + K*|M? + 2[K°L + N? — 2Q* + 2(J(KP — LN)
+ P?)M + (6Q* — N? —2P?)I? + 2[K*(P + Q) + 2L*Q + 2N(J(Q — P) — KL)|I
+ LY — (2JN + K*)L? + 2(2JKQ + N?)L + J*[P(2Q — P) — Q?] — 4K NP,

As = [2(1(Q — P) — LM) — L2 — M2N? + 2[2(Q(JP + KL) + KMP) — J(P? + Q)N
+2P%(2IQ + L? — M?) — K*(P + Q)* + 2Q*(M? — L* - 21Q),

A6 — (PQ _ Q2)2 _ NQ(P_ Q)2

If Ag < 0in (3.19), then the function F'(w) has at least one positive root, w, satisfying
F(w) = 0. We can prove this as follows. Assuming Ag < 0 implies that F(0) = Ag < 0.
Since F(w) is a continuous function of w, and also lim,,_, F'(w) = 0o, this means there
exists a positive root w > 0 such that F(w) = 0.

We now consider the case where Ag > 0. Let z = w?, then the equation F(w) = 0 can
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be written as
h(z) = 20 + A12° + Agz* + A32® + Auz® + Asz 4+ As = 0. (3.20)

Without loss of generality, suppose that (3.20) has six positive real roots denoted by z1,

2o, 23, 24, 25, 26, respectively, which would give six possible values of w:

W1 = V21, W2 =1+/22, W3 =1/23, W4 =+/24, W5 =1/25, W6 =1/%6-

Now looking for solutions of (3.16) of the form A\ = iw for some real w > 0, and separating

into real and imaginary parts we have

(Jw? + N) cos(wr) + Kwsin(wr) = Iw? — Q — [P cos(2wr) 4 Lw sin(2wT)],

—(Jw? + N)sin(wr) + Kwcos(wr) = w(w? — M) 4+ Psin(2wr) — Lw cos(2wr).

Squaring and adding together gives
B cos(u) + dsin(u) = e,
where

U = 2wT,
8 =2[P(Iw* - Q) + Lw’(w’ — M)],
6 = 2[P(M ) + L(Iw” = Q)],

€= (Iw? — Q)+ w?(W? — M)? + W (L? — K?) + P2 — (Juw? + N)2

Dividing by /32 + 62 we obtain

B cos(u) dsin(u) €
VB+8E BT N N2

(3.21)

Note that,

() + () =
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Hence, there must exist a value 0 such that

B . J )
\/ﬁ, sin(f) = —, and 6 = arctan <5> .

cos(f) = ,
//82 + 62
Thus we can rewrite (3.21) as follows:

€

NET?

€

NiETEl

Through some algebraic manipulation we are able to find the critical time delays given by

cos(u) cos() + sin(u) sin(f) =

& cos(u—0) =

(5)
arctan [ — | + arccos
B

€k

k=1,2,...,6, j=0,1,2,....

Thi =g +imi

Define,

0 = IISHICiISlGTk’O, wo = wko? kO S {17273747576}7

then 79 is the first value of 7 > 0 such that the characteristic equation (3.16) has a
pair of purely imaginary roots. We can state some implicit conditions on whether a Hopf
bifurcation arises at the critical time delay by looking to prove the transversality condition.
Let A(7) = p(7) + iw(7) be the root of the characteristic equation (3.16) near 7 = 79,
satisfying p(mp) = 0 and w(7p). Substituting A = A(7) into (3.16) and differentiating both

sides with respect to 7 yields

( d>\> T BN 2N+ M 4 (K —2J0)e” M 4 Le ™ 1

dr) T AN(=INX+ KA+ N)e ™ + (20X + 2P)e 2] X’
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From this equation we have

{15, f e [(3)] )

_wnlr 3AZ42IN+ M + (K — 2J\)e ™™ + Le™ 2\
%8 M(—IAN2+ KX+ N)e ™ + (LA + 2P)e 2] | __

— sgn{ (WX(R? + §%)) '[(2K P — LN — 5JLw?) sin(wr)
—w(4JP + 3K L) cos(wr) +w(2(JN + L?) + K* — 2J%0°

+ R(M — 3w%) +251w)| },
where

R = —Kwcos(w) + (Jw? + N) sin(wr) — 2Lw cos(2wT) + 2P sin(2wT),

S = (Jw? 4+ N) cos(wr) + Kwsin(wr) 4 2P cos(2wr) 4 2Lw sin(2wr).

If sgn{[d(Re)\)/dr]|r=r,} > 0 then the steady state undergoes a Hopf bifurcation at the

critical time delay 7y. Alternatively, we can state the following result.

Theorem 3.2. Suppose the conditions of Lemma 3.3 hold. If b (z0)p§(iwo) > 0, where
h(z) and p{(iw) are defined in (3.20) and (3.18), respectively, and 2o = wg, then the steady
state (zs,ys, 28) or (T9,Yg, 29) of system (3.11) is stable for 0 < 7 < 19 and unstable for

T > 79 and undergoes a Hopf bifurcation at T = 1.

Proof. Firstly, by Lemma 3.3, the steady state (xg,ys, z3) or (xg,yo, z9) of system (3.11)
is stable at 7 = 0. We have shown that 7y is the first value of 7 whereby the characteristic
equation (3.16) has a pair of purely imaginary eigenvalues A = +iwy. We cannot obtain an
explicit proof of the existence of a Hopf bifurcation through direct computation. Thus we
follow the methodology of Li et al. [132] and Rahman et al. [130] instead by introducing

a function

S1(w) = sg[wF” (w)ps(iw)],

which determines possible changes in the number of roots with positive real part of (3.16).
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Figure 3.9: Parameter regions for stable and unstable steady states of SDRAM system
(3.11). Each colour coded number is the indice of the corresponding steady state which
is stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 7 = 15, ao = 5, a3 = 6, by =4, by =3, b3 =1, ¢c1 = 8, co = 10,
Cc3 = 15, d1 = 05, d2 = 2, d3 = 0.2, Y2 = 08, Y3 = 2.

From the definition of the function h(z), we have
F(w) =hw?) = F(w)=2wh'(w?)=2wh'(z),
which, under the assumption that h'(zo)pj(iwg) > 0, implies
S1(wo) = sgnlwo F” (wo)py (iwo)] = sgn[2wih’ (20)pg (iwo)] = sgulh’(20)p5 (iwo)] > 0.

From Theorem 2 in [132] we have

hence the steady state (zs,ys, zg) or (xg, Y9, 2z9) undergoes a Hopf bifurcation at 7 = 79.0]
Finally we would like to investigate, analytically, the case where 71 # 79. The corre-

sponding characteristic equation is given by

A+ XU — ko™ — kge ™ 2) + A(Ve™ T 4 We™72 4 Le M M472) | )1 4 X

+ Y€—>\T2 + Pe—A(Tl'i‘Tz) + Q — 0’ (322)
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Figure 3.10: Parameter regions for stable and unstable steady states of SDRAM system
(3.11). Each colour coded number is the indice of the corresponding steady state which
is stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 0 = 15, a1 = 4, ag = 5, ag = 6, by = 4, by = 3, bg = 1, co = 10,
C3 = 15, dl = 05, d2 = 2, d3 = 0.2, Y2 = 08, Y3 = 2.

where

U=1++73— k1,
V= (k1 — 73 — 1)K,
W = (k1 — 2 — 1)ks,
X = (k1 — 1)y3k2,

Y = (k1 — 1)y2ks,

and L, M, P, @Q are the same as defined for (3.16). However the number of free parame-
ters, time delays and exponential terms in the coefficients of the characteristic polynomial
on the left hand side of (3.22) makes it infeasible to perform any meaningful mathemat-
ical analysis on the characteristic equation (3.22). We leave this case to be analysed
numerically.

In Figure 3.9 the parameters are the same as in Figure 3.8, however, now 75 is not
chosen in the limit 7 = 0 but instead, 7 = 15. In this scenario, notice how in the param-
eter region 1.963 < oy < 2.309, for small 71 all steady states are unstable but then as 74
is increased, steady state (xg,y9, 29) experiences a diminishing switch-like behaviour be-

tween stable and unstable. Unlike Figure 3.8, when stability is lost at a critical time delay,
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Figure 3.11: Parameter regions for stable and unstable steady states of SDRAM system
(3.11). Each colour coded number is the indice of the corresponding steady state which
is stable in that region, whilst all other steady states are unstable or infeasible. The blue
region labelled 0 is where all steady states are unstable, leading to sustained oscillations.
Parameter values: 7 =15, a1 =4, a0 =5, a3 =6,b1 =4,y =3,b3 =1, c1 =8, co = 10,
C3 = 15, d2 = 2, d3 = 0.2, Y2 = 0.8, Y3 = 2.

the steady state (z9,y9, 29) does not remain unstable for larger values of 7;. This result
highlights the importance of correct mathematical representation of the transcription and
translation processes, since inclusion of multiple transcriptional and translational delays
can lead to regions in the parameter space where, depending on the careful choice of time
delay values, either sustained periodic oscillations occur or the solution tends towards a
stable steady state.

Figure 3.10 looks at the stability relationship between ¢; and 71. We see that there are
only two attainable stable steady states through varying the parameter c;. In the region
of parameter space where (g, ys, z6) is stable, it remains so for any time delay. There is
again a region in the parameter space where switching occurs between stable and unstable
steady state (xg,y9,29) as 71 is increased. Notice the spiking behaviour of the unstable
region for 1.195 < ¢; < 1.348.

We see that Figure 3.11 appears almost as a flipped image of Figure 3.9. In the regions
of the parameter space where steady state (z3,ys, z3) or (z7,yr7, 27) are stable, they remain
so for any time delay 7. Similar to parameter a1, there exists a region 2.215 < d; < 2.563
where if the steady state (z9, yg, z9) loses stability due to an increase in 71, it experiences

switching behaviour between stable and unstable for larger 7.

68



@)

(b)
0.015
40 0.15 40
T 0.1 T2
[
20 20 -0.015
0.05
L -0.03
0 0 0
0 40 80

o

Re Apayx
€ Nmax

0 20 40
T T
(d)
40 0.02
g
T, 0.01 <
(]
20 0 e
-0.01
/
0
0 20 40

T

Figure 3.12: The values of Max(Re(\)) in the (71, 72) parameter space for steady state
(z9,Y9, z9) of SDRAM system. All other steady states are either unstable or infeasible for
these parameter schemes. (a) Parameter values: a1 =4, ae = 5, ag = 6, by = 4, by = 3,
bs=1,¢c1=8,c0=10,c3=15,d; =0.5,dy =2,d3 =0.2, 72 = 0.8, 73 = 2. (b) a3 = 2.
(c) 1 = 1. (d) diy = 2.4. All other parameters remain the same as (a) in (b)-(d).

Figure 3.12 shows stability regions in the (71,72) parameter space. The parameters
fixed in Figure 3.12(a) are the same as those used throughout Figures 3.8-3.11. However,
notice how the value of a; = 4 places the parameter choice beyond the range of the y
axis in Figure 3.9, and thus it sits in the region where all steady states are unstable for
any 71. This is also illustrated in Figure 3.12(a), the steady states are unstable for any
choices of either time delay. In Figure 3.12(b), the parameter ; = 2 is fixed. Notice
that this parameter choice lies in the region of Figure 3.8 where steady state (xg, o, 29)
is stable and subsequently loses stability as 7 is increased. We see that Figure 3.12(b)
produces rich dynamics of switching between regions where steady state (xg, yo, 29) is stable
(Max(Re(X)) < 0) and regions where all steady states are unstable (Max(Re()A)) > 0). In
Figures 3.12(c) and 3.12(d) parameters ¢; and d; are fixed so that they lie in the regions

of Figures 3.10 and 3.11, respectively, where steady state (xg,yo, 2z9) is stable. All other
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parameters remain the same. Again we see spiking regions that spread across the entire
parameter space.

In all Figures it can be seen that the losses and gains in stability all occur around
(9,Y9, 29), showing that the stability of this steady state is not robust against parameter
variations. This result is highlighted further by Figure 3.12 as it shows the sensitivity
of steady state (xg,yo, z9) to losing stability through changes in the transcriptional and

translational time delays.

3.4 Discussion

In this chapter we have discussed a mathematical model for the analysis of a GRN and
focussed on the role played by the transcriptional and translational time delays in the
dynamics of a three-gene Repressilator model with auto-activation. We have established
conditions for stability of seven equilibria and found that none of these can undergo a
switch in stability due to the existence of time delays. By reducing the model to the one
with two time delays, we could investigate the last two steady states by considering a
scenario where protein x is expressed under a smaller time scale to y and z, such that the
time delays associated with protein x are negligible. We found, analytically, the boundary
of the Hopf bifurcation depending on the two time delays and other system parameters,
and illustrated different types of behaviour by direct simulation. Mathematical analysis
has shown that only the steady states with non-zero x, y, and z components (labelled
(zs,ys,28) and (z9, Y9, 29)) have the potential to undergo a Hopf bifurcation depending
on the time delays. However numerical simulations show us that it is in fact only steady
state (xg, Y9, 29) that can undergo a Hopf bifurcation as a result of increasing time delays.
Our results also suggest that under certain parameter choices, steady state (z9,yg, 29)
can alternate between stable and unstable as a time delay is increased. The numerical
simulations reveal switching between different stable steady states through variations in
the system parameters. This is in agreement with the biology, as the changes in stable

steady states can account for different cell fates of GRNs in the immune system.
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Chapter 4

Time-Delayed Model of a Genetic
Network with Switches and

Oscillations

The two types of systems that are of particular interest in this chapter are the Repressilator
[74] and the Toggle switch [80]. As mentioned in the previous chapter, the Repressilator
is a model comprised of three genes which are connected in such a way that the protein
coded by each gene inhibits the expression of the next gene in the cycle, thus acting as a
repressor. The Toggle switch is made up of two genes with mutually repressing proteins,
which leads to bistability. Bistability is a type of switch which permits the coexistence of
two stable steady states, and is known to be a key component in biological systems such
as cell fates of GRNs during the immune response to an antigen.

The Repressilator and Toggle switch have been studied in a variety of ways [134-138],
however all of these models looked at the two systems independently of each other. A paper
by Gonze [139] looked to combine the two and unravel the compositional rules that govern
its dynamics. This type of model was warranted since biological systems are composed
of interconnected positive and negative circuits [140]. They investigated the dynamical
properties that arise through the coupling of the Repressilator and Toggle switch. Two
forms of coupling were investigated. In the first case, one protein of the Repressilator
activates the expression of one gene in the Toggle switch. In the second case, a protein

in the Toggle switch activates the expression of one gene in the Repressilator. Both types
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are what’s known as master/slave systems, since one subsystem is under the control of
the other through unidirectional coupling. In the study, Gonze accounted for the coupling
through a linear function and it was addressed that using a more elaborate coupling
term leads to qualitatively similar results. Gongze first investigated the system where a
protein in the Repressilator activates the Toggle switch. It was shown through numerical
simulation, and using the coupling term as a bifurcation parameter, that the amplitude of
the oscillatory coupling may lead to four different dynamical behaviour scenarios. When
the amplitude of the coupling is sufficiently large, oscillations of the Repressilator are
able to induce a periodic switch in the Toggle switch. However, when the amplitude of
coupling is insufficient, a periodic switch cannot be induced. Instead, the trajectory of
the coupled protein, X, in the Toggle switch oscillates with low-amplitude around the
lower steady state. When the amplitude of coupling is very low there are two possible
scenarios. Under certain conditions it is possible for X to oscillate with low-amplitude
around the upper steady state, or a phenomenon of birythmicity occurs. Birythmicity
is where, under particular initial conditions, low-amplitude oscillations around the upper
steady state are induced, whilst under a different set of initial conditions there are low-
amplitude oscillations around the lower steady state. Gonze also investigated the effect of
the period of oscillations on the dynamical behaviour of the Toggle switch. No periodic
switch is observed given a sufficiently small period.

Investigating the second type of coupling, where the Toggle switch activates the Re-
pressilator, a transient perturbation was also considered. It was shown that an external
signal acting on the Toggle switch has the potential to induce oscillations in the Repres-
silator or in fact stop any existing oscillations. This paper by Gonze highlights how one
can obtain control, through parameter tuning and network structure, over the dynamical
behaviour of an oscillatory system coupled with a bistable switch. This is important as
unidirectional coupling is likely to be present at multiple stages of gene regulatory net-
works which were shown to be hierarchical [139]. It should be noted that bidirectional
(mutual) coupling between biological switches and oscillators also exist in many biologi-
cal networks, such as bidirectional coupling between the ATM switch and the p53-Mdm2
oscillator in the p53 signaling network [141], and this form of coupling between the Toggle
switch and Repressilator has also been studied [142].

This chapter explores the impact of transcriptional and translational delays on a five-
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gene system with unidirectional coupling, where the expression of a gene in the Toggle
switch is under the control of a protein in the Repressilator. Although the literature
studied the effects of coupling amplitude on the oscillatory dynamics of the system, in
this chapter stability analysis is also performed to establish the conditions for a Hopf
bifurcation where solutions exhibit such oscillations. We then make a comparative analysis
between the delayed model, described using delay differential equations, and the existing
ODE model in the literature. This is done by studying the dynamical behaviours observed
in numerical simulations of the DDE system, and comparing the results to those found by
Gonze. The existence of new dynamical behaviours are shown which were impossible in

the model system without the time delays.

4.1 The Delayed Model

The Repressilator is a model composed of three genes which are cyclically connected in
such a way that the protein coded by each gene in the system acts as a repressor for
the transcription of the next gene in the cycle [139]. The dynamics of this model can be

described by the following set of ordinary differential equations:

M. .
dMi _ Mt ——t ) with i=1,2,3,
dt L+ Pmod(i+1,3)

dP;

dtl =T(B:M; —vP;), with i=1,23.

Here, M; and P; represent the concentrations of mRNA and protein, respectively, of the
corresponding ith gene in the system. The Hill function «;/(1 + P dGi +1,3)) accounts
for the inhibition where “mod” is the modulo function. The parameter o; represents the
maximum rate of mRNA synthesis of gene i. Parameter T" has been introduced to allow
us to easily control time scale of the dynamics. Variables and time have been rescaled and
adimensionalised.

The dynamics of the Toggle switch system, which consists of two genes that mutually

inhibit each other, are described by the following ODEs:

dX al
— = —d1 X +0b
i 1ryn 1X + 01,
dY ag
— = —doY + be.
a1 xn TP
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Figure 4.1: Network motif of the Repressilator coupled with a Toggle switch. The nodes
are genes G1, Go, and G3 of the Repressilator, which are connected by edges, in red,
representing regulation of each gene by inhibition from the preceding gene in the cycle.
The genes X and Y of the Toggle switch are connected by edges, in red, representing
regulation of each gene by mutual repression. The Repressilator and Toggle switch are
coupled through an edge, in blue, connecting gene G; with X which represents regulation
of gene X by activation from Gj.

There is no distinction made between the gene and the protein, unlike in the Repressilator
model. Qualitatively, the results will be the same if we were to include equations which
account for the evolution of mRNAs for X and Y. In this model, the inhibition is described
by the Hill functions a1 /(1 +Y™) and as/(1 + X™) where a; and ay denote the maximum
rate of X and Y mRNA synthesis, respectively, and n is the cooperativity. Parameters
b1 and by describe an independent synthesis source of X and Y, resulting from another
promoter perhaps, which is unaffected by the inhibition of X and Y, but can be controlled
by external factors. Again, variables and time have been rescaled and adimensionalised.
We are interested in the type of coupling where the Repressilator is in control of the

Toggle switch, see Figure 4.1. This model, studied by Gonze [139], is given by the following

ODEs:
LT[ —Mi+ —— ), with i=1,2,3,
dt L+ Pltagi+1,3)
dP; . .
i T(BiM; —~;P;), with i=1,2,3, (4.1)
dX a
RS TR
dy a
P S T AL
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where a1 = APy + B is the linear coupling parameter, which depends on the variable
P;. In this system, it is assumed that one protein of the Repressilator, P;, promotes the
expression of gene X of the Toggle switch.

In Figure 4.2, the numerical simulation results of model (4.1) from [139] have been
reproduced. We see that a periodic switch can be observed when amplitude of the forcing
is sufficient, which is shown in Figure 4.2(a) and (b). Figure 4.2(c) and (d) then shows
that when the amplitude of forcing is not high enough, a switch cannot be induced,
instead X remains close to the bottom steady state branch. When the forcing amplitude
is further reduced, it is possible to induce birythmicity. Whereby, depending on the initial
conditions, X can undergo small amplitude oscillations around the upper or lower steady
state branch, shown in Figure 4.2(e) and (f). As stated in [139], there are conditions
on the values of the coupling parameters A and B to obtain oscillation-induced switches.
Figure 4.3(a) summarizes these results for the types of behaviours that can be observed
as a function of the values of A and B. When B is sufficiently small and A is sufficiently
large, a periodic switch can be observed. This is denoted by the dark blue region in Figure
4.3(a). When both A and B are small, the system cannot jump from the bottom branch
to the top branch so low-amplitude oscillations occur around the lower branch (light blue
region). When B is large, the system cannot jump from the top branch to the bottom
branch. When this is the case, either A is large (green region) or A is small enough where
the system is unable to jump from the bottom branch to the top branch and, depending
on the initial conditions, the system will be stuck around the bottom or top branch, and
thus birythmicity is present (yellow region). Also, although it is not shown, when B is
very large (B > 6.8) only low-amplitude oscillations around the upper branch occurs.

In the rest of this chapter, we look at the effect of transcriptional and translational
delays on the dynamical behaviour of system (4.1). We will see how the necessary condi-
tions for phenomena such as birythmicity and periodic switching can change due to time

delays. To account for these delays we can rewrite system (4.1) as the following set of
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Figure 4.2: Periodic switch induced by oscillations. Red curve is the X steady state as a
function of the coupling parameter a;. (a) Bifurcation diagram of variable X as a function
of parameter a;. This parameter is a function of P; of the Repressilator and therefore
oscillates. The blue curve corresponds to the trajectory of X and shows that this vari-
able switches between the lower and upper steady states. (b) Time evolutions of X and
Y. (c) When the amplitude of the coupling is insufficient, a periodic switch cannot be
induced. instead it oscillates around the lower steady state. (d) Time evolutions of X
and Y. (e) When amplitude of coupling is very low, oscillations of the Repressilator can
induce phenomenon of birythmicity: depending on initial conditions, variable X can un-
dergo small-amplitude oscillations around upper or lower steady states. (f) Corresponding
evolutions of X and Y. Parameters: T = 0.2, a1 = as = ag = 100, 51 = B2 = B3 = 5,
Y= =7v93=5,di=dy=1,b =by =0, as =2, m =2, n =4. Coupling parameters:
A =021, B=0 ((a) and (b)), A =0.19, B =0 ((c) and (d)), A = 0.08, B = 2 ((e)
and (f)). For the latter case, initial conditions are X (0) = 0.1 and Y (0) = 0.9 (denoted
by CI1), leading to the lower limit cycle or X (0) = 0.9 and Y (0) = 0.1 (denoted by CI2),
leading to the upper limit cycle.
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delay differential equations:

M< .
d Z:T<—Mi+ i > with i=1,2,3,

dt 1+ Pmod(z’+1,3) (t - Tmi)m

dp; L

dt :T(ﬂle(t—sz) _’YZPl)v with ¢ = 1a2737

4.

ax _ ll — X 4D -

dt  1+Y({t—7x)r b

dy

&Y +by,

At 1+ X(t—1y)

where a; = AP, + B is the linear coupling parameter, 7,,,, are the delays associated with
the transcription of mRNA from gene ¢ in the Repressilator, 7, are the delays accounting
for those present in translation processes of gene ¢, 7x and 7y are the transcriptional delays

associated with the mutual inhibition processes of gene X and Y in the Toggle switch.

4.2 Time Delayed Model: Positivity and Steady States

Before continuing with analysis of the model, first we must define initial conditions where
appropriate and address whether all solutions to the model give positive values for all time

to guarantee it’s biological feasibility. The initial conditions for model (4.2) are

Ml(s) = ¢1(S)a ERS [_Tmax’o]u
Pl(s) = ¢2(3)7 ERS [_Tmaxyo]a
MQ(S) = ¢3(S)7 RS [_Tma)uo]u

Py(s) = ¢a(s), s € [~Tmax,0],

(4.3)
M;s(s) = ¢5(s), s € [~Tmax, 0],
P3(s) = d6(s), s € [~Tmax, 0],
X(s) = ¢7(s), s € [~Tmax, 0],
Y(s) = ¢s(s), 5 € [~Tmax, 0],
where Tmax = mMax(Tim, , Tpy s Tmas Tpas Tmgs Tps> TX, Ty) and @;(s) € C([—Tmax, 0], R) with

$i(s) > 0 (—Tmax < s <0, 5 = 1,2,...,8). C([—Tmax,0],R) is the Banach space of
continuous mappings of interval [—Tmax, 0] into R. It is also assumed that M;(0) > 0,
P1(0) > 0, M>(0) > 0, P»(0) >0, M3(0) > 0, P3(0) > 0, X(0) >0, and Y(0) > 0 to be

sure that some proteins are produced.

77



Now we prove that the solution (M;(t), Pi(t), Ma(t), Pa(t), Ms(t), P3(t), X(t),Y (t)) of
model (4.2) with initial condition (4.3) is positive for all ¢ > 0. Again, the proof for
this makes use of the methodology applied in [93]. First, we show M;(¢t) > 0 for all
t > 0 by contradiction. Let ¢; > 0 be the first time that M;(¢1)P2(t1) = 0; assuming
that My (t1) = 0 implies Py(t1) > 0 for all ¢ € [0;¢1] and since ¢; is the first time when
M (t1) = 0, this also means that dM (¢1)/dt < 0; meaning the function M (¢) is decreasing
at t = t;. However, evaluating the first equation of system (4.2) at t = ¢ gives

ClMl(t1> a1
=T 0
dt (1 + Po(ty —Tml)m> > 5

which yields a contradiction. This implies that M;j(¢t) > 0 for all ¢ > 0. Similarly, let
ta > 0 be the first time that M (t2)Pi(t2) = 0. As we know that M;(¢) > 0 for all ¢ > 0,
the only way this can happen is if Pj(t3) = 0. This means that dP;(t2)/dt < 0. However,
evaluating the second equation of system (4.2) at t = to gives

dPi(ts2)
dt

= TﬂlMl(tQ — Tpl) > 0,

which gives a contradiction, implying that P;(¢) > 0 for all ¢ > 0. In an analogous way to
this we can prove the positivity of May(t), Pa(t), Ms(t), Ps(t), X(t), and Y (t). We then
have that all solutions of model (4.2) are greater than or equal to zero for all ¢ > 0, that

is, the model is well posed.

The steady states (M, P, Ma, Py, M3, P3, X,Y) of model (4.2) can be found as roots
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of the following system of algebraic equations:

aq —
T __ _ M, ) =0,
(1+P2m 1)

T (1 My — i Py) =0,

a9 —
T — — My | =0
(1+P§” 2) ’

T(Bo My — 2 P) = 0,

T2 1) =o,
1+ P

T(B3Ms — y3Ps) = 0,

— —d1 X +b; =0,

7n—d2}7+62=0.

The P; component can then be found by solving the algebraic formula

m
_ «
Pr=api/m |1+ 26263 o
n (1 (56%) )
Hence we can find steady state values for X and Y as
o1 AP, + B _ 1 as
X=— b Y=—|—"—"+0b).
ol da (1 T xn ' 2)

d 1 "
G G )
The steady state values for the remaining variables can then be found as follows:

ooy _ B

79



0 0.1 0.2 0.3 0.4 0 0.1 0.2 0.3 0.4
A A

Figure 4.3: Effect of the coupling parameters A and B on the oscillation-induced peri-
odic switch in the ODE and DDE systems, (4.1) and (4.2), respectively. (a) Oscillatory
behaviour of X in the ODE model (4.1). (b) Behaviour of X in the DDE model (4.2)
with delays only in the Repressilator. Dark blue region: When B is sufficiently small
and A sufficiently large, a periodic switch is observed. Light blue region: When A and B
are small, low amplitude oscillations around the lower steady state branch are observed.
Green region: When both A and B are large enough, we see low amplitude oscillations
around the upper steady state branch. Yellow region: When A is sufficiently small and B
large, birythmicity is observed. Parameter values: 7 = 1 and 75 = 0 ((b) only). 7'= 0.2,
ap=az=a3 =100, 1 =B =B3=5, 11 =72 =73=5,di =do=1,b; = by =0,
ar =2, m=2,n=4.

4.3 Analysis of the Delayed Repressilator Coupled with
Toggle Switch Model

The equation for eigenvalues A of the linearisation near a steady state of system (4.2) has

the form

[(A + TP+ TN +12T) (A +3T) + TGpe_’\TR] [(A +dy) (A +da) + Ue_’\TS] —0,

(4.4)
where Tp = Ty, + Tp, + Ty + Tpy + Ty + Tpy and 79 = 7x + Ty, and
3 pm—1pm—1pm-—1 2 D v n—1yn—1
_ a1a2a3,8£5263m ]il P2 7P3 o= -n ag(A]il +B)X7 Y
L+ P+ PP+ Py (L+ X721+ 77
In the limit 7z = 0, 79 = 0, the characteristic equation reduces to
[(A+TPA+nT)A+72T)A+5T) + T [(A+d)(A+d2) +0] =0,  (4.5)
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For the steady state (P, My, Py, M, P3, M3, X,Y) to be stable we require that the roots
of equation (4.5) have negative real part. We can therefore look at the polynomials in the

square brackets independently. Looking at the second bracket and expanding we have
M 4 (dy 4 d2)X\ + dydy + 0 = 0.

The eigenvalues have negative real part provided that dids + o > 0 and di + dy > 0. The
latter relation is satisfied since dq > 0 and dy > 0.

Now looking at the first square bracket on the left hand side of equation (4.5), we have

the equation

MO+ @A\ 4 @At + as\3 + ag\? + ash + ag = 0, (4.6)

where

ar=T(m+v2+73+3)>0,

dg = T?[n(v2 + 793 +3) + 712(73 +3) + 373 + 3] > 0,

a3 = T3[1(72(y3 +3) + 373 +3) +72(373 +3) + 373 + 1] > 0,
dg = 3T 1 (v2(vs + 1) + s + 1/3) + 72(y3 + 1/3) + (73/3)] > 0,
as = 3T°[v3(v2(n +1/3) + (11/3)) + (m72/3)] > 0,

ag = T%(v17273 + p) > 0.

Then using the Routh-Hurwitz criterion, the remaining non-zero elements of the Routh

array are as follows:

j, _ @02 —aods 5 @104 —Gods 5
1= ——— by=——"——  b3=as,
ay ay

_ biaz —aibs _ bias —aibs
_ & =

c - 7 ) T )
! b1 bl
by — biG .
dl = M; d2 = b37
c1
_ dyég — 1dy
€1 =——=——,
dq
fi = da.

Then by the Routh-Hurwitz criterion, all roots of (4.6) have negative real part provided
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that by, &, di, é1, fi > 0. This leads to the following result.

Lemma 4.1. Let Tp = 75 = 0. The steady state (Py, My, Py, Mo, P3, M3, X,Y) of the

system (4.2) is stable whenever the conditions b1, ¢1, d1, é1, f1 > 0 and dids+o > 0 hold.

As in previous chapters, we assume the conditions of Lemma 4.1 hold for the remainder
of the analysis. The only way the steady state (Pp, My, Py, Ma, P, M3, X,Y) of system
(4.2) can lose stability is if a pair of complex conjugate eigenvalues cross the imaginary

axis.

4.3.1 The Effect of Delays in the Toggle Switch

We wish to investigate whether there exists a critical time delay of 7¢ or 7 that can induce
a Hopf bifurcation resulting in sustained oscillations. Since 7g and 79 appear exclusively
in the first and second square brackets of (4.4), respectively, we can look at each case
independently of one another. First, we look at the case where 7¢ > 0 and 7 = 0, that
is, there are no delays in the Repressilator sub-network.

Substituting A = iv, for real v, into the equation

A+ d) (A +dy) + 0e ™S =0, (4.7)

and separating into real and imaginary parts gives

V2 - d1d2
cos(vrg) = ———,
g (4.8)
di+d
sin(vrg) = (L)Y
g

Squaring and adding together we have

A4 (@ + )+ B — o = 0.

Let z = 12 then we define

h(z) = 2% 4 (d3 4+ d3)z + d3d3 — 0 = 0,
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which can be solved to give the critical frequency as

1
=5 [‘(d% +d3) + \/ (df + d3)? — 4(djd3 — 0?) | . (4.9)

One should note that 1 will only admit positive real values, provided d3d3 < o2, which
implies that, for d2d3 > o2, the roots of (4.7) have negative real parts for all values of the
time delay 7g. Note that

dh(z)
dz

=2z+d?+d3 >0 for any z > 0.

The critical value of the time delay 7g can be found from (4.8), which gives

1 (d1 + d2)vo . .
;= — t B — 5 — 0, 17 27 ceey
TS, 0 {arc an ( Vg ~ddy + g J

where 1q is determined by (4.9). When 75 = 7g, ;, the equation (4.7) has a pair of purely
imaginary roots. In order to verify whether or not the steady state actually loses stability
at Ts,,; one has to compute the sign of dRe(\)/drg|rg=ry ;. Let AM(7s) = p(rs) + iv(rs)
be the root of (4.7) near 75 = g, ; satisfying p(7s,,;) = 0 and v(7s,,;) = 1. Substituting

A = A(7g) into (4.7) and differentiating both sides with respect to g yields

AT @A+ di+d)eMs 1
N o\ A

dtg

From this equation, we can find

oo f [d(®Re) B
&l dr, - el dT
S TS=TSy, ] S TS=TSq,j
ATs
_ {Re 2)\+d1+d2) ] }
oA e
TS=TSy,j
— en { 20y1 cos(v17s,) + ovy (d1 + dg) sin(v175,) }
— 2, )
o 1

Substituting expressions from system (4.8) gives

e { [d(Re)\)} } _wmEAdad3 WD),
TS=TSy,j

drg o2 o2

Hence, the roots of the equation (4.7) cross the imaginary axis at 7¢ = 7g,, and never
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cross back for higher values of 7g. Here, 7g, is the first value of time delay 75 > 0 where

the roots lie on the imaginary axis. Thus, we can state the following result.

Theorem 4.1 Suppose the conditions of Lemma 4.1 hold and that T = 0. If d?d3 > o2,
the steady state (P, My, Py, My, P3, M3, X,Y') of system (4.2) is stable for all values of the
time delay Ts > 0. If d3d3 < o2, this steady state is stable for 0 < 7g < 15, and unstable

for Ts > 15, and undergoes a Hopf bifurcation at 7g = Tg,.

4.3.2 The Effect of Delays in the Repressilator

Next we investigate whether there exists a critical value of the time delay T which can
induce sustained oscillations through a Hopf bifurcation. Here it is assumed that 7¢ = 0

and 7p > 0. Substituting A\ = iw, with real w > 0, into the equation

A+ TN+ 1T\ +7T)(A 4 43T) + TCpe " = 0 (4.10)

and separating into real and imaginary parts gives

Wl — agw? + @yw? — TOy179y3

cos(wTg) = )
T6p
T (4.11)
. a1w’ — azw” + asw
sin(w7g) =
T6p
Squaring and adding together we have
12 6

w'? (a2 — 2a0)w'® + (2(G4 — @ra3) + a3)w® + (2(a1ds — aodg — Y17273T°) + @2)w

+ (2(G2m17273T° — asds) + aj)w” + (a3 — 24772737 )w” + T (789373 — p?) = 0.

Let z = w? then we have

g(z) = 2% + (a3 — 2a9)2° + (2(ay4 — aras) + a3)zt + (2(aras — oy — y172737T°) + @3) 2>
+ (2(G2717273T° — asds) + a3)2> + (@2 — 2a4717273T°)z
+ T2 ({373 — p?) = 0.

(4.12)
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Without loss of generality, suppose that this equation has 6 positive real roots, denoted
by 21, 22, 23, 24, 25, 26 respectively, which would give 6 possible values of w: w; = /21,
wo = /22, w3 = /23, wy = /24, w5 = /25, and wg = /z6. With some algebraic
manipulation we obtain

1 C~L1w2 — dng + d5wk
TRy; = —— arctan Y E— 5
T wg wp — Gowy, + agwi — T%y17273

) +j7r] . j=0,1,2,..., k=1,2,..,6.

Define

TRy = 1?]}26{7—&“0}’ wo = Wk, ko € {1, 2,3,4,5,6}.

TR, is the first value of the time delay 7z > 0 where (4.10) has purely imaginary roots.

We can state the following result.

Theorem 4.2 Let 7 = 0. Suppose the conditions of Lemma 4.1 hold and ¢'(z9) > 0,
where g(2) is defined in (4.12). Then the steady state (My, Py, M, Py, M3, P3, X,Y) of
system (4.2) is stable for 0 < Tr < TR, and unstable for Tr > TR, and undergoes a Hopf

bifurcation at T = TR, .-

Proof. The conclusion of Lemma 4.1 ensures the steady state (M1, P, My, Py, M3, P3, X,Y)
of system (4.2) is stable at T = 79 = 0 and guarantees that the roots of (4.7) have negative
real part when 7¢ = 0. Now to prove that the steady state (M, P, My, Py, M3, P3, X,Y)
loses stability at the critical time delay 7g,, let A(Tr) = u(7r) + iw(7r) be the root of
(4.10) near T = Tg, satisfying p(7r,) = 0 and w(7gr,) = wp. Substituting A = A(7r) into

(4.10) and differentiating with respect to 7 yields

T6p\ A

(dA) 1 (BX% 4 Ba At + 4@\ + 3ag\? + 2au\ + a5’ TR
dTgr N
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From this we find

!
dTgr
TR=TR,

. {Re [(6)\5 FBaIAY + 4ao)3 + 3a3\2 + 204 + d5)e)‘TR] }
TR:’TRO

sgn < Re

TSp

- T6p[(6w8 — 4&2&)8 + 2a4wp) cos(woTr, ) + (5&1w§ — 3d3w§ + as) sin(woTr, )]
=5& T2 20 :

Then substituting expressions from (4.11) it follows that

dx\ ! g'(wd)
()], ey

’TR:TRO

sgn < Re

Hence, the eigenvalues of the characteristic equation cross the imaginary axis at 7g = 7g,,
thus the steady state (Mi, Py, My, P, M3, P3, X,Y) of system (4.2) does lose stability at
TR = TRy- 0

Using the results of Theorem 4.1 and Theorem 4.2 we obtain the following result for

the case where 7 > 0 and 75 > 0.

Theorem 4.3. Suppose the conditions of Lemma 4.1 hold and 0 > d3d3 and g'(z) > 0,
where g(z) is defined in (4.12). Then the steady state (My, Py, My, Py, M3, P3, X,Y) of
system (4.2) is stable for 0 < 17¢ < 75, and 0 < 7r < TR,, and unstable for 7s > 15, or

TR > TR,, and undergoes a Hopf bifurcation at T = Ts, or TR = TR,

4.4 Oscillatory Behaviour of the DDE System

In previous chapters, time delays have been shown to have a significant impact on the
dynamical behaviour of GRNs when modelled using DDEs. However in past research the
effect of time delays on steady state stability has been investigated, here we wish to study
the effect of time delays on the oscillatory behaviour of a protein from the Toggle switch
sub-network in (4.2) with regards to switching and birythmicity. For the purpose of making
a comparative analysis between the ODE and DDE models, we adopt the methodology
in [139] to display our findings.

We now investigate the effects of time delays in the DDE model (4.2) on the parameter-
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(a) (b)

0 0.5 1 15 0 0.1 0.2 0.3 0.4
A A

Figure 4.4: Effect of the coupling parameters A and B on the oscillation-induced periodic
switch in the DDE system (4.2) with delays only in the Toggle switch. (b) is a magnifi-
cation of (a). Dark blue: When B is sufficiently small and A sufficiently large, a periodic
switch is observed. Light blue: When A and B are small, low amplitude oscillations
around the lower steady state branch are observed. Green: When both A and B are large
enough, we see low amplitude oscillations around the upper steady state branch. Yellow:
When A is sufficiently small and B large, birythmicity is observed. Orange: For small B
there is a range of possible choices of A where, depending on initial conditions, low am-
plitude oscillations around the upper steady state branch or periodic switch is observed.
Pink: For small B if A is sufficiently small and within a certain range, depending on initial
conditions, low amplitude oscillations around the lower steady state branch or periodic
switch is observed. Parameter values: 7 = 0, 79 = 40, T = 0.2, a1 = a9 = ag = 100,
Bir=Br=P3=5,11=r12=73=5di=d=1,b=b=0,a=2m=2,n=4

dependent periodic switch and general system behaviour. Firstly it should be noted that
with regards to stability of steady states, the individual time delays were not important.
What’s important, is the combined time delay of the Toggle switch and likewise the com-
bined time delay of the Repressilator, i.e. the sum of the individual time delays present
in each respective sub-network. This is also the case with regards to the effect of time
delays on the system behaviour after oscillations are induced. Therefore, we denote the
combined time delay in the Repressilator as Tr = Tin, + Tp, + Tmg + Tpy + Ty + Tpy, and
the combined delay in the Toggle switch as 75 = Tx + Ty

In Figure 4.3(b) the combined time delay in the Repressilator is increased to 7p = 1,
whilst the time delay in the Toggle switch is kept as 7¢ = 0. The presence of delays in
the Repressilator simply makes the upright boundary line shift slightly to the left, whilst
the point of intersection of this line and the vertical axis remains at B = 6.8. It therefore
requires a smaller coupling amplitude to induce birythmicity. Overall, the time delays

from the Repressilator have little effect on the oscillatory dynamics of X in the Toggle
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Figure 4.5: Oscillatory behaviour in the DDE model (4.2). (a) Bifurcation diagram of
variable X as a function of parameter a;. The blue curve shows that this variable switches
between the lower and upper steady states, with different dynamics than seen in the
ODE model (4.1). (b) Time evolutions of X and Y. (c) When amplitude of coupling
is insufficient, a periodic switch cannot be induced and variable X oscillates around the
lower steady state. (d) Corresponding time evolution of X and Y. (e) When amplitude of
coupling is high, oscillations around the upper steady state can occur. (f) Corresponding
time evolution of X and Y. (g) When amplitude of coupling is very low, oscillations
of the Repressilator can induce birythmicity. (h) Corresponding evolutions of X and Y.
Parameter values: 7p = 0, 79 =40, T = 0.2, vy = a9 = ag3 = 100, 51 = [o = (3 = 5,
Y1=v=7v3=05,di=do=1,b; =by =0, ap =2, m =2, n=4. Coupling parameters:
A =03, B=05((a) and (b)), A = 0.05, B = 0.5 ((c) and (d)), A = 0.3, B =25
((e) and (f)), A = 0.05, B = 2.5 ((g) and (h)). For the latter case, initial conditions are
X (0) = 0.1 and Y(0) = 10 (denoted by CI1), leading to the lower limit cycle or X (0) = 10
and Y (0) = 0.1 (denoted by CI2), leading to the upper limit cycle.
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Figure 4.6: New Oscillatory behaviour found in the DDE model (4.2). (a) For sufficiently
large amplitude of coupling, it is possible to induce a phenomenon where, depending on
initial conditions, variable X can undergo small-amplitude oscillations around the upper
steady state or undergo a periodic switch. (b) Time evolution of corresponding X and Y.
(c) For a sufficiently small amplitude of coupling, a type of behaviour is possible where,
depending on initial conditions, variable X can undergo a periodic switch or undergo small-
amplitude oscillations around the lower steady state. (d) Corresponding time evolution
of X and Y. Parameter values: 7p = 0, 7¢ = 40, T = 0.2, a1 = as = ag = 100,
fr=Pe=PB3=5,1=rn=73=5d =d=1,b=bp=0,a0=2,m=2,n=4
Coupling parameters: A = 0.3, B = 1.25 ((a) and (b)), A = 0.12, B =1 ((c) and (d)).
Initial conditions are X (0) = 0.1 and Y (0) = 10 (denoted by CI1), or X(0) = 10 and
Y (0) = 0.1 (denoted by CI2).

switch. With this in mind we now ignore the presence of time delays in the Repressilator
and investigate the effects of time delays in the Toggle switch.

The types of oscillatory behaviour that can occur as a result of delays in the Toggle
switch is summarized in Figure 4.4. The same four behaviours of periodic switching, lower
oscillations, upper oscillations, and birythmicity are still present in the DDE system as
appeared in the ODE model. Interestingly, the inclusion of these time delays in the Toggle

switch has given rise to new behaviours as well, unseen in the ODE model. The dynamics
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of X remain the same for choices of A and B which lie in the light blue region (lower
oscillations), green region (upper oscillations), and yellow region (birythmicity). However,
in the dark blue region a periodic switch is still induced in X although the dynamical
behaviour is drastically different, shown in Figure 4.5(a) and (b). The solution for X
begins to oscillate around the upper steady state branch but as a; becomes very small X
switches for a short time to the lower branch before switching back to the upper branch.
More importantly, the new behaviour that occurs due to the inclusion of time delays in
the Toggle switch is seen in the orange and pink regions of Figure 4.4. When the coupling
parameter B is small and amplitude of coupling A is sufficiently large such that it lies in
the orange region, a phenomenon is induced whereby, depending on the initial conditions,
X will either oscillate around the upper steady state branch or undergo a periodic switch.
These dynamics are depicted in Figure 4.6(a) and (b). Similarly, another new type of
behaviour is observed in the pink region of Figure 4.4 where, depending on the initial
conditions, X will either oscillate around the lower steady state branch or undergo a
periodic switch. These dynamics are illustrated in Figure 4.6(c) and (d).

The bifurcation and solution diagrams shown here reveal new types of behaviour that
could not be possible in the network described by the ODE model (4.1). If we look at the
periodic switch observed in Figure 4.2(a) and (b) we see that in the model without delays
the solution of X stays near the lower steady state branch for a long time before passing
the second saddle node, where it then goes to the upper branch. X only stays along the
upper branch for a short time before switching to the lower branch again. Conversely, if
we look at the periodic switch observed in the DDE model, in Figure 4.5(a) and (b), we
see that X does not move far along the lower steady state branch. The dynamics also
contrast in that more time is spent along the upper branch, shown in Figure 4.5(b), than
in the ODE model.

We see that the time delays associated with the two parts of the network, namely, the
Repressilator and Toggle switch need to be treated separately. Compared to the behaviours
seen in Figure 4.3(a), the plot in Figure 4.3(b) reveals very little change. Overall, the
inclusion of delays in the Repressilator doesn’t produce a dramatic difference in dynamics
of X.

The final comparison that can be made between the results of the DDE model and

those found by Gonze [139] is the appearance of two new oscillatory dynamics. Figure 4.4
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gives rise to parameter regions where X is capable of undergoing a periodic switch and
either upper or lower oscillations depending on initial conditions. The new behaviours
that appear as a result of the delays in the Toggle switch are not limited to this, other
forms of spiking dynamics in the oscillations of X can also be observed (not shown here).
It is evident that in modelling systems where non-negligible time delays exist, such as in
GRNs, careful consideration of these delays can help unravel new information that may

have otherwise been lost.

4.5 Discussion

In this chapter we have discussed a mathematical model for the analysis of a GRN com-
prised of the Repressilator [74] coupled with the Toggle switch [80] where one protein in
the Toggle switch is under the control of one protein in the Repressilator in a master /slave
setup. We have focussed on the role of transcriptional and translational time delays on
the dynamics of the coupled GRN. Our analysis extends an ealier result of Gonze [139]
by introducing time delays into the system, where we were able to find new dynamical
behaviours that were not possible in the absence of the time delays. Numerical simulations
have allowed us to observe these new behaviours and make direct comparisons with the
earlier results.

The results in this chapter show that although it may be difficult to control values of
coupling parameters in practice, other parameters in the oscillator itself could be altered
to produce the desired amplitude of oscillations. Likewise, time delays would also be
difficult to alter however understanding the potential effects that time delays can have on
the system dynamics could indeed help to provide greater control over parameter tuning

in an artificial and experimental environment.
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Chapter 5

Discussion and Future Work

5.1 Summary and Conclusions

Research into mathematical models of genetic regulatory networks has provided great
insight into the behaviour and development of key life processes in an organism, in a
quantitative as well as qualitative way. Correct mathematical representation of real bio-
logical systems is vital to achieve a more complete picture of the mechanisms at work in
the biological environment. Inclusion of time delays into these models can help unravel
the causes of certain phenomena such as Hopf bifurcations and help understand their
biological implications.

This thesis examined the effects of time delays in systems describing the dynamics of
genetic regulatory networks. In a real biological setting, these delays are associated with
the transcription and translation processes during gene expression and, due to the relative
time scales of the intrinsic processes, are non-negligible and therefore need to be properly
accounted for. We have considered three different GRN network motifs, each with its own
forms of regulation between genes. Delay differential equations have been used to describe
each model and comparisons have been made with the equivalent ODE description.

The first model focused on the role of transcriptional and translational time delays in
an activation-inhibition GRN, and discussed the relevance of behaviour in such models to
the onset and development of certain types of cancer. The analysis provided analytical ex-
pressions of steady states and showed conditions for the occurrence of periodic oscillations

due to the time delays. The results from numerical simulations illustrated the presence
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of new oscillatory behaviour in the simplified delayed model, with fast mRNA dynamics,
which could not be seen in the existing ODE model in the literature. It also showed the
relationships between various system parameters and the time delays, and their effect on
steady state stability.

The second model focused on the role of transcriptional and translational time delays
in a three-gene network where each gene inhibits the expression of the next gene in the
cycle, whilst promoting the expression of itself. It was shown that although the literature
suggests that oscillations cannot exist in a Repressilator model with a small Hill coefficient,
the inclusion of auto-activation and asymmetry could in fact give rise to oscillations. The
results of the analysis showed that only one of the steady states has the potential to lose
stability through parameter variations, and that the presence of multiple delays can lead
to periodic switching of stability for this steady state. The switching between stability
of the other steady states was representative of cell fate decisions in the immune system,
which showed the importance of parameter tuning on the long term system behaviour.

The third model focused on the effect of transcriptional and translational time delays
on the Repressilator model coupled with a Toggle switch. This was done by making a
comparative analysis between the DDE model and an ODE model from earlier literature.
Steady state stability analysis was performed to provide analytical conditions for the
occurrence of oscillations due to time delays, and numerical simulations were used to
study the effect of the delays on the different types of oscillations that can be exhibited
by one of the system proteins. The results suggest that with regards to both stability and
behaviour of oscillations, it is the combined delays of each respective sub-network that has
an impact on the system dynamics, rather than the individual delays. It was found that
the delays in the Repressilator have little effect on the dynamics of the observed protein in
the Toggle switch, however the delays in the Toggle switch lead to new types of oscillatory
behaviour, which were impossible in the ODE system. These results stress the importance
of transcriptional and translational time delays in not only steady state stability, but also
the system behaviour once oscillations have been induced.

The outcomes of this thesis stress the significance of time delays within GRNs. With-
out careful consideration of delays, it may be likely that one could miss vital information
surrounding the genetic model; whether it be oscillations induced by delay dependent

Hopf bifurcations, or rich dynamical patterns which exist only in a delayed model setting.
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Indeed direct mathematical analysis of such systems can become troublesome and in some
cases impossible using known mathematical methods, especially for larger systems. How-
ever, advances in computational power and computational methods may lead to greater

possibilities and permit further understanding of delayed genetic systems.

5.2 Future Research

The work presented in the thesis can be extended in several interesting and important
research directions. One possibility would be to account for the fact that in most experi-
ments the transcriptional and translational time delay are not fixed but rather obey some
form of a delay distribution. Recent work on the effects of delay distribution on system
dynamics [143-145] has shown that, even for the same mean delay, details of the distri-
bution can also play an important role. He and Cao [59] have used Lyapunov functional
approach to derive conditions for global stability of equilibria in some types of GRNs with
distributed delays, and it would be insightful to investigate the possibility of extending
this methodology to other types of GRNs and various types of delay kernels. Alternatively,
one could use the framework of a master stability function for systems with distributed
delays [146] to study possible synchronization dynamics in GRNs with a large number of
proteins involved.

Since GRNs are known to be made up of multiple feedback networks, further inves-
tigation into other network motifs of coupled switches and oscillators could be explored.
Gonze [139] looked at another type of connection between the Toggle switch and Repres-
silator where, instead, a protein in the Repressilator is under the control of a protein in
the Toggle switch. It is then shown that an external signal acting on the Toggle switch
can induce oscillations in the Repressilator or in fact stop the existing oscillations. It
would most certainly be worth incorporating time delays into systems such as these which
include external signals, as these signals are known to play an important role in GRNs in
the immune system, such as T cell development. Other forms of coupling within delayed
systems of the Repressilator and Toggle switch could also be studied, such as bidirectional
coupling [142].

As it has already been mentioned, in some cases gene expression behaviour is charac-

terised by a switch-like behaviour that can be better modelled using piecewise-linear rather
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than continuous transcription functions [38,41]. Whilst some preliminary work has been
done recently on the analysis of piecewise-linear systems with discrete time delays, pri-
marily in engineering applications [147-149], the dynamics of GRNs with piecewise-linear
transcription functions and transcriptional /translational delays have remained completely
unexplored. Further inclusion of distributed delays would make such models mathemati-

cally very challenging, but it could provide a new level of understanding of GRN dynamics.
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