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Model reduction is a hot topic istudies ofbiologicalsystemsByreducing the complexity of detailed
models through finding important elements, developing mulével models and keeping the soul
(biological meaning) of the modehodel reduction can helanswermany importantquestionsraised

about these systems

This thesis addressed several issues related to comgpletens, complexity, biological systems
complexityand the different reduction methods used to simplify biological moddisgives a brief
review of the biological backgroundf the regulation ofthe cell cycle and proposawo reduction
methods to simfify the correspondingomplex ODE mathematical modele frst methodis based
on ahierarclical representation and lumping approachnd theSecond method usaatime windows

for identifying active and inactive periods ofgstemand logical models.

For the purpose of the current studiiological network model reduction is defined as any method
designed to reproduce the original modktough aset ofsmaller models thatollectivelyproduce the
same behaviour athe original model It does this, byreducing oneor more dimensiors of the
biological network mod&€) &omplexity(i.e.,redudng the number of species, number of reactions or

model run time).

Inthe first reduction method based on hierardbalrepresentation and lumping approachwe used
G1/S checkpoint pathway as a case study to pregeateduction method Thisconsisted of two parts;
the first part reorgarsed the biological network as a hierarchy (levels) based on the protein binding

relations and thisallowedusto model e biological networkvith different levels of abstraction. The



second part applied different levels (level 1, 2, 3) of lumping the species together depending on the

level of the hierarchy

We proposeandsimulate the reduced modsifor levell, level2 and level3 of lumpingfor the G1/S
checkpoint pathway and evaluatie biological plausibility of the proposed method by comparing the
results with the origina{ODE)model of lwamoto et al. (2011)The results of the G1/S checkpoint
pathway with or wihout DNAdamage for reduced modets levell, level2 and level3 of lumping

have agreed andhre consistent with the original model results andth biological experiments
Iwamoto et al. (2011)Therefore, the reduced model (levé) can be used to evaltexithe effects of

DNA damage on G1 progression. It is suggested that the proposed method is suitable to reduce
complex biological networks. Moreover, the reduced model is more efficient to run and generate

solutions than theoriginalODE model.

In secondeduction method we usetime windowsand logical modelsTime windows were used to
identify regions of slow activity such as gene expression, fast activity such as protein signalling and no
activity. In general, most knowledge about regulatory and siigmgnetworks is od qualitative nature,

which allows these networks to be represented by logical models, where the state of a meliscul
either O (inactive) or 1(active). Thesesimplermodels have many advantagesuch as ; they doot

require kinetic parametersand areable to capture the essential behaviour of a netwonkwever,

they are not able to reproduce detailed time courdes the concentration levels of moleces

Nowadays however, experiments yield more and more gquantitative daia,many quantitative
models have been built and most of these models are very complex. An obvious quéistéafore,
is how to reduce complex quantitative modststheycan be used to explain and predict the outcome

of these experiments.

Here we presenta way of reducing complex quantitative models into logiBaloleanmodels, where

the use of timewindowsallowsa reductionin time complexity and logical representatiatiowsto do

so withoutkinetic parameters ithe model The method is standasid and can readily be applied to
complex quantitative models. Moreover, we discuss and gerseralisting theoretical results on the
relations betweenthe Boolean and continuous models. As a case study, a continuous ODE model is
reduced into a logical modelescribing the G1/S checkpoint with and without DNA damage. We
discuss how this model can explain and predict the G1/S checkpoint behaviour with DNA damage,
including oscillatioafor some molecules antthe cell fate. This shows the reduced modsstill useful

for obtaining biological insights anid easier to run and analyse.

This new method greatly helps to simplify complex quantitative models into simpiedels andcan

facilitate the interactios betweenthe modelling andhe experiments. Moreove it helps researchers



andthosewho build modelgo focus on understanding and representing system behaviour rather than

on determiring thevaluesfor the kinetic parameters.

While the analysis presented was in terms of biological networks, it shouldteel that the specific
example used was chosen to explain our two reduction methbldsvever, thetwo methods used

could be more generally applied to the reduction of OE®diological systems andeven more
generally, to most complex systeni&elaxing thetsuggle withthe complexity of mathematical models

is possible and the proposed reduction methods have the potential to make an impact across many

fields of biomedical research.

Keywords:Biologicakystemspiologicalnetworks, complexitymodel reduction, hierarchgf protein
complex formation (abstraction), Ordinary Differential Equations (ODE®, windows, Boolean
model, G1/Sheckpoint, DNAlamage.
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Chapter 1

Introduction

Our worldis full of complex systemand they arearound us # the time. Thispredictionagrees with

the fampus wordsof{ G SLIKSYy | I 61 Ay 3T daL GKAY| GcoPlexiySEGSOSY
said thson Januaryh 0 X Hnann O6{Fy WwW2aS aSNOddz2NE bSsaviy K
understandand control complex systems we need tdevelop and use new reduction methods.
Reduction methods areisedto minimise the level of commxity through different ways Rrst, to
reduceacomplex system to simple matlematical model and, secondy, toreduce the matlematical

model intoan evensimpler matkematical model that achiewethegoalof finding asolution faster and

more eadly andat alower cost.

Romeo and Juliet is a playitten in 200 pagesto know the details we need to read thvehole book

odzi AT @&2dz ySSR G2 1y26 GKS YIAYy ARSI @&2dz Oly
is a tragedy written by William Skespeare. Romeo and Juliet is a play about&tassed teenage

lovers from two prominent families at warith one another¢ | y &  Derepiedenedin different

levels of detail to simplify it. The same idea can beiadgb biological networks. W@ropose two

reduction approaches to represent biological networkth different levels of detail (abstractionyhe

first approachis based ona hierarchical representation and lumping approackand the gcond

approachis through theuseof time windows and logical models.

In Section 1.1 of this chaptegeneral introduction,ri Section 12, we provied anoverview of the
context of the thesis, igection 13, we discuss the goals and objectives of this thesisl,in Section

1.4, we show the thesis strugre.

1.1 General Introduction

Biological systemare very complex and consist a large number of components that interact with each
other in the cell. Mathematical models are used to describe biological phenomena. All these models
aim to understand the biology behind different diseases or effects of differelhilar perturations or
stresses.Most of the models that have been built to understand regulatory networks were ODE
mathematical models and most diese models were complex and needed kinetic information for
molecules and that was not easily gather&implifying the complex ODE mathematical models can
lead to better understanding and control of these systemaathematical modelling of biological
research is necessary and useful. Researchers use it to analyse cellular networks or to invent strategies

for controlling cellular dynamics which might be considered the cornerstone of development of
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therapeutic medical applications. A mathematical modelbasically a systematic analysis of a
biological system that empowers quantitative predicting. Many sclkdlsuich as: Endy & Brent, 2001;
Hasty et al., 2001; Rao & Arkin, 2001; Kitano, 2002; Neves & lyengar, 2002; Weston & Hood, 2004; You,
2004; Alves et al., 2006; Kholodenko, 2006; Ideker et al., 2006) have studied the combination of
computing power and deveped numerical methods to conduct the analysis of complex cellular

networks dynamics and model simulation.

Mathematical models simulating biological systems that are used include: ordinary differential
equations (ODEs), delay differential equations (DDgzs}jal differential equations (PDESs), agent
based models (ABMs), and stochastic differential equations (SDESs). Ordinary differential equations are
the most common type of equations used for biological networks modelingnitagt, of these models

have hidgn dimensional complexity (contain large numbers of species and reactions) and nonlinear
behaviour. For this reason, many methods for model reduction are needed to simplify complex models.

The behaviour of the reduced model should be like the behaviourebtiginal model.

There are several techniques of model reduction in use with biochemical reaction network models to
reduce their complexity. Quasteady state approximation (QSSA) is the most famous approach of
model reduction used with biochemical kiies (Bodenstein, 1913). This idea was later used to
produce the classical Michaelis Menten formula (Michaelis and Menten, 1913). More development
and improvement were achieved on this method to be the basic tool to analyse the behaviour of
chemical reactin mechanisms and kinetics (Semenoff, 1939; Christiansen, 1953; Helfferich, 1989;
Segel and Slemrod, 1989). Another approach to model reduction is the geometric singular perturbation
method (GSPM). This is useful when the models have slow and fast variéhie approach works
based on the assumption that when the model contains fast and slow variables, and the slow variables
control the fast variables, so we can remove the fast variables from the model (Tikhonov, 1952;

Fenichel, 1979; Jones, 1995).

Another common approach of model reduction is quegililibrium approximation (QEA) or the rapid
equilibrium approximation (REA). The first appearance of this idea was in 1973 by Vasiliev and his
colleagues (Vasiliev et al., 1973). Later, many studiesdadvurther explanation and clarification of

the approach as an approach for model reduction (Volpert and Khudyaev, 1985; Schnell and Maini,
2002; Lee and Othmer, 2010; Noel et al., 20A2pther trend in the reduction is applied to chemical
reaction mocekls based on the concept of a limiting step. Many researchers studied and extended the
idea of limiting step (see Johnston, 1966; Boyd, 1978; Murdoch, 1981). Recently, a general theory of
static and dynamic limitations for linear mudicale networks waseaveloped by Gorban and other

researchers (Gorban and Radulescu, 2008; Gorban et al., 2010).



The lumping technique was studied by Wei and Kuo (1969). Many researchers have developed and
applied the lumping technique in many chemical reaction problems; segu@n (1984); Li and Rabitz

(1989); Li and Rabitz (1990); Li and Rabitz (1991); Li et al. (1994); Dokoumetzidis and Aarons (2009).

Another reduction method was proposed by Radulescu and his colleagues (2012). They suggested
some essential ideas such agmnance and limitation, for greater understanding of dynamical and
computational biological systems (Radulescu et al., 2012). The methods of averaging approximation
and invariant manifolds proved their effectiveness in reducing the asymptotic dynamibemiaal
reaction networks with clear timacale separation. Many studies have provided further explanation

on how to calculate invariant manifolds. According to Gorban and Karlin (2005), the slow mode
dynamics are carried by invariant manifold that reséitsn the relaxation of fast variables. For more

information see Roussel and Fraser (1991); Gorban and Karlin (2003); Krauskopf et al. (2005).

Several other methods have also been used for reducing chemical reactions networks. For instance,
Noel and his a@lleagues (2012) reduced and hybridised networks of biochemical reactions using the
LitvinovMaslov correspondence principle. They applied this method on a cell cycle oscillator model.
Lam and Goussis (1994) implemented a singular computational pertunbdfiaas and Pope (1992;

1994) used an intrinsic low dimensional manifold to exploit the interval between timescales of models'
various processes and variables. Rao and other researchers proposed a Kron reduction of the weighted
Laplacian matrix. The methads based on a variety of reversible and irreversible enzyme kinetic rate
laws (Rao et al., 2014). Radulescu and his colleagues (2015) reduced the model based on tropical
geometry and analysis that combines graphical approaches;gaanititative reasoningnd symbolic
manipulation. Further studies of model reduction with examples of application from systems biology
can be found in Petzold and Zhu (1999); Gorban et al., (2004); Nagy and Turanyi (2009); Gay et al.
(2010); Anderson et al. (2011); Karadeniakt(2012); Kutumova et al. (2013); Ishizaki et al. (2014);
Kooshkbaghi et al. (2014); West et al. (2015); and Sun and Medvedovic (2016).

1.2 Overview

This thesis addresses several subjects relatedomplex systersy complexity, biological systems
complexity,and differnt reduction methodsused to simplify biological models and propsdeo
reduction methods. All thesaspectsaredescribedn this thesis. The subjects studied in this thesis can

be summaised as follows

First, we review some issuemnd facts about complex systems, model reductioomplexity of
biological networksand thenreduction methodghat areused to reduce the mathematical models of
biological systems. In this review we show that biological systengeneral are complexand, soto

better understand biological systesysciertists haveused matfematical models, but the residfrom
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thesemathematical modeldor biological systems shows thtétese modelsare complex . Taddress
this challenge, newmodel reduction technique are required. In this chapter we look into the
modelling process in general. We also discuss different methods for model reduction (batesl on

approach, advantages, disadvantages axamples).

Secondy, any researchefrom the computer science fieldvho has little or no knowledgabout

biology, speciftally, the cell and regulation of cell cy¢lean build a good biological background from
thisthesis (@apter 3), which gives a brief review tfe biological backgroundncluding that of a cell:
generdreview, cell cycle, regulation of cell cycle, (DNA damage and cancer) and the details of the G1/S

checkpoint and models.

Thirdy, we proposed a new method based ahierarchcal representation and lumping approach to
reduce proteinprotein interaction(PPI1) networks. This new method can be appled to reduce complex
systems. We used the G1/S checkpoint pathway integrated with DNA damage pathways as a case study

to evaluate the efficiency of this method.

Fourthy, we validated the reduced model output withe base modelfirstly, by compaing model
elementbehaviourand secondy, by comparing results and the Root Mean Squared Error (RMSE) and
the Root Mean Squared Percentage Error (RMSPE) to be suitbetreduced model isiccurateand
applicablefor answering a specific set of questions. Furthermore, we show roamputational view

that the reduced model is more efficiein running the system and generatg solutions than the
Ordinary Differential Equations (ODBs)se model. From biological viev, we show the advantages

of the new reduction method and how these advantagashelp treat diseases, especially cancer.

Fifthly, we offered another method to aid imodel reduction andapplied it tothe behaviour of the
G1/S checkpoint with and without DNdFamage In particular, we focused on simplifying the time
dimension by dividing the G1/S checkpopdthway into time windows (active timewindows and
steady or frozen timaindowswhere there is b activity in the system Then, the active timeindows

are represented by logical modetsaid inmodelreduction.

Finally, weprovide conclusions and outcomesom this research andliscussdirectionsfor future
work. The main conclusion tisat easingthe struggle withthe complexity of mathematical models is

possiblethrough effective model reduction as proposed in this thesis

1.3 Goals and Objectives

Our world is complex. Social, biological, economic, weather, communication and information systems
all mmprise a large number of interactingntities that give rise to complexbehaviour Complexity

research isa novel research field devoted to dead with issues such as understanding the ot
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complex phenomenology observable in our world, measucmgplexity, modéding complex system

and model reduction methods.

Over thelast two decades, research lioinformaticsmovedfrom the analysis of genomic sequence
to the study and analysis of intracellular sitimg networks (proteirprotein interactios, transport,
expression of proteins and RNA, etc.)isThuge data explosion in biology increased the size and
complexity of mathematical models of intracellular silling networks. Furthermore, the uncertainty
in model structure andespecially model parametershas becomea further complicating factor. To
meet these two challenges of complexity and uncertaiatystractingreduced or simple models from
complex models is a central area of investigation within syststudies, including biology and

medidne.

As we mentionegbreviously the real world contains a huge number of complex systems, one of these
systems is biological networks. A common example of complex biological networks is the protein
interaction networks in cells. Better understanding obf&in interactions is useful fahe treatment

of diseases such as cancer.

Several computational models have been proposed to help us understand protein interaction
networks, but these models havéhe aforementionedimitations. An effectivereduced networkin
contrast has fewer complexes, reactions, variables and parameters comparelltgoriginal)
networks, and yet the behaviar of a preselected set of significagtemens in the reduced network
resembles that of the original network. Meover, the reduced network largely retains the structure

and kinetics of the original model.

Mathematical modelling of biological research is necessary and useful. Researchers use it to analyse
cellular networks or to invent strategies for controllinglaklr dynamics which might be considered

the cornerstone of development of therapeutic medical applications. A mathematical model is,
basically a systematic analysis of a biological system that empowers quantitative predicting. Many
scholars (such as: End@yBrent, 2001; Hasty et al., 2001; Rao & Arkin, 2001; Kitano, 2002; Neves &
lyengar, 2002; Weston & Hood, 2004; You, 2004; Alves et al., 2006; Kholodenko, 2006; Ideker et al.,
2006) have studied the combination of computing power and developed numerietiioats to

conduct the analysis of complex cellular networks dynamics and model simulation.

Dynamical models of biochemical reaction networks are composed of a reaction graph (structure) and
equations (dynamics)The eaction graph contas nodes represenhg the species and vertices
representingthe reactions where reaction vertices are laltked with kinetic parameters. Most

dynamical models of biochemical reaction networks use Ordinary Differential Equations (ODES).



Model reduction is a key concept foraakelling a biological process at different levels of abstraction or

for developing multiscale models in systems biology. Most model reduction approaches work as
follows: identify critical parts (components or interactions) in the model, identify nonckipests
(components or interactions) in the model, describe critical paith precisionin the reduced model,

while noncritical parts can be simplified. There exist several classical approaches for model reduction
(Computational Singular Perturbation @sSIntrinsic Low Dimensional Manifold (ILDM), Lumping and
Graphical Reduction Methods, Symmetry Reduction Methods and Tropical Analysis Reduction
Methods). In recent years, many reduction methods have been investd@iarke, 1992; Maas &

Pope, 1992; lra & Goussis, 1994; Maas & Pope, 1994; Clarke et al., 1996; Gorban & Karlin, 2005; Feret
et al., 2009; Gorban et al., 2010; Noel et al., 2011; Radulescu et al., 2012; Rao et al., 2013; Sonday et
al., 2013; Rao et al., 2014; Radulescu et al., 2015).

Simplifyng dynamic models for large and complex biological networks by incorporating the proposed
reduced techniques will help us building a comprehesive biological network and gaining a greater
understanding of the emerging properties of cellular activities r&laee many reduction methods but

a fully formal method that exploited the hierarchical oreders for large volumes of biological network
models are missingKnown reduction methods often face difficulties when applied to complex
systems. These difficultiemn be summarized as follew

1. The reduced mathematical model is still either too large or too complex to be useful.

2. The reduced mathematical model still requires a paramébet depends on theoriginal
model.

3. Thesimpler model canot answer allthe questbns that the originamodelcan.
4. The reduced mathematical model gaot describethe complex behaviour.

5. Some reduction methodsaveextra computional costto find new parameter valugto run
the reduced model.

6. The reduced modalose nothaveenoughaccurg to be useful and realiable.
7. Most reduction methods doot provide multi-level of abstraction (zoom in, zoom out).

8. Most reduction method$iave beerapplied on small networks contangtwo or three nodes
with alimited number of interactions.

All these indictate the need for developing reduction methods for mathematical mosléhat are
applicable tdarge networks of biochemical interactions.

This research aim® provide an ovewview of complex systems, modeilg and model reduction. The
research touchs on several topics of traditional and current research in complexity science. The
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reader will learn concepts of complexity and deal with real exangsésey will learn how to measure
and charactege complex features in natural systems. These notionsirameasingly in demand to
approach complex problems in many different fieldssafdy, including economics, biology, social

science, chemistry and climatology.

Further, his researchvill suggest new reduction approagsto achieve general and specifical®. The
general gohis tosuggest two reduction approaches that can be used to allow for better mathematical
models of complex system#he specific gods touse the suggested reduction approaches to simplify
mathematicalmodels ofbiological networks and simulai@reduced model thamakes it easier to
achieveresults and analyse the resulteind analyseall possiblescenarios while providingbetter
understandingof biological networks thatan help find better treatments for disea®s, especially
cancer. Furthermore, it allows the combination of separanel existing mathematical models int

comprehensive master model (for example, the cell cycle and apogteisieath).

This thesis proposes two reduction methods. Rirsareduction methodis proposedio produce a
model of biological netwokthat simpliies cell signallingathwaysinto differint level of abstraction
(zoom in, zoom outandsimulate it using the G1/S checkpoint pathway integrated with DNA damage
as a case stly. It then, validates the new reduction method by compay several numerically
simulated time course histories for the levels of individual biochemical speciegheithase model
output. Furthermore, we validate the new reduction methby finding the Root Mean Squared Error
(RMSE) and the Root Mean Squared Percentage Error (RMSPE) to thextstive reduced model is
useful forthe intended purpose of the pathwaysand is applicable to answering a specific set of
guestions.Secontly, anober reduction methodis proposedto find a reduced model usingime
windowsand a logical modelpproach and demonstrate its application to G1/S checkpoint pathway

integrated with DNA damage pathwaygherefore, this thesis has the following objectives:

1. To plore relevant aspectsf two reduction methods and identify potential improvements in the
design procesand thenpropose new reduction methathrough reviewngthe theory.

2. To hiild a good biologal backgroundto help regarchers who do not have much knowledgeof
reguation of cell cycle.

3.To cevelop a new reduction method to simplify biological signalling networks basatiienarchical
representation and lumping approadly simplifying the base model into different levels of abstraction
(zoom in, zoom out)

4. To apply the new reduction methodo G1/S chekpoint pathway integrated with DNA damage
pathways.

5. To smulate the reduced model at different lewssf abstraction.



6. To walidate the reduced model with results frothe base modebknd the available experimental
evidence and datdo evaluate the reduction method.

7. To popose a newsecond)reduction method to simplify complex ODE mattnatical models for
biological signalling networks based time windowsand logical models.

8. To presentthe proposededuction methods as promising approaches for redgell biological
networks.

In conclusionpehind each complex system there is a network that defines the interactions between
its components. We will never understand complex systems unless we andpunderstand the
networks behind them.Proposing simplified dynamic models for large and complex biological
networks using newand reduced techniques could allowus to build comprehensie biological
networks. This willhelp researchers to understanie emerging properties of cellar activitiesbetter.
Hierarchical modelling is important when theretlie need to zoom in and oudf several levels of

complexity. Criticablementsidentification is an important issue in systems biology.

In our research we introduce two reduction approaches to reduce complex sgsespecially
complex protein interaction networks he frst approach allows criticalementsidentification and
produces hierechies of modelsand thesecond approach allowssto get rid ofthe kinetic parameters

in a system. The reduced modélave lesscomplexty, reactions, variables and parameters compared
to the basemodeland, yet the behaviour of a preelected set osignificant species in the reduced
model resembles that of the base model. The reduced nsld@eimproved our understanding of
the dynamics of the G1/S checkpoint pathway integrated witBDNA damage pathways network

indicating that relaxing thetrugglewith the complexity of mathematical models is possible.

1.4 Thesis Structure

This thesis is set out in seven chapters, with this chapter (Chappeodidingan overview, the goals
and objectives of this thesis, an overview of the thesis structure. Chajpgeh@ literature reviewthis
gives a review of complex systems and biological reduction methods ne¢edid/e this research.
Chapter 3reviews the biological backgroundf cell cycleand provides an overview summary of the
original modebf Iwamoto (D11)for G1/S checkpoint pathway incorporating DNA damage pathways
the basemodel used as the basfor the current researchChapter 4providesthe first reduction
methodbased ora hierarchcalrepresentation and lumping approach. Chapters 5 provides the results
andadiscussiomn thefirst reduction method. Chapter@grovidesthe second reduction method based

on time windowsand logical modelsand alsothe results anda discussioron this mehod. Chapter 7

givesconcluding discussioabout thescientific contributions and future work.



Chapter 2

Literature Review

L GKAY] GKS ySEG OSyddaNE 6Af

Stephen Hawking

What Stephen Hawking said two decades agideed,a fact nowadays. To helpith understandng
complexity ths study addressescomplex systems and complexitthe complexity of biological
networks, mathematical models of biological systems, reduction technjguegneral and biological

systems reduction technigues jrarticular,

Section 2.1 offers an overview of complex systems and compleSdgtion 2.2 discusses model
reduction methods Section 2.3 focuses othe complexity of biological network&ection 24 gives a
review of mathematical modelfor biological systemsSection 2.5givesan overview of reduction

methods for biological systemand Section 2.6providesa summary of the chapter.

2.1 Complex Systems and Complexity

Complexity features includancertainty, ambiguity, inconsistency, multiple players or participants
with different information, experience, influential factors and relationshipgpdseddefinitions, and

multiple dimensions. Problemicluding some or all of these propertiese considered complex and
dynamic. Real life problems (social, political, economic, biological and ecological problems) share some

of these properties.

To understand real life problems and make decisions we need to study and ntaragenputational
systems bthese problems. In other words, to identify knowledaleout the complexand dynamic
humannature interactions, which are experimental, we need to integrate thetm ancomprehensive
model that simulatesystem behaviouto aid decisionsmaking Ths study attemptsto produce an
approach to tackle complex relifle model problems and examingheir efficacy/usefulnessn

addressing one such problem.

Complex systems are difficult systerts model with a large number of nonlinear interacting
components which under selective pressuredemonstrate hierarchical setfrgansation. They
intersect with science (biology, medicine, physics, chemistry and engineering), the human brain

system, the immune networks, financial marketdecommunication systems, distrithan networks,



biological systems, neural networkgactiondiffusion systemsecological networks and sociological

systems.

Complex systermhave beerdefined by several researchers from various displines. In biology Weng

and his research team (1998¢fined complex systems as systems that are difficult to understand and
verify in design or function. In physics Gallagher and his colleagues (1999) referred to complex system

as having system properties thatmay not be fully explained by understanding itomponents.

Likewise, Goldenfeld and Kadanoff (1999) said complex systems are highly structured and varied . Rind
(1999) said that a complex system is a system that involves multiple interactions between many
different components found iadomain Mayes(2012) differentiated betweea complex system and

its mathematical modelsaying that KS FANERG A& alyeée aeaisSy O2YLx
components and interactions that is not traceable by anaj§sisg KA £ § (KS O02YLX SE Y
A & a systénmt oNd@BuUpled equations which are either too complex or too large to admit a sufficiently

useful model or solutios

According to Balfam (2000) the modern study of complex systems has three interrelated approaches:
how interactions give rise to behawnir patterns the space of possibilitiesand the formation of

complex systems via pattern formation and evolution.

Difficulties in complexityare apparentas Gorban and Yablonsky (2013) memed in measuring
complexity, model reduction and invariant mifolds, traces, criteria, interpretation of experiments
and modelling classes. Measuring complexity was tackled by Monshizadeh @ba3gid that it is
measured by its dynamic ordethat is the number of state components in a state space

representation of the system.

Mathematical language is used in describing natural phenomena in physical sciences in terms of
models based on equation3hisallows for logical reasoning ovéhne representation ofphysical

entitiesinvolvedin the phenomenon and accowntor the experimental observations.

2.2 Model Reduction

This section discess system reduction methad advantages, disadvantages and developments.
Successful simple models rely on the important properties of large dynamical systems. In pursuing the
optimal level of complexity that captures the salient features of the phenomenon, the middle out
modelling becomes the art of the modell€@ver time, tying to reduce model complexityddsto the

development ofmodel reduction techniques

Zinovyev (2014) said the first step to fight against complexity is by dimension reduction. Reducing the

number of variables makes data extraction easier. In the same respect Radulescu and his colleagues
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(2015) mentioned that model reduction is a way to @vcomputational difficulties by replacing large
scale models witlsmaller scalenodels that are easier to analysAndMayes (2012) defined model
reduction as a process simplifying amathematical system in order to obtain solutions. He classified

redudion methods into three categorig@s illustrated in Table 2.1):

1. The whitebox reduction method is a direct result of the philosophy neéthodological
reductionism. It assumes that adequate explanatiah®ut behaviour may be achieved by
focusing on one oa few lower levels of analydis.g., focusing on genes as the primary cause
of behaviour)this explains individual behaviour by interpretitige properties ofparts, which
are often studied in isolation (Wimsatt, 1980). In this approaxisystem is rduced and
modelled using a bottorup approachalthough this approach proveto be effective it has
faced two difficulties: the volume of the internal complexity and the appearance of emergent
phenomena. Prigogine and Stengers (1997) evaluated this agpraad said it is no longer
validfor science. According to the authgibe problem of irreversibility, instability, and time
may not be explained by the reductionist approachis@bpproach may be considered the best
example of mathematical modelling fesimple systems, but it faito explain complex systems
because it ignores the interactisibetween the parts in different levelsf the organsation
behaviour(Wimsatt, 1980).

2. The greybox reduction method is used with real systems to control the system better (it uses
a combinationof white-box reduction and blackox reduction methods).

3. The blackbox reduction method or the holism reduction philosophy is used with complex

sydiSya o2yfeé& GKS &aeéadsSyQain tRighiiad faricho aténkon 3 A 2 dzNJ

paid to the component®r inner processes). The behaviour in the holistic approach of a
complex system may not be fully understood on its own on the basis of a letsmp

understanding of the constituent part®& must be studied aa whole system. The holism

I LILINRPF OK ¢l & ONASTFte RSaAONAOSR Ay ! Nrhadz2aft s
0Ky GKS adzy 27F A &-holisicNappsodches Blude néurdl ietivorks, ¥y S|

proportional integral derivative (PID) control, fuzzy logic, knowledge based systems, and any

other expert systenthat depends on human experience. The holistic approach is implemented
by reducing these examples because their detaiks important. However, for large systems
the approach is used in theeld of biologicalscience mainlypecause of their true emergent

behaviours such as consciousness and life.
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Table 2.1 Summarygf the classes of reduction methods

No Class Reduction Approach Explanation by grapli
Philosophies
1 White-box | Methodological | A system reduced input
reduction reductionism to its smallest
methods parts and
modelledusing a )
bottom-up F=ma
approach
[JT.l‘;Jl'.l
2 Greybox Modelbased Usesa input
reduction methods combination of
methods the white-box
reduction method
andthe blackbox q = kAT
reduction method

output

3 Blackbox Holism hyte GKS| o
reduction overallbehaviour
methods is of interest, and

the components
andthe inner

processes are not
of interest

output

For example, large biochemical model dynamics may be reduced to produce a simpler model called
dominant subsystem (Gorban & Radulescu, 2008; Radulescu et al., 2008; Gorban et al. t126810)
dominant subsystem contais fewerparameters ands easier b analyse. Thaotion of dominancy
which is a natural mathematical framework to capture multiple asymptotic relatiogpss chang@n

scale to transform nonlinear systems into discontinuous piecewise linear systems. It is motivated by
applicationdrom mathematical physics and systems of polynomial equatiass tropical geometry
(Sturmfels, 2002). The linear system involves switching betvgegaral differentsystems (modes).
Dominancy was used by Litvinov and Maslov (1996) to obtain simpler modwlairger models that
have multiple separated timescalesd areassembled into hybrid models. The model reduction
problems in a high order dynamics systeam besummedup asfinding asimpler lower order models

for the system in a way thaie reduced orér model approximatsrelatively well the behaviour of

the original model. Moreover, it is important to preserve certain desired properties of the original
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model in the reduced order model (Monshizadeh, 2013). Choosing the dominasiystdim relies on
comparingthe time scales of the large model. Thaasiequilibrium (QE) and the quasieady state

(QSS) approximations presented by Gorban et al. (2010) led to dominancy and generated reduced
models. But timescales and dominant stdystems may change dugrthe dynamics andnay go
through sharp transitions to nonlinear systemsThe existenceof transitions refesto a welladapted

hybrid, discrete or continuous structure for the descriptionttad dynamics ofarge nonlinear systems

with multiple timescales (Crudu et al., 2009; Noel et al., 2010; Noel et al., 2011).

Model order reduction techniques may be categed into two groupsbalanced truncation schemes
and moment matching based methods. The former was introduced by Mullis and Roberts (1876) an
the latter appeared in control system studies (Moore, 1981 and Pernebo & Silverman, T8g2).
balanced schemé&ansforms the system into a balanced foramd then a reduced order modes
obtained by truncation. According to Moore (1981he most impotant technique is the Lyapunov
balanced truncation,whose main idea is to transform the systenmto an equivalent system
representation in which the statdhat are easy (difficult) to reach are also easy (difficult) to observe.
Other balancing types inafie: stochastic and positive real balancing proposed by Desai and Pal;(1984)
bounded real balancing proposed by Opdenacker and Jonckheere (H#@Bjrequency weighted
balancing proposed by Enns (1984); Lin and Chiu (1992); Zhou (1995) and Wang @®)l. (19

The other category of model reduction is formed based on moment matching by the Krylov method
and this led to the moment matching model reduction techniques (e.g. Sorensen, 1992; Feldman &
Freund, 1995; Grimme, 1997; Jaimoukha & Kasenally, 1997).9dhalars base their research on this
category such as Feldman and Freund (1995), Grimme (1997) and Jaimoukha and Kasenally (1997).
Developing methods for model reductidsy switching systemslynamicsare scarce, as far as the
researcher of the current atly knows, such as the studies of Gao et al. (2006); Shaker and Wisniewski

(2011) and Birouche et al. (2012).

Monshizadeh (2013) developed two model reduction approachesn&works and multagent
systemsredudion of the dynamic order of the individualgents and reduwn of the size of the
communication graph. The firapproachadopted bounded real balancing to reduce certain network
dynamics in a way that preserves stability or syncheibyiwith the original system. ipriori model
reduction errorbound was established to compare the behaviour of the original network to the
reduced order model; the interconnection structure of the network remains the same in this
technique. The seconapproachfocused on the interconnection structure and, in partany the size

of the underlying communication graph. The model reduction technique proposed was based on
clustering the vertices (agents) of the underlying communication graph by means of suitable graph
partitions. The inevitable challenge was to presettve spatial structure of the network, which was

accounted for in the proposed model reduction method, and the redusigd model realsed asa
13



multi-agent systemis defined on a new graph with a reduced number of vertices. An explicit formula

for the H2norm of the error system was obtained by comparing the inputput behaviours of the

original model and the reducesizemodel, in the case of choosingtheclusteizt A y 3 al f Y2aid S
LI- NI A (A 2 y & ¢ HoeRer thek riBajorddialvdalik df balanced truncation reduction is the
probable collapse ahe spatial structure of the network bthe direct application of classical model

reduction tools.

In the reducedsiz model, the main structure to be maintained is the network typology. Imura (2012)
and Ishizaki et al. (2012) conducted studies arclusteringbased algorithm proposed aan

asymptotically stable networks.

When the reductionism approach proved to be ingdate and incomplete in dealing with complex
systems, individuabased modelling emerged to bridge this gap (see Judson, 1994). Indibakexd

modelling is a strategy that focuses on modelling the individual thedinteractions with other
individuals. KS AYRAGARdzZE £ Q& O0SKIF@A2dz2NJ YI & 0SS NBLINBaSy
social orgargations are viewed as emerging from the interactions among individuals. Kauffman (1976)
introduced an early explanation for using individual based modelsua@egates to experimentally

investigatng complex biological systems.

Finally, it is important to mention what Zinovyev (2014) saiéild complexity behaviour that may not
be reduced to a relatively simple view or may not be -agHraged may only be obsed and

reproduced by engineering more or less complex models of their beha&iour.

2.3 Complexity of Biological Networks

The term "complex" refers to the difficulty in understanding or verifying a component in terits of
design or functionor both. The complexity of a certain system is defined or decided bguheer of
components, the connections between the components, tloalinearityof mathematical equations,
the nesting degree, data structuandtype, significant behaviours and abettion problems. Miller
and Page (2009) linked complexity with smifjansation and emergence, while others correlated it
with the dimensiondty and sizeComplex systenemergedas aspecialfield in the mathematical and
physical sciences. To understand complex systems, simiptactions (e.g.signallingarestudied first
and then new complex levels are added (Weng et al., 1998nplex systera depend on the

occurrenceof events in time space, ariden they modify themsleveaccordingly.

Many human diseases such as cancer, diabetes and neural disardeusdue to erronoeugunction
or malfunction ofsignalling components. A single component malfunctimes not often cause
complexity, but mulfdle or total effects of malfunctioningancause complexity. Understandirige

function of individual components within the system helps understandng anomales insignalling
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that cause pathophysiologguch understanding may also provide a clear mdiqurospect of human

interaction with the surrounding(Weng et al., 1999).

In exploringcomplexity ofbiological systemave face a challenge that arises from the systems' ability

to respond to different types of signals. The determinanta obmpkx biological system include the
dynamic assembly, translocation, degradation and chemical reactions channelling, all of which occur
simultaneously.Biochemical reaction process include feedback loops, whicpresent nonlinear
properties such as disordebjfurcation and complex disturbance wave etc (McNeil & Walls, 1974;
Nitzan et al., 1974; Matheson et al., 1975; Lee et al., 1993; Roesky et al., 1993). Barillot et al. (2012),
Calzone et al. (2012) and Wagner (2013) connected biological systems convpiexity validity and

evolution history.

Osterlund (20143tated that biological systems should be studied systemically in order to understand
the behaviour ofcells. For example, the central nervous system and the ganglia of the peripheral
nervous systentomprise neuronsthat may connect to forrneural networks. Therare a huge
number of neurons (100 billion) in our braimd each neuroncan haveover 100 synapses coupled
with other neuronsthis huge number of the neurons and synapses caaseplexityof the neural

network and modelling becomes intractable (Koch & Laurent, 1999).

Complex biological systems include many different processes as metabolism, cell growth and cell
division as in the case of cancer. Themplexityof theseprocesses errges from the interactions
components such as genes, proteins and metabolites (Sauer et al., 2007). For instance, Barillot and his
colleagues (2012) discussedstlin"Computational Systems Biology of Cancé&ihovyev (2014) said
that in order to undertand cancer,one must understand théiseasemechanism by understanding
cell cycle(the process by which individual cells divide into two cetlspth, motility, andhe survival
immune and angiogenesis mechanisnswell adDNA repair and replication. For exampidhe cell

DNA changes, it may transfer todmmea tumour cel this infected cell grows faster thaanormal

one and the change occuasthe cell and tissue levels (Castiglione et al., 2014). Immunity isdesadi

a complex system; it operatewith complex selregulatory networks, emergenattributes and
nonlinear dynamics. Ideker and his colleagues (2001) said that the term "emergent" is appticable
biological systemssit explains the emergence @ comgdex structure from simple interactionsf
components In the samevay, Weng and his colleagues (1999) said that complexity arises from the

connections between the components and the spatial correlations between them.

Sengupta (2011) said thhiplogical gstems are complex, holistic, unbalanced and thermodynamically
open, in additiorto being emergent and setfrgansing; hence the normal analysis tools may not be
used to address thisomplexity.Biological systems evolvdtbm emergent mechanisms thatriieract

with themselves and produce themselves from themsel\&&hgupta2011)
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Stoll and his colleagues (2013) presented an example of the biological network complexitFLEMWS
effects on proliferation and apoptosis" as illustrated in Figure 2.1.

Figure 2.1 Network of EWBLI1 effects on proliferation and apoptosis (Stoll et al., 2013)

A second examplbéas beenprovided by Kitano (2004yho illustrated thetypically large scale of

molecular systermas seen itthe human Protein Interaction NetwolPIN) inFigure 2.2.

dy

y| SR} | o
'y
\F

1y

Figure 2.2 arge scale of the molecular systelitano, 2004)
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A third example was provided by Takeshi Hase and his research team 2@d#lustrated human
Protein Interaction NetworKPINs topology andts statisticals properties. They found tha human
PIN structuravasbased on theaumber ofhigh-degree and middlelegree nodes. Figure 2.3 illustrate

the example.

Figure 2.3 Cloud topology in the human PIN (Hase et al., 2009)

A complex network of protein interactions in the cell is the main characteristic of these interactions.
Some idea of the complexity of protein interactions networks can be gained from Figure 2.4, which
represents a map of some proteiprotein interactiors of the SCF ubiquitin ligase and other proteins
(Alberts et al., 2010

Thesenetworks interactions may involve tens of thousands of mdithensional protein complexes

and tens of millions of protein sequences derived from the nucleotide sequences of genes. To increase
our understanding of cells, researchers have proposed methods to simulate these biological
networks. Spefically, computerbased bioinformatics tools are being combined with modern
experimental technologies to allow thousands of proteins to be investigated in a single set of

experiments Proteomics studkes focus on the large scale analysis of protédiserts et al., 2010

Other manifestations of complexiip protein interactions include the fact that a typical protein in a

human cell may interact with betwedive and 15 different molecule@lberts et al., 2010
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Tounderstandany function in cell cycle, we should draw the interactions in a diagram as &,
1999. The most popular method used to represent proteiprotein interactions is through a protein

interaction map thisis a graphical representatn method.

Each protein is represented by an oval shape or box with arrows connecting the proteins that interact
with each other.Thisaims to describe allhe binding interactions between thousands of distinct
proteins in a cell; this method is useful fmall number of proteins, but when hundreds or thousands

of proteins are represented on the same map, the network graph becomes bewilderingly complicated
(Alberts et al., 2010 Much more useful is to divide the map into small subsectiitis afew proteins

of interest. This leads us to the principle of abstraction andtipie levelsin the organsation of

proteins.
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Figure 2.4Vlap of some protein protein interactions of the SCF ubiquitin ligase and other proteins
(Alberts et al., 201D

Kohn (1999) presents several reasons fongisnolecular interaction maps. Filggtit is often difficult
to keep in mind all the known interactions. Secbndhe maps can suggest new interpretations or

guestions for experimentation. Thilyd the act of preparing a molecular interaction map imposes a
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discipline of logic and critigua the formulation of functional models. Finally, the diagram convention

providesa shorthand for recording complicated findings or hypotheses.

Figure 2.5 showsnmther example of the complexity of protein interaction networks. The-pEBn2
subsystem related to DNA repair. The figure shows the remarkable richness of p53 interconnections
and the diversity of functionally determinant p53 modifications. Eleven phagéitmon or acetylation

sites (or groups of sites) for which functionality has beeterminedare shown. If all these could
occur independently, there would be 2000 possible modification stitethe p53 monomergohn,

1999. Kohn (1999) suggested that the molecular components are grouped in putative subsystems

according to mutual interactions or functional coherence.
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19



2.4 Mathematical Models of Biological Systems

The main aim of biological research isuttderstandthe principles of organisation and functioning of
biological systemsjiseases or cellular disorders atlte stres®s that influence biologyA greater
understanding of biologal systens behaviairr can be gained througla comprehensive biological
model describinghe many mechanisms and pathways of the ¢elf. a phenotype of an organi3m
The model concept in molecular biology is weltognsed. For @rtain biological systems complexity
is obvious by the difficultyni predictingthe outcomes ofdisorders. The microscopic structune
biologicalsystensis hard to recogme, so noticingystembehaviaur signifies a functional complexity
within molecular components and interactions. Hence, imaginary models connectiog raad
microscopic behaviar continueto be found. Biological models may be formulated and asealyby
mathematical approaches, which serve as an inspecting eye and allow for logical viewing of
unobservable molecular mechanisms bgithmacroscopic sigreassumingdherence tdasic laws that
governmolecular interactions. Mathematical modelsombined with experimental datfom gene
expression, protein abundance, metabolite concentration, or other biological parametersised

when working with the comlgxbiologicalnetworks.

Systems biologys a recently expanding research field and was led by scientists need to study the
interactions of components(Yuan et al. 2008). Stelling (2004) stidt model developments and
experiments broadly enhanced our understanding of complex biological networks. These
developments led to a large amount of daitacluding transcriptomics, proteomics and metabolomics.
Biological systems functionality is not explained only thg common laws of biophysics and
biochemistry although they are fundamental for constructing biological modeislecular biology
scientists arealso confronted with the challenge of connecting basic laws of nature to bioldgical

complex orgargations.

Systemproperties ona genomic level o sysem are captured and described by biological networks;

the process is illustrated in the Figure 2.6. Defining the components of genes and gene products of the
system is undertaken by the genome, and small molecalesh as metabolites or metal iorege ako
considered components of the system. Models may be structured by the data obtained from genes
functionality, product and pathway knowledge and literature. This procedure ca#led systems
biology bottomup approachby Palsson (2006)and transferring tanscriptomics, proteomics and
metabolomics data into biological knowledge or conclusimnigined frommathematical models was

calleda top-down approach.
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Figure 2.6 Interaction betweesystems biology and mathematical modéng

Mathematical mod#ing of biological research is necessary and us&adearchers use it to analy

cellular networks or to invent strategies for controlling cellular dynamicieh might be considered

the cornerstoneof development of therapeutic medical applications. A athematical modelis,
basically a systematic analysisabbiological systemhat empowers quantitative predicting. Many
scholars (such as: End@yBrent, 2001; Hasty et al., 2001; Rao & Arkin, 2001; Kitano, 2002; Neves &
lyengar, 2002; Weston & Hood, 2004; You, 2004; Alves, 2006; Kholodenko, 2006; Ideker et al., 2006)
havestudied the combination of computing power and developed numerical mettmdsnductthe
analysiof complex cellular networks dynamics amsdelsimulation. Their studies explainéae use

of mathematical mod#ing to understand complex biological systems where prediction on itsveaen

not sufficient. Although mathematical melling proved beneficial for basic and applied biological
modeling, many challengesere encounteredby researchers in structuring andnalyzing; when
biological mod#ing was accompanied by assumptions on behalf of the mMbod§ NR& 3I2 f a @

detailed,quantitative biological informatiois a challengéaced by modeler@.
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The types of mathematical modkng are various and are widely usdd. the next sections of this
chapter,kinetic modelghat represent systems of coupled chemical reactions are dssdiFurther,
construction of mathematical modelef complex cellular networks is illustrated, mathematical
representations used to describe cellular networks are highlighted and commatimodsof analysing

of modédling outcomes are discussed.

A set ofordinary differential equations that describe¢he dynamics of metabolites ia reaction
network compise thekinetic models of biochemical reaction netwsriComplex biological networks
involve many enzymeatalysed processes with nolinear kinetics andntricate stoichiometric and
regulatory interactions between enzymes. As a result, their mathematical models include sets of
coupled rational differential equations of higlimension, and to analyse them maximum

computational efforts are required.

Previousexperimental datawhen compared with system simulatioasults,validatemodels Model
simulations give optimal flux distributiorwhich may be compared wittthe measured flux
distributions or phenotypic datssuch as growth rate, glucose uptake ratepguct formation rate
etc. (Pramanik & Keasling, 1997; Price et al., 2004). Modé$ a process to improve the model until

it reaches good agreement with experiments.

Construction of models of biological systems reactisrpas®s through the steps of castruction,
validation and refinementit is arepetition processas illustrated in Figure 2.7. The steps #ren

repeated until the model reaches an adequate equivalent level (Lee et al., 2007).

Mathematical Model

Validation Experiments

~_

Figure 2.7 Refining models of biological networks

Mathematical modelssimulating biological systemghat are used include: ordinary differential
equations (ODEs), delay differential equations (DDESs), partial differential equations (PDEs), agent

based models (ABMs), and stochastic differential equationEgpBiological modleng examples are
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providedin the discussiorto help understand the dynamics of cell regulatithese models and

examples are discussed briefly in the followssgtions

2.4.1 OrdinaryDifferential Equations (ODES)

Ordinary differential guations are the most common typ equationsused for biological networks
modeling. They have been applied in studying reaction kinetics and other physical phenomena.
Mathematical analyses of ODE systemssariged tolimited dimensional dynamical systenand they

are relatively simple compared with the other types, and their computational simulation solutions are

efficient Kim et al., 2009)

2.4.2 DelayDifferential Equations(DDES)

Delay differential equations are unlimited dimensional dynamical systandthey need more
computational and analytical complexity; however, their advantages are unique. DDE systems are
simple, except for their time delays. DDE models explain the effects of these delays on the biological
procesgs their complexity is a little biharder to simulate than the ODEs. The evaluation of DDEs has
decreased to recording the history of all populations through the simulation. The slight increase in

DDEs computational complexity expands the collection of the phenomena wikiatydt al., 200).

2.4.3 Partial Differential Equations (PDES)

Partial differential equations are more complex compared with DDE and ODE. This type is implemented
in age structured and spati@mporal biological models. Age structured models explain individual cells

2 NJ Y Sga@ncEment by scheduled developmenprocess Age structured models offema
internal moddling frame for organisms over time, becawseorganism's behaviars depend on the

level of maturity and development. This type is considered the most powmgdthiematical mod#ing
approach although it requires more computational processes than the otlpes mentioned Kim

et al., 2009)

2.4.4 AgentbasedModels (ABMs)

This type addresses unique and discrete agesush as individual cells and molecules. A@plain
biological interactions probabilistic or stochastic uncertainty within large populatiéngndividual
cell in a stochastic model changes the state or the locatiitim a certain probabilityandaccounts for
its agent's movement in spac€omputational complexityof ABM is typicallyhuge. An individual
simulationof thismodelcantake along timeto processup to several days. ABMs should be simulated

several times ta@chievethe overall average behavioof the systemgKim et al., 2009)
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2.4.5 StochasticDifferential Equations (SDES)

If models were arranged on a straight line, the stochastic differential equations model would be

mediating them in terms of complexity. This model resembles ODEs in its formula, except that its
values are random. It woskon populations rather than individual agents. This model can explain noise,

random walks and irregular events,stusel in finane, mathematics, chemistry and physid§irf et

al., 2009)

After having discussed the models of ODEs, DDEs, PDEs, ABEBEsdhe question of "which
modeling approach is more appropriate?" arises. The answer to this question relies on the

organiational interactiorsinvolved, among other issues.

The most efficient modéhg method of biological complexity is ODE; it doe$ mmuire a arge
amountof computational work. This approach is suitable and effective when delayed feedback, spatial
distributions of the cell or probabilistic events are not what the network relypot if networks rely

on delayed feedbaglhen the DIE is a better choice.

When cells and moleculaesere studied, the best approach would be PDE for the cells tlabat
efficiently blend or confine themselves over long duraticaiso,when gradual changeof behaviar
occurs because of maturity or ageDPs are the solution. SDEs add stochasticity to differential

equations and they are more complex computatitina

ABMs usage has recently increasad at present it offers the most complex framework of
mathematical modelingt combines all spatial anéinporal dynamics elements, probabilistic events,

and individual diversity within populationbut it requires focused computational algorithms, so it is
considered impractical for statistical analyses. ABMs reproduce the complexity of biological systems
and thus helpreduce financiatost of the experimentdue tosilicon usage rather than experimenting

with living organisms. By doing so, experimental studies are transferred from weaiatabesinto
computer lalmratories even though they do not replacdgh@r moddling types This idoecause they

fail to reduce biological systems complexithile hybrid methods that combine ABMs and differential
equations are efficient in capturing the biological network features without adeitica unnecessary

details.

Predicting the most suitable mathematical and computational paradigm is very difficult. To understand
a biological system deeply, all the previous types should be consulted. But this is not reasonable;
instead onceeach typ& abilities and limitationsare understood then the type that determines

accurately the syste@ essential dynamics without adding unnecessary complexity is selected.
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2.5 Reduction Methods for Biological Systems

Interest in complex models and datasets of biological systems has incressauly. The issue of
simplifying them to contrdmanagetheir behaviar is important (Zinovyev, 2014fpmplex spatial
and temporal behaviar of molecularsystemsmay be reproduced by small dynamic modethat
includestens of variables. If a comprehsine description is required for high productivity datiae

dynamic modelsrenderedineffective (Danos et al., 2007).

In biochemical reaction networks researchers use ordinary differential equations (ODES) models to
describe the dynamidehaviour of the system. Most of these models have high dimensional
complexity (contain large numbeof species and reactions) and nonlinear behaxior this reason,

many methods for model reduction are needed to simplify complex models. The behawbthe

reduced nodel should be like the behavioof the original model.

In this section, many approaches of model reduction are addressed. There are several techniques of

model reductionin use with biochemical reaction network models to reddiceir complexity.

Quasisteady state approximation (QSSA) is the most famous approach of model reductibwitise
biochemical kinetics. The pseudo steady state hypothesis (PSSH) is another name for this approach. In
1913, Bodeustein proposed the main idea of the cusésady stée approximation (Bodenstein, 1913).

This idea wadater used to produce the classical Michaelis Menten formula (Michaelis and Menten,
1913). More development and improvemewere achieved on this method to bihe badc tool to

analyse the behaviourof chamical reaction mechanisms and kinetics (Semenoff, 1939; Christiansen,
1953; Helfferich, 1989). In 1983, Segel and Slemrod elaborated the-sjaady state assumption
method inthe caseof perturbation (Segel and Slemrod, 1989). The QSSA idea may be sisadras

follows: if an intermediate species in the model has not changaasiderablywith time or the

difference between the rates of production and consumption is small;tttenmodel may be reduced.

Another approachio model reduction is the geometrsingular perturbation method (GSPMisis
useful when the models have slow and fast variables. This approach works based on the assumption
that when the model contains fast and slow variables, and the slow variables control the fast variables

sowe canremove the fast variables from the model (Tikhonov, 1952; Fenichel, 1979; Jones, 1995).

Another common approach of model reduction is quegililibrium approximation (QEA) or the rapid
equilibrium approximation (REA). The first appearance itlea was in 1973 by Vasiliev and his
colleagues (Vasiliev et al., 1973). Later, many studies provided further explanation and clarification of
the approach as an approatdr model reduction (Volpert and Khudyaev, 1985; Lee and Othmer, 2010;
Noel et al.2012).
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The quaskquilibrium approximation approach has two formulations. The fiist based on

equilibration of fast reactionswhile the second,is based on the conditional entropy maximum
(thermodynamic approach). To know more see Schnell and N24i62). Inthe Schnell and Maini study
the quasiequilibrium approximation was applied to a kinetic modelaofingle enzyme substrate

reaction.

Another trend in the reduction is applied to chemical reaction models based on the concept of a
limitingstep. AV A G Ay 3 &0 SLI A &ontoBrf frateBeferminiig odrate liNlting)3step in

a reaction occurring by a composite reaction sequence is an elementary reaction, the rate constant for
which exerts a strong effect stronger than that of any othér & O2 ya Gl y i 2 (GoriaKS 2 ¢
& Radulescu2008) In a limiting step reduction approach, we focus more on a rate constant that
effects the overall ratemore significantly than all other rate constants. Many of researchers studied

and extended tk idea of limiting stegsee Johnston, 1966; Boyd, 1978; Murdoch, 1981). Recently, a
general theory of static and dynamic limitat®for linear multiscale networks was developed by

Gorban and other researchers (Gorban and Radulescu, 2008; Gorbar2ei ).,

LY wmMdcoX YNHzaI] | fasyRBofologhS R al K6Si KASR SHENII2 F2 T& K Yy Rt Ay
aeadsSya Ay ftAYAGAYy3 OFasSa¢ oOYNHza]llFf X wmdopandiv ® ¢ K
produced the quastequilibrium asymptotic (QEand the quasisteady state asymptotic (QSS)
approacles the most common approaches for model reductidimeyworked on the separation of

small andargeterms in the model whereby the small terms can be removed from the model in some

cases.

Asymptotology simplifies biological systems in several methods. According to Zinovyev (2014)
asymptotic method simplifies model equations and makes them more traceable; deteranimedelQ a
parameters and their relation to the parameters of the complete delp breaks down model
complexity into simple models and matches every biological observation with the possible asymptotic
model dynamics; predicts the varying methods between different asympbeti@vioual modes and

finally, decides whether a mathematt model iscomplex,or it is merely complication.

Recently, based on static and dynamic limitation in rmadtle reaction networksa new technique

was proposed to reduce complex chemical netvgoikhe complex network and the reduced network
have the sara behaviour(Gorban and Radulescu, 2008; Gorban et al., 2010). The reduced network or
what is called the dominant system (DS) is defined as "a minimal dynamic syStemetimes the DS

is considered a suBystem of the original system but in other timessitnot because it may include

new reactions.
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Radulescu and his colleagues (2008) proposed three techniques to reduceche NFLJF G K g & Y 2
when they wrote about robust simplifications of muiscale biochemical networks. In the first
technique, they ued a reduction algorithm based on a genesedi method of a limiting step to simplify

linear kinetic models. In the second technique, they used a reduction algorithm based on dominant
solutions of quasstationarity equations (QSE) to simplify nonlineanekic models. In the last
technique, they used a reduction algorithm based on combining the ideas of-sfaéisinarity and

averaging to simplify oscillating kinetic models.

Castiglione and his colleagues (2014) stressed the importance ofsoalé mod#ing of biological
systems to resolve thehallengesf large amount oimneasuremens requiredin modern biology The
importance of these manifests when developing comprehensive computational and mathematical
models for a system withdifferent spdial and time scales. For instance, they used mattale

modeling on the immune system.

In another study, Rao and other researchers propoad€ton reduction of the weighted Laplacian
matrix, which describes the graph structure of the complexes and network oesclihe method is

based on a variety of reversible and irreversible enzyme kinetic rate laws. It uses a stepwise reduction
in the number of complexes from the lefand righthand sides of the reactions and maintains the
behaviourof the original model. fie method was applied to a yeast glycolysis model and a rat liver
fatty acid betaoxidation model. The difference between metabolite concentrations in the reduced
and the full model was 8% and 7.5féspectively for the two casesThe number of species the

yeast modeWasreduced from 12 to 7, and the number of species in thdixar betaoxidation model

wasreduced from 42 to 29 (Rao et al., 2014).

Another reduction approach has been proposed and used to reduce the kinetic modedsroiclear

factor kappa B network (N . 0 ® Ly GKA& | LIINRFOKSE GKS I f32NA
eliminate fast variables. To know more about this approach, see West(@0ab). Kooshkbaghi and

his colleagues proposed a systematic technique for eliminatingmportant species from the model

based on the relative contribution of each elementary reaction to the total entropy production
(Kooshkbaghi et al., 2014). Further studies of model reduction itimples ofapplicationfrom

systems biology can be found Petzold and Zh{1999; Gay et al(2010; Anderson et al(2011);

Karadeniz et a(2012); andlshizaki et al(2014).

Gorban and his colleagues (2004) produced two reduction methods. For slow manifolds, they
produced invariant grids for computing approximations. To describe the network of monomolecular
reactions they produced a reduction system of equations if the kinetic aatstvere weklseparated.

These two methods are correlated with quite abstract mathematics such as tropical algebras and

model tropicalgation, or with dominant system notions in dynamical systems (Gorban et al., 2004).
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Another reduction method was propodeby Radulescu and his colleagues (2012). They suggested
some essential ideas such as dominance and limitafmmgreater understanding of dynamical and
computational biological systems (Radulescu et al., 2012). The methods of averaging approximation
and invariant manifold provedtheir effectiveness in reducing the asymptotic dynamics of chemical
reaction networks with clear timscale separation. Many studiésive provided further explanation

on how to calculate invariant manifolds. According to Gorlzamd Karlin (2005)the slow mode
dynamics are carried by invariant manifold that results fitiarelaxationof fast variables. For more
information see Roussel and FragE991); Gorban and Karli(2003); Krauskopf et af2005).

Kutumova and his colleags (2013) proposed a new method for model composition. It was based on
reducing several models to the same level of complexitgi then combinng them together. They
defineda model of minimal complexity as the simplest model that may be obtained &i@omplex
model, by using a group of model reduction techniqtiest can approximate the experimental data.

The method was tested on two models describing cell fate decisions betwe&B Niediated cell
survival and apoptosis. The reduced model proved to leadhe same dynamicabehaviour of
observable measures and to the same predictions astimeplex modelThe nedy composed model
summarged several experimental datasets. These datasets calibrated the original models separately,

but they had dynamical fgures that allowed formulating new verifiable predictions.

Severabther methodshave also beemised for reducing chemical reactions networks. For instance,
Noel and his colleagues (2012) reduced and hydaitinetworks of biochemical reactions using the
LitvinovMaslov correspondence principle. They applied this method on a cell cycle oscillator model.
Lam and Goussis (1994) implementesingularcomputational perturbation. Maas and Pope (1992;
1994) usedanintrinsic low dimensional manifold to explaite interval between timescales of models'

various processes and variables.

The lumping technique was studied by Wei and Kuo (196&teldinnique works based on comilixiig
reagents into quastomponents forreducing the system size in monomolecular andsqudo
monomolecular systems (Wei and Kuo, 1969). Many researdiears developed and applied the
lumping technique in manghemical reaction problemsee Genyuail984); Li and Rabit¢1989); Li
and Rabit1990); Li and Rabit?1997); Li et al(1994); Dokoumetzidis and Aaronq2009).

Another reduction method was proposed by Nagy and Turanyi (2009). They developed a new species
reduction method called the simulation error mingation connectivity method (SEMCM). The
method works according to SE®M andthe principal component analysis of matrix F with simulation
error minimeation (SEMPCAF). These processes present an efficient way to eliminate redundant

species and reactions from largeemical reaction systems
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Another reduction model method for compational biology was presented by Radulescu and his
colleagues (2015). ®method was inspired by tropical geometry and analifsié combines graphical
approaches, sermjuantitative reasoning and symbolic manipulation, hkddes not explain the
combiration method of onescale approximations to obtain a muditale approximation that is valid

for both fast and slow time scales.

In a recent study, Sun and Medvedovic (2016) uger RacBlackwellised particle filters (RBPF)
decomposition methods techniguto reduce the dimensions of the dynamic model and improve
estimation accuracy. Some familiar parameters and structure of the system were usefriasi
knowledge and incorporated into a dynamic model. Copsaty, the two researchers decomposed
the whole dynamic model into subet network modulesand then applied different estimation
approaches. They used experimental data of the SAKpathway and synthetic data generated from

the repressilator model aa case study.

Model reduction approachepresnted in this chapter cabe divided intofour main categoriesas

shown inTable 2.2
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Table 2.2 Categories dtifie reduction methods

Method Refers to How it works Suitable for Advantage Disadvantage
Divides the system int{ Singular Maintains species | May fail in
fast and slow perturbation, biological meaning| justifying
Methods that [ omponents. Aftean | intrinsiclow reductiondue to
use large initial transient period, | dimensional, short timescale
. differences in | the fast portionssettle | singular separation.
Timescale [reactionrates |for the remainder of | computational Computationally
exploitation [that can occur | e gperation of the | perturbation, stiff expensive if slow.
withina network. and nonlinear fast partitioning is|
biochemical systems. not known.
system
Either it measurethe |Very high Maintains species | Highly
Methods that sensitivity degree to [ dimensionalgtiff | biological meaning| computationally
obtainthe lowest| perturbations and use{and nonlinear highly algorithmic | expensive for
Lo possible it to guide a reduction| systems. and large systems.
Optimization | . . . .
... . |dimensional or it employs an computationally [ May be
and sensitivity . . s L . .
analysis model, mhgre an |iterative optimsation efficientfor small |mp955|bleto
error metric procedure. systemscommon |achieve
staysat an procedures convincing
acceptabldevel implement well in | sensitivity analysi
software packages
Methods that By two approaches: |Very high Common in Computationally
constructs a proper lumping (each |dimensionalgtiff | reductionof expensive for
reduced state- original species and nonlinear chemical kinetic | large systems.
variables system| corresponds to one, af systems. systems Better reduction
corresponding to| most, lumped state) Algorithmic is achieved by
Lumping sub-sets of and improper lumping approaches. nonlinear and/or
original species |[(each original species Biological meaning improper lumping
corresponds to one or is maintained. techniques, but
more lumped state) this may lead to
loss of biological
meaning.
Singular value | Approximateshe Balanced Controls Biological
decomposition. | matrixvia one ofa truncationthat theoretical meaning is lost,
lower rank reduces the model| description. only inputs and

Singular value
decomposition

and preserves the
input-output
relationship.

Fits systems
pharmacology.
Highly algorithmic.
Potential
automation in a
straightforward
manner.

May be a priori
error bound.

outputs preserve
meaning.
Standard
approach exists
for linear models
¢ but
generalgations
for nonlinear
systems exist.
Highly
computationaly
expensive for
large systems.

Table 2.3 showsome articles that explain and use different reduction methods.
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Table 2.3 Reductiomethods andtitle of somerelated articles

manifold (ILDM)

Reduction Method Based on Title Author

Numerical Methods Computational The CSP method faimplifying | (Lam & Goussis, 1994
singular kinetics.
perturbation (CSP)
Intrinsiclow Simplifying chemical kinetics: | (Maas & Pope, 1992)
dimensional intrinsic lowdimensional

manifolds in composition space
Laminar flame calculations usir]
simplified chemical kinetic
based on intrinsic low
dimensional manifolds.
Invariant manifolds for physica
and chemical kinetics.
Asymptotology of chemical
reaction networks.

(Maas & Pope, 1994)

(Gorban & Karlin,
2005)

(Gorban et al., 2010)

Formal Methods

Lumping and
graphicalreduction
methods

General method for simplifying
chemical networks while
preserving overall
stoichiometry in reduced
mechanisms.

Internal  coarsegraining  of
molecular systems.

Reduction of dynamical
biochemical reaction networks
in computational biology.

A graphtheoretical approach
for the analysis and model
reduction of complebalanced
chemical reaction networks.

A model reduction method for
biochemical reaction networks.

(Clarke, 1992)

(Feret et al., 2009)

(Radulescu edl., 2012)

(Rao et al., 2013)

(Rao et al., 2014)

Symmetry

Exploiting symmetry in
temporal logic model checking
Noisy dynamic simulations in
the presence of symmetry: dat
alignment and model reduction

(Clarke et al., 1996)

(Sonday et al., 2013)

Tropicalanalysis

Tropical geometries and
dynamics of biochemical
networks application to hybrid
cell cycle models.

Model reduction of biochemica
reactions networks by tropical

analysis methods.

(Noel et al., 2011)

(Radulescu et al., 2015

Tofind out which approach to model reduction is the most populae searchedGoogle. Table 2.4

shows the number of link® every reduction method.
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Table 2.4 Number of linkt the well-known reduction method.(FromGoogleas of 15" May 2017

ReductionMethod # of Links in Google

GQuasta G S R& adGl G4S¢ 461,000

GPseudaa 1 S R& all GS¢ 108,000

6QuasiS lj dzA £ A 6 N dzY ¢ 255,000

GCS2YSGUNRO aAy3dz I NJ 13,500

6\ y Idzf | NJ LISNI dzND | G A 574,000

Ay @F NAFyd YIYyAF2f RE 61,400

GRatef AYAUGAY I &a0SLE 712,000
As shown in Figure 28 KS -BNYESAYy3I aGSL¥ KIFI& GKS 1
AAyYy3AdzZ F NI LISNIdzZNb F GA2yé KlFa GKS avltfSadi
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Figure 2.8 Number of link® the well-known reduction methods on Google

2.6 Summary of the Chapter

As shown in Figure 2.®here are three dimensionef complexityin biological network modal number

of species number of interactions and model run time. If we want to reduce biological network

modek, we need to reduce one or moimensiors of modelcomplexity. We can redudbe number

of species by removing noise from the model (the ineffective elements) dangikamping. Another

32



trend was to reduce number of species Wjeir similarity of behaviour. Moreover, reding the

number of species led taredudion inthe number of interactions by default.

Some researchers reduced the number of interactioppayingattention to the issue of fast and slow
interactions, as mentioned irSection 2.5. Also, if we want to reduce the model run time we should
look at the model as a play and the spec@&sactors orthe stage. The play consists of several scenes.
Often each scene contains a limited number of actors (under the lightiot all of them. The same
idea isapplicable to the modelt divides the nodel run timeinto time slicesor windows andhen two
options emergethe first option; is to remove the timewindowsthat are not active or hae little
activities (steadyindow), and keephe time windowswhere most of the activities ardhe ®cond
option, findsa sub-model for every timewindow that containsonly the active speciethat play an

active role at that time.

Spices Number

Model Run Time

Figure 2.9Dimensionsof biological network model complexity

Another trend in reduction iseducing the model mathematicallgs mentioned irSection 2.5.1t is

more effective with linear systemfowever,most biological systems are nonlinear.

Another reduction can be obtained by converting the biological model then®DE form t@Boolean
form and use special software thabnverts the status of the spmsthrough time (active 1, inactive

0) into a continuous curve by knowing the highest and lowest concentratspedescan reach.

Finally, we can combinmore than one ideafor example, incorporating the idea of reducitige

number of species by lumping using timendowsor merging the idea of using tinveindowswith the
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idea of converting the model froran ODE toa Boolean form. All previous trends depend mainly on

our deep understanding of biological systeamd the dymmicsin whichthey operate.

For the purpose of the current studine biological network model reduction is defined as any method
designed tadecomoposehe original modelnto smaller models that produce the same behaviour as
the original model, by redung oneor more dimensiors of biological network model complexity

(reduce the number of species, reduce the number of reactions or reduce the model run time).

As seen irgection 2.5 there are many reduction methods but a fully formal metHod systems vih

orders ofmagnitudelarger volume of variables is missing.

An overviewof the reduction methods irgection 2.5 yielded the following conclusions:

1 The literature review demonstrated the existence of a wide range of reduction methods.

w Methods of model eduction have no "one size fits.all

w Many of the methods are computesd, but it is the modelle® gesponsibility to select the

bestmethod based on the research question.

w The purpose of using a certain model determines its appropriateness, such as simulation time

or speed.

w Model reduction methods may produce significant reductions stiltmaintain accuracy.

All these previous conclusions indictate the need for develpp@duction methods for mathematical

models that are applicable to large networks of biochemical interactions.

This research proposes two reduction methods to simplify the corresponding complex ODE
mathematical models. The firstductionmethodbased on dierarchical representation and lumping
approach to reduce protetprotein interaction (PPI) networkzovides possibility to zoom in and out
several levels of complexityhich is attractive for analysing biological networl8o, this makeit
unique compared to the existingduction methodsAnd the Second reduction method uses a time
windows for identifying active and inactive periods of a systemlagical modelg$o further simplify

a model This reduction methodsthe first method tha combined Boolean models and time windows

to reduce the complex biological moddts promising outcomesSo, this makéhe second proposed

reduction methodunique compared to the existing ones.

The proposed reduced techniques Miglp researchers to bld a comprehensive biological network

and gain a greater uderstanding of the emerging properties of cellular activities.
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Chapter 3

Biological Background

The pevious discussion focused on, buasnot limited to, complex systems aritle strugglewith
complexitiy using reduction techniges. In this chapter wgives a brief review othe biological
background especialthe cell cyclewith more consideation and focus orthe G1/S checkpoint and
DNA damage pathwags a complex systerto use as aase study to apply a new reduction approach

in Chapter 4.

The biological background is orgsad as follows: Section 3.1 gives a brief review of a cell general
review, Section 3.2 discusses the cell cythe, regulation ofthe cell cycle, (DNA damage acancer)
andthe G1/S checkpointSection 3.3 presents the details of the G1/S checkpoint and models. Section
3.4 discusses thBNA damage sigtiang pathway andhe cell cycle rgulation (integrated between
G1/S and G2/M) modeif Iwvamoto et al. (2011)

3.1 The Cell: General Review

The cell is the basic unit of life. It represents the smallest level of a living organism. All organisms are
composed of one or more cells. Humans are made up of many millions of cells. Cells exist in bacteria,
animals and plants. Many of the basic stwesare found inside all types of celendthe way these

structures workare, fundamentally very similar, so the cell is said to be the basic unit of life.

It was in 1839 that cell theory was developed by Matthias Jakob and Theodor Schwann (Vasil, 2008)
This word 'cell' means a small room and it comes from the tatinla Robert Hooke published a book

in 1665 coining this descriptive term for the smallest living biological structure (Gest, 2004).

Since thencellshave beerclassified into two categies: eukaryotes and prokaryotes (Sagan, 1967)
(Figure 3.1 Cells from eukaryotic organisms differ frggrokaryoic organismsn a large number of
characteristics (Table 3.1). Scientists catespasrganisms based on shared characteristics into groups

caf SR GFElI® at NRP1FNE20GAOE A& | OKINIOGSNRAGAO 2
Bacteria (Bouman, 2007).

Eukaryotes are cells that contain chromosomes, suchuasans, plants and animals. They have a
nucleus that stores their genetic infoation. Prokaryotes are cellular organisms that do not have a
real nucleusThenucleus is the control centre of a cdtl.contains the genetic material packed into

chromosomes and is associated with other organelles that function in the production ob awids
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and proteins based on what the genetic material dictates. Human cells have 46 chromosomes (23 pairs)
(Tjio & Puck, 1958; Nowell & Hungerford, 1960).

Prokaryotes have some genetic material, but it isthetsameas in eukaryoteddowever prokaryoes

are still ableto reproduce. Examples of these cells are bacteria and-dptaen algae.

Eukaryote Prokaryote
Nucleolis Mitochondria

Nucleoid

Ribosomes Cell Membrane

Figure 3.1 Differences between prokaryotes and eukaryotes. Source: NCBI (Nationak@antr
Biotechnology Information) www.ncbi.nim.nih.gov

The hereditary material in humansdsoxyribonucleic acid (DNA) (Calladine & Drew, 1997). DNA is the
samein every cellof the human body and most DNA is located in the cell nucleus (where it is called
nuclear DNA), but a small amount of DNA can alsmbad in the mitochondria (where it is called
mitochondrial DNA or mtDNA).

The information in DNA is stored as a code made up of four chemical bases: cytosine (C), adenine (A),
thymine (T) and guanine (G). Human DNA consists of ahoeg billion bases, ath more than 99
percent of these bases are the same in all people. These bases determine the information available for
building and maintaining an organism as their sequence is like the way in which letters of the alphabet

appear in a certain order to formvords and sentences (Popovici, 2010).

DNA bases pair up with each other, A with T and C with G, to form units called base pairs. Each base is
also attached to a sugar molecule and a phosphate molecule. Together, a base, sugar, and phosphate
iscalled a nuleotide (Figure 3.2). Nucleotides are arranged in two long strands that form a spiral called

a double helix. The structure of the double helix is somewhat like a ladder, with the base pairs forming
the ladder rungs and the sugar and phosphate moleculesifay the vertical sidepieces of the ladder.

An important property of DNA is that it can replicate, make copies of itself. Each strand of DNA in the
double helix can serve as a pattern for duplicating the sequence of bases. This is a critical point when

cels divide because each new cell needs to have an exact copy of the DNA present in the old cell.
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Table 3.1 Summary features of prokaryotic and eukaryotic cells (Bouman, 2007)

Comparison ofrchaea,bacteria andeukaryotic cells

Characteristic Archaea Bacteria Eukaryotes
Nucleus Absent in all Absent Present in all
Free organelles bound Absent in all Present imfew Present, include ER,
with phospholipid Golgi bodies,
membranes lysosomes,

mitochondria, and
chloroplasts

Glycocalyx Present Present as orgased | Present, surround
capsule or some animal cells
unorganged slime
layer

Motility Present Present in some Some have complex

in some undulating flagella
and cilia composed
of a "9+2"

arrangement of
microtubules; others
move with amoeboid

action using
pseudopodia
Flagella Somehave flagella, | Some have flagella, | Present in some
each composed of | each composed of
basal body, hook, ang basal body, hook,
filament, flagella and filament; flagellg
rotate rotate
Cilia Absent in all Absent in all Present in some
Fimbriae or pili Present in some Present in some Absent in all
Hami Present in some Absent in all Absent in all
Cell wall Present in most, lack | Present in most, Present in plants,
peptidoglycan composed of algae, and fungi
peptidoglycan
Cytoplasmic membrang Present in all Present in all Presentin all
Cytosol Present in all Present in all Present in all
Inclusions Present in most Present in most Present in some
Endospores Absent in all Present in some Absent in all
Ribosomes Small (70S) Small (70S) Large (80S) in cytos
andon ER, smaller
(70S) in
mitochondria and
chloroplasts
Chromosomes Commonly single and| Commonly single Linear and more
circular and circular than one

chromosome per cel

The most important characteristic of a cell is that it can reproduce by dividing. If cells did not
reproduce,no living thing would continue to live. Cell division is the process by which cells duplicate
and replace themselves and this process is called the cell cycle.

37



Base pairs [

Adenine Thymine

r————

Guanine Cytosine

Sugar phosphate
backbone

Figure 3.2 DNA structure. Source: NIH (U.S. National Library of Medicine) http://www.nIm.nih.gov

3.2 The Cell Cycle

All organism®n this planet start their life from one single cell. Reproduction and growth are most
important characteristics of cells, indeed of all living organisms. All cells propagate by dividing into two
new cells, with each origih&ell giving rise to two daughter cells each time they divide. These newly

formed daughter cells can themselves grow and divide, this is called cell cycle.

The cell cycle is the way to produce two daughter cellsdnysinga cell to divile and duplicae
(replication) (Behl & Ziegler, 2014). Eukaryotic ¢ellsh as human cellake approximately 24 hours
to divide (Wille et al., 1984).

There are three phases in which a cell goes through in cell division. These three phases are: inter

phase, mitosis andytokinesis (Alberts et al., 2010) (Figure 3.3).
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Figure 3.3 Celtycle phases Source: DB Bioscience
http:// www.bdbiosciences.com

Inter-phase is the longest phase of the cell cycle. It is known as the resting phase, which is completely
misleading, as it is during this time of normal metabolic activity that the cell performs all its normal

functions, beginning with growth and developmt.
The nter-phase is divided intthree stages (Alberts et al., 2010):

l. G1 Phase (Gap 1 phase): A period of normal metabolic adtitiisynumber of cell organelles
increases to normal levels and the volume dfie cytoplasmalsoincreases, eventually reachirgg

mature size. A cell can remain in this phase indefinitely. Its length can vary greatly depending on
external conditions and extracellular signals from other cells. If extracellular conditions are
unfavaurable, for examplecells delaytheir progress through G1 and may even enter a speeidli
resting state known as GO (G zero), in which they can remain for days, weeks or even years before
resuming proliferation. If the cell undergoes division, the substrates required dBriitase are also

synthessed.

Il. S Phase: (S for DNA synthesis) The DNA and chromosomes replicate. The cell is now committed

to division.
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Il G2 Phase: Structures directly involved with mitosis are formed. The new DNA is checked for

errors and the substaces that will be needed during mitosis are syntbedi

Mitosis onlyinvolvesthe division of the nucleus into two identical nuclei. It is divided fitte stages

(Alberts et al., 2010) see (Figure 3.4):

l. Prophase: In this stage, the chromatin condesisnto chromosomes by dehydrating and
coiling.The nucleolus and nuclear envelotieen disappear and the centriole (animal cells only) divides

into two centrosomes, which move apart, creating the spindle.

Il. Prometaphase: The nuclear membrane breaks f@ard the spindle starts to interact with

the chromosomes.

[l Metaphase: The chromosomes are moved to the equator of the cell and the centromeres

attach to the spindle fibres, so the sister chromatids line up in the centre of the cell.

V. Anaphase: Thecentromeres of each chromosome divide and are pulled apart by the

contraction of the spindle fibreshus, moving the chromosomes to opposite poles of the cell.

V. Telophase: The chromosomes reach the polfter that the spindle disappears and the
chromosomes return to their functional chromatin state by rehydrating and uncoiling. A new nuclear

envelope begins to form around the chromosomes at each end of the cell, each with its own nucleolus.

Mitosis is followed bgytokinesis in whiclthe cytoplasn is divided into two daughter cells, which are

roughly equal in size (Alberts et al., 2010).

cytokinesis
mitosis
metaphase-to-anaphase transition
interphase prophase  prometaphase metaphase anaphase telophase
7 '1; \ 4 \ ”,//" \\\U
@ — /'@ Ly d-p1d-188 -0 O
/l 3 HA\SS — \ A

\ 7l YN\ r | i\ ’,’
}}7 ’ \ 5 / ;

M PHASE

INTERPHASE

DNA replication

Figure 3.4Thelnter-phase stagegAlberts et al., 2010)
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3.2.1 Regulation ofhe cell cycle

The regulation of cell cycle is a hot topic for bioinformatics researchers although many dethis
cycleare already known. The cell cycle control system was still a blaclriiibthe 1980s with the
identification of the key proteins of the contrel/stem. This goes along with the reation that they
are distinct from proteins that perform the processes of DNA replication, chromosome segregation,

and so on (Alberts et al., 2010).

The regulation ofhe cell cycleor what is called the cell cyclemnol system hasseveral points in the
cell cycle, called checkpoints, at which the cycle can be arrested if previous events have not been

completed.

Cell cycle checkpoints are control mechanisms that ensure the fidelity of cell division in eukaryotic
cels. These checkpoints verify whether the processes at each phase of the cell cycle have been

accurately completed befori progresgsinto the next phase.

Checkpoints are complex signal transduction pathways that serve as control points to regulate the
order of events in the cell cycle and integrate cell cycle progression with DNA repair (Hartwell &
Weinert, 1989).

There are three checkpoints at which the cell cycle is regulated to ensure the cells are ready to proceed
through the process of division (Sakin, 2005)the G1/S, G2/M and M checkpossee Figure 3.5.

During G1, cells check whether their environment fagoproliferation and whether their genome is

ready to be replicated (G1/S checkpoint).

Before undergoing chromosome condensation and nuctieision, cells have to be sure that their
DNA is fully replicated and undamaged (G2/M checkpoint). However, separation of sister chromatids
during anaphase should take place only when all chromosomes are attached to the bipolar mitotic
spindle via theikkinetochores. The spindle checkpoint guarantees this dependence (M checkpoint)
(Novak et al., 2002).

The ell cycle is controlled by a collection of proteins interacting with each otteledcyclines and
cycline dependent kinases. Checkpointtimcell cycle are responsible for the supervision but the key
protagonists in cell cycle control are the proteisgch as p53 and RB (Behl & Ziegler, 2014). Table 3.2

contains a summary of the major cell cycle regulatory proteins.

In each checkpoint, theres ian important protein; irthe G1/S and G2/M checkpointp53 plays an
important role in triggering the control mechanisms. It can be activated by damagedsbDdPadike

that caused by radiation or chemicals. When the concentration of p53 increases, that makes the
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protein perform its functionof binding to particular DNA sequences and activates the expression
(transcription) of adjacent genes; these genes controlsdellstay alive or die greven inhibit cell

division.

The cell adjusts the concentrationit p53 protein by the rate at which it is degradexther than that
at which itis made. This process is called ubiquitin mediated proteolysis. It works by aaldimgall
peptide (ubiquitin) to the p53 protein to degrade it. The most important factor in enzyme participation

in labeling p53 with ubiquitin is the MDM2 protein (Momand et al., 2000).

The process between p53 and MDM2ciglleda feedback loop. The MDM#otein binds to p5S3which
causeghe degradationof p53. This lowers the concentration of p53 and reduces transcription of the

MDM2 gene, closing the feedback loop and allowing p53 levels to rise again.

Two classes (cycliatependent kinases (CDKs) amdls) determine a cell's progression through the

cell cycle (Nigg, 1995). Cyclins form the regulatory subunits and CDKs the catalytic subunits of an

G, CHECKPOINT CHECKPOINT IN MITOSIS

Is all DNA replicated? Are all chromosomes properly
attached to the mitotic spindle?
Is all DNA damage repaired?
: PULL DUPLICATED
| ENTER MITOSIS CHROMOSOMES APART
/ // | //
L 4
M
CONTROLLER
S
A
ENTER S PHASE

Is environment favorable?

G, CHECKPOINT

Figure 3.5 Cell cycle checkpoints (Alberts et al., 2013)

activated heterodimer; cyclins have no catiéd activity and CDKs are inactive in the absence of a
partner cyclin. When activated by a bound cyclin, CDKs perform a common biochemical reatiédn

phosphorylationwhichactivates or inactivates target proteins to orchestrateoordinated entry into
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the next phase of the cell cycle. Different cy«lIBK combinations determine the downstream proteins
targeted. CDKs are constitutively expressed in cells whereas cyclins are sgatlasipecific stages

of the cell cycle in resp@e to various molecular signals (Kumar et al., 2009).

In S=ction 3.2.3 the G1/S checkpoint and pathway of interacting proteins will be discussed in detail.

Table 3.2 Summary of thmajor cell cycleregulatoryproteins (Alberts et al., 2010)

General Name Functions and Comments

Protein kinases and protein phosphatases that modify Cdks

Cdkactivating kinase (CAK Phosphorylates an activating site in Cdks

Weel kinase Phosphorylates Inhibitory sites in Cdks, primarily involved in
suppressing Cdk1 activibefore mitosis
Cdk25 phosphatase Removes inhibitory phosphates from Cdks; three family member:

(Cdc25AB,C) in mammals; primarily involved in controlling Cdk1
activation at the onset of mitosis
Cdk inhibitor proteins (CKls)

Sicl (budding yeas) Quppresses Cdk1 activity in G1; phosphorylation by Cdk1 at the i
of G1 tiggersits destruction

p27 (mammal3 Suppresses G1/Edk and €£dk activities in G1; helps cells withdrg
from cell cycle when they terminally differentiate; phosphorylatiol
by CdR triggers its ubiquitylation by SCF

p21 (mammalk Suppresses G1/Edk and €£dk activities following DNA damage

p16 (mammalk Quppresses GLdk activity in G1; frequently inactivated in cancer

Ubiquitin ligases and their activators

APC/C Catalysesubiquitylation of regulatory proteins involved primarily in
exit from mitosis, including securin andg®d M-cyclins; regulated
by association with activating subunits

Cdc20 APC/Cactivating subunit in all cells; triggers initial activation of
APC/C ametaphaseto-anaphase transition; stimulated by-Mdk
activity

Cdh1 APC/Eactivating subunit that maintains APC/C activity after
anaphase and throughout G1; inhibited by Cdk activity

SCF Catalyses ubiquitylation ofegulatory involved in G1 control,

including some CKis (Sicl in budding yeast, p27 in mammals);
phosphorylation of target protein usualitgquired for this activity
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3.2.2 DNA Damage and Cancer

Mistakes in the DNA transferred from the mother cell to tteughter cells can cause cancer (Behl &
Ziegler, 2014). If the DNA is damaged by radiation or chemicals, then the progression through G1 and
G2 is delayed by braking mechanisms at the corresponding checkpoints. Delays at these checkpoints
provide time forthe damaged DNA to be repaired, after which the cell cycle brakes are released and

cell cycle progression resumes (Alberts et al., 2010).

The two main proteins that control cell cycle are p53 and the retinoblastomatfieingfore, p53 and

Rb are key tumar suppressor proteins (Behl & Ziegler, 2014).

p53 is involved in several pivotal signaling pathways, its specificity being goveritsdribgraction

with other cellular proteins. Most importaly, p53 acts as a transcription factor inducing the
expressio of geneghat mediate the arrest ofgrowth, DNA repair and apoptosis (cell death) as shown
in Figure 3.6. The G1 checkpoint is accomplished by p53-acivaiting the CKI (cyclorependent
kinase inhibitor) protein p21 that blocks G1/6DK complexesdkino & Nakamura, 2000; Vogelstein

et al., 2000; Vousden & Lu, 2002). Moreovehais beershown that p53 takes direct part in the repair

of double strand breaks by controlling the fidelitytbé recombination processes anthus exhibits
functions coungracting carcinogenesis beyond cell cycle checkpoint control (Bertrand et al., 2004;
Gatz & Wiesmdiller, 2006).

pS53

@

transcnptlon of
__7 \

PUMA GADD45

bind to Cyc/CDK

~

CELL CYCLE ARREST APOPTOSIS DNA REPAIR

Figure 3.6 p53: simplified mode of action

44



3.2.3 G1/Scheckpoint

Cell cycleprogression is controlled not only by extracellular mitogens but alsothgr extracellular

and intracellular mechanisms. The most important influence is DNA damage, which can occur as a
result of exposure to certain chemicaladiation or spontaneous chemical reactiodaring DNA
replication. It is important that the cell pairs damaged DNA before attempting to duplicate or
segregatét. The regulators othe cell cycle can readily detect DNA damage and arrest the cycle at

either of the two checkpointg€51/S and G2/M.

The main purpose of G1/S is to ensure the fidelity ofgarome for the initiation of DNA replication.

The transcription factqrE2F plays a main role in the completion of the G1/S transition and initiation

of DNA replication through promoting the activatioh CycE and CycA. The E2F protein is produced
when the phosphorylation of the retinoblastoma protein (Rb) releases, B2shown in Figure 3.7
(Lundberg & Weinberg, 1998; Obaya & Sedivy, 2002; Sherr & Roberts, 2004; Satyanarayana & Kaldis,
2009).

3.2.3.1 G1/SCheckpoint without DNADamage

In normal cell proliferation, when the cell cycle is in the early stagdseddl phase, CycD synthesis is
triggered through proliferation signal triggers. The essential function of CycD is to bind with CDK4/6 to
initiate the phosphorylation of Rb to prode the hypophosphorylated forof RbPP/E2FRthe complex
protein CycD/CDK4/@lso plays a role in keeping CycE/CDK active form through two processes

first, by competing with CycE/CDK2 for binding with free p27 (a CDK inhibitor) to form the cpmple
p27/CycD/CDK4/f6and secondy by sequestering p27 from p27/CycE/CDK2 (Obaya & Sedivy, 2002;
Sherr & Roberts, 2004; Satyanarayana & Kaldis, 2009).

CycE/CDK2 activation is the main reason for further hyperphosphorylation-gp/EBF resulting in

the dissociation of RBPPPP from EZ2[hus, releasing E2F. CDK2 and CDK4/6 release E2F through
hypophosphorylating RbThe increased concentration of E2F promotes the synthesis of CycE in the
mid to late G1 phase, which facilitates the binding between CycE and CDK2 to form more of CycE/CDK2.
This results in further freeingf E2F-thus, establishing a positive feedbadop between E2F and CycE;
Theincreased concentrations of E2F and CycE move the celtfr@@1/S checkpoint tthe S phase
(Satyanarayana & Kaldis, 2009).

Thelowering of the CycD concentration occurs inid G1 phasgwhich enhances the release of p27

bound to CycD/CDK4/6. The free p27 gets bound to the new compléyeE/CDK2, CycA/CDK2. p27

can inhibit the activity of CycE/CDK2 or CycA/CDK2, but the large amount of activated CycE/CDK2 can
cause p27 degradation by phosphorylating it when p27 bindsyietECDK2. E2F enhances CycA
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expression at the G1/S transition with a high concentration of CycA in the S phase (Obaya & Sedivy,
2002; Coqueret, 2003; Satyanarayana & Kaldis, 2009).
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Figure 3.7TheTranscriptionfactor E2F (Alberts et al., 2010)

3.2.3.2 G1/SCheckpoint with DNADamage

The highestthreat to genome integrity is DNA damage. If DNA damage has occurredpf3eis
released from its inhibitgMdm2 promoting the activation of p53 as a transcription fadtoregulate

the transcription of a large maber genes required for different purposescluding damage recovery

or cell death process (see Figure 3.8) (Li & Ho, 1998; Lahav et al., 2004; Ciliberto et al., 2005; Harris &
Levine, 2005; GevAatorsky et al., 2006).

There are some proteins that cgrevent cell cycle progression in GANA damage leads p53
activation that induces p21 (Yu et al., 1999). The role of p21 is to inhibit the activity of @Bb&cto
the cell cycle arrest through inhibition tfie phosphorylation of Rbhat keeps E2F inadve (Campisi &
Fabrizio, 2007).

The loss of CycE/CDK2 inhibits the release of E2F and, conseqiergiynthesis of CycE and CycA,
which are essential steps in the progression to the S phase (Dulic et al., 1994). THhisestefiscycle
progresang and activates the cell cycle repair pathwayoirer to provide enough time for cells to
repairtheir DNA damage. With the removal of DNAmage, the negative feedback loop of p53 and
Mdmz2 is fully restored and p53 returns to a low level. The decreap&3ireduces the level of p21,
which releases complexes CycE/CDK2 and CycA/CDK2 and makes the cell cycle itetnonntal
condition (Ling et al., 2013).
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The p16Rb pathway usually occsiisecondary to the engagement of the p&Bdp21 pathwagin the
senescence induced cell growth arrest (Stein et al. 1999; Jacobs & de Lange, 2004; Campisi & Fabrizio,

2007).

e @ % > ]
A ok
o

=—> Reversible
«——3» Reversible
- =& Activation
= = = <= Inhibition

Figure 3.8 The G1/S checkpoint pathway involvihg DNA damage signal transduction pathway

(Ling et al., 2013)

3.3 G1/Scheckpoint Modelling

Many computational approaches and models have been proposed to study biological networks. These
have examined molecular pathways and complex interact&nsany levels of biological information:
proteins, protein function, pathways and protein interactinatworks to understand how they work
together. For this, continuous, discrete, hybrid, and stochastic methods have been proposed. The most
common approach to accurally modelingthe temporal dynamics of networks is ordinary differential

equations (ODE).
The bllowing is a review of the models used to simuldte G1/S checkpoint.

There are several types of models that have been developed to représei@1/S checkpoint that
involve protein to protein interactions. These types are mathematical, Boolesin, et and hybrid

models (see Table 3.3).

The first mathematical model was proposed by Hatzimanikatis and his colleagues in 1995. This model
not only simulates the qualitative consequences on cell cycle regulation of over expression of cyclin E,
E2F, ad of RB deregulation in agreement with experiment, iualso suggests strategies ftire

rational manipulation of the cell cycle based lifurcation analysis (Hatzimanikatis et al., 1995).
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In 1997, Obeyesekere and his colleagues developed a mathenmatidalfor the regulation of the G1
phase of Rb+/+ and RbT mouse embryonic fibroblasts and an osteosarcoma cell line. This model
focusal on the regulation of progression through the Gl phase of the mammalian cell thatle

involved cdk4/cyclin D, cdk2/atin E, E2F and RB (Obeyesekere et al., 1997).

Many mathematical models have been proposed from 1997 until now (Kohn, 1998; Aguda & Tang,
1999; M. N. Obeyesekere et al., 1999; V Hatzimanikatis et al., 1999; Qu et al., 2003; Tashima et al.,
2003, 2004; Naak & Tyson, 2004; lwamoto et al., 2006, 2008; Haberichter et al., 2007; Tashima et al.,
2008; Ling et al., 2010; lIwamoto et al., 2011; Zhao et al., 2012).

Table 3.3 Articleselated to G1/S checkpointodelling

No | Article Title Model Type Year
Amathematical model for the G1/S transition of the mammalian ¢

1 |cycle ODEs 1995
A mathematical model of the regulation of the G1 phase of Rb+/+{ ODEs
and Rlt /Tt mouse embryonic fibroblasts and an osteosarcoma ce

2 |line 1997
Functional capabilities afiolecular network components controlling ODEs

3 | the mammalian G1/S cell cycle phase transition 1998

4 | The kinetic origins of the restriction point in the mammalian cell ¢y ODEs 1999
A model of cell cyclbehaviourdominated by kinetics of a pathway | ODEs

5 | stimulated by growth factors 1999
A mathematical description of regulation of the-SXransition of the| ODEs

6 | mammalian cell cycle 1999
Regulation of the mammalian cell cycle: a model of thed>3 ODEs

7 | transition 2003

8 | Kineticsbehaviourof GXto-S cell cycle phase transition model ODEs 2003
Simulation for detailed mathematical model of @&iS cell cycle ODEs

9 | phase transition 2004

10 | A model for restriction point control of the mammalian cell cycle | ODEs 2004
Mathematicalmodelling of G1/$hase in thecell cycle withinvolving | ODEs

11 | the p53/Mdm2network 2006

Coupled
Differential

A systems biology dynamical model of mammalian G1 cell cycle | Equations

12 | progression (CDEs) 2007
Mathematical modeling and sensitivity analysis of G1/S phase in | ODEs

13 | cell cycle including the DN#amage signal transduction pathway 2008
Prediction of key factor controlling G1/S phase in the mammalian| ODEs

14 | cycle using system analysis 2008
Robustness of G1/S checkpoint pathways in cell cycle regulation| ODEs

15 | based on probability of DNélamaged cells passing as healthy cells 2010
Mathematical modeling of cell cycle regulation in response to DN| ODEs

16 | damage: exploring mechanisms of dalie determination 2011
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Computational modeling of signaling pathways mediating cell cyg ODEs
checkpoint control and apoptotic responses to ionigiadiatior
17 | induced DNA damage 2012
Dynamical analysis of a generic Boolean model for the control of
18 | mammalian cell cycle Logical 2006
19 | A Computationamodel ofmammaliancell cycleusing Petrhets Petri Net 2002
20 | Modeling the cell cycle: From deterministic models to hybrid syst¢ Hybrid 2011
21 | A hybrid model of mammalian cell cycle regulation Hybrid 2011
22 | Hybrid models of the cell cycle molecular machinery Hybrid 2012
Hybrid Petri
23 | Hybrid Petrinets formodeling theeukaryoticcell cycle Nets 2013
Petrinet modeling ofoscillatoryprocesses in thectivation ofcell
24 | cycleproteins Petri Net 2013
25 | Petri net based modkhg and simulation of p&dk4/6Rb pathway | Petri Net 2013
Novel recurrent neural network for modimg biological networks: | Recurrent
26 | Oscillatory p53 interaction dynamics Neural Network| 2013

Most models are based on ODRsyever,the critical limitations of ODE models difee difficultiesin
kinetic parameter estimation and numerical solutgtio a large number of equations, making them

more suited to smaller systems.

In the studyby Adrien Faure and his colleagues (2006), they suggested a Boolean model for the control
of the mammalian célycle. Fauré et al. (2006) used a logical model to understandethaviourof
complex biological regulatory networks. The critical limitation of Boolean models is that thégilcan

show complexbehavious, such as oscillations.

Considering the amourdf information available from biological research, hybrid and petri net models
have been proposed to understand the interactions governing biological networks. In 2002, a
computational model othe mammalian cell cycle using petri nets was published baioYoshioka

and Konagaya (Kotani et al., 2002). The limitation of petri net thiadeis that it can only obtain
gualitative analyses of systebehavious with time being implicit in the firing of the transitions (Ling

et al., 2013b).

However, since 2002new hybrid and petri net models have been published (Alfieri et al., 2011;
Singhania et al., 2011; Noel et al., 2012; Cetin et al., 2013; Herajy et al., 2013; Sugii et al., 2013). These

types of models are still new and have not yet been fully explored.

Ling et al. (2013) introduced a novel recurrent artificial neural network (RNN) model capable of

handling a large number of molecular interactions and quainmigfythe temporal dynamics and

emergent systems properties. The models were just applied to 8&Mdm?2 oscillation system, a

crucial component of the DNA damage response pathways activated by a damage signal (Ling et al.,

2013b). This model converts an ODE system into a powerful recurrent network with attractive features.
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In the model above Ling & al. (2013b) moddtd the power of recurrent neural networks (RNN) to
accurately mimic and parametee biological networks through the attractive features of continuous
processing in neurons with forward and feedback loops and incremental weight updesiovel
recurrent neural network (RNN) model (Ling et al., 200283 applied to a small system with three
proteins, but its potential for larger systems was revealed in the extension of their model to represent

G1/S pathway through modularisation wiRNN (Samarasinghe and Ling, 2017).

As mentioned earlier, all previous models have limitations (those relevant to G1/S are shown in Table
3.4 as G1/S is the focus of this thesis but these apply to other aspects of cell cycle as well). For this
reason, anew modelling approaches and new reduction methods are needed, in particular, to reduce
the mathematical models based on ordinary differential equation (ODE). These modelling approaches
and new reduction methods are used to overcome the limitations ef@DE models and other models

and to produce simple and still efficient dynamic models. These models can, therefore, handle a large
number of molecular interactions, easily estimate parameters from data, quantify temporal dynamics
and emergent systems prepties, achieve abstraction in the representations of proteins through

different levels of organisation of protein complexes and be adaptive.

Table 3.4 Limitations of G1/€heckpointmodels

Model Type Limitations

Mathematical Ordinary Differentig Difficulty in kinetic parameter estimation and numerig

Equations (ODE) Model solution of a large number of equations

Logical Models Camot show the complex behavious, such ag
oscillations

Hybrid Petri Nets Model This type of models still new andhasnot yet been fully
explored

Novel Recurrent Neural Network (RN
Model (Ling et al., 2013b) onlyapplied to a small system with three proteins
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3.4 The DNADamage Sgnaling Pathway and Whole Cell Gycle Regulation
(Integrated Between G1/S and G2/MModel Iwamoto et al. (2011)

Understanding protein interactions in this study involves understanding system dynamics in the G1/S
regulation of signal transductiofhisinvolvesprotein-protein interactionswith the focus on complex
proteins and the movement from level to level in proteiprotein interactions presentation

(abstraction) which is thdirst step in simulahgthe G1/S checkpoint process.

Deriving a formal abstractiofor the system (G1/S checkpoint) is the crucial step in developing this
research. It includes the definition of all system elements: components of the system and the form of
molecular interactions in the networlas described in the section on the G1/S chedkp(Section
3.2.3).

Toexplain how toproducethe structure of the network based on the chemical reactions of the G1/S
checkpoint, we take lwamoto et al. (2011) proposed model for the G1/S checkpoint system as an
example. lwamoto et al. (2011) presentachovel model of the DNA damage silling pathway and
whole cell cycle regulation (integrated between G1/S and G2/M) and explored the effect of p53
oscillation on cell fate selection. The PhD research described in this thesis lb@se model for G1/S
transitions and DNA damage sifiimy pathway extraed from Iwamoto et al(2011) model as a case

study. For this reason we discubke lwamoto et al (2011) model in detail

Iwamoto et al. (2011) presented a novel motteithe DNA damage signaling pathwaayd whole cell
cycle regulation (integrated between G1/S and G2/M) and explored the effect of p53 oscillation on cell

fate decisions

The lwamoto et al(2011)model, as shown in Figure 3.8hows the reaction scheme of the proposed
modelthat integratedthe G1/S model, the G2/M model, and the DNA damage signaling pathway. The
model consists of 54 dependent variables and 137 kinetic parameters (see Appendix A)eButial
conditions and kinetic parameters in the lwamoto et(2D11)model were estimted based on values

described in previousiorks(Lev BaiOr et al., 2000; Tashima et al., 2006; lwamoto et al., 2008).
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Figure 3.9Diagram of key regulators ithe Iwamoto et al.model 2011)

The scenario explaimg the lwamoto et al. (2011) model of the DNA damage digmgapathway and

whole cell cycle regulation follamwas

In G1/S and S/G2 transitions the E2F (transcription factor) plays a central role in DNA replication and
is repressed by the binding of Rb {retblastoma protein) in G1. In the normal ¢€l/cD is synthesd,
and G1 progression is initiated. The activated binary complex CycD/Cdk4 éxlfehan CycD binds
to Cdk4. The CycD/Cdk4 complex phosphorylates Rb bound to E2F, which becomes the
hypophoghorylated form (RHPP). Furthermore, the hyperphosphorylated form -fR®P)occurrs
when the REPP phosphorylated by both CycE/Cdk2 and CycA/CdkRPRIdisassociates from-Rb
PP/E2F and E2F is activated. The transcriptional activation of CycE, CycA,&teedivated by E2F,
andthis isrequired for DNA replication (Helin, 1998). CycE biodseparate inactive Cdk2 molecules
to form aninactivate complexiCycE/Cdk2 and CycA biiid separate inactive Cdk2 molecules to form
an inactivate complexiCycACdk2. Activated binargomplexes aCycE/Cdk2 and aCycA/Cdk2 form
after Cdc25A dephosphorylates and activates iCycE/Cdk2 and iCycA/Cdk2. The further dissociation of
RbPPP and E2F and concomitant the activation of E2F is the result of phosphorylaticfBfldfgb
both aCycE/Cdk2 and aCycA/Cdk2. The positive feedback loop between two types of Cyc/Cdk
complexes and Rb/E2F complexes plays an essential role in the G1 progression. |ditisting
replication and driving the progressionttoe S phase happeyafter sufficient expressiosiof both E2F
and aCycE/Cdk2 (Matsumura et al., 2003; Woo and Poon, 2003). After completing DNA replication
duringthe S phase, aCycA/Cdk2 promotes the degradation of E2F that reduces the synthesis of CycE
and the formation of aCycE/Mk2, which causes the progressionttee G2 phase (Xu et al., 1994).
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Regulaing G1/S progressiolis dependcent on three Cdk inhibitors (CKIs), p16, p21, and p27. pl6
inhibits the activation of CycD/Cdk4, and both p21 and p27 repress aCycE/Cdk2 and aQy@dgk

et al., 1995; LaBaer et al., 19935 shown in Figure 3.10.
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Figure 3.10 G1/S and S/G2 transitions (lwamoto et al., 2011)

In G2/M and M/G1 transitionshown in Figure 3.11he transcriptional activation of CydBinduced

through the active transcription factor N¥ thatis activated by aCycA/Cdkz2 frothne late S phase to

the G2 phase (Chae et al., 2004). CycB binds to Cdkl and forms an inactivated ci¥ypB}Cdk1.
Although the iCycB/Cdkl is dephosphorylated Ggc25C to becomehe activated complex
aCycB/Cdk1, aCycB/Cdk1 is continuously phosphorylated and inactivated by Weel. The aCycB/Cdk1
complex has a nuclear export signal, unlike CycD/Cdk4, CycE/Cdk2, and CycA/Cdk2; therefore, it
localises to the cytoplasrmi G2 phase (aCycB/Cdkd (Takizawa and Morgan, 2000)hen it dives
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the progression tadhe M phasewhere chromosome condensatiois causal by aCycA/Cdk2 (Furuno
et al., 1999; Gong et al., 2007). In M phase, aCycBgdkansport to the nucleus (aCycB/Cdk)
mediated by Cy8, followed by chromosome condensation and nuclear breakdown (Li et al., 1997,
Kong et al., 2000). After tha\PC/C*?°js formed when the anaphase promoting complex/cyclosome
(APC/C) binds t€dc®, followed bythe activation of aCycB/Cdkl, and forms activated APCAZC,
The degradation of securin, CycA, and CycB promotedtivate APC/€?°induces several reactions
to exit from M (Castro et al., 2005). The degradation of CycA inactielgsA/Cdk2 andhe
degradation of CycB inactivates aCycB/Gghktat activates APCA®HL Activated APCA®! promotes
degradation of CycAand that inactivaes aCycA/Cdk2, degradation of CycB taht inactisat
aCycB/Cdkil., andthe degradation of Cdc2that inactivaesAPC/E*2% APC/€2°and APC/€"both
inducethe exit fromthe M phase bya sufficient decline in aCycB/Cdkd which markshe completion

of cell cycle progression (Xu and Chang, 2007).

The kinase activity of both aCycA/Cdk2 and 8Cydk1 is inhibited by bindirtg p21 when the DNA
damage occugthat blockesthe activation of APCAE?°(LaBaer et al., 19973s shown in Figues.10
(B) and 3.10 (A).
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Figure 3.11 G2/M and M/G1 transitions artie DNA damage sigrling pathway

(lIwamoto et al., 2011)
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In the DNA damage sigrisdg pathway when DNAIs damagel, both ATM and ATR (ATM/ATR) are
activated by DNA damage signal transductieigure 3.11 (B)The ativated ATM/ATR phosphorylates

and activates both p53 and Chkl. Trangwipal activation of Mdm2, p21, and 13to ° K IsLILIS y
through activated p53. There is a negative feedback loop between p53 and Mdm2 sactivated

form of Mdm2 promotes degradation of p53. That negativigdbackproduces oscillatory dynamic
behavious for both p53 and Mdm2 (Lev Ba@r et al., 2000; Batchelor et al., 2008).

The activites of aCycE/Cdk2, aCycA/Cdk2 and CycB/@dkinhibited bythe bindingof p21, which
induces G1 arrest and G2 arresespectively Cdc25C is exported to the cytoplasfier being
phosphorylated by Chk1 by B4 ° (i K I ditheActivitibnooAQycB/Cdk1, and G2 arrest is induced
as shown in Figure 3.11 (B).

Inthe lwamotoet al. model (2011) every 189 timesteps correspond to an hour in real time and 24.82
hoursis the time required for one cell cyclevhich approimately equal to about 24 durs,the time

required for one cell cycle in normal mammalian cells. Temployed the XPPAUToftware
(Ermentrout, 2002) to simulate the model and they used a siimglependent v&lA | 6 £ S G5 b ! RI
aAdylt 655{0¢ G2 NBLINB@tBeymddebithout BNAYamade ¢PDE A WIo (i X
calculate the time course of several cell cycle regulators, total CycE (tCycE), total CycA (tCycA), total
CycB (tCycB), aCycE/Cdk2, p27, AR€/Ccdc20. The resukbown in Figure 3.1%ere in good

agreement with experimentally observed data.

20 T T T 1
APC/C' dc20
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Time (h)

Figure 3.12 Time courses of several cell cycle regulators from a simulation run using the Iwamoto
model 2011 without DNA damage (lwamoto et al., 2011)
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Secondyy, they ran the model with four levels of DNA damage DDS = 0l6@2damage), DDS = 0.004
(mediumdamage), DDS = 0.0d8gh-damage), and DDS = 0.08&dessdamage). The resul{§igure

3.13 have showmyood agreement with experimentally observddta.
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Figure 3.13 Time courses of several cell cycle regulators from a simulation run using the Iwamoto

model 2011 with different levels of DNA damag@) low-damage where, DDS = 0.002
(b) medium-damage where, DDS = 0.00¢) high-damage where, DDS =0D8
and (d) excessdamage where, DDS = 0.0{le&vamoto et al., 2011)
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In this chaptemwe have givera brief review of biological backgrounespeciallythe cell cycle with
greaterconsideation and focuse orthe G1/S checkpoint pathway and DMAmage pathways a&s
complex systermm The biological backgrourdhve given through four sectionSection 3.1 givea brief
review of a cell general review; Section 3.2 discddke cell cycle, the regulation of the cell cycle,
(DNA damage and cancer)dathe G1/S checkpoint; Section 3.3 presmhthe details of the G1/S
checkpoint and models. Section 3.4 discustee DNA damage signalling pathway and the cell cycle
regulation (integrated between G1/S and G2/M) model of Iwamoto et al. (2011).

Inthe next chaptemwe extractthe base model for our research frothe Iwvamoto 2011 model and we
validate the base model to be suitds usefuland,we discuss a new reduction approach and we apply

this approchto the base model to prove the eff@icy for thisreduction approach.
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Chapter 4
Model ReductionMethod Based on a Hierarchy Representation and

Lumping

The pevious discussiamhave focused ora brief review othe biological backgroundn this chapter
the base model was extracted from theamoto model 2011hen, we proposea method to simplify
biological networks based on hieraichl representation and lumping. We use the base model that
present inSection4.1 (G1/S checkpoint pathway and DNA damage pathways madef complex

system & a case study to apply our new reduction approach.

This chapter is orgasgd as followsSection 41 presents thebase model Section 4 presentsthe

methodolgy Section 43 presentsthe application of thanodel reduction method.

4.1 DNADamageSdgnalling Pathway Integrated with the G1/SCheckpoint
Pathway as theBaseModel

After we hadookedbackat previous reports (Lev B#r et al., 2000; Tashima et al., 2004; Tashima et
al., 2006; Iwamoto et al., 2008) and reimdthe lIwamoto et al.(2011) paper abouthe DNA damage
signdling pathway and whole cell cycle regulatiave extraced abase model from Iwamoto et al.
(2011) a novel model that presemtd the DNA damage signalling pathway integrated with G1/S

checkpoint pathway as shown in Figur1.

The model consistd of 35 dependent variables and 92 kinetic parameters (see Appendix B). Both initial
conditions and kinetic parameters in the our model were estimated based on values described in
previous reports (Lev B&r et al., 2000; Tashima et al., 2006; lwamotolet2008; lwamoto et al.,
2011).
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Figure4.1 G1/S transitions and DNA damage sitfjivay pathway

In our modelin the normal cellG1/S CycD is synthssil and G1 progression is initiated. The activated
binary complex CycD/Cdkibrms when CycD binds to kH The CycD/Cdk4 complex phosphorylates
Rb bound to E2F, which generates the hypophosphorylated ,fdRimPP. Furthermore, the
hyperphosphorylated form (RBPP) is generated when {RIPF is phosphorylated by both CycE/Cdk2
and CycA/Cdk2. RPPP disassociatéd®m RBPP/E2F and E2F is activated. The transcription of CycE,
CycA, Cdc25A is activated by E2F,taigds required for DNA replication. CycE binds to inactive Cdk2
molecules to fornthe inactive complex CycE/Cdkzand CycA binds to inactive Cdk2 nunikes to form

the inactive complex CycA/Cdk2 (lwamoto et al.,, 2011; Alberts et al., 2015). Activated binary
complexes CycE/Cdk® and CycA/Cdkg, form after Cdc25A dephosphorylates and activates the
corresponding inactive complexes. The further dissociation eéPIRP and E2F aride concomitant
activation of E2F is the result of phosphorylation offEbby both CycE/Cdk2and CycA/Cdkp. The
postive feedback loop betweethe two types of Cyc/Cdk complexes ahé Rb/E2F complex plays an

essential role in G1 progression. Initiating DNA replication and driving the progresien3ghase
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happen by sufficient expression of both E2F and CycE/g.dkRer completing DNA replication during

S phase, CycA/Cdkpromotes the degradation of E2F that reduces the synthesis of Cyctheind
formation of CycE/Cdkg, which causes progressionttee G2 phase. Regulation of G1/S progression
depends on threeCdk inhibitors (CKIs), p16, p21, and p27. p16 inhibits the activation of CycD/Cdk4,
and both p21 and p27 repress CycE/Cgkand CycA/Cdkg (lwamoto et al., 2011; Alberts et al.,
2015) as shown in Figuré.1.

When DNA is damaged, various protéinases are recruited to the site tfe damage and
initiate a signdihg pathway that causes celjcle arrest. The first kinase at the damage site is
ATM/ATR, depending on the type of damage. Additional protein kinases, Cakddand Chk2,
are then recruited and activated, resulting in the phosphorylation of the gene regulatory protein
p53. Mdm2 normally binds to p53 and promotes its ubiquitylation and destruction in proteasomes.
Phosphorylation of p53 bloskits binding to Mdm2; as a result, p53 accumulates to high levels
and stimulateshe transcription of the gene that encodésr the CKI proteiip21. p21 binds and
inactivates GASCdk and €£dk complexes, arresting the cell @1 (Iwamoto et al., 2011; Alberts

et al., 2015).

We edit the equations to make the model suitablerépresent the DNA damage signalling pathway

integratedonlywith G1/S checkpoint pathwathe changesre shown inTable4.1.

Table4.1 Changesin the model equations

No | Eguation Termremowed Reason
1 dYs/td K9V (1.a) The initial value of aRByb equals zero and it
Yai= aBMyb form from ac_tlvates iBMyb .WhICh the initial value
CycA equals zero, iBAyb synthesis induces by E2F wh
the initial value equals zero (lwamoto et al., 2011).
the effect of this term is closed to zero through t
Gl/s.
K75¥, (1.b) The initial value of N¥ equals zero and
Vo= NEY activated at the late S phase to G2 phase
% aCycA/Cdk2 (Chae et al., 2004).
K126Yo (1.c) aAPCRE2P A 1 Qa F2NX | {

Y4g= aAPC/@CZO

activates by aCycB/Cdkd after forming from
complex/cyclosome (APC/C) binds to Cdc20 to fi
APC/C2(Castro et al., 2005)

K127¥
Y51= aAPC/@“l

(1.d) aAPC/" activates when the degradation ¢
CycA and CycB inactivates aCycA/Cdk2
aCycB/Cdkil. at the late M phasgXu and Chang
2007).
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2 dYs/dt K14Yo(Yae + ¥1) (2.a)for reason (1.c) and (1.d)
— c20
CDK2 Y= aAPC/€
Y51= aAPC/EE“l
K15¥%(Yas + ¥2) (2.b)for reason (1.c) and (1.d)
Yao= aAPC/g¢20
Y51= aAPC/EE“l
3 dYs/dt K15(Yo + Y1) (3.a)for reason (1.c) and (1.d)
— c20
iCycAICDK{ Yoo~ @APC/E
Y51= aAPC/EE“l
4 | dyo/dt K14Yo(Yas + ¥1) (4.a)for reason (1.c) and (1.d)
— c20
aCycA/CDK Vi~ @APC/C
2 Y51= aAPC/E’ihl
5 dYis/dt K104Yo (5.a) p21/CyciEdkl forms at late S phase when p
221 Yae= p21/CycB/Cdk1 bind to aCycB/Cdk1 (Takizawa and Morgan, 2000
K103¥; (5.b) aCycB/Cdkl formsin M phase (Li et al., 199]
Yes= aCycB/Cdkde Kong et al., 2000)

After the base model for our researéhready we calculated the timesteps required for GM&ich

were approdmately equal to 12.32 burs (Ohtsubo et al., 1995) in real timevhere every 189

timesteps corresponsito an hourandthat mearswe needapproximately2330 time steps to simulate

Gl/S.

To evaluatéhe base model we simulated it with and without DNA damagel we comparethe base

model results withthe lwamoto model 2011 to be sure the base mode&lsuseful for a particular

purpose andwas applicable to answering a specific set of qimss. We used Microsoft Excel

spreadsheets with Visual Basic for Applications (VBA) to simthatdase model androm the

simulation we analysed the results.

.1 Aa

aAONRaz27FGQa

YI ONR fFy3dz 38 F2NI ILMBAA OF G A

is based on the visual basic (VB) language. VBA ig teatiired language that has all the aspectsof

modern computer languag®lodelling with VBA provides maximum effectiveneshesimulationof

biological systerm Excel VBA provides mamgipful featuressuch as: spreadsheets for data input and

output, VBA development environment, datasetalysis toolsgraphs andables, etc.) andtatistical

functions for summaraising data and resyBotchkarev, 2015; Rossetti, 2015).
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First, we an the base model without DNA damage (DDS = 0) to calculate the time course of several
cell cycle regulators. The resuftiown in Figurel.2 are in good agreement wittthe original model

results(Figure 3.12) that accordingly Iwamoto et al. (2011) folloexperimentally observed data

0.0112

0.0096

10 0.0080

0.0064

CycE/Cak2P

0.0048

Concentration

0.0032

Concentration of p27/CycA/Cdk2-P

0.0016

Figure4.2 Time courses of some chemical specieshia G1/S phase without DNA damage from a
simulation run using the base model

Secondy, we an the base model with four levels of DNA damage DDS = d@@zlémage), DDS =
0.004 (mediumdamage), DDS = 0.00@dh-damage), and DDS = 0.0Exdessdamage). The results
were in good agreement withhe original modelthat was alrady in agreement with experimentally

observed data.

If no DNA damage has occurred, the p21 and p53%tgin stead and low leyels shown in Figuse

4.3 and4.4. DNA damage leads p53 activation that induces p21 (Yu et al., 1999). The role of p21 is
to inhibit the activity of CDK teffect cell cycle arrest through inhibition of phosphorylation oft®b
keep E2F inactive (Campisi & Fabrizio, 2007).

With the removal of DNAlamage, the negative feedback loop of p53 and Mdm?2 is fully restored and
p53 returns to a low level. The decrease in p53 reduces the level of p21, which releases the complexes

of CycECDK2 and CycA/CDK2 (Ling et al., 2013) as shown indddaed4.4 when DDS=0.004.
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Figure4.3 Time courses of p21 ithe G1/S phase with and without DNA damage from a simulation
run using the base model

Forthe high DNAdamage in DDS=0.008, the time courses of p21 andrp@ G1/S phasare shown

in Figurs 4.3 and 4.4. The activated p53 showed oscillation, whictasnin agreement with
experimental obserationsby Lev BaOr et al. (2000), Lahav et al. (2004daBevaZatorsky et al.
(2006). When DNA was damaged, the Eddfnage signal sequentially activates p53 and Mdm2. The
activated p53 also can promote the synthesis of piich playshe role of CDK inhibitor. Since p21
binds to both CycE/CDH2and CycA/CR2KP to inhibits the phosphorylation of Rb, the activation of
E2F is delayekere as well
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Figure4.4 Time courses of p53 ithe G1/S phase with and without DNA damage from a simulation
run using the base model
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4.2 The Methodobgy

Reducinghe model ofa biological network to a simptene using a reduction method in this research
involvesthe following tasks: (i) Understam the protein interactions involved in the biological
network; (ii) Represenngthe biological network as a hierarighrepresentdion; (iii) Determinngthe
key elements in the biological network and fingthe acceptable key element numisthat can be
lumped (AKEL)and(iv) Introdudng different levels of lump formationThis taskis divided into two

subtasks:first, determiringthe lumps at each levehndsecondy, rewritingthe equations.
4.2.1 Understand the Protein Interactions Involved in the Biological Network

Understanding protein interactions in this study involves understanttiegystens dynamics in the
biologicalnetwork regulation of signal transductipthisinvolves protein-protein interactions witha
focus on complex proteins arthe movemens from level to level irthe presentationof protein-

protein interactiors.

Deriving a formal abstraction of the system is the crufifat step in amodelreduction process. It
includes definition of akhspects of thesystem: components of the system and the form of molecular

interactions in the network.

In a general formsuppose a system consists nfchemical species with concentratiold, Y2, ..., Yn
participating in the reactions. The rate of change of concentration of all participating chemical species

can be written as:

A9 E . < C
e QophixB e 0@ Yo »1Q _ XhphigB hid €Q 0 £
y

Whendt becomes very smaffrom Taylor series expansipdisregarding higher order termthe new
state of the system after a small time incremgntican be rewritten as:

Oa Yo 0@ QOphix fyeYo 18

whereY; is the node output,fiis the activation function of node, f; describes how Y; values change

with time as a function of its current state and inpuasd can be described by nonlinear equations.

64



4.2.2 Represening the Biological Network as a Hieraraal Representation

The second stejs to convert the biological network frora flat to a hierarchical representationto
allow different levels of lumping (many levels of abstracti@aopm in and zoom outDrawing the
interactions in the biological network as a heiraoagimap hels us visudly decide which elements

canbe lumped together andto figure outdirectlywhich equations cotine together efficietly.

The natureof the systemits hierarchical strueire. Ths meansthat the lower levelentities form the
components othe higher levelentities of and theras a partwhole relationship betweerthe lower
and higher levels of the system. As a redutim this hierarchythere is a reductiorthat can bedone

between each higher and lowéavels withdifferent levels of reduction.

The most important characteristic of a biological network is that it contains complex protins.
complex protein is the result of a protein binding to another protein or moksuf another
substance. Individual proteins can participate in the formation of a variety of different protein
complexes. Different complexes perform different functions, and the same complex can perform very

different functions that depend on a variety factors.

In any biological networkhere are many forms of protein complexes thae divided into different
levels. The digion process depends othe number of moleculs within each kind and the binding
relationsbetween these proteins to create corngx proteirsin the upper levebf abiological network.

This divsionmethod can be applied to represent all biological protein networks. The general rule to

calculatethe level number of proteiaL(Yj) isasin Eq. (4.3).

DO YOQ p &

where RYi)the rank of protein complex formation asEq. (4.4).
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In level 0 we put all single proteinsevel 1 contais double complex proteis) which represergtwo
single proteins binding tagher. Level 2 contais triple complex proteis, which represert three
single proteins binding tagher. Level 3 contais quadmuple complex proteis, which represergfour

single proteins binding tagher and so on.

The steps to conved flat biological networknto a hierarchcalbiological networlare as follows
1. Determine therank of protein complex formation R(Yi) iasEq.4.4, such as single R(Yi) =1,

double R(Yi) =2 ... etc.
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2. Find the protein complex formation level L(Yi) in the mregin Eq.4.3, based on the rank of
protein complex formation R(Yi).
3. Drawthe species into levels.

4. Add the interactions between species.

4.2.3 Determine the Key Elements in the Biological Network and Find the Acceptable Key
Elements Numbethat Can be Lumed (AKEL)

Any biological network tekey elementsthat, mark the start of the process,the completion ofa
process progression, specifiobalance or the occurrence of a particular disease. For this reason,
these key elements need toe kept out of the lumping process asiuch aspossible to maintaithe
biological meaning of the moddhe reduced modethus produceds useful for a partigdar purpose
and is applicable to answering a specific set of questions.

This reduction methodenableskeepng key elements out othe lumping process or to lump key
elements with otherlements,but the percentage of the key elements lumped must not exceed 10%
of key elementsn the systemWe suggested 10% in this reduction method to be sure the reduced

model still contains 90% of the key elements.

To find the acceptablaumber ofkey elementghat can be lumpd (AKELsasin Eq. (4.5).
50000 6 & HRWAGH Qa ‘Q%p—bni @

4.2.4 Introduce Different Levels of Lump Formation

This tasks dividedinto two subtasks:first, determine the lumps at each leyelnd,secondy, rewrite

the equations.

4.2.4.1Determine the Lumps at Each Level
In this step we must applya graph partition process. The graph partition procésslefined as

partitioninga Gaph, G into smaller components vhitspecific properties.

Consider &&raph G = (V, E), where V denotes the set of n vertices and E the set of edges. Partition V

into k parts (suksets) F1, F2, ..., Fkuch that the parts are disjoiat!.
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We needo convert the graphinto amatrix. For a gvenGraph G and itsadjacency matrixA as shown
in Figure 4 A and B, the rowsof the matrixrepresent the childresand the columns represent the

parents.

An entryA;implies an edge between nod&sandY;, where each entry ofy;, represents the dgree of

parentY; node toY; node.To findAjis as Eq. (4.6).
5 0ol OQ 0OQ EHET EOEBAORED T AA  1®
T hi OEAOxEOA

Two more arrays are needed: Array L netdcontainthe level number of all nodes in the protein
complex formation map graph. Another art&/needto containthe status of all nodes in the protein

complex formation map graph, whef&find as Eq. (4.7) as shown in Figure 4.5a and b.
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Figure 45 (a) Multiple levels of protein complex formation magsraph G; (b) Adjacency matrixA
for Graph G, Lvectorfor node level and Sectorfor node status

In the lumping procesdt is important that there is no overlap in scope between different lumps. This

overlap could result in duplicated represatibnsor missng interactionsregardingresponsibility and
activity. Suctan overlap could also cause confusiabout thebiologial network reduction. For this
reasonwe must take caref joint proteinsand key regulator protem Aproteinis @lledajoint protein

if it has a two parergor more, as shown in Figure @a and, b where, protein Y2 is joint protein.

67



fl ~ bl

(v4 (vs ~r
\ /() ? X
/
X ﬂ@@m@ﬁ

Figure 46 Examplesf joint proteinsin a protein complex formation map graph

Furthermore, in the cell cycléhe progress ofhe cycle is regulated by a family of protein kinases called
cycinRSLISY RSy G 1Ayl &S&8 6/ R1a0 [/ Rl m3nspeBificprateins & n X
and off at appropriate times in the cell cyckor this reason, thesare calledkey regulator proteis.

Joint proteirs and the key regulator protemare kept out of the lumping process to maintaithe

biological meaning of the nutel.

The algorithm to partition multiple levels tife protein complex formation map into k parts (ssbts)

to determine the lumps at each levislas follows:
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NKEL=0 ‘Number of key elements lumps
Insert the level number of abstraction
For each node in this level
{  IF node is key node:
{ IF NKEL < AKEL
{ Create lump set
Insert node to the set
NKEL = NKEL +1

Take all children’s of this node and call Test_Node for each node

}
Else

{ Create lump set
Insert node to the set

Take all children’s of this node and call Test_Node for each node
}

Test_Node(node)
{ IF node is key node:
IF NKEL < AKEL
{ Insert node to the set
NKEL = NKEL + 1
}
Take all children’s of this node and call Test_Node for each node
Else IF node is not (joint node OR key regulator node):
Insert node to the set
Else IF node is lump
Insert lump to the set

Check if the lump in another set Then join the two set in one set
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4.2.4.2Rewrite the Equations
The umping process reflestthe differential equations for the modeloptimise). The optinsation
process considaertheinitial conditions (concentration of all lumps t&0), the kinetic parameters and
the mass balance equations tife ODE mathematical modeé\lany stepsare needed tooptimise the

ordinary differential equations (ODES) to be suitable thoe reduced model after lumping.

1. Find the concentration for each lump &0; as follovs:

QR OQ VUM BROM T g ]]

2. Find thepartial concentration for every sped@cluded in the lump att=0; as follows:

L, ©Q -
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3. Write the equationfor the rate change ofoncentrationof each lump (mergéU)the
equations of the species includé the lump) as follovs:

QORQ®Q ol e 00 ® T
Q6 Qo ®

4. Simplify the equation by handlireach term asn the following cases:
i.  Akinetic parameter term thas not related to any speci keesits valuethe same with

a new name.
For exampleK1in the original modebecomesB1

ii.  AKinetic parameter term that relagto one specisbut is notincluded in any lumpkeeps
its value the same with a new name.
For exampleK1Y4n the original modebecomesB1Y5

iii. A kinetic parameter terniKnthat isrelated to one speci Yincluded in a lump changes

its valueinto a new valuavith a new nameBn,calculatel as follows:

6¢ 0EOQD DI MA0Q 1§ p
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Then rewrite the term with the new kinetic parameter related to the lump.
For exampleK1Y5whereY5~¥  &becomeBlF]lwhere B1=K1*Y5P
iv. A kinetic parameter term thasrelated to two speciesiot included in any lum, keegsthe
same value in a new name.
For exampleK1Y1lYbecomesB1lY1Y5
v.  Akinetic parameter term thasrelated to two speciesne ofwhichisincluded in a lump

changeinto a new valuavith a new namecalculatel as follovs:

6 VEOQOI VM MNVOQ ¢

Then rewrite the term with the new kinetic parameter related to the lump.
For exampleK1Y5Y3whereY5"  egomeB1lF1Y3whereB1=K1*Y5P
vi. A kinetic parameter term thais related to two speciesvhen both areincluded in aone

lump; changesinto a new valuevith a new namecalculatel as follows:

6& 0VLEZOQOAD Vi @Dy 0Q o

Then rewrite the term with the new kinetic paranegtrelated to the lump
For exampleK1Y5Y3whereY5,Y3"  EewomeBlF1lwhereB1=K1*Y5P*Y3P
vii.  Akinetic parameter term thasrelated to two species.dehspeciaincludal in adifferent

lump; changesinto a new valuavith a new namecalculatel as followvs:

6 VLEEOOAD VM DO’ GN "Oi Pt

Then rewrite the term with the new kinetic parameter related to the lump
For exampleK1Y5Y3whereY5" &,68 o “oec&ngeB1F1F2where B1=K1*Y5P*Y 3P

Note: In the next level of lumping every lurigmainpulated as a specie

5. Replace the new formula @fie term with the old one wherever it is found in the equations.
6. Simplify the lump equations by deieg or replaceng the opposite terms (positive and
negative) asn the following cases:
a. The term containg kinetic parameter related to the lump only. Delete the opposite
terms (positive and negative).
For exampleB3F1¢ B3F1 delete the two terms.

b. The term containsi kinetic parameter related to the lumanda species. Replace the
opposite terms (positive and negative) with one temams follows:
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6 &2 OO 6 & OOV QR aus@idh &2 Q DN R0
where dYi=Yi(%) Yi(t1) , tas timestep

For exampleB3Y5FL B3Y5F1Replace witlB3dY5F1

Note: we useeightdecimal digits for parameter valaéor greateraccuracy.

4 3 Model Reduction Method

In the previous sectionwe described the steps to simplify biological networks in general. In this
section we apply the method to clarjfthe stepsinvolved We use the base model thataspresented
in Section4.1 (G1/S checkpoint pathway and DNA damage pathways model) as a complexssystem

case study to apply our new reduction approach.

4 .3.1 Understandthe Protein Interactions Involved in the Base Model

Understanding protein interactions involves understanding system dynamics in the G1/S checkpoint
pathway andhe DNA damage pathway base modeinvolvesprotein-protein interactions vinerethe

focus oncomplex proteinssconsideed thefirst step inthe modelreduction process.

The system and the form of molecular interactions in the netvarkdescribedm the section on the
base mode(Sectiord.1).

The base modebls shown in Figure A.shows the reaction scheme of the proposed model, which
integrated the G1/S model and the DNA damaggnaling pathway. The model consists of 35

dependent variables and 92 kinetic parameters (see Appendix B).

72



GFSN/E—
K_'-'Fﬂl
(it
(pcatan (4 R
T . L i ATMIATR 1)
E 4 ", ChilP
| N |
| |
B |
|
i |
M L B |
: & : |
OO I O—— -)@-chi@ |
................. ;L g : : - |
Y i\|wtﬂk\ '@N : i |
pLI/Cyck/C2-P : . ! -
C__J-) ! A ! pzuwca@ |
(,.E;I;F;ft_du-' ) i “il R E.uuu.uuu?u?.: ..................... 5 |
— i 5 (il |
c@u Y : |
— o i [— |
N s, A S -
—3 Reversible ] | |
3 rreversible | | S S ——— |
------ 3 Activation |
— - Infiition e m e o -

Figure 47 G1/S transitions and DNA damaggnalling pathway base model

As shown in Figure A.the interactions number 88 betweethe G1/S elements. These interactions
have 1l associations, 10 disassociations, 8 phosphorylation,-ghdsphorylation, 11 syntheses, 13
degradations, 24 activations and 5 inhibitions. These statistics of interactios ityplee base model

areshown in Figure 8.
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The Base Model Interactions
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Figure 48 Statistics of int@action types on the base model

Table 42 shows the biochemical meaning tbfe kinetic parameters irthe interactions map and the
effect on the specig in the base model. In general, approximately%2of the interactions are
independent interactios for proteins (synthesis and degradation), %f the interactions depend on
binding and unbindng relations (association, disassociation, phosphorylation and- de
phosphorylation), and 3 of the interactionsdo not depend on binthg and unbindng relations

(activation and inhibition).

Table 42 The biochemical meaning of kinetic parametersan interactions map and the effect on

the species of the base model

No. | Arrow Meaning Effect

1 ——> | Y/nthesis Increase

2 < Degradation Decrease

4 ——2>» | Association Decrease/Increase
5 — Dissociation rate Decrease/Increase
6 — Phosphorylation rate Decrease/Increase
7 S De-phosphorylation rate Decrease/Increase
8 —m———D Activation Increase

9 -——— Inhibition Decrease
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For greater understanding of thedynamics of theG1/S checkpoint pathway and DNA damage
pathways base modeglve look at the system from another angle (consider the flow and feedback).
Proteins concentratiomchange over time through the interactions (inflow, outflowhe fows are
synthesis, degradatign association, disassociation, phosphorylation and-pHdesphorylation,
activation (synthesis by) and iitition (degradation by)as shown in Figure @.However, a protein

concentration is the present memory of the history of changing flows within thesys

+ —
inflow o Protein outflow
p— Concentration q
activation degradation
synthesis inhibition
association

disassociation

phosphorylation de-phosphorylation

Figure 49 Protein concentration flow diagram

In protein networks, the interactionare designed to raise or lower protein concentrator to keep
them within acceptable ranges. As shown in Figuie @1/S transitions and DNA damage signalling
pathway base model is a collection of proteins along with the mechanisms for regulating theofevels
the protein concentratiosby manipulating flows (a collection Weedback process€sthismearsthe
systemruns itself by feedback processé®edback processese fundamental to all life and human

systems.

Feedback loops can cause protein concentraimnmaintain their leved within a rangeor grow, or
decline.This meanshe flows into or out of protein are adjustetlie tochanges in the concentration

of the protein itself. Whtever is monitoring the protein concentration level begins a corrective
process, adjustinghe rates of inflow or outflow (or both)thus changingthe protein concentration
level. Understanihg these feedback processé®lpsexplairs the mechanism®f regulaton of the
G1/S checkpoint and answshese questions: Howare biological networks designed to avoid some of
the traps/problems that systems thi cell interactions have? How do they avoid some extremes and

stay within satisfactory bounds without destroying themselves?

As shown in Figure ¥0,a common kind of feedback loop stakals protein concentration levgl as

for examplethe relatiorsbetween Chkl and Chik2. The concentration levaadf Chk1l and ChkB may
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not remain completelyixed butdo stay within an acceptable range through phosphorylation and de

phosphorylation interactioa This is known asbalancing feedback.

—

de-phosphorylation

phosphorylation

V30 V31
» i (e —

Figure 410Balancing feedbacloop between Chkland Chk:P

The relation between Cdc25A and CdcE58 another examplef balancing feedbadioopin the G1/S
checkpoint pathway and DNA damage pathways base magahown in Figure #1.
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phosphorylation
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Figure 411 Balancing fedbackloop between Cdc25A and Cdc25RA
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The second kind of feedback loopais unbalancing feedback loop thé found wherever a protein

concentrationcanreduce orincrease As shown in Figure2, the feedback includes five proteins (Rb,

RbPPP, E2F, FRP/E2F and Rb/E2F).

|-'1 -} A
- -
l de-phosphorylation
Y24 > Y23 21
e Rb I Rb-PPP Rb-PP/E2F |
T
disassociation
association ' . Y20 Phosphonvetion
A Rb/E2F  [===P
Y22
__h.
E2F |

Figure 412 Unbalancingfeedback

Inreal systems, feedback loops rarely come in a simple form. Qftepcome in multi-level (complex

form) andare extended as shown in Figure 43. In this feedbackfive proteinsare included in the

feedback regulation mechanism whiles shown in Figure 41the feedbackis extended to include

seven proteins in feedback regulation mechanidiis proves two pointsfirst, in understanding all

feedbacls in the system it is very iportant to understand the regulation mechanism in the system

and how the system wogk secondy, our need to represent the system as a hieraceth

representation because the biologiclstemis a multi-level system (hierarabalby nature).
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In another example from the base moded ahown inFigure 4.5, the feedback to regulate the
concentration of CycD, CycD/Cdk4, p27/CycD/Cdk4 and p21/CychvCldikkes seven proteins (CycD,
Cdk4, p21, p27, CycD/Cdk4, p27/CycD/Cdk4 and p21/ CycD/Cdk4).

4.3.2 Represening the Biological Network as a Hierdnizal Representation

As mentioned inSection 42.2, four stepsare needed to converta flat biological networkinto a
hierarchcal biological network. Table 4.2 shows the rank R(Yi) and the level L(Yi) for all proteins
included in the base model. The table is output of step one and two and calculate rank R(Yi) and the

level L(Yi) by eq. 4.4 and eq. 4.3 respectively.

Table 43 The rark R(Yi) and the level L(Yi) for all proteins included in the base model

No. | Spice Protein Name R(Yi) L(Yi)
1 Y1 |CycD 1 0
2 Y2 CycE 1 0
3 Y3 | CycA 1 0
4 Y4 | Cdk4 1 0
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5 Y5 Cdk2 1 0
6 Y6 CycD/Cdk4 2 1
7 Y7 | CycE/Cdk2 2 1
8 Y8 | CycE/CdkP 3 2
9 Y9 | CycACdk2 2 1
10 Y10 | CycA/CdkP 3 2
11 | Y11 |p27 1 0
12 Y12 | p27/CycD/Cdk4 3 2
13 Y13 | p27/CycE/CdkP 4 3
14 | Y14 | p27/CycA/CdkP 4 3
15 Y15 | p21 1 0
16 Y16 | p21/CycD/Cdk4 3 2
17 | Y17 | p21/CycE/CdkP 4 3
18 | Y18 | p21/CycA/CdkP 4 3
19 Y19 | pl6 1 0
20 Y20 | Rb/E2F 2 1
21 Y21 | RbPP/E2F 3 2
22 Y22 | E2F 1 0
23 Y23 | RbPPP 2 1
24 Y24 | Rb 1 0
25 | Y25 |ps53 1 0
26 Y26 | Mdm2 1 0
27 Y27 | ATM/ATR 1 0
28 Y28 | Cdc25A 1 0
29 Y29 | Cdc25AP 2 1
30 Y30 | Chkl 1 0
31 Y31 | ChkiP 2 1
32 Y32 | NRY 1 0
33 Y33 | BMyb 1 0
34 Y34 | BMyb-P 2 1
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In Sep 3 we draw species into levels and add interactions between spec8egpid, as shown in

Figure 4.8.
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Figure 4.8 Hierarchcalinteractions map for the base model
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4.3.3 Determine the Key Elements in the Biological Network and Find thenber of
Acceptable Key Elementbiat Can be Lumed (AKEL)

In this task, we want to determine the key elements in the base model and calculateithieer of

key elementghat can be lumpd. Based orections 3.3 and 3.4the base model containsine key
elements (CycD/Cdk4, CycE/CakZycA/CdkP, p27/CycD/Cdk4, p27/CycE/Cdk2p21/CycE/Cdk2

P, p21, E2F and p53)here eachmarksa specific pointevent or can beused to answer a specifiset

of questions. These key elements needtkept out of the lumping processf possible to maintain

the biological meaning of the model and to be stinat the redued model is usefullable 44 shows

the key elements in the G1/S model and the DNA darsagedling pathway and their functions.

Table 44 Functions of key elements in the base model

No.

Spice

Protein Name

Functions

Y6

CycD/Cdk4

There are two functionsef CycD/CDK4 complex:

1. To initiate the phosphorylation of Rb bound to E2F to obtain
hypophosphorylated form (RBP/E2F).

2. To keep CycE/CDK2 in active form by

(i) Binding with free p27 to form the complex
p27/CycD/CDKA4.
(i) Isolatng p27 from p27/CycE/CDK2.

Y8

CycE/CdkP

The activated form of CycE/CDR2 results in furthen
hypophosphorylation of RBEFE2Fto promote dissociation of Rb
PPP and E2F and release E2F.

Y10

CycA/Cdk®P

CycA/CDKP drives a negative feedback loop to inhibit the
activity of E2F bphosphorylating E2F for its degradation.

Y12

p27/CycD/Cdk4

Break cell cycle

Y13

p27/CycE/CdkP

Break cell cycle

Y15

p21

Plays arole when DNA damage happgmp21 binds to CycE/Cdk
P and CycA/CdkR, repressing their activity, which induces
arrest.

Y17

p21/CycE/CdkP

Break cell cycle

Y22

E2F

The increase in level of free E2F promotes the synthesis of

which facilitates the association between CycE adk?Go form

more of the complex CycEd&2. This results in increases in E
activity and establishes a positive feedback loop between E2R
CycE.

Y25

p53

Plays arole when DNA damage happemhichactivates p53that
induces transcriptional activation of Mdm2 and p21.

82



The base model contains two joint proteins (p27 and Eid two key regulator proteins (Cdk2 and
Cdk4) as shown in Figure 4/1The key elementareidentified bythe thick black border anthe joint
elementgkey regulator elements witka thick red borderNote: p21 is a keglementand in the same

time itisa joint element in the base model.
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Figure 4.7 Key elements, joint proteins and key regulator proteinsarhierarchcalinteractions
map for the base model

To find the acceptablaumberof key elementghat can be lumpd (AKEL) we used Eq. (4.5).

where:

AKEL =9 *1/10
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Depending on the value of the variable AKEL, we can lump only one key elemgmtot more so

that the percentage of key elements luegbis not more than 10%.

4.3.4 Introduce Different Levels of Lump Formation

In this section, we apply two sutasks to introdue different levels of lump formation.

4.3.4.1Determine the Lumps at Each Level

To determine the lumps at each level weneerted the graph of hierardbalinteractions map to three

matrixes:
a) Adjacency matrix Aas shown in Figure 481
b) VectorL, as shown in Figure 401

c) VectorS as shown in Figure 20.
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Figure 4.8 Adjacency matrix A for the base model graph G
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Figure4.19 VectorL for node level for the base model graph
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Figure4.20VectorS for node status for the base model graph
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After appyingthe algorithm to determine the lumps at each level hadthe following:
i. Levell lumping:

As shown in Figure 21, there are seven rectangles, each regeating aconcept,which is a lump
where:

- F1 lump contains Y1 (CycD) and Y6 (CycD/Cdk4). CycD/Cdk4 is key 8lepwrding on the

value of the variable AKEL, we can lump only one key element.

- F2 lump contains Y2 (CycE) and Y7 (CycE/Cdk2).

- F3 lumpcontains Y3 (CycA) and Y9 (CycA/Cdk?2).

- F4 lump contains Y23 (R#PP) and Y24 (RDb).

- F5lump contains Y28 (Cdc25A) and Y29 (Cdé25A

- F6lump contains Y30 (Chk1) and Y31 (GRk1

- F7 lump contains Y33-{8yb) and Y34 {B1yb-P).

The number of concepts ité networkLevell equals 28 (7 lumps and 21 nodes).
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Figure 421 Network levell lumping
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ii. Level2 lumping:

As shown in Figure 22, there are sevemectangles, each representing a concept, which is a lump,
where:

- F8lump contains F1 lump and Y16 (21¢D/Cdk4).

- F2lump contains Y2 (CycE) and Y7 (CycE/Cdk2).

- F3lump contains Y3 (CycA) and Y9 (CycA/Cdk2).

- F9 lump contains F4 lumpand Y21-{R¥E2F).

- F5lump contains Y28 (Cdc25A) and Y29 (Cde25A

- F6 lump contains Y30 (Chkl) and Y31 (€EhHk1

- F7lump contains Y33 (Blyb) and Y34 B1yb-P).

The number of concepiat network Level2 equals 26 (7 lumps and 19 nodes).
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Figure 422 Network level2 lumping
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iii. Level3 lumping:

As shown in Figure 23, there are seven rectangles, each representing a concept, which is a lump,
where:

- F8lump contains F1 lump and Y16 (p21/CycD/Cdk4).

- F2lump contains Y2 (CycE) and Y7 (CycE/Cdk2).

- F10 lump contains F3 lump, Y14 (p27/CycA/cekand Y18 (p21/CycA/CdR).

- F9 lump contains F4 lump and Y21-fR0E2F).

- F5lump contains Y28 (Cdc25A) and Y29 (Cde25A

- F6 lump contains Y30 (Chkl) and Y31 (€EhHk1

- F7 lump contains Y33{Byb) and Y34 B1yb-P).
The number of concepts in the netwadtkvel3 equals 24 (7 lumpand 17 nodes).
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Figure 423 Network level-3 lumping

89



4.3.4.2Rewrite the Equations

After appyingthe steps inSection 42.4.2 to optimse the ordirary differential equations (ODES) to be
suitable forthe reduced model after lumping levd| the attributes of the reduced system is

determined.

Finding the concentration for each lump &0 is the first stepin performingthe rewrite of the

eguationsby using Eq. 8, as shown in Table &.

Table 45 The concentration for each lump at0, reducedmodel levell

Group node Value Initial value
F1 =Y1+Y6 7.53E+00
F2 =Y2+Y7 2.00E03
F3 =Y3+Y9 4.40E04
F4 =Y23+Y24 6.00E02
F5 =Y28 +Y29 1.10E03
F6 =Y30+ Y31 1.00E+00
F7 =Y33+Y34 0

In the £cond step we found the partial concentration for every spgaieluded in the lump att=0

from Eq. 49, as shown in Table &.

Table 46 Partial concentrationof every specisincluded in the lump att=0, reduced model level

Chemical " Chemical " Chemical .
. Initial value . Initial value ) Initial value
species species species

Yip 3.98E03 Y9p 9.09E01 Y30p 9.90E01
Y6p 9.96E01 Y23p 1.67E01 Y31lp 1.00E02
Y2p 5.00E01 Y24p 8.33E01 Y33p 0.00E+00
Y7p 5.00E01 Y28p 9.09E01 Y34p 0.00E+00
Y3p 9.09E02 Y29p 9.09E02

In third, fourth, fith and sixth stepwe show the steps to lump F1 in details and the samepvagess
applesto the rest ofthe lumps.

The equation that calculagthe rate change of concentratioof F1from Eq. 410isas follovs:

dF/dt = dYi/dt © dYe/dt
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After replaingdY:/dt anddYe/dt, it becomes

dF/dt= ki+ KaYel (k2 + KaYa) Y1+ KaY1Ya + K1oY16 + Ko1Y12T (K4 + K1z + KigYis + KaoY11 + KaaY19) Ye
The equation after handling each tetmecomes

dFl/dtz Bi+ BaF11 (Bz + B3Y4)F1+B3F1Y4 + BigY16 + B21Y121 (B4 + Bis+ BisYis + BaoY11 +
BaaY19)F1

Rewriingthe equation byexpandinghe brackeedterms:

dFy/dt = B1 + B4F1T BoFil BaYsF1+BsF1Ys+ BigYie + BoaYioT 4B T 11T 1f¥isFiT o1iFad
BaaY1oF1
After simplifyingthe lump equations by deletgor replaéngthe opposite terms (positive and

negative):

dF/dt= B1+ (BsdYs)F1 + B1gYie+ B21Y12T  {+BBiz+ BigYis + BooYi1 + BasaYig)F1

Forfurther simplification we replace Band Bzby one term By, where B, =B, + Bys.

dF/dt= B1+ (BsdYs)F1 + BioY1s + B21Y12T  {+HB1sY1s + BaoY11 + BasY19)F1

For initial conditions, lumps, partial elements, kinetic parameters and mass balance equations of ODE
mathematical model of the DNA damagignalling pathway and G1/S checkpointthe reduced
model levell see Appendix C.

For initial conditions, lumps, partial elements, kinetic parameters and mass balance equations of ODE
mathematical model of the DNA damagignalling pathway and G1/S checkpointthe reduced
model level2 see Appendix D.

For initial conditions, lumps, p@al elements, kinetic parameters and mass balance equations of ODE
mathematical model of the DNA damagignalling pathway and G1/S checkpointthe reduced
model level3 see Appendix E.

This chapterincluded three sections. In Section 4tlle base modl was extracted from the Iwamoto
model 2011 Then, in Section 4.2we propose a method to simplify biological networks based on
hierarchical representation and lumpiniin Section 4.3, & usal the base model that preseat in
Section 4.1 (G1/S checkpoipathway and DNA damage pathways model) as a complex system as a

case study to apply our new reduction approaclclarify the steps involved.
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Chapter 5

Results and Discussion

In this chapter, wevalidated the reduced model with the base madgistly, by compaing the
behaviour of themodel elementsandsecondy by comparingnodelresults and findngthe root mean
squared error (RMSE) and the root mean squared percentage error (RM&PE)surethat the
reduced modelvasuseful for a particular pyrose and applicable to answer a specific set of questions.

In this research, we used Microsoft Excel spreadsheets with Visual Basic for Applications (VBA) to
simulate the base model, the reduced model (leglthe reduced model (level) and the reduced

model (level3).

5.1 ElementBehaviour

In biology, every biological entity in a model must hawéological description, which should be taken
into consideration when comparing models. In other words, the meaning of the components of the

model (substances, reactions, cell compartments, etc.) must be considered (Courtot et al., 2011).

In this section, we compare theehaviourof the elements in the base model and the reduced medel

(levell), (level2) and (leveB)in terms ofthe biological meaning of each element.

5.1.1 Compason ofthe ReducedModel (levell) with the BaseModel

5.1.1.1ReducedModel (levell) Smulation without DNADamage

Figure 5.1 illustrates thieehaviourof FIQump (CycD + CycD/Cdk4) obtained from the reduced model
(levell) 6 C sufasimposed on the origin@DEsolutions(F1) The results indicatéthat the reduced
model (levell) outcomes agreswith the ODE original solutions in representing tiehaviourof F1
(CycD + CycD/Cdkahisbehavior is produced as follows in the early G1 phase the growth factors
(GFs) propagate the proliferation sigthat triggers synthesis of CycD, increasing its concentration.
The CycD produced binds to CDK4 to form the com@gsD/CDK4, keeping it in an activated state.
The CycD/CDK4 complex mdth free p27 to form the complex27/CycD/CDK4 (Obaya and Sedivy
2002). These processes reditise concentration of F1 (CycD + CycD/Cdigln Figure 5.1 andt the

same time increasethe concentration of p27/CycD/Cdk4.
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Figure 5.1 Compason betweenthe concentration history for F1(CycD + CycD/Cdk4) in
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In the mid to late G1 phase the increasdhia level of free E2Bromotesthe synthesis of CycE, which
facilitates the association between CycE and CDK2 to form more of the cor@pkl/CDK2. This
results in increas®E2F activity and establishes a positive feedback loop between E2F arfdr@yaE
increasingCycE and CycE/CdHR2is explairs the behaviour of F2 (CyeECycE/Cdk23hown in Figure

5.2 indicating that F2 concentratiancrease from the mid G1 phase to reach a high level at the end of
G1.This peak time of Ffvas consideed a boundary betweerthe G1 and S phaseA perfect

agreement between the two solutions is seen in Figure 5.2.
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Figure 5.2 Compason betweenthe concentration history for F2(CycE + CycE/Cdk2) in
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Figure 5.3 illustrates thbehaviourof CycE/CdkP obtained from the reduced model (levBl6 , y QU
superimposed on the origin@DEsolution(Y8) The resultsndicatethat the outcome ofnew model

agreal with the original solutions in representing tiehaviourof CycE/CdkP.
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Figure 5.3 Compaonbetweenthe concentration history for Y8(CycE/Cdi) in the
oFasS Y2RSft | y-R)inthg roduded ribbek (level) H

As shown in Figure 5.the F3 lump (CycA + CycA/Cdk2) concentration atalow level in Gland
then rises beyond G1/S and into S phaShis concurs the logic th&2F subsequently promotes CycA
expression at the G1/S tngition with a significant increase in the S phasethm S phase, the
synthesized CycA binds to CDK2 to form the com@igaA/CDKA closeagreement between the two

solutions is seen in Figure 5.4.
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Figure 5.5 illustrates thdehaviour of CycA/CdkZ® obtained from the reduced modglevell)

superimposed on the origindDDEsolution (Y10) The results indidad that the outcome of the

reduced model (level) agree with the original solution in representing theehaviourof CycA/Cdk2
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Figure 5.5 Compéasonbetweenthe concentration history for Y10(CycA/CdB) in the
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As shown in Figure 5.éhe concentration of p24s sustained at high level inthe early G1 phase

(Donjerkovic and Scott, 2000y he CycD/CDK4 complex bmdith free p27 to form the complex

p27/CycD/CDK4. This process caumedudion in theconcentration of p27 in the first quarter in G1.

A significant degradation of p2dccursat the end of G1, because the large amount of activated

CycE/CDK2 can initiate p27 degradation by phosphorylating it at threonine whewgsbund to

CycE/CDK2 (Coqueret, 2003yedy closeagreement between the two solutions is seen in Figure 5.6.
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As statedabove, n early G1 CycD/CDK4 complex bmavith free p27 to form the complex
p27/CycD/CDK4 that causincreasein p27/CycD/CDK4 concentration in the first quarter of G1. As
shown in Figure 5.7 the resuitsdicatethat the outcomeof the reduced modeldvell highlyagrees

with the original solution in representing thehaviourof p27/CycD/CDKA4.
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Figure 5.7 Compaonbetweenthe concentration history for Y12(p27/CycD/CDK4) in
GKS o0FaS Y2RStf IyR , MHQOLMHTK/AO5Kk/ 5Yn0

The degradation of CycD occurs mid G1 phase and p16 inhibits the activation of CycD/Cdk4, which
promotes the release of p27 bound to the complex CycD/CDKe fee p27 is redistributed to new
complexes, such as CycE/CH¥hd CycA/CDKP, to form p27/Cy&/CDKZ andp27/CycA/CDKP,

as shown in Figure 5&nd 5.9. Theravasgood agreemenbetween theoutcomes of thereduced

model (levell) andthose ofthe base model.
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p21 is up regulated when DNA damage occurs which inhibits the positive feedback loop b#teeen
Rb/E2F complex and both types of Cyc/Cdk complex (CycAFRCdR@ CycB/Cdik?) (lwamoto et al.,

2011).If no DNA damageccurs a small amount of p21 is prodeat at the beginning of G1 phasss

shown in Figure 5.10The p21 concentration staya a low level during G1 phase. The quantity

producedof p21 is bind with CycD/Cdk4 to form the complex protein p21/CycD/Gdikginning of

the G1 phase. Theoncentration of p21/CycD/CdkHen starts to decrease becausige disassociation

rate (5.00e03) is greater tharthe association rate (5.0084) of p21 with CycD/CDK shown in

Figure 5.11There was @ood agreement between the base model outcome amel teduced model

(levell) outcomefor both p21 andx21/CycD/Cdk4 as shown in the two figures
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Figure 5.11 Compéagonbetweenthe concentration history for Y16(p21/CycD/CDK4) in
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p21/CycE/CdkP and p21/CycA/CdKR2 are shown in Figures 5.12 and 5r&3pectivelyWithout DNA
damage, the concentratianall these species were maintainedadbw level,andthe inhibitory effect
of p21 on these complexes can still be seBme two fgures indicate that the reduced model (lexil
outcomes agree with the base model solution in representing the behawvidwsth p21/CycE/CdkP
and p21/CycA/CdkP.
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Figure 5.13 Compé#sonbetweenthe concentration history for Y18(p21/CycA/Cdi) in the base
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pl6 is considexd to be one of three Cdk inhibitors that regula&1/S progression (p16, p21, and
p27). Both p21 and p27 repressCycE/Cdk® and CycA/Cdk2, while p16 inhibits the activation of
CycD/Cdk4 (Parry et al., 1995; LaBaer et al., 1997). Wasam inverse relationship between the level
of increasing p16 antthe concentrationlevel of Rb, where the p16 level continuegite steadily until
Rb reachsits highest level latén the G1 phase. At thisme, the amount of p16 increase becomes
very small. As shown in Figure 5.fldere wasa perfect match between the reduced model (lextgl

outcome and the base model outcome.
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 MpQOLIMcO Ay GKS)NBRIOSR Y2RSt 6
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In the early G1 phase the CycD/CDK4 complex initiate the phosphorylation of Rb bound to E2F to obtain
the hypophosphorylated form (RBP/E2F)This causes a decrease in the concentration of Rb/E2F and

an increase in theoncentration of RBPP/E2Fas shown in Figues5.15 and 5.16respectively. The
results indicate that the reduced model (lexdl outcomes agree with the original solution in

representing thebehaviourof Rb/E2F and RBP/E2F.
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Figure 5.15 Compé#sonbetweenthe concentration history for Y20(Rb/E2F) in the base
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Figure 5.16 Compéaon betweenthe concentration history for Y21(RPP/E2F) in the base model
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In the mid to late G1 phasthe activated form of CycE/CD#RZresults in further hypophosphorylation

of Rbpp/E2Fand, promotes the dissociation of E2F and-RBP that releases E2F leading to increased

E2F as shown in Figure 5.17 and increased Rb related compounds (lumpARP(ARb) shown in

Figure 5.18.The increase in level of free E2F promotes synthesis of CycE, which facilitates the

association between CycE and CDK2 to form more of the complex CycE/CDK2. This results in increase

E2F activity and establishes a positive feedtblaop between E2F and CycE. The outcomes of the

reduced model (level) agree with the outcome of the base model.
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Figure 5.17 Compa&on betweenthe concentration history for Y22(E2F) in the base model and

LHHQO9HCO AY (KSI))NBRdAzZOSR Y2RSt of
F4
' G1 s
2.5
E 2
B 4c |
c |
E II
3 .
t 05 —
§ o T
= o = ] [T = o P o= a3 P W
["a i C (V=] e o h H o= [ o =
4 0 [t ) wy r o Lo LA N oWOoog
e v e o o T e el e e
4 Fd
Time

Figure 5.18 Compéason betweenthe concentration history for F4(R¥EPPP + Rb) in the base model
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The behaviour op21, p53, Mdm2 and ATM/ATR are shown in Figures 5.10, 5.19, 5.20 and 5.21

respectively Without DNA damage, the concentration§all these species were maintainedakow

levelandthe results indicate that theutcome of thereduced mode(levell) agree with the original

solution in representing thbehaviourof these species.
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Cdc25Ais activated by E2F (Helin, 1998). Cdc25A dephosphorylates and activates CycE/Cdk2 and
CycACdk2into the form CycE/CdkP and CycA/CdiR, respectively. The relatisetween Cdc25A
and Cdc25#/ is the balancing feedbacthat stabilizes the concentration levebf the proteins As

shown in Figure 5.22 thmutcome of thereduced model (level) agree with the base model outcome.
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Figure 5.22 Compé#son betweenthe concentration history for F5(Cdc25A + Cdc2BAin the base
Y2RSt YR CpQ fdzYLJ Ay) 4KS NBRdAzOSR Y2|

As shown in Figure 5.281e concentration level of Chk1l and CHRInaynot remain completely fixed,

but it does stay within an acceptable range through phosphorylation anghdsphorylation
interactions (balancing feedback).he Chkl protein is mainly restricted to the S and G2 phases (Lukas
et al., 2001). The Chkl1 becomesiee when ATM/ATR is activated by DNA damage signal transduction
at G1/S. Specifically, activated ATM phosphorylates and activate Gatel et al., 2003; Sgrensen et

al., 2003, Bartek and Lukas, 2003). GRkiromoteghe transformation of Cdc25@ toCdc25CPs216

P, where Cdc25CPs2%5 inhibits CycB/CdKR, and G2 arrest is induced (Bartek and Lukas, 2003;
Iwamoto et al., 2011). As shown in Figbra3,the outcome of thereduced model (level) agree with

the outcome of thebase model outcomes.
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Figure 5.23 Compason betweenthe concentration history for F6(Chk1 + Chl) in the base
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As shown in Figure 5.2the NFY concentration stayet alow level in G1 and lm®meshigh inthe late

S phase. The following series of interactions explain why the concentrationfilNphase S is high.

NFY, BMyb-P and E2F promote CycA expression at the G1/S transition with a significant increase in

the S phase. Ithe S phase, the synthesizedd@yalso binds to CDK2 to form the comp{excA/CDK2.

Fromthe late S phase tthe G2 phase, Cdc25A dephosphorylates and activates CycA/Cdk2, which then

forms CycA/CdkP. CycA/CdkP activates the transcription factor NF which induces the

transcriptioral activation of CycB (Chae et al., 2004). A perfect agreement betwedrasieeand the

reduced model (level)is seen in the Figure 5.24.
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Figure 5.24 Compa&onbetweenthe concentration history for Y32(N¥) in the base model and
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Late in the G1 phase, the increase in level of free E2F promotes the synthesisiyh BCycA/CdkP

promotes the phosphorylation of-Blyb to form BMyb-P resulting in increased concentration of F7(B

Myb + BMyb -P)in the late G1 phase as shown in Figure 5.25. fidn@re indicates that th@utcome

of the reduced model (level) agree with theoutcome of thebase model outcomes in representing

the behaviourof these species.
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Intermediate specie (Im) is shown in Figure 5.26 without DNA danaagdhe concentration of this
speciais maintained atalow level As seen in Figurg.26, there isa perfect agreement between the

two solutions.
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Figure 5.26 Compisonbetweenthe 02 Yy OSY (i N} A2y KA &AG2NE Fidatkd LY Ay
reduced model (levell)

5.1.1.2ReducedModel (levell) Smulation with DNADamage

The reduced model (levdl) wasrun with four different levels of DNA damage (low damage = 0.002,
medium damage = 0.004, high damage = 0.008, and excess damage = 0.016) to see how the reduced
model (levell) respon@dto DNA damage angroducedcell cyclearrest. In the following results and
discussion, we fo@edon the species that plagd a critical role in cell cycle arreshat is, p53, p21,
F2(CycE + CycE/Cdk2) and CycEH2dk2

When DNAsdamaged, the DNA damage signal (DDS) activates p53. p53 jgridmatynthesis of p21
to act asa CDK inhibitor through bindg to both CycE/CDKR and CycA/CDK2 and delayg the
activation of E2F by inhilaiig the phosphorylation of Rb.

As shown in Figusb.27 and 5.28with low damage (DDS = 0.002) and medium dgen(DDS = 0.004),
the concentrations of both p53 and p21 increasbich mearGlarrest Also, when the reduced model
(levell)wasrun with high damage (DDS = 0.008) or excess damage (DDS 78 Hs)d p21 showed
oscillatiors. This oscillatiomehavour affected cell fatedecisionand the cell initiats apoptosis this
wasin a good agreement with the experimental data (LevBaet al., 2000; Lahav et al., 2004; Geva

Zatorsky et al., 2006) and the base model (lwamoto et al., 2011).
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Figure 5.27Time course of p21 resulting from the reduced model (led¢lrun with different levels
of DNA damage

)
. Gl 5
e L&
.E ..-'"'-_'_‘-._._'_
=] ad -
g
o
L]
= — e
Qo ..
u 11}
4 4/
™ @ - s W vl B 0o vl s ooy e s ;-—-'\-\.—:\ B e e P
DRl A =t T R i B~ = o =Rl R O = e = A
‘ TN W SR - s B i B A - R B S 4 o e K
Time
— - damage Low-damage Medum-damage Highrdamage e Excess-damage

Figure 5.28 Time course of p53 resulting from the reduced model (KyeLin with different levels
of DNA damage

The time courses of RZycE €ycE/Cdk2) lump and CycE/Cékare shown in Figus&.29 and 5.30
respectively The G1/S transition was delayed for low damage or medium damage relative to the same
without DNA damage, which means that it achieves G1 arfdsb, in simulation runs withigh

damage or excess damage, the time to G1 arrest is short because thetie¢ds apoptosis.
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Figure 5.29 Time course of F2(CycE + CycE/Cdk2) lump resulting from the reduced model)(level
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Figure 5.30Time course of CycE/Cdi2resulting from the reduced model (levdl) runs with
different levels of DNA damage

The results produced in this section indicate that the reduced model {lg\v@mulation results of the

G1/S checkpoint pathway with or withol@NAdamage are similar to and consistent with the base
model results (lwamoto et al., 2011) and biological experiments. Therefore, the reduced model (level

1) can be used to evaluate the effects of DNA damage on G1 progression. To see all time courses of

the elements of the reduced model (levE) with and without DNA damage see Appendix F.



5.1.2 Compason of the ReducedModel (level2) with the BaseModel

5.1.2.1ReducedModel (level2) Smulation without DNADamage

As mentioned irBection 43.4.1 thereduced model (level) contains 26 conceptsgvenlumps and

19 nodes), where F8 lump contains F1 lump and Y16 (p21/CycD/Cdk4), F2 lump contains Y2 (CycE) and
Y7 (CycE/Cdk2), F3 lump contains Y3 (CycA) and Y9 (CycA/Cdk2), F9 lump contains F4 lump and Y2:
(RBPP/E2F), F5 lump contains Y28 (Cdc25A) and Y29 (GelgZBNump contains Y30 (Chkl) and Y31
(Chk1P) and F7 lump contains Y33NBb) and Y34 ®1yb-P).

In this section, we focusnly on the time course of the new lumps and some elements. To k¢iena
courses of the elements of thereduced model (leve?) with and without DNA damage see Appendix

G.

Figure 5.31 illustrates theehaviourofthe Cy Q f dzY LJ ¢/ & Op2I/CycHChklebtaiRgdn | y R
from the reduced model (leved) and F8 (CyctycD/Cdk4 and p21/CycD/Cdk4) obtained from the

base model. From ikfigure, we note that theravasno difference between théehaviourof F8 and

the behaviourof F1 (Figure 5.1). The reason is that the highest concentration of théy relded

specias (p21/CycD/Cdk4) in the lump is no more than 0.0015 in the absence of DNA damabewn

in Figure 5.11. This concentratiomas consideed very small andnegligible compared to the
concentration of CycD and CycD/Cdk4. Figure 5.31 indittzdié the outcome of thereduced model

(level2) agree with theoutcome of thebase model in representing tHeehaviourof these species.
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The other lumgn the reduced model (level) thatwaschanged FAvhere RbBPP/E2Rvasadded to it

and it be@amethe F9 lump in the reduced model (lev2). Figure 5.32 illustrates tHehaviourof the

CpQ

f eRPR.J Rb WEPP/E2F) obtained from the reduced model (le2ehnd F9 (RBPPP + Rb +

RbPP/E2F) obtained from the base model. From FiguB82 we note that there isa difference

between thebehaviourof F9 and théehaviourof F4 (Figure 5.18); where the concetton ofthe F9

lump increaseat the beginning of G1 due to the high concentration of theFRBE2F element at the

beginning of G1The concentration othe F9 lumpthen remaired relatively constant for the duration

of G1/S.The Figure 5.32 indicadehat the outcome of thereduced model (leve?) agree with the

outcomeof the base model in represnting thebehaviourof the F9 lump.
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Figure 5.32 Compa&onbetweenthe concentration history for FO(RIPPP + Rb + RRP/E2F) in the
ol asS Y2R 3uipih tifeRed@edr®odel (leved)

The rest of the lumps did not receive any change at this level of the reduction. The following are some

of concentration histoiesfor the key species in Glibtainedfrom the reduced model (leve2).
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Figure 5.34 Compéa@onbetweenthe concentration history for Y8(CycE/Cdi) in the base model
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Figures 5.33, 5.34, 5.35 and 58®wthe concentration histaesfor the F2 lumps, CycE/Cdi2 E2F
and p53 respectively.These igures indicate that th@utcomes of theeduced model (leveR) agree

with the outcomes of thébase modeln representing thebehaviourof these species.

5.1.2.2ReducedModel (level2) Smulation with DNADamage

As the reduced model (levé&) andthe reduced model (leve?) runs with fourdifferent levels of DNA
damage (low damage, medium damage, high damage and excess damage) to see how the reduced
model (level2) respon@dto DNA damage. Alsim Section 5.1.1.2we focus on the species that pky

a critical role in cell cycle arrestuch as p53, p21, F2(CycE + CycE/Cdk2) and CyclE/Cdk2

As shown in Figusb.37 and 5.38 with low damage and medium damage, the concentrations of both
p53 and p21 increasedhichresulted in thearrest G1When high damage or excess damageurred,

p53 ard p21 showed oscillatiawhichalsomeart cell apoptosis.
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Figure 5.37 Time course of p21 resulting from the reduced model (KyeLnswith different levels
of DNA damage
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Figure 5.38 Time course of p53 resulting from the reduced model (l&yelinswith different levels
of DNA damage

Figure 5.3%hows thetime course of F2(CycE + CycE/Cdk2) and Figurehodd thetime course of
CycE/Cdk®. The G1/S boundary (the peak of F2) was delayed (G1 arrestjivenenvasdow damage
or medium damage relative to the G1/S boundary without DNA damafih. high damage or excess

damage, the duration of the G1 arrestisshortened because the cell initiad@poptosis.
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Figure 5.39 Time course of F2(CycE + CycE/Cdk2) lumpingsfutim the reduced model (leved)
runswith different levels of DNA damage
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Figure 5.40 Time course of CycE/Cdk2esulting from the reduced model (lev@) runs with
different levels of DNA damage

5.1.3 Compason of the ReducedModel (level3) with the BaseModel

5.1.3.1ReducedModel (levelt3) Smulation without DNADamage

As mentioned irgection 43.4.1, the reduced model (leved) contaired 24 conceptsgevenlumps and

17 nodesWwhere F8 lump contaid F1 lump and Y16 (p2@¥cD/Cdk4), F2 lump contathY?2 (CycE)
and Y7 (CycE/Cdk2), F10 lump coradir3 lump, Y14 (p27/CycA/CdR2 and Y18 (p21/CycA/CdR2,

F9 lump contaiad F4 lump and Y21 (RBP/E2F), F5 lump conteithY28 (Cdc25A) and Y29 (Cdc25A
P), F6 lump contagd Y30(Chk1) and Y31 (Ch#) andthe F7 lump contaiad Y33 (BMyb) and Y34
(B-Myb-P).Comparing to the reduced model (lex®) there is one new lump F10, and six lumps are

existing and borrowed from theeduced model (leved).

In this section, we focusnly on the time course of the new lumps and some key elements. To see time
courses for all the elementsof the reduced model (leved) with and without DNA damage see

Appendix H.

One lump in the reduced model (lev2l that was changed F3CycA andCycA/Cdkp where
p27/CycA/CdkZP and p21/CycA/CdK2 had been added to it and it beoe the F10 lump in the
reduced model (leved). Figure 5.41 illustrates thbehaviourofthe CMmn Q f dzYLJ 200G F Ay S

reduced model (leve) and F10 obtained from the base modetom this figure, we note that there

11z



is no difference between thbehaviourof F10 and F3eeFigure 5.4. The reason is that the highest

concentratiors of the newy added species p27/CycA/CdR2and p21/CycA/CdKR2 in the lumpwas

no more than 0.0015 and 0.0004spectivelyin the absence of DNA dama@e shown in Figusb.9

and 5.13. These concentratiomgere consideed to bevery small anchegligiblecompared to the

concentration of CycA and CycA/Cdk2. Figure 5.41 indica&¢dhe outcome of thereduced model

(level3) agree with the outcomeof the base model in re

presenting theehaviourof these species.
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Figure 5.41 Comp#&on betweenthe concentration
p27/CycA/Cdk2P + p21/CycACdk2-P0
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model (levet3)

The rest of the lumps did not receive any change at this level of reduction. The following arefsome

the concentration histoiesfor the key species in G&/fromthe reduced modellével3).

As shown in Figure 5.42 a positive feedback loop between E2Ewfis established in the mid G1

phase. Ths explairs the behaviourof F2 (CycE and CycE/Cdk2) whiehches a high concentration

level at the end of G1. This peak time ofW#s considered to be the boundary between the G1 and S

phases.
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Figure 5.43 Compa@onbetweenthe concentration history for Y8(CycE/Cdi) in the base model
YR |y Qo-P)Endre keduBel model (leved)

In the mid to late G1 phase the activated form of CycE/G®Ksxults in further hypophosphorylation

of Rbpp/E2F, promdhgthe dissociation bE2From RbPPPwich releases E2F. The increasdhna

level of free E2F promotes the synthesis of CycE which facilitates the association between CycE and
CDK2 to form more of complex CycE/CDK2. This results in intréaBeactivityas a result of the
establisiment of a positive feedback loop between E2F and Cycis.eXplains thebehaviourof E2F

shown in Figure 5.44.
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If there wasno DNA damage, a small amount of p2asproduced at the beginning of G1 phase as

shown in Figure 5.45. The p21 concentration sthip alow levelin G1 phase.
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Figure 5.45 Compa@onbetweenthe concentration history fory15(p21) in the base model and
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Figures 5.42, 5.43, 5.44 and 5gtowthe concentrationhistoriesfor F2 lump, CycE/Cdi2, E2F and
p21, respectivelyThese ifgures indicate that theutcome of thereduced mode(level3) agreel with

the outcome of thebase model in representing tHeehaviourof these species.

5.1.3.2ReducedModel (level3) Smulation with DNADamage

The reduced model (lev&) wasrun with four different levels of DNA damage (low damagegdium

damage, high damage and excess damage) to see how the reduced mode)imsgdonedto DNA

damage.

As shown in Figure 5.4the concentration of p21 increased with low damage and medium damage,

and p21 showed oscillatiaras a result ohigh danage or excess damage.

p2l

Concentration

Figure 5.46 Time course of p21 resulting from the reduced model (I8yeLinswith different levels
of DNA damage
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The same response to DNA damagas shown in the time course of p53 in Figure 5.47. The
concentration of p53 increased with low damage and medium damage, and p53 showed ossillation

as a result ohigh damage or excess damage.
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Figure 5.47 Time course of p53 resulting from the reduced model (I8yetinswith different levels
of DNA damage

Figures5.48 and 5.4%howthe time course of FRCycE + CycE/Cdk2) and time course of CycER;dk2
respectivelyAs a result ofow or medium damagehe G1/Sarrestwas delayedand with high damage
or excess damage, the duration of the G1 arrest has been shortened leetiagiscell initiates

apoptosis.

F2
Gl 5

Concentration

Figure 5.48 Time course of F2(CycE + CycE/Cdk2) lump resulting from the reduced moded)(level
runs with different levels of INA damage



CycE/Cdk2-P

Concentration

Figure 5.49 Time course of CycE/Cdk2esulting from the reduced model (lev@) runs with
different levels of DNA damage

The reduced model (lev&) simulation results ahe G1/S checkpoint pathway with or without DNA
damagewere similarto and consistent with theesults of thebase modelthat was consistent with
biological experiments as reported by lwamoto et al. (20Thgrefore, the reduced model (lev8)

can be used to study G1 progression with and without DNA damage.

5.2 Bvaluation of the ReducedModel usingRoot Mean SyuaredE&ror (RMSE)
and the Root Mean Syquared Percentagebror (RMSPE)

Both the root mean squared error (RMSE) and the root mean squared percentage error (RIIRPE)
used to verifythe modelresults inmodel evaluation. In this section, we WBBMSE and RMSPE as
measures of accuracy to compare forecasting errors of the reduced nme(evell), (level2) and
(level3) againstthe base model without DNA damage. We also show concentration values for some
species at different times from the base model, the reduced model (&yehe reduced model (level

2) and the reduced model (lev8) for different levels of DNA damage.

Tables 5.1 to 5.3 present the values of RMSE and RMSPE for the reduced moeb), ((xei2) and
(level3) with respect tothe base model without DNA damaged with continuous outcomesThe
tables show that for both RMSE and RMSPE values tended to increagbaniticreasing levalof
lumping. Table 5.1 shows that the RMSPE betwtberbase model and the reduced model (let!
exceeadno more than 5% for any species. Furtherm@a/enspecies (F2, Y19, Y25, Y26, Y27, F6 and
Im), which represenéd 25% of the species of the reduced model (leliehad 0% RMSPE. Moreover,
Table 5.1shows that the RMSE valueisl dot have any value greater than 1.0 while the largest value
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was 0.752273301for lump F5 and the smallest valueas 5.87313ED7 for lump F7. Table 5.1
demonstrated that the reduced model (levE) results compargery wellwith the base model results
indicating that itis a good model to simulate the G1/S checkpoint pathways integrated with DNA

damage pathway.

Table 5.1Reduced model (levell) evaluation without DNA damage by usinige root mean
squared error (RMSE) and the root mean squared percentage error (RMSPE)

Node/LumpNo. Node/Lumpname RMSE RMSPE

1 Y4 5.6770E04 2%

Y5 5.7676E04 1%
3 F1 6.2718E02 2%
4 F2 5.7747E05 0%
5 Y8 5.7201E05 1%
6 F3 1.6871E06 1%
7 Y10 3.2142E03 3%
8 Y11 1.3396E01 2%
9 Y12 4.9696E02 2%
10 Y13 7.6647E02 3%
11 Y14 6.2572E05 3%
12 Y15 1.0544E03 4%
13 Y16 2.4980E05 4%
14 Y17 2.4425E03 1%
15 Y18 3.9376E06 1%
16 Y19 6.6400E03 0%
17 Y20 2.2466E04 3%
18 Y21 2.1374E04 4%
19 Y22 5.7809E05 2%
20 F4 5.3099E02 5%
21 Y25 0.0000E+00 0%
22 Y26 3.0249E02 0%
23 Y27 0.0000E+00 0%
24 F5 7.5227E01 2%
25 F6 0.0000E+00 0%
26 Y32 1.0110E04 2%
27 F7 5.8731E07 4%
28 Im 0.0000E+00 0%

Table 5.2 shows thatith regard toRMSPE between the base model and the reduced model @gvel
only one specie (Y15) has 6% RMSPE and the rest of the speiiesot exceed 5% RMSPE.
Furthermore gightspecies (F2, Y19, F9, Y25, Y26, Y27, F6 andhict) represent approximately 31%



of the species of the reduced model (lex®) had 0% RMSPHR/e also noted that sevenspecieqF3,

Y10, Y15, Y17, Y18, F5 and Y3&)jrnaeased RMSPE values in the reduced model {&waimpared

with their RMSPE values in the reduced model (l4y€but these increases are very minor ranging

from 1 to 4%) while 14 species (Y4, Y5, F2, Y8, Y12, Y13, Y22, F9, Y25, Y26, Y27, F6, F7 and Im) hav
maintained their RMSPE value. Moreover, Table 5.2 showsuittaregard toRMSE it has one value

greater than 10 (equaling 1.558623053for lump F7 and the RMSE value less than 1.0 for the rest of

the species. The smalleRMSEvalue was 5.2586186 for Y18. Table 5.2 demonstrat¢hat the

reduced model (leve?) results comparevell with the base model resultand it is still a good model

to simulate G1/S checkpoint pathways integrated with DNA damage pathway.

Table 5.2Reduced model (leveR) evaluation without DNA damage e using root mean
squared error (RMSE) and the root mean squared percentage §RMSPE)

Node/lumpNo. NodeLump name RMSE RMSPE
1 Y4 8.6830E04 2%
2 Y5 1.1674E03 1%
3 F8 6.2781E02 5%
4 F2 6.8966E05 0%
5 Y8 6.4016E05 1%
6 F3 1.0708E02 4%
7 Y10 2.0365E02 4%
8 Y11 5.4230E02 1%
9 Y12 4.8779E02 2%
10 Y13 7.6622E02 3%
11 Y14 7.2844E06 1%
12 Y15 5.9816E04 6%
13 Y17 1.5980E03 5%
14 Y18 5.2586E06 4%
15 Y19 6.6443E03 0%
16 Y20 8.8235E03 2%
17 Y22 1.1307E04 2%
18 F9 4.2291E02 0%
19 Y25 0.0000E+00 0%
20 Y26 0.0000E+00 0%
21 Y27 0.0000E+00 0%
22 F5 8.8215E01 3%
23 F6 0.0000E+00 0%
24 Y32 1.3265E03 3%
25 F7 1.5586E+00 4%
26 Im 0.0000E+00 0%
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Table 5.3 shows thatith regard toRMSPE between the base model and the reduced model @gvel
only one specis (Y15) has 6% RMSPE and the rest of the sphaiesno more than 5% RMSPE.
Furthermore,sevenspecies (F2, Y19, Y25, Y26, Y27, F6 and/hich represents approximately 29%
of the species of the reduced model (lex)) had 0% RMSP®/e dso noted that two species (Yland

F9) have increased RMSPE valngke reduced model (levél) compared with theiRMSPE values in
the reduced model (level), while 21 species have maintained their RMSPE saltable 5.3 shows
that in terms ofRMSEthere wasone value greater than 1.0 for lump F7 aaaRMSE valuef less than
1.0 for the rest of the species. The largest valug58623167wasfor lump F7 and the smallest value
was 5.72013B5for Y8. Table 5.3 demonstragthat the reduced model (leved) compares well with
the base model and thus it &ill a go@ model to simulate the G1/S checkpoint pathways integrated

with DNA damage pathway.

Table 5.3Reduced model (leveB) evaluation without DNA damage by usirtige root mean
squared error (RMSE) and the root mean squared percentage error (RMSPE) wiiddtdamage

Node/LumpNo. NodeLump name RMSE RMSPE
1 Y4 8.6830E04 2%
2 Y5 1.1674E03 1%
3 F8 6.2781E02 5%
4 F2 6.8966E05 0%
5 Y8 5.7201E05 1%
6 F10 1.3871E02 3%
7 Y10 2.5056E02 5%
8 Y11 5.4230E02 1%
9 Y12 4.8779E02 2%
10 Y13 7.6622E02 3%
11 Y15 5.9816E04 6%
12 Y17 1.5980E03 5%
13 Y19 6.6443E03 0%
14 Y20 8.8235E03 2%
15 Y22 1.1307E04 2%
16 F9 7.9026E02 4%
17 Y25 0.0000E+00 0%
18 Y26 0.0000E+00 0%
19 Y27 0.0000E+00 0%
20 F5 8.8215E01 3%
21 F6 0.0000E+00 0%
22 Y32 1.6247E03 3%
23 F7 1.5586E+00 4%
24 Im 0.0000E+00 0%
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The simulationsvith the base model, reduced model (levB), reduced model (leve?) and reduced
model (level3) were run with four different levelof DNA damage to allow analysikthe differences

in concentration of five speciesnportant in DNA damage respong€ycE/CdkP, p21, E2F,
p21/CycE/CdkP and p53ht t=1, t=500, t=1000, t=1500, t=2000 and t=2330. The results of these
simulations are summased in Tables 5.4 to 5.23hese kow that the concentration of CycE/Cdi2

p21, E2F, p21/CycE/CdkR2and p53or the base modeand reduced model (level, 2 and 3; isnot

significantly differentall values agreed with values taken from experimental data.

Table 5.4CycE/CdkZP values from the base modeahe reduced model (levell), the reduced
model (levet2) andthe reduced model (leveB) simulatiors with low DNA damage

Time Base L1 L2 L3
1 2.5746E03 | 2.5463E03 | 2.5483E03 2.5483E03
500 | 2.9894E03 | 2.9566E03 | 2.9589E03 2.9578E03
1000 | 3.6048E03 | 3.5651E03 | 3.5680E03 3.5662E03
1500 | 5.4841E03 | 5.4238E03 | 5.4281E03 5.4207E03
2000 | 2.6196E02 | 2.5908E02 | 2.5928E02 2.5747E02
2330 | 5.9561E+00| 5.8906E+00| 5.8953E+00| 5.8907E+00

Table 5.5CycE/CdkzP values from the base modeahe reduced model (levell), the reduced
model (level2) andthe reduced model (leveB) simulatiors with medium DNA damage

Time Base L1 L2 L3
1 2.5746E03 | 2.5463E03 | 2.5483E03 2.5483E03
500 | 2.9600E03 | 2.9275E03 | 2.9298E03 2.9288E03
1000 | 3.5180E03 | 3.4794E03 | 3.4821E03 3.4805E03
1500 | 5.1865E03 | 5.1295E03 | 5.1336E03 5.1272E03
2000 | 2.0002E02 | 1.9782E02 | 1.9797E02 1.9685E02
2330 | 4.9744E+00| 4.9197E+00| 4.9237E+00| 4.8746E+00

Table 5.6CycE/CdkZP values from the base modehe reduced model (levell), the reduced
model (level2) andthe reduced model (leveB) simulatiors with high DNA damage

Time Base L1 L2 L3
1 2.5746E03 | 2.5463E03 | 2.5483E03 2.5483E03
500 | 2.9763E03 | 2.9436E03 | 2.9460E03 2.9447E03
1000 | 3.5889E03 | 3.5495E03 | 3.5523E03 3.5508E03
1500 | 5.3872E03 | 5.3280E03 | 5.3323E03 5.3249E03
2000 | 2.3462E02 | 2.3204E02 | 2.3223E02 2.3074E02
2330 | 5.7917E+00| 5.7280E+00| 5.7326E+00| 5.7167E+00




Table 5.7CycE/CdkzP values from the base modeahe reduced model (levell), the reduced

model (levet2) andthe reduced model (leveB) simulatiors with excess DNA damage

Time Base L1 L2 L3
1 2.5746E03 | 2.5463E03 | 2.5483E03 2.5483E03
500 | 2.9865E03 | 2.9537E03 | 2.9560E03 2.9547E03
1000 | 3.6239E03 | 3.5841E03 | 3.5870E03 3.5851E03
1500 | 5.4470E03 | 5.3871E03 | 5.3914E03 5.3844E03
2000 | 2.3713E02 | 2.3452E02 | 2.3471E02 2.3321E02
2330 | 5.8351E+00| 5.7709E+00| 5.7755E+00| 5.7615E+00

Table 5.821 values from the base modeahe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with low DNA damage

Time Base L1 L2 L3

1 7.6500E05 | 7.6500E05 7.6500E05 7.6500E05
500 8.9925E02 | 8.9784E02 8.6148E02 8.6148E02
1000 | 1.5243E01 | 1.5250E01 1.4766E01 1.4766E01
1500 | 1.6661E01 | 1.6698E01 1.6347E01 1.6347E01
2000 | 1.6705E01 | 1.6589E01 1.6305E01 1.6305E01
2330 | 2.2156E02 | 6.5078E0D2 6.4116E02 6.4116E02

Table 5.921 values from the base moddhe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with medium DNA damage

Time Base L1 L2 L3

1 7.6500E05 | 7.6500E05 7.6500E05 7.6500E05
500 1.6563E01 | 1.6538E01 1.5927E01 1.5927E01
1000 | 2.8956E01 | 2.8968E01 2.8089E01 2.8089E01
1500 | 3.1724E01 | 3.1788ED1 3.1136E01 3.1136E01
2000 | 3.1381E01 | 3.1081E01 3.0676E01 3.0676E01
2330 | 9.1402E02 | 1.2503E01 2.0345E01 2.0345E01

Table 5.121 values from the base modehe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with high DNA damage

Time Base L1 L2 L3

1 7.6500E05 | 7.6500E05 7.6500E05 7.6500E05
500 1.1469E01 | 1.1447E01 1.0480E01 1.0480E01
1000 | 1.5406E01 | 1.5421E01 1.4692E01 1.4692E01
1500 | 1.4493E01 | 1.4529E01 1.4152E01 1.4152E01
2000 | 1.3463E01 | 1.3353E01 1.3111E01 1.3111E01
2330 | 2.4086E02 | 5.1688E02 6.3039E02 6.3039E02
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Table 5.11p21 values from the base modehe reduced model (levell), the reduced model (level
2) andthe reduced model (leveB) simulatiors with excess DNA damage

Time Base L1 L2 L3
1 7.6500E05 | 7.6500E05 7.6500E05 7.6500E05
500 8.9119E02 | 8.8976ED2 8.1721E02 8.1721E02
1000 | 8.1550E02 | 8.1630E02 7.7017E02 7.7017E02
1500 | 7.7565E02 | 7.7760E02 7.5521E02 7.5521E02
2000 | 9.5152E02 | 9.4439E02 9.2962E02 9.2962E02
2330 | 9.1229E03 | 2.6034E02 3.1826E02 3.1826E02

Table 5.1E2F values from the base modéhe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with low DNA damage

Time Base L1 L2 L3
1 1.7713E06 | 1.7713E06 | 1.7713E06 | 1.7713E06
500 2.9045E02 | 2.9016E02 | 2.8978E02 | 2.8977E0D2
1000 | 6.8757E02 | 6.8741E02 | 6.8686E02 | 6.8681E0D2
1500 | 1.1917E01 | 1.1913E01 | 1.1914E01 | 1.1914E01
2000 | 2.3960E01 | 2.3953E01 | 2.3947E01 | 2.3946E01
2330 | 1.8517E+00| 1.8516E+00| 1.8515E+00| 1.8515E+00

Table 5.1F2F values from the base modéhe reduced model (levell), the reduced model (level
2) andthe reduced model (leveB) simulatiors with medium DNA damage

Time Base L1 L2 L3
1 1.7713E06 1.7713E06 1.7713E06 1.7713E06
500 2.8926E02 | 2.8896E02 | 2.8858E02 | 2.8858E0D2
1000 | 6.7960E02 | 6.7945E02 | 6.7885E02 | 6.7885E02
1500 1.1652E01 1.1648E01 1.1649E01 1.1649E01
2000 | 2.2067E01 | 2.2060E01 | 2.2053E01 | 2.2053E01
2330 | 1.7734E+00| 1.7733E+00| 1.7732E+00| 1.7732E+00

Table 5.14E2F values from the base modéhe reduced model (levell), the reduced model (level
2) andthe reduced model (leveB) simulatiors with high DNA damage

Time Base L1 L2 L3
1 1.7713E06 | 1.7713E06 | 1.7713E06 | 1.7713E06
500 2.8833E02 | 2.8803E02 | 2.8765E02 | 2.8765E02
1000 | 6.8386E02 | 6.8370E02 | 6.8310E02 | 6.8310ED2
1500 | 1.1828E01 | 1.1825E01 | 1.1826E01 | 1.1826ED1
2000 | 2.3195E01 | 2.3188E01 | 2.3181E01 | 2.3181E01
2330 | 1.8448E+00| 1.8447E+00| 1.8446E+00| 1.8446E+00




Table 5.152F values from the base modéhe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with excess DNA damage

Time Base L1 L2 L3
1 1.7713E06 | 1.7713E06 | 1.7713E06 | 1.7713E06
500 2.8965E02 | 2.8936E02 | 2.8897E02 | 2.8897E0D2
1000 | 6.8826E02 | 6.8810E02 | 6.8750ED2 | 6.8750ED2
1500 | 1.1923E01 | 1.1919E01 | 1.1920E01 | 1.1920E01
2000 | 2.3396E01 | 2.3389E01 | 2.3382E01 | 2.3382E01
2330 | 1.8465E+00| 1.8465E+00| 1.8464E+00| 1.8464E+00

Table 5.1621/CycE/CdkZP values from the base moddhe reduced model (levell), the reduced

model (levet2) andthe reduced model (leveB) simulatiors with low DNA damage

Time Base L1 L2 L3

1 1.4772E09 | 1.4772E09 | 1.4772E09 | 1.4772E09
500 | 3.8569E04 | 3.8103E04 | 3.6758E04 | 3.6758E04
1000 | 1.8683E03 | 1.7959E03 | 1.7294E03 | 1.7294E03
1500 | 4.2373E03 | 3.5924E03 | 3.4790E03 | 3.4790E03
2000 | 1.0443E02 | 1.1162E02 | 1.0897E02 | 1.0897E02
2330 | 2.1726E01 | 1.5299E01 | 1.5022E01 | 1.5022E01

Table 5.1%21/CycE/CdkZ values from the base moddhe reduced model (levell), the reduced

model (level2) andthe reduced model (leveB) simulatiors with medium DNA damage

Time Base L1 L2 L3

1 1.4772E09 | 1.4772E09 1.4772E09 | 1.4772E09
500 | 6.7528E04 | 6.6722E04 | 6.4620E04 | 6.4620E04
1000 | 3.4201E03 | 3.2909E03 | 3.1770E03 | 3.1770E03
1500 | 7.7653E03 | 6.6431E03 | 6.4397E03 | 6.4397E03
2000 | 1.7767E02 | 2.0534ED2 1.8043E02 | 1.8043ED2
2330 | 3.0070E01 | 2.7969E01 1.6720E01 | 1.6720E01

Table 5.1821/CycE/Cdk values from the base modédhe reduced model (levell), the reduced

model (level2) andthe reduced model (leveB) simulatiors with high DNA damage

Time Base L1 L2 L3

1 1.4772E09 | 1.4772E09 1.4772E09 | 1.4772E09
500 | 8.9197E04 | 8.8100ED4 | 8.4613E04 | 8.4613E04
1000 | 2.4843E03 | 2.4081E03 | 2.2708E03 | 2.2708E03
1500 | 4.7001E03 | 4.0974E03 | 3.9029E03 | 3.9029E03
2000 | 9.4877E03 | 1.0299E02 | 9.6343E03 | 9.6343E0D3
2330 | 1.5400E01 | 1.2090E01 1.0075E01 | 1.0075E01
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Table 5.1%921/CycE/CdkZP values from the base modeahe reduced model (levell), the reduced
model (levet2) andthe reduced model (leveB) simulatiors with excess DNA damage

Time Base L1 L2 L3

1 1.4772E09 | 1.4772E09 1.4772E09 | 1.4772E09
500 | 5.7961E04 | 5.7225E04 | 5.3718E04 | 5.3718E04
1000 | 1.5473E03 | 1.4991E03 1.3951E03 | 1.3951E03
1500 | 2.7550E03 | 2.4201E03 | 2.2835E03 | 2.2835E03
2000 | 5.6904E03 | 6.2466E03 | 5.9638E03 | 5.9638E03
2330 | 9.9970E02 | 7.7965E02 | 6.7427E02 | 6.7427E02

Table 5.253 values from the base modehe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with low DNA damage

Time Base L1 L2 L3

1 2.6574E02 | 2.6574E02 | 2.6574E02 | 2.6574E02
500 | 6.0887E01 | 6.0887E01 | 6.0887E01 | 6.0887E01
1000 | 7.7085E01 | 7.7085E01 | 7.7085E01 | 7.7085E01
1500 | 7.9809E01 | 7.9809E01 | 7.9809E01 | 7.9809E01
2000 | 8.0281E01 | 8.0281E01 | 8.0281E01 | 8.0281E01
2330 | 8.0361E01 | 8.0361E01 | 8.0361E01 | 8.0361E01

Table 5.21p53 values from the base modehe reduced model (levell), the reduced model (level
2) andthe reduced model (leveB) simulatiors with medium DNA damage

Time

Base

L1

L2

L3

1

2.6574E02

2.6574E02

2.6574E02

2.6574E02

500

1.1901E+00

1.1901E+00

1.1901E+00

1.1901E+00

1000

1.5163E+00

1.5163E+00

1.5163E+00

1.5163E+00

1500

1.5574E+00

1.5574E+00

1.5574E+00

1.5574E+00

2000

1.5399E+00

1.5399E+00

1.5399E+00

1.5399E+00

2330

1.5426E+00

1.5426E+00

1.5426E+00

1.5426E+00

Table 5.2253 values from the base modehe reduced model (levell), the reduced model (level

2) andthe reduced model (leveB) simulatiors with high DNA damage

Time Base L1 L2 L3

1 2.6574E02 | 2.6574E02 | 2.6574E02 | 2.6574E02
500 | 3.8120E01 | 3.8120E01 | 3.8120E01 | 3.8120E01
1000 | 1.2190E+00| 1.2190E+00| 1.2190E+00| 1.2190E+00
1500 | 2.0363E01 | 2.0363E01 | 2.0363E01 | 2.0363E01
2000 | 9.8040E01 | 9.8040E01 | 9.8040EO01 | 9.8040E01
2330 | 8.8277E01 | 8.8277E01 | 8.8277E01 | 8.8277E01




Table 5.2353 values from the base modehe reduced model (levell), the reduced model (level
2) andthe reduced model (leveB) simulatiors with excess DNA damage

Time Base L1 L2 L3

1 2.6574E02 | 2.6574E02 | 2.6574E02 | 2.6574E02
500 | 6.3022E02 | 6.3022E02 | 6.3022E02 | 6.3022E02
1000 | 1.6623E01 | 1.6623E01 | 1.6623E01 | 1.6623E01
1500 | 4.4280E01 | 4.4280E01 | 4.4280E01 | 4.4280E01
2000 | 9.5634E01 | 9.5634E01 | 9.5634E01 | 9.5634E01
2330 | 2.1695E01 | 2.1695E01 | 2.1695E01 | 2.1695E01

5.3 Compaison of the ReducedModels (levell), (levet2) and (level3) with
the BaseModel froma Gomputational Viewpoint

In this section, we focus on comjiagthe complexity dimensionevel of details, simulation efficiency

and simplification ratio to prove that the reduced mosi@evell), (level2) and (leveB)were simpler

andmore efficient to runthe system and generate gdgionsthan the ODE base model.

Fromacomputationalpoint of view, the reduced moded (levell), (level2) and (leveB) were simpler

in representngthe G1/Scheckpointand INA damagegathways than the ODE base modek tothe

reduced number of network nodes, numbenf interactions between nodes and number of system

eguations as shown in Table 5.24.

Table 5.24 Simpli¢ation achievedoy the reducedmodels (levell), (level2) and (level3), in
comparison tothe ODE base model

No. Entities compared Base Reduced Reduced Reduced
model model (L1) | model (L2) | model (L3)
1 No. of nodes 35 28 26 24
2 No. of interactions 88 82 80 78
3 No. of kinetigparameters 92 86 83 82
4 No. of equations 37 30 28 26

Table 5.25 shows the percentage reduction in the number of nadése reduced model (level),

(level2) and (leveB) compared to the base modekith up to 31% at the third level of reductipthe

reduced model (leveB).

Table 5.25 Simplifyng the percentagesin the number of nodes of the reduced mode(levell),
(level2) and (level3) vs. the ODE base model

No. | Level No.| Lumpnodes | Individualnodes | Totalnodes | Percentageeduction
1 Base 0 35 35 0%
2 L1 7 21 28 20%
3 L2 7 19 26 26%
4 L3 7 17 24 31%




From a computational viewoint, the reduced moded (levell), (level2) and (leveB) were more
efficient to run the system and generate solutisthan the ODE base model as shown in Table;5.26
the efficiency is particularly pronounced for larger cell populatidiee saving rateof the run times
reachal approximately30%, 44% and 52% for the reduced madidvell), (level2) and (leveB),

respectively.

Table 5.26 Efficiency the reduced model (lexlg] (level2) and (level3) run timevs. the ODE
base model run time

No. | Size of samplg Base model | Reduced model| Reduced model | Reduced model
(L1) (L2) (L3)
1 10 cells 27 Sec. 19 Sec. 15 Sec. 13 Sec.
2 100 cells 4:30 Min. 3:10 Min. 2:30 Min. 2:10 Min.
3 1000 cells 45 Min. 31:40 Min. 25 Min. 21:40 Min.
4 100000 cells 75 Hr. 52:46:40 Hr. 41:40 Hr. 36:06:40 Hr.

Table 5.27 compares the level of complexity, level of degaitsrun times between the base model
and the three reduced models (levk] 2 and 3Jor the studied G1/S checkpoint and DNA damage

pathways.

Table 5.27 General compiaonbetween the base modedndreduced modes (levell, 2 and 3

Model Complexity Details Run

The base Very complex | Full of details Slow
(Leveil) Complex Highlevelof details Normal
(Level2) Simple Mediumlevelof details Fast
(Level3) Very simple Lowlevelof details Very fast

Representationof the biological networks by lumping proteins together in containers (luncps)

make biological networks shagpand cleaer for researchers as shown in Figure 5.50.
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5.4 SJummary of the Chapter

In this chapter, we validatethe reduced moded (levé-1, 2 and 3with the base modeby using two
types of compasorn firstly, by comparinghe behaviour of the model element&ll simulation results
of thereduced moded (levell, 2 and 3 of the G1/S checkpoint pathway with or without Did@mage
were similar to and consistent with the results of the base mpdeld that was consistent with

biological experiments as reported by lwamoto et al. (2011).

Secondly by comparing model results, and finding the root mean squared error (RMSE) and the root
mean squared percentage error (RMSRi# used RMSE and RMSPE as measaf accuracy to
compare forecasting errors of the reduced models (lele2 and 3) against the base model without
DNA damageThe conparisondemonstrates thathe reduced moded (levell, 2 and 3) compares well

with the base model and thus it is stillgpod model to simulate the G1/S checkpoint pathways
integrated with DNA damage pathwailso, he simulations with the base model, reduced model
(levell, 2 and 3)were run with four different levels of DNA damage to allow analysis of the differences
in concentration of five species important in DNA damage response (CycEHRCAK21, E2F,
p21/CycE/CdkP and p53) at t=1, t=500, t=1000, t=1500, t=2000 and t=2330. The results of these
simulations show that the concentration of CycE/Gé#k$21, E2F, p21/Cy/Cdk2P and p53 for the

base model andhe reduced model (level, 2 and 3); is not significantly differeftherefore,the

reduced models (level, 2 and 3) can be used to study G1 progression with and without DNA damage.

Finaly, weCompaed thereducedmodels(levell, 2 and 3yith the base model from a computational
viewpoint To prove that the reduced models were simpler and more efficient to run the system and
generate solutions than the ODE base moBgicomparel the level of complexity, level afetails and

run times between the base model and the three reduced models for the studied G1/S checkpoint and
DNA damage pathwayé/e proved the epresentationof the biological networks by lumping proteins
together in containers (lumpganmake biologichnetworks sharpr and cleaer for researcherand

the three reduced moded were simpler andnore efficient to run the system and generate &gions

than the ODE base model.
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Chapter 6
Using TiméVNindowsand Logical Representation to Reduce the

G1/S Checkpoint Pathway with DNA Damage

The purpose of this chapter is to offer another method to aichodelreductionyieldingthe expeced
behaviourof the G1/S checkpoint with and without DNA damagfe, therefore, focus on simplifying
the time dimension by dividing the G1/S checkpoint pathway into tinmelows (active timevindows,
and steady or frozen timeawvindows). The active timavindows werethen represented by logical

models. Tiswas undertakenio aidthe reductionprocess

This chapter is organised as follows: after a brief Summary in Section 6.1 followed by Introduction and
Background (Section 6.2), the approach to reduce fiteenework is described in the Research
Methodology section (Sectiof.3). The reduced approach is analysed in the Results and Discussion
section (Section 6.4). The Conclusion (Section 6.5) is devoted to a further discussion on the efficiency

of the reduction method and directions for future work.

6.1 Summary

Most knowledg aboutregulatory and sigriing networks i®f aqualitative nature, which allosthese
networks to be represented by logical models, where the state of a maéxeither O(inactive) or 1
(active).These models have many advantagas $mple modelsio not need specific valudsr kinetic
parametersand areable to capture the essentidlehaviourof a network. However, they are not

suitable to reproduce detailed time courséw the concentration of molecals.

Experiments nowadays yield more and magaantitative data,so many quantitative models have
been built and most of these models are very complex. An obvious quethienefore, is how to
reduce complex quantitative models, which d&en be used to explain and predict the outcome of

these expeiments.

In this hapter, we present a way of reducing complex quantitative models into logical models, where
the use of timewindows allows reductiogin time complexity andalogical representatiomo remove

the kinetic parameterdgrom a system. The metid is standardized and can readily be appliedtteer
complex quantitative models. Moreover, we discuss and genertilizeexisting theoretical results
aboutthe relatiorsbetween Boolean and continuous moddisa case study, a continuous ODE model
wasused to praluce a reduced logical mod#iat descrilesthe G1/S checkpoint with and without

DNA damage. We discuss how this model can explain and predict G1/S chelbk&painourwith DNA
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damage, including oscillatisof some molecules and cell fate. $showghat the reducedis model

is still usefulfor gainingbiological insights anid easier to run and anadg.

The approach presented in this study greatly hetpsimplifying complex quantitative models into
simple models and will facilitate the eractiors between moddling and experiments. Moreover, it
will alsohelp researchers who build the moddtsfocus on understanding and representing system

behaviourrather than focusing on determiing thevalues of the kinetic parameters.

6.2 Introduction and Literature Review

The control ofcell cycle progress is tightly regulated by complex prot@ginggulatory networks to
achievethe correctcell division (Behl & Ziegler, 2014&)has several checkpointfor example the
G1/S and G2/M checkpomm(Saltman, 2005). Moreover, dysfunctiondell cyclecan lead to change

in DNA, which mearthe developmentof diseasssuch as breast cancer (King et al., 2003; Azimi et al.,
2017; Farr et al., 2017). A better understanding of protein regulatory netwaitksherefore, not only
advance our understanding of fundamental cell cycle regulatioch aghe G1/S checkpoint, but also
provide more understanding into disease proasghus, increasing the efficiendy the treatment of

diseass.

Biologistshaveused many ways to understand the mechanics of protein regulatory netwOneswvay

isto construct models that simulate the mechanisof the interactions between the protein&everal

types of modelshave been developed to represent cell cycle thawolves protein to protein
interactions. These typeef models includemathematicalordinary differential equations (ODE)
(Aguda, 1999; Novak& Tyson, 2004; Tashima et al., 2007; Iwamoto et al., 2008; Ling et al., 2010;
Iwamoto et al., 2011; Zhao et al.Q22), Boolean (Fauré et al., 2006), petri net (Kotani et al., 2002;
Herajy et al., 2013)ecurrentneuralnetworks (Ling et al., 2013) and hybrid (Singhania et al., 2011).

ODHEmodels are the most common type used foodellingbiological networksOver tmethe amount

of data obtained from laboratory experimentsncreased, sdhese models became more compjex
especiallyif they contains hundreds or thousands of variablggey will be ineffective (Danos et al.,

2007). Becausef the complexity of thesenost widely usednodelsthey offer new opportunities for
researchers to develop newnethods to reduce biochemical reaction networknodels. Many
approachego model reduction have been proposed (Clarke, 1992; Maas & Pope, 1992; Lam & Goussis,
1994; Maas & &pe, 1994; Clarke et al., 1996; Gorban & Karlin, 2005; Feret et al., 2009; Gorban et al.,
2010; Noel et al., 2011; Radulescu et al., 2012; Rao et al., 2013; Sonday et al., 2013; Rao et al., 2014;
Radulescu et al., 2015).

For the purpose of the current styda biological network model reduction is defined as any method

designed tadecomposefeproduce the original modehto a smaller models that produsghe same
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behaviour asthe original model This is undertakery reducing oneor more dimensiors of the
complextity, of thebiological network modebly redudngthe number of species, redingthe number

of reactions or reduag the model run time).

In this work, we focus on reducing complex ODE mathematical models resulting fromingtiete
regulabry and signding networks andimproving the redudion process by using tim&indows and
simple logical models. As a case study, a continuous ODE model (lwamoto et alwa&kEduced

into a reduced logical model describing the G1/S checkpoint withnattdut DNA damage.

The regulatory and sigfismg networkshave beenrepresened by logical models sincéne time of
Kauffman (1969)whowas the pioneer in this field. A logical model is the simplest modelsctrabe
usead to describe the dynamics of gelatory and sigriing networks without the need of many
parameters.A logical model contains a series of interconnected eleménts ,9%Each element has
only two possible states of activation(dctive) and (inactive). The regulatory and sidliag network

is completely described by set of logical equationshasvn inEq. 6.1(a, b, c):

WGP O0YC 08GYIED BUGO P 60Y¥x 080 Y& O P&

wa p o Gp 00 YGx 080 YE O @P&H
o 00 "¥p 60 080 YDa 6 ¢p&o
whereYw 7T Wirr}ip the/set of activators oYi,{/Y7}is the set of inhibitors ofi If Yihas activators

and inhibitors use Eq. 6.1.a,Yfhas only activators use Eq. 6.1.b anWfiifias only inhibitors use Eq.
6.1.c.

Building a logical model involves three steps: (i) find a regulatory graph for the system; (&)tdefin
logical parameters of the system; (iii) spgcife logical equations (for updating). Figure 6.1 shaw

exampleof building a logical model.

As sea in Figure 6.1a logical models representd by a Logicbased graph and every node tine

logical model can be derived from the state of other nodes through a logical equation. chahge in

state of nodes fromdInQto WffQor viceversa through a sequence of changes in state is called a
biological process. (Chen et al., 2016). The dynamics of a logical model are defined by synchronous (all
nodesareupdated at the same time) or asynchronous (each node is @adadividually by sequential

order) updating. The system dynamiase mainly determin& by the choice ofupdating scheme
(Aracena et al., 2009)ogical moded have many advantagest is easy to build, easy to compose and

easyto simulat perturbations e Novere, 2015).
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Several software tools exist that builg and finding the dynamis of logical models, such as GINsim
(Gonzalez et al., 2006), SQUAD (Di Cara et al., 2007), Boolean Net (Albert et al., 2008), Chem Chains
(Helikar & Rogers, 2009), Odefyyiksiek et al., 2010), Bool Net (Mussel et al., 2010), Cell NOpt (Terfve

et al., 2012), MaBoSS (Stolletal., 20412); Cell Collective (Helikar et al., 2013).

Y1 Y2 Y1 =Y1
v Y2=Y2
Y3=Y10R Y2
V3 Y3 Y4=Y30OR Y6
o Y5 = Y3 AND NOT(Y4)
v Y6 = Y5

Y4 iYs Vs
'\ / Y4
Y6 L
Y6

Figure 6.1 Interaction graph, logical model and logical equations of protein network exasfjale
LYGSNFOGA2Y 3ANILKY ¢KS y2RSa o, mx Ho X cO A

5 5

represent interactions. Blue arrows represent activations and red bar arrows inhibitions. (b) Logic
based representation of a logical mod#&r the interaction gaph given in (a). (cluations of a
logical modelfor the interaction graph given in (a).

There ardew logical models that have been applied to the mammalian cell cycle. To know more about
these models, seHuang & Ingber, 2000; Fauré et al., 200&iSat al., 2009; Mombach et al., 2014,
Tanaka et al., 20)7Moreover, many logical models have been built to model cell cycle of budding
yeast (Li et al., 2004; Faur'e et al., 2009; Irons, 2009; Todd & Helikar, 2012; Alcasabas et al., 2013;
Rubinstein eal., 2013; Chasapi et al. 2015; Linke et al., 2017).
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6.3 ResearchMethodology

Reducing a model of the biological netwanko a simple one using tim&indows and simple logical
models involveshe following tasks: (i) Understaimbthe protein interactions involved in the system
(ii) Dividngthe dynamisof the system into timevindows (active timevindows, steady or frozen time
windows); (iii) Determiring the key elements in each active timéndows,; and(iv) Buildng alogical
model for each active tima/indow. Lasttaskisdivided into three subtasksfirst, findnga regulatory
graph for the system; secohyldefiningthe logical parameters of the systemnd thirdy, specify the

logical equations (for updating).
6.3.1Understand the Protein Interactions Involved in the System

We usa the base model presented ifection 4.1 (G1/S checkpoint pathway and DNA damage
pathways model) as a complex system case study to apply our new reduction approach. Understanding
protein interactions involves understandirsgstem dynamics in the G1/S checkpoint pathwaythed

DNA damage pathway base model involving prof@aiotein interactions This isconsideed thefirst

step inthe modelreduction process.

The system and form of moleculeateractions in the networkvere described in the section on the
base model (Sectiofl). The base modeas shown in Figure A.shows the reaction scheme of the
proposed model, which integrated the G1/S model and the DNA damagédllisigrnaathway. The

model consists of 35 dependent variables, 88 interactions and 92 kinetic parameters (see Appendix B).

6.3.2 Divide the Dynamgof the System into Timé&Vindows (Active TimaVindows, Steady

or Frozen Timé&Vindows)

Biological processesan take place over dong timescale For example, the G1/S network that
generates a circadian rhythm, as shown in Figure 6.2, shoatein behaviouroverthree distinct time
windows.In timewindow A, some proteinsindergochangesn concentration andn others, no change
occurs.In time window B, there areno changs in most proteinsin time window C, some proteins
have change$n concentration andin others, no change occurs. To model a system that involves
processes actinfn different timewindows, primarytime windows must be chosen (tim@indow A

and C). Other timavindows are then treated abeingfrozen in time (timevindow B).
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Figure 6.2Behaviourof multiple time windows

These timewindow separations are made during model construction; they often motivate the
decisionsabout whatspecies and processes should be included in the modelvaaticanbe ignored.
In other cases, existing models that incorporate separate timelows can be simfied. This model

reduction process approximates the original model with a model of reduced complexity.

Model reduction by timewindow separation leads to similar resslto an original model, whera
differential equation describing a state variable is replaced by a new simple differential equation. The
main ldea in model reduction technigsidy time windows isto treat a slow variable as fixed
parameter (constant value), rather than as a stateiafsle. Inthe reduction method using time
windows, the number of elements in the system depends on the timindow andthe number of

elements chanigg with time.
6.3.3 Determine the Key Elements in Each Active Tiviadows

After studyngthe G1/S checkpoint proteinehaviourwith and without DNA damage multiple time
slides the key elements in each active tinveindow are determined Table 6.1 shosvthe G1/S

checkpoint proteirbehaviourwith and without DNA damagaver multiple timewindows:

Time window A contains 14 elementat play main roles ithe time window A. These elements are
CycD, Cdk4, CycD/Cdk4, p27, p27/CycD/Cdk4, p21, p21/CycD/Cdk4, p16, RBAEZE2RbRb, p53,
Mdm2 and ATM/ATR. Also, timéndow C contains 14 elementhat playmain roles in timevindow
C. These elements are CyckE, Cdk2, CycE/Cdk2, CyeB/CdRZ, p27/CycE/Cdi2 p21,
p21/CycE/Cdk#®, RBPP/E2F, E2F, RPP, p53, Mdm2 and ATM/ATR.
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Table 6.1 G1/S checkpoint protelrehaviourwith and without DNA damagén multiple time

windows
No Molecular A
1 CycD
2 CycE
3 CycA
4 Cdk4
5 Cdk2
6 CycD/Cdk4
7 CycE/Cdk2
8 | CycE/Cdk2-P
9 | CycA/Cdk2
10 | CycA/Cdk2-P
11 | p27
12 | p27/CycD/Cdk4
13 | p27/CycE/Cdk2-P
14 | p27/CycA/Cdk2-P
15 | p21
16 | p21/CycD/Cdk4
17 | p21/CycE/Cdk2-P
18 | p21/CycA/Cdk2-P
19 pl6
20 | Rb/E2F
21 Rb-PP/E2F
22 E2F
23 Rb-PPP
24 Rb
25 | p53
26 Mdm2
27 ATM/ATR
28 | Cdc25A
29 | Cdc25A-P
30 | Chkl
31 | Chk1-P
32 NF-Y
33 | B-Myb
34 | B-Myb-P
35 | Im




6.3.4 Buildng Logical Model foreach Active Timé&Vindow

We need to build two logical modeR1 and R2. Rb represent the reduced model for tim&indow

A and R2o represent the reduced model for timeindow C. The first step to construct any logical
model isto find a regulatory graph for the systemwhichin our casedepends orthe ODE model. See
Table 1.1 in Appendixwhereit showsthe ODEs of the reduced model (R1) after refinemant see
Table J.1In Appendix Jvhereit showsthe ODEs of the reduced model (R2) after refinement.
Figure 6.3 shows a regulatory graph for the reduced model (R1) and Figure 6 gltlsbaegulatory
graph for the reduced model (R2).

The second stefs toconvert a regulatoy graph into dogicbased graph. Figure 6.5 shethe logical
model withthe underlying interaction graph given in Figure ,6aile Figure 6.6 shows the logical

model with underlying interaction graph given in Figure 6.4.
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Figure 6.3Regulatory graphfor the reduced model (R2fpr time window A

The last steps tospecify the logical equations (for updating) and the initial vebfe¢he proteins. The
reduced model (R1) represents 14 logical equations (see 1.3 in Appendix I). Table |.zhshoitial
conditions of the reduced model (R1).e&hwhile the reduced model (R2) representd logical
equations (see J.3 in Appendix J). Table J.2 stievsitial conditions of the reduced model (R2).

Synchronous method is used to update the status afe®
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Figure 6.6 Logibased graph for the reduced model (R2)

6.4 Results and Discussion

The simulation results of theeduced model (R1) and the reduced model (R&h and without DNA

damage agreed with the biological knowleddeom previous studiesas described belowCycD and

CycE playhe main roles in mammalian G#1o-S transition. As shown in Figure 6fat, the reduced

model (R1) without DNA damage, the state of CycD becomes active in early G1/S. CycD binds to Cdk4
forming the binary complex CycD/Cdk4As shown (at time step 2CycD/Cdk4 becomes active.
Furthermore, the CycD/Cdk4 complex phosphorylates Riun® to E2F, which becomes
hypophosphorylated formRbPP/E2F (Helin, 1998). We note that Rb/E2F becomes inactive (at time
step 3), RBPP/E2F becomes active (at time ste@Adl Rb becomes inactive (at time step 5). p53 and

p21 stay inactive at all iteratnsin the simulation of the reduced model (R1) becatisere wasno

DNA damage.
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Figure 6.79mulation results of the reduced model (R1) without DNA damage (green: active, red:
inactive)

After damage occuad in DNA the simulation results of the reduced model (Rit¢ shown in Figure
6.8. The DNA damage signal activafel M/ATR (at time step 1). p53 is activiby ATM/ATR (at time
step 2) which regulatel transcription ofthe large numberof genes required for diffient purposes
including damage recovery or cell death proe=€iliberto et al., 2005; Harris & Levine, 2005; Geva
Zatorsky et al., 2006).

p53 activation leadto the activationof p21 (Yu et al., 1999). The role of p&asto inhibit the activity

of CDK toeffect cell cycle arrest through inhibitionr ghosphorylation of Rb to keep E2F inactive
(Campisi & Fabrizio, 2007). iStexplans the activation of p21/CycD/Cdk4 (at time step 4).
Furthermore, as sea®in Figure 6.8there were oscillatiorsin the behaviour ofp53 and p21. This result

agreed withthe experimental resukas described in the previous chapter
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Figure 6.83mulation results of the reduced model (R1) with DNA damage (green: active, red:
inactive)
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As shown in Figure 6.the simulation results of the reduced model (R2) without DNA danaag

mid G1 CycE/CDK2 activation is the main reason for further hyperphosphorylation-pp/EBF
resulting in the dissociation of RBPPP from E2Ehus, releasing E2F. As shown (ahé step 1) in
Figure 6.9E2FandRbPPPecome active. The increased concentration of E2F promotes the synthesis
of CycE in the mid to late G1 phase (at time stepA)en CycE becomes activihis facilitates the
binding between CycE and CDK2 to fornmrenaf CycE/CDK2 (at time steps®)CycE/CDK2 becomes
active. This results in further freeimd E2F thus, establishing a positive feedback loop between E2F
and CycE; increased concentrations of E2F and CycE move the celldi@ir’S checkpoint tethe S
phase (Satyanarayana & Kaldis, 2009gs€&mesults agree withthe reported experimental resul
(Kohn, 1999Hocheggekt al., 2008)
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Figure 6.99mulation results of the reduced model (R2) without DNA damage (green: active, red:

inactive)

As showrnin Figure 6.10or the simulation results of the reduced model (R2) with DNA damage, p21
active. The role of p21 to inhibit the activity of CDKetiect cell cycle arrest through inhibition of
phosphorylation of Rb to keep E2F inactive (Canisiabrizio, 2007). Protein p2% boundto
CycE/Cdk®P formingthe complex p21/CycE/CdkP. As shown (at time step,1)21/CycE/CdkP
becomes active. Tédelaysreleas of E2F from RIPP/E2For one iteration morewhich mean adelay

in the synthesiof CycE. As shown in Figure 6 EBF becomes active (at time step 2) and CycE becomes
active (at time step 3). This delay in activati@presentscell cycle arrest. Ee results agree with
experimental result (Lev BatOr et al., 2000; Batchelor et a2008)
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Figure 6.1amulation results of the reduced model (R2) with DNA damage (green: active, red:

inactive)

6.5 Conclusions

Therehas beera great deal of interest in the reduction of complex ODE regulatory network models
for many reasons:)Most of the models that have been built to understand regulatory netwadee

ODE mathematical modelgi) Most of the ODE mathematical modelere complex and neeed
kinetic information for moleculeghat was not easily gathered (iii) Simpliffng complex ODE

mathematical modelsanleads toa better understanding and control of these systems.

We presented a way of reducing complex quantitative models into logical models wietese of
time windows allowed the reduction of time complexityand logichrepresentation to get rid othe
kinetic parameters in a system. The methodgmsneraland canbe readily applied to complex
quantitative models. Moreover, we discussed and generalihedexisting theoretical results on the
relations between Boolean and continuous models. As a case study, a continuous ODEwasdel
changed into aeduced logical moddb descrile the G1/S checkpoint with and without DNA damage.
We discussed how this model can explain and predict the G1/S checkmbiatiour with DNA
damage, including oscillatisiioy some molecules anthe fate of thecells. This showd the reduced

modelwasstill usefulfor obtaining biological insights anil waseasierto run and to analge.

The approachpresentedhere greatly helgd to simplify complex quantitative models into simple
models and will facilitate the interactigbetween moddling and experiments. Moreover,\ill help
researchers andhose who build these modelsto focus on understanding and representing system

behavour rather than focusing on determiing valuesfor the kinetic parameters.

Futurework includes producing furtherreductionmodels yieldingexpeced behaviourof whole cell
cycle regulation with and without DNA damage. Moreover, pheposedreduced method could be

improved by using tima&indows and multivalued logical moded (semiquantitative models).
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Chapter 7

Conclusions and Future Directions

The purpose of this researcind the preceding chapterg/asto offer two methods to aid in reduction
and approximation of complex ODE mathematical models. In particular, the ODE maolelGit/S
checkpoinfwith and without DNA damage&vas offered as a motivating example of a complex system
and two reduction methods were presented to aid timis reduction. Thischapter includesfour
sections. Sectiofi.1 presentsageneral overviewand Section7.2 presents the contributions made by
the thesis. The future directions are presented in Secfi@yand the overaltonclusionsare givenn
Section7.4.

7.1 General Overview

This thesis addressed several issues related to complexity, model reductitimesomhtrol of complex
systems. Two reduction methodgere proposed in this thesighe first approachwas based ona
hierarchicalrepresentation and lumpingpproach andhe second approach sl time windows and

logical moded. The issues studied in this thesis can be sunsads follows

First, the thesis presented aeview of issues and facts about complex systems, model reduction,
complexity of biologicahetworks and reduction methods used to reduce mathematical models of

biological systems (Chapter 2).

Secondy, it provideda brief review othe biological backgroundnthe regulation of cell cycle and the

details of the G1/S checkpoint anelated models (Chapter 3).

Thirdy, we developed a new method to simplify biological netwonksing a hierarchical
representation and lumping approach. It has been shown thatnew method not only can simplify
biological networks, but also can improve the speédunningthe system and generate solutisn
easierthan with the ODE original model Thequality of representation of biological networks with
ODEgenerallydeteriorates with increasing size of biologibat the new reducd method over comes

this difficulty, and therefore, when the size of the biological networks increases the complex ODE

modelcan bereplaced with the reduced modéChapter 4).

Fourthly, we validated the reduced model output with base model througmpaing the behaviour
of the elementsof the model, theroot mean squared error (RMSE) and theoot mean squared
percentageerror (RMSPEJ)o be surethat the reduced modelvasuseful for a particular purpose and

applicable to answering a specific set of questions. Furthermore, thaltseshoved that this new
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reduce methodwasvery effective the reduced model generatefaster solutions that were almost
perfectlyaligned withthe behaviour of thecomplex biological network. In general, the reduced model
achievel excellent agreemenin resultscomparedwith original ODE model. Tikcanleadto better

understanding and helm the treatment of diseases, especially (cancer) (Chapter 5).

Fifthly, we offered another method to aid in the reductigieldingthe expecedbehaviourof the G1/S
checkpoint with and without DNA damage. We divided the G1/S checkpoint pathway into time
windows (active timewindows and steady or frozen timavindows). The active timaindows were
then represented by logical models. Theduced modebgreedwith the original moderesultsand

biological evidencéChapter 6).

Finally, we discussed the conclusions and outcomes from this researgir@mubedfuture research
directions. The main conclusievasthat relaxing thestruggle with complexity of matheatical models
was possible and the proposed reduction methods have the potential to miadgortant impacts

across many fields of biomediaatd otherresearch (Chapter 7).

7.2 Contributions

The contributions and outcomes from this thes@n bebroken down as follows:

1. A reviewof complex systems and reduction methods thall openthe minds of researchers

to improve the existing reduction methods or to suggest new reduction methods.

2. A good summargf theregulationof cell cyclehat will helpresearcheswho donot havea

strongbiology background.

3. A new reduction method to simplify protejorotein interaction (PPI) networks based an
hierarchical representation and lumping approac¢hat could be appéd to different kinds of
complex systemsThe new reduction method provides possibility to zoom in and out several

levels of complexity witlgood results. So, this make it unique compared to the existing ones.

4. A new reduction method to simplify complex ODE neathtical model®f biological signalling
networks using timewindows and logical modelhat could be appkdto different kinds of
complex systemsThis new reduction methodis the first method that combinedBoolean
models and time windows to reduce the complex biologwatiels with good results. So, this

makesit unique compared to the existing ones.

5. The twonewreduction methodgrovidedmany advantagefom two different perspectives

(computational and biological):
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A. Froma computational viewpoint:

i. The reduced modelasmore efficien in runningthe system and generatg

solutionsthan the ODE base model.

. The reduced modelaseasierto run and generate solutiopthan the ODE base

model.

iii. The reduced modelvas easier to represent than the ODE base model through
redudng the numberof nodesin the network, thereby redudng the number of

interactions between nodes and the number of system equations.
B. From biological viepoint:
i. Better understanding of protein interactions.
. Easier understanding of systdmhaviour
iii. Easier analeisof results.

iv.  The reduction method alloed representtion of biological networks in mulple

levels of abstraction (zoom in, zoom out).

V. The reduction methodllowed assembling different models of a biological system

in one global viewa comprehensive biological network).

vi.  Easier to apply perturbing functisiin the reduced model thaim the base model
because the reduction methodasbased oralumping approach, ereevery lump
wasa functional unit.Therefore,we can remove these lungmne by one and see

what happensto the system behaviour.

vii.  The reduced modet¢nabled simulation ofmany scenarios for various emergent

properties and behaviour

6. A better understandingof intracellular signalling networks thatan contribute tobetter

treatmentof diseases, especially (cancer).
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7.3 Future Directions

The pesent work hasso far, helpedin reducing complex ODE mathematical madekulting from
modeling the G1/S checkpoint pathway with and without DNA damage, made improvementin
simulation and knovedge of a varietpf possible scenarios using reduced models. Future work could

continue to focus on these areas.

In future work, we intend to extend the method based aierarctical representation and lumping
approach to more compiebiological networks, such #dise wholecell cycle with and without DNA
damage. In addition to further development tife first reduction method, there are other lumping
methods that could offer interesting results. For example, nested fuzzy cognitive (R@Ms) can be
used to obtain a hierarchcal representationand, lumping as it followssimilar in principls. the

researcher believes that there must be a way to bringsthenethoddogether.

There are many open questiorabout the redudion of complex ODE mathematical moded$
biological systemshat have beendeveloped. Howcan we use the reduced models to build a
comprehensive biological model? How eembalance the degree of simplification and accuracy of the
results required in the reduin process, as well as other related research questions? These are all

issues that should be considered in future development and cotdducevery interesting results.

Future extensionsf the reducel method usngtime windows and logical modelsicludereductiors
yieldingthe expeced behaviourof the whole cell cycle regulatigrwith and without DNA damage.
Moreover, the reducd method could be improved by using timéndows anda multi-valued logical

model (semiquantitative models).

While this researh offered two methods of reduction for complex ODE mathematical models, it should
be obvious that there exists a great deal of room for future work (directly and indirectly) related to the

current work.

7.4 Conclusions

Therehas been great deal of interest in the reduction of complex ODE regulatory network models
for many reasons: (i) Most of the models that have been built to understand regulatory netwer&s
ODE mathematical modeléi) Most of the ODE mathematical modei®re complex and needd
kinetic information for moleculeand that wasnot easily gathereg(iii) Simplif/ingthe complex ODE
mathematical model€anlead to better understanding and control of these systerasd (iv) The

known reduction methods often fackdifficulties when applied to complex systems.



For the purpose of the current studgbiological network model reductiowasdefined as any method
designed to reproduce the original modelasmaller model that produakthe samebehaviourasthe

original model by reducing oner moredimensiorsin abiological network model.

In conclusion, behind each complex system there is a network that defines the interactions between
the components. We will never understand complex systems unless we map and understand the
networks behind them. Proposing simplified dynamic models for large and complex biological
networks by usinghese new reducea techniques could allow building a comprehensive biological
network. Thatwould help researchergain a greateunderstandingof the emerging properties of
cellularactivities. Hierarchical modleng is important when there ithe needand possibilityfo zoom

in and out several levels of complexity. Critical parameter identification is an important issue in
systems biology. Therare many reduction methods but a fully formal method tleagploited the

hierarchicalbrdersfor large volumes of variablesvasmissing.

This thesiproposed andleveloped two ODE model reduction approaches to reduce the dimegision
and complexity of higlg-dimensional ODE models. The two approachese thenapplied toan ODE
modelof G1/S checkpoint pathwantegratedwith DNA damage pathways.

The popposedapproachesanhelp greatly simplify complex quantitative models into simple models
that facilitate the interactiors between the modeling and experiments. Moreovethey canhelp
researchers andhose who build the modeldo focus on understanding and representing system
behaviourrather than focusing on determiing thevalues ofa large number dfinetic parametersThe
advantage is greater in particular in application to molecular networks that have many well separated
time windows.The reduced model has improved our understanding of the dynamics of the G1/S

checkpoint pathway with and without DNdamage.

This work showed that relaxing ti#ruggle withthe complexity of mathematical models is possible
and the proposed reduction methods have the potential to make an impact across many fields of

biomedicaland otherresearch.
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Appendix A
Initial conditions, kinetic parameters and mass balance equations of
the ODE mathematical moddbr the DNA damage signalling

pathway and whole cell cycle regulation

A.1 Initial conditions ofthe mathematical model(lwamoto et al., 2011)

Table A.1 Initial coditions of the mathematical model

Chemical o Chemical o Chemical "
) Initial value . Initial value ) Initial value
species species species
Y1 3.00e-02 Y19 1.00e-03 Ya7 1.00e-03
Y- 1.00e-03 Y20 1.9%+00 Yas 0
Ys 4.00e-05 Ya1 1.00e-03 Yag 0
Ya 5.00e+00 Y22 0 Yao 0
Ys 1.50=+01 Yas3 1.00=-02 Ya1 0
Ye 7.50e+00 Yaq 5.00e-02 Ya2 1.00e-06
Y7 1.00e-03 Yos 2.65-02 Ya3 1.00e-06
Ys 1.00=-03 Y26 2.35%-04 Ya4 3.00e-02
Yo 4.00e-04 Yo7 0 Yas 0
Y10 1.00=-04 Yog 1.00=-03 Y6 2.00=+00
Y11 1.40e+01 Yag 1.002-04 Ya7 3.00e-02
Y12 1.00e-03 Yo 9.90e-01 Yas 9.00e-01
Y13 1.00=+00 Ya1 1.00=-02 Yag 1.00=-01
Y1 1.00=-04 Yao 0 Ys0 1.00e01
Yis 0 Y3z 0] Ys1 9.00e01
Y16 0 Yaq 1.00e+01 Ys2 0
Y17 0 Yss 1.00e-04 Ys3 0
Yis 0 Y3g 1.00e04 Im 0

Abbreviations are as follows: Y1: Cyd2: CycE, Y3: CycA, Y4: Cdk4, Y5: Cdk2, Y6: CycD/Cdk4, Y7:
iCycE/Cdk2, Y8: aCycE/Cdk2, Y9: iCycA/Cdk2, Y10: aCycA/Cdk2, Y11: p27, Y12: p27/CycD/Cdk4, Y1
p27/CycE/Cdk2, Y14: p27/CycA/Cdk2, Y15: p21, Y16: p21/CycD/Cdk4, Y17: p21/CycE/Cdk2, Y18:
p21/CycACdk2, Y19: p16, Y20: Rb/E2F, Y2PIRE2F, Y22: E2F, Y23HRP, Y24: Rb, Y25: p53, Y26:
Mdm2, Y27: ATM/ATR, Y28: iCdc25A, Y29: aCdc25A, Y30: iChkl, Y31: aChkY, Y33: KicB, Y34:

Cdk1, Y35: iCycB/Cdklcyto, Y36: aCycB/Cdklcyto, Y37: Weelg¥B8; VB9: p21/CycB/Cdk1, Y40:

iB-Myb, Y41: aB/yb, Y42:iCdc25C, Y43: aCdc25C, Y44: iCdc25CPs216, Y45: aCdc25CPs236, Y46: 14
0 ,BOoYKAMNROHpP/t{HumMcE ,nyY A!t/k/ OROHANXZ ,ndyY
aAPC/Ccdhl, Y52: iCycB/Cdklnuc, Y5&BICdklnuc, Im: Intermediate, DDS: DNA damage signal
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A.2 Kinetic parameters bthe ODE mathematical modglwamoto et al.,

2011)
Table A.2 Kinetic parameters tiie ODE mathematical model
Kinetic Value Kinetic Value Kinetic Value Kinetic Value
paramete paramete paramete paramete
ka1 5.00e04 Kss 1.50e03 k71 4.00e03 K106 5.00e02
k2 5.00e04 ka7 5.00e05 k72 1.00e08 K107 2.00e03
ks 5.00e03 Kag 1.00e03 k73 3.00e+00|  kigs 1.00e05
Ka 2.50e03 Ko 5.00e03 k74 7.72e01 K109 1.00e02
Ks 1.00e01 Kao 2.00e03 kzs 1.00e05 Ki1o 1.00e+00
ks 2.50e03 Ka1 5.00e05 kze 5.56e02 K111 1.00e03
k7 2.50e03 Kaz 1.00e04 k77 2.00e02 Ki12 1.00e02
ke 2.50e05 Kaz 5.00e04 kzg 2.00e01 Ki13 1.00e03
ko 3.00e04 Kaa 5.00e04 k7o 1.00e02 K14 1.00e04
k1o 5.00e04 Kas 5.00e05 Keo 4.00e02 ki1s 1.00e02
Ki1 5.00e04 Kas 2.50e03 Ks1 1.00e03 Ki16 1.00e+00
k12 2.00e04 ka7 2.50e03 Ks2 5.00e02 k17 1.00e+00
ki3 5.00e04 kag 2.50e03 Ke3 5.00e03 Ki1s 1.00e02
Kia 7.50e03 Kag 4.00e02 Ksa 1.00e03 K119 1.00e+00
kis 5.00e03 Kso 2.50e03 Kes 5.00e03 Ki20 1.00e+02
Kis 5.00e03 Ks1 5.00e08 Kss 5.00e04 K121 1.00e+00
Ki7 5.00e02 Ks2 5.00e07 Ks7 1.00e+00| ka2 5.00e03
kis 5.00e04 Ks3 5.00e05 Kes 1.00e+00|  kizs 1.00e02
Kio 5.00e03 Ksa 1.00e02 Kso 1.00e03 K124 1.00e02
koo 5.00e04 Kss 5.00e08 Kao 5.00e04 Ki2s 5.00e03
ko1 5.00e05 Kse 5.00e05 Ko1 2.00e02 Ki26 5.00e03
Koz 6.00e03 Ks7 5.00e03 Koz 5.00e03 ki27 5.00e03
ko3 1.75e03 Kss 5.00e05 Koz 1.25e03 Kiog 1.00e03
Koa 2.25e02 Kso 5.00e04 Koa 2.50e04 K129 3.00e01
Kos 1.75e04 Kso 1.00e04 Kos 5.00e02 K130 3.00e06
kos 2.25e02 Ks1 7.00e02 kos 1.00e04 kiz1 1.00e02
Ko7 1.75e04 Ks2 1.00e03 Ko7 5.00e03 Ki32 5.00e05
Kog 9.00e04 Ks3 9.40e04 kos 5.00e03 Kiss 5.00e04
kzg 5.00e05 ke4 2.00e02 |Qag 2.00e04 k134 1.00e02
kgo 2.50e03 kes 9.50e+00, k100 1.00e01 k135 5.00e03
ka1 1.75e04 Kss 1.00e+01 Kio1 1.00e+00 Ki3e 5.00e03
k32 2.50e03 k67 5.00e03 k102 1.00e+00 k137 3.00e02
Kas 1.75e04 Kss 5.00e02 Kios 2.25e02 DDS *
K34 5.00e08 keg 8.00e04 k104 1.75e04
k35 5.00e02 k7o 6.00e+00 k105 5.00e02

* The values of DDS were as followsn@damage), 0.002¢w-damage), 0.004nfedium-damage),
0.008 pigh-damage), and 0.01&Xcessdamage).
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A.3

Mass balance equations dhe ODE mathematical modglwamoto et
al., 2011)

TableA.3 Mass balance equations (DDE mathematical model

dYd/dt= ki + kaYe 1 (k2 + k3Y4)Y1

dYo/dti= KsYoo + kgY7 1 (ke + k7Y5)Y2

dYo/dt|= koYa1 + KizoY22 + K12Yo + K7sYa2 T (Ko + K11Ys + K126Yag + K127Y51) Y3

dYd/dt= kaYs + kisYe T ksYiYa

dYs/dt= keY7 + K12Yo + K14Y10(Yae + Ys1) + Ki15Yo(Yag + Ys1) + K16Y7 + Ki7YsYs T (k7Y2 +

k11Y3)Ys

dYe/dt

= K3Y1Ya + K1gY16 + K21Y12T (Ka + Kiz + Ki1gY1s + KooY11 + KagY19)Ye

dy-/dt

= K7Y2Ys + KosYs T (Ks + K22Yag + Kig) Y7

dYg/dt

= K22Y7Y29 + KasY13 + Ko7Y17T (Kos + K2aY11 + KoeYis + K17Ys) Yg

dYd/dt

= K11Y3Ys5 + KogY10T (K12 + K2gYao + Kis(Yag + Ys1)) Yo

dYio/dt

= K2gYoY29 + K31Y1a + KaaY1gT (Koo + KaoY11 + K32Y1s + Kia(Yag + Ys1))Yio

dYi/dt

= Kaa + K21Y12 + KosY13 + Ka1Y1aT (KssYs + KaeY1o + K2oYe + K24Ys + KaoY10) Yi1

dYi/dt

= KooYeY11T  21M12

dYiy/dt

= KoaYgY111 2513

dYiddt

= KaoY1oY11 T 3114

dYis/dt

= K37 + KagYas + KigY16 + Ka7Y17 + KasYig + K10aYag T (Ksg + KigYs + KoeYs + Ka2Yio +
k103Ys3) Y15

dYie/dt

= KigYeY15T 1di6

dY:7/dt

= K26YsY15T KorYi7

dYig/dt

= K32Y10Y15 T KasYas

dYiddt

= Kao + Kat/(1 + KaoY24) T (Kaz + KaaYe)Y1o

dYzo/dt

= KasY22Y24T (KagYs + Ka7Y12 + KagYie) Yao

dYz/dt

= KagYeY20 + Ka7Y12Y20 + KagY16Y20 T (KagYs + Ks0Y10) Y21

dY, /dt

= KagYsY21 + KsoY10Y21 + Ks1Yao + Kso T (KasYos + Ksz + Ks4Y10) Y22

dYz4/dt

= KagYgY21 + KsoY10Y21 T s5i3

dYa4/dt

= Kse + Ksg/(1 + ksoY19) + KssY23 T (Ks7 + KasY22)Yaa

dYzs/dt

= Keo + Ke1Y27T (deg(t)Yzs + Ke2)Yos

dYag/dti= kes + (KeslM*%)/(Kes™° + IM®) T gal26

dYz7/dt= k78$|g (t) T 7dor

dYog/dt|= KeoY2o + KesYoo T (Ks1Ya1 + KeaYs + Y1) + Ka3)Yos

dYaoo/dt = keaYs + Y10) Yo T (KeaYa1 + Kgs + Kss) Yao

dYao/dt|= Ke7Ya1T sal27Yz0

dYdF sho¥sd ks¥z1

dYdE shid keds2

d¥Yd|= ozt olss (Koot olMast 1KG ot 1KG)Y33
d¥Yd|= olast oMsfYagtYs)+ oNz6YaotVYs)T ko¥3¥aa
d¥Yd|= olaYsat olad (Koat oozt 4¥+ oRVagt 5Y¥es
d¥Yd|= okast 4Y¥ast 1K (keet ofYaot sY+ 1KMz3Yss
d¥YdR= ot 1KMd Kio¥s Yz~

d¥Yd[E 1K6Ysa (Kiot 18Yss

dYdFE 1K6 Y19 kioYeo

dYdR= 1Ked kio¥ 0o

d¥YldFE 1K4Yad kioYas

d¥Yd[E 1k 1Rad (Kii(@set s¥Y+ 1K3)Ya2
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d Y&

= 1KYzt sWart 1R (Kiost 1RG 1+ 1RQYss

dYd[E 1REYst 1RGd (Kii(®dzer s¥Y+ 1 K61 3Ya4

dYd[E 1R&Yast 1H¥zet sYVad (kizd 1RYsas

dYd[E 1k 1R (Kiig 1R )IYas

d¥YdE 1K XYad kio¥az

dYdFE 1RGYsa kio¥%udsa

d¥Yd= 1K6¥s3 kioudsa

dYd[E 1R (Ysst 1Y ki2%o

d¥ldE 1R&6d KiaYs (Ysa+ 1Y

dyYd|E 1KeYsad (kis@azt 2¥+ 1MYaot 5Y Y62

dYd|= 1K:¥ser 1MMast aXYso+ 1RGd (Kizd 1K+ 1Kot 1 K6+

ki 0¥ 3Ys 3

dl/an= 785 i(t)gL ( +Y2% 31 k7l m
s i(tg=DDBe Xk bti me
d e(yE ki1 kual (s (g DDBe (k1 DD & i )m)e

Abbreviations are shown in Table A.1.



Appendix B

Initial conditions, kinetic parameters and mass balance equations of

the ODE mathematical moddbr the DNA damage signalling

pathway and G1/S checkpoint used as the basis for the current

current study

study

B.1 Initial conditions ofthe mathematical model used as the basis for the

TableB.1 Initial conditions ofthe mathematical model used as the basisrfthe current study

Chemical . Chemical . Chemical .
. Initial value . Initial value . Initial value
species species species

Y1 3.00e02 Y13 1.00e+00 Y25 2.65e02
Y2 1.00e03 Y14 1.00e04 Y26 2.35e04
Y3 4.00e05 Y15 0 Y27 0
Y4 5.00e+00 Y16 0 Y28 1.00e03
Y5 1.50e+01 Y17 0 Y29 1.00e04
Y6 7.50e+00 Y18 0 Y30 9.90e01
Y7 1.00e03 Y19 1.00e03 Y31 1.00e02
Y8 1.00e03 Y20 1.95e+00 Y32 0
Y9 4.00e04 Y21 1.00e03 Y33 0
Y10 1.00e04 Y22 0 Y34 0
Y11 1.40e+01 Y23 1.00e02 Im 0
Y12 1.00e03 Y24 5.00e02

Abbreviations are as follows: Y1: CycD, Y2: CycE, Y3: CycA, Y&5Cdidk2, Y6: CycD/Cdk4, Y7:
CycE/Cdk2, Y&ycE/CdkP, Y9: CycA/Cdk2, YITycA/Cdk, Y11: p27, Y12: p27/CycD/Cdk4, Y13:
p27/CycE/CdkP, Y14: p27/CycA/CdK2 Y15: p21, Y16: p21/@kCdk4, Y17: p21/CycE/CdR2Y18:
p21/CycA/CdkZ, Y19: p16, Y20: Rb/E2F, Y21-PRBE2F, Y22: E2F, Y23:HRP, Y24: Rb, Y25: p53,
Y26: Mdm2, Y27: ATM/ATR, Y28: Cdc25A, G&P5AP, Y30: Chkl, Y3ChkIP, Y32: NfY, Y33: B
Myb, Y34B-Myb-P, Im: Intemediate, DDS: DNA damage signal.
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the current study

study
Kinetic Value Kinetic Value Kinetic Value Kinetic Value
paramete paramete paramete paramete
ki 5.00e04 kas 1.75e04 Kag 4.00e02 k73 2.00e03
ko 5.00e04 kos 2.25e02 Kso 2.50e03 k74 7.72e01
ks 5.00e03 ka7 1.75e04 Ks1 5.00e08 ks 1.00e05
ks 2.50e03 kog 9.00e04 Ks2 5.00e07 kze 5.56e02
ks 1.00e01 k2o 5.00e05 Ks3 5.00e05 k77 2.00e02
ks 2.50e03 kso 2.50e03 Ksa4 1.00e02 ks 2.00e01
ky 2.50e03 ka1 1.75e04 Kss 5.00e08 ko 1.00e02
ks 2.50e05 Ks2 2.50e03 Kse 5.00e05 keo 4.00e02
Ko 3.00e04 Ksa 1.75e04 Ks7 5.00e03 Ke1 1.00e03
kio 5.00e04 Kaa 5.00e08 Kss 5.00e05 Ks2 5.00e02
ki1 5.00e04 Kss 5.00e02 Kso 5.00e04 Ks3 5.00e03
Ki2 2.00e04 K3s 1.50e03 Kso 1.00e04 Ksa 1.00e03
Kis 5.00e04 ka7 5.00e05 Ke1 7.00e02 Kss 5.00e03
K14 7.50e03 Kss 1.00e03 Ke2 1.00e03 Kss 5.00e04
kis 5.00e03 k3o 5.00e03 Ke3 9.40e04 ks7 1.00e+00
Kis 5.00e03 Kao 2.00e03 Kea 2.00e02 Kss 1.00e+00
Ki7 5.00e02 Ka1 5.00e05 Kes 9.50e+00 kso 1.00e03
kis 5.00e04 Ka2 1.00e04 Kes 1.00e+01 koo 5.00e04
Kio 5.00e03 Kas 5.00e04 Ke7 5.00e03 ko1 5.00e03
K20 5.00e04 Kaa 5.00e04 Kes 5.00e02 ko2 3.00e06
ka1 5.00e05 Kas 5.00e05 Kso 5.00e02 DDS *
ka2 6.00e03 Kas 2.50e03 k7o 6.00e+00
ko3 1.75e03 ka7 2.50e03 k71 4.00e03
K24 2.25e02 Kas 2.50e03 k72 1.00e08

B.2 Kinetic parameters othe ODE mathematical model used as the basis for

TableB.2 Kinetic parameters ofhe ODE mathematical model used as the basis for the current

* The values of DDS were as followsn6-damage), 0.002¢gw-damage), 0.004nfedium-damage),
0.008 pigh-damage), and 0.01&Xcessdamage).
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B.3 Biochemical meaning of the kinetic parameters of the G1/S basadel

TableB.3 Biochemical meaning of the kinetic parameters of the G1/S base model

Parameter| Biochemical Meaning

K1 Synthesis rate of CycD

K2 Degradation rate of CycD

K3 Association rate of CycD/ CDK4

K4 Di ssociation rate of CycD/ CDK4

K5 Synthesis rate of CycE through E2F
K6 Degradation rate of CyceE

K7 Association rate of CycE/ CDK2

K8 Di ssociation rate of CycE/ CDK2

K9 Synthesis rateMys®@ CycA through B
K10 Degradation rate of CycA

K11 Association rate of CycA/ CDK2

K12 Di ssociation rate of CycA/ CDK2

K13 Rate of CDK4 production through Cycl
K14 Rate of CDK2 producti on through CycA
K15 Rate of CDK2 production through CycA
K16 Rate of CDK2 production through CycH¥
K17 Rat e of CDRKt2h rrporuogdhu cGRicoEV CDK 2

K18 Association rate of p21/ CycD/ CDK4
K19 Di sassociation rate of p21/ CycD/ CDK/4
K20 Association rate of p27/ CycD/ CDK4
K21 Di sassociation rate of p27/ CycD/ CDK/
K22 Phosphoryl ation rate of -PCycE/ CDK2 t ¢
K23 Dephosphoryl ation-Prabvbef of nCZgEECDRRK?2
K24 Association rat-B of p27/ CycE/ CDK2
K25 Di sassociation r#&te of p27/ CycE/ CDK/
K26 Association rat-B of p21/ CycE/ CDK2
K27 Di sassociation r#&te of p21l/ CycE/ CDK/
K28 Phosphoryl ation rate of -PCycA/ CDK2 t (
K29 Dephosphoryl ati onPrabtef of mCZCgAACDRRK?2
K30 Association rat-B of p27/ CycA/ CDK2
K31 Di sassociation r#&te of p27/ CycA/ CDK/
K32 Association rat-B of p21/ CycA/ CDK2
K33 Di sassociation r#&te of p21l/ CycA/ CDK/
K34 Synthesis rate of p27

K35 Association rat-B of p27/ CycE/ CDK2
K36 Association rat-B of p27/ CycA/ CDK2
K37 Synthesis rate of p21

K38 Rate of synthesis of p21 through pb53
K39 Degradation rate of p21

K40 Synthesis rate of p1l6

K41 Constant as influx or precursor

K42 Rate of inhibition of synthesis pl6
K43 Degradation rate of p1l6
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K44 Degradation rate of pl16 by CycD/ CDK/4
K45 Association rate of Rb/E2F
K46 Phosphoryl ation r aRR/ BZF RtbH rEQRUEgHH oC¥ q
K47 Phosphoryl ation raPP/ BRFRbhEB&ghop?t{
K48 Phosphoryl ation r aRR/ BZF RtbH EQUFgH op Z X
K49 Rate of activatioR of E2F by CycE/ CI
K50 Rate of activatioR of E2F by CycA/ ClI
K51 Rate of synthesis of E2F promoted by
K52 Synthesis rate of E2F
K53 Degradation rate of E2F
K54 Rate of E2F degraRiati on by CycA/ CDK/
K55 Dephosphoryl aPiP®®ntoaRé of RbDb
K56 Synthesis rate of Rb
K57 Degradation rate of RD
K58 Constant as influxes or precursor
K59 Rate of inhibition of synthesis Rb [
K60 Synthesis rate of pb53
K61 Rate of synthesis of p53 through ATN
K6 2 Degradation rate of pb53
K63 Synt hesfi sMdma2 e
K6 4 Degradation rate of Mdm2
K65 Di ssoci at i ohHiddnsftuaanctt iiom
K6 6 Rate of synthesis of Mdm2 through |71
K67 Degradation rate of I m
K68 Synt hesi-dyb ater @dgB E2F
K69 Phosphoryl aMy o nt o-Bfgd#r m hB 8ugh-PCy c A/ C¢
K70 Rate ®fse§Bpeencciefi ¢ DNA b i ndda nmagg ea cstiigvl
K71 Association rate of p53 and Mdm2
K72 Rat e eafaniaNfe repair
K73 Degradati My+¥r ate of B
K74 Rate of inhibition oMdni2e goryh alDadAl ® ns iod
K75 Synthesis rate-Yof CycA through NF
K76 Strength d©ataebidfi tdm2 promote p53 d
K77 Rate of inhinkidi atmedofp5Bdm2gr adati on
K78 Rate of synthésios gha AR/ ATEKnal
K79 Degradation rate of ATM/ ATR
K80 Rate of Cdc25A production through EZ
K81 Degradation rate e Cdc25A through (
Phosphoryl ation ratePofhCdec@b-RCraAdf ¢
K8 2 CycA/-Bdk 2
K83 Degradation rate of Cdc25A
K8 4 Degradation -P attler odRy ICdCRISIA
Dephosphoryl ati®#ntomatf@erof CAEc@BAALt hr o
K85 CycE/-BEdk 2
Dephosphoryl ati®ntwoatf@rof CAE@RBRAALt hr o
K86 Cyc¢ RdKk 2
K87 Dephosphoryl atiPonhor &abe moiCh&hk 1l
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K838 Phosphoryl ation raPe of Chkl to fori
K89 Synt hesi sY rtahtreo uogfh-PNCFy ¢ A/ Cd k 2

K90 Degradatiovw rate of NF

K91 Degradation rate of CycA

K9 2 Synthesis rate of CycA through E2F




B.4 Mass balance equations dhe ODE mathematical model used as the
basis for the current study

Table B4 Mass balance equations dhe ODE mathematical model used as the basis for the current
study
CycD| dYy/dtl= k1 + kaYe1 (kz + k3Y4)Y1
CycE| dYo/dt|= ksYoo + kgY7 T (ke + k7Y5)Y2
CycAl dYa/dt|= KoYaa+ Ko2Y22 + Ki2Yo + KrsYa2 T (Kio + Ki1Ys + Ko) Y3
Cdk4 dYd/dt= kaYs + kiaYe T kaYiYa
Cdk2| dYs/dt = keY7 + K12Yo + K1aY10 + KisYo + Ki6Y7 + K17YsYs T (K7Y2 + K11Y3)Ys
CycD/Cdkq dYs/dt|= k3Y1Ya + KioY16 + K21Y12T (Ka + Kiz + KigYis + KooY11 + KaaY10)Ye
CycE/CdkZ dY,/dt|= k7Y2Ys + KosYs T (Ks + Ko2Yog + Ki6) Y7
CycE/Cdk2P | dYg/dt (= K22Y7Y20 + KosYis + Ko7Y17T (Koz + KoaYi1 + KaeYis + K17Ys)Ys
CycA/CdkZ dYo/dt|= K11Y3Ys + KooYioT (k12 + KogYag + le)Y9
CycA/CdkZP |dYio/dt = K2gYoYao + Ka1Y1s + KaaYisT (Koo + KaoYi1 + Ka2Yis + Kig)Yio
P27 dY11/dt|= Kaa + Ko1Y12 + KosYis + K31Y14T (KasYs + KasY10 + KaoYs + KoaYs + K3oY10) Y11
p27/CycD/Cdkid Yy /dt = KooYsY11T 2112
p27/CycE/Cdk®P dYis/dt= koaYsY111  25k13
p27/CycAICdk®P dY14/dt|= KaoY10Y11T 31Ki4
P21 dYis/dt= Ks7 + KasYas + K19Y1e + Ka7Y17 + KsaYag T (Kso + KisYe + KaeYs + K32Y10) Yis
p21/CycD/CdkadY:g/dt = K1gYeYi5T 1916
p21/CycE/CdkP dY;7/dt|= koeYsY1sT Ko7Y17
p21/CycAICdkP dYig/dt|= K32Y10Y15T KaaYis
P16 dYiddt= Kao + Kar/(1 + Ka2Y24) T (Kaz + KaaYe) Y19
Rb/E2FdY,o/dt = KasY22Y2aT (KasYs + KazY12 + KagYie) Yoo
Rb-PP/EZFdY21/dt|= KaeYeY20 + KazY12Y20 + KagY16YooT (KaoYs + KsoYi0)Ya1
E2F dY2o/dt|= KagYsY21 + KsoY10Y21 + Ks1Y22 + Kso T (KasY24 + Kss + KsaYi10) Y22
Rb-PPPdYoq/dt = KagYsYo1 + KsoY10Y21 T  sshos
RbidY,4/dt|= kse + Ksg/(1 + KsoYi10) + KssY23T (Ks7 + KasY22)Yas
PS3(dYas/dt|= Keo + Ke1Yor T (deg(t)Yzs + Ke2) Yos
Mdm2|dY,e/dt[= Kez + (KeslM)/(Kes>® + IM°0) T 6dta6
ATM/ATRAY,7/dt|= K7sSig () T 7957
Cdc25Ad Yag/dt|= KsoY22 + KssYoo T (Ks1Ya1 + KsaYs + Yi0) + Ks3)Yos
Cdc25AP [dYao/dt|= KsaYs + Y10) Yo T (KsaYa1 + Kas + Ksge) Yoo
Chk1dYso/dt= KerYa1T sa27Ya30
ChkIP|dYay/dt = KegYarYaoT g3
NF-YIdYso/dt|= KeoYioT  gol(s2
B-Myb|dVYza/dt = KesY22 i KeoY10Yas
B-Myb-P dYs4/dt|= KegY10YasT k73Yas
Im|dim/dt|= K7oY2sSig(t)/(1 + kz1YasYoe) T 67kM
Sig| sig(t) = DDSx exd kz2xtime)
Deg| dedt) = kze T kzax(sig(t) T DDS % exf1 kszxDDSxtime))

Abbreviations are shown in Table B.1.
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Appendix C
Initial conditions,lump nodes, partial elements, kinetic parameters

and mass balance equations tife reduced modellevel-1)

C.1 Initial conditions ofthe reduced model (levell)

Table C1 Initial conditions ofthe reduced model (level)

Chemical . Chemical .. Chemical ..
) Initial value . Initial value . Initial value
species species species

F1 7.53E+00 Y14 1.00e04 Y25 2.65e02
F2 2.00E03 Y15 0 Y26 2.35e04
F3 4.40E04 Y16 0 Y27 0
Y4 5.00e+00 Y17 0 F5 1.10E03
Y5 1.50e+01 Y18 0 F6 1.00E+00
Y8 1.00e03 Y19 1.00e03 Y32 0
Y10 1.00e04 Y20 1.95e+00 F7 0
Y11 1.40e+01 Y21 1.00e03 Im 0
Y12 1.00e03 Y22 0
Y13 1.00e+00 F4 6.00E02

Abbreviations are as followEi: (CycDCycD/Cdk} F2: (CycECycE/CdKR R3: (CycACycA/CdKp, Y4:
Cdk4, Y5: Cdk2Y8: CycE/CdkR, Y10: CycA/CdkR, Y11: p27, Y12: p27/CycD/Cdk4, Y13:
p27/CycE/CdkP, Y14: p27/CycA/CdK2 Y15: p21, Y16: p21/Cy€Ialk4, Y17: p21/CycE/CdRRY18:
p21/CycA/CdkP, Y19: pl16, Y20: Rb/E2F, Y21-PRYE2F, Y22: EA4 (RBPPPRD, Y25: p53, Y26:
Mdm2, Y27: ATM/ATRES: (Cdc25ACdc25AP), F6: (ChkITThk1P) Y32: NFY,F7: (BMyb, B-Myb-P),

Im: Intermediate, DDS: DNfamage signal.

C.2 Lumpnode compositionof the reduced model (level)

Table @ Lumpcompositionof the reduced model (level)

Lumpnode Value
F1 =Y1+Y6
F2 =Y2+Y7
F3 =Y3+Y9
F4 = Y23 +Y24
F5 = Y28 +Y29
F6 = Y30 + Y31
F7 = Y33 + Y34




C.3 Initial conditions ofthe reduced model (levell) for partial elements

Table C.3nitial conditions of the lumped nodes in the reduced model (lexvBl

Chemical . Chemical . Chemica .
. Initial value ) Initial value ) Initial value
species species species

Y1p 3.98E03 Yop 9.09E01 Yaop 9.90E01
Yep 9.96E01 Yo3p 1.67E01 Ya1p 1.00E02
Yop 5.00E01 Yoap 8.33E01 Ya3p 0.00E+00
Y7p 5.00E01 Yasp 9.09E01 Y340 0.00E+00
Ysp 9.09E02 Yoop 9.09E02

C.4 Kinetic parameters ofhe reduced model (level)

TableC4 Kinetic parameters othe reduced model (levell)

Kinetic Kinetic Kinetic Kinetic
Value Value Value Value
paramete paramete paramete paramete

Bl 4.59E04 B23 1.75E03 B45 1.22E05 B67 5.00E03
B2 4.29E04 B24 2.25E02 B46 2.14E03 B68 5.00E02
B3 7.11E04 B25 1.75E04 B47 2.50E03 B69 5.00E02
B4 2.14E03 B26 2.25E02 B48 2.50E03 B70 |6.00E+00
B5 1.00E01 B27 1.75E04 B49 4.00E02 B71 4.00E03
B6 4.38E04 B28 5.63E04 B50 2.50E03 B72 1.00E08
B7 4.38E04 B29 5.00E05 B51 5.00E08 B73 1.00E04
B8 2.06E05 B30 2.50E03 B52 5.00E07 B74 7.72E01
B9 5.00E09 B31 1.75E04 B53 5.00E05 B75 1.00E05
B10 1.71E03 B32 2.50E03 B54 1.00E02 B76 5.56E02
B11 1.42E04 B33 1.75E04 B55 5.00E05 B77 2.00E02
B12 1.38E04 B34 5.00E08 B56 3.00E06 B78 2.00E01
B13 2.70E03 B35 5.00E02 B57 6.00E04 B79 1.00E02
B14 7.50E03 B36 1.50E03 B58 5.00E05 B80 4.00E02
B15 3.45E03 B37 5.00E05 B59 5.00E04 B81 |1.00E03*
B16 4.12E03 B38 1.00E03 B60 1.00E04 B82 4.55E02
B17 5.00E02 B39 5.00E03 B61 7.00E02 B83 4.60E03
B18 4.29E04 B40 2.00E03 B62 1.00E03 B84 5.00E04
B19 5.00E03 B41 5.00E05 B63 9.40E04 B85 1.00E03
B20 4.29E04 B42 5.00E10 B64 2.00E02 B86 4.53E05
B21 5.00E05 B43 5.00E04 B65 |9.50E+00, DDS *x
B22 4.48E04 B44 4.29E04 B66 |1.00E+01

* If DDS<>0 Then B825.00E05 else B8% 1.00ED3.
** The values of DDS were as followsn@damage), 0.002¢w-damage), 0.004nfedium-damage),
0.008 pigh-damage), and 0.01&Xcessdamage).
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C.5 Mass balance equations dhe reduced model (levell)

TableC5 Mass balance equations dhe reduced model (level)

Cdk4 dYy/dt|= (B4+Bz)F1 T 3BYs

Cdk2]  dYs/dt= (Bg+Big)F2 + (Bi2tBis)Fs+ B1aYio+ Bi7YsYsT  {FB B1iF3)Ys

F1 dF/dt= B1+ (BsdYs)F1 + B1oYie+ B21Y12T  {+HB1gY15 + B2oY11 + BasaYig)F1

F2 dF./dti= BsY2, + BiF2dYs+ BasYs 1 (Be + BooFs + Ble)Fz

aCycE/Cdk? dYe/dt|= BooFoFs + BasYis + BarYir 1 43 BB24Y11 + B2gY15 + B17Ys)Ys

F3 dFs/dt|= BoF7+ BseY2z + B11F3dYs + B7sYsz + BaoYioT 4o BBa2gFs + Bis)Fs

aCycA/Cdk?  dYid/dtj= BogFaFs + Ba1Y1a+ BasYisT 4o BBsoY11 + Bs2Y1s+ B1g) Yo

p27| dYiJ/dt= Baa+ B21Yio + BasYiz + BaiYiaT  (s5tBBi)Ys + (BsstBao) Yio + BaoF1) Y11

p27/CycD/Cdks  dYiddt= BooF1YiaT 2812

p27/CyCE/Cd kP dYiddt= BoaYsY1ii T  of¥13

p27/CyCA/Cd kP dYiddt= B3oY1oY11T 3814

p2l| dYigdt= Bs7 + BasgYas + BigYis + B27Y17 + BasYisT 4o BBigF1 + BasYs + B3aYi0)Yis

p21/CyCD/Cdk¢ dYiddt= BisFiYisT 186

p2 1/CyCE/Cd kP dYiA/dt= BasYsYisT 217

p21/CycA/CdkP| dYigdt= BaoYioYisT 3818

pl16 dYiddti= Bao+ Bat/(1 + BagFa) T (Baz + BaaF1)Yig

Rb/E2H deo/dt = BasYooF41 L(GFB+ B47Y1o + B48Y16)Y20

Rb-PP/E2F  dY./dti= BagF1Ya0 + BarY12Yo0 + BagYieYooT — foYB+BsoY10)Yor

E2F| dY2J/dt= BagYsYa1 + BsoY10Y21 + Bs1Yoo + Bso T fsFB+ Bsz + BsaYio) Yoo

F4 dF4/dti= Bss + BagYsY21 + BsoY10Yo1 + Bsg/(1 + BsgYi9) 157 +BBY22)Fa

p53 dYzs/dt|= Bgo + Be1Yar T ( d)%z(g" B62)Y25

Mdm2 dYoe/dt|= Bez + (Bee|m50)/(86550 + Im5°) baY26B

ATM/ATR  dYz/dt=Bzesig( t ) oYz B

F5 dFs/dtj= BgoYa2 + Bgz(Yg + Ylo)d FsT Bgsl (BglFe) Fs
F6 dFe/dt=  TisYolrse

NF-Y| d¥b ¢= gBid BsXsz
F7 diH = B2 oB16 Fi Br kv

Im dl m=B7X2§i g( t )1V2¥23. Bl B

Sig si g DDS 1B;letxipre)

De d egI 8 Bul (siigDDt$)e xiBI DDBt i me ) )

Abbreviations are shown in TablelC
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Appendix D
Initial conditions,lump nodes, partial elements, kinetic parameters

and mass balance equations tife reduced model (levep)

D.1 Initial conditions ofthe reduced model (levep)

Table D1 Initial conditions ofthe reduced model (leveR)

Chemical . Chemical .. Chemical ..
) Initial value . Initial value . Initial value
species species species

F8 7.53E+00 Y13 1.00e+00 Y25 2.65e02
F2 2.00E03 Y14 1.00e04 Y26 2.35e04
F3 4.40E04 Y15 0 Y27 0
Y4 5.00e+00 Y17 0 F5 1.10E03
Y5 1.50e+01 Y18 0 F6 1.00E+00
Y8 1.00e03 Y19 1.00e03 Y32 0
Y10 1.00e04 Y20 1.95e+00 F7 0
Y11 1.40e+01 Y22 0 Im 0
Y12 1.00e03 F9 6.10E-02

Abbreviations are as follows8 (CycDCycD/Cdk4p21/CycD/CdkY R2: (CycECycE/CdKR R3: (CycA,
CycA/CdKk}, Y4: Cdk4, Y5: CdRZ3: CycE/CdkR, Y10: CycA/CdkR, Y11:p27, Y12: p27/CycD/Cdk4,
Y13: p27/CycE/CdK2 Y14: p27/CycA/CdK2, Y15: p21y17: p21/CycE/CdK2 Y18: p21/CycA/Cdk2
P, Y19: p16, Y20: Rb/EXR2: E2F9 (RbPP/E2FRBPPPRD), Y25: p53, Y26: Mdm2, Y27: ATM/ATR,
F5: (Cdc25ACdc25AP), F6: (ChkXThk1P) Y32: NFY,F7: (BMyb, B-Myb-P) Im: Intermediate, DDS:
DNA damage signal.

D.2 Lumpnode compositionof the reduced model (leveR)

Table D2 Lump nodecomposition of the reduced model (leveR)

Lumpnode Value
F8 =Y1l+ Y6+ Y16
F2 =Y2+Y7
F3 =Y3+Y9
F9 = Y2L+Y23 +Y24
F5 = Y28 +Y29
F6 = Y30 + Y31
F7 = Y33 + Y34




D.3 Initial conditions ofthe reduced model (leveR) for partial elements

Table D.3. Initial conditions of thekamped nodes in the reduced model (lev&)

Chemical - Chemical . Chemica s
; Initial value : Initial value : Initial value
species species species

Y1p 3.98E03 Yop 9.09E01 Yaop 9.90E01
Yep 9.96E01 Yo1p 1.64E02 Ya1p 1.00E02
Yisp 0.00E+00 Ya3p 1.64E01 Ya3p 0.00E+00
Y2p 5.00E01 Yo4p 8.20E01 Y340 0.00E+00
Y7p 5.00E01 Yaogp 9.09E01
Y3p 9.09E02 Ya9p 9.09E02

D.4 Kinetic parameters othe reduced model (leveR)

TableD.4. Kinetic parameters othe reduced model (leveR)

Kinetic Kinetic Kinetic Kinetic
paramete M paramete M paramete N paramete M

C1 4.59E04 C22 4,48E04 C43 5.00E04 C64 2.00E02
C2 4,29E04 C23 1.75E03 C44 4,29E04 C65 |9.50E+00
C3 7.11E04 C24 2.25E02 C45 1.58E06 C66 |1.00E+01
C4 2.14E03 C25 1.75E04 C46 2.14E03 Cce67 5.00E03
C5 1.00E01 C26 2.25E02 Cc47 2.50E03 C68 5.00E02
C6 4.38E04 Cc27 1.75E04 C48 1.00E03 C69 5.00E02
Cc7 4.38E04 Cc28 8.44E04 C49 3.48E02 C70 |6.00E+00
C8 2.06E05 C29 5.00E05 C50 2.18E03 C71 4.00E03
Co 5.00E09 C30 2.50E03 C51 5.00E08 C72 1.00E08
C10 1.71E03 C31 1.75E04 C5h2 5.00e07 C73 1.00E04
Ci11 1.42E04 C32 2.50E03 C53 5.00E05 C74 7.72E01
Ci12 1.38E04 C33 1.75E04 C54 1.00E02 C75 1.00E05
C13 2.70E03 C34 5.00E08 C55 5.00E05 C76 5.56E02
Cil4 7.50E03 C35 5.00E02 C56 3.00E06 C77 2.00E02
Ci15 3.45E03 C36 1.50E03 C57 7.80E05 C78 2.00e01
Ci16 4.12E03 C37 5.00E05 C58 5.00E05 C79 1.00E02
C17 5.00E02 C38 1.00E03 C59 5.00E04 C80 4.00E02
C18 4.29E04 C39 5.00E03 C60 1.00E04 C81 |1.00E03*
C19 5.00E04 C40 2.00E03 Co61 7.00E02 C82 4.55E02
C20 4.29E04 C41 5.00E05 C62 1.00E03 C83 4.60E03
c21 5.00E05 C42 6.47E11 C63 9.40E04| DDS *k

* If DDS <> 0 Then G83.00E05 else C8% 1.00ED3.
** The values of DDS were as follows: 0-@dmage), 0.002 (Lodlamage), 0.004 (Medium
damage), 0.008 (Higthamage), and 0.016 (Excatamage).
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D.5 Mass balance equations dhe reduced model (leveP)

TableD.5. Mass balance equations dhe reduced modellevel-2)

Cdk4 dYs/dt|= (Cat+Co)Fsl CsFgYa
Cdk2 dYs/dt|= (Cg+Cag)F2 + (C12+Cias)F3 + CiaY1i0+ Ci7YsYs T (CiF2 + CiiF3)Ys
F8 dFg/dti= C1+ (CadYa)Fg + Co1Y12T (Cz + CiedYis + CaoY11 + CasY19)Fs
F2 dR/dti= CsYoo + CrFodYs+ CosYsT (Cs + CodFs + Cig)F2
aCycE/Cdkj dYg/dt|= CooFoFs + CasYiz + CorY1rT (Coz+ CosY11+ CosYis + C17Ys) Ve
F3 dFs/dti= CoF7+ CsgY2z + C1aF3dYs + CrsY32 + CagY1oT (Cio+ CogFs + Cis)F3
aCycA/Cdk?  dYiddtj= CagFsFs + Ca1Y1a + CaaY1sT (Coo+ Cs0Y11+ Ca2Yis+ Cig) Yo
p27| dYi/dt= Cas+ CorYi2+ CosY1z+ CarYial ((CastCog)Ys + (CastCao) Yio + Co0Fs) Y11
p27/CycD/Cdks  dYiddt= CooFgYi1T 212
p27/CyCE/CdkéP dYig/dt= CosYsY11T 2§13
p27/CycA/ICdkP| dYiddt= CaoY1oY1aT 3014
p21|  dYig/dt=Ca7+ CagY2s + C27Y17 + Ca3Y1sT (Cao+ CigFs + Ca6Ys + C32Y10) Y15
[)2]./(:)/CE/CC”(—H3 dYi17dti= Ca6YsY1s1 Co7Y17
p21/CycA/CdkP dYig/dtl= CaoY1oY1sT CasYis
pl16 dYiddt|= Cao+ C41/(1 + C42F9) 1 (C43 + C44F8)Y19
Rb/E2H  dY2g/dt|= CasYaoFgT (CaeFs + CarY12) Yao
E2F| dY2J/dtj= CagYsFg + CsoY1oFg + Cs1Ya2 + CsT (CasFg + Cssz + CsaYi0) Ya2
F9 dFo/dtj= Css + CasFsY20+ Ca7Y12Y20 + Csg/(1 + Cs0Y10) T (Cs7+ CasYaz + CaodYs
+Cs0dY10)Fo
p53| dYas/dti= Ceo+ Ce1YarT (deg(t)Yos + Ces2)Yos
Mdm2|  dYz¢dtj= Css+ (Cesl m5°)/(0655° + Im5°) (YA £
ATM/ATR  dYoddt= Crssig(t) T 7827
F5 dFs/dt= CgoYar + C32(Y3 + Ylo)d Fs1 Cgsl (Clee) Fs
F6 dFa/dt — 1 13Y2$6
NF-Y| dYddE= 4@1d Cidz2
F7 drHd = 6@+ @16 FI Crkr
Im  dl/an= @26 i(thgl ( + ¥Y2@23T17 Ce7l m
Sig sitt=DD$ e x(T7 bt i )me
De d e(tg;= Crel C74T (S |(t)g DDSe X(T[CWT DDE i )m)e

Abbreviations are shown in TablelD
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Appendix E
Initial conditions,lump nodes, partial elements, kinetic parameters

and mass balance equations tfe reduced model (leveB)

E.1 Initial conditions ofthe reduced model (leveB)

Table EL Initial conditions ofthe reduced model (leveB)

Chemical . Chemical .. Chemical ..
) Initial value . Initial value . Initial value
species species species
F8 7.53E+00 Y12 1.00e03 Y25 2.65e02
F2 2.00E03 Y13 1.00e+00 Y26 2.35e04
F10 5.40E04 Y15 0 Y27 0
Y4 5.00e+00 Y17 0 F5 1.10E03
Y5 1.50e+01 Y19 1.00e03 F6 1.00E+00
Y8 1.00e03 Y20 1.95e+00 Y32 0
Y10 1.00e04 Y22 0 F7 0
Y11 1.40e+01 F9 6.10E-02 Im 0

Abbreviations are as follow$:8 (CycD,CycD/Cdk4p21/CycD/Cdky R2: (CycE,CycE/CdKR F10
(CycA,CycA/ICdk2p27/CycA/ICdkP, p21/CycA/CdkP), Y4: Cdk4, Y5: CdRe8: CycE/Cdk2, Y10:
CycA/Cdk, Y11: p27, Y12: p27/CycD/Cdk4, Y13: p27/CycERdK25: p21Y17: p21/CycE/Cdk2,
Y19: p16, Y20: Rb/E2R22: E2H;9 (RbPP/E2FRBPPPRD), Y25: p53, Y26: Mdm2, Y27: ATM/ATR,
F5: (Cdc25ACdc25AP), F6: (ChkXThk1P) Y32: NFY,F7: (BMyb, B-Myb-P) Im: Intermediate, DDS:
DNA damage signal.

E.2 Lumpnode compositionof the reduced model (level3)

Table E2 Lump nodecompositionof the reduced model (leveB)

Lumpnode Value
F8 = Y1+ Y6+ Y16
F2 =Y2+Y7
F10 = Y3+ Y9+ Y14+ Y18
F9 = Y21 +Y23 + Y24
F5 = Y28 +Y29
F6 =Y30 + Y31
F7 = Y33 +Y34
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E.3 Initial conditions ofthe lumped nodes irthe reduced model (leveB)

Table E.3nitial conditions ofthe lumped nodes in the reduced model (lev8)

Chemical - Chemical . Chemica .
; Initial value : Initial value : Initial value
species species species

Yip 3.98E03 Yap 7.41E01 Yagp 9.09E01
Yep 9.96E01 Y140 1.85E01 Y29p 9.09E02
Yisp 0.00E+00 Yigp 0.00E+00 Yaop 9.90E01
Y2p 5.00E01 Ya1p 1.64E02 Y31p 1.00E02
Y7p 5.00E01 Ya3p 1.64E01 Ya3p 0.00E+00
Yap 7.41E02 Yo4p 8.20E01 Y340 0.00E+00

E.4 Kinetic parameters othe reduced model (leveB)

TableE4 Kinetic parameters ofhe reduced model (leveB)

Kinetic Kinetic Kinetic Kinetic
Value Value Value Value
paramete paramete paramete paramete
D1 4.59E04 D22 4,48E04 D43 5.00E04 D64 2.00E02
D2 4.29E04 D23 1.75E03 D44 | 4.29E04 D65 |9.50E+00
D3 7.11E-04 D24 2.25E02 D45 1.58E06 D66 |1.00E+01
D4 2.14E03 D25 1.75E04 D46 2.14E03 D67 5.00E03
D5 1.00E01 D26 2.25E02 D47 2.50E03 D68 5.00E02
D6 4.38-04 D27 1.75E04 D48 1.00E03 D69 5.00E02
D7 4.38E04 D28 5.63E05 D49 3.48E02 D70 |6.00E+00
D8 2.0ee-05 D29 5.00E05 D50 2.18E03 D71 | 4.00E03
D9 5.00E09 D30 2.50E03 D51 5.00E08 D72 1.00E08
D10 1.71E03 D31 2.00E04 D52 5.00&07 D73 1.00E04
D11 1.42E-04 D32 2.50E03 D53 5.00E05 D74 7.72E01
D12 1.38E04 D33 4.60E03 D54 1.00E02 D75 1.00E05
D13 2.70E03 D34 5.00E08 D55 5.00E05 D76 5.56E02
D14 7.50E-03 D35 5.00E02 D56 3.00E06 D77 2.00E02
D15 3.45E-03 D36 1.50E03 D57 7.80E05 D78 2.00E01
D16 4.12E03 D37 5.00E05 D58 5.00E05 D79 1.00E02
D17 5.00E-02 D38 1.00E03 D59 5.00E04 D80 | 4.00E02
D18 4.29E04 D39 5.00E03 D60 1.00E04 D81 1.00E03
D19 5.00E04 D40 2.00E03 D61 7.00E02 D82 | 4.55E02
D20 4.29E-04 D41 5.00E05 D62 1.00E03 DDS *k
D21 5.00E05 D42 6.47E11 D63 9.40E04

* |f DDS<>0 Then D84 5.00E05 else D8% 1.00ED3.
** The values of DDS were as followsa@damage), 0.002¢w-damage), 0.004nfedium-damage),
0.008 pigh-damage), an@®.016 éxcessdamage).

16¢€



E.5 Mass balance equations dhe reduced model (leveB)

TableE5 Mass balance equations dhe reduced model (leveB)

Cdk4 dYy/dt|= (D4+D2)F8T DsFsYas

Cdk2]  dYs/dt= (Dg+Dig)F2 + (D12+D1s)Fi0+ D1aY10+ D17YeYs T (D7F2 + D1iF10)Ys

F8 dFg/dti= D1+ (DsdYa)Fs + D21Y12T (D2 + D1gdYis + D2oY11 + DasY19)Fs

F2 dF./dtj= DsY22 + D/FodYs+ DasYs1 (De + DoFs + Dle)Fz

aCycE/Cdk? dYe/dti= DooFoFs + DosYis+ D27Yi7T (Das+ D2sYi1 + DasgYis+ D17Ys) Vs

F10| dFi/dt= DoF7+ DseY22 + D11F10dYs + D75Y32 + D2gY10+ D3oY1oY11+ D32YioYisT (Dio
+ DogFs + Dis+ D31)Fio

aCycA/Cdk?  dYiddt= DagFioFs + DaiFioT (D29 + DaoY11 + D32Yis + D1g)Yio

p27| dYiJ/dt= Das+ D21Yi2+ DasYiz+ DaiFioT ((D3stD24)Ys + (D3s+D3o) Yio + D2oFs) Y11

p27/CyCD/Cdk¢ dYi/dt= DogFgYir1 212

p27/CyCE/Cd kP dYis/dt= DogYsYir 1 28Y13

p21 dYis/dt|= D37+ DagYas + D27Y17+ D3iF10T (Dso+ DisFs + D26Ys + D32Y10)Yis

p21/CycE/Cdk2| dYi7/dt= D26YsY1sT D27Y17

p16 dYigddt|= Dao + D41/(1 + D42F9)T (D43 + D44F8)Y19

Rb/E2R  dYad/dt|= DasY2oFoT (DasFs + Da7Y12)Yao

E2F| dY2J/dt= DagYsFo + DsoYioFg + Ds1Yoz + DsoT (DasFo + Dss + DsaYi0) Y22

F9 dFo/dt|= Dss+ DaeFeYo0+ Da7Y12Y20 + Dsg/(1 + DsgYig) T (Ds7+ DasYao + DagdYs +
Dsod Y1) Fo

p53 dYas/dti= Deo + De1Yor T (deg(t)Yzs + De2)Yas

Mdm2 dea/dt = Degs + (D66Im5°)/(D655° + Im5°) 1 Y26

ATM/ATR dYo//dt|= D7gS|g (t) 1 7827

F5 dFs/dti= DgoYos + Dgz(Yg + Ylo)dFs T Dasl (DglFe)Fs

F6 dFe/dt T 13YAFe

NF-Y| dYdEFE sid D132

F7 dHdF 22+ o¥16 FI D7k
Im|  dl/an= 728 i(t)gl ( +¥2023T1 De7l m
Sig sitt=DD $ e x( D bti me

De d e(tg;= D1 D74T (S |(t)g DDSe X(mei DDE i )m)e

Abbreviations are shown in TablelE




Appendix F

All time courses of the reduced model (level) elements

F.1 All time courses of the reduced model (level) elementswithout DNA

damagevsthe base model
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