Mathematical Models of Some Signaling Pathways
Regulating Cell Survival and Death

Tongli Zhang

Dissertation submitted to the faculty of the
Virginia Polytechnic Institute and State University
in partial fulfillment of the requirements for thlegree of

Doctor of Philosophy
in
Genetics, Bioinformatics and Computational Biology

John Tyson, chair
Paul Brazhnik
Liwu Li
Pedro Mendes
Carla Finkielstein
John A. Burns

Oct 23, 2008
Blacksburg, Virginia

Keywords: Mathematical Modeling, Programmed Celatbe p53, NF-B

Copyright 2008, Tongli Zhang



Mathematical Models of Some Signaling Pathways
Regulating Cell Survival and Death

Tongli Zhang

Abstract
In a multi-cellular organism, cells constantly neeesignals on their internal condition
and surrounding environment. In response to varsoyisals, cells proliferate, move
around or even undergo suicide. The signal-respsnsantrolled by complex molecular
machinery, understanding of which is an importardlg@f basic molecular biological
research. Such understanding is also valuabldifocal application, since lethal
diseases like cancer show maladaptive responggeudh-regulating signals. Because
the multiple feedbacks in the molecular regulatmachinery obscure cause-effect
relations, it is hard to understand these contrstiesns by intuition alone. Here we
translate the molecular interactions into differ@nequations and recapture the cellular
physiological properties with the help of numerisahulations and non-linear dynamical
tools. The models address the physiological featafgprogrammed cell death, the cell
fate decision by p53 and the dynamics of the BFcontrol system. These models
identify key molecular interactions responsibletfog observed physiological properties,
and they generate experimentally testable predistio validate the assumptions made in
the models.
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Chapter 1 Background and introduction

1.1 Dynamical perspective of cell physiology

Living cells respond to internal and external signkor example, bacteria regulate their
enzyme expression based on available sugar. Maagegtchase and devour invading
pathogens and mutated cells. Mouse liver cellsawstheir division to certain time of a
day (Schibler, 2003). The signal-responses of étls are controlled by a complex
molecular machinery. One major goal of moleculat egllular biology is to figure out

the “blue print” of the cellular machinery.

To understand how the machinery works is imporamh the standpoint of basic
scientific research. In addition, the understanduilblead to better treatment of lethal
diseases like cancer. Tumor cells often have aterelecular machinery and show
different signal-response behavior from normalscdtor example, in the absence of
growth factors, tumor cells persist in proliferatiwhile normal cells stop growing and
enter quiescence. To deal with cancer, we needderstand how the molecular

machinery is altered in tumor cells (Hanahan aninéxg, 2000).

The understanding is impaired by the daunting cexipt of the molecular regulatory

networks. Multiple pathways often coexist and ifaex with each other. Various positive
and negative feedbacks make it hard to derive eefiset relations. Besides, the effects
of specific molecular players depend on the callotatext they function in, eg, different

cell lines may behave differently depending onrtigenotypes.

Mathematical modeling is powerful tool to deal wétich complexity. After the proposed
molecular mechanism is summarized in wiring diagramd translated to differential
equations, precise quantitative description caadbgéeved with numerical simulations.

The simulations can be compared with experimeriiaéovations directly.



Models can also provide qualitative understandimg lsiological insights. Most models
proposed in this dissertation are constructed witlnary differential equations (ODE).
The qualitative features of the ODE models canxteaeted with the help of various
non-linear dynamical tools, like phase plane anslgad bifurcation analysis.

Bifurcation occurs when a changing parameter resalan abrupt change in the system’s
dynamics, like the appearance of new steady st@tesange in steady state stability, or
the appearance of limit cycles. Some commonly emtevad bifurcations are illustrated

in the next section. The utility of bifurcation &y&s in mathematical biology is

demonstrated in the following chapters of this elitation.
1.2 Some commonly encountered bifurcations

As mentioned above, cellular behavior can be bedérstood with the help of

bifurcation analysis. This section briefly introésscsome commonly encountered
bifurcations, like Saddle-node, Hopf, cyclic folddaSNIC (saddle node of invariant
cycle). More detailed studies of the bifurcatioas te found in previous works by the
group (Battogtokh and Tyson, 2004; Borisuk and Tiyd®98) and in excellent textbooks
(Kuznetsov, 2004; Strogatz, 2001).

The bifurcations are illustrated with a simple ex#értaken from general cell cycle
control. The example system has a positive feedbade MPF (mitosis promoting

factor) and kinase Weel inhibit each other; théesgsalso has a negative feedback since
MPF promotes its own degradation through APC (aasplpromoting complex). For
detailed description of the biochemical reacti@m)sult a previous model by the group
(Csikasz-Nagy et al., 2006).

The mechanism in the model is translated into @rgialifferential equations following
standard rules of chemical kinetic. The state \demare the concentrations of proteins
and protein complexes. Parameters are chosen tordtrate desired dynamical

behaviors. The equations and parameters are shmoppendix A.



The equations are solved numerically with the safenOscill8. MPF is taken as a
representative variable, alkg the production rate of CycB, is taken as the ivary
parameter. The computed bifurcation diagram is shwith a screen shot from Oscill8

(Figure 1.1). The bifurcation transitions are sumpgl in Table 1.1.

MPF A

08 .
06 |
C SN 3
Al e | M .
02 ?
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_l_‘
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Figure 1.1. lllustrating the relation between bifurcation diagram and phase portrait (A). The main
figure shows the one parameter bifurcation diagrBime. thick and thin black lines represent the staioid
unstable steady states. The thick and thin grees lindicate the maximal values of stable and blesta
limit cycles. The thick and thin yellow lines indie the minimal values the stable and unstable &Gyailes.
(B). The internal figure shows the phase planerpitifior k=0.9, as indicated by the gray line in the main
figure. The x axis and y axis are for CycB and MPke red and the green lines are the balance cofves
CycB and MPF, respectively. The intersection ofliaiance curves corresponds to the steady statiée Wh
and blue cycles are the orbits of stable limit egcnd unstable limit cycles. Note the coexisterfictable
steady state and stable limit cycle. The two statilactors are separated by the unstable limiecy€)

The enlarged figure zoomed in the small rectangkdé main figure, showing the Hopf bifurcation dahd
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Saddle-node bifurcation.

Table 1.1. The bifurcation points and correspondings values

ks value Bifurcation type

0.5073 Saddle-Node

0.6092 Stable saddle-loop

0.6094 Unstable saddle-loop

0.6095 Sub-critical Hopf

0.6096 Saddle-Node

0.7438 Sub-critical Hopf

1.078 Cyclic Fold (turning point of periodic
orbits)

At low ks value, the system has a stable steady state avittIPF activity. If we follow
the stable steady state for increadiagwe found that the stable steady state loses its
stability at a sub-critical Hopf bifurcation (semgére 1.1 C). The unstable limit cycles
generated by the Hopf bifurcation collapse to thddée point and disappear (not traced
here).

The unstable steady state from the Hopf bifurcatioslesces to a saddle point at a
Saddle-Node bifurcation (also see Figure 1.1C). Sdulle point meets another unstable

steady state at lowég value ks = 0.5073). We then follow the unstable steadyedait



increasingks value. The unstable steady state turns stablswab-&ritical Hopf
bifurcation ks=0.7438).

The sub-critical Hopf bifurcation generates a linytle. The limit cycle is unstable at
first and then turns stable after a cyclic foldubifation. The stable limit cycle disappear
at the stable saddle-loop bifurcatidg=0.6092).

From the view of cell cycle regulation, the sultical Hopf bifurcation aks=0.6095
corresponds to G2/M transition. Once the CyclinBdoction rate is high enough, the
cellular system loses its stable steady state atatethe oscillatory region. In normal
cell cycle, only one pulse of MPF can be obseri#eF first increases and brings mitotic
changes; later, MPF decreases and triggers céiialiv Cells divide to smaller daughter
cells and leave the oscillatory region. The othirbations do not directly correspond to

cell cycle transitions.

We also compute the phase plane portrait of theesyasks=0.9. The phase plane
diagram serves as a snhap shot of the system dysantie phase plane diagram is shown
as a screen shot from XPPAUT (Figure 1.1 B).

As ks is equal to 0.9, the system has two stable attrgcdbne stable steady state and one
stable limit cycle. These two stable attractorssagarated by an unstable limit cycle, as
shown in both Figure 1.1 A (indicated by the griag) and Figure 1.1B. Due to the
coexistence of the two stable attractors, the aystgnamics depends on its initial
condition. The trajectories converge to the stabdady state if the simulation starts from
inside the unstable limit cycle. Otherwise, theeirtories converge to the stable limit

cycle.



1.3 Software for mathematical modeling, user commen  ts

This section highlights some useful software fanpatational cell biology. Here are

some personal comments rather than objective ¢iecrs.

XPPAUT is the most widely used program in the cotapanal cell biology group in
Virginia Tech. XPPAUT stands for X-windows-phasesp-plus-AUTO, it is freely
available fromhttp://www.math.pitt.edu/~bard/xpp/xpp.ht"{PPAUT is especially

good in plotting phase planes, some screen shot®BAUT are shown in Figure 1.1.

XPPAUT is sometimes intimidating for new users, witeefuses to work properly and
gives meaningless error messages. The best sofatisnch problem is emailing the
developer Bard Ermentrout, who is willing to answstipid questions and fix annoying
problems. Besides, user will find XPPAUT more anaretfriendly as they become

familiar with non-linear dynamics.

Oscill8 is Tongli Zhang's personal favorite. Osittansforms bifurcation computation
from tedious work to daily enjoyment. One screeot $fom Oscill8 is shown in Figl.1A.
The only pity of Oscill8 is that it does not compythase plane, which is easily
compensated by XPPAUT. Oscill8 is freely availdiden http://oscill8.sourceforge.net/

Copasi stands for Complex Pathway Simulator. Tahghks Copasi is suitable for
biochemists and molecular biologists who are irge@ to generate time series
simulations for a biochemical system, but do nairgeto spend much time learning math.
Of course, advanced mathematical modelers will ntla&édest use of Copasi. Copasi is

freely available fronhttp://www.copasi.org/tiki-index.phphe students of Virginia Tech

can get help easily for using Copasi since the ldpusy group is located at Tech.

JDesigner is also a user-friendly model buildingl t8iologists can draw biochemical
reaction diagrams in their familiar way and JDesrgautomatically transforms the

6



diagram to equations. Tongli likes the way JDesignarks, but sometimes he gets

frustrated with the equations JDesigner generdi@ssigner is freely available from

http://sbw.kgi.edu/software/jdesigner.httagether with some other useful tools for

system biology.

Matlab is a commercial software with good technggdport and plenty of learning
resources. Tongli uses Matlab in classrooms anehitssome published models in
Matlab. Tongli thinks mastering Matlab allows easynmunication with modelers from
engineering background, for whom Matlab is a steshtiaol. Matlab has a toolbox for
Systems Biology. Matlab also has a bifurcation paekcalled MatCont, which is

available fromhttp://www.matcont.ugent.be/




Chapter 2 Computational analysis of dynamical
responses to the intrinsic pathway of programmed ce Il
death

2.1 Introduction to programmed cell death

Homeostasis of multicellular organisms is maintdibg a delicate balance between cell
proliferation and death. Programmed cell death §ag®is) is used by organisms to
remove unwanted cells during embryonic developraadtimmune system maturation,
and to remove aberrant cells that are damagedtetder transformed. Failure to trigger
apoptosis can lead to accumulation of damaged DiNAirscreased risk of tumor
progression (Fulda and Debatin, 2006; Johnstoag,&2002). On the other hand, over-
active apoptosis causes unnecessary cell losgingsul cardiovascular and
neurodegenerative diseases. Thus, understandimgghktion of apoptosis is an
important goal of basic biological research anddlational medical research, especially
in the field of carcinogenesis (Hanahan and Weig2000).

Apoptosis is initiated and executed by proteasisdcaaspases, which stand for
Cysteine proteases with specificity for aspartic aesidue. The proteases are present in
normal cells in inactive forms called pro-caspasesesponse to appropriate signals,
pro-caspases are cleaved to active forms and ptdoaisassemble the cell from inside.

In particular, caspases activate DNases to de#teogell’'s genome.

Cells employ two interrelated pathways to triggergsgammed cell death (Figure 2.1).
The intrinsic pathway responds to intracellulaesses (hypoxia, DNA damage, etc.) by
activating BH3 proteins. (‘BH3’ refers to a cladgoo-apoptotic proteins possessing
only one BCL2-homology structural domain.) Oncevated, BH3 proteins promote the
activation of other pro-apoptotic proteins, BAX @K, by sequestering inhibitors of
BAX and BAK, and in some cases (the BH3 protein® Bhd BIM) by causing a

conformational change of BAX. Activated BAX and BABrm oligomers in the
8



mitochondrial outer membrane, increasing its pebitigato cytochrome ¢ and SMAC

(Second Mitochondria-driven Activator of Caspase)he cytoplasm, cytochrome ¢

binds to APAF-1 to form an apoptosome, which atéisa&Caspase 9. Caspase 9 then

activates the executioner Caspase 3 (Weinberg,)280FAC promotes apoptosis by
inhibiting XIAP, an inhibitor of Caspase 3 and Casp 9.

Extrinsic signal

Caspase 8§ |—>

Intrinsic stress

Pro-apoptotic BH3 proteins

L T

Anti-apoptotic BCL proteins

L T

Pro-apoptotic BAX/BAK

\

Mitochondria outer membrane permeabilization

\/

CytoC

\

SMAC

|Apoptosome |—)| Caspase 9 |

o
|

Substrates cleavage |

|

Physiological changes |

XIAP

> Initiator module

> Amplifier module

Executioner module

Figure 2.1. Flow chart of the apoptotic programArrows and bars indicate activation and inhibition,

respectively. See text for details.



The extrinsic pathway responds to extracellulatldégands (e.g., TNF by activating
Caspases 8 and 10, which in turn activate exeartiGaspases 3, 6 and 7 (Green, 2000;
Meng et al., 2006). In addition to activating Casp3a directly, Caspase 8 also stimulates
the intrinsic pathway by activating BID (Weinbe&§07). In this dissertation , we

concentrate on the intrinsic pathway.
Apoptosis has three characteristic physiologicalifees.

The cell death response must not be triggered lakwignals. Pro-caspases are
present in all normal cells. To survive in a nasywironment, cells must keep these
caspases inactive in the face of minor fluctuatiortbe intrinsic and extrinsic pathways.

Apoptosis should be triggered only when the stlegsl is above some specific threshold.

Once apoptosis is triggered, cells should commiinishing the process.
Caspases destroy the genome and disrupt cellalmtste. To abandon the process half
way could be very dangerous to the organism, streteould generate damaged cells that

might develop into malignant tumors.

There is a characteristic time delay between signdlresponse. The larger is the
stress signal, the shorter is the time delay bedpoptosis (Albeck et al., 2008a).

Programmed cell death is controlled by a complaéwakk of interacting genes and
proteins. Feed forward and feedback signals imé&teork make the dynamic features of
the control system difficult to comprehend intugliy and to predict reliably by verbal
arguments alone. To deal with such complexity, sdvevestigators have constructed
guantitative (mathematical) models to investigateregulation of programmed cell
death in a rigorous and systemic manner (Albe@k.e2008b; Aldridge et al., 2006;
Bagci et al., 2006; Bentele et al., 2004; Cherl.e807; Cui et al., 2008; Eissing et al.,
2004; Fussenegger et al., 2000; Hua et al., 2088eWie et al., 2006; Rehm et al., 2006).

Building on this prior work, we present a new moaliethe intrinsic pathway, addressing

10



specifically the dynamical basis of the three cbimastic physiological features of
apoptosis. We subdivide the intrinsic pathway tht@e modules (initiator, amplifier and
executioner modules) and show how positive feedbathe initiator module is
responsible for the signal threshold and time dedag how the executioner module
ensures commitment to cell death. Numerical sinratof the model are supplemented
by bifurcation analyses that reveal the essenyiaadhical features of the network. We

also consider how regulation can go awry underip&ircumstances.

Using this model of apoptotic regulation, we seeknderstand how cells decide
between life and death after DNA damage. Cellsaedgo DNA damage by activating a
transcription factor, p53. At first, p53 promotedl survival by inducing transcription of
genes for cell cycle arrest and for DNA damageirefieereby giving cells a chance to
repair the damage before it is propagated to ageneration of cells. If the damage is
beyond repair, p53 induces apoptosis in multiplgsvélow p53 chooses between life
and death has been puzzling for a long time (E#emigd Lee, 1995; Lu, 2005; Michalak
et al., 2005). In this chapter, we propose a ptssiechanism for the life-or-death
decision. Transient damage promotes p53 in a ‘Indipen, which induces cell cycle
arrest and damage repair. Sustained DNA damagsfdrams p53 to a ‘killer’ form that
induces apoptosis. Analysis and simulation of tleel@h show how p53 helpers and -
killers might interact with each other in the delle decision. The model also makes
testable predictions as to how the decision capeirbed.

2.2 Modeling assumptions and molecular justificatio ns

We subdivide the intrinsic pathway into three medulFigure 2.2): the initiator module
takes a stress signal as input and outputs mitatfdBAX level, the amplifier module
describes how mitochondrial BAX causes the rele@sgtochrome ¢ (CytoC) and
SMAC, and the executioner module describes how Cwiod SMAC cooperate to
activate Caspase 3.

11



1
— B CytoCmito
SMACmito

cytoplasm

mitochondria

Figure 2.2. Wiring diagrams for a three-module decmposition of the intrinsic apoptotic pathway.(A)
Initiator module. (B) Amplifier module. (C) Execatier module. Ovals and rectangles represent peoiiein
different activity states. Solid and dashed lirgzresent chemical reactions and regulatory signals,
respectively. Five small circles represent degiadgiroducts. In panel B, the four BAXm icons regmet

a tetrameric complex that opens channels in theaméndrial outer membrane. See text for details.

In building the model we must continually make dams about what level of detail to
keep and what to ignore. We desire a model thgeneral enough to apply to real death
decisions made by cells, but simple enough to y@ltell-honed tools of mathematical
analysis (bifurcation theory) and flexible enouglbe tailored (in future) to specific cell
types and experimental circumstances. For exampthe present model we consider

BH3 proteins as a general class of pro-apoptotnigthat are activated by stress signals.
12



Later, when appropriate, we can incorporate detditeow specific BH3 proteins are
activated by different stresses. For example,dhiel$ of some BH3 proteins, like NOXA,
PUMA and BIM are up-regulated by p53-dependentsizaptional activation in response
to DNA damage (Chipuk and Green, 2006), whereasiBH#ztivated by Caspase 8-
dependent cleavage in response to an external sigaid like TN (Weinberg, 2007)

We hope that readers will approve the spirit inakithese modeling decisions have been
made, and will see how to tailor the model to néuasions by adding appropriate ‘flesh’

to the ‘skeleton’ we provide.
The initiator module describes BAX activation by BH 3 proteins.

We assume (Figure 2.2A) that a stress signal dtheegroduction of active BH3 proteins.
At first, these BH3 molecules are taken out of erby binding to inhibitory proteins,
BCL2. If the stress signal is sustained, enough BHI3accumulate to saturate the pool
of anti-apoptotic BCL2 molecules. Free, active B8l induce (we assume)
conformational changes in BAX that facilitate msertion into the mitochondrial outer
membrane (Desagher et al., 1999; Eskes et al.,, 208ani et al., 2002). The
membrane-localized form of BAX (denoted as BAXmmds strongly, we assume, to
BCL2, releasing additional free BH3 to promote tbaversion of BAX to BAXm. Note
that there is a positive feedback between free Btégins and BAXm proteins.
Unspecified components promote the inactivatioBAKm, both free (BAXm BAX)
and bound (BAXm:BCL2 BAX + BCL2). Inactivation of BAXm from the bounafm

is important for generating bistable behavior & htiator module.

In the model we assume fixed total concentratidri3AX and BCL2. This assumption
allows us to analyze the model with phase plané/sisaas described later. The

synthesis and degradation of BAX and BCL2 are ipomated later in the p53 model.
The amplifier module describes BAXm-induced release of CytoC and SMAC.

In Figure 2.2B, we describe the amplifier moduleee=BAXm causes an increase in
mitochondrial outer membrane permeability (MOMPhifilik et al., 2006). The exact
13



mechanism of MOMP is not yet clear: BAXm proteingynform oligomers that perforate
the membrane, or the outer membrane may swell arsd {IGreen, 2005). In any case,
we assume that BAXm forms tetramers that open akamm the mitochondrial outer
membrane, as done in previous model (Albeck ee@08a).

When channels are open (reaction CCGCO in Figure 2.2B), many different pro-
apoptotic mitochondrial proteins can escape ingocytoplasm, including CytoC, SMAC
and AIF (Apoptosis Inducing Factor) (Riedl and $4i04). Among them all, SMAC and
CytoC have been studied most intensively, and wed@n these two proteins in the
current model. SMAC binds to and inhibits XIAP,iahibitor of Caspase 3 and Caspase
9 (Cummins et al., 2004; Holcik and Korneluk, 2Q04hile CytoC activates Caspase 9.

There are conflicting observations on whether ettenar caspases feed back to BAX
activation and CytoC release: some publicationsentepat genetic knockout of Caspase
3 and 7 affect CytoC release (Lakhani et al., 20@8)le others report that inhibiting
caspase activity does not affect BAX activatiomaitochondrial release (Finucane et al.,
1999; Murphy et al., 2000). Because of these insterscies, we do not incorporate

feedback from caspases to the amplifier module.
The executioner module describes caspase activation by CytoC and SMAC.

The executioner module is described in Figure 2@@oC binds to APAF1 and to ATP
(or dATP) to form trimers APAF:ATP(dATP):CytoC. &m such trimers form an active
apoptosome (Riedl and Shi, 2004). The apoptosonraite and activates Caspase 9
(Shiozaki et al., 2002) in the following manners@ase 9 is synthesized as inactive
Procaspase 9 (ProC9 in Figure 2.2C). Multiple Pspaae 9 molecules bind to an
apoptosome and cleave each other at the Asp3Ifues€srinivasula et al., 1998). The
cleavage products form a heterodimer p35:p12 (dasegl as C9 in Figure 2.2C). C9 is
able to cleave Procaspase 3 (ProC3) into actigp&® 3 (C3), (Riedl and Shi, 2004).
Activated Caspase 3 returns the favor by cleavi@@CAsp330, creating a more active
form p35:p10 (aC9) (Zou et al., 2003), hence tieeepositive feedback between C3 and

14



aC9. Caspase 3 may also cleave Procaspase 9 taigep@7:p10 (Zou et al., 2003), but

the physiological significance of this reactioruigclear, so we ignore it in the model.

Three forms of Caspase 9 are considered in theuggaer module: Procaspase 9
(ProC9), p35:p12 (C9) and p35:p10 (aC9). CytoC esul’s0C9 to become C9 and
acquire basal protease activity; Caspase 3 fudleares C9 to generate a more active
form, aC9. Since caspases function as homo-dimersise factors like [C8}o describe
caspase activity. Furthermore, since APAF1 and AJATTP) are readily available in the
cytoplasm, we do not address the kinetics of amuh@ formation in the executioner
module, although cooperativity of apoptosome as$emhy possibly have dynamical

significance, as discussed elsewhere (Bagci e2@06).

Stress-induced release of SMAC from mitochondridifates apoptosis by inhibiting
XIAP, an inhibitor of executioner caspases. XIARB BaRING domain (Holcik and
Korneluk, 2001) and acts like an E3 ubiquitin ligaBinding of XIAP to C3 (Suzuki et

al., 2001) or SMAC (MacFarlane et al., 2002) hasrbdemonstrated to cause their poly-
ubiquitination and degradation. XIAP also binds arudbits C9 (p35:p12), and we
assume, in analogy to C3 and SMAC, that this big¢isads to C9 degradation. However,
XIAP does not bind to aC9 (p35:p10), because thPXbinding site (four N-terminal
amino acids of p12 subunit) is removed when pX2aaved to p10 by C3 (Shiozaki et al.,
2003). Binding and dissociation of XIAP with Casp&s Caspase 9 and SMAC are all
modeled explicitly, in order to take into accoumt tompetition of these proteins for
XIAP.

Active Caspase 3 (along with other executioner @sag) cleaves various substrates
(Weinberg, 2007), causing multiple morphologicahmmtes, including chromatin
condensation, nuclear shrinkage, DNA fragmentatitetybing of the plasma membrane,
and fragmentation of the cell. The executioner n@dses Caspase 3 activity as an

indicator of cell death.
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In brief, there is strong positive feedback in ¢éixecutioner module: C9 activates C3,
which in turn changes C9 to aC9, a more active fofi@aspase 9 that is neither
inhibited nor degraded by XIAP.

The p53 module describes p53 responses to DNA damag e.

The transcription factor p53 is a tumor suppregsotein: loss of p53 increases the
chance of tumor development, while reactivating p&8 been proposed as a treatment
for cancer (Sharpless and DePinho, 2007). p53 sspps tumor development by
maintaining genome integrity in the face of DNA-daging agents. When p53 is
compromised, cell lineages accumulate mutatiorisntiag lead ultimately to metastatic

tumors.

In resting cells, p53 level is kept low by a negatieedback through MDM2 (Figure 2.3
A). Any accidentally accumulated p53 induces prdiducof MDM2, which enhances
p53 degradation. DNA damage disturbs the negatiedidack by phosphorylating both
p53 and MDM2. Phosphorylated p53 is more stabld, posphorylated MDM2 is less
active. DNA damage also enhances degradation of DIMrough these effects, p53
level is elevated in the presence of DNA damager{giand Levine, 2005; Mowat, 1998;
Oren, 2003; Sherr, 1998).
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Figure 2.3. Wiring diagrams for processes regulatig p53 and regulated by p53(A) E2F1 enhances
apoptosis. (B) DYRK2 transforms p53 helper to pbBieik (C) p53 and p73 induce apoptosis. (D) p53

inactivates E2F1. Notations as in Figure 2.2. 8gefor details.

p53 induces cell cycle arrest (in either G1 or G2ypugh transcriptional activation of p21,
14-3-3 and GADDA45 (Olsson et al., 2007). We focus onntlost well-studied pathway:
p53 p2l1 CDK (Figure 2.3 D). p53 is a transcription factor p21. p2lis a
stoichiometric inhibitor of the CycE:CDK complexatk of CDK activity leads to
dephosphorylation of the retinoblastoma (RB) pratelypophosphorylated RB binds to

and inhibits E2F1, a transcription factor neededeféective expression of cyclin E and
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cyclin A (Csikasz-Nagy et al., 2006; Zhang et2007). Thus, if damage occurs in G1
phase, CycE and CycA activities will drop precipity, and the cell will not progress
into S phase (DNA synthesis). If DNA damage octater in the cycle, low level of
CycA and high level of p21 will prevent accumulatiof CycB activity, which is

necessary for the cell to enter mitosis.

Beside inducing cell cycle arrest, p53 is ablaitgger apoptosis in multiple ways
(Michalak et al., 2005), the best characterized/loich is transcriptional activation of
BH3 proteins (Figure 2.3C), including BID, BIM, PUMand NOXA (Olsson et al.,
2007). These BH3 proteins can be divided into tviie@ient classes, BH3AC and
BH3DR. (1) BH3AC (representing BID and BIM) botmds to BCL2 proteins and
activates BAX directly. (2) BH3DR (representing PAMnd NOXA) only binds to
BCL2 proteins.

p53 induces other pro-apoptotic proteins, e.g., B&5, PIG3, IGF-BP3, p53AIP1 and
PTEN. These proteins are beyond the scope of #se=pt model; they may be included
in future extensions. p53 also induces BAX and ARAtowever, their induction seems
not essential since active BH3 proteins are abtadger mitochondrial release and
apoptosis even when protein synthesis is blockdia eyicloheximide (Albeck et al.,
2008b).

The p53 module also describes how E2F1 enhances apo  ptosis.

E2F1 participates in p53-induced apoptosis in sdweays (Figure 2.3.A) (Dynlacht,
2005; Ginsberg, 2007). E2F1-induced ARF inhibits MiZ) thereby promoting p53
accumulation (Sherr, 1998). E2F1 also induces AS# 2, IMY and p53DINP1
(modeled collectively as ASPP in Figure 3); thesactors enhance the efficiency of p53
in inducing pro-apoptotic target genes. E2F1 atstirdoutes to apoptosis independently
of p53 by inducing p73, a transcription factorlie same family as p53 (Irwin et al.,
2000).
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Furthermore, E2F1 binds to p53 and retains it énrthcleus (Braithwaite et al., 2006).
E2F1 also induces APAF-1 and other apoptosis remsléFurukawa et al., 2002;
Ginsberg, 2007; Nahle et al., 2002). But we chausedo include these regulations in the

current model.
Differentially modified p53 can be divided into ‘he Iper and ‘killer’ classes.

p53 function is modulated by extensive post-tramsial modifications, including
phosphorylation, methylation, acetylation and uliigation (Bode and Dong, 2004;
Olsson et al., 2007; Toledo and Wahl, 2006). Intamd various co-factors (e.g.,
ASPP1/2, HZF, BRN3) bind to p53 and direct it tedfic target genes (Aylon and Oren,
2007). p53 modifications affect its binding to egmtco-factors and vice versa (Bode and
Dong, 2004; Braithwaite et al., 2006). These madiions and cofactors result in
different functional forms of p53, which we cateigerinto two classes: p53 ‘helper’ and
p53 ‘killer’ (Figure 2.3.B). The helper class pnefatially induces cell cycle arrest over
apoptosis, and vice versa for the killer clasghincurrent model, we take Ser-46
phosphorylation as an exemplar of the killer cl&ben more data on other forms of
modification and co-factor binding are availables thodel can be extended to more

subtle distinctions among p53 functional classes.

A dual-specificity tyrosine-phosphorylation-regd@dtkinase (DYRK2) is cytoplasmic in
resting cells but translocates to the nucleus &i¢A damage (Aylon and Oren, 2007),

where it phosphorylates p53 on Ser-46, turningip&8the killer form. When DYRK2 is
knocked down with siRNA, DNA-damage-induced apojstasimpaired (Taira 2007). In
the model, DYRK2's role is to delay the transforimatof p53 helper into killer.

The above wiring diagrams are translated into enginlifferential equations. The

equations and parameters are shown in Appendix B.
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2.3 Results

The initiator module is responsible for the thresho |d and the time delay

properties of apoptosis.

The initiator module (Figure 2.2A) can be describgdour ODEs (Appendix B), once
we assume constant total concentration (call itXiBA for the pool of BAX proteins and
the same for [BCLZ] All numerical simulations and bifurcation caldig@s are done on
the full set of ODEs. However, to gain insight itih@ dynamics of the initiator module,

it is useful to do phase plane analysis. Forploapose, we need to reduce the system to
two dimensions (two odes). So we assume (a rebBpaasumption) that the rates of
association and dissociation of dimers are fastpaoed to the rates of synthesis and
degradation of BH3 and the rates of activation iaadtivation of BAX. In this case, it is
convenient to write the four ODEs as a pair ofatiéhtial equations for the ‘slow’

variables,[BH3],=[BH3] +[BH3:BCL2], and [BAXm}. =[BAXm].+{BAXm:BCL2] ,

BRI~y +k,, BH3I) (8AX] K [BAXM | &
d[BH3 . .
% = Kegps + Kepyg XStress- ke, $8H3]; (1k

and a pair of algebraic equations for the steaatg gtvhen the changing rates are set as

zeros) concentrations of protein complexes,

K,[BH3:BCL2] = ([BH3], - [BH3:BCL2])x([BCL2], - [BH3:BCL2]- [BAXm:BCL2]) (2a)
K,[BAXm:BCL2] = ([BAXm] -[BAXm:BCL2] ) {BCL2] .- [BH3:BCL2]- [BAXm:BCL2] ) (2b)

K +k k + K : _
where K, = —9sBH3BCL2 B " — _dsBAXmBG b By formulating the initiator module
asBH3 BCL2 k asBAXmBC2

in this way, we can study its dynamics using pl@aee methods (Figure 2.4A). The
balance curve for [BH3](the line where the rate of change of [BiHB] equal to zero,
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which is also called a ‘nulicline’) is simply a vieal line, whereas the balance curve for
[BAXm] 1 is S-shaped because of the positive feedbackdnrtbdule. Stress enhances

the synthesis of BH3 and moves the [BHB&lance curve to the right.

Wherever the balance curves intersect, the systiansa steady state. For small stress
signal Stress= 0.1), the system has one steady state withdwel lof BH3 proteins
([BH3]t= 16) and negligible [BAXnY (since all BAXm proteins bind to BCL2 proteins).
This steady state (on the lower branch of the Se)urorresponds to living cells. The
living state is robust, in the sense that smadttlations of BAXm or BH3 levels will
decay over time, as the control system returnkdctable steady state. For a large
enough stress signal (e.8tress= 0.6), the BH3 balance curve intersects only \htn
upper branch of the S-curve. Now the living statest, and the system moves to a
steady state of high [BAXm]the apoptotic state).

The life-death transition occurs when BCL2 is tedaout by BAXm and BH3, such that
[BCL2]+ [BAXm]t + [BH3]t. Given the parameter settings in the appendix@, t
steady state of the initiator module at rest §tess= 0.1) is [BH3} [BH3:BCL2]

16, [BAXm]r [BAXm:BCL2] 33 and[BCL2} 31.Hence, [BH3]must attain a
value of ~47 in order to titrate out all the remagnBCL2 molecules. This estimate
differs from the calculated threshold of 43 becabhsebinding of BCL2 to BAXm and
BH3 is not infinitely strong.

To study the dynamics of the transition, we fiegtthe system evolve to the living state
with small stress signal (0.1) and then increasestiess signal to 0.6. At the high stress
level, the system starts producing lots of BH3 @ratAt the first, most BH3 molecules
bind with BCL2, so they cannot activate BAX. Evealty BH3 titrates out the BCL2
pool, and excess BH3 molecules are now free toamBAX to BAXm. BAXm

displaces additional BH3 from the BH3:BCL2 dimeopdhereby speeding up its own
production from inactive BAX. This positive feediatauses BAXm level to rise
quickly, which will be sufficient to activate thenglifier module (Figure 2.4.B). The
trajectory is plotted on the [BAXrnH{[BH3]t plane as shown in Figure 2.4 A. In the final

21



phase of the initiator module, the system movesgthe top branch of the BAXm

balance curve, approaching asymptotically to tbady state.
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Figure 2.4. Analysis of the dynamics of the initiadr module. (A) Phase plane. Gray dotted line: balance
curve for [BAXm}. Gray vertical lines: balance curves for [BH8]lash dottedStress= 0.1, and dashed:
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Stress= 0.6). Black-Gray solid line: the life-to-deathjictory followed by [BH3] and [BAXm]};, plotted
as time series in panel B. The color changes betbkek and gray every 50 minutes after Stressasign
applied.(B) The time series of [BH3] [BAXm]+, [BAXm]g and [BH3}E. WhenStress= 0.1 fort < 30 and
= 0.6 fort > 30. The Black arrow here and later indicatesaghyglication ofStress(C) Time lags between
stimulation and BAXm activation for different vakief StressOpen circles: time lags from model
simulations; Solid line: time lag predicted by Bq(D) One-parameter bifurcation diagram. The solid and
dashed lines correspond to stable and unstabldysstates, respectivelfE) Phase plane for three
different values of [BCL2] Gray dashed line: [BH3]alance curve fastress= 0.6. Black dashed, Gray
dotted and Black solid lines: [BAXmpalance curves for [BCLZF 60, 80 and 100, respective(l)
Two-parameter bifurcation diagram. Black solid §ineaddle node bifurcation points. Grey dashed line
corresponds to the one parameter bifurcation stioyganel D. The region of bistability is betweer th

Black solid lines.

Note that since [BAXm] changes much faster than [BH3ihe trajectory approaches the
[BAXm] 1 balance curve quickly, and the life-death traosiis driven by the

accumulation of BH3 proteins. As [BH34pproaches the vertical balance curve (where
d[BHS3]+/dt = 0), the rate by which [BH3]Jncreases gets smaller. Hence, the location of

the vertical nullcline, afBH3], = (k'sBH3 +Kgrg >6tres}/ k.5, determines the time

needed for the life-to-death transition. For exlanfor Stress= 0.6, the vertical balance
curve (at [BH3} = 46) is barely above the threshold (~43), sokié$aa long time to make
the transition. ASStressncreases, the vertical balance curve moves toighg and

[BH3]+ can increase faster toward the threshold. Thece#xplains the observed inverse
relationship between signal strength and time ¢agrfitiation of apoptosis (Albeck et al.,
2008b). This phenomenon is called ‘critical slowdwyvn’ in bifurcation theory.

From Eq. la it is easy to derive an analytical apjpnation for the lag timel,,

N [BH3J? - [BH3]?
kdBHS [BH3]¥r - [BH3]T

TL
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where [BH3]S = Ksprs +0-1Ksp1g is the initial concentration of BH&t the resting state,
dBH3

Kegis + Kepr XStrese
Kagh

threshold concentration of BH3. In Figure 2.4. @ eompare the analytical

[BH3]} = is the final concentration of BH3, afiH3],=43 is the

approximation (3) with the computed lag time asraction ofStress

Bifurcation theory provides an accurate analysisaf the activation threshold depends
on Stressand [BCLZ2}. In the one-parameter bifurcation diagram (FigureD) we plot
the steady state level of [BAXmés a function oStress For low stress, the system
shows one stable steady state with [BAXmP. AsStresdncreases, this stable steady
state is lost at a saddle-node bifurcation poib1(S Beyond the bifurcation point, the
system moves to a stable steady state with highkiBlx. The saddle-node bifurcation
point corresponds to the threshold level of stresessary to fire the initiation module. If
stress is reduced after the module has fired, ttieihigh [BAXm}: state persists until
Stresgdrops below a different lower threshold (corregpog to SN2 in Figure 2.4.D).
This phenomenon of overlapping stable steady s{histbility) between the two
saddle-nodes (SN1 and SN&)alled hysteresis. Hysteresis in the initiatadole is a
consequence of the positive feedback between BldB&Xm and is lost if the positive
feedback is blocked.

Changing [BCL2} modulates the threshold stress signal that aesMBAXm. The effect
is demonstrated on the phase plane (Figure 2.sdE)heen captured in a two-parameter
bifurcation diagram (Figure 2.4.F). The two linaghis figure trace the positions of the
two saddle-node bifurcations (SN1 and SN2 in Figu#eD) with changing levels of
total BCL2. The two-parameter plane is divided ititiee regions by the saddle-node
lines: the region to the left of SN2 (Id8tress high [BCL2}r, and low [BAXm})
corresponds to the living state; the region toriglet of SN1 (highStresslow [BCL2]y,
and high [BAXm}) corresponds to the apoptotic state; and the ndggtween the SN

lines is the bistability zone. The saddle-node fieparating the bistable region from the
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apoptotic region determines the threshold stresd fer the initiator module to fire.
Clearly the threshold increases linearly with [BEL,.2n agreement with the idea that

apoptosis is induced when BCL2 is titrated out.
The amplifier module describes CytoC and SMAC relea  se.

As [BAXm]g increases, oligomers form and open channels imitechondrial outer
membrane. Given our parameter settings, half oEtiaanels are open when [BAXg+d
100. CytoC and SMAC leave mitochondria through ¢hgsannels and enter the
cytoplasm, where they cooperate to activate thewgdaner caspase 3 and then
eventually get degraded. This module merely refagssignal from BAX to caspases in

the cytoplasm.
The executioner module is responsible for committed cell death.

To characterize the executioner module, we usedafion diagrams again. In Figure
2.5.A, we plot steady state Caspase 3 activityfasction of [CytoC] for fixed
[SMACcyto]r = 2. Clearly, the executioner module exhibitsdidity and hysteresis,
because of the positive feedback we have assunegdre Caspase 9 and Caspase 3.
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Figure 2.5. Bifurcation diagrams for the executionemodule. (A) One-parameter bifurcation diagram
(steady state C3 activity as a function of Cyto@)[EMACcyto]T =2. Notations are as in Figure 2.4B)
Two-parameter bifurcation diagram. Gray lines: locsaddle node bifurcations. Black line: the tcapey

of CytoC and [SMACcyto]T in the cytoplasm as ap@jrads executed. See text for more details. (C)
Comparison of time courses. Gray lines are compwttdconstant total Caspase 3 and total Caspase 9;
Black lines are computed after incorporating sysithand degradation of the caspases. See texioi@a m
details. (D) Mechanism for the commitment. See texmore details. The time course simulationsangd
B, C and D are carried with the complete apoptosidel. With Stress = 0.1 for t < 30 and = 1 for30:

Since CytoC and SMAC are released together wheochuindrial channels open, it is

natural to vary both proteins on a two-parametmrbation diagram (Figure 2.5.B). The
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cusp-shaped region in this diagram is the bistgtdbne. The right-most saddle-node

line is the threshold for Caspase 3 activation.

A resting cell starts out in the ‘living’ zone wifBMACcyto}r and [CytoC] ~ 0 and low
Caspase 3 activity (position in Figure 2.5.B). As CytoC and SMAC are releagedf
mitochondria in response to stress, the cell pssg®e along the black solid line in Figure
2.5B toward the apoptotic transition, at positionOnce Caspase 3 is activated, it stays
active until degradation of CytoC and SMAC driviee system back toward the ‘living’
zone (the Caspase 3 inactivation occurs at positian the Figure 2.5.B). C3 remains

activated because of the hysteresis property oéxleeutioner module.

In order to compute bifurcation diagrams (with digatate levels of active Caspase 3),
we are compelled to use the levels of total Caspas®l total Caspase 9 as parameters
and do not consider their changes. This assumgioat correct; rather there is an initial
supply of Procaspase 3 and Procaspase 9, andgbdyup as the cell executes the death
program. Thus, we modified our model to incorpothtesynthesis and degradation of
Procaspase 3 and Procaspase 9. The modified matethanging Procaspase is used
hereafter. However, we can see from Figure 2.5a€ttle assumption of constant total
Procaspase is a good approximation for the figtifeurs. Hence the insights provided
by the bifurcation diagrams are valid for earlyggt@f apoptosis. Beyond a few hours,
the whole model is no longer applicable becauséntieenal disassembly of the cell is so

far advanced.

From the time course simulations in Figure 2.5.€ can see Procaspase 3 is quickly
consumed once apoptosis is triggered, which méenmflow to Caspase 3 pool is very

low. Thus, the only way to maintain high level adispase 3 is to shut down the outflow.

SMAC shuts down Caspase 3 outflow(Figure 2.5.D)eWBMAC is released into
cytoplasm, it sequesters XIAP and there is veryffee XIAP left. As long as there is
enough SMAC to block XIAP action, Caspase 3 is éblstay at high level. Later, since
SMAC itself is subject to XIAP induced degradati®AC level drops too low to hold
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XIAP inactive, free XIAP comes up and causes thgratation of Caspase 3. In other
word, excess SMAC protein is important for the aumd Caspase 3 activity and the

committed cell death.
The model captures the dynamic features of wild typ e apoptosis.

After analyzing each module separately, we put thegether to simulate apoptosis in
wild type cells. We start the simulation from tlesting state &tress= 0.1, and elevate
the stress signal to different levelg at30. Model simulations (Figure 2.6.A) exhibit the
three characteristic features of apoptosis (Alketckl., 2008b; Chandra et al., 2002;
Rehm et al., 2006):

BAXm and Caspase 3 are activated only wB&essexceeds a certain threshold
(~0.5 for the parameter values used here). Thehbtd property allows cells to live in a

noisy environment.

In response to super-threshold stress signals ther distinct time lag before
Caspase 3 is activated. Bfresdncreases, the time lag decreases. However, né¢itbe
amplitude nor the duration of Caspase 3 activigeissitive to the level of stress above
the threshold. The time delay gives cells some tefere making the final commitment

to apoptosis. If the stress signal disappears gben,cells may survive.

Once Caspase 3 is activated, its activity stayls foga certain period of time,
ensuring that the apoptotic process is carriedtoptetion. This commitment feature is
essential to prevent cells that have been damagegdptotic DNases from reverting to

a proliferative state and propagating their damdgié to progeny cells.
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Figure 2.6. Simulated protein time-courses, demonsiting how the model captures the dynamical
features of a normal apoptotic responsgA) Caspase 3 activity and free BAXm level. For 0«30,
Stress = 0.1, and for t > 30, Stress is raisedfterent levels. (B) Time-courses of other protéiosthe

case Stress = 1 for t > 30.

The sequential activation of BAXm and Caspase 8egwith experimental observations.
When increasing levels of death ligand (like TRA#rE used to induced apoptosis,
decreasing time lags are observed before MOMPChapase 3 activation after MOMP

is always quick (Albeck et al., 2008b; Rehm et2006).

Cells have good reasons to control apoptosis wpstd BAX activation. Mitochondria
generate most of the cell’'s energy supply, so ikesaense not to permeabilize the
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mitochondrial outer membrane before the cell deireesto self-destruct. Release of
other mitochondrial proteins may cause considereddpase-independent damage
(Green and Reed, 1998).

Now we take a closer look at the events between N¥@d Caspase 3 activation
(Figure 2.6.B). SMAC is released into the cytoplaghere it binds to XIAP and reduces
the pool of free inhibitors. At the same time, Gasp9 is activated by cytoplasmic
CytoC, and Caspase 9 is free to activate Caspase@ there is no XIAP to inhibit
Caspases 3 and 9. Caspase 3 then converts Cadp&sa @nore active form, bringing
about an explosive increase in Caspase 3 actVagpase 3 activity stays high until
SMAC level is greatly reduced and no longer abledlal XIAP inactive. Prolonged
Caspase 3 activity, which has been observed expatatty (Chandra et al., 2002; Martin
and Fearnhead, 2002), ensures complete cleavatgeceflular substrates.

In the model, Caspase 3 inactivation is due toatigjron of SMAC. Since the cell is
already ‘dead’ by the time [SMACcytpis low enough to release XIAP, caspase
inactivation in the model is a moot point. HoweveEMAC protein level is low or
XIAP protein level is high, the executioner modolay allow for premature inactivation
of Caspase 3. Cells compromised in this fashiore hlag potential of developing into

tumors. The loss of commitment in mutant cells Wwélfurther addressed later.

The model mimics the dynamics of apoptosis in mutan ts and provides
mechanistic insights.

We test the model by examining its ability to siatelmutant phenotypes. To simulate a
mutant cell line, we change the values of appropparameters in the model. To mimic
XIAP over-expression or deficiency mutants, we d&fXIAP]; from its wild-type

value of 6, to 13 or 1, respectively. To mimic sellith double deficiency of BID and
BIM, we changek:, to zero. We start each mutant simulation fromrésting stateStress

= 0.1, and then s&tress= 1 att = 30.
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Caspase 3 activities and free BAXm levels in wylplet and double deficient cells are

plotted in Figure 2.7.A. In wild type cells, Caspdkis activated after a lag of about 70
min and stays active for another 250 min. In cgdiBcient for BID and BIM ki, = 0),

there is a slightly longer time delay but Caspaset®ity is eventually high enough and

sufficiently sustained to commit the cell to death observed experimentally (Willis et

al., 2007).
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The time course of free BAXm level reveals a defle@AX activation when BID and
BIM are knocked out, however, this malfunction loé initiator module is not seen as a
significant defect in the apoptotic response beedlns amplifier module and executioner
module can still turn a graded response of BAXm emtommitted response of Caspase
3 activity. To observe the consequences of the tioatavould require closer examination

of BAX dynamics in the mitochondria. We will disauthe proposed experiment later.

Caspase 3 activities in wild type cells and mutaetis with two different levels of XIAP
are plotted in Figure 2.7.B. In XIAP-deficient raats, [XIAP} = 1, the Caspase 3
activation occurs as in wild type cells, while tbaspase 3 activity stays longer; hence,
XIAP-deficient cells are able to survive in the ggace of small stress signals, and they
undergo committed death when super-threshold ssegsplied. The surprisingly normal
behavior of XIAP-deficient cells is a fact (Hark al., 2001). On the other hand, when
XIAP is over-expressed, [XIARE 13, Caspase 3 is activated only transiently, tvisc
consistent with the observation of partial Casfiaaetivation in XIAP over-expressing
cells (Rehm et al., 2006).

The model provides explanation for the loss of cotmmant in XIAP-over-expressed
cells (Figure 2.7.C). As mitochondria release osc8MAC inhibits XIAP and allows
Caspase 3 activation. However, SMAC soon losesoitgrol on XIAP since XIAP level

is high. Free XIAP binds to Caspase 3 and causekedradation. Thus Caspase 3 stays
active for only a short period of time.

The p53 module governs dynamical cell fates after D  NA damage.

The regulations and actions of p53 ‘helper’ andi€ékiare shown in Figure 2.3. Here we
use the bifurcation diagrams to study the p53 sigganodule (Figure 2.8). First, we
take p53 ‘helper’ and ‘killer’ activities to be &xl parameters and examine the response
of the system in terms of E2F1 activity and BAXiwation. (Since, as we have shown,
BAX activation by the initiator module is sufficieto trigger apoptosis in wild type cells,

we need not trace the process beyond BAXm). Inreigu8.A, we set p53 killer to a low
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level (= 1) and plot steady state E2F1 activitpdsnction of p53 helper level. At low
p53 helper, E2F1 activity stays high, correspondmproliferating cells. As p53 helper
level increases, E2F1 becomes inactived by RBEggee 3D), resulting in cell cycle
arrest. The high E2F1 state is lost by a saddle taftircation, due to the positive
feedback between CycE and E2F1 (CycE:Cdk RB E2F1 CycE). When p53
killer is increased (to 4), a little less p53 helgeneeded to inactivate E2F1, but the
effect is inconsequential (SN1 shifts only slightlyecause the ability of p53 killer to

induce p21 is assumed to be very small.

Next we set p53 helper = 0 and investigate thekilkd effect (Figure 2.8.B). At low
level of p53 killer, [BAXm} stays low. As p53 killer level increases, BH3 pios$ are
introduced. At first, there is enough BCL2 to sesjaeall BAXm and BH3 molecules,
and [BAXm]- remains low. As p53 killer level pass a certairesihold, BCL2 proteins
are titrated out, and the positive feedback betvi&&Xm and BH3 brings a sudden
increase of active BAXm molecules (at SN3), caudft@@MP and Caspase 3 activation,

as described earlier.
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Figure 2.8. The transformation from p53 helper to 53 killer in response to prolonged DNA damage.
(A) One-parameter bifurcation diagrams (E2F1 inedé&d by p53 helper) for two different levels of3p5
killer. (B) One-parameter bifurcation diagrams (Bévactivated by p53 killer) for three different lévef
p53 helper. For panels A and B, there are thremlgtstates between the Saddle-Node bifurcatioss, th

middle one is unstable. (C) Two-parameter bifunratiagram for p53 killer and p53 helper. Solid and

dashed lines trace saddle-node bifurcations inlpafand B, respectively. (D) Dynamical cell fate i
response to DNA damage. DNA damage = 0 for 0 4080, then DNA damage = 10 for t > 1000.

Increasing p53 helper level shows dual effectss#kller-induced apoptosis (Figure
2.8. B). When p53 helper is increased a little (hBper = 2), apoptosis is inhibited: a

little more p53 killer is required to activate BAXiHowever, further increasing p53
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helper (p53 helper = 4) promotes apoptosis, withsmerably less p53 killer needed to
activate BAXm (the position of SN3 drops signifitsh

A two-parameter bifurcation diagram (Figure 2.8.1&s out the interactions between
p53 helper and p53 killer. In this diagram, soirget trace the pair of saddle-node
bifurcation points (Black = SN1, Gray = SN2) by aip53 helper induces cell cycle
arrest, and dashed lines trace the pair of sadutle-bifurcation points by which p53

killer induces apoptosis (Black = SN3, Gray = SN#)e solid lines are nearly horizontal,
in agreement with the fact that p53 killer hardieets p53 helper-induced cell cycle

arrest.

The dashed lines have two features. First they nteftw@ard with increasing p53 helper.
This is because p53 helper contributes to the mtomluof BH3 proteins, increasing p53
helper level promotes apoptosis induction by pH@rki

Second, the dashed lines are N-shaped, which tetlee Saddle-node bifurcations
observed in Figure 2.8. A. For low level of p53del (below the line for SN2), E2F1 is
active and enhances p53-induced apoptosis (SeeeR2d8i for the molecular mechanism),
hence the p53 killer level needed to induce apapisdow. When p53 helper level is
increased above the line for SN1, E2F1 is inhib#ted unable to promote apoptosis; thus
the threshold level of p53 killer is elevated akiyprhe positive feedback in E2F1
regulation (described above) results in the biitgtan Figure 2.8. A and the N shape in
Figure 2.8.C.

Between the lines for SN1 and SN2, the bifurcaisomessy and beyond the scope of this

dissertation .

Now that we know the different functions of p53exl and p53 killer, we can investigate

how these two forms are regulated in response t& D&mage (Figure 2.8.D), using the

ODEs for the p53 module in Appendix B. In the alegeof DNA damage, the equations

reach a steady state, corresponding to resting. @&dla damage signal is applied,

[MDM2] decreases and [p53] increases. At first, pg8umulates in the helper form; cell
35



cycle progression is arrested, and apoptosis ibited. If the damage is repaired soon,
the cell may go back to proliferation. SustainedAd&mage, on the other hand, causes
DYRK?2 translocation to the nucleus, where it transfs p53 helper to p53 killer. p53
killer induces BH3 proteins more efficiently thab3phelper. Furthermore, E2F1 is

reactivated as p53 helper level decreases, ancede®F1 helps p53 to induce apoptosis.

Experimental observations support the dynamicahgba proposed by the model. For
example, when p53 is activated by DNA damage, éflecgcle arrest protein p21 is
induced earlier than the apoptotic protein PUMA0&@® et al., 2002).

2.4 Discussion

Programmed cell death (apoptosis) has three dgfuhymamical features: a signal
threshold that must be exceeded to elicit cellldemtong and variable time delay
between the signal and the response, and irrel@isinmitment to cellular disassembly
once the terminal proteases have been activateth ffre available experimental data we
have identified those molecular interactions thet believe, are key components of the
mechanisms ensuring these properties of progranweledeath. Using a mathematical
model, we show how the dynamical features arise fitee identified interactions. The
model attributes the signal threshold and timeyd&dgositive feedback between pro-
apoptotic BH3 and BAX proteins mediated by antiqatptic BCL2 proteins. Activated
BAX proteins release Cytochrome C and SMAC fromogtiiondria, and these signaling
proteins stimulate positive feedback interactioesMeen Caspase 9 and Caspase 3 that
ensure irreversible commitment to cell dissolutida.an example of how this cell-death
response network responds to stress signals, vp@gea model of how p53 responds to
DNA damage by eliciting, at first, cell cycle arresid damage repair, and later, if the
damage persists, cell death. The sequence of preteressions and posttranslational
modifications, generated by the model, are in gai@he agreement with experimental

observations.
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Several other studies, using computational modetngnderstand the molecular
machinery underlying apoptosis, have been publigheglcent years. Each model has its
own unique scope and emphasis. Our model has lesggneéd to combine what we
believe are the best characteristics of previoudeting efforts with some novel ideas

and specific goals of our own.

We are interested in how cells respond to severA D&mage by cell cycle arrest and,
ultimately, programmed cell death. Hence, we chdo®mphasize the roles BH3
proteins in sensing the damage signal. By contAdiseck et al. (Albeck et al., 2008a,;
Albeck et al., 2008c) are interested in how apdptissstimulated by external signaling
factors, and so their model starts from the binadihdeath ligand to membrane receptor.
Their model is concerned, among other things, wmitkractions between the extrinsic
and intrinsic pathways of apoptosis. The model bR et al. (Rehm et al., 2006) starts
from mitochondrial release of CytoC and SMAC, idarto focus on the role of XIAP in

Caspase 3 activation.

We are particularly interested in the molecular haggsms that underlie the threshold,
time-lag and commitment properties of apoptosisclvleads us to select some
molecular interactions for our model and disregataers. The biochemical details we
have disregarded may be important to address wthiees. For example, we do not
model apoptosome assembly explicitly, but this pssglays an important role in the
model of Bagci et al. (Bagci et al., 2006), whaibttte bistability in Caspase 3 activation
to cooperativity in apoptosome formation (Apafl W& + Caspase 9 + ATP
Apoptosome) and feedback from caspase activati@ytoC release from mitochondria.
In addition, we disregard the feedback from CaspaseCaspase 8 through Caspase 6,
but this positive feedback loop plays a significané in the model of Eissing et al.

(Eissing et al., 2004) to generate bistability es@ase 3 activation.

We use bifurcation diagrams extensively to revea¥ ljyualitative features of the
apoptotic response are related to network motithe@reaction mechanism and to
guantitative aspects of the network, such as gepeession levels and kinetic rate
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constant changes induced by mutations. By contdiséck et al. (Albeck et al., 2008a,;
Albeck et al., 2008c) are interested in comparhegrtmodel with experimental
observations, and so they rely heavily on numesgallations. In order to capture the
stochastic effects in the apoptotic response, @hah (Chen et al., 2007) use agent-

based simulations to study their model’s predicion

Our emphasis on positive feedback, bistabilityesholds and time lags is based in part
on previous studies of programmed cell death. Legewal. (Legewie et al., 2006) have
studied two possible positive feedback loops betweaspase 3 and Caspase 9, and we
adopt their conclusion that these caspases dedhidelp each other downstream of
apoptosome formation. Similarly, our model of thigiator module bears many
similarities to the work of Chen et al. and Cuakt(Chen et al., 2007; Cui et al., 2008),
and we refer to those papers for more details.mdel also inherits many ideas about
time lags and commitment from the work of Albeclakt(Albeck et al., 2008a; Albeck

et al., 2008c), but we place more emphasis thandben positive feedback and
bistability in the initiator module and the exeougr module. We accept their point that
programmed cell death is a transient process #ed not have (and, indeed, cannot have)
a stable steady state of high executioner-caspdisgtya Nonetheless, we agree
completely with earlier modelers that the apoptotintrol system must have a stable
‘OFF state (the living state) and a distinct threlsl stress level for initiating the cell
death program. Like the group in Nanjing China (€keal., 2007; Cui et al., 2008), we
associate the threshold with bistability in theigior module. We also propose that
bistability in the executioner module supportst¢bf#’'s commitment to apoptosis once
Caspase 3 is activated. Because our model hagibtgtan two different stages of the
process, neither one of the bistable modules issszry for a well orchestrated apoptotic
response. But, if both positive feedback loopscamapromised, then the cells will no
long able to make a clear life or death decisiemlaserved in cells with both BCL2 and
XIAP disrupted (Albeck et al., 2008a).

Our theoretical view of the regulation of apoptasas be tested in several ways. For

example, the positive feedback between BH3 and PAieins results in all-or-none
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activation of BAX(Figure 2.4D). The transition beten these two states serves as a clear
signal for downstream events, in particular, tlaasition of the outer mitochondrial
membrane from an impermeable to a highly permestate (MOMP). Bistability of the
BH3-BAX initiator module can be tested by the faliag experiments.

It can be hard to control the stress signal prégibeit it should be possible to control the
level of non-degradable BH3 protein in a cell amekéby observe bistability in the
activation of BAX. In Figure 2.9A, we fix total BH® different levels and compute the
activity of BAX. When [BH3]T is just above 40, BAZhows bistable activation. To
carry out the experiments in vivo, BAX protein cdille monitored by a green
fluorescent proteins tag: inactive BAX molecules dispersed in the cytoplasm, but
active BAX molecules should translocate to the ohittndrial membrane. BH3 proteins
could then be injected to activate BAX, while BH&ihodies could be introduced to
bring the BH3 level down. To prevent cell destraotby active executioner caspases, the
experiments should be carried out in cells unabkctivate executioner caspases, like
cells deficient for both SMAC and CytoC, or cellghwall caspases inhibited.
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Figure 2.9. Calculations in support of experimentatests of the model(A) One-parameter bifurcation
diagram for the initiator module, correspondingvitdl type cells (black line) and double knock-oltdD
bimD) mutant (gray linek, = 0). The solid and dashed lines correspond tdestand unstable steady states,

respectively. Note that bistability is lost in theuble knock-out mutant. (a), (b) and (c) indidhie values

40



of [BH3]; for the proposed experimental test. Black, whité gray rectangles indicate active, inactive and
bistable BAXm, respectively, See the text for mdetails.(B) Two-parameter bifurcation diagram. Gray
solid lines: saddle node bifurcation points. Blaokd lines and black dashed lines are two proposgd

to elevate protein levels. See text for more det@ll) Simulated time courses of Caspase 3 activity kblac
dashed line) and the level of total BH3 proteirlagk solid line). A periodic stress signal (grayhked line)
is begun at t=60, with Stress=1.25 for 120 minates Stress=0.1 for 120 minutes. The synthesis and
degradation rates of BH3 are decreased by 10 Kglghz=0.01,ks" gr3=0.06 andkygy=0.001.(D) Two
parameter bifurcation diagrams of the model comadmg to wild type cells ([XITR]= 6, gray) and XIAP
deficient cells ([XIAP} = 1, black).(E) Simulated time courses of Caspase 3 (solid lined)Rrocaspase 3
(dashed lines) corresponding to wild type cellsI{[X]; = 6, gray) and XIAP deficient cells ([XIAR¥ 1,
black). The initial concentrations of CytoC and S®lAside the mitochondira are set at 28fes = 0.1

for 0 <t < 30 andStress= 1 fort > 30. (F) Simulated time courses of [p53helper] (dashed Jines
[p53killer] (solid lines) for wild type cells (grayand DYRK2 mutant cells (black). The DYRK2 mutant
(enhanced nuclear uptake) is mimicked by settifrg 0.0015.DNA damage= 0 for 0 <t < 1000, then

DNA damage= 10 fort > 1000.

The protocol for the experiment in this case cdaddhs follows. Starting from a low BH3
level (Figure 2.9A, position (a)), injection of afciently large amount of BH3 will

bring the BH3 level, say, to position (c), and #fere activate BAX. Later, the right
amount of BH3 antibodies can be used to bring tH8 Bvel down to position (b) in
Figure 2.9A. If our picture holds, BAX should stay the upper branch of the diagram in

Figure 2.9A and remain activated.

This experiment should be repeated in a slightifieint protocol. Before injecting BH3
into the cell, it should be pre-incubated with B&t&ibodies. After injecting the mixture
into the cell, BH3 level will go from position (&) position (b) in Figure 2.9A, and BAX
protein should stay on the lower branch and renmaiotive. From these two experiments,
one can conclude that, for the BH3 level of posiifb), BAX activation is bistable. We
cannot state precisely the amounts of BH3 protethBH3 antibody needed to move the
system between points (a), (b) and (c), becauseuttient model predicts bistability only
as a qualitative feature of the control system. ifioglel is not yet sufficiently calibrated

by quantitative data to judge the precise proteuels that define the region of bistability.

41



If the aforementioned experiments will locate titdbility region, this information can
be used further to guide other experiments ainongst the predicted bistability region
in the two-parameter bifurcation diagram (Figur@B), experiments in which both BH3
and BCL2 proteins are to be injected into cellst @odel predicts that BAX activity
depends on the sequence in which BH3 and BCL2nggeted. In particular, BAX gets
activated if BH3 proteins are injected before BQir@teins, which corresponds to the
path (a) to (c) to (e) in Figure 2.9B. On the cantr BAX remains inactive if BCL2
proteins are injected before BH3 proteins, whicihresponds to the path (a) to (d) to (e)
in Figure 2.9B.

The model also predicts that if the positive feattbiaetween BH3 and BAXm is missing,
then bistable BAX activation is lost (Figure 2.9&)milar experiments as proposed
above can be performed in wild type cells and aeith double knock-out of BIM and
BID, to check whether bistability is lost in douldeock-out cells.

The first series of experiments we discussed focuthe predicted bistability in the
initiator module. Next, we investigate what happéiH3 proteins are induced by
pulsatile signals. Pulses of p53 activation aftsiADdamage have been observed in
various settings (Geva-Zatorsky et al., 2006a; Hearet al., 2006). The period of the

p53 pulses was reported to be 5-7 hours.

We are not aware of any experimental work relatetthé¢ effect of p53 pulses on BH3
protein level. We distinguish here two possibisti€irst, each p53 pulse induces
production of a certain amount of BH3 protein whiohy accumulate high enough to
trigger programmed cell death. The BH3 level irs thvay “counts” the number of the
pulses. Because it is the collective contributibps8 pulses that triggers programmed
cell death, we call this possibility the “pulse pegation route” to apoptosis.

Alternatively, the initial pulses of p53 appeargwminantly in a “p53 helper” form
which is inefficient in inducing BH3, and thus tpelses contribute little to BH3

accumulation. As DYRK2 kinase | increases in thelews, the later p53 pulses
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transform into a “killer” form. “p53 killer” pulseare presumed to induce enough BH3 to
trigger programmed cell death. We call this podisittine “pulse modification route” to

apoptosis.

The two routes do not exclude each other and malk tegether. The relative
contribution of each route depends on the BH3 teenoate. If BH3 turns over fast, it
decreases quickly between the p53 pulses, andttisusard for the system to
‘remember” previous p53 pulses in terms of the B&i&I. This is the case with our
current model, which must rely on the “pulse magdifion route” to apoptosis.

On the other hand, if BH3 turns over slowly, thell§e cooperation route” will play a
more significant role. In Figure 2.9C, we decretserates of BH3 synthesis and
degradation by 10-fold. As a result, it takes siisps of stress signal to produce enough
BH3 to activate caspase 3 (The stress signal iar€ig.9C promotes BH3 production

and thus mimics the putative effect of p53).

The BH3 turnover rate depends on the cellular cankor example, the half-life of BIM
varies from 3 hours to more than 8 hours, dependimghether BIM is phosphorylated
or not (Ley et al., 2003). We suggest that measart of BH3 turnover in response to
p53 pulses in cells undergoing programmed cellrdedt help to distinguish between

the “pulse cooperation” and “pulse modificationuites to apoptosis.

Third, we attribute cell-death commitment to higasase 3 activity, sustained by slow
degradation of SMAC and CytoC. Hence, the duratio@aspase 3 activity should be
proportional to the initial level of SMAC within tmichondria (simulations not shown).
The initial SMAC level can be increased with extdmvectors or decreased with SIRNA,
and Caspase 3 activation dynamics can be measubedh cases. For example, Albeck
et al. decreased SMAC level with siRNA and obsempadial cleavage of Caspase3
substrates (Albeck et al., 2008a), but the duratioBaspase 3 activity awaits future

experiments.
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Fourth, the model reveals three functional regiointhe executioner module (Figure
2.5B and Figure 2.9D). In absence of stress, pelisist in the living state (point A in
Figure 2.9D) with low Caspase 3 activity but pleatyProcaspase 3. When stress is
applied, cells must enter the apoptosis regiom(pd) to activate Caspase 3. In cells
deficient for XIAP, the apoptosis region is expah@eigure 2.9D) and less SMAC and
CytoC are needed to induce apoptosis. By reducit@chondrial levels of SMAC and
CytoC with siRNAs, one can limit the stimulus oétexecutioner module to, say, point B
in Figure 2.9D. For cells with normal XIAP levebipt B is in the living region, and
Caspase 3 remains inactive. In cells deficien¥fiétP, point B is in the apoptosis region,
and Caspase 3 is activated. The different Caspdgadnics in the two cases are shown
in Figure 2.9E.

Fifth, in the p53 model, nuclear translocation K2 serves as a ‘timer’ controlling

cell fate. Shortly after DNA damage, DYRK2 is mgstitoplasmic; p53 accumulates in
its helper form and induces cell cycle arrest. NAddamage is sustained, more and more
DYRK?2 translocates to the nucleus, where p53 tanss to killer form and induces
apoptosis. DYRK2 localization can be manipulatethwiuclear export signals and
nuclear localization signals. Favoring nuclear lizedion will accelerate apoptosis

(Figure 2.9F), whereas favoring nuclear export delay apoptosis.

Our model of the intrinsic pathway of programmelll death is intended as a ‘plug-and-
play’ subunit of more complex computational modgég, to be developed, of the
signaling network of mammalian cells (Hanahan arginbkrg, 2000). To show how to
use the model in this way, we have plugged it amtimple model of the p53 signal
processing unit, which receives input from the DN#&wage surveillance mechanism and
relays the signal to the cell cycle control machyress well as to the programmed cell
death pathway. In the near future, we and otherativagl groups will use mathematical
models in this way to build more sophisticated uaate and predictive simulators of how
mammalian cells respond to myriad input signalgjpgropriate changes in gene
expression, movement, cell growth and division, egltldeath.
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Chapter 3 Proposing plausible mechanisms generating

p53 pulses

3.1 Introduction to p53 and its regulation

The p53 protein is a transcription factor contralthe expression of many genes
involved in cell cycle regulation, in repair of DNddamage, and in programmed cell
death. p53 suppresses tumor genesis by guardirgetimme against DNA damage that
may mutate other genes more directly responsilblaricestrained cell growth and
division. Mutations of th@53gene are found in more than 50% of human cancers
(Vogelstein et al., 2000).

In undamaged cells, p53 protein level is kept lgpMaIm2, a protein that promotes p53
degradation (Haupt et al., 1997). If p53 levelsis®o high, it induces production of more
Mdm2, which drives p53 level back down (Barak et H993). However, when DNA is
damaged, p53 accumulates (Meek, 2004), inducingsyenblock DNA synthesis, repair

the damage or commit the cell to apoptosis.

In a ground-breaking study of p53 and Mdm2 proteuels in single cells of a breast
cancer cell line (MCF7), Lahav et al. (Lahav et 2004) showed that p53 and Mdm2 rise
and fall in a series of pulses after DNA-damagiaghgna irradiation. Although they saw
at most 2 pulses in the 16 hours that each cellolvasrved, they concluded that the
number of pulses increases with increasing radiatmse, while pulse amplitudes and
inter-pulse intervals remain almost constant. Boigalled ‘digital response’ was
examined in more detail by the same experimentalgin a recently published report
(Geva-Zatorsky et al., 2006b) of p53 responsesiimdheds of individual cells observed
for as long as 60 hours. The rules of p53 signahmgsponse to DNA damage in these
transformed cells are clearer now: (1) some celtsbit regular oscillations with a period
of 4-7 hours, but other cells exhibit highly irrégubursts or do not oscillate at all, (2)

the proportion of cells exhibiting regularly osatibns in the population increases with
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radiation dose, and (3) during a train of regukilkkations, pulse amplitude is more
variable than inter-pulse interval. Recent obseémvnatby Hamstra et al. (2006) (Hamstra

et al., 2006) indicate that p53 oscillations areaapeculiarity of MCF7 cells.

In the experiments of Geva-Zatorsky et al. (Gevizky et al., 2006b) it appears that
DNA damage is not completely repaired in some cé&li& remaining damage triggers
unrelenting pulses of p53. The fraction of cellstttespond in this fashion is proportional
to the intensity of the initial radiation dose.dddition, the MCF7 cells studied by these
authors are deficient of caspase 3 and defectivedincing apoptosis in response to

irreparable DNA damage (Blanc et al., 2000).

These unexpected and remarkable observationsaaismber of questions about the
generality of pulsatile p53 signaling (is it peaulto this transformed cell line?), about
the molecular mechanism of the oscillations, armlitheir physiological significance.

In this dissertation we address questions two arekt Is the negative feedback loop
(p53 upregulates Mdmz2, which deactivates p53) ciefiit to explain the observed
oscillations? What roles might positive feedbackyph generating and stabilizing
oscillations? How might apoptosis be triggered dépyeated pulses of p53 but not by only

a few pulses?

The p53-Mdm2 negative feedback loop is the bastkree published models of p53
pulsatile signaling (Lev Bar-Or et al., 2000) (Gdaomane et al., 2005; Ma et al., 2005).
Although it is possible for a negative feedbaclkpdo generate sustained oscillations,
there are several problems associated with thisthgsis. First of all, negative feedback
is more commonly used for homeostasis than foldlation. Indeed, the primary function
of the p53-Mdm2 negative feedback relation is pbbp& maintain a stable steady state
of low p53 level under most conditions (Blagosklgnh997; Blagosklonny et al., 2002).
To generate sustained oscillations, a negativebfsadloop must experience a significant
time delay. There are many opportunities for sugllays in the processes of gene
expression and molecular transport between nueedsytoplasm. Nonetheless, ‘pure’
negative oscillators are not very robust. They tendscillate over restricted ranges of
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parameter values, and give birth to oscillationsroéll amplitude. In order to see large
amplitude oscillations of p53 in their negativedback models, Ma et al. (Ma et al.,
2005) and Chickarmane et al. (Chickarmane et @052had to introduce strong
nonlinearities (ultra-sensitivity or positive feexttk) into their assumptions about the
DNA-damage signaling pathway (to be considered anengetail in the Discussion and
Figure 3.2).

These features of negative feedback oscillatore wemonstrated elegantly in a set of
experiments carried out recently by Pomerenind. dPamerening et al., 2005) on the
periodic activation of mitosis promoting factor (MPn frog egg extracts. They argued
that robust, large-amplitude oscillations of MPEuiee a combination of negative
feedback and positive feedback (self-amplificatidhen the positive feedback loop is
eliminated (by knocking out a phosphorylation siteMPF), Pomerening et al. showed
that the pure negative feedback loop supportslasoits of smaller amplitude and higher
frequency. Indeed, the negative feedback oscitiateppear to be damping out, and their
signal is so attenuated that nuclei in the extaaetno longer synchronized in their

mitotic state.

To create robust and reliable p53 oscillationsip€ito et al (Ciliberto et al., 2005)
proposed that the p53-Mdm2 negative feedback l@gupplemented by a positive
feedback loop. They suggested that p53 might agnpdifown accumulation by
activating PTEN, a phosphatase that inhibits Mdra@dport into the nucleus. Because
less Mdm2 gets into the nucleus, p53 degradatiattésuated and more p53
accumulates. This is a plausible mechanism, butn@liCF7 cells (Wagner et al., 2005)
used in Alon’s experimental group. We will showthis dissertation that other routes of
positive feedback may contribute to the generadiopb3 pulses. In particular, Mdm2
can elevate its own activator p53, Mdm2 can faat#itits own activation independent of
p53, and p53 can promote its own activation withoublving Mdm?2. In the table below,
we survey the biological evidence for these posifeedback loops (Table 3.1), and
explore the types of pulsatile responses genetatéde combined positive and negative

feedback loops.
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Table 3.1.Cell lines in which the proposed intera@ns are observed

Positive feedback effect Cell line and Reference

Mdm2 enhances p53 translation H1299 (Yin et al020

p53 enhances C-Ha-Ras expression Saos-2T celfpii€hambon et
al., 2000)

JNK1 phosphorylates p53 on Ser34 293T cells (Hal.e1997)

MPAK phosphorylates p53 on Thr73 and Thr83  In v(tvbine et al., 1994)

Mdm2 enhances p63 transcriptional activity Saodig (Ealabro et al., 2002)
Mdm2 increases p63 protein level Cos-7 cells (Calahb al., 2002)
p63 inducesndm2expression Saos-2 cells and EBC-1 cells

(Shimada et al., 1999)

3.2 Modeling assumptions and molecular justificatio ns

All models are constructed at the protein levet; pnotein components we use are listed
in Table 3.2. For each model, we present a mecmafsse Figure 3.1, column 1) and a
set of governing kinetic equations (nonlinear oagyndifferential equations) (Appendix
C). Numerical integration of the ODEs and bifurocatanalysis were carried out with
XPPAUT, a software program freely downloadable from

http://www.math.pitt.edu/~bard/xpp/xpp.htnMalues for the rate constants in each

mechanism (Appendix C) were chosen by a trail-amdrenethod to give simulations
and bifurcation diagrams that are consistent witbvkn properties of p53 and Mdm2
pulses. The bifurcations and dynamics of the moaelgobust to small perturbations on

the constants.
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Our models are based on established biologicas fagiplemented by some assumptions
and simplifications. The latter are needed becausent knowledge is limited and
because we want to emphasize generic mechanishes tahn mechanistic details. The
following assumptions and simplifications are conmmo all our models.

(1) Transcriptional regulation is replaced by regulatd corresponding proteins, and
. . . . X" .
is incorporated where needed, using Hill functidhx) ZW' to characterize the

X

effect of a transcription factor ( [TF]%) on the rate of synthesis of the regulated pnotei
Each time-varying protein concentration is représegim the model rate equations by a
dimensionless state variable (because the expetaigata do not permit us to estimate
actual concentration units). Tiniés also a dimensionless variable, but approptiates

(in min or h) are easily estimated by comparingudated pulse trains to observed ones.

(2) p53 degradation is a ubiquitin-dependent procassywk to be mediated by
Mdm2 (Haupt et al., 1997). A complete picture a$fbrocess is quite complex. Besides
p53, Mdm2 can also ubiquitinate itself, enhancisgivn degradation. Auto-
ubiquitination of Mdm2 is regulated by g%, a tumor suppressor protein, and by
Mdm2 homologs (Stad et al., 2001; Xirodimas et2001). Both p53 and Mdm2 can be
de-ubiquitinated by HAUSP (Li et al., 2004). Otlfi@ctors, e.g. p300, can also affect p53
ubiquitination (Grossman et al., 2003). Without ding on all these details, we merely
assume that Mdm2 significantly enhances p53 degoadahen its nuclear concentration
exceeds a certain threshold value, using a Goldise&tshland function (Goldbeter and

Koshland, 1981) to express the effect.

(3) DNA damage is known to shorten Mdm2 half-life (Stoet and Wahl, 2004)
through ATM-mediated phosphorylation (Meulmeesteaalg 2005; Stommel and Wahl,
2005). Disregarding the details of this processjuseassume that the corresponding rate
constantky,, increases linearly with DNA damage. In those nt®tieat distinguish
nuclear and cytoplasmic forms of Mdm2, only theleacform is destabilized by DNA

damage.
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(4) A detailed mechanism for DNA damage repair is motsidered here. We adopt
the simplest assumption that damage is repairaccahstant rate, independent on p53
and Mdm?2 levels. Interested readers are referrddbte work (Ma et al., 2005), where a
stochastic damage repair model is used to mimidépendence of oscillation numbers

on radiation levels.

Figure 3.1. Four models for generating p53 pulsesybla combination of positive and negative feedback
loops. Row 1: Mdm2 activates p53. Row 2: p53 activatedfiisdependently of Mdm2. Row 3: Mdm2
activates itself independently of p53. Row 4: pa&ctivates Mdm2. Column 1: wiring diagram. Column 2
response to small DNA damage; solid line = [p53khkd line = [nuclear Mdm2]; gray line =
DNAdamage. Column 3: response to larger DNA danfaggations as in column 2). Column 4:
bifurcation diagram. Column 5: multi-pulse respofsaid line in column 3) plotted on top of bifutizn
diagram (column 4). In the wiring diagrams, ovapresent proteins, solid arrows represent chemical
reactions, dashed arrows represent catalytic affffich species on a reaction, and a set of fivel sineles

represents degradation products.
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Table 3.2. Protein components of the models

Abbreviation Name and/or function

p53 Transcription factor, tumor suppressor protein

Mdm2 Mouse double minute 2 homolog, cofactor foqutiinylation
Wipl Wild type p53-induced phosphatase 1

p53DINP1 p53-dependent damage-inducible nucleaejord, kinase
PUMA p53-upregulated modulator of apoptosis

p53AIP1 p53-regulated apoptosis-inducing protein 1

APAF1 Apoptotic protease activating factor 1

E2F1 Transcription factor

p21 Cyclin-dependent kinase inhibitor
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3.3 Results

Models combining positive and negative feedback loo ps

The fundamental negative feedback loop ( @31dm2 --| p53) can be supplemented
by a positive feedback loop in four different wafk; Mdm2 activates p53; (2) p53
activates itself, independently of Mdm2; (3) Mdn@iaates itself, independently of p53;
or (4) p53 inhibits Mdmz2. In this section we congpére dynamics of these four different
control systems (see Fig. 3.1). Model equationspardmeter values are given in
Appendix C.

Model One: Mdm?2 activates p53

Translation of p53 mMRNA is enhanced by cytoplaskhitm2, according to the report of
Yin et al. (Yin et al., 2002). Combined with p53lircedMDM2 transcription, Mdm2
thereby enhances its own synthesis (Fig. 3.1, roeolumn 1). In absence of DNA
damageDPNAdamage= 0), p53 and Mdm2 concentrations settle on thblststeady state
solution of the model (obtained by setting the tdlgand sides of the ODEs to zero).
Steady state concentrations (see Appendix C) & ass initial conditions for all
subsequent simulations. When DNA damage is intredudegradation of nuclear Mdm2
increases, and its concentration begins to falls permits p53’s level to rise, p53
increases transcriptional activation of MBM2 gene. Enhanced transcription results in
a rise in cytoplasmic Mdm2, which returns the fabprenhancing the rate of translation
of p53 mMRNA. This positive feedback results in gdtiacreases of both p53 and
cytoplasmic Mdm2. As cytoplasmic Mdmz2 increasestarand more of it enters the
nucleus, where it eventually promotes enough psatkation to drive p53 level back
down. Consequently Mdm2 synthesis rate decreas&dlting in a drop of nuclear Mdm2
level. Meanwhile the initial DNA damage is beinga&ed at a constant rate (we assume).

If the damage is repaired quickly enough, the p&8+4 control system returns to the
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stable steady state, resulting in a single-pulspaese. If sufficient DNA damage
remains after the first pulse, it can force thetemrsystem to generate a second pulse,
and so on. The responses to ‘small’ and ‘large’ am® of DNA damage are illustrated in
Figure 3.1, row 1, columns 2 and 3.

The DNA damage threshold for p53 activation canléx@ved from the bifurcation point
where the steady state solution of the model Ietaslity and gives way to limit cycle
oscillations (a ‘Hopf' bifurcation point). The orparameter bifurcation diagram (‘signal-
response’ curve) for Model One is given in Figurg, 8ow 1, column 4. We choose as

bifurcation parameter the rate constant for Mdm@aeéation in the nucleus:
ky, = ky, X1 +DNAdamagg, whereDNAdamages a dimensionless number that gives

the percentage increasekin above its basal valu&s' = 0.05). (For example,
DNAdamage= 1 means a 100% increase in the valueof The steady state for Model
One loses stability by a subcritical Hopf bifurcatiatky, = 0.12, which corresponds to
DNAdamage_threshold 1.4.

In Fig. 3.1, row 1, column 5, we plot the simulatedponse (Figure 3.1, row 1, column 3)
on top of the bifurcation diagram (Figure 3.1, rbywcolumn 4). When DNA damage is
introducedky, increases abruptly from its basal value to itckpeint-elevated value,

and then decreases linearly with time, as the D&#epaired. The control system
generates one, two, three or more pulses, kiptdrops below the bifurcation point and
the steady state regains stability. Since the stabit cycle in Model One is generated

by a subcritical Hopf bifurcation, the pulses aoerbwith large amplitude, and they

retain large amplitude and nearly constant pergldMAdamagelecreases.

Model Two: p53 promotes its own activation independ ently of Mdm2

Phosphorylation of p53 can enhance its activitg &agnscription factor (Brooks and Gu,
2003; Meek, 1998; Meek and Milne, 2000). The sigraaisduction protein c-Ha-Ras can

enhance p53 phosphorylation through JNK, MAPK aK€Pand c-Ha-Ras gene
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expression is itself positively regulated by p5&¢Din-Chambon et al., 2000). Thus, p53
can promote its own activation by this positivedieack loop (Fig. 3.1, row 2, column 1).
(To keep the model simple, c-Ha-Ras is not conemtlexplicitly.) For ODEs and
parameter values, see Tables 3.3 and 3.4. Typmoalations for ‘small’ and ‘large’

DNA damage are shown in Figure 3.1, row 2, coluthasd 3. As for Model One, a
verbal description of the sequence of events duhegimulated response is easily given.
More instructive is the bifurcation diagram of Mbdevo (Figure 3.1, row 2, column 4),
which demonstrates that oscillations in this ma@dele from a SNIC (‘saddle-node
invariant circle’) bifurcation (Kuznetsov, 2004ather than a subcritical Hopf bifurcation,
as in Model One. Nonetheless, the characterisfittseqp53 time courses (Figure 3.1,
rows 1 and 2, column 5) are quite similarkgsfalls back to normal, there is a slight
decrease in oscillation amplitude and a slightaase in inter-pulse intervals. Due to the
typical noise levels in p53 measurements, thegatsthanges would be difficult to
observe experimentally, but they may be reflectetthé fact that p53 pulse amplitudes

are more variable than inter-pulse intervals (G2aworsky et al., 2006Db).

In both Models One and Two, if DNA damage is tagéa(ky, > 0.4 ), then p53 pulses
cease and p53 concentration stays at a high stattylevel. In the experiments of
Hamstra et al. (2006) (Hamstra et al., 2006), dinption of DNA damage elevates p53

level and dampens oscillations.

Model Three: Mdm2 activates itself independently of p53

Transcription of thdvIDM2 gene can be induced by the p53-homolog, p63 (Stareta
al., 1999), and Mdm2 can in turn increase the le¥aind transcriptional activity of p63
protein (Calabro et al., 2002). These effects erédat possibility for Mdm2 to activate
itself via a p53-independent pathway. Combining fhositive feedback with the p53-
Mdm2 negative feedback, we create Model Threegn &il, row 3, column 1. To keep

the model simple, we do not represent p63 expliditlit just assume that there is a
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threshold above which Mdm2 enhances its own syrghEry. 3.1, row 3, columns 2-3
show, for Model Three, its response to ‘small’ dadge’ amounts of DNA damage, and
Fig. 3.1, row 3, columns 4-5 show that p53 pulsedlodel Three arise from a subcritical
Hopf bifurcation.

Model Four: p53 inhibits Mdm2

There is the fourth possibility, that p53 inhiktite action of Mdm2 by down-regulating
Mdm2 transport into the nucleus (Figure 3.1, rowelumn 1); this is the case studied
previously by Ciliberto et al. (2004). ODEs, paraenealues, simulations (Figure 3.1,
row 4, column 2 and3) and bifurcation diagramspaesented as for Models One—Three.
Model Four generates p53 pulses by a SNIC bifurogfrigure 3.1, row 4, column 4 and
5).

3.4 Discussion

The observed pulses of p53 accumulation in breastar cells after DNA damage by
gamma radiation pose interesting challenges torerpatalists and modelers alike.

From a theoretical perspective (Tyson, 2004),ense obvious that in undamaged cells
the p53 control system is attracted to a stabkdgtstate with low p53 level, while DNA
damage pushes the system into a regime of stahiieclycle oscillations. As the damage
is repaired, the control system presumably rettoriee regime of the stable steady state.
The two regimes are separated by a point of ‘bition’, where the stable steady state is
supplanted by stable oscillations. There are origmnaqualitatively different ways that a
stable steady state gives way to stable oscillat{ege, e.g., (Tyson, 2006)), most
notably by a Hopf bifurcation (supercritical or sukical) or by a SNIC bifurcation

(saddle-node on an invariant circle). Which typéiddircation comes into play in this
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circumstance is an important theoretical questiloa:period and amplitude of
oscillations depend strongly on the type of biftia® and these properties may have

significant physiological consequences.

The p53-Mdm2 control system is clearly characteriag a negative feedback loop (p53
drives synthesis of Mdm2, which in turn degrade3)pghich may be sufficient to
generate sustained oscillation by a supercritiegdfHbifurcation, if the loop has a
sufficiently nonlinear response function and sudintly long time delays (Chickarmane
et al., 2005; Ma et al., 2005) In this work, ashas in the paper by Ciliberto (Ciliberto
et al., 2005), we supplement the negative feedlmagkwith plausible positive feedback
loops in order to generate oscillations by submaltHopf or SNIC bifurcations. The main
differences between these two sorts of modeldlastrated in Fig. 3.2. In p53-Mdm2
models with supercritical Hopf bifurcations, thesehof oscillations is ‘soft’ (i.e. small
amplitude). In order to get a robust oscillatorypense to DNA damage of varying
strengths, the authors (Chickarmane et al., 20GbeMal., 2005) introduce a nonlinear
dependence between DNA damage level and the bifoincparameter in their models
(‘ATM’ activity). As DNA damage increases and dexses, the bifurcation parameter
jumps abruptly between values associated withtdiges steady state and values
associated with robust oscillations (Fig. 3.2 A &dBy contrast, in our models with
subcritical Hopf and SNIC bifurcations, the onsetscillations is ‘hard’ (i.e., the
oscillations, when they first appear, have largpléade and are robust to variations of
damage level). In these cases, we need only asawmgple linear dependence between

damage level and bifurcation parametgp)( see Fig. 3.2C and D.
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Figure 3.2. Schematic comparison of published modl (A) Supercritical Hopf bifurcation combined
with the ATM sigmoidal switch (Ma et al., 2005).)(Bupercritical Hopf bifurcation combined with the
ATM bistable switch (Chickarmane et al., 2005). &ibcritical Hopf bifurcation, as in Models One and
Three in Fig. 1. (D) SNIC bifurcation, as in Mod@&o and Four in Fig. 3.1. In each panel we plai tw
curves: the upper curve is a bifurcation diagrarb3] versus a damage signal (ATM activity, or rate
constant for Mdm2 degradation); the lower curvithesdependence of the damage signal on the DNA
damage level. The gray lines labeled a, b, ¢ ddoetemedium and high amounts of DNA damage. In the
bifurcation diagrams, solid lines = stable steadyes, dashed lines = unstable steady states,cialids =
maximum and minimum values of [p53] on a stablétleycle, and open circles = maximum and minimum

values of [p53] on an unstable limit cycle.

If there is nonlinearity in the response of ATMOQBIA damage, it may be sigmoidat (
shaped, as in Fig. 3.2A) or bistab& ¢haped, as in Fig. 3.2B). For the bistable case,

intermediate levels of DNA damage may lead to eithe stable steady state or the stable
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oscillatory state, depending on whether the bifilwogparameter is increasing or
decreasing. The same is true for the case of aifubcHopf bifurcation (Fig. 3.2C),
even if thekg,-damage relationship is linear. In the other tweesa(Fig. 3.2A and D), the
coexistence of stable steady states and stabléatiscis of p53 are not observed. If
coexistence is indeed observed, further experimeznide carried out to determine
whether bistability is generated by the ATM resmgopathway or by the p53-Mdm2
control loop. In either case, bistability will berébuted to a positive feedback loop,
either in ATM response pathway or in the p53-Mdm&tool loop. If these presumptive
loops can be knocked out by suitable mutatiorshauld be possible to determine which

loop is necessary for the bistable response.

If no coexistence is observed for intermediate DiN#nage level, further distinctions can
be made by observing the p53 oscillation amplitaide period. In the case of a
supercritical Hopf bifurcation (Fig. 3.2A), osciilans close to the bifurcation point have
small and highly variable amplitude but finite aslightly variable frequency. In the case
of a SNIC bifurcation (Fig. 3.2D), oscillations skto the bifurcation point have small
and highly variable frequency but finite and slighiariable amplitude. Some evidence
along these lines in the recent experiments of &@atarsky et al (Geva-Zatorsky et al.,

2006b) seems to favor the supercritical Hopf sder(@iyson, 2006).

In principle, Models Two and Three (Section 3) bardistinguished witiMDM2-null
andp53-null cell lines. Model Two predicts hysteresisaative p53 ilIDM2-null cells,
while Model Three predicts hysteresis of Mdm2 leugd53-null cells. Ciliberto
(Ciliberto et al., 2005) suggested similar expenitseand experimental protocols for

hysteresis detection can be found in Sha’s worla @tlal., 2003).

These types of experiments may help to clarifytieehanisms generating p53 pulses. It
is likely that more than one mechanism may conteha pulsatile signaling (Harris and
Levine, 2005), and different mechanisms may wordtifferent cell types. For example,
even though PTEN is hardly induced by p53 in MCgells (Wagner et al., 2005), p53
may inhibit Mdm2 through Rb (Harris and Levine, 8D0which is an alternative
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pathway for the positive feedback studied by Citib€Ciliberto et al., 2005). The
purpose of current models is to clarify certain haustic possibilities and to suggest
alternative ways of thinking about p53 signalingesponse to DNA damage. More
biological information should be integrated intotheamatical models to deal with such

complexity and diversity of cellular regulatory s3®s.
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Chapter 4 Explaining experimentally observed | B
oscillations and exploring the potential dynamics o f

Nuclear factor B regulation

4.1 Introduction to NF B and its regulation

Nuclear Factor B (NF- B) is named after Nuclear Factor that induces esgioe of
immunoglobulin light chain in activated B cells. This name ordyeals the tip of the
iceberg. In response to over 200 stimuli, N-nduces hundreds of target genes and
plays important roles in almost all cell types (fiwdnn and Baltimore, 2006; Tergaonkatr,
2006).

The mammalian NFB family contains five members: RelA, RelB, CrébQpand p52.

All the family members share the Rel-homology damaihich is important for binding

to each other as well as to DNA andlproteins. Though all members are able to bind to
DNA, only three members, RelA, RelB or Crel possemsscriptional activation domains

and are able to induce target gene expressioniftwifi and Baltimore, 2006).

NF- B inhibitors (I B) include IB ,1 B ,1 B, p100 and p105. In resting cells, these
inhibitors bind to NF-B proteins and hold NFB inactive. Upon activating signals,B
proteins are phosphorylated and degraded, whielaselNF-B proteins to induce

specific target genes (Chen and Greene, 2004).

The phosphorylation of B is mediated by IB kinase (IKK). IKK is a multi-subunit
complex of 700-900KD (Xiao et al., 2006). There @ve kinase subunits (IKKand
IK ) and two auxiliary subunits (NEMO and ELKS). NEM&Oa scaffold protein, and

ELKS recruits substrates for the kinase subunits.

Several pathways activate NIB-upon different stimulating signals:
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Canonical pathway: This pathway is quickly actidat® minutes) by
proinflammatory cytokines (TNF IL-1 ), virus and bacterial antigens. The intermediate
proteins differ upon different stimuli, but all emdactivating IKK (Tergaonkar, 2006).
The canonical pathway is able to activate all kioflsIF- B dimers (Tergaonkar, 2006),
with the main target as the p50:RelA dimer. Theotéral pathway plays an important

role in the immune response.

Non-canonical pathway: This pathway is slowly (oubs or days) activated by a
few stimuli, including lymphotoxin, BAFF (B cell Activating Factor belonging to the
TNF Family) and CD40 ligand. It induces the releakp52:RelB through IKK activity.
The non-canonical pathway plays important rolethendevelopment of secondary

lympoid organs (Tergaonkar, 2006).

Atypical pathway: This pathway is activated by gemne stress. It induces the
activation of IK  (Kovalenko and Wallach, 2006).

IKK independent pathway: DNA damage activates CK@ p38, which then
phosphorylate IB and induce the release of NB; mainly RelA:p50 (Tergaonkar,
2006).

NF- B inactivation is as important as its activatiorrgtstent NF-B activity can induce
acute inflammation, inappropriate cell growth abd@mal cell survival, all of which
may contribute to cancer development (Xiao et28l06). NF- B gets inactivated by the
following mechanisms (Covert et al., 2005; Werneale 2005; Xiao et al., 2006):

NF- B induces its own inhibitor, includingB and I B .
NF- B induces A20 and CYLD, both impairing IKK activart.
IKK autophosphoryaltion at C-terminal results inklkhactivation.

IKK inactivates NF-B, although the detailed mechanism is unclear.
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After NF- B activation, -arrestin binds to BRAF6 and blocks its auto-

ubiquitination dependent activation.

Of all the above inactivating mechanisms, the negdeedback between NFB and | B
has received the most attention from modelers (E@tal., 2005; Hoffmann et al., 2002;
Nelson et al., 2004; Werner et al., 2005). For nindeurpose, negative feedback serves
as the basis of oscillations. Indeed, NBactivity shows damped oscillations upon

stimulation, and this oscillation is enhanced irntaea experimental conditions.

Though we know much about the IKKB-NF- B pathway, little is known about the
cellular proteins regulating the pathway. One eXengIRAKM. IRAKM is an adapter
protein binding to TRAF6, MYD88 and IRAKs (Janssansl Beyaert, 2003), while the
physiological role of such binding is still unclear

IRAKM performs seemingly contradictory functiongafissens and Beyaert, 2003) on
NF- B signaling. On one hand, IRAKM seems to activake 8. Overexpression of
IRAKM can induce NF-B signaling, and IRAKM transfection can restorelllinduced
NF- B activation in IRAK-1 deficient cells. On the othtgand, IRAKM seems to repress
NF- B activity. Increased IRAKM after LPS (lipopolysdaride, endotoxin from Gram-
negative bacteria) treatment is essential for endottolerance, and IRAKM deficient

mice exhibit increased TLR (Toll like receptor)siding.

Su and Li determined to investigate the effectiR#fKM. They harvested bone marrow-
derived macrophages (BMDM) from wild type mice dRAKM deficient mice (Su et
al., 2008) (published by S. Karger AG, Basel). Ttiegn stimulated both wild type cells
and IRAKM deficient cells with Pam3CSK4, an actwadf IKK-1 B-NF- B pathway
through the Toll-like-receptor signaling pathway.

The IRAKM deficient cells were different from wilgpe cells in several aspects.

IRKAM deficient cells show higher level of NIK prih and elevated IKK activity,
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which is indicated by intensive IKKphosphorylation and IKK:IKK homodimer

formation.

IRAKM deficient cells also show alteredB dynamics. In the absence of Pam3CSK4
stimulation, I B level is high in both wild type and IRAKM deficienells. Upon
Pam3CSK4 stimulation, B level in wild type cells decreases transiently Hreh

increases. On contrastB level oscillates in IRAKM deficient cells.

IRAKM deficient cells are further distinguished blevated RelB level. In this chapter,
we first propose a plausible mechanism to explaéndifferences between wild type cells
and IRAKM deficient cells.

NF- B regulation is full of positive and negative feadks. From a theoretical point of
view, it is interesting to see what dynamics thedteacks will result in. After we propose
the first model to explain the experimental obstoves, we construct an alternative

model to investigate the potential dynamics offre B control system.
4.2 Results

A plausible model is proposed to explain the experi mental observations in
IRAKM deficient cells

The proposed model consists of two modules, on&igrand the other for NFB and

| B . This modular approach allows easy analysis dafiddal parts of the complex
system. In addition, it facilitates the incorpamatof previous models: as the negative
feedback between NFB and | B has been intensively studied, we incorporate & as

module.

The model contains both dimensional and dimensssnparameters. Since the time
series data and degradation rates are easiestguneeexperimentally, the time unit is
set as one min and the degradation rates havenitseafi min*. All other parameters and

variables are dimensionless. Some parameters aiabhs are combinations of several
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biological components. Values for the rate constardre chosen by a trail-and-error

method to give simulations that are consistent wiperimental observations.
Numerical integration of the ODEs is carried outrwKPPAUT and Oscill8.
IKK Module studies the regulation of IKK and IKK

In IRAKM deficient cells, NIK level increases andd phosphorylation is enhanced,
since we assume that IRAKM impairs NIK productiorddhat NIK activates IKK
through phosphorylation.

We observe pulsatile IKKphosphorylation both in wild type cells and in IRM
deficient cells (Su et al., 2008). To recapturephbsatile dynamics, we assume that
IKK participates in a negative feedback loop: IK&ctivates PP2A through an
unknown intermediate, and PP2A inactivates IKK

IRAKM deficiency disturbs the association of IKkand NEMO (Su et al., 2008). Since
NEMO is thought to be essential for IKKactivation, we set IRAKM to be essential for

IKK activation.

IKK activation is transient after stimulation. We amsstthat transient activation is
achieved through an incoherent feed forward loopyhich the stimulus signal activates
some unknown phosphatase to inactivate IKKote this is not the only possible
mechanism, and alternative mechanisms have beeonged to explain the transient
IKK activity (Cheong et al., 2006; Lipniacki et al0(2).
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Figure 4.1. Wiring diagram of the IRAKM model. Labeled boxes and ovals represent protein
components of the model. Five small cycles reptteseino acids. Solid lines indicate protein prodhret
protein degradation, and chemical transformatigrs/ben active (-a) and inactive (-i) forms of atpio.
Dashed lines indicate regulatory and catalyticatffeArrow heads and cross bars on the dashed lines
indicate enhancing and inhibiting, respectivelyn€ider, for example, the solid line representing
production of NIK; the dashed line with an arrovatleshows that NIK production is enhanced by the
“signal”; and the dashed line with a cross bardatis that the signal-induced production of NIK is
inhibited by IRAK-M.

(The figure is modified from (Su et al., 2008), winis published by S. Karger AG, Basel)

The model wiring diagram is translated into ordyndifferential equations. The

differential equations and parameters are in Appebd
NF- B Module records the regulation of NF- B.

The wiring diagram of NFB module is shown in Figure 4.2. Itis based @vjmus
models (Covert et al., 2005; Hoffmann et al., 20Karns et al., 2006; Nelson et al.,

2004; Werner et al., 2005).
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The variable NF-B in the diagram represents the sum of RelA an@ReeIA and RelB
are controlled by production and degradation, whikhnot explicitly drawn in the
diagram to keep the diagram simple. In IRAKM dedidi cells, we observed increased
RelB but not RelA and hence we assume IRAKM spedlify impairs RelB synthesis (Su
et al., 2008).

Free NF- B undergoes cytoplasm-nucleus transition. Althongtlear NF-B requires
coactivators to induce target genes, we do not@#typlconsider the coactivators in this
module; we assume these coactivators are readiiiable.

NF- B undergoes intense post-translational modificatiamcluding phosphorylation,
acetylation and Pinl-mediated peptidyl prolyl isoiregion (Tergaonkar, 2006). We do
not consider the effects of these modificationshé&ligh NF- B may also work through a
post-transcriptional mechanism (Sitcheran et 8032, it is minor compared with its

transcriptional activity, thus we only considernbde as a transcription factor.

In this model, we focus on the dynamics d8| and ignore other targets genes of N&:-
| B translocates between cytoplasm and nucleus awid bonNF- B in both locations.
The | B :NF- B complex also undergoes cytoplasm-nucleus traastmt (Hoffmann
and Baltimore, 2006).

We use IKK to represent the combined effect of IKdhd IKK . We assume IKK
enhances the degradation of botB | monomers and B inthe | B :NF- B dimers.

The wiring diagram is translated into differenggjuations. The differential equations

and parameters are in Appendix D.

67



Figure 4.2. Wiring diagram of the NF- B module. Notations are as in Figure 4.1

The model recaptures the altered protein levels in IRAKM deficient cells

We start the model simulation without any signaijala mimics the resting cells. At time
300, we increase the signal level to 0.5 to mindamBCSK4 stimulation. IRAKM is set

to be 1 and 0 in models for wild type cells and KM deficient mutant, respectively.

We first compare the level of NIK (Figure 4.3).vild type model, NIK starts from a
low level and remains low. This is because thatigeal induced NIK production is
blocked by IRAKM. In IRAKM deficient cells, the bbking is released, the activation

signal induces high level of NIK.

68



Figure 4.3. Simulated time series of NIK levelGreen and red lines are from the wild type maeahel the
IRAKM deficient model, respectively. Signal is ajgol at time 300. The inner box shows the experiaient
observation, which is published in (Su et al., 2008 S. Karger AG, Basel.

We then simulate the level of RelB (Figure 4.4)wiid type model, RelB level stays low
since IRAKM is set to impair the production of RelB IRAKM deficient model, RelB

level increases. Note that RelB level increasesfsiie the signal application, since RelB
production does not depend on the stimulation $igrtee simulated changes in proteins

levels agree with the experimental observationsetSal., 2008).
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Figure 4.4. Simulated time series of RelB leveGreen and red lines are from the wild type moddl the
IRAKM deficient model, respectively. Signal is aigol at time 300. The inner box shows the experiaient
observation, which is published in (Su et al., 2008 S. Karger AG, Basel.

The model recaptures the altered I B dynamics in IRAKM deficient cells

We then simulate the different effects of stimalaton | B dynamics in the wild type
and IRAKM deficient cells (Figure 4.5). To mimiclditype cells, IB starts from a
high level, corresponding to resting cells. Asdlavation signal is applied, B level
decreases. B reaches its trough at about 30 minutes after $atiom. Later, IB level
slowly recovers. IB level continues to increase until 120 minutesrdfte stimulation,

in agree with the experimental observations (Sal.e2008).

To mimic IRAKM deficient cells, IRAKM is set to beero and IB level also starts
from a high steady state. Upon signal stimulatioB, level decreases and arrives its
trough at about 30 minutes.B level then recovers and reaches its peak at &fbut
minutes after stimulation. After reaching peakB | level decreases again. The level of

| B oscillates as long as the signal is sustained.
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Figure 4.5. The | B time series.A. Model simulation, both models are allowed tocteateady states
without signal stimulation. The signal is then apglat time zero. B. the experimental observation.
(The figures are modified from (Su et al., 2008)jeh is published by S. Karger AG, Basel)

The model demonstrates that the altered IKK activit  y is responsible for the

altered | B dynamics in IRAKM deficient mutant

In the model, two possible mechanisms may be resbplenfor the observed B
oscillation. One is the negative feedback in NB=module, in which NF-B induces
transcription of its own inhibitor B . The other source is the negative feedback in the
IKK module, in which IKK activates its own inhibiting phosphatase. We thietulate
IKK activities to get a hint which mechanism ispessible for the observedB

oscillation.

We first compute the time series of IKKctivity (Figure 4.6). In wild type model, IKK
starts from low activity, corresponding to restogdls. As the activation signal is applied,
IKK is activated. Atthe same time, the signal attivéhe phosphatase PPX to inhibit
IKK . The incoherent feed forward loop results in tramsIKK activation in wild type
model.
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In the model with IRAKM deficiency, IKK activity is low in resting cells. Upon signal
stimulation, IKK remain inactive, this is because that IRAKM isatisand the signal

cannot activate IRAKM.

Figure 4.6. Simulated time series of IKK activity. Green and red lines are from the wild type modedl an
the IRAKM deficient model, respectively.

We then compute the time series of IKKctivity (Figure 4.7). In wild type model, IKK
is low in resting cells. Upon signal stimulatioKK remains inactive since that IRAKM

inhibits signal induced NIK production and hencedls IKK activation.

In IRAKM deficient model, NIK is induced by the stulation signal and in turn activates
IKK . Active IKK triggers a negative feedback by activating a indilp phosphatase.
The negative feedback results in oscillatory IK&ctivity.
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Figure 4.7. Simulated time series of IKK activities. Green and red lines are from the wild type model

and the IRAKM deficient model, respectively.

The model simulations show that th@l level serves as a readout of IKK activity. In
IRAKM deficient cells, IKK activity oscillates. Since IKK causes the degradation of
| B , the oscillatory IKK activity results in the oscillation of B level. In wild type

model, the transient IKKactivity results in the transientB level decrease.

An alternative model is proposed to explore the pot ential dynamics of NF-

B regulation system

In the model described above, we propose a plausiechanism to explain the
experimental observations by Su and Li (Su e28l08). We start from experimental
observations and guess what possible moleculanactiens are able to produce the

observations.

In the following part of the chapter, we take dafiént approach. Here we start from
known molecular interactions and propose an altermanodel to explore the possible
dynamical behaviors of the interactions.
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Figure 4.8. The wiring diagram of the alternative nodel. Notations are as in Figure 4.1.

The alternative model studies the two feedbackdqmpposed by other groups (Werner
et al., 2005). IKK activates NFB, while NF- B has both positive and negative effects
on IKK. NF- B induces TNF, which activates IKK. At the samedjMF- B induces
A20, which impairs IKK activation. Without knowingore details of the two feedbacks,
we set a Receptor Interacting Protein (RIP) todivated by NF-B induced ligand.
Once activated, RIP enhances IKK effect. A20 penfoits inhibitory role by inhibiting

RIP. The model equations and parameters are listée Appendix D.
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We use IKK activity as a stimulating signal for timedel. We first check how the model
responds to transient and sustained IKK activifyotutransient IKK stimulation, nuclear
NF- B shows a transient pulse, in agreement with tha ttat the NFB activity is just

a readout of IKK activity (Figure 4.9). Upon susiil IKK stimulation, nuclear NFB
shows complex dynamics (Figure 4.10). Nuclear \Hirst increases abruptly. Later,

NF- B shows damped oscillations. At last, NB-approaches to a stable steady state.

Figure 4.9. Computed NF- B time series upon transient IKK stimulation. Green line and gray line are

for the level of Nuclear NFB and the activity of IKK, note that two differestales are used for the two
protein levels.

Figure 4.10. Computed time series of NFB and A20 upon sustained IKK activity. Green, red and
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grey lines are for the levels of Nuclear NB; A20 and the activity of IKK, respectively.

To better understand the dynamical effects of AR@ation, we turn to bifurcation
analysis. We use IKK activity as the bifurcatiomgraeter and nuclear NFB as the
bifurcation variable. To check the effect of A20s fix A20 to different values and then
compute the bifurcation diagrams.

At first, A20 is set to 0.5, which mimics the sitiom when A20 is not induced by NB
(Figure 4.11). At low IKK level, the system staysasstable steady state with little
nuclear NF-B. We follow the stable steady state with increg3kK, we found it loses

its stability due to a Hopf bifurcation (HB32 indgtire 4.11, see the enlarged figure in the

rectangle).

As the stable steady state is lost, the systertrected by a stable limit cycle. The stable
limit cycle is generated by a saddle loop bifurmatnear the Hopf bifurcation (not shown
in Figure 4.11). The stable oscillations disap@esalKK activity is increased to near 100,

due to a super-critical Hopf bifurcation (not showrigure 4.11).

As we follow the unstable steady state generatetiéyiopf bifurcation, it is lost due to
a Saddle node bifurcation (SN33 in Figure 4.11 Bturcation diagram here is similar
to the bifurcation of the example shown in Chaptes.

All of
Figure 4.11. One bifurcation diagram with low A20 \alue. A20 is set to be 0.5. Thick and thin lines
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represent stable and unstable steady states, tieghecThe HB32 and SN33 are enlarged in the regia

The index numbers are generated by Oscill8 fomgof use. See text for more information.

We then compute the bifurcation diagram with A20ado 2.5, which mimics the
situation after NF-B induces A20 (Figure 4.12). At low IKK activityheé system stays at
a stable steady state with low nuclear NB=-As IKK is elevated above 10, the stable
steady state loses its stability, due to a supgcalrHopf bifurcation. Stable oscillations
are generated by the super-critical Hopf bifuraatend the oscillations are born with

small amplitude and fixed period.

Figure 4.12. One bifurcation diagram with high A20value. A20 is set as 2.5. The thick and thin black
lines are stable and unstable steady states, tesggcThe yellow and green lines indicate the mimd

max of the oscillations.

The bifurcation diagrams provide more insightsloanuclear NF-B dynamics. In
resting cells, IKK activity is low and nuclear NB stays low stably. As IKK is first
applied, A20 level is low, the model enters theil@gory region generated by the saddle

loop bifurcation. NF-B starts oscillating with large amplitudes.

The oscillating NF-B results in accumulation of A20. Elevated A20 ldwengs the

system out of the oscillatory region. Since exitng the oscillatory region is through a
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super-critical Hopf bifurcation, the nuclear NB-shows damped oscillations till it

reaches the stable steady state.

The bifurcation analysis explains how the timeesedre generated. Next we investigate
how the bifurcation transitions are generated. A parameter bifurcation is suitable for
the purpose. On the two parameter bifurcation diaigmwe follow the position of the
saddle node bifurcations, the saddle-loop bifuoretiand the Hopf bifurcations as we
vary the values of IKK and A20. We find that theldie-node bifurcations are generated
by a pair of Cusp bifurcations. The Saddle Loopiai&tion and the Hopf bifurcation
converge to a Takens-Bogdanov bifurcation, whicéise called double-zero bifurcation

since it has two zero eigenvalues.

Figure 4.13. Two parameter bifurcation diagram.IKK and A20 are used as two bifurcation parameters.

Different types of bifurcations are traced withelinof different colors. See text for more inforroati
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4.3 Discussion

Multiple models have been proposed to complemenekperimental studies on NIB-
dynamics (Covert et al., 2005; Hoffmann et al.,20earns et al., 2006; Nelson et al.,
2004; Werner et al., 2005). The models proposed aex based on the previous models.
The models inherit the idea that NB-is controlled by a negative feedback, in which

NF- B induces its own inhibitor IB.

The two models in the chapter are proposed foerdfit purposes. The first model aims
to recapture the experimental observations by SuLafSu et al., 2008). It starts from

the observed time series and guesses the responsibtcular mechanisms.

The alternative model explores the possible dynamidwo known feedbacks, in which
NF- B has both positive and negative effects on IKKasisembles the molecular

interactions together to see what possible dynaariegenerated.

The two models demonstrate two ways of applyingheratatical modeling for biological
problems. In the first model, we have data on pnadgnamics but we do not know much
on the molecular interactions. The model is usgarépose one possible mechanism that

is able to produce the observed behaviors.

In the alternative model, we have some ideas omitiecular interactions, but we do not
know what kind of dynamical behavior the interacavill result. The model is used to

explore the dynamical potential of the moleculachamism.
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Appendix A. Ordinary Differential Equations and
Parameters for the simple model that illustrates
common bifurcations in Chapter one.

at"E = oyeq -1 MPB-( e KL W[ MPF
al 2 = k- (ke KT APOT CyaB
where

[APC =[ APC,* G@ MPF 0.7, 0.01, 0.01)
[WEEL] =[ WEH],* @®.5, [ MPF 0.1, 0.1)
2x X
(V-u+vxq +u x 1/(v—u+vxq +U %)%-4 x r{vxu)
par k, =0.1, k, = 0.3,k = 1,
par [WER]; =1, [ APG; =1
par k, =1, k =0.0L,k = 5

G(u,v, g n=
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Appendix B. Equations, parameters and initial
conditions for the apoptosis model in Chapter Two

***B.1. **|nitiator module (4 ODEs, 13 parameters, wiring diagram in Figure 2.2A)

d[BAXm

BRI~ (, +k, 4BH3]) [BAX] K, [BAXM] |

ABAXIECLE] — K ncnnca TBAXMI L [BCL2] ¢ Kynirsca [BAXMEBCLZ] K [BAXMBCLY
d[BHz3],

dt = kgBH3 + k;BHS xStress- léBHa {BHS]T

d[BH3:BCL2]

dt = kasBHs BCL2 >{BH3] F [BCLZ]F - kdsBHS BCLZX[BHS:BCLZ] - kdBH3>{BH3:BCL2]

[BAX] =[BAX] ; {BAXM] ,

[BAXm] . =[BAXm] ; {BAXm:BCL2]

[BH3]. =[BH3]; - [BH3:BCL2]

[BCL2], =[BCL2], - [BH3:BCL2]- [BAX ;BCL2]
[BCL2],= 80, [BAX],= 100, Stress= 0.1
K, =1 k,=3, k =2

kasBAXmBCI2 = 907 k dsBAXmBCZ_: 005

Kosgrz sciz =10, Kysprs gep = 0.01
k‘sBH3 =01, k"sBHg = 0.6, kdBH3 = 0.01
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***B 2. **Amplifier module (5 ODEs, 7 parameters, wiring diagram in Figure 2.2B)

% = Kopen IBAXM] ! §C1 1 [€O]) 5. [€O]

% = - [COMSMAC,. ]

% = - [CONCytoC, . ]

% =e)fCO] EMAC ;] Kisuacoyo [BMAC] e K 1o [SMAC:XIAP]
AEVEEL- £4C07 10110C,101 - Kierroc{CytoC]

kopenzlo’ m= 4’ kclose: 100001
deMACcyw: 0.0001, k acvroc= 0.005
= Voo _ 001
Vol
[Cl; =1
init [SMAC ] = 1600, [CytoG,,, ] = 80!
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***B 3. **Executioner module (8 ODEs, 24 parameters, wiring diagram in Figure
2.2C)

[Prdotcg]: Keproo = KaproaX[PTOC9] - K o X[ProC9]¢CytoC]

[Prg'[cs]: kSproc‘s - kdprosx[Procs]' (ka6+ KaGX[CQP +|za® {‘anT ) [>PI’OC3]

d[ccl:tg]: e fCYTOCT" PProC9] Ky BCO fkey oo BC3T) [GY]

- Ko X [COMXIAPL 4o, BXIAP:CO]
d[{;—tcg]: (Kaco + Kaco ¥C3I") €] Koeq [ACI]
d[C3]

dt

d

d

= (Kaes + Ky ¥COI" #, [RCIT') (BproC3]) ke, [€3]

- Ko< [C3K[XIAPL +K,q, BXIAP:C3]

W:kﬁ@x{cg] BUAP] . Kyq,[XIAP:CY] kg [XIAP:CY]

W:kﬁxgm] BXIAP] . kg, [XIAP:C3] K [XAP:C3]

d[SMACIXIAP] _,
dt assSX

[SMAC], =[SMAC.] - [SMAC:XIAP]
[XIAP] . =[XIAP] . {SMAC:XIAP] -[XIAP:C3] - [XIAP:C9]

ASMAC], XIAP] . K, [SMAC:XIAP]  k, [SMAC:XIAP]

K

'sproc3

=0.002, ky,,s = 0.001
Keprow =0-001, K00 = 0.001
k.o =0.001,k,, = 0.5
Ko =0.001, k, = 0.002,k,,o = 0.003
K., =0.00L,k .= 0.02k_,= 0.:m= 2k, = 0.002
Kiw,=0.1, Kyg,= 0.6,k ,,= 0.2
Koy =0.2,Kyg,= 0.5k, = 0.1
Koo = 2, Kyee,= 0.01, k ,,= 0.007, [XIAR]= 6
init [ProC3] =1, [ProC9] =1
* To compute the bifurcation diagramgt$C9] =1, [C3] =1
and define [ProC9% [C9]- [C9] [ad%nd [ProC3F [C3]- [C3
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***B 4. p53 module (21 ODEs, 74 paramets, wiring diagram in Fig2.3)

W =k, DNAdamage{DYRK2], [DYRK2]) - k [OYRK2]
d[p53]T [MDM2]
S — 53

Kosa Kaes* 1+0. 1><DNAdamagex[p ]T

d[p53killer] _ Kyss IDYRK2] [p53Helper] ks, [PP] [pS3killer] . [MDMZ2] x[p53killer]
dt Jppss +[P53Helper] Jupsa + [P53Killer] "% 1+ 0.3DNAdamage

d[ASPP
[ dt ] ksASPP sASPF?EEZF]-] -k dAsp@EASPP]
d[MDM2 . . . .
% = ksMDMZ + ksMEMZ >{p53]1' '(deDM2 +deDM2 >DNAdamag)3 [MDMZ]T
d ARF :
[ ]T _ksARF sARF’EEZFl] 'deRF’EARF]T
w =K,y SARF] BMDM2] K . JARF:MDM2]

- Koz Kivowz< DNAdamage¥ [ARMDM2] - k. {ARF:MDM2]

d[C:;fE]T K +Kie ¥E2F1] -k, $CyCE}]

d[Edthl] = - K, XRB] {E2F1] .. [RBE2F1]

d[RB,] _ Ko ICYCE] IRB] K0 [RP] [RB, ]
pm J o +[RB] Jupre+[R Byl

d[p21
2L K g+ Ko 530D+ {p53Kiler] Ky £921

M]= Kasore ¥P21] BCYCE] Kygpr e B021:CycE] ke p21:CycE] ky $021:CycE]

dt
d[BAX] _ )
ksBAx dBA>?<[BAX] '( ka+ kQ{BHSACD [BAX] -!}g][BAXm] %{BAXI’T].BCLZ ]
d[BAXm
% = (ki1 +Ky; 4BHOAC]) [BAX] K, [BAXM] K [BAX]
- kasBAXmBCF [BAxm]<[BCL2]'|kdsBAXmBCL’EBAxm:BCLz]
d BCLZ
dIBcta] =Kegerr = Kapco{BCL2] - Kogpaxmsc I BAXM] [BCL2] +K ygaxmedB AXM:BCL2] - Koo acac?{BH3AC] $BCL2]
+Kyayescar [BHSACBCL2FK g onscr [BHBR] [BCLZ] K 4 0nsclBHIDRIBCL2] ki, [BAXmM:BCLZ]
d[BH3AC
% - ksBHS Ac” dBI—B A(,X[BHSAC] - kasBH ACBCt{BHSAC] [BCLZ] + kdsBHB ACBCL*BH3AC:BCL2]
d[BH3DR
% =Kgraor~ Kasrs or{BH3DR] - K g3 pract{ BH3R] BBCL2] K 4oy prac[BH3DR:BCL2]

d[BAXm:BCL2]
dt

d[BH3AC:BCL2] _
dt

d[BH3DR:BCL2]
dt

ksp73 + ksp73 )EEZFl] kdp73 )Ep73]

= Kasaxmac FBAXM] [BCL2] - K ypnxmac[BAXM:BCLZ] K [BAXMBCL 2]- KygaymacX(BAXM:BCLZ]
- kaSBH3 ACBCL*BHSAC] [BCLZ] kdsBlﬂ ACBCIJ:BH3AC BCLZ] k dBB{ ACBC[BHSAC BCLZ]

=Kysprz orec IBH3DR] BCL2] K 4 preci [BH3DR:BCL2] K 4o prac] BH3DR:BCL2Z]

d[p73] _
dt

91



[pS3helperE [p53] - [p53killer]

[MDM2] S[MDM2] ; -[ARF:MDM2]

[ARF] =[ARF]; - [ARF:MDM2]

[p21]=[p21}; - [p21:CycE]

[RB:E2F1]= [E2F1] - [E2F1]

[CycE]=[CycE]; - [p21:CycE]

[RB] =[RB]; -[RB]- [RB:E2F1]

ksBHSAC = k'SBl-B AC+ k"SBEB Ac?(l ﬂASPP]) *p53k|”er] k:BHSAC [p73] I‘éEBI-B AC (}( [ASPP]) [psshper]
Ksgraor = klsBl—B or™ k"sBI-:B ol HASPP]) fpS3killer] -'é'BHZ%DR [B73] l%BI—B or (X [ASPP]) [p83Hper]
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Appendix C. Differential equations and parameters o
the models in Chapter three

C.1. Differential equations for the models in Figue 3.1

Goldbeter-Koshland Functigioldbeter and Koshland, 1981):

2x X

G(u,v,gn=
(V-u+vxg +u x -\i/(v- u v g t)x-4 ux(x ¥

Heaviside Function

1 ifx>0
H(x) = .
0 Ifx£OQ0

DNA damage and degradation rates

dDNAdamage
@ = 9%

(2) kg, =k, x(1 +DNAdamagé
(3) Kuss = kuss + kysaXG(IMdM2*],g, J,/[p53%], J,/[p53*))

- Keepair XH (DNAdamagg

Model One

Equations 1, 2, 3; [Mdm2*] = [Mdmd, [p53*] = [p53]
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d[p53] K K% [Mdm2,, ]*

(4) s53 J:53 +[Mdm2m]4 -Ki 53 &)53]

©) M—k; PSSI ¢ mam2,,] +, Mdm2,,] K, Mdm2_ ]
dt 2 52 \]542+[p53] cyt nuc 2 cyt

(6) T ¢ gz, ] -k, {MAm2,, - K, Mdm2,,]
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Model Two
Equations 1, 2, 3; [Mdm2*] = [Mdmd, [p53*] = [p53otal

(7) [p530tal ]:[psgctive ]+ [p53nactive]
d[p53

active ]

(8) T acuvatlon ){ps"ﬂ)’nactlve] k|nact|vat|on >{p53act|ve] kd53 >{pS‘r-')’actlve]
d[p53 ...
(9) Wzksm_ activation [p53nact|ve] klnactlvabn >{p5 actlve] kd 53 *p53inactive]
: -- [P53.cie I
10) k =Kk . +K « active
( ) activation — "“activation activation J :Ctlva“on [p5 act've]
dMdm2,,] . .  [p53...F ..
11) ———X= =k, +k, % aclive -k ¥Mdm2, Mdm2, ] -k;, ¥Mdm2_
( ) dt * ’ ‘]332+[p5 acnve] W YT] +I%>{ ] dZ)E YT]
d[Mdm2
(12) LRl = ¢ sqmidm2, ] -k, AMm2,, ] -, FMAm2,, ]

Model Three

Equations 1, 2, 3; [Mdm2*] = [Mdm2], [p53*] = [p53]

d[p53
(13) L=, koS
d[Mdm?2] _ [Mdm2]*
14) 04 +K. {p53] 4K X dm2
(14) dt =k ko (P53 2 3% +[Mdm2]* w2 AMdM2]
Model Four

See Ciliberto et al(Ciliberto et al., 2005).
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C.2. Parameter values and Steady states for the meld in Figure3.1

Model

Parameter values

One

Two

Three

Four

K5 =0.27 Ko, = 8.25g = 0.8%,,= 0.0¢
Kesz =0.6,ks; = 2.56,J5;= 0.45K,= 0.1
ki, =4.23,J, = 0.92k = 0.4l = 0.05
Ky =0.79, Ko = 0.08, = J, = 0.1

Kyss =0.3K;55= 8 = 0.8K;, = 0.1
Ksss = 0.6,Kinacivetion = 0-LKacivetion =
J.civation = 0-2,Kg = 0.2K, = 33, = 0.7
k =04k = 0'0514;2 = 0-7Kepair = 0.05
J,=J,=0.1

K5 =0.005K,,= 0.1g = 0.5,,= 1.4
k., =0.0276K, = 0.0k, = 0.5, = 1
J,=05k, . =00021429} = J, = 0

repair

See Ciliberto et al (Ciliberto et al., 2005).
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O ' 2 l("activation: '

Steady states

[p53] = 0.19
[Mdm2,,]=0.19
[Mdm2_ ]=0.7€

nuc]

[p53active] = O 01

[pSanactive] = 019
[Mdm2,,] = 0.21

[Mdm2,,.] = 0.5&

[p53] = 0.36
[Mdm2] = 0.71



Appendix D. Differential equations and parameters f

the models in Chapter four
D1. Differential equations and parameters of the IK module

D kb SOOIk
dt J' ikt 3"k [IRAKM]
dlIKK P]: kaKK [IKK ] ) ijIKK [IKK P]
dt Jx FIKK 1 Jpuc +IKK P]
d[IMa] _ Kaw [IKK PT[IMi] Kk, [IMa]

dt Jam H{IMI] I AIMa]
d[PP2A] _ ke [IMa] [PP2AI]  k;pp[PP2A]
dt  J.+[PP2A]  J..+[PP2A]

[IKK 1=[IKK . .]-[IKK P]
[IMi]l=[IM J[IMa]

kaKK = klpIKK +k"pIKK [NIK]
kdeKK = k'deKK +k"deKK [PP2A]
[PP2AI]=[PP2A,,, ]-[PP2A]

K'quk =2, K'qu =16

Kk =20, I qu =1, J gk = 100

[IKK oal =1 [PP2A,, 11, [IM =1
k' =0.00Lk J =013, = 0.1
Ky =0.0L K o = 05,3« = 0.1
k.vw =0.1,J,, =01k, = 0033, = 0.1
Kpp=0.1,J = 0.1,k ;.= 0.05J = 0.1
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or



d[PPX] _ Keex SignallPPX, ] Kpeex [PPX]

dt 'JaPPX + [prln ] ‘JinPPX + [PPX]
d[IKK ]_k,rchKK Signal[IRAKm] [IKK m]_ K [PPX]IKK ]
dt e +IIKK ] Jucc HIKK ]

[IKK ] =[IKK gl - [IKK ]
[PPXn ] = [PthotaI] - [PPX]

[IKK total] =2, [prtom]: 2, [IRAKm] =1
k ppx = 0.016, kinPPX = 0.0008J ppx= 0.1),ppx= 0.1

al

kadKK :O'4’ kinIKK :1'6’JadKK = O':I"‘]inKK = 01
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D2.Differential equations and parameters of the NF-B module.

d[RelB] _ Ksgeis

dt ‘]IsReIB+ ‘J"sReIB [lRAK ] - deelB [RelB]
—d[am] = 'sam+ﬂ - kdam [am]
dt [ +J"
dléjatC] kSac [am] kasdca[nc] [aC]'l' kdsdca[dca} k al[aeq' kao[an] (k dac dac[IKK]) [aC]
L=, fact- K [ K [0 a0 K[
d[nn] km [nC] kno [nn] kasdna[nn] [an} kdsdna[dna]
d[i?a] ona NN [AN]- K [N} g [ACB] K g, [ca]
d[gca] kasdca [nC] [aC] kdsdca[dca] kdla dca]-l-kdoa [dna] q( ddca "ddca [IKK]) [dca]

[IKK] HIKK J+[IKK ]

[IKB a,..]=[acl+[an]+[dca]+[dna]
[NFAB,,.]=[RelA]+[RelB]
[nc]=[NFAB,,] - [nn]- [dna] [dca]

[ReIA] =O'5’ ksReIB = 12 J ;ReIB = 1 J s“RelB =100’ kd RelB = 20
k',,=0.1696,k " =0.4772) = 0.1k ,= 0.12

ksac =0.2896, kasdca— 60,k .= 0.0012k .= 0.036 .= 0.024
Ky =0.02, Ky, = 1.656,K 4.,= 0.06K o= T2

k,=10.8,k, = 0.0096K .= 60K,,= 0.00012

0,024 0.2

! dac dac
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D3. Differential equations and parameters of the a&krnative model.

dlam] _ [nnf

Kt fam)
B - ] K] ok K goldoa K yfoch K glan] K g lac)
LB fac- K fant K [00] a0} Ko ]

A~ - K 100]- Ky 0] [ K g
Mwasdna (0] a0 Kialna] K g, [0 K [

dt dsdna

M) — | pea NG [aC]- K galcical K g, [dcal+k I g [RIP]) 11KK] [dca)

[d na] (k 'ddca

doa

dt
dib ., K’ [
dt k sl +[nn]2+J ..s|2 kcII [L]
d[RIP] _ karip [L][RIR] Kirip [A20] [rip]
d  [RPMee  [RIPH,

d[A20] K" o [N
S0 o s T TA20
dt sA20 [nn]2 +] "sAZOZ dA20 [ ]

‘]ddca + [d Ca]

[nc]=[NFAB,,]- [nn]- [dna] [dca]
[RIR ]=[RIR,, -[RIP]

[NFAB,,]=15, [RIR,, ]=1

K, =0.4,Kk,=0.1,K .= 2,Kyaa= 0.5

Kia =0, Kyoa = 0.7, Kyggea™ 0.2,Kgqe= 0.01
K'ggea = 0-2, K 4405 = 0.5,J 4= 40
K'.n=021k",,=8J "= 15Kk - @
K...=0.3, k, = 0.15, kao = 0.0lkdac— 0.1
k'y=00Lk%,=1J5= 02k, = 0.7

kaRIP 1 Kep =1, ‘]aRIP =0.05,Jrp= 0.05

K' oo =0.005,K %= 0.5 1oo= 1K 0= 0.01
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