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Abstract

Under physiological conditions, cells continuously sense and migrate in response to chemoat-
tractant signals that are noisy, conflicting, and changing over time and space. This suggests
cells exhibit seemingly opposed characteristics, such as robust maintenance of polarized state
longer than the signal duration, while still remaining adaptive to novel signals. However,
the dynamical mechanism that enables such sensing capabilities is still unclear. In this
thesis, I propose a generic dynamical mechanism based on critical positioning of receptor
signaling network in the vicinity of saddle-node of a sub-critical pitchfork bifurcation (SubPB
mechanism). The critical organization leads to the emergence of a dynamical "ghost" that
gives transient memory in the polarized response, as well as the ability to continuously adapt
to changes in signal localization. Using weakly nonlinear analysis, an analytical description
of the necessary conditions for the existence of this mechanism in a general receptor network
is provided. Comparing to three classes of existing mathematical models for polarization
that operate on the principle of stable attractors, I demonstrate that the metastability arising
from "ghost" in the SubPB mechanism uniquely enables sensing dynamic spatial-temporal
signals in a history-dependent manner. By using a physical model that couples signaling to
morphology, I demonstrate how this mechanism enables cells to navigate in changing envi-
ronments. Using the well characterized Epidermal growth factor receptor (EGFR) sensing
network in epithelial cells, I demonstrated that the described transient memory in signaling
mimics working memory in neurons, enabling cells to process non-stationary signals.
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Zusammenfassung

Unter physiologischen Bedingungen nehmen Zellen kontinuierlich Signale von Chemoattrac-
tanten wahr, die verrauscht, gegensätzlich und räumlich und zeitlich veränderlich sind. Dies
deutet darauf hin, dass Zellen die scheinbar gegensätzlichen Anforderungen der Robustheit
in der Polarisation über längere Zeiten als das Signal selbst, sowie die Anpassung an neue
Signale erfüllen. Dennoch ist derzeit kein dynamischer Mechanismus der diese sensorischen
Fähigkeiten ermöglicht bekannt. In dieser Thesis schlage ich einen generischen dynamischen
Mechanismus auf Basis der kritischen Positionierung eines Rezeptorsignalnetzwerkes in
der Nähe eines Sattel-Knotens einer sub-kritischen Pitchfork-Bifurkation (SubPB Mechanis-
mus) vor. Die kritische Organisation führt zu der Entstehung eines dynamischen "Geistes",
der ein transientes Gedächtnis einer Polarisation, sowie eine kontinuierliche Adaption an
veränderte Signallokalisationen ermöglicht. Unter Verwendung der schwach nichtlinearen
Analyse, wird eine analytische Beschreibung der notwendigen Bedingungen für die Existenz
dieses Mechanismus in einem allgemeinen Rezeptornetzwerk geliefert. Mit einem Vergleich
mit drei Klassen an existierenden mathematischen Modellen der Zellpolarisation, die das
Prinzip der stabilen Attraktoren nutzen, demonstriere ich, dass nur die Metastabilität des
"Geistes" des SubPB Mechanismus die Wahrnehmung von dynamischen raum-zeitlichen
Signalen in einer geschichtsabhängigen Art ermöglicht. Durch ein physikalisches Modell,
dass Signale mit der Zellmorphologie koppelt, zeige ich, dass dieser Mechanismus Zellen
die Navigation in veränderlichen Umgebungen ermöglicht. Anhand des gut charakterisierten
Signalnetzwerkes des epidermalem Wachstumsfaktorrezeptors (EGFR) demonstriere ich,
dass das beschriebene transiente Gedächtnis in der Signalverarbeitung einem neuronalem
Arbeitsgedächtnis ähnelt und die Verarbeitung nicht-stationärer Signale ermöglicht.
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Chapter 1

Introduction

1.1 Cellular sensing of non-stationary environment

Single cells sense different signals such as growth factors, cytokines etc. during physiological

responses such as wound healing, embryogenesis, morphogenesis etc. [2, 3]. One of the

de�ning features of living cells is their capacity to encode the extracellular information to an

internal representation and to generate an optimal response.

A classicin vitro example demonstrating real-time information processing at the level of

single cells is a human neutrophil that chases, engulfs and destroys aStaphylococcus aureum

bacterium (Figure 1.1A). The neutrophil, a mere single cell rapidly adapts its direction

of movement depending on the movement of the bacterium. In anin vivo setting, such

capabilities aid immunological surveillance that requires coordinated movements of immune

cells such as neutrophils, �broblasts to combat invading pathogens. During in�ammation,

these cells can move rapidly and navigate through complex tissues over large distances

to speci�c target in�ammation sites [4]. During such pursuit cells encounter con�icting,

simultaneous local gradient sources which they compare to direct their movement.In

vitro studies have shown that �broblast cells subjected to two simultaneous signal sources

steer its migration direction towards the steepest gradient [5]. Similarly during embryonic

development, short-range dynamic chemoattractant signals direct the migration of single cells

to distant target regions as in the case of primordial germ cell (PGC) migration to somatic

gonadal precursors (SGPs) in zebra�sh, drosophila, mouse etc. [7, 2, 8]. During starvation

conditions, a survival mechanism employed by social amoebaDictyostelium discoideum

requires cellular aggregation as the �rst step to trigger morphogenesis into fruiting bodies

(Figure 1.1B). Non-dissipating waves of self-generated chemoattractant travel outward from

aggregation centers and provide stable long-range cues to direct the migration of cells toward

the wave source [9, 10]. The rising and falling part of a symmetrical wave that sweeps across
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Figure 1.1 Examples of cellular response to non-stationary environments.A, A human
neutrophil cell (black arrow) chasing a Staphylococcus aureus microorganism (red circle) on
a blood �lm among red blood cells (imaged by David Rogers, courtesy of Thomas P. Stossel).
Bar, 10µm. B, SEM ofDictyostelium discoideumdevelopmental stages showing coordinated
morphogenetic response from aggregation to fruiting body formation [6] (courtesy of M.J.
Grimson and R.L. Blanton, Texas Tech University). Red curved arrow: arrow of time.

the cells provides con�icting information about the gradient source. If the cells respond to

simply spatial information, it would move forward in the front (rising part) of the wave and

backward in the back (falling part) of the wave [11]. To overcome this conundrum cells

require robust guidance mechanism that enables persistent directional migration. This poses

the question, how cells achieve complex navigation in changing environment?

Cellular sensing was initially understood as process a by which external chemical ligands

are binding and unbinding with receptors on the membrane. This stream of thought was �rst

elaborated by Burg and Percell [12] in the context of chemotactic sensitivity ofEscherichia

coli bacteria. The study addressed the question - how receptor number and time limit the

precision of sensing static ligand concentrations. In contrast to bacterial systems, eukaryotic

cells exhibit high ligand af�nity to receptor and activation of the receptors lead to rapid

remodeling of the membrane through vesicular traf�cking processes. Morover, receptors

interaction with other proteins bring non linearity to its dynamics that Burg and Purcell's

view didn't account for. Therefore, it requires that we need new approaches to understand

ligand sensing in eukaryotes.

1.2 Real time signal sensing in cells.

In cells, membrane-bound receptor proteins play an essential role in translating extracellular

signals into intracellular responses. However, the complexity of molecular details from
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receptor sensing to cell's response hinders intuitive notions of how regulatory networks

within cells functions. A course grained approach is therefore necessary to investigate

dynamical properties of receptor networks giving rise to complex responses.

Receptor tyrosine kinases (RTKs) and G protein-coupled receptors (GPCRs) are the most

prominent families of receptors that recognize variety of extra cellular ligands [13, 14]. They

are both trans-membrane proteins that have extracellular domains that bind to ligand and

undergo a ligand dependent canonical activation (Figure 1.2). This activation event causes

structural and functional modi�cations to their intracellular regions and represents �rst step

in receptor-mediated signal transduction.

Figure 1.2 Canonical view of the ligand-induced dimerization and activation process of
RTKs. For receptor tyrosine kinase (RTK), dimerization leads to trans phosphorylation and
signal transduction. PM: Plasma membrane

In RTKs, the ligand binding induces dimerization and subsequent trans-phosphorylation at

the cytoplasmic C-terminal tail of the receptor. The phosphorylated tyrosine residues further

relay the signal downstream via scaffold proteins that are recruited to the phosphorylated

tyrosine residues (Figure 1.2) [15–19]. Experimental evidences have shown that the receptors'

activity can laterally propagate at the plasma membrane by sustaining their own activity in

membrane areas unexposed to ligand, demonstrating ligand-independent activation processes

based on an autocatalytic toggle switch reaction model [20–22].This process is initiated by

liganded RTKs that could phosphorylate directly or indirectly (e.g., via RTK-phosphorylation-

dependent recruitment of Src [23]) other RTK molecules forming transient dimers. For

example for the Epidermal growth factor receptor (EGFR) the disassociated monomers that

are phosphorylated on Y845 are catalytically active and can form transient dimers with

ligandless EGFR, resulting in its autocatalytic phosphorylation [24–26].
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Figure 1.3 Ligand independent non canonical receptor phosphorylation mechanisms.
Autocatalytic activation of ligandless RTK mediated by c-Src. Arrows: Activating interac-
tions. PM: Plasma membrane.

1.2.1 Spatial-temporal distribution of receptors through vesicular traf-

�cking

Receptors that are activated at the membrane are internalized into plasma membrane derived

vesicles and are traf�cked into the cytoplasm. This process termed endocytosis typically

happens within minutes of receptor activation. The vesicles carrying the receptors undergo a

sorting process after which they are either recycled back to the membrane or are targeted for

lysosomal degradation.

In RTK (Figure 1.4), both ligandless and liganded receptors are internalized, however

liganded receptor undergoes a selective post-translational modi�cation called Ubiquitination.

This process is achieved via enzymes such as Ubiquitin ligase E3 that links a ubiquitin

molecule to the cytoplasmic residues and later functions as a sorting determinant that enables

vesicular re-routing [27]. These vesicles fuse into early endosomes that act as an endocytotic

hub where liganded receptors are identi�ed using the ubiquitin interacting protein containing

proteins and transported to lysosomes for degradation. The remaining ligandless receptors

are sent to recycling endosomes and are transported to the membrane. This recycling process

is also accompanied by the deactivation process that involves phosphatases, thereby enabling

replenishing of the plasma membrane with inactive receptors [25].

Vesicular traf�cking mechanism that consists of internalization of activated receptors

accompanied by two distinct vesicular routes, recycling or degradation, is therefore typical

for RTKs and likely also for GPCRs [28]. While the unidirectional degradation route decrease

the number of receptors on the membrane, recycling plays an important role by continuously
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Figure 1.4 Schematic representation of vesicular traf�cking of receptors.For receptor ty-
rosine kinase (RTK), internalization via endocytosis of ligandless and ubiquitinated liganded
receptors. From the early endosomes, liganded receptors continue on the unidirectional route
towards lysosomal degradation, whereas the unliganded receptors exit and are recycled back
to the PM after dephosphorylation.

populating the plasma membrane with non-phosphorylated, ligandless receptors. These

receptors therefore function as sensing entities of upcoming signals.

1.2.2 Vesicular traf�cking establishes spatially extended biochemical

networks that dictates ligand sensing

The receptors that are phosphorylated, either through ligand-dependent or independent

processes at the plasma membrane undergo spatial cycles that re-distribute them within the

cell (Figure 1.4). During this process, they interact with other proteins located at distinct

cellular compartments. One of the major interacting partners of receptors is protein tyrosine

phosphatases (PTPs) that dephosphorylate the receptors. Thus, different PTPs that are located

at plasma membrane, cytosol or at membranes of intracellular organelles are key regulators

of receptor signaling [29, 26, 22]

Throughout this thesis I will be using proto-oncogenic epidermal growth factor receptor

(EGFR) as a typical example to represent RTK family. EGFR not only senses the presence of

extracellular growth factors, but also interprets the complex dynamic growth factor patterns

that can lead to diverse, functionally opposed cellular responses including proliferation,

survival, apoptosis, differentiation, and migration [30, 26]. A recent study of EGFR signaling

has revealed that the major PTPs that dephosphorylate EGFR are on the plasma membrane
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Figure 1.5 EGFR phosphorylation dynamics is regulated through interaction with PTPs
in space.At the plasma membrane, ligand dependent and independent EGFR phosphoryla-
tion. ROS mediates a double-negative feedback between monomeric EGFR and PTPRGa,
whereas PTPRJ negatively regulates EGFR phosphorylation. A negative feedback between
EGFR and PTPN2a is established by vesicular recycling. Causal links: solid black lines.
Vesicular traf�cking: gray lines with black arrows (adapted from [25])

and the endoplasmic reticulum, and the vesicular traf�cking of phosphorylated EGFR uni�es

the interactions with these PTPs into a network architecture whose sensing dynamics dictates

responsiveness to time-varying growth factor signals [1].

The uncovered biochemical network (Figure 1.5) consists of multiple feedback interac-

tions between EGFR and PTPs that are spatially segregated. In the study, dynamic signatures

of EGFR phosphorylation response to EGF dose were analyzed to identify the type of un-

derlying feedback motif and the �ndings were validated using genetic perturbations. It was

identi�ed that at the plasma membrane, ligandless, phosphorylated EGFR (EGFRp) interacts

with two PTPs, PTPRG and PTPRJ. In addition to the dephosphorylation of the receptor by

catalytically active PTPRG (PTPRGa), EGFRp-PTPRGa toggle switch interaction originates

via EGFR-induced activation ofH2O2 production by NADPH oxidases (NOX) [21, 31] that

impairs the catalytic activity of PTPRG [1]. PTPRJ on the other hand constitutively interacts

with both ligandless and liganded EGFR, and dephosphorylates them. While both species

of receptors undergo distinct vesicular traf�cking routes as in Figure 1.4A, they encounter

ER-membrane bound PTP, PTPN2. The spatial recycling uni�es various EGFR-PTP interac-

tion motifs into a receptor network with EGFRp–PTPRGa toggle-switch with autocatalytic
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EGFR activation at its core. This biochemical network in which receptor is embedded shapes

the receptor dynamics and allows for the analysis of qualitatively different EGFR response

that can arise. In order to systematically uncover the mechanism underlying the sensing

capabilities of these networks, one can further use a dynamical systems theory approach

[21, 1].

1.3 Bifurcation analysis enables identi�cation of biochemi-

cal network dynamics

Biochemical network motifs consist of one or more components that interact with each other

mostly in a nonlinear way. These systems are often mathematically conceived as a system of

ordinary or partial differential equations. Each equation in the system represents the reaction

term that captures the rate of change of concentration of a component and how it depends

on other components in the network. The reaction term also depends on system parameters

such as rate constants, diffusion constants, etc. The variables that describe the state of the

dynamical system are called the state variables and the set of all the possible values of the

state variables is the state space (Figure 1.6A, an example from a two variable system). In

such a state space, the set of points that are the future states resulting from a given initial state

is a trajectory whose local directions is determined by the direction of "�ow" (blue arrows)

at that point which in turn depends on the reaction terms. As shown in the example (Figure

1.6A) the region in the state space where all �ows converge to is called a global attractor

and any trajectory starting from any random point will eventually ends up there. It is also

possible that regions in the state space have entirely opposite feature and it repels the �ows

around them, causing none of the trajectories to reach it (Figure 1.6).

Existence of such attactors or repellers or their combination in a given system thus dictates

its overall dynamics. Theoretically, the two cases shown in Figure 1.6 can be distinguished

using a small amplitude external perturbation. The method assumes that the trajectory is

currently residing in a region of state space and the nature of that region is unknown. Under

a perturbation that drives a trajectory away from the region, if it returns asymptotically, it

implies that the region is attracting or is astable steady state. Alternatively, if the trajectory

does not return, then it is a repeller or anunstable steady state.

In a given system, the number and nature of the stability of the steady states depend

on the parameter values in the system. This idea has been widely explored in nonlinear

dynamics to understand the dynamics of networks using bifurcation analysis. According to

this method, depending on the parameter value, if the steady state structure changes then a



8 Introduction

Figure 1.6 Schematic representation of two dimensional state space of an attractor
(A) and a repeller (B) with their corresponding �ows that dictates the evolution of
trajectories. Filled/un�lled circle: stable/unstable state space region at the center of �ow
�eld. Blue arrow lines: state space �ows. Red arrow lines: trajectory.

bifurcation has occurred [32]. Different types of transitions are characterized by different

types of bifurcations and this knowledge helps to derive a better understanding of the system.

1.3.1 Quantitative measure of steady state stability using linear stability

analysis

Consider a general two dimensional system given by,

dx
dt

= f (x;y)

dy
dt

= g(x;y)
(1.1)

wherex andy are the variables of the system andf (x;y), g(x;y) are the reaction terms

that govern the �ow of the system. Let(x� ;y� ) be the steady state (ss) of the system. By

de�nition, the rate of change of the system vanishes at thess.

f (x� ;y� ) = 0

g(x� ;y� ) = 0
(1.2)
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In linear stability analysis (LSA), to probe the stability of the steady state, the rate of

decay/growth of a perturbation is quanti�ed. The ratel can be obtained by linearizing the

system around the steady state by introducing a time-dependent perturbation of the form,

x(t) = x� + dx(t; l )

y(t) = y� + dy(t; l )
(1.3)

Plugging this perturbation into Eq. 1.1 and performing Taylor series expansion around

the steady state yields a linearized equation,

0

B
@

ddx(t)
dt

ddy(t)
dt

1

C
A =

0

@
¶ f
¶x

¶ f
¶y

¶g
¶x

¶g
¶y

1

A

(x� ;y� )

 
dx(t)

dy(t)

!

(1.4)

Where the matrixJ =

0

@
¶ f
¶x

¶ f
¶y

¶g
¶x

¶g
¶y

1

A

(x� ;y� )

is called the Jacobian matrix and the partial

derivatives are evaluated at the steady state. The equation is further simpli�ed by assuming

an exponential time dependence for the perturbation.

dx(t) = x0e(l t)

dy(t) = y0e(l t)
(1.5)

wherex0 andy0 are proportionality constants. Plugging this assumption about the perturbation

into Eq. 1.4 yields its associated charateristic equation, withl being the eigenvalue of the

system.

det(J � l I ) = 0 (1.6)

whereI is the identity matrix. The solution to Eq. 1.6 givesl , which is the rate of

growth/decay of the perturbation and its algebric sign determines the stability of the steady

state which is used to evaluate the Jacobian. Ifl is positivessis unstable and ifl is negative

it is ssis stable. For an N-dimensional system, there are Nl s associated with a particular

steady state. In that case, the stability will be determined by the sign of the largestl .
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1.4 Different types of bifurcations and associated steady

state transitions

In dynamical systems, there are fundamentally different bifurcations that dictates dynamical

transitions such as saddle-node, transcritical, pitchfork bifurcation etc. Any given type of

bifurcation can be realized through a large number of network topologies, thus they are not

unique to a particular type of interaction topology. Therefore, prototypical examples of the

form in Eq. 1.1 are used further in this section to demonstrate general steady state transitions

associated with each bifurcation. Such simple representations are called normal forms and

are fundamental to each bifurcation such that in any general system, around the bifurcation

point, the steady state equations approximate to these forms [33].

1.4.1 Saddle node bifurcation

Consider the normal form equation,

dx
dt

= m� x2

dy
dt

= � y
(1.7)

wheremis the parameter in the system. This system has two steady states,

(x� ;y� ) = ( �
p

m;0) (1.8)

and they exist only form> 0 and their eigenvalue estimation using Eq. 1.6 shows

that(
p

m;0) is a stable and(�
p

m;0) is unstable (Figure 1.7A). Asmvalue changes from

positive to negative, these steady states approach each other, collide whenm= 0, and �nally

disappears form< 0. The corresponding state space portrait shows that form> 0, the

stable steady state attracts the �ow while the unstable state repels it (Figure 1.7B). Thus, any

trajectory starting from an arbitrary state space point will eventually ends up in this stable

attractor. Atm= 0, the saddle point that exist at(0;0) has features of stability and instability

at the same time, by attracting trajectories from one side and repelling them from the other

side. Form< 0, due to the absence of steady state, the trajectories diverge to in�nity.
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Figure 1.7 Saddle node bifurcation and corresponding state space transition.A, Bi-
furcation diagram showing a saddle-node bifurcation (Eq. 1.7). Black solid/dashed line:
stable/unstable state. SN: Saddle node bifurcation. B, State space transition acrossmcorre-
sponding to (A) showing steady states and their �ows. Left:m= � 1, middle:m= 0, right:
m= 1. Filled/un�lled circle: stable/unstable steady state. Blue arrow lines: state space �ows.

1.4.2 Transcritical bifurcation

The normal form associated with transcritical bifurcation has a different �ow in thex-direction

when compared with Eq. 1.7 and is given by,

dx
dt

= mx� x2

dy
dt

= � y
(1.9)

The largest eigenvalue associated with the two steady state of the system,ss1 = ( m;0)

andss2 = ( 0;0) aremand� mrespectively. Thus, their stability is coupled together through

m. In the parameter space, whenmis negativess1 is stable andss2 is unstable. As them

value crosses the origin, then these two �xed points exchanges the stability (Figure 1.8A).
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