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Abstract

Focal adhesions are plasma membrane-associated protein complexes that connect the cellular
cytoskeleton to the extracellular matrix via discrete “focal” points on the plasma membrane. As
such they are critical to the movement of cells and therefore of great interest in the study of
organismal development, immunity and inflammation, and in cancer metastasis. Therefore it is
critical to better understand the structure of focal adhesions and the underlying processes behind
their assembly and disassembly, as well as how assembly and disassembly are regulated.
Modelling these processes mathematically, using computers, can offer insights not available to
other approaches. Here differential equations (both ordinary and partial) are used to model
various aspects of focal adhesion dynamics to produce compartmental and spatial models,
respectively. By these methods new insights have been derived, unveiling the huge complexity of
focal adhesion dynamics, but also pointing to the key factors that principally determine overall

rates of focal adhesion assembly and disassembly, as well as levels of individual isoforms.

Overall, the key finding of this project is that, for focal adhesion dynamics to occur over a
physiologically realistic timescale (typically 5-20 minutes), numbers of focal adhesion-associated
proteins must be highly enriched in the immediate vicinity of where such dynamics are taking
place. This implies a higher level of organisation in both the plasma membrane and cytosol than is
usually assumed in reaction-diffusion models such as this. Only by assuming that concentrations
of such proteins are much higher locally than they would be if uniformly distributed throughout
these and other relevant cellular compartments, can the required interactions between them
occur at a rate consistent with what is observed physiologically. This finding is likely to extend to

many other cell-critical behaviours.

Keywords: Focal adhesions, mathematical modelling, computational modelling, differential
equations, ODEs, PDEs, FAs, dynamics, modelling, lamellipodia, outside-in signalling, inside-out
signalling, compartmental model, spatial model, reaction-diffusion system.
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Chapter 1. Introduction and aims of the project

Before describing the aims of the project, it is necessary to explain what focal adhesions (FAs) are,
what cellular role they perform and how they perform this role in terms of their underlying
structure and dynamics. By “dynamics”, in this context, is meant changes in overall FA structure
in response to various events (including various forms of external stimulation, and changes within
FAs themselves, such as component protein phosphorylations and conformational changes) and

how these changes are regulated.

Since this project also involves modelling an important aspect of FA dynamics, it is also first
necessary to explain what exactly mathematical modelling is, what forms it can take (and
therefore what options are available for modelling FA dynamics) and how it can be used to

advantage in the study of cell behaviour, including FA-associated behaviour.

Having outlined the above, this chapter will conclude with a description of the overall aims of the
project, together with a brief summary of how it is intended to achieve these aims. Subsequent
chapters (Chapters 2, 3 and 4) will describe the three key phases of the model development
project. Each chapter will include a description of the context of the problem, model design
considerations and subsequent model implementation details. A further description of the results
from running the model will be followed by a discussion of these results and any insights arising

from them.

The last chapter (Chapter 5) will summarise these results and insights, evaluate the model and
any lessons learnt from developing it, and suggest future improvements and extensions of it. This
will be followed by a discussion concerning what the writer has learned about the modelling
process in general. This will include issues that have arisen that are typical of what modellers

encounter generally, why this might be and what needs to change so that the quality of models
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can improve. Finally, there will be a brief commentary on the current status of mathematical

modelling within cell biology and why it matters.

1.1 FAs

1.1.1 FAs in context

Before describing FAs in detail it is helpful to understand the wider cellular and extracellular
context in which they develop and function. For the most part it can be said that the majority of
cells within complex organisms (including humans and other animals) do not exist surrounded by
empty space. Typically such cells will be organised into various tissues and organs, meaning that
most are closely-bound to other cells. Any non-cellular regions in the immediate vicinity of such
tissues and organs will often consist of a protein-rich complex, called the extracellular matrix
(ECM), laid down by specialist cells called fibroblasts, as well as by cells in the immediately

adjacent tissues.

Whilst the composition of ECM varies widely, discounting proteoglycans (which, in hydrated form,
provide the gel-like matrix characteristic of ECM 2), it tends to be dominated by just a few fibrous
protein types, four of which, elastins , collagens, fibronectin and laminin are most commonly seen
1. So, for instance, one form of the ECM, called the basement membrane (BM, a thin layer of ECM
that separates sheets of epithelial cells from the largely acellular stroma, whilst also providing a
form of scaffolding), tends to be rich in laminin and collagen IV **, whereas interstitial matrix or
stroma (more generally known as connective tissue, and providing more general support for the
organ or tissue ) typically contains more of the other collagen isoforms, as well as fibronectin and

elastin %*.

The widespread presence of ECM provides both a means and a barrier for cell locomotion. Given

that locomotion is a primary requirement of such important biological processes as organismal
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development, inflammation and immunity, and cancer metastasis (describing the process in
which tumour-originating cells spread to other parts of the affected body), the means by which
cells engage with the ECM and move through it has been of great interest to cell biologists, as well

as specialists investigating these particular aspects of biology.

Although cells(other than flagellated cells, such as spermatozoa) are known to be capable of an
amoeboid form of locomotion by blebbing?, it is thought that they primarily move by engaging

collagens, fibronectin and laminin (as well as less common proteins, such as vitronectin?) of the
ECM. This allows them sufficient traction to pull themselves in a particular direction, commonly

determined by a chemical gradient, such as provided by a growth factor or chemokine.

For instance, it is clear that metastasis requires substantial digestion of ECM and BM proteins by
proteolytic cleavage, principally by secretion of matrix metalloproteinases (MMPs)®. However, it
is also clear that many of the ECM and BM proteins must remain in order for metastatic cells to
gain traction. Similar considerations must obviously also apply to inflammation, immunity and
development, wherever existing ECM lies between a cell and its intended destination. Given the
widespread presence of ECM there has been growing interest in FAs, protein complexes whose
primary role is to engage most of the major ECM proteins, linking them to the cell’s contractile
actin- and myosin-based cytoskeleton, thus providing traction. These are described in the next

section.

1.1.2 Overall focal adhesion structure

As stated, FAs are plasma membrane-associated protein complexes that principally connect the
cellular cytoskeleton to the ECM via discrete “focal” points on the plasma membrane (PM), giving
them an important role in cell anchorage, as well as migration. FAs are highly dynamic in

structure, ranging from small structures known as focal complexes (composed of integrins and a
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few other associated proteins such as paxillin and talin) up to fully mature multi-molecular
adhesions, made up of multiple cell types and bound to stress fibres, which are themselves bound

within the cellular cytoskeleton ?(Figure 1.1).

Cell interior

Relative distance

—Plasma membrane

—— Extracellular matrix

u Integrins - FAK (/Paxillin . © Talin ’Vinculin - Zyxin L VAsSP \Q—Aclinm ’Aclin

NATURE 2010

Figure 1.1.A hypothetical representation of a mature FA with principal component proteins. As
determined by three-dimensional super-resolution fluorescence microscopy. (No stoichiometry
implied). Source: 8.

Such mature FAs are thus found in abundance within quiescent cells that occupy a fixed position,
especially those bound together within tissues, such as epithelial cells. By contrast more motile
cells, such as mesenchymal-derived fibroblasts and mesenchymal-like metastatic cells, are
characterised by the dynamic formation and breakdown of less mature FA structures, most of
which fail to progress beyond the focal complex stage, sufficient to bind local elements of the

actin cytoskeleton and provide short-term traction, but not positional stability®°.

More than 160 proteins have now been reliably associated with mature FAs!!. This includes
transmembrane receptors (principally the integrins and growth factor receptors), adaptor

(sometimes referred to as scaffold) proteins such as paxillin and vinculin, and kinases such asp21-
activated kinases (PAKs '?) and Rho kinase (also known as Rho-associated kinase or ROCK1)®.
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Some FA-associated proteins combine several functions. For instance, focal adhesion kinase (FAK)

functions both as a kinase and as an adapter protein®*.

Current understanding is that FAs typically begin with binding events at the cell membrane,
between integrins and their external ligands, triggering the formation of “nascent adhesions”
around the cytoplasmic tail of integrins>. These nascent adhesions are believed to be recruited
from a few different proteins, many of which are rapidly and extensively phosphorylated after
recruitment’®, Nascent adhesions are known to include paxillin ’but may include other proteins,
such as FAK, Src and talin®'°, known to be early components, at least in mature adhesions. For this
reason it makes sense to describe each of these proteins in turn, before looking at other proteins
that are known, or believed, to be associated with more mature forms of FAs. Clearly no model
can incorporate all the hundred or so proteins known to be involved in FA formation and it makes

sense to start at the beginning when there are thought to be just a handful involved.

1.1.3 Integrins

The integrins are a family of heterodimeric transmembrane glycoproteins, normally found
concentrated in FAs, i.e. at discrete sites on the plasma membrane®®. As heterodimers they are
composed of two distinct polypeptides, referred to as the alpha and beta subunits (with 18 alpha
and 8 beta subunits distinctly identified in mammals *°), which differ in their domain composition
(Figure 1.2)'>%, This difference is most obvious in their N-terminal region. Here, the beta subunit
has an (insertion or interaction) domain(also referred to as an A or I/A domain), dominated by a
divalent metal ion-coordinating site, which binds highly specific ligands, including ECM proteins,
such as fibronectin and collagen, and membrane-bound proteins of the immunoglobulin
superfamily, such as ICAM-1%?° (Table 1.1). Although some alpha subunits also contain an I-

domain(which dominates ligand-binding in any heterodimers in which it appears*®) most do not,
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their N-terminal regions being dominated by a so-called propeller domain, a seven-bladed

structure that contributes to ligand-binding'>?'(Figure 1.2).

Ligand Integrins Notes
Principally receptors for collagens, integrins al1f1

Collagens 1B1, a2B1, al0B1, and a2B1 may bind other ligands with a lesser
al11B1 .
affinity.
Laminins a3B1, a6B1, a6p4, Principally receptors for laminins, integrin a3f1 may
a7p1 bind other ligands with a lesser affinity.

Each integrin binds its own subset of the RGD-
containing ligands (which include fibronectin, fibrin
and vitronectin). Some bind additional ligands in an
RGD-independent manner.

In addition to specific IGSF ligands (VCAM, ICAMs),
aDB2, aEB7, alLP2, many of these integrins bind additional ligands. For
aMPB2, aXB2, a4B1, [example, integrin a4#£1 binds to fibronectin in an
adp7, a9B1 RGD-independent manner, while aMB2 and aXf2
bind fibrin.

Table 1.1. Primary ligands of integrins of different alpha-and beta-subunit composition. “RGD”
refers to arginine-glycine-aspartic acid amino acid sequences, found in various proteins that form
a class of integrin ligands. Table features all 18 alpha- and all 8 beta-integrins identified in
mammals. Source: ?%.

o581, a8B1, allbB3,
avpB1, avB3, avps,
avp6, avpB8

‘RGD’-containing
proteins

Immunoglobulin
superfamily proteins

At the other end of integrins, both alpha and beta subunits have short cytoplasmic “tails”. These
contain binding sites that are critical to integrin functioning, by binding to kinases and actin-

associated scaffold proteins, amongst others 121,

Linking these important N-and C-terminal regions are long, mostly linear, “legs”, made up of
various domains, including, in beta subunits, 4 repeat EGF domains, all rich in cysteine
residues'®?%2! together with a hybrid and PSI (plexin-semaphorin-integrin) domain . Aside from
connecting the N- and C-terminal regulatory regions, it is thought that these transmembrane leg
regions help to transmit information, in an outside-in and inside-out manner, by adopting a
straight or bent conformation 1%29242 (Figure 1.3). Thus, following external ligation, both alpha
and beta subunits are believed to adopt an upright conformation, which forces apart the
cytoplasmic tail regions of both subunits, making it easier for intracellular binding partners, such

as talin and FAK to bind to these regions 192,
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Figure 1.2.Typical domain structure of integrins. Key: I-domain = insertion/interaction domain; PSI
= plexin-semaphorin-integrin domain; EGF-like = epidermal growth factor-like domain. Some
alpha subunits have an I-domain above the propeller domain, providing the principal ligand-
binding site for the integrin dimer. Figure shows integrin dimer in its typical fully-activated,
extended form. In inactive form the alpha subunit bends at the Knee (often referred to as the
"genu”) domain, whilst the beta subunit bends at the second and third EGF-like domains. Adapted
from 23,

Similarly, binding by such intracellular ligands stabilises the separation of the subunit tail regions,
which is thought to also stabilise the external integrin structure in an upright position, in which it
has a much higher affinity for its extracellular ligand'®?!. Thus external ligation promotes internal

ligation (“outside-in signaling”) and vice-versa (“inside-out signalling”, Figure1.3)920.%,
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Figure 1.3. Integrin inside-out and outside-in signaling. In inside-out signaling, binding of talin
(driven by exposure to negatively charged phospholipids) and other proteins to integrin
cytoplasmic tails results in tail separation and adoption of an upright conformation by integrin
dimer, with resulting high affinity for external ligands. In outside-in signaling, external ligation
leads to the same tail separation and upright conformation. Source:?

However, the reality is rather murkier than the above explanation suggests, as this model is still in
need of further experimental support and there remain questions as to whether the differences in
extracellular ligand affinity of the bent and straight conformations are as great as claimed®®%.
Furthermore, there are still a number of unanswered questions as to how some of the more
important FA proteins, such as talin, FAK, alpha-actinin and paxillin bind to the cytoplasmic tail

region, what their binding affinities are, and in what order they tend to bind.

1.1.4 Talin

Talin is a high-molecular-weight (235-kDa) scaffold protein whose principle role appears to be as a
link between focal complexes and the actin cytoskeleton, which it is able to achieve through a
combination of binding sites (Figure 1.4) %6, Principal among these is an N-terminal FERM (Band
4.1 homology ezrin radixin moesin) domain?’-?¢, which binds the cytoplasmic tail of integrin beta
subunits, thereby helping to stabilise integrin heterodimers in the high-affinity ligand-binding
conformation?”?° (although the same FERM domain can also bind actin instead). Further down (in

Page 9



the so-called C-terminal rod domain) talin contains a mixture of F-actin-, integrin- and vinculin-
binding sites?%27% (Figure 1.4), vinculin being another scaffold protein, which as well as binding

talin, contains a number of actin binding sites!.

However, both integrin and vinculin/actin binding require talin to adopt favourable
conformations. Firstly, integrin-binding requires talin to be in an open, “active”, conformation, as
opposed to the default closed (“inactive”) conformation, in which parts of the C-terminal rod
domain are folded back on the N-terminal region, masking the FERM domain3?33, This can be
relieved by exposure to negatively charged phospholipids, especially phosphatidylinositol 4,5-
bisphosphate (PIP2)3334, In this respect it is interesting to note that talin FERM domains also bind
PIP5K1C, a kinase (of the P15K family) which catalyses PIP, formation, and that high-affinity
binding of the talin FERM domain to the integrin beta tail requires that the heterodimer is bound

within negatively-charged phospholipids?’:33353¢,

| ------ C-terminal rod domain ------|

Actin  p-Integrin Actin-Binding Site 2 Integrin  C-terminal Actin
(F2F3) (F3) (951-1327) Binding Site 2  Binding Site
(1974-2293)  (2300-2541)

I I I YO

1 VBS2 Middie reqion VBS3 DH

“ Vinculn Binding Ste ( VBS) Non Bnders Cimensation helo i

Figure 1.4.Talin domain structure. Key: FERM = Band 4.1 homology ezrin radixin moesin domain;
VBS = vinculin-binding site; DH = dimerisation helix. Talin shown in open, active conformation in
which the FERM domain and all vinculin and actin binding sites are exposed and thus available for
binding. Dimerisation helices of two talin monomers form an anti-parallel dimer. Adapted from32,

Similarly, the closed talin conformation hides critical vinculin-binding sites, which, it is thought,

require mechanical stretching to be exposed?”-*°. Thus talin-mediated FA maturation appears to
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require both specific local membrane conditions and the exertion of mechanical force (exerted

either by extracellular components or by stress fibres, or both) in order to occur.

1.1.5 FAK

Another key protein in FA formation is FAK, which shares many features with talin. This arises
from the fact that it also has an FERM domain (Figure 1.5) that is known to be able to bind to the
same cytoplasmic region of the integrin beta tail, as well as to several growth factor tyrosine

kinase receptors®.

FERM PRR1 Kinase PRR2 PRR3 FAT
R e Tyr
NH2- -COOH Ser
. e o ' T R © Lys
%5 % 95 %05 e, % %l % %
S, 5

Figure 1.5. Focal adhesion kinase (FAK) domain structure with principal
phosphorylation/sumoylation sites. Key: FERM = Band 4.1 homology ezrin radixin moesin domain;
PRR1-3 = Proline-Rich Regions; FAT = Focal Adhesion Targeting domain; Tyr = tyrosine residue (a
phosphorylation site); Ser = serine residue (a phosphorylation site); Lys = lysine residue (a
sumoylation site). Adapted from %,

However, whereas talin is predominantly a scaffold protein, holding other proteins together in a

complex, FAK also has a critical role as a protein tyrosine kinase and can, less commonly, function

as a transcription factor®’.

As with talin, FAK has a folded default conformation, which prevents its FERM domain from
binding to integrin beta-subunits tails*®, and this can also be relieved by exposure to the
phospholipid PIP,*, as described earlier, principally found in the inner leaflet of the plasma
membrane. However, this autoinhibitory conformation can also be relieved by phosphorylation of
the FAK Tyr-194 residue by growth factor receptor tyrosine kinases such as Met3’*, or by

sumoylation of the Lys-152 residue®?, or it may require both together. Relief of the autoinhibitory
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conformation, as well as exposing the FERM domain, also exposes FAK’s kinase domain, allowing
it to phosphorylate other FA-related proteins nearby, such as paxillin and p130%*344, This
autoinhibitory relief also frees the kinase domain to autophosphorylate FAK itself, via its Tyr-397

residue, thus activating FAK®®.

FAK autophosphorylation leads to the recruitment of Src and other Src-family kinases, which bind
to the phosphorylated Tyr-397, via their SH2 domains®, as does P13 kinase %6, with Src binding
leading to further phosphorylation of FAK*. Amongst the FAK tyrosine residues phosphorylated
by Src are Tyr-576 and-577, both necessary for full FAK activation #°, andTyr-861, required for
association of FAK with p130*5#’, Also phosphorylated by Src is Tyr-925, this phosphorylation

being necessary for FAK association with Grb2*¥49 and dynamin“®>°

, as well as being associated
with increased levels of phosphorylated (as opposed to unphosphorylated) paxillin, enhanced

nascent adhesion formation, greater FA turnover and higher rates of cell migration®..

Additional FAK scaffolding functionality, provided in the form of three proline-rich regions (PRR1-
3, Figure 1.5) allows the recruitment of other proteins, principally via SH3 domains®2. One
example of this is endophilin A2% Finally, the FAT domain of FAK (Figure 1.5) is known to provide
additional binding sites for proteins, of which the best-known are paxillin 3(whose significance in
FA formation is outlined later), talin >* (which possibly requires initial transport by FAK to the
vicinity of nascent adhesions before binding directly to integrin tails) and VEGFR3 %, a growth
factor receptor known to be involved in cell survival, lymphatic angiogenesis and metastasis. In
common with the previously mentioned phosphotyrosine sites, the principal regulatory influence
of such binding sites results from how they encourage phosphorylation by recruiting target

proteins to the growing kinase nexus located at maturing FAs>®.

Whereas tyrosine phosphorylation promotes both the kinase and scaffold roles of FAK, thus

directly affecting FA dynamics, other forms of post-translational modification depend upon trans-
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locating FAK for their regulatory effect. Thus, serine phosphorylation at Ser-732 by Cdk5
translocates FAK to the centrosome, where it appears to regulate microtubule organisation®”°,
whilst sumoylation (whether at Lys-152, or elsewhere)*? translocates FAK to the nucleus, where it
enhances cell proliferation and reduces inflammation by promoting the polyubiquitination and
subsequent degradation of (respectively) p53 and GATA4, as well as regulating general gene

transcriptional activity>>°,

1.1.6 Src

Src is a non-receptor tyrosine kinase (as well as the name for the family of at least 11 Src-related
kinases®!), in which overactivity has been linked to various forms of cancer-associated behaviour,
including proliferation, survival, angiogenesis and invasiveness %6263, |n particular, it is known to
have an early and important role in FA formation, amongst other things determining adhesion

strength 3,
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Figure 1.6. Src domain structure, with principal tyrosine phosphorylation sites (Y419 and Y530)
and activation process. Src is made up of 3 (in some accounts, 4) so-called Src Homology (SH)
domains. SH1 is a protein tyrosine kinase domain; SH2 binds to phosphotyrosine sites within
proteins; SH3 binds to proline-rich protein regions. The amino terminal end (sometimes referred
to as SH4) can be myristoylated, allowing insertion into membranes. See main text for details of
Src activation.Source:®*.
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Src has four principal domains, known as Src homology (commonly abbreviated to SH) domains®,
(Figure 1.6). SH1 is the protein tyrosine kinase domain. On the opposite (N-terminal) end, the SH4
domain (often omitted from Src domain classifications) contains the membrane-targeting region,
including a Gly-2 residue which must first be myristoylated before Src can attach itself to the cell
membrane®¥®3(Figure 1.6).In between, the SH2 domain enables Src attachment to phosphorylated
tyrosine residues in other proteins, whereas the SH3 domain typically binds to proline-rich regions
in respective binding partners®, In addition, there are two important Src tyrosine residues, Tyr-
530 and Tyr-419, whose phosphorylation state is critical to Src activity. Phosphorylation of Tyr-530
(e.g. by CSK) results in the Src SH2 domain binding to it, thereby permitting the SH3 to bind to a
proline-rich region in between the SH1 and SH2 domains and inactivating Src (Figure 1.6). In this
stable, folded-up conformation the SH1 kinase domain is unable to bind and phosphorylate other

proteins, and so Src is effectively inactivated®®.

Dephosphorylation of Tyr-530 (by protein tyrosine phosphatases) results in the Src SH2 domain
detaching, with subsequent opening up and activation of Src, since the SH1 kinase domain is now
free to bind and phosphorylate other proteins®®3, Amongst these target proteins is Src itself, with
autophosphorylation of Tyr-419 (or phosphorylation by other tyrosine kinases) moving this
residue away from the active site, thereby improving access for other proteins®%3. Another
protein interaction that helps activate Src, occurs when its SH2 domain binds to phosphotyrosine
residues in other proteins (such as platelet-derived growth factor receptor ® and FAK #*), holding
Src in its active conformation and thus preventing the SH2 domain from binding to newly-

phosphorylated Tyr-530,

With respect to FAs, it has already been described above how a number of FAK tyrosine residues
are phosphorylated by Src (or by Src-family kinases or SFKs), once Src has bound to the FAK
phosphotyrosine at position 397, using its SH2 domain®. Such phosphorylation leads, directly or

indirectly, to full FAK activation, association of FAK with proteins such as p130%°, dynamin and
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Grb2, and, in the case of Tyr-925, to increased nascent adhesion formation and mature FA
turnover, leading to greater cell mobility °>°1. This increase in FA turnover appears to be partly the
result of Tyr-925 being contained within the FAT domain of FAK, which includes unphosphorylated

paxillin as a binding partner.

Thus “crosstalk” between Src, FAK and paxillin, and other proteins known to be involved in initial
FA formation, is seen to be critical to FA-related processes with obvious relevance to cell
migration. In fact, the influence of Src phosphorylation extends much beyond such proteins, but a
more detailed account of Src phosphorylation (with a description of how phosphorylation alters

each phosphorylated protein’s subsequent behaviour) is beyond the scope of this report.

1.1.7 Paxillin

As indicated previously, paxillin is an early component of nascent adhesions "and this scaffold
protein is thought to play a critical role in adhesion turnover, together with FAK and Src. Paxillin is
able to perform this role because it has a number of binding domains to which a variety of FA-
related proteins can bind Y. Four LIM domains (Figure 1.7), each composed of a double zinc-finger
motif, are located in the C-terminal half of paxillin 17/%¢, Of these, LIM2 and LIM3 are known to be
essential for targeting of paxillin to FAs, this targeting requiring that these domains be

phosphorylated 17:66:67,

The paxillin family

T403 S4571481
Y31 Y118 S1BBM190
LD1 LDz LDa LD4 LDs
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' - . . - M I e I e I =S F ¢ Paocllin
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Figure 1.7. Paxillin domain structure, with principal tyrosine (Y) and serine/threonine(S)
phosphorylation ites and protein-binding domains. Key: LD1-5 =Leucine-Aspartate Repeat
domains; LIM1-4 = double zinc finger LIM domains; PPPVPPPP = proline-rich SH3 domain-binding
region. Source:,
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Despite much work there is still some uncertainty about which proteins act as the main docking
partners for paxillin, when locating to FAs. Although one study in 1995 reported paxillin binding to
peptides mimicking beta integrin cytoplasmic domains, and another in 2000 ®®showed paxillin co-
immunoprecipitating with integrins ©, there has been little subsequent evidence to suggest a
direct connection between paxillin and integrins. However, there is stronger experimental
evidence that paxillin LIM domains provide binding sites for several structural and regulatory FA-
related proteins, such as tubulin®”! (a component of microtubules) and the protein-tyrosine
phosphatase PTP-PEST (also known as PTPN12)¥72, thus playing an important role in regulating

FA dynamics.

Furthermore, the N-terminal domain is composed of 5 leucine- and aspartate-rich LD domains
(Figure 1.7), which interact with a number of very important FA-related proteins, including
FAK”37475 GIT1/27>7% and vinculin'”’>77, In addition LD domains may contribute to paxillin binding

to phosphorylated cytoplasmic domains of a4 integrins’®”°.

Allied to its ability to bind many different kinds of proteins, paxillin has many potential
phosphorylation sites, and this capacity for variable phosphorylation, adds additional binding sites
such as phosphotyrosines, which can be bound by SH2 domains in other proteins), accounting for
its importance in FA regulation, particularly in early FA formation?’. For instance, upon integrin
ligation of collagen or fibronectin, paxillin becomes tyrosine phosphorylated, principally on the
Tyr-31 and Tyr-118 residues, by FAK and Src'’#%8!, Such phosphorylation is known to promote
Racl and Cdc42 activity and inhibit that of RhoA, via the association of these phosphorylated
residues with the Crkll-DOCK180-ELMO complex and with p120RasGAP, respectively'’#2838 Rac1
and Cdc42 are activated as a result of DOCK180-ELMO cooperating to act as protein-specific
guanine nucleotide exchange factors, whereas the removal p120RasGAP from the GTPase-

activating protein p190RhoGAP frees the latter to inhibit RhoA. As explained later, these
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differential effects on these members of the Rho family of small GTPases are likely to promote

lamellipodia formation, FA turnover and cell migration.

However, just as important is the stable recruitment of the GIT1/2-PIX-PAK-NCK complex to FAs,
via the paxillin LD4 motif, with this complex promoting both Racl and Cdc42 activity®’. If LD4 is
not binding this complex, it and LD2 can both interact with FAK, via the latter’s C-terminal FAT
domain'”#, Moreover, phosphorylation of paxillin at Ser-273 causes the LD4 domain to bind
preferentially with GIT1, whereas unphosphorylated Ser-273 results in the LD4 domain adopting a
conformation preferential to FAK binding'”®’. Since FAK must bind to both LD4 and LD2 for full
activation® and downstream signalling, and since Tyr-31 and Tyr-118 phosphorylation is also
known to enhance FAK binding to adjacent LD motifs’, this suggests that differential
phosphorylation/dephosphorylation may provide a useful switch for fine tuning local RAC1 and
FAK activity, thus modifying FA turnover, actin dynamics and related functions. In support of this a
large number of kinases (including FAK, Src, ROCK1, JNK, CDK5, PAK and ERK) and phosphatases
(such as PTP-PEST, PP2A and SHP-2/PTPN11) are known to affect cell adhesion, migration and
protrusion in a paxillin-mediated way, with such effects seen to be accompanied by modifications

in RAC1 and RhoA behaviour?’.

Certainly the regulation of Rho-family GTPase signaling and cell migration appears to be very well
conserved evolutionarily, with paxillin-like proteins seen to modulate Rho-family behaviour and
affect cell adhesion and migration in a wide range of organisms, including yeast, slime moulds,
drosophila, amphibians and zebrafish'’. However, another critical role for paxillin in FA regulation
is suggested by its affinity for tubulin, and its association with various parts of the microtubule
cytoskeleton in adherent cells 7°, especially given that microtubule localisation and stabilisation at

the leading edge (almost certainly close to FAs) are known to be early events in cell migration®.
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1.1.8 Vinculin

Structurally, vinculin can be divided into three distinct regions, an acidic N-terminal region,
globular in shape, a basic C-terminal region and, in the middle, a proline-rich hinge region (Figure
1.8). The opposite charges of the two terminal regions means that vinculin exists in an
equilibrium between two conformations (Figure 1.8), an inactive state in which the head and tail
domains are bound together and an active state in which one or both of the terminal domains is
bound to other partners. Given that these alternative binding partners are either FA component
proteins or other membrane-associated macromolecules, active vinculin also tends to be

membrane-associated, whereas, in its inactive state it is primarily to be found in the cytosol %.

a-actinin; Ponsin Paxillin;
Talin; Vinexin Actin 2:::1enl;
a—catenin VAd
Mena Arp2/3
i

Inactive

Figure 1.8. Structure and conformations of vinculin [Source:*].

In terms of specific binding partners, the N-terminal region contains binding sites for talin and a-
actinin, while the C-terminal region contains binding sites for F-actin (actin in filamentous form),

paxillin and acidic phospholipids®>??(Figure 1.8). Talin is known to be a primary activator of
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vinculin, often in conjunction with phospholipids (particularly PIP2, which, as described above, is a
primary activator of talin itself?’). In fact, talin contains 11 putative vinculin binding sites (VBSs),
but, as explained above, these are believed to be only fully exposed as a result of mechanical

stretching, the inference being that talin acts as a form of force-induced switch 3°.

Vinculin, in its turn, is believed to act like a “molecular clutch”. The idea behind this is that
filopodia (finger like projections, projecting ahead of the cell front) and lamellipodia (wider cell
membrane protrusions, usually associated with filopodia) depend upon the cell membrane being
pushed forward by elongating actin filaments®’. However, these actin fibres are not bound to
anything at their opposite ends. This means that, without further intervention, their elongation
will serve only to extend their length rearwards, without generating any forward force on the cell
membrane. By binding to such elongating actin fibres, it is thought that FA-associated vinculin
generates the necessary traction for the actin fibres to push against, thereby driving the cell

membrane forward®.

This raises the question of how force-activation of talin fits in with vinculin’s putative molecular
clutch role. Since talin has its integrin-binding site in its N-terminal FERM domain, whereas it has
numerous actin and VBSs in its C-terminal rod domain (Figure 1.4), it requires to be bound to an
ECM-ligated integrin at one end, and rearward-moving vinculin or actin fibres at the other end to
be stretched sufficiently to reveal all of its VBSs. Therefore, as more elongating actin fibres are
recruited to FAs (either directly to actin-binding sites on talin, or by vinculin acting as a bridge
between talin and actin), more force is exerted on talin, stretching it to reveal more VBSs. In this
way, force-mediated talin stretching can be seen to provide a positive feedback mechanism for

recruiting actin to FAs.

Activation of vinculin, as well as making the above-mentioned binding sites available for binding
to their respective partners, also reveals binding domains in the proline-rich hinge region joining

these two head and tail regions. These bind components of actin-associated proteins of
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theArp2/3 complex, as well as Ena/VASP proteins (Figure 8, °2). These are known to be involved in
promoting and regulating actin polymerisation %, adding a further positive feedback mechanism

for actin elongation and recruitment to FAs %°.

1.1.9Rho-family GTPases

As indicated above the Rho-family of GTPases play an important role in the dynamics of the actin
cytoskeleton adhesions and of actin-associated dynamics®°7-%, with RhoA, RAC1 and Cdc42 being
particularly important in this respect. Like all GTPases, those of the Rho-family depend on being in
a GTP-bound conformation in order to interact with and activate downstream target proteins, but
this requires prior stimulation by proteins known as guanine nucleotide exchange factors (GEFs)
to first remove GDP, otherwise they will remain in an inactive GDP-bound conformation. Similarly,
active, GTP-bound GTPases can be inactivated by proteins (known as GTPase activating proteins,
or GAPs), which promote GTP hydrolysis, leaving the GTPase bound to GDP and therefore in its
inactive conformation %’. Thus, in common with most GTPases, those of the Rho-family are
activated (or “switched on”) by GEFs and inactivated (“switched off”) by GAPs, with examples

including pSORhoGAP and p190RhoGAP®’, which inactivate RhoA.

Regarding the principal Rho-family GTPases,RAC1 promotes lamellipodia and other forms of
broad sheet-like projection of the cell leading edge, accompanied by membrane ruffling'®8, Like
RAC1, Cdc42 stimulates the formation of nascent adhesion complexes and drives cell polarity®’.
However, unlike RAC1, Cdc42 promotes the formation of filopodia, needle-like leading edge

projections, that often accompany lamellipodial®,

In contrast to both the above, RhoA stimulates stress-fibre (contractile actin-myosin filament)
formation®® and promotes both the maturation of leading edge FAs and the disassembly of trailing

edge adhesions. Thus RhoA has an important role in coordinating directed cell migration,
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something most apparent from its inhibition, or that of its most immediate downstream effectors.
Such inhibition of RhoA leads to increased RAC1 activity (since RhoA normally inhibits RAC1, and

101)

vice-versal®),resulting in increased lamellipodia formation!®?1%, However, these lamellipodia all

tend to pull in competing directions'®. This, together with the absence of RhoA-mediated trailing-

104105

edge release , means that inhibition of RhoA (or of ROCK1, a serine/threonine kinase, which

acts as a major effector protein of RhoA®®) prevents directed cell migration®,

In support of this, studies have shown that extensive RhoA or ROCK1 inhibition leads to the
formation of many lamellipodia around the periphery of the host cell, accompanied by a lack of
directional migration®1%, These inappropriate lamellipodial protrusions strongly correlate with
increased integrin adhesion, together with raised levels of integrin-dependent tyrosine
phosphorylation'®, RhoA/ROCK1 inhibition is known to be associated with disruption of the
cortical actin cytoskeleton (the peripheral part of the cytoskeleton immediately beneath the cell
membrane), leading to increased clustering (and therefore total avidity) of integrin
molecules®®106107 |ntegrin adhesion events are known to be associated with increased tyrosine
phosphorylation of paxillin and Pyk-2 (a protein tyrosine kinase of the same superfamily as
FAK)®103.1%ith this tyrosine phosphorylated paxillin and Pyk-2 both being known to promote
lamellipodia formation® 103108 Thus one interpretation of the above is that RhoA/ROCK1 are
required to prevent excessive integrin clustering events, which would otherwise lead to excessive
tyrosine phosphorylated paxillin and Pyk-2, leading in turn to over-extensive, competing

lamellipodial protrusions!107,

ROCK1 is known to promote actin fibre formation by activating LIMK1, a protein serine/threonine
kinase, which inactivates (via phosphorylation of Ser-3) the F-actin depolymerizing factor
cofilin®>10 (Figure 1.9). It also promotes actomyosin contractility by phosphorylating myosin II
regulatory light chain (MLC) and myosin light chain phosphatase 3. Thus it can prevent excessive

integrin adhesion events either by stabilising the cortical actin cytoskeleton (and thus limiting
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lateral integrin movement) or by promoting the maturation of stress fibres and their associated

FAs, and so preventing integrin release and recycling?>1%3,

As ROCK1 ‘s upstream activator, RhoA is known to have similar effects, enhanced by its direct
activating influence on mDIA (a major downstream effector of RhoA, also known as mammalian
diaphanous and by other names), which facilitates profilin-mediated nucleation and
polymerisation of actin®!!!, (Figure 1.9). Thus both RhoA andROCK1 can be seen as dampeners,
preventing an excessive, RAC1-driven, lamellipodial response to the presence of ECM and other

external ligands, but, in the right quantities, permitting purposeful, directed migration®,
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Figure 1.9. RhoA-mediated control of stress fibre formation and stabilisation. Key: Rho = RhoA,;
ROCK1 = Rho kinase; mDia = mammalian diaphanous; LIMK1 = LIM kinase 1; MLC-P =
phosphorylated myosin Il regulatory light chain; MLC phosphatase = myosin light chain
phosphatase. Adapted from 12,

As explained earlier, tyrosine phosphorylation of paxillin (at the Tyr-31 and Tyr-118 residues,
typically following integrin ligation) leads to enhanced RAC1 and Cdc42 activity'”#28384 These two

Rho-family GTPases then promote (respectively) lamellipodia and filopodia formation by acting on
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the ARP2/3 complex which plays a major role in regulating the actin cytoskeleton®’. However,
whereas RAC1 acts upon the ARP2/3 complex through the WAVE protein complex®’, Cdc42 acts
through WASP (and its neuronal counterpart N-WASP)*’, which may account for the obvious
differences between lamellipodia and filopodia (Figure 1.10). However, RAC1 and Cdc42 also act
on other proteins. For instance RAC1 also acts onPOR1'%113 which is known to be involved in
membrane ruffling!'4, and both RAC1 and Cdc42 act on IQGAP1, which promotes cell polarisation
in migrating cells by recruiting microtubules to their leading edge, linking it to the actin

cytoskeleton!®®. These may better account for the differences between RAC1 and Cdc42.

Furthermore, both RAC1 and Cdc42 activate Diaphanous-related formins (other than mDia), as
well as PAK proteins (PAKs)97:116:117.118.119 Thjs js of interest since both formins and PAKs promote F-

actin polymerisation, the former directly as actin nucleators!?®, whereas PAKs

(certainly PAK 1-3) act via LIMKs (LIMK1 and LIMK2), in a similar manner to ROCK1%’ (Figure 1.10).
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Figure 1.10. Major downstream pathways of RAC1 and Cdc42.Adapted from?’.

In summary, it is clear that these three Rho GTPases have an important role in directly regulating

FA maturation and disassembly, as well as indirectly by promoting lamellipodia and filopodia
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(both of which are known to be associated with the formation of nascent adhesions). An obvious
example of direct regulation is RhoA-mediated promotion of stress-fibre formation and general
maturation of leading edge FAs, together with disassembly of trailing edge adhesions. However,
there are clearly many more proteins involved in mature FA assembly, including, most obviously,

those of which mature FAs and stress fibres are composed.

1.1.10 Other principal proteins in mature FAs

As shown in Figure 1.1, the principal component proteins in mature FAs, other than integrins, FAK,
paxillin, talin and vinculin are zyxin, VASP (vasodilator-stimulated phosphoprotein), a-actinin and
actin. (Stress fibres are mainly composed of actin and myosin, but are attached at one end to

mature FAs, binding them to the ECM.)

The role of zyxin has yet to be fully elucidated but the evidence points to it being associated with
areas of stress fibre damage, being necessary both for repair (helping to recruit a-actinin and
VASP to compromised areas), as well as for the generation of traction force 2, As such it is often

considered a marker of mature FAs.

As suggested by the above, the evidence suggests that whatever function VASP serves in FA
assembly involves actin, both in promoting actin nucleation, filamentous actin formation and in
binding to actin filaments'?2.However, there is also some evidence that it is associated with

nascent adhesions, in an unknown capacity %,

As indicated by its name and by its role in repairing stress fibres, a-actinin is primarily associated
with actin fibres, cross-binding individual fibres'?* (as shown in Figure 1.1). Therefore it would
appear to be mainly associated with mature FAs, although there is some evidence that it may also
play a role in FA maturation, by linking integrins to actin fibres 2. Finally, the importance of the

protein actin, both in the formation of actin filaments and stress fibres, and thus in mature FAs, is
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obvious. As most of the details of actin filament formation are unrelated to FA formation, a long,

detailed, account of the former would be inappropriate here, and it is summarised in Figure 1.11

below.
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Figure 1.11. Actin filament dynamics, showing actin-associated proteins and Rho GTPases. Cofilin
(also known as ADF) severs ADP-bound actin monomers from actin filaments, promoting F-actin
depolymerisation, whereas profilin helps catalyse the exchange of actin-bound ADP for ATP and
recruits these actin-ATP monomers to the growing (barbed) filament ends. Arp2/3 protein
complexes (activated by WASP, WAVE and similar proteins) nucleate new branched filaments (at
about 70° angles) from existing ones, whereas capping proteins prevent elongation of existing
filaments. Role of Rho GTPases explained earlier. Key: cyan circles = actin-ATP monomers; dark
blue circles = actin-ADP monomers; red circles = Arp2/3 complex; white triangles = ADF/cofilin;
black circles = profilin; orange circles = capping proteins; green/black rectangles = inactive/active
WASP/WAVE proteins. Adapted from!?. Rho family GTPases shown here being externally
stimulated, but as explained above, may also be activated by FA proteins (especially Paxillin in
outside-in signalling).
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1.2 System modelling

1.2.1 Reasons why system modelling may be needed

The above account reflects how much has been learnt over the last few decades about the
detailed protein composition of FAs and about the various processes by which they are regulated.
However, there is still a great deal to be determined and discovered. Advances in microscopy and
other forms of imaging, and new experimental techniques, will no doubt further our
understanding of FA structure and behaviour. Nevertheless, it is likely that large areas of
uncertainty will remain. This is because imaging is always likely to be hindered by difficulties in
seeing events in real-time beyond, but in the immediate vicinity of, the cell membrane, whilst
simultaneously correctly identifying all the significant actors, in ways that do not seriously affect

their normal physiological behaviour.

Similarly, new laboratory experimental approaches are unlikely to overcome traditional concerns,
not least doubts about the binding-specificities of inhibitors, antibodies or other markers, and
perennial questions, such as whether the observed effects of inhibiting or silencing the expression
of some protein (or of knocking in or out some gene of interest)can be explained solely in terms of
the specific behaviours ascribed to it, rather than being simply experimental artefacts, or having

other more general explanations.

In any case, such is the level of complexity already uncovered that other approaches are
necessary if we are to arrive at a coherent explanation of how FAs are composed, of how they
assemble, mature and disassemble, and of how such assembly, maturation and disassembly are

regulated.
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One such alternative approach is modelling, the use of mathematical, logical and computational
descriptions in order to explain complex systems, to study the interactions of their components
and their effects, and to enable predictions about system behaviour. Without such approaches
there is a danger that the study of FAs does not advance beyond a set of competing and
contradictory narratives, limited in scope and lacking internal logical consistency. By contrast,
modelling provides a mechanism by which various explanations and hypotheses can be tested and
compared, allowing refinement of the most successful explanations, so that they increasingly

match what is observed under the microscope and within experiments.

1.2.2 System models and what they can do

A system model can be viewed as “a representation of the essential aspects of an existing system
... which presents knowledge of that system in usable form“ '?’. Or, according to a more detailed
definition, it can be viewed as “a simplifying abstraction [that] generates predictions of system
behavior under different conditions (as reflected by observations) and illuminates the roles of
various system components in these behaviors”? From such definitions it is clear that a
worthwhile model is founded upon an adequate understanding of the system being studied,
including detailed knowledge of the major system components and how they relate to each other.
Without this foundation it is impossible to know what system details can be safely excluded from
the model without changing its behaviour so much that it no longer sufficiently reflects the

behaviour of the original system to be useful.

That achieved, a good model offers a number of benefits, most obviously that it allows the
modeller to test current system explanations and to uncover gaps in understanding. Where
problems are uncovered, it may be possible, through alterations to the model (such as changes in
parameter values or alterations in model component behaviour), to arrive at suitable alternative

solutions which can then be incorporated into a new understanding of the system.
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Through repeated running with altered settings, a good model can highlight poorly-appreciated
relationships between system components, suggest components, lead to new predictions about
the overall system. None of these benefits might arise from using another approach. In a similar
way, repeated runs of such a model allows detailed analysis of system behaviour, including
exploration of equilibrium states, as well as tests of system stability and of its sensitivity to

changes in the values of variables and parameters.

Arguably, though, the chief benefit of a good system model is that it encourages the replacement
of essentially qualitative system descriptions with more rigorous quantitative alternatives, based
on the quantitative properties of the model itself. These are usually more straightforward to test
experimentally, to prove or disprove, as the case may be. However, of course, this requires a good
model in the first place and to achieve this involves a number of considerations on the part of the

modeller.

1.2.3 Modelling considerations and approaches

One of the first decisions any system modeller must make concerns what aspect of the system to
model. In reaching this decision the modeller will be guided by how much is known about that
system aspect, and how complex its behaviour is known to be. Clearly it is much easier to model a
relatively simple system, about which much is already known, than to model a complex system
about which little is known. However, the benefits of modelling the former system are likely to be
small, given that much is already known about it, whereas the great challenges of adequately
modelling a complex system may be justified if there is the possibility of great advances in
knowledge about the system. This can be especially beneficial if there is no easier way of

obtaining the same information, such as through laboratory experiments.
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Before deciding what biological system aspect to model, it is useful to first conduct a detailed
cost-benefit analysis. This must be guided by considerations as to what it is one wishes to learn
about the particular system aspect, as well as what form that knowledge must take. For instance,
having decided that useful knowledge about a complex biological system can only be obtained by
modelling its behaviour over a long, continuous timescale, it may, at a late stage, be decided to
abandon the attempt because it would require excessive computational resources. Similar

considerations are required in determining the best modelling approach to take.

For any system there are a number of different modelling approaches that can be adopted. This
choice will be determined mainly by the properties of the system itself. That is to say, its scale
and complexity, whether it receives inputs from outside the system or is entirely self-contained,
how much is known about the system and what it is that one still seeks to learn about it. For
instance, a deterministic model may be most appropriate where a great deal of information is
known about the system and chance plays little or no role, whereas a stochastic, probabilistic,
model may be a better approach for modelling systems with a lot of unknown and uncertain
variables. Similarly, different modelling approaches may be appropriate if one merely seeks to
determine how two variables co-relate to each other, as opposed to determining any deeper

causal relationships between them.

Other factors to consider, prior to model implementation, include the length of the time-course
the model must cover, whether this time period can be modelled in discrete steps or
continuously, and also what variables, independent and dependent, need to be incorporated and
measured within the model. Related to this latter point, one must also consider if one needs to
include any additional parameters (values that may vary between different runs of the model but

which remain constant during any particular run) that may affect the overall results.
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The answers to all these questions will help determine how best to implement the proposed
model. Essentially all system models are mathematical in nature, at least in the widest sense of
that term. What mathematical form they take will principally depend on what results need to be
produced, what data is known about the individual components of the model, and what

computational resources are available.

1.2.4 Types of system modelling approaches

1.2.4.1 Differential equation modelling

In their most complex form system models may be heavily mathematical, taking the form of a set
of differential or algebraic equations (e.g. ordinary or partial differential equations, commonly
referred to as ODEs and PDEs, respectively), although they may also be constructed primarily as
vectors and matrices, drawing heavily on aspects of linear algebra. Usually such models are solidly
deterministic in nature, although stochastic elements may be added, and, by their nature, they

are particularly suitable for yielding results over a continuous timescale.

The choice between using ODEs or PDEs will typically depend on whether one wants a
compartmental or spatial model. By this is meant whether one wants the model species (for
example, individual proteins and other macromolecules in a model of a particular cellular
behaviour) to be characterised only by their concentration (or density) within a particular volume
(or area or length, depending on the dimensionality of the model), or also by their spatial position

within that compartment.

For instance, if one is only interested in changes in cytosolic concentration of certain proteins
over time, then a compartmental model will normally suffice, requiring just one compartment
(representing the cytosol). Assuming that this is a three-dimensional representation, all that is

then required is that a volume is specified for this cytosolic compartment, typically one that is
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consistent with cytosolic volumes observed in real cells. Since one is only interested in one model
variable for each species, that is to say changes in concentration over time, ODEs will suffice for
such compartmental models. The implicit assumption here is that, within each compartment,
model species are uniformly distributed and it is only the overall compartmental concentration

that one is interested in.

If, however, one is also interested in how species concentrations vary spatially within their
compartment, then PDEs will be necessary as there is now more than one variable of interest
(changes in concentration over time, plus changes in concentration over each available spatial
dimension, depending on how many such dimensions the model has). Obviously, such models will
require that each compartment is defined spatially (i.e. allocated some sort of shape and size),
not just specified as a simple concentration. Collectively this set of PDEs and spatial definitions is

referred to as a spatial model.

Numerous examples of such models are to be found in systems biology and in biology generally,
including in the study of enzyme kinetics, metabolic control analysis, molecular modelling, and in
population dynamics'?®. For example, generalised mass action (GMA) models, commonly used in
studies of biochemical pathways, are typically composed of coupled sets of ODEs, incorporating
rate constants, kinetic orders and similar properties of individual reactions, which can then be run
simultaneously to reveal overall pathway dynamics 3. Other commonly used examples are the
SIR compartmental model, used to model infectious disease (with “S” representing susceptible,
“I” representing infected and “R” representing removed, i.e. dead or immune, individuals within a
given community), and Lotka-Volterra population models, primarily used to model predator-prey

or parasite-host dynamics. Again these are normally composed of coupled ODEs 131132,
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GMA and Lotka-Volterra models are just two examples of canonical models, the result of an
essentially bottom-up approach that arrives at a set of equations, each such equation carefully
mirroring component behaviours of the system. However, this is not always necessary and the
modeller may simply choose a mathematical form that mirrors overall system dynamics, without
any obvious reason why this should be the case. As an example of such a so-called ad hoc model,
one might choose to use a version of the Michaelis-Menten function to model some biological
phenomenon completely unrelated to enzyme kinetics, or the logistic function, simply because, in

this instance, it produces the right results.

The advantages of deterministic mathematical models of this kind include the ability to achieve a
high level of granularity, which makes them highly suitable for studies over continuous timescales.
Thanks to their popularity there is a wide range of software tools to aid the user, including general
environments, such as Matlab*® and Mathematica®®*, as well as more specific tools such as
COPASI**® and Virtual Cell 3¢ (both used in GMA and other biological process modelling) and

numerous examples of molecular modelling applications, e.g. DOCK**’and CHARMM 13,

However, there are also disadvantages to this modelling approach, most obviously that their fine
granularity often results in such models being much more demanding of computational resources
than other modelling approaches. Also (and partly for the same reasons), this form of modelling

generally requires much higher levels of information about the underlying system. In the absence
of all such information there is a high risk of “overfitting”, in which application of the model ends

up describing random error or noise, rather than genuine behaviour of the underlying system.
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1.2.4.2 Stochastic modelling approaches

For these reasons it is often more appropriate to use other modelling approaches, including the
use of stochastic models. These, by their nature, tend to handle noise in the data more robustly
than more strictly deterministic mathematical approaches. Alternatively, one might choose to
employ less mathematically sophisticated techniques that are less computationally demanding or

because they operate over discrete, as opposed to continuous, timescales.

Stochastic modelling approaches may have other advantages, of which the most useful, perhaps,
is the possibility of inferring previously unknown information about the system, such as hidden
states. Indeed, this inferential capacity is often the primary purpose for using them, since, in
practice, it is usually possible to modify deterministic models, such as coupled ODEs or Boolean
networks, to incorporate stochastic elements, rather than requiring the use of strictly stochastic

modelling techniques.

Typically, stochastic modelling approaches involve the use of Markov chains, Hidden Markov
models (HMMs) or Bayesian Networks, which, in turn, are normally implemented as graphs,
vectors and matrices, containing probability values relating to various state transitions. Examples
include the TMHMM bioinformatics tool**°, which uses a HMM approach to predict
transmembrane regions in proteins, and the widespread use of probabilistic graphical models,
such as Markov Networks, Bayesian Networks and Chain Graphs, to infer signaling pathways and
other cellular molecular networks, from high-throughput protein expression data or other

datasets 128140,

For example, one particularly successful use of this approach involved the Bayesian network
analysis of flow cytometry data to infer part of the intracellular signaling network in human
primary naive CD4p T cells (Figure 1.12) , following system perturbations with various protein-
specific inhibitors and activators 1°. This analysis was able to uncover 17 connections between

signalling proteins, including two that had not been widely reported at the time. A further
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connection was indicated, which subsequently turned out to be in the wrong direction. However

three known connections were missed, including two involved in feedback signaling. This

indicates one of the weaknesses of such Bayesian and other stochastic network inference, that it

does not work well in networks containing numerous cyclic references (where individual nodes

have connections, or “edges”, to themselves) or where there are numerous connections in the

reverse direction.

A Model inference result

O Phospho-Proteins

O Phospho-Lipids

O Perturbed in data

Expected 1517

Reported 1717

Reversed 1
Missed 3

Sachs et al. - 2005

Figure 1.12. Signaling pathways in human primary naive CD4p T cells, inferred by Bayesian

network analysis. Source: 14,

Another weakness of stochastic models generally is that they tend to cope poorly with

dynamically changing networks, altered probabilities and similar changes. This is most obviously

the case in Markov models, which, by definition, do not allow model behaviour in the future to be

altered by past or present behaviour, this “memoryless” property being a requirement for

inference to be possible. A further problem is that they can only realistically incorporate discrete

timescales.
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1.2.4.3 Boolean modelling

Another form of modelling approach with some similarities to stochastic network modelling is
Boolean modelling, which can involve the use of simple truth tables or more sophisticated
implementations, such as Boolean networks *1, These are commonly used to model signaling

pathways %2, gene regulatory networks 143

and similar problems. Typically Boolean networks are
implemented as a set of Boolean variables (i.e. variables that can adopt only two values, True or

False, or, equivalently, 1 or 0) and a set of functions (variously known as transition or regulation

functions) that describe allowed state transitions of these variables (Figure 1.13).

a@ a Regulation functions
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Nature Reviews | Molecular Cell Biology

Figure 1.13. Example of a Boolean network. Each of the nodes a, b and c in the network can be in
state O or 1. State transitions obey the regulation functions shown on the right, which describe
the rules of the model. For example, if node ais in state 1 and node c is in state 0, at the next time
step the state of node b will be 0. Thin arrows indicate the regulation of each node (i.e. which
other current node values affect that node’s state after the next time step), while thick arrows
represent the time steps. The global state of the model is the combination of the three node
states. Source: 1.

Whilst simple in concept, such models are readily scalable, allowing highly complex networks to
be modelled, such as the mammalian cell cycle regulatory network ** and various signaling
pathways, such as the one seen in HGF-induced migrating keratinocytes #%(Figure 1.14).
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Figure 1.14. Boolean network model of the HGF-induced keratinocyte migration. Source: 142,

Along with being readily scalable, Boolean networks are comparatively easy to set up, certainly
compared with deterministic mathematical models and probabilistic networks. The simplicity
means that they are also relatively easy to analyse. However, like Markov models, they don’t
allow dynamic changes in behaviour and they are particularly weak in terms of incorporating time.
Continuous timescales are impossible and the synchronisation of model component behaviour

can be challenging 4.
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1.2.4.4 Process diagrams

Simpler even than Boolean models are state-transition or process diagrams in which the system
under study is described as a finite set of possible states, with a defined set of allowed transitions
between states. Widely used in the computer industry, in system analysis and design, process

diagrams are beginning to be used more widely in cell biology, for instance in modelling signalling

pathways (Figure 1.15):
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Figure 1.15. Example incorporation of a signalling pathway into a process diagram, using
CellDesigner. Source: *. (a) Conventional kinetic representation of MAPK signalling cascade. (b)
CellDesigner process diagram of same cascade.

Despite their simplicity, process diagrams have the advantage over conventional biological
diagrams of being much more rigorous, thereby forcing the modeller to think deeply about the
system behaviour being modelled. On the other hand, because of their simplicity, they tend to be
computationally very undemanding, compared to other modelling approaches, as well as being

relatively easier to implement and scale up.

Whilst the modeller may not feel that they are “doing proper modelling” whilst specifying process
diagrams, in practice the comparatively high level of rigour required to implement them can lead

to insights comparable to those that might be revealed by Boolean models. Certainly, they are
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often very beneficial when used as a first step, prior to employing more complex modelling
approaches. By pointing out logical errors and posing previously unconsidered questions, they
can lead to better system specifications in subsequent models and prevent much time wasted in
avoidable errors. If one considers that the primary point of modelling is to point out problems in
our current understanding of systems and pose new questions, it is hard to escape the conclusion

that process diagrams are, indeed, “proper modelling”.

However, there are a number of disadvantages to process diagrams, including a relative lack of
software tools, and, perhaps more seriously, the fact that they do not allow any worthwhile
dynamic or quantitative analysis. Essentially they are qualitative, not quantitative, in nature, and
essentially static in the sense that they cannot be “run” in the way that other models can.
Therefore they are limited in what they can offer, arguably little more than rigorous forms of

narrative graphical description.

1.2.4.5 Agent-based modelling, and rule-based modelling in general

A more quantitative approach is provided by agent-based modelling (ABM), in which the system is
modelled as a set of rule-based objects with properties. Typically such models are run within a
simple logical lattice (Figure 1.16), with only one object allowed to occupy any given lattice cell at
any one time, and with object behaviours such as movement between cells, self-copying, self-
destruction, etc, being determined by the rules and current properties associated with that object
and by the number and types of objects in adjacent cells. Although ABM is better known in other

fields, such as economics, it is becoming more popular in biology, with applications in population

147,148,149 h150,151,152

dynamics'®, and in the study of inflammation and tumour growt

Agent-based modelling is a particular form of rule-based modelling, in which the various
permitted behaviours of system actors are implemented as a set of rules. Typically such rules

result in changes in the properties of one or more system actors, and only involve actors having
Page 38



certain properties, as specified in the rule. So a rule might say that all white cars must be painted
red on Wednesdays, this rule only applying on Wednesdays and only to white cars, whatever

other differences there might be between these cars.

4

Figure 1.16. A typical agent-based model lattice, here modelling signalling between various cell
types within breast tumours. Here, oval-shaped objects represent carcinoma-associated
fibroblasts, round objects represent T-cells and rounded rectangles represent carcinoma-
associated epithelial cells. White lattice cells represent empty spaces outside the tumour, whilst
red lattice cell denote empty spaces within the tumour. Each lattice cell can only be occupied by
one object at any time. Signaling can only occur between objects that contain (Y-shaped)
receptors of the same colour.

The advantage of such rule-based approaches for modelling reaction-diffusion systems is that,
unlike conventional differential equation approaches, they avoid the need to specify separate

reactions for every model species, regardless of how similar some species may be to each other.

To give an example, if we have two species, A and B, each with two minor variants, it follows that,
assuming we are interested in analysing reactions between A and B, these must be modelled as
four separate species (call them A1, A2, B1 and B2). Assuming that reactions between either
variant, on the one hand, and either B variant, on the other, always result in the same product,
then, using conventional differential equation modelling, reactions between them will require

four different reaction equations:
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Al + B1 ->Product; A2 + B1 ->Product; A1 + B2 ->Product; A2 + B2 ->Product.

However, it would be much easier to specify the above as a single reaction of the form:

A* + B* -> Product,

where A* and B* represent either variant of A or B. This form of the reaction can be implemented
using rule-based modelling (including ABMs) but not using conventional differential equation

models.

So, for larger models (say, any model with more than 20 species), one has to be very careful to
ensure that, as one adds new species (for example, to denote a new structural variant of an
existing species), one remembers to add additional reactions, so that this new species also can
react with other model species, in the same way as all the other variants of that species. More
generally, as the model develops, it is common for the number of species to increase. As many of
these species may require several new reactions to be specified (especially where they are

variants of existing species) this can result in an exponential “combinatorial explosion”.

For the reasons explained above, this is far more likely to be a problem with conventional
differential equation models and far less likely in rule-based equivalents. Given the complexity of

FAs and other reaction-diffusion systems, this is clearly something that has to be considered.

Returning specifically to ABMs, these have the additional advantage of generally being relatively
easy to implement and scale up. Such models can also lend themselves particularly well to parallel
processing. Perhaps their most useful feature is that they are good at uncovering emergent
properties. Against that, the difficulty of dynamically regulating ABMs means that they can quickly
overwhelm computer resources, and their dynamic properties can be very difficult to analyse
mathematically. In particular, they suffer the limitation of only being able to operate over
discrete timescales, which are often difficult to relate, in any meaningful way, to real time. Given

that each agent behaves autonomously, then, even assuming that each component behaviour is
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defined as a time-based rate, it can be computationally unfeasible to coordinate these into a
reliable overall system time. Without such a timescale, time-based analysis of system behaviours

is difficult if not impossible.

Another disadvantage of ABMs is that, being essentially particle-based, they are not a natural fit
with large-scale reaction-diffusion systems, which would seem the most appropriate category for
describing FA dynamics. This is because such systems are largely defined in terms of their
underlying reactions, which are, in turn, always specified in terms of rates of change in
concentrations of reactants and products (i.e. species populations).Reliably translating such
concentration rates into appropriate rules for individual particles (modelled as autonomous

agents) is hugely challenging, not helped by the time-coordination problem described above.

Overall, given the complexity of FAs, it seems fair to say that ABMs have only limited applicability
to their dynamics, for example in modelling smaller-scale phenomena such as integrin clustering.
However, there are hybrid approaches that may be more appropriate. For instance, Virtual Cell
allows rule-based differential equation modelling, in which rules determine how species can react
with each other, but the rate of such reactions are determined at the population/concentration
level, using conventional kinetic rate laws, such as mass action and Michaelis-Menten kinetics.
Being concentration-based, these are not appropriate for detailed studies at the molecular level
(e.g. modelling integrin clustering), but may offer some of the benefits of rule-based modelling to
differential equation modelling, whilst avoiding the excessive computational overload, and other

disadvantages of agent-based modelling, just mentioned.
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1.2.5 Modelling approach adopted for this study of FA dynamics

However, for the purposes of this investigation into FA dynamics, it has been decided to use a
straightforward differential equation approach. A primary reason for so doing is the severe
limitations of the other approaches for investigating FA dynamics, as described earlier. Another
important reason is the availability of software tools (as mentioned above) that are well proven,
and that include a number of analytical methods (described later) to help the modeller
demonstrate model outputs. In particular these help determine the underlying reasons for

particular behaviours and outputs.

It might have been advantageous to adopt a hybrid rule-based differential equation approach, as
just described, given the numerous conformational variants, post-translational modifications and
other forms of permutation. However, in the writer’s experience, this approach can lead to
additional challenges in analysing the results (as described also for ABMs earlier), as well as
difficulties in conveying model outputs clearly to the reader. For this reason, it was felt that, on
balance, the advantages outweighed the disadvantages. However, other modellers might reach a

different conclusion in a similar situation.

Having decided this, it remains to describe differential equation modelling in some more detail, so

that the reader is clear how such equations are applied to reaction-diffusion systems.

1.2.6 Differential equation modelling

By “differential equations” in this context is meant equations that relate changes in the value of
some model species (typically called “the product”) to changes in the value of one or more other
species (typically called “the reactants”). In reaction-diffusion systems these equations model

reactions between species as chemical reactions, with the form of the equation determined by
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the kinetic rate laws deemed most appropriate for that reaction. In the next section ODE
approaches for modelling reactions are described and illustrated, followed by a discussion of

PDE/spatial methods in the following section.

1.2.6.1 Ordinary differential equations: their use in modelling reaction diffusion systems

The most common kinetic rate laws encountered in cell biology are mass action and Michaelis-
Menten, with the former commonly used to model various binding reactions between proteins
and other macromolecules. Michaelis-Menten kinetics, by contrast, are most commonly used to
model enzymatic reactions, in which one or more molecules (“the substrate(s)”) are transformed
by an enzyme into one or more products that are different to the substrate, while the enzyme

itself remains unchanged.

Differential equations for irreversible mass action reactions take the generalised form:

where [P] designates the concentration of the product, [RI] the concentration(s) of the
reactant(s), and k is some characteristic constant of proportionality called the “rate constant”,
which, together with the reactant concentration(s) determines the rate at which the reaction
proceeds. (That is to say, together they determine the rate at which the reactants are

transformed into product.)

In such cases, where only the concentration of one reactant is rate-determining, the reaction is

described as a “first order reaction”. (Most commonly first-order reactions have one reactant, but
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there are rare exceptions to this rule.) By extension, for second order reactions, the reaction rate

is determined by the concentrations of two reactants, for the reversible form, represented as:

A& B+C

which breaks down into 3 component reactions, one for each species:

(4]
= = ky. [BLC] — k. [A]
(8] _

d = k. [A] = ks [B].[C]
[c] _

d—= kr.[A] — kp.[BL.[C]

where kf represents the rate constant for the (second-order) forward reaction (i.e. for the
association of A from B and C) whereas ky represents the rate constant for the (first-order)
reverse reaction (i.e. for the dissociation of A into B and C). (In many modelling tools, ks has the

alternative notation k1, with k represented as either ks or k-1.)

By contrast, Michaelis-Menten reactions are almost always irreversible and take the form:

[P] _ 5]
d% = kcat. [E]m

where [S] denotes the concentration of the substrate, and kcat denotes the turnover number
(similar to the rate constant k in mass action reaction, but denoting the number of substrate
molecules each enzyme site converts to product per unit time). Ky, also known as the Michaelis
constant, shows the concentration of substrate at which the enzymatic reaction proceeds at half
its maximal rate. The lower the Kvvalue, the faster the enzymatic reaction will tend to proceed.
However, obviously, the kcat value is important in this respect also, with the ratio kcat/Kwu

commonly used as a measure of overall enzymatic efficiency.

This mathematical representation is in contrast to the form of the Michaelis Menten reaction

normally seen:
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where Vmax represents the maximum rate of the enzymatic reaction. However, contrary to
common belief, Vmax (at least in this context) is not an absolute value, being dependent entirely
on the concentration of enzyme used in the experiment in which it was measured. In other words,
it is neither a constant (at least in the sense that it is thought to be), nor can it be said to be
uniquely characteristic to that enzyme. (This confusion may arise through a mistaken belief that
the Michaelis-Menten equation describes the activity of a single enzyme molecule or active site,
rather than the aggregate activity of all available molecules - or active sites - of that particular
enzyme. In other words, in common with the other reaction rate laws, it is a concentration-,

rather than molecule-based, rate.)

This can be a trap for the unwary, as many modelling tools will ask the user to provide a Vmax
value and these are readily available in the literature for many enzymes. But supplying such a
value will lead to anomalous results, since, as a moment’s glance at this second variant of the
Michaelis-Menten equation will confirm, it contains no explicit term for the enzyme
concentration. In other words, supplying a numeric Vmax value in this situation will mean that
overall enzyme activity (i.e. the aggregate rate of product formation) will not vary with the

quantity of enzyme available.

Instead, the modeller must substitute an expression of the form “kcat * [E]” (putting the
appropriate kcat value and model species name for the enzyme concentration) in place of the
Vmax term, just as if supplying values for the first version of the equation. In this way enzyme
activity will vary with enzyme concentration in ones model, in much the same way that it varies

with substrate concentration.
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Specifying all the reactions between model species as a set of differential equations is clearly a
critical activity in modelling any reaction-diffusion system but it is not sufficient alone. Obviously
one must also specify what the model species (typically the proteins and other molecules involved
in all the reactions) are, as well as their initial quantities. Another important consideration is what
physical and logical compartments the model must contain to adequately reflect the underlying
physiology. Sometimes a single compartment will suffice but, for instance, where one is trying to
model a signal transduction process, whereby an extracellular stimulus invokes some intracellular
activity after interacting with a receptor protein in the cell membrane, three compartments
(extracellular, membrane and cytosolic) may be judged to be necessary. In almost all cases this
will require also specifying a volume (or in some instances an area or other dimension) for each
compartment and, in some cases, one will also need to specify diffusion coefficients determining

the diffusion rate of each species within its compartment.

In practice, the process of specifying model reactions, model species, those species’ quantities
(and, if necessary, diffusion coefficients) and the model compartments and sizes, tends to be
iterative in nature. Reasons for this include the fact that identical molecules appearing in different
compartments have to be modelled as separate species, and the consequent necessity of

modelling any process involving these separate species as distinct reactions.

Another reason why model specification may be iterative is because it is only after determining
what the size of a particular compartment is that the initial quantity of certain species can be
determined. Finally, whereas diffusion of a species within a compartment can often be handled by
the modelling software (provided a diffusion coefficient or similar is provided), diffusion between

compartments typically requires a separate transport reaction to be specified.

As each new parameter value is specified, the modelling software will add this new information
into a complete mathematical description of the system. This will typically include a complete

equation for each model species. Given that many species may be involved in a number of
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different reactions (often as a reactant in one and a product in another) such combined equations
can be quite long for some species. Thus, for the species A, involved in the following two

irreversible mass action reactions:

B+C->A
A+D->E
with forward rate constants k1 for the first reaction and k2 for the second, the complete equation

for A will be:

Here the equation is specifying that the rate of creation is determined by the concentrations of
species B and C times the k1 rate constant, with the rate of destruction of A determined by the
concentration of itself and D, times the k2 rate constant. In most instances a complete set of
these equations (one for each of the model species involved in reactions) will form the largest

element of the resulting mathematical model.

Having fully specified the model, it is then a matter of running it in order to study its behaviour.
This essentially involves simultaneously calculating all the changes occurring in the modelled
system (as determined by all the reaction equations) as time progresses, a process known as
integration. Whilst single differential equations can be integrated analytically (using methods such
as u-substitution and similar) to provide solutions applicable over continuous timescales, this is
not practicable for sets of differential equations, as is the case here. Instead, approximations,
applicable over discrete timescales, have been devised that are readily amenable to being
handled by computers. Collectively these are known as numerical methods, with the computer

programs that apply them being known as solvers.
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Over the years, a variety of such numerical methods have been devised, each with strengths and
weaknesses, in terms of relative efficiency, accuracy and stability. For instance, so-called fixed-
step solvers involve numerical methods that calculate the overall system state at fixed time
intervals. Such methods are relatively straightforward to implement but often suffer from the fact
that the time interval chosen may be too long when parts of the system are changing rapidly and
too short when nothing much is changing at all. The result is that too much information may be

lost in the first case and too much unnecessary information produced in the second.

Alternative numeric methods have been devised that use variable time steps, whose length is
determined by the underlying variability of the data. These tend to be faster or more accurate (or
both) than fixed-step solvers, depending on overall system variability. As a rule they require the
user to specify a maximum time interval (or “step size”) and two different tolerance values for
estimated (local) error, one relative and one absolute. The relative tolerance specifies the
maximum estimated error value tolerated for any calculation of a system state variable, as a
proportion of its calculated value. The absolute tolerance specifies the maximum estimated error
tolerated in absolute terms, and is mainly intended for situations where the variable in question
has been calculated as having a value of zero, in which case the relative tolerance is not

calculable, or close to zero, in which case it may not be appropriate.

Put simply, having calculated the system state at some time point, the solver will then calculate
the state at a time point in the future, according to the maximum time interval allowed. If, during
the subsequent calculations, the value for any system variable is estimated to have an error in
excess of both of the two specified tolerances, any further calculations will be abandoned and an
earlier time point in the future will be chosen at which to restart the calculations. The underlying
logic is that shorter time intervals after the last system state calculation will tend to be associated
with less change in state variables, meaning that values can be calculated more confidently (i.e.

with less likelihood of error).
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Only once the calculation has determined that none of the associated local errors exceed both of
the tolerance can the solver proceed with calculating the next time point in the future, using the
maximum permitted time step from the current time point, as described earlier. Otherwise it
must keep shortening the step size until either all such local errors are estimated to be below the

required limits, or else the next calculated time step falls below some specified system minimum.

Alternatively, it may exceed some system-designated time limit without reaching a solution. In
either of the latter cases the solver will typically report an error and abandon any further
calculations, a scenario often referred to as a convergence failure. Essentially this means that the

general error (the accumulated local errors), is either rising with time or failing to decrease.

Some systems (known as “stiff systems”) can be particularly problematic in this last respect.
Whilst there is some disagreement as to what this term means, exactly, it is frequently
encountered in systems where, at certain time points, some system variables are displaying large,
rapid changes in value, whereas others are barely changing value at all. Situations like these are

often encountered in systems of chemical reactions, such as might be seen within cells.

Fortunately, there are numerical methods that deal well with these situations and, in practice, the
standard solvers offered by most modelling tools are chosen to be able to operate well over a

wide range of conditions, including all but the stiffest of systems.
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1.2.6.2 Partial differential equations: their use in modelling reaction diffusion systems

in the previous section it was shown how a compartmental model could be developed using only
ODEs. As explained earlier, this is possible because in compartmental models one is generally
only interested in changes of a dependent variable (concentration) with respect to one
independent variable (time) for each species. (This implies that each species is uniformly
distributed within its respective compartment.) However, with spatial models of reaction-
diffusion systems this assumption no longer holds. Indeed, the whole point of such models is to
see how species concentration varies at each point in space, as well as with time. This means that
the model must now take into account changes in concentration with respect to more than one
independent variable, time plus however many spatial dimensions we are interested in, meaning
four independent variables in the case of a 3D spatial model. This requires the model to be based
on partial differential equations (PDEs) in which the derivative with respect to one changing

independent variable is defined, while holding the other independent variables constant.

In a spatial model one is interested at each moment in time in the local species concentrations at
each of a set of discrete points within each compartment. Given that these species
concentrations will not be the same at each point, one must therefore take into account diffusion,
in which species tend to move from areas of higher to lower concentration at a characteristic rate.
Thus, in calculating the new local concentration of a species at a given point in space and time,
one must take into account its current concentration, any changes resulting from reactions in
which it is involved in (either as a product or reactant, with the rate of such reactions depending

on the local concentration of reactants), plus any changes resulting from diffusion.
For each species diffusion can be represented mathematically by the equation:

Speci
5 [Species]

ot = D.A [Species]
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in which [Species] represents the concentration of the particular species in question, D is the
diffusion coefficient for that species and A, the Laplace operator (sometimes written V?) denotes

the sum of partial second derivatives of [Species) with respect to each spatial dimension.

This diffusion equation is added to the combined equation for all the reactions this species is
involved with, to give the combined equation for that species. So, to take the same example used
in Chapter 2, where species A is involved in the following two irreversible mass action reactions

(with respective forward rate constants of k1 and k2):

B+C>A

A+D->E

when put together with the relevant diffusion equation, gives the combined equation for species

A:

95~ = k,.[B].[C] — k,.[A].[D] + D.A[A]

Here, the difference with ODE/compartmental models is that this equation is applied to each
discrete point in the problem space, whereas in ODE models it is applied to the whole
compartment in which the species resides. But, in common with ODE models, the set of such
combined equations for each of the model species typically forms the mathematical core of PDE-
based spatial models. The difference, of course, is that, in addition to these equations, geometric
specification of the various model compartments adds a great deal more complexity to the model,
which is likely to be reflected in its underlying mathematical representation, as compared to the

simple volumetric representation of compartments in ODE models.

Again, as with ODE models, exact, continuous solutions for these sets of PDEs by symbolic means
are not practical. Instead, approximate, discretised solutions are derived by the use of numerical
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methods. These methods fall into four general categories: finite element, finite difference, finite
volume and mesh-free methods. The finite element method breaks down the continuous
problem space into smaller discrete elements and finds solutions for these in terms of algebraic
and ordinary differential equations. The finite difference method does something similar but
finds approximate solutions in terms of finite difference equations, whilst the finite volume
method breaks a problem space down into a set of discrete cells or volumes and then finds
approximate solutions for each volume in terms of a set of algebraic equations representing flows
(from adjacent volumes) through each of its volume surfaces. Mesh-free methods are used
where discretising the continuous problem space into a mesh of discrete elements with a
predefined set of neighbours (as in the methods described above) may be inappropriate, such as

in moving, deformable bodies.

1.2.6.3 Previous attempts to model FAs, and how they compare with the proposed model

Judging from the literature, there have not been any previous attempts to exclusively model

whole FAs, except at the level of one of two FA proteins, and certainly nothing of the same scale
and ambition. Most such modelling has focused on various aspects of actin dynamics 1531541551
using deterministic mathematical models, mainly ODE based. There have, however, been other

modelling approaches used, looking at other FA-related areas, although mostly not with FAs as

their primary focus.

Amongst these are an ABM-based study of integrin clustering *’, two Boolean models of growth-
factor receptor signaling that include a number of FA-associated proteins, such as Src, integrins,
FAK, DOCK1, Racl, and Cdc42%2'%8 and another Boolean model, this time of platelet signaling

that includes integrins and talin'>°. There has also been a novel rule-based model of the roles of

In 742.3 1156
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talin, Dok1, and PIPKI in integrin signaling dynamics 1> Other than these, there have been a
number of FA-related mathematical models, including a hybrid deterministic/stochastic model of
integrin-mediated signalling and adhesion dynamics®?, a model of Rho GTPase cycling %2, an
algebraic model of FA-related mechanical stress %3, and a model of cell migration that

incorporates various aspects of FA dynamics %4,

On the whole, though, it is fair to say that there have been comparatively few attempts to model

FAs in their entirety.
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1.3. Overall aims of the project

1.3.1 Primary aims

The primary aim of this Ph.D. project is to develop a model of FAs in stages, so as to develop
insights into the functioning of FAs in the wider context of lamellipodia formation (with which
they are primarily associated, along with filopodia formation), as well as in their isolated form.
Important questions to be answered include what are the primary drivers of FA formation, in
terms of determining both the rate at which they form and the overall levels achieved, what are
the other major factors helping to determine these formation rates and levels, how are these
different drivers and factors regulated, and how do they interact with each other. The overall
impression gained from the literature is that FA regulation is a highly complex process. Hopefully,
this model will, by the end, have revealed much more about this overall process, but also have
indicated what the key regulatory processes are, what more needs to be discovered about such

regulation, and what areas of investigation should be prioritised.

In terms of the model itself, this will start with a working submodel of the early stages of inside-
out signalling, as described above (Figure 1.3), in this case involving the chemokine SDF1, acting
on its cognate G protein-coupled receptor CXCR4 %>, This will result in a signalling cascade leading
to Racl-mediated lamellipodia formation, as described briefly above. The aim at the first stage is
to develop this lamellipodia submodel incrementally, to the point where Racl activation is

generating actin elongation and cross-linking. This part of the project will be described in Chapter

The next stage will involve the development of a working submodel of FA dynamics, including FA
assembly and disassembly, and the many aspects that regulate these two processes. It is
intended that eventually it will take outputs from the first inside-out lamellipodia model, including

PIP2 and actin as critical inputs, relieving the submodel of some unnecessary complexity. But
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initially these will be supplied at a suitable rate, as determined by the lamellipodia model and by

evidence from the literature. This stage will be described in Chapter 3.

Finally, the two sub-models will be linked, so that the outputs from the lamellipodia model
directly inform the FA model, forming a complete modular model of inside-out signalling. This

process will be described in Chapter4.

1.3.2 Modelling software used

During the course of the project, two different differential equation modelling tools will be
employed, COPASI and Virtual Cell. Whilst both can be used to develop compartmental/ODE-
based models, Virtual Cell, unlike COPASI, also allows spatial/PDE modelling (in 1D, 2D and 3D
form), something that will be illustrated briefly in Chapter 3. This Virtual Cell model might offer
additional insights into aspects of FA dynamics not revealed by compartmental modelling

approaches.

It is intended that this dual use of compartmental and spatial modelling will be continued into the
third and final combined model to obtain the maximum benefits of both, whilst avoiding the
excessive computational overhead of attempting to model the whole in spatial form. In other
words, only the specific aspects that will clearly benefit from spatial modelling will adopt this
approach. However, this will involve establishing suitable criteria for determining where these

benefits are most likely to be realised.

Hopefully, by the time the reader has finished reading this report, they will have a much better
appreciation of the challenges and benefits of using mathematical modelling approaches in the
study of FAs and of cell biology in general. Hopefully, and more importantly too, they will have

learnt much more about the many different aspects of FA behaviour.
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Chapter 2. Phase 1 - The SDF1-CXCR4 chemotaxis lamellipodia
model

2.1 Introduction

Chemotaxis, the induced movement of a motile cell (or larger organism) along a concentration
gradient of an attractant substance, commonly involves a class of receptors called G protein
coupled-receptors (GPCRs) ¢, These are transmembrane receptors that respond to various
signals outside the cell (including neurotransmitters, hormones and other external stimulants) by
acting as guanine nucleotide exchange factors (GEFs) for an associated trimeric G protein. Such G
proteins are made up of three molecules (named a, B and y), with the last two collectively

forming a functional subunit. The a subunit can bind either a GTP or GDP nucleotide 166167,

Whilst bound to the GDP, the a subunit remains tightly bound to the By subunit, in which form
they are all inactive 1%, However, activation of an associated GPCR causes it to facilitate the
exchange of this GDP for a GTP nucleotide, leading to dissociation of the attached a subunit from

166 |n this dissociated form both subunits can then activate, or otherwise

its By subunit partner
affect, other cellular proteins. Two of the principal downstream pathways which GPCRs affect are
the cAMP 166167.168 gnd the phosphatidylinositol signal pathways %1% Which of these two (or

other) pathways are affected is principally determined by the properties of the a subunit that has

been activated *°.

For instance, in the case of the pathway being modelled here, a chemotactic protein SDF1
(stromal cell-derived factor 1, also known as CXCL12) principally binds to a GPCR called CXCR4 %,
Such binding activates CXCR4, resulting in the exchange of GDP for GTP ( principally) in two
different classes of a subunit, one of which, the ai2 subunit, appears to be primarily involved in
SDF1-induced chemotaxis ’°. However, in some cases, such as in this instance, the dissociated By
subunit (GBy) can also be involved in downstream activity %%, including GBy-mediated

activation of PI3Ks 171169,
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In this first part of the project we are modelling the GBy-associated role in SDF1-mediated
chemotaxis, as a typical example of inside-out FA signalling. More specifically, this particular
pathway involves PI3K-mediated phosphoinositide signalling, involving the phosphorylation of
PIP2 to PIP3, with consequent activation of Racl, resulting in the lamellipodia formation
characteristic of chemotaxis, and of inside out signalling generally. As stated in the previous
chapter, the overall object here is to have a working lamellipodia submodel, including appropriate
phosphoinositide signalling, whose outputs can be used to inform a separate FA submodel, to be
implemented in the next phase. SDF1-CXCR4 chemotactic signalling has been chosen for this
reason, abbreviated to exclude those parts of the pathway not immediately relevant to the

intended submodel, and to keep the submodel relatively manageable.

Rac1GEF
o o

Figure 2.1 Schematic depiction of SDF1-CXCR4 chemotaxis mechanism, as used in this lamellipodia
submodel. (See below for detailed explanation. Racl-mediated actin remodelling steps not
included in this diagram, for the sake of conciseness.) Arrows represent changes in state of model
species. (For instance, the change in state from PI(3,4,5)P3 to PI(4,5)P2 on the right-hand side of
the diagram.) Lines ending in circles denote that a change in state is modulated by another model
species, e.g. the enzymatic modulation of the above reaction by PTEN.
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This pathway is summarised in Figure 2.1 above, in somewhat simplified form.

Here, SDF1 binding to the CXCR4 receptor leads to CXCR4 activation, resulting in GTP exchange for
GDP within its associated G protein and subsequent dissociation of the latter. The dissociated
Gy subunit then binds to a Class IA phosphatidylinositol kinase, PI3KB, composed of the p85 and
p110PB subunits 72, activating it 13, This in turn phosphorylates PIP2 to PIP3, with the resulting
PIP3 binding to and activating GEFs (Rac1GEFs) specific to the monomeric GTPase Racl 74, As with
GPCRs, these GEFs exchange GTP for the GDP nucleotide associated with the inactive form of
Racl, activating the latter. Racl is well-documented in the literature as a potent activator of
lamellipodia formation (a key process not only in chemotaxis and other forms of cell migration,
but also in cell spreading 7>7¢). As explained earlier, It does this by activating the WAVE
regulatory complex 1”7, thereby driving Arp2/3-mediated actin elongation and, possibly, branching
178 The resulting cytoskeletal rearrangement 7112 provides the necessary force for lamellipodia

extension.

Finally, just as PI3K phosphorylates PIP2 to PIP3, another phosphatase, PTEN, dephosphorylates
PIP3 back to PIP2, thus tending to down-regulate lamellipodia formation and, therefore, also

chemotaxis 17°.
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2.2 Methods

2.2.1 Introduction

In the previous chapter it was shown how a reaction-diffusion system, such as the one described
here, can be modelled as a set of differential equations, model species (in this context all the
proteins and other molecules, including lipids, in the system being modelled), and additional
parameters. These equations specify all the various reactions possible between model species. It
was then shown how various simulations of such models can be performed (or “run”) by

integrating all these reaction equations using an appropriate solver.

2.2.1.1 Plots and reports and parameter scans

It then remains to analyse the results. One of the key tools for this are plots (i.e. graphs), which
all modelling tools will normally provide. Thus, for instance, COPASI can generate a number of
predefined plots as standard, including plots of particle (i.e. molecular) numbers, concentrations,
particle rates and concentration rates (i.e. the rates at which these are changing over time) and

reaction fluxes (the rate at which product is being created from reactants over time).

Such plots can be very useful in analysing the behaviour of the model, particularly over time, and
many modelling tools (including COPASI and Matlab) allow the user to tailor their own plots from
the underlying output data. Other alternatives include the ability to export the data in formats
suitable for re-import into spreadsheet and graphing applications, and the ability to generate
reports from it. Such reports may come in predefined formats (as is the case with COPASI, which
allows particle numbers, reaction fluxes and the like to be output in report form rather than as

plots) or it may be possible for the user to define their own report formats.

However, plots and reports are often not enough on their own if one is to fully understand how a

model behaves. Other forms of analysis can offer further insights, two of the most important
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being parameter scans and sensitivity analysis. Parameter scans allow the user to explore how
system outputs vary with changes in system inputs. So, for instance, the user might choose to set
up a scan in which the initial concentration of some model species is increased in set increments
along a range. Alternatively, some model parameter value may be increased logarithmically or
sampled randomly within a set range or, in the case of a nested scan, two or more different
parameter values might be altered concurrently. In this respect, parameter scans only automate
what the user could also achieve by manually altering such parameter values and then generating

plots or reports to see the results, albeit with more time and effort required.

Sensitivity analysis, as its name implies, measures the sensitivity of some user-specified system
output to changes in various system inputs. Such inputs may also be user-specified, and may
include initial concentrations of species, specific reaction rate constants, compartment volumes
or other system variables and parameters. Output values may include steady-state or peak levels

of some reaction product, or overall levels of some other species over a given time course.

Various mathematical techniques can be used to produce a sensitivity value for each input
parameter, describing how much the chosen output value changes in response to a change in the
input value. So, for instance, if the concentration of a product falls substantially in response to a
slight increase in one of its associated reaction rate constants, one would expect sensitivity
analysis to assign a high negative value to this particular rate constant. (Here the negative sign is
only denoting that the output value is changing in the opposite direction to the input value.) By
contrast, if the same product concentration increased only very slightly in response to a large
increase in the initial concentration of one of its reactants, one would expect sensitivity analysis

to assign a low positive value to this parameter.
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2.2.1.2 Sensitivity analysis and parameter estimation

Sensitivity analysis can be very useful in analysing complex models, where parameter scanning
and the study of plots can lead to confusion and where it can be hard to determine which of the
many potential input values to focus ones attention on. It can also be very important when it
comes to optimising the model. For instance, with complex models it is usually very hard to find
reliable values for various parameters, including initial concentrations and reaction rate constants
in the literature and in many cases the modeller is forced to rely on educated estimates. Even
where such values are available, their inclusion may lead to the model behaving differently to

how the system behaves physiologically.

It is common in such circumstances to resort to parameter fitting, which is to say automatically
adjusting input values until the model’s overall behaviour is deemed acceptable. (l.e., until,
overall, the model reliably produces the desired outputs.) Sensitivity analysis can be critical here
because it can identify a small subset of parameter values that may require only modest changes
to steer the model’s behaviour in the desired direction. This enables the modeller to constrain

parameter fitting to this subset, which can greatly increase the chances of success.

Ideally, though, such artificial fitting of parameters should be kept to a minimum and, if possible,
avoided altogether. Again, sensitivity analysis can be very useful in this regard, because, by
indicating the parameters to which the model is most sensitive, it allows the modeller to focus
most of their time and attention on finding reliable published values for these, whilst avoiding
excessive time spent trying to find the most reliable values for other parameters, when in fact
these values barely effect overall model behaviour. Since, as mentioned earlier, it often turns out
that only a rather small subset of input parameters has a major effect on the principal model
outputs, there can be large savings in time. An additional benefit is the increased confidence that,
if one has found reliable values for these inputs, any differences seen between the model’s

behaviour and that of the system it is modelling, are likely to be worth investigating.
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2.2.1.3 Other analysis methods

In most cases plots, reports, parameter scans and sensitivity analysis provide sufficient tools for
analysing most aspects of model behaviour. However, modelling software environments may
provide other tools, such as steady-state and stability analysis, metabolic control analysis and
similar. As well as providing different methods for analysis, methods for improving the model may
be provided. For instance, COPASI, provides optimisation, which is similar to parameter

estimation, if rather more specific in the outputs it focuses on.

2.2.2 Analysis methods used

A broad range of standard COPASI time course plots were employed, namely particle number,
concentration, particle number rate, concentration rate and reaction flux. For the sake of brevity,

not all of these are shown in the Results section (2.4). (No user-defined plots were required.)

Various parameter scans were performed (all using the Time Course task), with settings described
in the Results section. Again, and for the same reasons, not all the results of these are shown in
the Results section. Sensitivity analysis was also performed, based on the Time Series subtask,
with Effect set to Single Object and Cause set to All Parameter Values. The Delta factor value was

0.01, and the Delta minimum was 1le-12.

Parameter estimation was not attempted, for reasons explained later.

2.2.3 Modelling application version number

COPASI: Version 4.22 (Build 170)

Page 62



2.2.4 System units used

Time units: Seconds (s)
Quantity units: Femtomoles (fmol)
Volume units: Femtolitres (fl)

2.2.5 Solver settings

The Deterministic (LSODA) solver was used for all Time Course simulations, with a relative
tolerance value of 1e-06 and an absolute tolerance of 1e-12. Maximum internal steps were set at
10,000. Time Course durations were typically of 20,000 seconds, with 2000 intervals, and

therefore an interval size of 10 seconds.

The next section describes how the SDF1-CXCR4 chemotaxis model was implemented, using the

compartmental/ODE modelling tool COPASI, as described briefly in section 1.2.4.2 of Chapter 1.
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2.3 Model setup

2.3.1 Introduction

The SDF1-CXCR4 lamellipodia submodel just described is modelled as a set of 31 ordinary
differential equations, each defining how the concentration of one or more products is
determined by the concentrations of reactants. For the CXCR4-G protein interaction, this actually
results in a total of 18 different reactions, covering all of the various permutations, in accordance

with a reaction schema first proposed by Kinzer-Ursem and Linderman?&°

, in many cases using
parameter values specified in a model of platelet phosphoinositide and calcium regulation 82,
Whilst this platelet model was specifically modelling the G protein-coupled responses of an ADP-
binding GPCR rather than CXCR4 (and acting on a Gag- rather than a Gai-family subunit), this
seemed like the best option in the absence of values specific to CXCR4. (Specific rate values for

Gai association and dissociation from GBy and for CXCR4-SDF1 binding, taken from the literature,

were incorporated in place of the values in the platelet model.)

Of the remaining 13 reactions, 6 relate to activation and binding of PI3K, 2 to activation, binding
and degradation of PTEN, and one each to phosphorylation of PIP2 (by activated PI3K) and
dephosphorylation of PIP3 (by activated PTEN). The final 3 relate to activation of Rac1GEFs, and

activation (by activated Rac1GEFs) and degradation of Racl.

The model also incorporates 32 different species, of which nearly two-thirds (20) are involved in
CXCR4-SDF1 binding and associated G protein events. The other 12 species are involved in
phosphoinositide modification or in Racl activation. Non-zero copy numbers of all proteins, other
than SDF1, were taken from a published Hela cell quantitative proteome 82, with Rac1GEF
numbers taken as the sum of copy numbers of TIAM1, Vav2, Vav3, ECT2, ARHGEF4, Trio and

PRex1, all reported in the literature to be GEFs for Racl. SDF1 concentrations were specified
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according to a published value for an optimal chemoattractant gradient for SDF1 (300 ng/ml, or

2.2e-08 M), with this value held fixed to ensure that the model is continuously driven by SDF1.

Whilst the Hela proteome lists G protein subunits individually, this model starts with 340,000
molecules of the whole GDP-bound trimeric protein, with all other G protein-associated model
species starting with zero copy numbers. This is to ensure, as much as possible, that the model is
driven by GBy solely resulting from CXCR4-SDF1 ligation. (This copy number, i.e. 340,000, is taken

from the value reported for Gai subunit proteins in the proteome.)

Copy numbers of PI(4,5)P2 were given a large value of 100,000 molecules fixed to ensure a ready
supply of PIP2 for phosphorylation by PI3K to PIP3, and to ensure, as much as possible, that PIP2
levels do not influence the model in anyway. For similar reasons, GTP and GDP nucleotide
concentrations (1 mM) were specified to be in excess. Where copy numbers were initially
specified, concentrations were automatically calculated by COPASI (i.e. by dividing the specified
copy number by the relevant cell compartment volume). Similarly, where concentrations were
initially specified (i.e. SDF1, GTP and GDP), copy numbers were automatically calculated by

COPASI from these values.

The resulting model species, reactions and other parameters are shown below.

2.3.2 Model species, their copy numbers and concentrations

These species, with their copy numbers and concentrations, are listed in Table 2.1 below, with all

model reactions listed in Table 2.2.

Species Compartment Copy number Concentration (M)
CXCR4 PM 100,000 * 2.6e-05
CXCR4* PM 0 0
CXCR4*.Gi PM 0 0
CXCR4*.Gi.GDP PM 0 0
CXCR4*.Gi.GTP PM 0 0
CXCR4*.SDF PM 0 0
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CXCR4*.SDF.Gi PM 0 0
CXCR4*.SDF.Gi. GDP PM 0 0
CXCR4*.SDF.Gi. GTP PM 0 0
CXCR4. Gi. GDP PM 0 0
CXCR4.SDF PM 0 0
CXCR4.SDF.Gi. GDP PM 0 0
Ga.GDP Cytosol 0 0
Ga.GTP Cytosol 0 0
GBy Cytosol 0 0
Gi.GDP Cytosol 340,000 * t 3.76e-07
Gi.GTP Cytosol 0 0
GDP Cytosol ~9.0e+08 ** 0.001
GTP Cytosol ~9.0e+08 ** 0.001
PI(3,4,5)P3 (PIP3) PM 0 0
PI(4,5)P2 [PIP2] PM 100,000 (fixed) ** 2.6e-05 Fixed
PI3K Cytosol 2800 * 3.1e-09
PI3K*.GBy Cytosol 0 0
PI3K*.GBy.PM PM 0 0
PI3K.PM PM 0 0
PTEN Cytosol 3200 * 3.54e-09
PTEN*.PM PM 0 0
Racl Cytosol 330,000 * 8.56e-05
Racl* PM 0 0
Racl1GEF Cytosol 39,000 * 4.32e-08
Racl1GEF*.PIP3 PM 0 0
SDF1 Extracellular ~660,000 (fixed) 2.2e-08 (fixed) ***

Table 2.1 — Table of species used in the COPASI SDF1 chemotaxis model

Key:

* = Protein copy numbers taken from a published Hela cell quantitative proteome. Source:
Nagaraj, N., Wisniewski, J.R., Geiger, T., Cox, J., Kircher, M., Kelso, J., Padbo, S., Mann, M.,
2011. Deep proteome and transcriptome mapping of a human cancer cell line. Mol. Syst.
Biol. 7, 548. https://doi.org/10.1038/msb.2011.81.

** = Arbitrary copy number, chosen to ensure that the species concerned is constantly in excess.

*** = Calculated from a published value for an optimal chemoattractant gradient for SDF1 (300
ng/ml), based on a molecular weight of 13.7 kDa. In this model this concentration value
is held fixed to ensure that the model is continuously driven by SDF1 in excess. Source: 18

t = Copy number assumed to be same as that for Gai subunit protein, as taken from the Hela
guantitative proteome above.

¥ = Sum of copy numbers for the Racl-associated GEFs TIAM1, Vav2, Vav3, ECT2, ARHGEF4, Trio
and PRex1, as taken from the same published Hela quantitative proteome mentioned above.
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2.3.3 Model reactions, their rate laws and rate constant values

Here an * after the species name indicates that it is in activated form

Reaction
CXCR4 + SDF1 =
CXCR4.SDF1

CXCR4* + SDF1 =
CXCR4*.SDF1

CXCR4.Gi.GDP + SDF1 =
CXCR4.SDF1.Gi.GDP

CXCR4*.Gi.GDP + SDF1
= CXCR4*.SDF1.Gi.GDP

CXCR4.SDF1 =
CXCR4*.SDF1

CXCR4.SDF1.Gi.GDP =
CXCR4*.SDF1.Gi.GDP

CXCR4.Gi.GDP =
CXCR4*.Gi.GDP

CXCR4* + Gi.GDP =
CXCR4*.Gi.GDP

CXCR4*.SDF1 + Gi.GDP
= CXCR4*.SDF1.Gi.GDP

CXCR4*.Gi + GTP =
CXCR4*.Gi.GTP

CXCR4*.SDF1.Gi + GTP
= CXCR4*.SDF1.Gi.GTP

CXCR4*.Gi.GDP =
CXCR4*.Gi + GDP

Description
CXCR4 binding SDF1

CXCR4* binding SDF1

CXCR4.Gi.GDP binding
SDF1

CXCR4*.Gi.GDP
binding SDF1

Activation of
CXCR4.SDF1

Activation of
CXCR4.SDF1.Gi.GDP

Activation of
CXCR4.Gi.GDP

CXCR4* binding Gi.GDP

CXCR4*.SDF1 binding
Gi.GDP

CXCR4*.Gi binding GTP

CXCR4*.SDF1.Gi
binding GTP

CXCR4*.Gi.GDP
releasing GDP

Rate law

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Parameter values
420,000 M-1 s-1

0.00824s-1  *
1.407e+06 M-1 s-1
0.00155 s-1 *
420,000 M-1s-1
0.000158s-1  *
1.407e+06 M-1s-1
0.000158s-1  *
26.465 s-1

79,000 s-1 ok
52.298 s-1

79,000 s-1 *E
1725.7 s-1

79,000 s-1 *E
3.9058e+06 M-1 s-1
18.4375s-1 *E
3.9058e+06 M-1 s-1
0.199 s-1 *k
100,000 M-1 s-1
8s-1 *k
100,000 M-1 s-1
8s-1 ok
17.8s-1

le+06 M-1s-1 **
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CXCR4*.SDF1.Gi.GDP =
CXCR4*.SDF1.Gi + GDP

CXCR4*.Gi.GTP =
CXCR4* + Gi.GTP

CXCR4*.SDF1.Gi.GTP =
CXCR4*.SDF1 + Gi.GTP

Ga.GTP + Gbg = Gi.GTP

Ga.GDP + Gbg =
Gi.GDP

Gi.GTP -> Ga..GDP +
Gbg

PI(4,5)P2 ->
PI(3,4,5)P3;
PI3K*.Gbg.PM

PI(3,4,5)P3 ->
PI(4,5)P2; PTEN*.PM

PI3K + Gbg = PI3K*.Gbg

PI3K. PM + Gbg =
PI3K*.Gbg

PI13K + Racl = PI3K.PM
+ Racl

PI3K + Racl* =
PI3K.PM + Racl*

PI3K*.Gbg + Racl =
PI3K*.Gbg.PM + Racl

CXCR4*.SDF1.Gi.GDP
releases GDP

CXCR4*.Gi.GTP
releasing Gi.GTP

CXCR4*.SDF1.Gi.GTP
releases Gi.GTP

Activated Gi subunit
association (to Gi.GTP)

Unactivated Gi subunit
association(to Gi.GDP)

Gi.GTP hydrolysis

Phosphorylation of
PIP2 to PIP3 by active
PI13K

Hydrolysis of PIP3 to
PIP2 by activated PTEN

PI3K binding to and
being activated by Gbg

Membrane-bound PI3K
activated by Gbg

Inactive PI13K recruited
to PM by inactive Racl

Inactive PI13K recruited
to PM by active Racl

Active PI3K recruited
to PM by inactive Racl

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(irreversible)

Michaelis-Menten
(irreversible)

Michaelis-Menten
(irreversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

Mass action
(reversible)

17.8s-1

le+06 M-1s-1 **
850 s-1

le+07 M-1s-1 **
850 s-1

le+07 M-1s-1 **
700,000 M-1 s-1
0.002 s-1 oAk
700,000 M-1 s-1
0.002 s-1 oAk

0.0008 s-1 *x

kcat =0.03 s-1 +

KM=7.2e-05M Tt

kcat=1.2s-1
Tt

KM = 8.96e-06 M
Tt

10,000 M-1s-1 %
0.1s-1

10,000 M-1s-1 #%
0.1s-1

100,000 M-1s-1 *%
0.15M-1s-1
100,000 M-1s-1 *%
0.15M-1s-1
100,000 M-1s-1 *+

0.15M-1s-1
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PI3K*.Gbg + Racl* = Active PI3K recruited Mass action 100,000 M-1s-1 *%
PI3K*.Gbg.PM + Racl* to PM by active Racl (reversible)

0.15M-1s-1
PTEN + PI(3,4,5)P3 = Binding and activation = Mass action 1.2e+06 M-1 s-1
PTEN*.PM + of PTEN by PIP3 (reversible) it
PI(3,4,5)P3
0.0015 M-1s-1
PTEN*.PM -> Spontaneous PTEN Mass action 0.15s-1 ¥
degradation (irreversible)
Racl1GEF + PI(3,4,5)P3 Binding and activation =~ Mass action 10,000 M-1s-1 %
= Rac1GEF*.PIP3 of Rac1GEFs by PIP3 (reversible)
0.1s-1
Racl + Rac1GEF*.PIP3 - Activation of Racl by Mass action 10,000 M-1s-1 %
> Racl* + activated Rac1GEFs (irreversible)
Racl1GEF*.PIP3
Racl* ->Racl Spontaneous Mass action 0.001s-1 ¥
inactivation of Racl (irreversible)

Table 2.2. List of all 31 reactions featuring in the COPASI SDF1 chemotaxis model.
Key:

* = On- and off-rates based on published value from surface plasmon resonance study of CXCR4-
SDF1 binding. Adjusted as appropriate in some cases to allow for positive effects of prior receptor
activation and/or G protein coupling, with these additional coefficient values taken from Purvis
Platelet model described in more detail below. Sources: Vega, B., Munoz, L.M., Holgado, B.L.,
Lucas, P., Rodriguez-Frade, J.M., Calle, A., Rodriguez-Fernandez, J.L., Lechuga, L.M., Rodriguez,
J.F., Gutierrez-Gallego, R., Mellado, M., 2011. Technical Advance: Surface plasmon resonance-
based analysis of CXCL12 binding using immobilized lentiviral particles. J. Leukoc. Biol.
https://doi.org/10.1189/jlb.1010-565. Also, Purvis, J.E., Chatterjee, M.S., Brass, L.F., Diamond,
S.L., 2008. A molecular signaling model of platelet phosphoinositide and calcium regulation during
homeostasis and P2Y1 activation. Blood 112, 4069—-4079. https://doi.org/10.1182/blood-2008-05-
157883

** = Parameter values directly taken from a platelet model by Purvis and colleagues, itself based
on a generic GPCR equilibrium cubic ternary complex activation model proposed by Kinzer-Ursem
and Linderman. Sources: Kinzer-Ursem, T.L., Linderman, J.J., 2007. Both Ligand- and Cell-Specific
Parameters Control Ligand Agonism in a Kinetic Model of G Protein—Coupled Receptor Signaling.
PLOS Comput. Biol. 3, e6. https://doi.org/10.1371/journal.pcbi.0030006. Also, Purvis, J.E.,
Chatterjee, M.S., Brass, L.F., Diamond, S.L., 2008. A molecular signaling model of platelet
phosphoinositide and calcium regulation during homeostasis and P2Y1 activation. Blood 112,
4069-4079. https://doi.org/10.1182/blood-2008-05-157883

*** = Off-rate value inferred from published Kd and on-rates. Source: Sarvazyan, N.A., Remmers,
A.E., Neubig, R.R., 1998. Determinants of Gila and By Binding measuring high affinity interactions
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in a lipid environment using flow cytometry. J. Biol. Chem. 273, 7934-7940.
ttps://doi.org/10.1074/jbc.
273.14.7934.

t = Converted from specific activity value for p110R/p85a of 16 nmol/min/mg and molecular
weight of 110 kDa. Source: PI3K (p110 beta/p85 alpha), active (11036) - Datasheet - i1036-
061m0726dat.pdf [WWW Document], n.d. URL
http://www.sigmaaldrich.com/content/dam/sigma-aldrich/docs/Sigma/Datasheet/9/i1036-
061m0726dat.pdf (accessed 8.29.15).

t+ =Woscholski, R., Dhand, R., Fry, M.J., Waterfield, M.D., Parker, P.J., 1994. Biochemical
characterization of the free catalytic p110 alpha and the complexed heterodimeric p110
alpha.p85 alpha forms of the mammalian phosphatidylinositol 3-kinase. J. Biol. Chem. 269,
25067-25072.

tt1 = McConnachie, G., Pass, |., Walker, S., Downes, C., 2003. Interfacial kinetic analysis of the
tumour suppressor phosphatase, PTEN: evidence for activation by anionic phospholipids. Biochem
1371, 947-955.

t+++ = Wu, C.-W., Bell, R., Storey, K.B., 2013. Regulation of PTEN function and structural stability
in hibernating thirteen-lined ground squirrels. Cryobiology 66, 355—-356.
https://doi.org/10.1016/j.cryobiol.2013.02.055.

¥ = Arbitrary values. Chosen as relatively conservative and in the absence of appropriate values in
the literature. PTEN degradation value based on various reports in the literature (including in
Hela cells) that this degradation is rapid after PTEN is recruited to the cell membrane, e.g. Das, S.,
Dixon, J.E., Cho, W., 2003. Membrane-binding and activation mechanism of PTEN. Proc. Natl.
Acad. Sci. 100, 7491-7496. https://doi.org/10.1073/pnas.0932835100.

¥t = Arbitrary kon and koff values, chosen to yield a Kd value for binding of p110R to Racl of
approximately 1.5e uM, as measured in the article below.. The assumption is that, having been
recruited to the PM by Racl, the two then separate. (This is so as to reduce the number of
subsequent reaction equations for Racl and PI3K.)Source: Fritsch, R., de Krijger, I., Fritsch, K.,
George, R., Reason, B., Kumar, M.S., Diefenbacher, M., Stamp, G., Downward, J., 2013. RAS and
RHO Families of GTPases Directly Regulate Distinct Phosphoinositide 3-Kinase Isoforms. Cell 153,
1050-1063. https://doi.org/10.1016/j.cell.2013.04.031.

¥11 = Parameters for membrane-PTEN binding, determined from SPR analysis. Source: Das, S.,
Dixon, J.E., Cho, W., 2003. Membrane-binding and activation mechanism of PTEN. Proc. Natl.
Acad. Sci. 100, 7491-7496. https://doi.org/10.1073/pnas.0932835100. The additional assumption
used in this model is that that PIP3 is, in some way, then activating PTEN. Source: McConnachie,
G., Pass, I., Walker, S., Downes, C., 2003. Interfacial kinetic analysis of the tumour suppressor
phosphatase, PTEN: evidence for activation by anionic phospholipids. Biochem J 371, 947-955.

Page 70



2.3.4 Model compartments and their volumes

The model also has 3 compartments, representing the Hela cell cytoplasm, the PM and the
extracellular region. Based on the literature, typical volumes for Hela cells range from between
500-4000 fl 84(having the same value in um?3). For the sake of convenience, a value of 3000 fl,
from the higher end of this range, was chosen. This choice was largely informed by a published
value of 374 fl for the Hela cell nucleus 2, an organelle that is commonly described as accounting
for around 10% of the volume of eukaryotic cells 8. Given that Hela cells are a cancer cell line,
and therefore likely to contain more DNA than noncancerous cell lines, such a nuclear volume

seemed compatible with a cell of 3000 fl.

Having made further estimates concerning the overall volume of mitochondria, ER and ribosomes,
based on typical values in the literature, and then subtracting the total of these from the cell

volume to obtain the cytosolic volume, the following values were obtained:

Organelle /cell compartment Volume (fl)
Nucleus 374
Mitochondria 600
ER (rough and smooth) & Golgi 480
Peroxisomes, lysosomes & endosomes 90
Cytosol ~1500
Total: ~3000

Table 2.3. Volumes of major organelles, as estimated for a Hela cell with a hypothetical volume
of 3000 fl. See above for how Hela cell volume and nucleus were arrived at. Mitochondria, ER
and Golgi estimates based on a report from the literature giving volumes of 20%, 10% and 6%,
respectively, of the overall cell volume 87, with peroxisomes, lysosomes and endosomes reported
as 1% each. Cytosol volume was derived by subtracting the volumes for the other organelles from
the overall cell volume.

The extracellular compartment was given an arbitrary volume of 50,000 fl. This was chosen

purely to allow levels of SDF1 to be massively in excess of CXCR4, whilst keeping its

2G. G. Maul and L. Deaven, ‘Quantitative Determination of Nuclear Pore Complexes in Cycling Cells with
Differing DNA Content’, The Journal of Cell Biology 73, no. 3 (1 June 1977): 748-60, https://doi.org:
for/10.1083/jcb.73.3.748.
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concentrations at a level reported to be optimal for SDF1-mediated chemotaxis 183 (2.2e -08 M).

In any case, actual effective volumes for the extracellular compartment are likely to vary

substantially from case to case, making a reliable estimate unfeasible.

Lastly, the PM was given a volume of 6.4 fl. This estimate was based on a reported value of 1600
um? in the literature 188, This was then multiplied by another reported value of 4 nm for the cell

membrane 8%, to arrive at the PM volume just mentioned.

Taken together, the three compartment volumes used were as follows:

Compartment Volume (fl)
Extracellular 50,000
PM 6.4
Cytosol 1500

Table 2.4. Summary of compartment volumes used in the SDF1-CXCL chemotaxis lamellipodia
model. (See above for explanation of how these estimates were arrived.)

2.3.5 Model global variables

Finally, 28 global variables were used in this COPASI model. Fourteen of these had fixed values,
being used to avoid having to enter the same local variable value repeatedly for the same
reactions, with the increased risk of errors that might result. However, two were kcat values (for
the PI3K and PTEN reactions needed for the Vinax calculation described below), with the rest
being rate constant values for various CXCR4 G protein-related reactions, as taken from the Purvis

model *81(using variables suggested by the Kinzer-Ursem and Linderman published GPCR model

180) ' The remaining fourteen were assignment variables, meaning that their values were

arithmetically derived from other values, in this case the Purvis global fixed variables just
mentioned. Of these, all but two were used as rate constant values for CXCR4/G protein-related

reactions, with the remaining two acting as functions that returned Vmax values for the PI3K and
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PTEN reactions. (Where Vmax is derived by multiplying the relevant enzyme concentration by its

corresponding kcat value, as described in the previous chapter).

These global variables are summarised below

Global variable name
Alpha
Beta

Gamma
Delta
Ka
Kact
k1

k3
k11
alpha_k1
beta_k1
alpha_k3
beta_k11
k1/Kact
alpha_beta_delta_k1
Kg
k11/ Kg
delta_gamma_Kg
kGTP
k11/delta_gamma_Kg
Kd
Kd_k3
Kd_k3/gamma
Kd_k3/delta_gamma
PI3K_Vmax (Ms?)
PI3K_kcat
PTEN_kcat
PTEN _Vmax (Ms?)

Type
Fixed
Fixed

Fixed
Fixed
Fixed
Fixed
Fixed

Fixed
Fixed
Assignment
Assignment
Assignment
Assignment
Assignment
Assignment
Fixed
Assignment
Assignment
Fixed
Assignment
Fixed
Assignment
Assignment
Assignment
Assignment
Fixed
Fixed
Assignment

Value / Expression
3.35
6.62

9.39
9.85
0 *
0.0001
7.9

420000
590000
alpha * k1
beta * ki
alpha * k3
beta * k11
k1 / Kact
alpha * beta * delta * k1
32000
k11/Kg
delta * gamma * Kg
0.0008
k11 / (delta * gamma * Kg)
3.47e-08
Kd * k3
Kd * k3 / gamma
Kd * k3 / (delta* gamma)
PI3K_kcat * [PI3K*.Gbg.PM]
0.03 s
1.2¢1
PTEN_kcat * [PTEN_PM]

Table 2.5. Summary of Global Variables, together with their types and assigned values or

expressions. Key: * = Typo, not used.

This completes the model setup specification at the commencement of model development. Any
changes or additions to the model, made in the light of later results, are described in the next

section.
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2.4 Results

2.4.1 Results from Version 1 of the COPASI CXCR4-SDF1 chemotaxis lamellipodia model

This first version of the CXCR4-SDF1 chemotaxis model produces initially promising results, as
shown in Figure 2.2, the plot of particle numbers. Promising in the sense ofCXCR4 SDF1 binding

occurring and GBy being produced.

Particle Numbers, Volumes, and Global Quantity Values
100,000 4+,

80,000 \

60,000 1

CXCR4

40000 CXCR4.SDF1

Gbg & Ga.GDP

20,000

CXCR4*.SDF1.Gi.GDP

; . ; . . . ; . . . . ; . . . . . ; . :
0 500 1,000 1,500 2,000
s

Figure 2.2. Particle numbers forCXCR4, CXCR4.SDF1, CXCR4*.SDF1.Gi.GDP, Ga.GDP and Gpy.

Here, and in future graphs, # means number of molecules/particles

Within around 20 minutes (i.e. around 1200 seconds) of first exposure to SDF1, almost 40% of
CXCR4 has become bound to it. Although only a small fraction of this bound CXCR4 is activated at
any given time (as represented by the mauve curve for CXCR4*.SDF1.Gi.GDP), large amounts of
Go..GDP and GPy are rapidly produced (around 27,000 molecules in less than 2 minutes). This
would seem to imply that SDF1-bound CXCR4 is being activated rapidly, as Ga.GDP and Gpy are
the breakdown products of Gi.GTP, whose formation in this model is intended to be principally

driven by activated CXCR4 complexes, acting as a GEF to anyGi.GDP to which it is bound.
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However, despite so much GBy being available, only a small amount of PI3K becomes activated by
it, as shown in Figure 2.3, with PI3K*.GBy peaking at only 5 molecules within the first 2 minutes

and PI13K*.GBy.PM peaking at only 9 molecules, after 20 minutes have elapsed.

The main reason for this can be seen in Figure 2.4, which shows that the vast majority of available
PI3K (2800 molecules) is converted into membrane-bound PI3K.PM, without subsequently
becoming activated by binding to GBy. The problem here is that, despite the large number of
molecules of GBy in the cytosol, such is the volume of the cytosol (at 1500 fl) that it represents

only a very small concentration, at around 31 nM.

Particle Numbers, Volumes, and Global Quantity Values
10 4

yd PI3K*.Gbg.PM

PI3K*.Gbg

T T T T T T T T T T T T T T T T T T 1
0 500 1,000 1,500 2,000
5

Figure 2.3. Particle numbers of membrane-bound PI3K*.GBy and activated PI3K*.GBy.PM.
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Particle Numbers, Volumes, and Global Quantity Values
3,000

PI3K.PM

2,500+ |
2,000
1,500

1,000 |

\ PI3K

"

500

PI3K*.Gbg.PM
and PI3K*.Gbg

T T T T T T T T T T T T T T T 1
0 500 1,000 1,500 2,000

Figure 2.4. Particle numbers of all PI3K species.

In comparison, membrane-resident Racl, which, in activated and inactivated form, recruits PI3K
to the cell membrane, exists in much higher numbers than GBy (330,000 as against around 27,000
molecules) and represents an even higher concentration, proportionately, (around 860 uM as

against 31 nM) by virtue of residing in the much smaller PM compartment (6.4 as against 1500 fl).

Since the rate of mass action reactions are determined by the concentrations of reactants, rather
than particle numbers, this inevitably means that membrane recruitment of PI3K will proceed at a
much faster rate than GBy binding, unless compensated for by a much slower (second-order) rate
constant for the first reaction. In fact, the opposite is the case, with the former reaction having a
forward rate constant of 100,000 M sas against 10,000 M s for GBy binding. (The reverse
rate constants are not really comparable, being second-order for Racl recruitment and first-order
for GBy binding, by virtue of the fact that the model assumes that, having recruited PI3K, Racl

and PI13K then separate, whereas PI3K is assumed to stay bound to Gy after activation.)
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As a result, the rate of membrane recruitment of unbound PI3K greatly exceeds the rate of GBy
binding to PI3K, as can be seen from a comparison of the relevant reaction fluxes or particle-
formation rates, as shown in Figure 2.5. As a consequence, the rate of formation of activated

PI3K*. GBy.PM decreases.

Particle Number Rates, Volume Rates, and Global Quantity Rates
20

PI3K.PM

PI3K.Gbg*

T T T T T T T T T T
o 500 1,000 1,500 2,000
5

Figure 2.5. Particle number rates of formation of PI3K.PM and PI3K*.GBy.

The reason for this decrease is that, of the two ways of forming it, either by membrane
recruitment of PI3K*.GBy (by Racl) or through PI3K.PM binding GBy, the second route is much
slower, owing to the very low concentrations of cytosolic GBy, compared to the very high
concentrations of PM-resident Racl, as explained earlier. But, as increasing proportions of PI3K

become membrane-bound, this becomes the only route available.

Another possible reason, as shown in Figure 2.6, is that whereas, in concentration terms, GBy is a
little less than an order of magnitude in excess of cytosolic PI3K (at approximately 31 nM as

against 3.2 nM), this same concentration is substantially lower proportionally in relation to that of
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membrane-resident PI3K.PM (which, at 720 nM, is roughly one-and-a-half orders of magnitude
higher).So, it could be argued that, given the 1:1 stoichiometry in both cases, GBy is acting as

more of a drag on the second reaction than PI3K is acting as a drag on the first one.

Concentrations, Volumes, and Global Quantity Values
8e-07 -

7e-07 -

PI3K.PM

6e-07 —|

4e-07

fmol /(fl

Je-07

2e-07

1e-07

Gbg

PI3K

f T T T T T v T -
0 500 1,000 1,500 2,000

Figure 2.6. Concentrations of PI3K, PI3K*.GBy and PI3K.PM.

Because this model, not unreasonably, allows only activated, membrane-bound PI3K to convert
PIP2 to PIP3, and only around nine molecules, on average, are available in this form at any given
time, levels of PIP3 are correspondingly low. As shown in Figure 2.7, levels of PIP3 formation peak
at only 0.017 particles per second in the first few hundred seconds, before falling again, so that

with 10,000 seconds elapsed, levels of PIP3 have barely reached 90 molecules (Figure 2.8].

Since Rac1GEFs require PIP3 binding to become activated, levels of activated Rac1GEFs are
inevitably very low as a consequence of the very low levels of PIP3, as shown in Figure 2.9, where
average levels are still well below one molecule with 50,000 seconds elapsed. Because each
activated Rac1GEF can activate more than one Racl, of which there are many (330,000

molecules), and because both activated Rac1GEFs and inactive Racl are both membrane-bound
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(meaning both are in relatively high concentrations, owing to the very low PM volume), even this
low number of Rac1GEFs is able to activate a much larger number of Racl molecules (over 500,

with 50,000 seconds elapsed, Figure 2.10).

Particle Number Rates, Volume Rates, and Global Quantity Rates
0.02 4

0.015 4

@ 001 PIP3

0.005

T

T T T T 1
0 2,000 4,000 6,000 8,000 10,000

Figure 2.7. Particle formation rates for PIP3.
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Particle Numbers, Volumes, and Global Quantity Values

100 o
80 —
5”_ - - | PIP3
40:
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Figure.2.8. Particle numbers of PIP3.
e Particle Numbers, Volumes, and Global Quantity Values
0.5 4
ve Rac1GEF*. PIP3
0.3 4
0.2 +
0.1
o " " T " " i i T " " i i T " " i i T 1
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Figure 2.9. Particle numbers of activated Rac1GEF*. PIP3.
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Particle Numbers, Volumes, and Global Quantity Values
600 4

500 —_
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Figure 2.10. Particle numbers of activated Racl*.

However, given the time taken and the large numbers of available Racl molecules (330,000), as
well as the fact that SDF1 in this model is provided in continual excess, these actually represent
very low numbers of activated Racl. As mentioned earlier, a major reason for this is that the
large levels of GBy (around 27,000 molecules) created downstream of this SDF1-CXCR4 binding,
only result in around 90 molecules of PIP3 being generated within 10,000 seconds, by which time
the rate of PIP3 formation is steadily falling. And, as explained, the main cause of this deficit is

the very low rate at which membrane-bound inactive PI3K is activated by GPBy.

This suggests that one way to substantially increase the overall PIP3 yield would be to prevent
PI3K recruitment to the cell membrane until it has been activated. There is some support for this
assumption in the literature, including evidence suggesting that prior binding by GBy is required
for membrane recruitment of the p110y catalytic subunit 1*9, but clearly this is a different enzyme
with a different regulatory subunit, so may not be relevant. However, whilst examining this

evidence, it was realised that the existing model contains an incorrect assumption, namely that
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trimeric G proteins and their subunits are mainly cytosolic. In fact, for much of the time, whether
in associated or dissociated states, they remain bound to the plasma membrane® either

attached to their associated receptor or diffusing laterally within the membrane.

Adjusting the model to incorporate this new assumption to some extent obviates the need for
prior GBy binding, as it will tend to reduce the disadvantage inactive membrane-resident PI3K has
against its cytosolic counterparts, in terms of GBy-mediated activation. This is confirmed by the

results from this new version of the model, as can be seen in Figure 2.11.

2.4.2 Results from Version 2 of the COPASI model

Particle Numbers, Volumes, and Global Quantity Values
2,000 -

. Gbg

1,500
1,000
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PI3K*.Gbg.PM

T T T T T T T T 1
0 2,000 4,000 6,000 8,000 10,000

Figure 2.11. Particle numbers of GBy and activated, membrane-boundPI3K*.GBy.PM, in the
second version of the model.

Now, despite much less GBy being created (with steady-state levels of around 1700 molecules as

opposed to 27,000 previously), PI3K is being converted into activated, membrane-bound
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PI3K*.GBy.PM in much larger quantities. Thus, after 10,000 seconds, around 120 molecules of the
latter have been created, whereas, after the same time had elapsed in the original model, less
than 10 molecules had been created. Consequently, much more PIP3 is produced in this new
version of the model (around 440 molecules as opposed to around 90 molecules formally (Figure
2.8). In other words, nearly 5 times as much PIP3 is produced (after 10,000 seconds), as seen in

Figure 2.12.

Particle Numbers, Volumes, and Global Quantity Values
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Figure 2.12. Particle levels of PIP3 in the second version of the model.

Levels of activated Rac1GEFs and Rac1 are similarly higher compared with the previous model
(with average particle numbers of around 25 molecules of Rac1GEF*.PIP3 as against 0.6
molecules, and nearly 20,000 molecules of Racl*as against nearly 500 molecules, with 50,000

seconds elapsed), as can be seen by comparing Figures 2.13 and 2.14with Figures 2.9 and 2.10.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure. 2.13. Particle levels of activated Rac1GEF*.PIP3 in the second version of the model.
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Figure 2.14. Particle levels of activated Rac1* in the second version of the model.

Thus this apparently minor change in assumptions (i.e. making G protein subunits membrane-
resident) has resulted in a 40-fold increase in levels of activated Rac1, with a similar increase for

Rac1GEF*.PIP3.
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However, given the highly favourable conditions mentioned earlier, this still demonstrates a
limited response, even allowing for the fact that Hela cells are relatively slow-moving in response

to external stimulation 2, and thus may be constitutively refractory in this respect.

Another change that could be considered is to make the further assumption that inactive

Racl1GEFs are membrane-resident rather than cytosolic.

2.4.3 Results from Version 3 of the COPASI model

When this change is made, whilst leaving G proteins and their subunits cytosolic, this results in
substantial increases in levels of activated Rac1GEF*.PIP3 and activated Rac1*, compared to the
original model. This is despite levels of GBy and PI3K*. GBy.PM and PIP3 (once one allows for
increased take-up by Rac1GEFs) remaining largely unchanged. Specifically, in the course of 50,000
seconds, levels of activated Rac1GEF*.PIP3 rise to around 127 molecules (as against less than one
molecule in the original model), while levels of Rac1* rise to roughly 80,000 molecules, as against

500, over the same time period.

This can be seen by comparing Figures 2.15, 2.16 and 2.17 with Figures 2.8, 2.9 and 2.10. As these
Figures show, in this latest version of the model more than half of available Rac1GEFs are
activated before 50,000 seconds have elapsed, and more than three times as much Rac1 (over

70,000 molecules as compared to 20,000 previously ).
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 2.15. Particle numbers of PI3K*.GBy.PM and PIP3 in the third version of the model.
Particle Numbers, Volumes, and Global Quantity Values
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Figure 2.16. Particle levels of activated Rac1GEF*.PIP3 in the third version of the model.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 2.17. Particle levels of activated vs activated Rac1* in the third version of the model.

Clearly this is a very substantial increase in all the key outputs of the model, and can be explained
by increased uptake of PIP3 by membrane-resident Rac1GEFs, whose concentration is higher than
when it is resident in the cytosol. As explained earlier, this higher relative concentration results in
a higher reaction rate, which can be understood non-mathematically as the result of a much-
increased likelihood of PIP3 and Rac1GEFs encountering each other when both are membrane-
resident. This is confirmed by comparing reaction fluxes for Rac1GEF-PIP3 binding in this new

version of the model, as compared with the original, as shown in Figures 2.18 and 2.19.
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Figure 2.18. Reaction flux for Rac1GEF*.PIP3 formation from cytosolic Rac1GEF and PIP3. (First
version of model.)
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Figure 2.19. Reaction flux for Rac1GEF*.PIP3 formation from membrane-resident Rac1GEF and
PIP3. (Third version of model.)

Thus, assuming that inactive Rac1GEFs are primarily membrane-resident leads to a nearly 100-
fold increase in the reaction rate for Rac1GEF-PIP3 binding. However, it has to be acknowledged

that the evidence in support of Rac1GEF being predominantly membrane-resident, is only limited.
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Certainly, a large proportion of Rac1GEFs contain PH domains (often in combination with DH
domains), which typically bind to phosphoinositide-rich membranes®*®*, However, such binding

appears to be absent in the case of many Rac1GEFs!®®

. For this reason, despite the obvious
increase in Racl activation, this assumption is not included in further models, whereas G protein

membrane-residency is retained, as a closer reflection of the underlying physiological reality.

At this point there are still a number of unrealistic assumptions in the model that have been
included for the sake of simplifying the model. Amongst the most critical of these are the twin
assumptions that both SDF1 and PIP2 are held at fixed levels. This means that they are effectively
inexhaustible. Replacing these assumptions should help to make the model more realistic, in

terms of better reflecting the underlying physiological reality that it is supposed to model.

Given that SDF1 levels (2.2e-08 M) in this model are not considered unreasonable (being held at a
concentrations deemed physiologically optimal in a published chemotaxis assay result %), a
straightforward way of making their availability more realistic is to use events. Events allow the
user to introduce changes to the model during runtime. This allows SDF1 to be introduced
sometime after the model has run (to see how it runs without SDF1) and then withdrawn at a
later stage, in order to see how the model responds to this withdrawal. Other than this, all that is
required is to set the initial concentration of SDF1 to zero and make its levels reaction-dependent

rather than fixed.

Unfortunately this same approach cannot be used for PIP2 because, being a precursor for PIP3, it
is important to see how variability in its availability affects levels of PIP3, as well as other
downstream aspects of the model. For this reason it is better to model PIP2 formation in ways
that more faithfully reflect how it is generated in vivo, especially in response to chemotactic
signals. This requires the introduction of four new species (PI, PIP, PI4K and PI5K) and two new
reactions (one for phosphorylation of Pl to PIP, by Pl4K, and the other for phosphorylation of PIP

to PIP2 by PI5K).
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Rather than introducing both of these new changes together in the same model, it is usually

better to introduce major changes like this in stages, that is to say, one model at a time. In this

case, PIP2 generation is introduced first. Including the changes to G protein residency introduced

earlier, the changes to the original model, up to this point, can be summarised in Tables2.6and

2.7.

In common with the second version of the model (which just had membrane-resident G proteins),

levels of GBy are relatively low, at 1700 molecules, after 10,000 seconds elapsed (Figure 2.20).

Over the same time period, levels of PI3K*.GBy.PM are about the same as the second version (at

117 molecules, as opposed to 120, as shown in Figure 2.21).

Species Compartment Particle# Concentration Notes
(LM)

Ga.GDP PM 0 0 Moved from cytosol to PM

Ga.GDP PM 0 0 ditto

GBy PM 0 0 ditto

Gi.GDP PM 340,000 88.2 ditto
Gi.GTP PM 0 0 ditto

Pl PM 100,000 26 New species, Estimate,
based on relative levels
reported by Xu and
colleagues®®®,

PI(4,5)P2 PM 2800 0.73 Quantity no longer fixed.
Estimate, based on
relative levels reported by
Xu and colleagues .

P14K PM 24,000 6.2 New species. Copy
numbers taken from Hela
cell quantitative proteome
182.

PI5K PM 15,000 3.9 New species. Copy
numbers taken from Hela
cell quantitative proteome
182.

PIP PM 2000 0.52 New species, Estimate,
based on relative levels
reported by Xu and
colleagues %,

Table 2.6. Summary of species, and changes to compartment of existing species in models after

the base model.
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Reaction description Reaction equation Rate law Rate constant values

Pl phosphorylation to PIP Pl -> PIP; Pl4K Michaelis- kcat=2.77 s
Menten Km = 1.6e-05 M*#!

PIP phosphorylation to PIP2 | PIP ->PI(4,5)P2; PI5K | Michaelis- kcat=1.02 s
Menten Km = 1.0e-05 M*#!

Table 2.7. Reactions added to the fourth version of the model.

2.4.4 Results from Version 4 of the COPASI model

Particle and Global Values

Gbg

Figure 2.20. Particle levels of GBy in the fourth version of the model. Peak particles numbers of
Gy ~ 1900. Time course 10,000 s.
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Figure 2.21. Particle levels of PI3K*.GBy.PM in the fourth version of the model. Peak particle
levels =~ 117. Time course 10,000 s.
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However, because PIP2 levels are so much higher from early on (at around 105,000 molecules,
after 30 seconds elapsed, Figure 2.22), as compared to a fixed level of 20,000 molecules in the
second model, these 117 molecules of PI3K*.GBy.PM are able to generate substantially higher
peak levels of PIP3 (8500 molecules, Figure 2.23) as against 440 molecules in the second model
(Figure 2.12). This is confirmed by a comparison of the reaction fluxes for PIP2 phosphorylation
(Figures 2.24 and 2.25), for the two models, which shows that within 500 seconds, the flux rate
for this fourth model has reached a peak level of approximately 1.6e-09 fmol/s (Figures 2.25),
whereas, over the same time period in the second version, this rate has plateaued at around 4e-

10 fmol/s (Figure 2.24).

Particle Numbers, Volumes, and Global Quantity Values

PIP2

Figure 2.22. Particle levels of PIP2 in the fourth model. Peak particles numbers ~ 105000. Time
course 10,000 s.
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Figure 2.23. Particle levels of PIP3 in the fourth model.
) Reaction Fluxes
PIP2 -> PIP3; PI3K*.Gbg.PM

Figure 2.24. Reaction flux for PIP2 phosphorylation to PIP3 by PI3K, in second version of model.
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Reaction Fluxes
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Figure2.25. Reaction flux for PIP2 phosphorylation to PIP3 by PI3K, in fourth version of model.

Over 50,000 seconds, this results in a nearly sevenfold increase in activated Rac1GEF*.PIP3 (170
molecules as against 25) and a fivefold increase in activated Rac1*(around 100,000 molecules as
against 20,000 in the second model). These can be seen by comparing Figures 2.26 and 2.27, with
Figures 2.13 and 2.14. In the second version of the model (which just had membrane-resident G
proteins), levels of GBy are relatively low, at 1700 molecules, after 10,000 seconds elapsed (Figure
2.11). Over the same time period, levels of PI3K*.GBy.PM are about the same as the second

version at 117 molecules (Figure 2.21), as opposed to 120, as shown in Figure 2.11.

Adding in SDF1 as a bolus, rather than being continuously available (and at a fixed level), can most
conveniently be done with an event, as was explained earlier. However, including just SDF1
addition in this event would mean that PIP2 generation (which now includes PIP generation from
Pl) is still occurring from the outset. Given how much PIP2 is now being generated, and how

quickly it reaches these peak levels, this could seriously distort the model results.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 2.26. Particle numbers of activated Rac1GEF*.PIP3 in fourth version of the model.
Time course 10,000 s
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Figure 2.27. Particle numbers for inactive Racl and activated Rac1*in fourth version of the model.
Time course 10,000 s

This is because there is likely to be some free GBy available, even in the total absence of SDF1,
simply as a result of normal G protein metabolism. This in turn makes it likely that there will be
some activated PI3K, ready to turn this large amount of PIP2 into PIP3, with downstream
consequences for Rac1GEF and Racl activation.
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In any case, the underlying assumptions in the previous version of the model, that Pl4K and PI5K
are active (and in earlier versions, that PIP2 is constitutively available in large amounts), is only
valid if we assume that SDF1 stimulation also occurs from the outset. (Such large amounts of PIP2
are not normally seen in resting cells, being typically seen as the downstream of major stimulation

events, such as by external chemotactic agents.)

For this reason It makes sense to include Pl4K and PI5K activation in the same event as SDF1
addition and, in fact, because of the way COPASI implements events, the most straightforward
way of doing this is to assume that, like SDF1, both kinases only come into existence at the same
time as SDF1. This means also that, to keep the model consistent, both kinases are removed at

the same time as SDF1, all of which requires a separate event.

Taken together, this requires further modifications to the original model, as shown in Tables 2.8
and 2.9.

Species Compartment Particle # Concentration Notes
(M)
SDF1 Extracellular Oor.. 0 or 2.2e-08 Starts at zero

levels, then is
introduced and
removed as two

events.
Pl14K PM 0 or 24,000 0 or 6.2e-06 ditto
PI5K PM 0 or 15,000 0 or 3.9e-06 ditto
Table 2.8. Changes in species quantities for fifth version of model, compared to previous
versions.
Event name Time triggered (Model time) Results
SDF1, Pl4K, PI5K On 1500 seconds SDF1, P14K and PI5K

increased from zero levels to
their working levels.

SDF1, Pl4K, PI5K Off 8500 seconds SDF1, PI4K and PI5K
decreased from their
working levels to zero levels.
Table 2.9. New events added to this fifth version of the model.
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2.4.5 Results from Version 5 of the COPASI model

However, running this new model reveals a serious defect in all the models, which was not

apparent until now. This can be seen from Figures2.28, 2.29, 2.30 and 2.31.

Particle Numbers, Volumes, and Global Quantity Values 1
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Figure 2.28.SDF1 particle numbers in fifth version of the model.
Peak particle numbers ~ 1900. Time course 10,000 s
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Figure 2.29. GPy particle numbers in fifth version of the model.
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Particle Numbers, Volumes, and Global Quantity Values 1
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Figure 2.30. Particle numbers for all activated and/or SDF1-bound CXCR4 species in fifth version
of model. (Except CXCR4.SDF1.Gi.GDP, for which peak levels are too high to fit in the same
graph.) Peak particle levels of CXCR4.SDF1 ~ 1100 for reference. Time course 10,000 s.

Particle Numbers, Volumes, and Global Quantity Values 1
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CXCR4.Gi.GDP

Figure 2.31.Particle numbers for CXCR4.Gi.GDP, CXCR4. SDF1.Gi.GDP, Gi.GTP, Gi.GGP and GBy in
fifth version of model.

Despite SDF1 not being introduced until 1500 seconds have elapsed (Figure 2.28), levels of GBy
have almost immediately risen to a steady state level of 1700 molecules (Figure 2.29), i.e. the

same steady-state level as seen in the second and fourth versions of the model.
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In other words, the GBy stimulus in this, and these previous models, is not generated as a result of
SDF1 binding to CXCR4 but simply as a breakdown product of unstimulated G protein metabolism.
This is confirmed by Figure 2.30, showing that no SDF1-bound or otherwise activated CXCR4
species are seen in any number until 1500 seconds have elapsed, i.e. as a result of SDF1

stimulation.

The reason for the lack of GBy can be seen in Figure 2.31, with all GBy, other than the initial 1700
molecules, locked up in CXCR4.Gi.GDP,CXCR4.SDF1.Gi.GDP and Gi.GTP. On further looking into
this, it seems clear that the primary reason is that the G protein reaction schema adapted from
Purvis and colleagues ¥ (based on the Kinzer-Ursem and Linderman ternary complex model*®) is
faulty. An unusual feature of it is that, instead of the attached Gi.GTP separating into its
component Gai.GTP and Gy parts, while still attached to the activated CXCR4*receptor, the
Gi.GTP is first released before being hydrolysed. In fact, the hydrolysis rate constant kGTP has
been copied incorrectly from the Purvis model (as 0.0008 s, instead of 0.013 s!) but correcting
this does not resolve the problem of GBy effectively being locked up. (Although it does alter
relative levels of Ga.GDP and Ga.GTP).Another unusual feature is that the reaction schema has a
reaction step for activated Ga subunit re-association (Ga.GTP + GBy = Gi.GTP), which in this model
is deemed to occur at the same rate as inactivated Ga subunit re-association (Ga.GDP + GBy =
Gi.GDP). (In this regard, the model follows the same practice as the Purvis model, albeit

substituting reaction rates specific for Gi G proteins.)

As a starting point, we should try replacing these reactions with a set of reactions that better

reflect a more conventional understanding of GPCR dynamics. At the same time, now that it is
more directly associated with GTP hydrolysis, the erroneous kGTP value can be replaced with a
value based on a published GTP hydrolysis rate for Gai subunits®’. This results in the changes

seen in Tables 2.10 and 2.11.
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releasing Gi.GTP (to
CXCR4* + Gi.GTP)

CXCR4* + Gi.GTP

CXCR4*.Gi.GTP =
CXCR4* + Ga.GTP +

Reaction Reaction equation Action Reason /Reference
Activated Gab subunit | Ga.GTP + Gbg = Removed Not considered
association (to Gi.GTP) | Gi.GTP conventional
CXCR4*.Gi.GTP CXCR4*.Gi.GTP = Altered to Replacement with

more conventional
interpretation of

Ga.GDP + Gbg)

Gbg

>Ga.GDP

Gbg GPCR dynamics
CXCR4*.SDF1.Gi.GTP CXCR4*.SDF1.Gi.GTP = | Altered to CXCR4*. Ditto
releases Gi.GTP (to CXCR4*.SDF1 + Gi.GTP | SDF1.Gi.GTP =
CXCR4*.SDF1 + CXCR4*. SDF1 +
Gi.GTP) Ga.GTP + Gbg
Gi.GTP hydrolysis (to Gi.GTP ->Ga.GDP + Altered to Ga.GTP - Ditto

Table 2.10. Changes to reactions in this model, compared to previous models.

Rate constant Function Old value New value Reference

value

kGTP Rate of 0.008 st 0.05s Replacement
hydrolysis of Ga- with Gai.GTP
associated GTP appropriate
(to Ga.GDP) value®,

Table 2.11. Change to rate constant value (Global variable), compared to previous models.

2.4.6 Results from Version 6 of the COPASI model

Running this new version of the model leads to some changes in G protein-related behaviour, as

shown in Figures 2.32and 2.33below.
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Particle numbers for GBy and PI3K*.GBy.PM in sixth version of model.
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Particle Numbers, Volumes, and Global Quantity Values 1
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Figure 2.33. Particle numbers for GBy, PI3K*.GBy.PM, Rac1GEF*.PIP3 and Racl*in sixth version of
model.

These show a distinct increase in levels of GBy and (less obviously) in levels of activated
PI3K*.GBy.PM (Figure 2.32) with concomitant increases in levels of Rac1GEF*.PIP3 and activated
Rac1*(Figure 2.33). Furthermore, It seems clear that these elevated levels of Rac1GEF*.PIP3 and
Racl*are the direct result of SDF1 stimulation in this new version of the model, given that they
both only start to rise after the point where SDF1 stimulation first starts. What is very puzzling in
both these Figures is that, instead of falling at the 8500 second mark, when SDF1 is removed,
there is actually a further increase in both. Indeed, this increase is clearly even larger than when
SDF1 is introduced. This is further supported by the greater rate of increase in Rac1GEF*.PIP3and

Racl*seen shortly after this time.
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Particle Numbers, Volumes, and Global Quantity Values 1
CXCR4
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Figure 2.34. CXCR4.Gi.GDP, CXCR4. SDF1.Gi.GDP, Gi.GTP, Gi.GGP and Gy in sixth version of
model.

Looking at Figure 2.34, it seems clear that, as SDF1 is added, the vast majority of CXCR4 is
replaced by SDF1-bound but inactive CXCR4.SDF1.Gi.GDP. As this SDF1 is then removed and
levels of CXCR4.SDF1.Gi.GDP fall away, only around three-quarters is replaced by CXCR4.Gi.GDP,
implying that the remainder must be filled by other non-SDF1-bearing CXCR4 complexes.
Surprisingly, as Figure2.35shows, several of these are activated CXCR4 forms. Since the vast
majority of this is in the form ofCXCR4*.Gi.GDP, it is only to be expected that the bound Gi.GDP

will then be activated (to Gi.GTP) and then hydrolysed to Ga.GDP and Gpy.

Furthermore, since it is an assumption of the model (in common with the Purvis ! and Kinzer-
Ursem and Linderman®®®models) that release of G protein components by activated
CXCR4*doesn’t immediately result in its inactivation, there may well be time for further cycles of
Gi.GDP activation, release and hydrolysis while this unbound CXCR4*is still active. Given that this
underlying assumption is not unreasonable, it may be that this “double bounce” effect can be

viewed as a credible prediction of the model, to be tested against real-world behaviour.
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Particle Numbers, Volumes, and Global Quantity Values 1
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Figure 2.35. CXCR4*.Gi.GDP,CXCR4*.Gi and CXCR4*in sixth version of model.

However, it is unlikely that the same can be said for the fact that GBy levels fail to fall away as
SDF1 stimulation is removed. Rather, this appears to be the result of further limitations of the
model as it currently stands. One possible cause, not previously addressed, is that intracellular
levels of GTP and GDP are assumed to be available in excess and in equal amounts (specifically, at
concentrations of one millimolar each). In fact, according to some reports, under physiological
conditions, intracellular levels of GTP are typically around 10 times more numerous than GDP*%,

Taking an average value from the literature for GTP %, this leads to further changes to the

existing model, as shown in Table 2.12.

Species Compartment Particle # Concentration Notes
(LM)
GTP Cytosol ~450,000,000 500 Average of two

reported values
198

GDP Cytosol ~45,000,000 50 One-tenth GTP
value 1%

Table 2.12. Changes to species in seventh version of model.
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2.4.7 Results from Version 7 of the COPASI model

Implementing these changes leads to Gy levels falling after SDF1 removal, although not by much,

as can be seen in Figure 2.36.
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Figure 2.36. Particle levels for GBy and activated PI3K*.GBy.PM in seventh version of model.
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Figure 2.37. Particle levels for GBy, PIP3, Rac1GEF*.PIP3 and Racl1* in seventh version of model.
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More surprisingly, reducing both GTP and GDP levels and altering the balance between them, has
led to a nearly fourfold increase in peak GBy levels (from around 7500 molecules to over 30,000,
over 20,000 seconds), a near-doubling of PIP3 levels (from around 40,000 molecules to 80,000)
and an approximately 60% increase in activated Racl*levels (from around 100,000 to around
160,000 molecules), as shown in Figure 2.37. In fact, as the results of parameter scans on GTP
and GDP concentrations show, in Figures 2.38 and 2.39, decreasing GDP levels results in a

substantial increase in GBy levels, whereas decreasing GTP levels has the opposite result.

Particle Numbers, Volumes, and Global Quantity Values 1
50,000

40,000 - i
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Increasing GDP
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S

Figure 2.38. Results of parameter scan on GDP concentrations as affecting GBy levels in seventh
version of model.
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Figure 2.39. Results of parameter scan on GTP concentrations as affecting GBy levels in seventh
version of model.
It is noticeable also, that the lowest GDP concentrations in Figures 2.38 are associated with a

decline in GBy levels, after the initial two increases, something not seen at higher GDP

concentrations.

At this point, despite some of the obvious problems with the submodel, as just discussed, and in
terms of its overall runtime, its development has begun to stabilise to the point where various
forms of sensitivity analysis can be justified. As explained earlier, such analysis helps to determine
what parameters are critical to a model’s behaviour. Performing a time series(as opposed to a
steady state) analysis for GBy, PIP3 and activated Rac1* levels over 20,000 seconds (and then

scaling the result), produces the results seen in Figures 2.40-42.
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Relative sensitivities for Gbg (scaled)
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Figure 2.40. Selected results of time series sensitivity analysis for model Gy particle levels over
20,000 seconds. Scaled output plotted in MS Excel.

Relative sensitivities for PIP3 (scaled)
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Figure 2.41. Selected results of time series sensitivity analysis for model PIP3 particle levels over
20,000 seconds. Scaled output plotted in MS Excel.
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Relative sensitivities for Racl (scaled)

(Racl + Rac1GEF*.PIP3 -> Racl* + Rac1GEF*.PIP3).k1
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Figure 2.42. Selected results of time series sensitivity analysis for model Rac1* particle levels over
20,000 seconds. Scaled output plotted in MS Excel.

An interesting trend noticeable here is how various constants that determine CXCR4-SDF1 binding
and associated G protein changes, show a decreasing influence as the sensitivity analysis moves
further downstream from CXCR4-SDF1 binding. So, for instance, the constant Alpha, a measure of
the extent to which SDF1 binding facilitates CXCR4 activation, has a relative sensitivity value of
0.82 (i.e. 82% of the maximum) for GBy levels, but only a value of 0.14 for levels of activated
Rac1*. Similarly, the constant kGTP (the GTP hydrolysis rate constant) decreases substantially
from a very high value of -0.98, as a negative influence on GBy levels, to a more modest value of -

0.16 for activated Racl* levels.

Of course, there is no surprise in this, given that, the further downstream the analysis, the more

factors are inevitably involved. However, it illustrates a common finding: that increased reaction
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path length in signalling cascades is often associated with increased robustness, in terms of the
final response to the initial stimulus.

Certainly, a number of systems biology models have been shown to have a very low sensitivity to
changes in kinetic parameters'®®, a finding that extends to signalling networks?%%201.292 " This may
help to explain the notable insensitivity of the more downstream species, such as Racl*, to

changes in upstream reaction rate constants, observed in the HeLa model described above.

Unfortunately, these latest sensitivity analysis results serve only to reinforce an overall impression
that this lamellipodia submodel is likely to remain a poor model of the underlying reality, even
after further substantial changes are made. What this analysis seems to be suggesting is that the
scope for adjusting the model, to produce a much more rapid Racl*response, maybe limited to
only a few very downstream factors. Given how much the model needs to be speeded up (as
explained in the next section), it is not at all clear that such changes could be justified by
reference to the literature or by other arguments based on our current understanding of the

relevant biology.

Even if this is not the case, other considerations suggest the model does not justify further
development. One of these is the number of parameter values that have had to be estimated, in
the absence of reliable data from the literature. Given the large number of such unknowns,
together with the continuing lack of confidence in the submodel’s behaviour, and lack of
understanding as to why it is not behaving much better than it is, it is hard to justify the
application of parameter estimation in order to bring its behaviour within more acceptable limits.
It would, in any case, be very challenging to specify desirable constraints for such a parameter
fitting process, so that the results achieved what was intended. Put simply, the model is too
large, there are too many unknowns and the outputs are too disparate for such an exercise to be

likely to prove beneficial.
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For all these reasons, further development of the model is not considered worthwhile beyond this

point, with no further results taken. This decision is explained in more detail in the next section.
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2.5 Discussion

2.5.1 Reasons for abandoning thisSDF1-CXCR4 lamellipodia submodel

The fact that after a number of changes have been made to it, G protein dynamics in this
submodel still continue to raise doubts, while the overall timescale required for critical outputs
such as PIP3 and Racl* to reach levels of several thousand molecules still remains in the order of
hours rather than minutes, suggest that the model does not justify further development. By this
is meant not just addition of the various additional species and reactions necessary for Rac1-
mediated cytoskeletal rearrangement, referred to in the introduction to this chapter (and set out
as a principal aim of the project in the previous chapter), but also any further attempts to speed

up the model to a more realistic time frame.

What should such a time frame be? Various reports suggest that the timescale of a single cycle of
extension and retraction for an individual lamellipodia is in the order of 3-10 minutes

203,204,205 consistent with other reports that the timescale of cell spreading is of the same order 2°°.
This timescale also seems consistent with various reports concerning average lifetimes of
lamellipodia-associated FAs, ranging from seconds to minutes depending on size and maturation
levels 207208209 Gjyen these FA lifetimes, it seems highly unlikely that this submodel can be altered

to provide outputs such as PIP3 and actin-related data, which can usefully inform the intended FA

submodel to be developed in the next phase.

If the development of this lamellipodia model had been the primary aim of the project, a different
decision might have been reached. However, the fact that the main aim is to investigate FA

dynamics, and (as will be shown later) there are alternative ways of achieving this, means that it
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makes most sense to abandon this submodel at this point, and to progress to the next phase,

albeit in a rather different form than originally intended.

2.5.2 Revised project aims

As was explained in the previous chapter, as well as FAs being activated by so-called inside-out
signalling (modelled in the form of SDF1-stimulation here), there is another form of activation,
outside-in signalling (Figure 1.3). This happens when integrin-ligation by appropriate ECM
proteins (such as collagens, fibronectin and laminin) stimulates formation of FAs, via a similar

PIP2-driven mechanism by which inside-out signalling drives such formation.

Therefore, the primary aim of this project will now be to develop such an outside-in model. This
has the additional benefit that it does not require integration with another submodel, as originally
intended, and of generally being much less ambitious. Given the problems encountered with this
submodel, such a scale-back in ambition appears the wisest course of action in terms of this

project.

In light of the lessons learnt here, it would seem to make sense to develop this model more
gradually than was attempted in this case. Therefore, only a relatively simple FA model,
consisting of integrin, a generic ECM Ligand, talin, and a very basic phosphoinositide mechanism
(even simpler than the one used here) will be developed in the next phase, described in Chapter
3. If this demonstrates overall behaviour consistent with what is seen physiologically, this will
then be developed in the final phase into a much more developed model of FA assembly and

disassembly. This phase will be described in Chapter 4.
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However, there are always lessons to be learnt, even from failed models, and these will be

discussed in the next section.

2.5.3 Insights and lessons to be drawn from the SDF1-CXCR4 lamellipodia submodel

The SDF1-CXCR4 chemotaxis model described in this chapter illustrates many of the challenges of
modelling cellular biology, many of which challenges are not just encountered with differential

equation models. Some of the more important ones are listed below.

2.5.3.1 Lack of relevant data in the literature to inform this submodel

In particular, reliable information relating to species initial concentrations and reaction rate
constants can be extremely elusive, if it is available at all. This was seen in the case of Rac1GEF
activation by PIP3, where arbitrary values were chosen for binding kinetics, after an exhaustive
search in the literature failed to find consensus values for Rac1GEFs. Similarly, the decision to
base CXCR4-SDF1 binding and related G protein dynamics on a published model of a different
GPCR system was heavily influenced by considerations of the time likely to be required in finding
rate constants for all the different reactions involved. As it turned out, this decision had
unexpected consequences, with the model not behaving as expected, especially concerning GBy
dynamics. This may be because, in the original model, there was no downstream role for GBy,

whereas, of course, in this model it plays a critical role.
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2.5.3.2 Choices of which proteins and isoforms to include in this submodel

There may be additional challenges determining which of a number of different isoforms of a
particular protein to include in a model, and how best to model certain interactions between
different species. Thus, for PI3K, there are five different forms of the p85 regulatory subunit
(p850a, p85R, p55a, p55R, p50a) and three different isoforms of the p110 catalytic subunit that
they regulate (p110a, p110R8, p1108) [Geering et al, 2007].0Only one of these three catalytic
subunits (p110R) is known to be influenced by GBy, with such simulation being particularly
implicated in GPCR-mediated cell migration [Kurosuet al, 1997; Dbouk et al, 2012]. However, in
addition to the three p110 catalytic mentioned, there is a fourth one, p110y, that is regulated by
another class of regulatory subunit, p101,, and is also known to be simulated by GBy and involved

in chemotaxis [Brock et al, 2003].

Given that PIP3 is thought to be the principal intermediate link between such PI3K activation and
pro-migratory activities such as lamellipodia formation, there was a strong case for including both
the p110B and p110y isoforms of the model from the outset. Certainly. including the latter would
clearly have made the model more complete. However, it would also have required additional
reactions for its activation and PIP2 phosphorylation activity, adding to model complexity and,
most likely, requiring considerable time to obtain the necessary reaction rate constant values.
Alternatively, both isoforms could have been batched together. However, this would have
required estimating suitable reaction rates for their joint activation and PIP2-phosphorylation
activity, which might well have been very challenging to determine. For these reasons it had been
intended to leave the addition of the PI3Ky isoform to a later version of the model, once the
model had begun to show generally acceptable behaviour, and when the effects of adding it could

be more clearly assessed.
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As another example of the often difficult choices to be made concerning what species to include,
a number of Racl GEFs (including TIAM1, TRIO, PREX1 and two VAV species) have been grouped
together as a single species (named Rac1GEFs). These have been selected from a larger group of
reported Rho-family GEFs, based on their reported Racl activity. However, this is by no means a
clear-cut decision. For instance, a third member of the VAV family (VAV3) has been excluded,
purely on the basis that it is reported to show a preference for RhoA and RhoG over Rac1 2%,

meaning that the copy number of Rac1GEFs is 4000 less than it might otherwise be 22,

2.5.3.3 Decisions over reaction aggregation and simplification

Where, as in the case here, a system is comprised of a relatively large number of reactions, it may
be necessary and beneficial to simplify and abbreviate some of these reactions, at least at the
beginning of model development. For instance, in this model Rac1GEF activation of Racl has
been abbreviated to a single reaction with irreversible mass action kinetics, whereas, in fact, like
other GEFs, they accelerate the exchange of GDP for GTP (bound by the Racl monomeric GTPase)
in an essentially enzymatic reaction. A fuller modelling of such activation would require three
reactions at the very least, one for Rac1GEF-Racl binding, another (employing enzyme kinetics)
for GDP-GTP exchange and a final one for Rac1-GTP activation. However, this would involve
adding two further reactions to the twenty-eight in the initial model. For a model in the early
stages of development, it is unlikely that such a modification would add any real benefit, and is

something that can usually be deferred to a later stage.
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2.5.3.4 Decisions over what functionality to include in this submodel

The same considerations apply on a larger scale, when considering what aspects of system
behaviour to include in the model. For instance, it is known that tyrosine phosphorylation also
plays a large role in activating PI3Ks, with such phosphorylation typically mediated by receptor
tyrosine kinases, such as growth factor receptors?!.It has also been shown that the Gaq G protein
subunit plays a role in SDF1-mediated chemotaxis, apparently exerting an inhibitory role *7°,
However, adding in both of these aspects would greatly add to the complexity of the model,

without necessarily making it any more useful as a predictive or explanatory tool.

Before expanding any model in this way, it is essential to have it working reliably in the first place.
Ideally, in most cases, this means starting with the simplest model that can produce predictable
results, then using experimental data to validate it. Only once this model has shown itself to
reliably produce valid results should one then proceed to expand it to include other behaviours,
and only then by small increments, further validating it with each step. Clearly by this standard,

the model described here as been over-ambitious from the outset.

2.5.3.5 Significance of choices concerning which compartments species are resident in

Turning to more specific aspects of the model, it became clear very early on that determining
which model compartment a particular species should be resident in can be critical to the
subsequent behaviour of the model. This is because the rate of most reactions is heavily
determined by the concentrations of the various reactants, with reactants in higher
concentrations being more likely to encounter each other than those in lower concentrations

(simplifying it somewhat).
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For example, changes to the second version of the model to make G protein subunits (including,
most importantly, GBy) membrane-resident rather than cytosolic (as in the first version) resulted
in much higher levels of PI3K.GBy .PM, PIP3, Rac1GEF*.PIP3 and Rac1*(Figures 2.11-14) than in
the first version (Figures 2.2-3, 2.8-10, respectively). Similarly, changing inactive Rac1GEF from
cytosolic to membrane-resident in the third version resulted in much higher levels
ofRac1GEF*.PIP3 and Racl1*(Figures 2.16 and 2.17) than in the second version (Figures 2.13 and
2.14, respectively). As the case of GBy shows, such decisions can be particularly important in the
case of species early on in a signal cascade, or similar, where there are successive amplifications
of other downstream species. Obviously, though, the modeller must be guided by the evidence in
deciding which compartments allocate a particular species. In this case the published literature
conclusively pointed to G protein subunits being membrane-bound; however, there was

insufficient evidence to support such residency for inactive Rac1GEF.

2.5.3.6 Differences resulting from changing modes of availability of key species

Changing PIP2 from being available ab inijtio as a fixed amount (20000 molecules) to being
generated by PI5K (from PIP, itself generated from PI by Pl4K) resulted in much more PIP2 in the
fourth version of the model as compared to earlier versions (Figure 2.22) and therefore in
increased levels of PIP3 (despite no increase in levels of activated PI3K), Rac1GEF*.PIP3 and Rac1*
(seen by comparing Figures 2.23, 2.26 and 2.27 with 2.12-14, respectively). This is to be expected,
given that within 30 seconds peak levels of PIP2 had reached 105,000 molecules (Figure 2.22),
more than five times the fixed level of earlier versions, leading to similar increases in
Racl1GEF*.PIP3 and Racl*. However, it seems remarkable that so much PIP2 can be generated so
quickly (using enzymatic rates based on the literature), giving some idea of how PIP2 is able to

drive lamellipodia and accompanying FA formation at the rate seen physiologically.
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Introducing SDF1 as a delayed bolus in version 5, rather than making it available immediately, as
in earlier models, revealed a problem with the way G protein dynamics was modelled, not
apparent previously. The early rapid increase in GBy levels that had been assumed to be a
response to SDF1 stimulation, turned out to be entirely the product of normal G protein

I*8 itself based on a

metabolism, as based on a reaction scheme used in a published mode
published reaction schema ¥, Since the G protein reaction scheme in question appeared to work
without problems in that model, it was assumed that the modified version used here would also

work acceptably. However, in that particular model GBy did not perform any useful role so any

issues, if they arose, might not have been noticed.

Having removed, amended or replaced some of the more unconventional G protein-associated
reactions from the model resulted in increases in Gy that could be attributed entirely to SDF1
stimulation, as initially intended. Moreover, this sixth version of the model also shows further
increases in PI3K.GBy .PM, PIP3, Rac1GEF*.PIP3 and Rac1*(Figures 2.32-33) over and above those
already seen. However, there is also some puzzling behaviour by the model in relation to G
protein dynamics. Instead of levels of GBy, PI3K.GBy .PM, PIP3, Rac1GEF*.PIP3 and Racl*falling
back after the removal of SDF1 stimulus, this removal is accompanied by another further rapid
increase of these species (Figure 2.32-33). It is possible (if unlikely) that this sustained “double
bounce” behaviour is in agreement with what is seen physiologically, and could be considered a
valid testable prediction of the model. However, the failure of GBy levels to fall after SDF1
removal, suggests that there is still a problem with the model, in terms of G protein-related
behaviour, that needs to be resolved. If, after such resolution the same “double bounce”
behaviour continues then experiments to see if this is replicated in reality might then be

considered.
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2.5.3.7 Considerations when supplying key species in excess

The last version of the model altered levels of GTP and GDP both absolutely and relative to each
other, so that there was 10 times as much GTP as GDP, as opposed to being in equal numbers in
earlier versions. Despite the fact that both had been greatly in excess of all other cellular species
(at one millimolar concentrations), and remained so after the change (at 450,000,000 and
45,000,000 molecules respectively), these alterations in relative levels led to a fourfold increase in
peak Gy levels (as seen by comparing Figure 2.36 with 2.32) and substantial increases in
activated downstream species such as Rac1GEF*.PIP3 and Rac1*(Figures 2.38 and 2.39).
Subsequent parameter scans revealed that decreasing GDP levels and increasing GTP levels both
result in increasing peak Gy levels, explaining this difference. This result serves as a reminder
that relative levels of species can still be important in determining model behaviour, even when

vastly in excess.

2.5.3.8 Path length and system robustness

Finally, sensitivity analysis of the model reveals that sensitivities to upstream factors in the model
decrease as one moves downstream, so that, for instance, Racl* levels are less sensitive to
changes in factors affecting G protein dynamics than are Gy levels, even though there is some
amplification observable through the system. Thus the downstream behaviour can be said to be
relatively robust in this respect, in the sense of being influenced by a large number of different

factors, both upstream and downstream (Figures 2.40-42).
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2.5.3.9 Overall slowness of the model

It is clear that the model would need a number of changes to the overall timescale of events, if it
is to reflect the physiological reality. The timings for lamellipodia and FA lifetimes mentioned in
section 2.4.1 suggests that this would need to be in the order of tens of minutes, at most, rather
than taking more than 10 hours, as it currently does. However, as was seen in the case of moving
G proteins and inactive Rac1GEFs, reducing the size of compartments can lead to very substantial
reductions in the rate of the reactions in which they are involved. This, in turn, can result in

substantial reductions in the overall runtime of model simulations.

In reality, the actual (or effective) volume of both the cytosol and PM are much smaller than they
might appear from a simple calculation. After all, as well as being full of various organelles, such
as the nucleus and ER, already discounted here (section 2.2), the cytosol is also full of proteins
and other macromolecules, as well as fibres, as in microtubules and the actin cytoskeleton. Given
that both of these are associated with lamellipodia formation, which we are modelling here, one
could reasonably assume that the effective reaction volume in the vicinity of lamellipodia maybe
substantially reduced, compared to the rest of the cytosol. Similar considerations apply to the
PM, where, in the immediate vicinity of lamellipodia formation, the local resident protein
population will almost certainly increase considerably, as a result of large-scale recruitment of
cytoskeleton-associated protein such as profilin, CapZ and gelsolin by PIP2 and other

phosphoinositides?!?213,

However, this finding does not just apply to the major cellular compartments, such as the PM and
cytosol. In reality, the actual (or effective) volume in which a reaction occurs may be much
smaller than this. The obvious example is membrane species confined to lipid rafts, or similar
membrane microdomains. Here, clearly, any reaction between species resident in such

microdomains will involve a reaction volume far smaller than the volume of the PM itself. Similar
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considerations apply where reactions are confined in close proximity as a result of being bound
together on scaffold proteins. A good example here is the protein IQGAP1, which acts as a
scaffold protein for PI4K, PI5K and PI3K, feeding the product of one into the other, and thereby
considerably speeding up the production of PIP3 2}4, Confinement of reactants within lipid
compartments, such as endosomes, is another case where one would expect reactions to proceed
far more quickly (all other things being equal) than when the same number of reactants were
resident in the cytosol. However, as stated earlier, there are other problems with the submodel

that do not justify going down this route.
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Chapter 2 Graphical Summary
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Chapter 3 - A simple model of FA assembly

3.1 Introduction

As briefly alluded to in Section 1.1.3, and shown in Figure 1.3, outside-in signalling refers to a
mechanism in which FA formation, within protruding lamellipodia, is driven by ECM-ligation of
integrins 2, This is in contrast to inside-out signalling, where such events are driven by growth
factors, chemokines and other signalling molecules, all typically soluble and acting via their
cognate receptors, rather than via integrin 216215, As stated in section 1.3, the original primary aim
of this project had been to model inside-out signalling, beginning with a lamellipodia submodel,
driven by CXCR4-mediated SDF1 signalling, as described in the previous chapter. The intention
had then been to develop a separate submodel of FA dynamics in this chapter, integrating the

two sub-models in Chapter 4.

Following the decision to stop development of this lamellipodia submodel, it has been decided to
proceed instead with an-outside-in signalling model. This has the advantage in many ways of

being less complex than inside-out signalling, at least in the early stages. There is also no need to
implement it as separate sub-models. A single model, incrementally developed, will suffice. As a

result of these design decisions, the aims of the project have been revised as follows:

3.1.1 Aims of the project

The primary aim now of this project is to develop a single model of outside in signalling-mediated
FA dynamics. This will include a basic model of FA assembly, together with a limited
phosphoinositide mechanism (incorporating P, PIP, PIP2, PIP3, IP3 and DAG, with the last two
produced from PIP2 by PLCy), a simple IP3-driven calcium release mechanism, and calcium-driven

calpain cleavage of FAs. This outside in-model will be developed in two stages. A simple model of

Page 123



early FA assembly will be produced in this chapter (Chapter 3). This will include a generic integrin,
binding a generic ECM ligand, PI, PIP2 and a generic PI5K kinase, producing PIP2 from PIP. This will
then be developed much further in Chapter 4, resulting in the full model described above, and

extensively analysed to see what insights can be gained from it.

3.1.2 Modelling software to be employed

This remains unchanged from those stated in section 1.3.2.Before outlining the details of the
proposed model to be implemented in this chapter, it is necessary to outline the relevant cell

biology underpinning it.

3.1.3 Biological background to this model

Talin activates integrins by holding the cytoplasmic tails of the integrin heterodimer apart, forcing
it to adopt a conformation with a higher affinity for its natural extracellular ligand #7:2%8, |t also
promotes integrin clustering via cross-linking 2194, Together, these are believed to play a major
role in both inside-out and outside-in signalling, although, in the latter case, the full mechanism
for this is not fully understood 2>220,

Rather than include somewhat speculative mechanisms for triggering initial outside-in-associated
integrin activation In this model, the assumption is made that a few (outside-in-mediated)

integrin-ECM ligation events have already occurred. In turn, this has triggered some PIP2

production, sufficient for outside-in binding to continue throughout the rest of the cell. (Any

3Caroline Cluzel et al., ‘The Mechanisms and Dynamics of AvB3 Integrin Clustering in Living Cells’, The
Journal of Cell Biology 171, no. 2 (24 October 2005): 383-92, https://doi.org/10.1083/jcb.200503017.
“Frederic Saltel et al., ‘New PI(4,5)P2- and Membrane Proximal Integrin-Binding Motifs in the Talin Head
Control ?3-Integrin Clustering’, The Journal of Cell Biology 187, no. 5 (30 November 2009): 715-31,
https://doi.org/10.1083/jcb.200908134.
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other species that would result from these few prior events have not been included in the model,
to reduce complexity).

The importance of PIP2 here, is that it is required to activate talin, by releasing an autoinhibitory
association between the talin head and rod regions 2%, allowing the talin FERM domain first to
bind to PIP2 and other anionic lipids in the membrane, and then to the integrin tail region 222,
However, in order for outside in-signalling to be sustained, PI5K must first be activated, so as to
maintain production of PIP2 from PIP, just as it did in the inside-out signalling model in the
previous chapter.

However, in this model membrane-bound PI5K is activated by ECM-ligated integrins, rather than
being spontaneously activated, as in the SDF1-CXCR4 lamellipodia model. Such activation is
known to occur, by a mechanism that is not fully understood but may involve phosphorylation by
Src-family kinases (SFKs) 223, which are known to be activated by ECM-integrin ligation 22,
However, here this PI5K activation is simply modelled as being performed by the species

representing activated, ECM-ligated integrin (which are all assumed to be SFK containing.

3.1.4 Outline of proposed early FA model

This suggests a simple starting model in which cytosolic talin is recruited to the membrane by
PIP2. This leads to the now-activated talin binding to integrin. Having been activated by talin-
association, integrins are free to bind ECMs, with the resulting integrin-ECM complex then
activating (membrane-resident) PI5K. This activated PI5K then phosphorylates PIP to PIP2. This is
what will be initially implemented in the Virtual Cell model, firstly as a compartmental/ODE
application. This application will be developed further to more accurately reflect the underlying
physiology. Ifit is judged to be behaving acceptably by this criterion, the latest version of the

compartmental application will then be used as a basis for a further 2D spatial application.
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3.2 Methods

3.2.1 Analysis methods used

Much of what was written in the corresponding Methods (2.2.1) section in Chapter 2, concerning

the analytical tools available in COPASI, also applies to the ODE/compartmental and PDE/spatial

modelling used here in Virtual Cell. This includes the various analytical methods, including plots

and parameter scans. However, some of the plotting options available, as standard, in COPASI

(such as plots of particle numbers and concentration rates), are not available in Virtual Cell.

Sensitivity analysis, while available for the compartmental/ODE (but not the spatial) application,

has not been applied in this case, as the relative simplicity of this model did not appear to merit it.

For similar reasons, parameter estimation was not used either.

3.2.2 Modelling application version number

Virtual Cell: Version 7.0.0 (Build 9)

3.2.3 System units used

Time units:
Length units:
Area units:
Volume units:
Substance units:

Membrane substance units:

Volume concentration units:

Membrane conc. units:

Diffusion units:

Seconds (s)

pHm
um?
um?
UM, pum?

molecules

uM

molecules.um

um?.st
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3.2.4 Solver settings

In terms of Solver settings, these were as follows.

3.2.4.1 ODE/compartmental application

For the ODE/compartmental application the default Combined Stiff Solver (IDA/CVODE) was used,
with both absolute and relative error tolerances set to values of 1.0E-9. The maximum step size
was set to 1.0 seconds, with simulations run for either 1000 or 10,000 seconds, depending on

circumstances. Output settings varied, according to requirements.

3.2.4.2 PDE/2D spatial application

For the PDE/2D spatial application, the Fully-Implicit Finite Volume, Regular Grid (Variable Time
Step) integrator was used, with an absolute error tolerance of 1.0E-9 and a relative error
tolerance of 1.0E-7. The maximum step size was set to 0.1 seconds, with simulations run for 1000
seconds in all cases. The output interval was either 1.0 or 5.0 seconds, according to
requirements. The Mesh Size was 101 elements for both X and Y dimensions, giving a total size of

10201 elements and a spatial step of 1.016 um in both the X and Y planes.
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3.3 Model Setup

Whereas, in the COPASI submodel of the previous chapter, the various reactions, species and
other parameters were listed as a set of tables, the relative simplicity of the present model allows
an alternative approach. Here, each stage of the model specification process is illustrated, step-
by-step, until the entire model has been implemented. This will hopefully give some more insight
into how reaction-diffusion models can be implemented as a set of species, differential equations
(representing reactions between those species) and various parameters, using appropriate tools,
such as Virtual Cell, specifically designed for cell biologists, and requiring no mathematical

background.

3.3.1 Compartment (Structure) setup (Version 1)

A good starting point with Virtual Cell (and with modelling in general) is to determine what
compartments will be needed in the new model. In the case of this model, at least as a starting
point, three will suffice, namely the cytosol, the plasma membrane and the extracellular space.

These can then be added in the Reaction Diagram section of the tool as shown in Figure 3.1.

Virtual Cell calls compartments “structures” and these can be seen listed separately in the
Structures section (or added there, Instead of in the Reaction Diagram section). At this point,
unlike in COPASI, no volume is specified for these compartments and, in fact, for the most part,
the early design stages in Virtual Cell modelling involve specifying the logical model, which Virtual
Cell calls the Physiology. The next stage typically involves populating each model compartment
with its resident species, which can also be done in the Reaction Diagram. This is shown in Figure

3.2 for the FA model.
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3.3.2 Species specification (Version 1)

a BIOMODEL: Chapter 3 - Model 1 (Sun May 13 17:06:03 BST 2018) -- VCell 7.0.0 (build 3) - (m] X
File Server Window Tools Help
E Chapter 3 - Model 1 : ## Reaction Diagram ) Reactions () Structures () Species (7 Molecules () Observables

[z~ Physiology
B octionDigran IR Ol0|r].|=| @ @ L2 &5 r il %W %f=b ot ’
+ (2 Reactions (0)
- Structures (3)
(@ Spedies (9)
= © Molecules (0) Cytosol
“.. {2 Observables (0)

- Applications (0)

- Parameters, Functions and Units

[#- Pathway

Scripting

LAY ECMgand
VCell DB BMDB Pathway Comm 5200

BioModels MathModels Geometries
[ Search ]
[ Bjological Models A < >
[=)-__] My BioModels (jonrudge) (67)
") Actin Dendritic Nudeation Delete Pathway Links » Search |
(] Basic Single-Compartment Calcium Pump | =
(-] BioModel 12FM
(3-(_) Chapter 3 - Model 0

AV
Object Properties  Problems (0 Errors, 0 Warnings) ) Database File Info

(=] Chapter 3 - Model 1 E 2DApplication
i .0 Private Sun May 13 18:06:03 BST 20 ¥ # Deterministic
=88] Chapter 3 - Model 2 -3 Geometry3 (2D)
2 - Private Sun May 13 17:47:41BST 20 - = Simulation0
-] Chapter 3 - Model 3 Copy of Simulation0
] example - = Copy of Simulation0 1
CFRAP 4% Copy of Simulation0 2
] GeoSpec Exercise E Copy of Copy of Simulation0 2
(-] Gradient
] Hela Lamellipodia Model - COPAST SBML
) InsP3 dependent Calcium Release
1 1P3 diff test

-] Khatab Cell - Trial

-] Lamelipodia - version 10 (integrin PISK ac
) Lamellipodia - version 10 {recalculated un
] Lamellipodia - version 10b (new units)

) Lamelipodia - version 11 (integrin PISK a( ¥
< >

CONNECTED (jonrudge) W 75 3vB/574.6v8

Figure 3.2. Species specification in Virtual Cell.

As with compartments/structures, these model species can also be seen listed in the separate
Species section, and added there instead of in the Reaction Diagram. Again, unlike in COPASI, no
initial concentrations (or particle numbers) are specified, with the species, at this point, merely
forming another part of the logical model. The next step then is to specify reactions for all the
species. In fact, it is not necessary to specify all reaction species in one go, prior to specifying
reactions and, in practice, additional species are often found to be necessary, typically as

intermediate products.
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3.3.3 Reaction specification (Version 1)

In the same way that structures and species can be added in their respective sections, reactions
can also be added in the Reactions section. However, it is often more convenient to use the GUI

tools of the Reaction Diagram for this purpose, as in this case. The four reactions are shown in

Figure 3.3.
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Figure 3.3. Reaction network specification in Virtual Cell.

Unlike the case with compartments and species, specifying the reaction network alone isn’t
sufficient. For each reaction the rate law and the relevant rate constant values must be specified,

as part of the model Physiology. This must be undertaken in the Reaction section. The four
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different reactions are as follows. One involves integrin, talin and PIP2 binding to form the
activated complex Int_Tal_PIP2. This goes on to bind an extracellular matrix ligand (ECM_Ligand),
forming the complex ITP_Lig. This complex then activates PI5K, which converts PIP to PIP2. Since
PIP2 is itself involved in the reaction in which integrin is activated, the overall system can be

considered to have an element of positive feedback.

The attempt to find rate constant values for these reactions raises some issues. Firstly, only a Kd
value could be found relevant to the integrin talin-PIP2 reaction proposed here. Moreover, it is
clear from the journal article from which it was obtained®*that it isn’t appropriate for the third-
order reaction (in which integrin, talin and PIP2 simultaneously bind to each other) specified here.
Secondly, activation of PI5K by ligated integrins appears to involve phosphorylation by integrin-
associated Src, meaning that it is an enzymatic, not mass-action reaction, as specified here.
Fortunately there is good binding data for various integrins with extracellular matrix proteins, for

226 which will be used in this model.

instance for integrin a5B1-fibronectin binding
From Figure 3.3, it is clear that the third-order integrin-talin-PIP2 reaction needs breaking up into
two reactions. The question is which binds first -whether it is to be integrin and talin, talin and
PIP2 or integrin and PIP2. A search of the literature suggests that talin binds to PIP2 first 33, which
makes sense, given that talin is normally resident in the cytosol and must first be “activated”,
requiring a conformational change, before it can bind to the membrane. This requires the
presence of acidic phospholipids such as PIP2, without which talin is repulsed from the membrane
surface3. So, without prior PIP2 binding, talin is unlikely to bind to membrane-embedded

proteins such as integrin.

Taking the above into account the model reactions need to be altered as shown in Figure 3.4.
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Figure 3.4. Revised reaction network specification in Virtual Cell.

Now the talin-PIP2-integrin reaction has been broken down into two mass-action reactions (firstly

a talin-PIP2 binding reaction, followed by a reaction for integrin binding to the talin-PIP2

complex). PI5K activation has now been turned into an enzymatic reaction. Having revised this

reaction network to better reflect the reported reality, it remains to specify the reaction rate laws

and rate constants for the five reactions of which the model is now comprised. These are listed in

Table 3.1, together with an explanation of how they were derived.
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ECM_Ligand = ITP_Lig

by an ECM ligand

(reversible)

Reaction Description Rate law Parameter values
Talin + PIP2 =Tal_PIP2 | Talin binding PIP2 to Mass action kf = 1.4e+05 M-1s-1
form Tal_PIP2 (reversible) kr=0.35s-1 *
complex
Integrin + Tal_PIP2 = Integrin binding to Mass action kf = 1.85e+04 M-1 s-1
Int_Tal_PIP2 talin-PIP2 complex (reversible) kr = 3.6e-03 s-1**
Int_Tal_PIP2 + Int_Tal_PIP2 ligation Mass action kf =7.7e+05 M-1 s-1

kr =4.9e+01 s-1***

PI5K -> PISK_act; PI5K activated by (Src- | Michaelis-Menten | kcat=10s-1
ITP_Lig containing) ITP_Lig (irreversible) KM = 3.0e-05 M****
PIP -> PIP2; PI5K_act PIP phosphorylated to | Michaelis-Menten | kcat=1.02s-1

PIP2 by activated PI5K (irreversible) Km = 1.0e-05 M*****

Table 3.1. List of model reactions, together with specified rate law and parameter values. Key:* =
kr value taken from®.Kf value derived by dividing kr value by mean Kd value of 2.5 uM, derived
from two published reports 2233, ** = 227_ Mean average values from two reported for F2 and F3
binding to B3 tails. (Off-rate agrees well with value of 9e-03 s-1 from published FRAP study

228 )¥** = Based on reported kinetics for a5R1 binding to fibronectin?2®, **** = Based on value
taken from published model, in itself derived from the literature 169229, ***** = Taken from 18!
(Table 1).

As can be seen from the Key, ligation of the ECM_Ligand to the (activated) integrin complex
Int_Tal_PIP2 is based on a report on fibronectin binding kinetics to the a5B1 integrin dimer.
Kinetic rate constant values for integrin binding to talin-PIP2 complex were based on a report for
binding kinetics for various talin head groups to integrin B3, as no data for talin-B1 binding could
be found. However, given that talin-B1 and talin-B3 binding affinities, as indicated by reported Kd

values, appear to be reasonably similar?$>239227 this seemed a reasonable estimate.

This illustrates a general problem when attempting to find reliable rate constant values for
binding reactions. Kd values are often relatively easy to obtain from the literature. However, in
themselves they are essentially unusable as they represent the ratio of the binding off-rate
divided by the on-rate, neither of which can be inferred from this Kd value without additional
information. Unfortunately, arbitrarily assigning on- and off-rate values that yield the required Kd
value is not generally acceptable, as a quick test with a range of permutations will often show that

model behaviour varies substantially between permutations. And, where this is not the case,
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there is always the risk that such differences will emerge later on in model development but will

not be picked up at the time.

231,22533report similar

This issue arises again with talin-PIP2 binding, where a number of studies
Kd values for PIP2 binding (in the range 0.18-0.98 uM for the F2F3 head groups) with various talin
head groups, but provide no on- or off-rates. Fortunately, in this case, an off-rate has been found
160 \which can be divided by a consensus Kd value to yield the missing on-rate. However, given

that the Kd values and the off-rate were obtained from different experiments, this is not an ideal

method.

Fortunately, obtaining relevant parameter values for the remaining two reactions (PIP
phosphorylation by PI5K and PI5K activation by ITP_Lig) has proved more straightforward, as is

often the case with enzymatic reactions of wide interest to the research community.

3.3.4 Compartmental /ODE application setup (Version 1)

Having entered the reaction data, the physiological model is now complete. The next stage is to
create applications that work on this model. In other words, it is only at this stage (unlike the case
with COPASI) that one specifies initial concentrations for species and sizes for compartments. The
underlying reason for this is that applications can be compartmental (i.e. ODE-based) or spatial-
based, or spatial-based models being either one-, two- or three-dimensional. For this reason,
compartment dimensions will differ between applications and this may mean that species initial

concentrations will vary also.

Page 135



In the first instance, it usually makes sense for the first application to be compartmental, as these
are generally easier to set up. Also, having specified the application, the next task is to specify
and run simulations, in order to study model behaviour, and compartmental simulations tend to
run many times faster than spatial models (typically in the order of a few seconds, as against a
few minutes for 2D spatial models). As a number of simulations are typically required to establish
that the model is correctly specified, it makes little sense to spend more time on this than is

necessary.

3.3.4.1 Compartment size determination (Version 1)

Having created a new application, Virtual Cell first requires the user to specify whether it is to be
deterministic, stochastic or network-free (meaning rule-based). In this case, we specify
deterministic. Immediately a new application is created, with a compartmental (i.e. non-spatial)
geometry, which is the default, together with default values for the EC, PM and cytosolic
compartments. In this case, the EC and cytosolic compartments can be given the same values as
in the COPASI model. By coincidence, the EC default value is the same as the COPASI model, i.e.

50,000fl (or 50,000 um?3, as here), while the Cytosol volume has to be altered to 1500 fl (1500

um3),

However, a major difference between Virtual Cell and COPASI is that the former models
membranes as two-dimensional surfaces, whereas COPASI models them as three-dimensional
volumes. For this reason, the PM volume from the COPASI model (6.4 fl) cannot be used.
Fortunately, the surface area for Hela cells is available from the literature [1600 um?, from
BioNumbers!8189] and, in fact, was used to derive the PM volume for the COPASI model. (And, in
the absence of such information, could, of course, be derived from a membrane volume by

dividing it by a suitable value for the membrane thickness.)

This yields the following compartment volumes for the ODE-based application for this model:
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Compartment Compartment size (volume or area)
Extracellular (EC) 50,000 fl (50,000 pum?3)

Plasma membrane (PM) 1600 pm?

Cytosolic 1500 fl (1500 pm3)

Table 3.2. Compartment sizes for first, compartmental/ODE-based, application of this model.

3.3.4.2 Species quantification (Version 1)

Having entered these into the geometry section for the compartmental application, the next task
is to specify species concentrations and densities for the liquid and membrane compartments

respectively. These are shown in Table 3.3:

Species Compartment Quantity
Copy # per Density/ Concentration +
Hela cell
ECM_Ligand EC ~450,000 0.5 uM *
Integrin (a5p1) PM 30,000 * 18.75molecules/pum? **
Int_Tal_ PIP2 PM 0 0 molecules/pum?
ITP_Lig PM 0 0 molecules/pum?
PI5SK PM 15,000 * 9.375 molecules/um? **
PI5K_act PM 0 0 molecules/um?

PIP PM 200,000 ** 125 molecules/pum? ***
PIP2 PM 1000 ** 0.625 molecules/pum? ***
Talin Cytosol 98,000* 0.11pM **

Talin_PIP2 PM 0 Omolecules/pum?

Table 3.3. Model species initial quantities. Key: T = Liquid compartment species specified as
concentrations in uM, membrane compartment species as densities (molecules per um?). * =
Ligand specified so as to be in excess of integrins. ** = Copy number value taken from a published
Hela cell quantitative proteome 82, Densities were calculated by dividing these copy numbers by
the PM surface area (1600 pm?), concentrations by converting copy number value to pmoles and
then dividing by cytosolic volume in litres (1.5e-12). *** = Assumption, with PIP initial copy
numbers designed to eventually allow sufficient activation of talin by PIP2, and with initial PIP2
levels sufficient to allow some integrin activation in order to bind fibronectin.

As can be seen in the Table Key, many of these initial values have been taken from the same

quantitative proteome for Hela cells used in the COPASI model in the previous chapter.
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Species that are the products of reactions are assumed to have zero levels at the outset, whilst
fibronectin and ‘PIP’ (which feature only as reactants) are assumed to be in excess, so as to
prevent them from being rate-limiting for the system under investigation (which might distort the
results and their interpretation). Finally, PIP2 levels have been chosen so as to allow some initial
talin activation in the form of Tal_PIP2, and therefore subsequent integrin activation as
Int_Tal_PIP2, but not so much that, subsequent PI5K activation (which is the result of integrin-
fibronectin ligation, and provides the forward feedback control mentioned earlier) is essentially

redundant.

3.3.4.3 Running a simulation (Version 1)

Having specified these initial levels it is now possible to run a simulation of the model, which is
done in the Simulations section for this application. This offers the possibility of overriding
various model parameters (in the Parameters section), including previously specified reaction rate
constants and the species levels just entered. However, in this instance we keep these unaltered,
also accepting all the default solver settings, except for the Ending value, which we change to
1000 seconds, in order to allow the model to run for this length of time. The results of this are

shown in the next section.
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3.4 Results

3.4.1 First version

The results from running the simulation for this first version of the model are shown below, in the

form of time series plots of concentrations/densities for all model species:
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4 Results for Simulation Copy of Semulationd
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These show that the model is working broadly as one might predict. That is to say, there is an
initial lag period of around two minutes (120 seconds), when only small amounts of PIP2 are
available, because the absence of activated PI5K means there is little, if any, additional PIP2 being
converted from PIP. However, after that, there is a period of exponential increase from around
the two-minute mark to around the five-minute (300 seconds) mark in which levels of model
species such as PIP2, Tal_PIP2, Int_Tal_PIP2, ITP_Lig and PI5K_act increase rapidly. Thisis as a
result of the positive feedback loop mentioned earlier, whereby increased PIP2 levels lead to

increased integrin activation and ligation and therefore increased PI5K activation.

This period of exponential increase comes to an end as levels of available PIP become exhausted,
as a source of further PIP2 (Figure 3.14). Although Figure 3.11 suggests that exhaustion of
(unactivated) PI5K may also be contributing to this decline in the rate of increase, this appears to
be happening 100 or more seconds after the event, and to be coincidental rather than
contributory. Reasons for believing this include the fact that levels of PIP are close to zero at the
400 second mark (Figure 3.14), at a time when nearly half of the originally available PI5K
(approximately 4.5 out of 9.375 molecules/um?) is still unactivated (Figure 3.11). Another reason
is that plots for Tal_PIP2, Int_Tal_PIP2, ITP_Lig and PIP2 show a closer relationship with the PIP
plot than with the PI5K plot, all reaching peak levels well before PI5K is exhausted (Figures 3.6,

3.7,3.8and 3.13).

It also seems clear that integrin dynamics are being driven by PIP2, rather than the reverse.
Support for this view comes from the fact that peak levels of both Int_Tal_PIP2 and ITP_Lig occur
after peak levels of PIP2 (at around 550 seconds and 600 seconds, respectively, as against around
400 seconds). Also from the fact that, at the time that they reach these peak levels, neither
integrin or talin are used up at this point (with around 64% and 21% still remaining, as shown in

Figures 3.9 and 3.5, respectively), despite levels of PIP2 at this point being substantially in excess
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of either of them. This is an agreement with the general pattern in which particle level curves for
model species are seen to lag the particle level curves for PIP2 and PIP, as can be seen by, for
example, comparing the time points at which such curves are seen to transition from broadly
linear to logarithmic rates of change, and vice versa. Typically such lags are in the order of 100

seconds or so (Figures 3.5-3.14).

However, it also has to be acknowledged that too small a proportion of activated integrins
(Int_Tal_PIP2) are subsequently becoming ECM-litigated ITP_Lig. Specifically, although there are
approximately 23,600 molecules of Int_Tal_PIP2 available, as a result of all the PIP2 creation
described above, only 185 molecules of these subsequently become ITP_Lig. Given that ITP_Lig is
required to activate PI5K, this suggests that the positive feedback loop described is not quite as

all-encompassing as it might first appear.

Aside from this, an interesting general result of this first version of the model is that the overall
timescale of talin and integrin activation, ECM-integrin ligation, PIP2 creation, and other
lamellipodia-associated events, are happening within 400 seconds or so (i.e. less than 10
minutes). This agrees reasonably well with what is seen in reality?3%233234 However, it has to be
acknowledged that this is only a very simplified version of FA dynamics, lacking other major FA-
associated proteins, such as Src, FAK and vinculin and based on a number of physiologically invalid
assumptions, such as excess levels of PIP and with inactive PI5K in the model being PM-resident,

when, in reality, much of it is cytosolic 23°.

Making this model more realistic in this respect, therefore, require some mechanism for cytosolic
PI5K recruitment to the PM. Fortunately such a mechanism appears to exist in the form of talin,

which has a well-attested binding site for at least one of the PI5K isoforms23¢, PIPKly. Moreover,

this isoforms is thought to be important to FA assembly?37:238, by being responsible for producing
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PIP2 in a spatially and temporally favourable fashion 3>238, |t is also known that talin and PIPKly

translocate to the PM when complexed together?3®3°238 |n fact, it also appears that talinl (the

predominant talin isoform in Hela cells!&

, and a normally cytosolic protein) binds preferentially
to PIPKIy%3°, except in the presence of negatively-charged (acidic) phospholipids, especially PIP2,

where it binds preferentially to the cytoplasmic tail of certain integrins?3:22°,

This suggests a simple model in which cytosolic talin binds to cytosolic PI5K, with this complex
then being recruited to the membrane by PIP2%%°. This leads to the now-activated talin to
separate from PI5K and bind to integrin, leaving PI5K membrane-resident and subject to

activation by any ECM-ligated integrins.

Since the model assumes that some outside-in signalling has already occurred, we will also
assume that some PI5K has already been recruited to the PM. This means there will be two
inactive PI5K populations, one membrane-resident and the other cytosolic, with the majority in
the latter compartment, given its larger volume. Therefore, implementing this modification
should be relatively straightforward, requiring two changes to species and two new reactions, as

detailed in Tables 3.4 and 3.5.

3.4.2 Second version

New Compart- Copy # Density Notes
species ment /concentration
PISK_PM PM 5000 3.125 Renamed existing species, with one
molecules/um? | third of the original levels
PI5K cyto Cytosol 10,000 0.01107 uM New species, two-thirds of original

Table 3.4. Changes to model species for the second version of the model.
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New reaction Description Rate law Parameter Notes
values
Talin + PISK_cyto Binding of cytosolic talin Mass action | Kf=4.4uM?*s? *
=Tal_PI5K and PI5K (reversible) Kr=27.0s"
Tal_PI5K + PIP2 = Recruitment of talin- Mass action | Kf=0.14 uM™*s? **
Tal_PIP2 + PI5K_PM PI5K complex to PM by (reversible) Kr=0.1
PIP2 um?2.moleculest.s?

Table 3.5. Additional reactions required for the second version of the model. Key * = Based on
experimental data for talin F2-F3 FERM domain binding to PIPK Iy?3°. ** = Copied from existing
Talin-PIP2 binding reaction, with Kr value altered to allow for it being a second-order reaction
here, as opposed to a first-order reaction in the original.

However, as can be seen from Table 3.5, adding in talin-mediated PI5K recruitment to the cell
membrane has caused a complication, in that, after the talin-PI5K complex is recruited by PIP2,
PI5K is then released. Unfortunately, no kinetic data could be found for this reaction and so
basing it on the talin-PIP2 reaction seems the best solution (given that, in both reactions, talin
ends up being bound to PIP2 alone). However, since this new version also includes the release of
PI5K (in the form of PISK_PM), this means that the reverse reaction is second-order, rather than
first-order, as in the original reaction. Itis not possible to convert first-order rate constants to
second-order, because, as a quick comparison will show, the relationship is non-linear. (Or rather,
linear changes in first-order rate constant values require non-linear changes in second-order
values if the reaction rate is to remain the same.) Here the reverse rate constant has been altered
from 0.35 s to 0.1 um2.molecules™.s? to make it slower than the forward rate, but it is not a very

satisfactory solution.

In fact, the results from running this new version of the model show it to be considerably slower

than its predecessor, as can be seen from the timescales in Figures 3.15-3.26.

Page 144



|£] Results for Simulation Simulation 1 - 10,000 s = o

X

View Data

X Axis:
02— Plot Legend:

t v

¥ Axis: Talin [uM]

- Display Options:
[Jother

[ Reactions
Species.

ECM_igand
Int_Tal_P1P2
Integrin
iTP_Lig

PISK _act
PISK_cyto
PISK_PM i
[PIP

PIP2
[Tal_PISK
[Tal_PIP2

0.0 T |
00 10000.0

8.105E03, 7.756E-02

|£] Results for Simulation Simulation 1 - 10,000 s = [m} X

View Data

X Axis:
= 0.02 Plot Legend:
¥ Axis: PISK_cyto [uM]
= Display Options:
[Jother
[JReactions

[ Species | _f’-\

[ECM_ligand
Int_Tal_PIP2
Integrin

TP _Lig

PISK act
PISK_PM oo
PIP

P2
[Tal_PISK
[al_PIP2
[Talin

1
0.0 10000.0

Figure 3.15. Talin (uM, 10,000s)
Minimum particle numbers: ~70,000 molecules

Figure 3.16. PI5K_cyto (1M, 10,000s)
Peak particle numbers: ~15,000 molecules
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Figure 3.17. Tal_PIP2 (molecules.um?, 10,000s)
Peak particle numbers: ~5333 molecules

Figure 3.18. Tal_PI5K (uM, 10,000s)
Minimum particle numbers: ~172 molecules
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Figure 3.24. ECM_Ligand (molecules.um?, 1000 s)
Particle numbers: ~15,000,000 molecules

Page 146




Figure 3.25. PIP (molecules.um?, 1000 s) Figure 3.26. PIP2 (molecules.um?, 1000 s)
Minimum particle numbers: 119,200 molecules Peak particle numbers: ~62,850 molecules

As a result of the changes made in the second model, it is clear that the behaviours seen in the
previous version of the model, such as the decline in PIP (Figure 3.25) and its replacement by PIP2
(Figure 3.26), and the rise of Tal_PIP2, Int_Tal_PIP2, ITP_Lig, as well as a decline in talin and
integrin, are still all occurring, but over a much longer time scale. Given the previous discussion,
an obvious reason for this might be that at the reverse rate constant (or off-rate) for the
recruitment of talin-PI5SK complex to PM by PIP2 might, at 0.1 pm2.molecules™.s, maybe too

high.

This is confirmed by a logarithmic parameter scan on this value (over 10,000 seconds, with Kr
values varied from 0.00001 to 0.1 um2.molecules?.s?), with substantial reductions in the time
required for PIP levels to decline to zero (Figure 3.27). However, even at a level of 0.00001
um?2.molecules™.s? this has only reduced to 600 seconds, whereas in the previous model this
required only 400 seconds, and it is arguable whether such a relatively low off-rate can be

justified in the absence of any support in the literature.
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Figure 3.27. Logarithmic parameter scan, showing effect of reducing off-rate (Kr value) for talin-
PI5K dissociation on levels of PIP in the second version of the model. (PIP levels shown as
densities in molecules.um?, time shown in seconds. 100molecules.pm? represents 160,000
molecules.)

Another approach, which can be more easily justified, is to break down this reaction into two
parts, with one reaction for PIP2 binding to Tal_PI5K (to create Tal_PI5K_PIP2 complex), followed
with another reaction where PI5K dissociates from this complex, leaving Tal_PIP2 and PISK_PM.
This has the added advantage that the reverse reaction for PIP2 binding to Tal_PI5K is first-order
again, meaning that the same first-order rate constant value used for talin-PIP2 binding in the
third version of the model (i.e. 0.35 s) can also be used here. However, the disadvantage is that

it requires an additional reaction (for dissociation of the Tal_PI5K_PIP2 complex), moreover, one

Page 148



for which there appears to be no available kinetic data in the literature. That aside, we assume

here, in the absence of any more convincing alternatives, that this is a simple reversible mass

action reaction with modest forward and reverse rates (Kf = 1.0 s, Kr = 0.0001pm?2.molecules™.s°

1), necessitating the changes shown in Tables 3.6 and 3.7.

3.4.3 Third version

Tal_PIP2 and PI5K_PM

New species | Compartment | Copy # Density Notes
/concentration

Tal_PI5K_PIP2 PM 0 0 molecules/um?

Table 3.6. New species required for Version 3of the model.
New reaction Description Rate law Parameter Hotes
values

Tal_PI5K + PIP2 = Binding of cytosolic Mass action | Kf=0.14 uM™* s *

Tal_PI5K_PIP2 talin_PI5K with PIP2 (reversible) Kr=0.35s"

Tal_PI5K_PIP2 -> Dissociation of Mass action | Kf=1.0s? ok

Tal_PIP2 + PI5K_PM Tal_PI5K_PIP2 to form (irreversible) | Kr =0.0001

um?2.molecules™.s?

Table 3.7. New reactions required for Version 3 of the model. Key: * = Same parameter values as

used for talin-PIP2 binding reaction. See relevant Key description in Table 3.1, Methods section.

** = Arbitrary value, chosen to be well within normal range for such reactions.

The Reaction Diagram for Version 3 the model now looks like this:
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Figure 3.28. Reaction Diagram for Version 3 of the model.

Running this version of the model produces the results shown below.
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Figure 3.29. Talin (uM, 1000 s) Figure 3.30. PI5K_cyto (uM, 1000 s)
Minimum particle numbers: ~70,144 molecules Minimum particle numbers: 8515 molecules
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Figure 3.37. Integrin (molecules.um?, 1000 s)
Minimum particle numbers: ~6210 molecules

Figure 3.38. PISK_act(molecules.pum?, 1000 s)
Peak particle numbers: ~6029 molecules
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Figure 3.40. PIP (molecules.um?, 1000 s)
Minimum particle numbers: ~0 molecules

Overall, comparing Figures 3.29 to 3.40 to their corresponding plots in, it is clear that Version 3has

reversed much of the speed decrease seen in Version 2 (Figures 3.15-3.26), restoring the rates

closer to that seen in Version 1 (Figures 3.5 to 3.14), albeit running a little bit slower. Specifically,

PIP levels require around 600 seconds to fall to zero in this version, as opposed to around 400

seconds, with a similar delay (i.e. around 200 seconds) seen in the time required for other model

species to peak or fall to their minimum levels.

Page 152



In other words, it takes around 10 minutes for maximal integrin activation and ECM ligation, PIP2
conversion, as well as for other related processes to reach terminal steady-state levels. Given
that, at this point, around 24,000 out of 30,000 (i.e. around 80%) of the original available integrins
have now bound to other model species, and 200,000 molecules of PIP have been converted to
PIP2, this seems a physiologically realistic timescale. For instance, cell spreading has variously
been reported to take tens of minutes 240241242 Since this involves lamellipodia formation all
around a cell, one might reasonably expect, after this was all complete that PIP2 levels would be
very high, and that the majority of integrins would be activated and a maximal steady-state to

have been reached.

However, there is still a major problem in that only 185 molecules of integrin is ligated to ECM
ligands in the form of ITP Lig, or around 0.6% of the various integrin-associated species. This
despite the fact that, at the same time, 23,000 molecules (around 14.7 molecules per um?, or
approximately 78.4% of all integrin species) are available for such ligation in the form of

Int_Tal_PIP2, and despite ECM_Ligand being available in excess.

Looking again at the kinetic parameters for the Int_Tal_PIP2-ECM_Lig binding reaction in Table 3.1
of the Methods section, and comparing it with similar reactions in the literature, it is noticeable
that the off-rate value of 49 s is surprisingly high for such a reaction. For instance, a study of
integrin a5B1 binding to various fibronectin binding-site fragments, using surface plasmon
resonance, calculated values of 4.9 (+4.9) x 10° M s for the on-rate and 6.5 (+0.1) x 103 s for
the off-rate, in wild-type fragments?*. In other words, whereas the reported on-rate is very
similar to the existing on-rate, the off-rate is nearly 5 orders of magnitude smaller. This, and

244

other reports**, suggest that a substantial reduction in this off-rate value would be justifiable.
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For this reason, we choose a fairly conservative value of 0.1 s’ for the next version of the model,

leading to the changes seen in Table 3.8.

3.4.4 Fourth version

New reaction Description Rate law Parameter Notes
values
Int_Tal_PIP2 + Ligation of Mass action Kf=0.77 uM?s | Adjustment
ECM_Ligand =ITP_Lig | Int_Tal_PIP2 by ECM (reversible) ! to Kr value
ligand Kr=0.1s? from 49 51

Table 3.8. Change to reaction for Version 4 of the model.

Typical results, when running this version, are shown in Figures 3.41-3.46. Comparing these
results with those of the third version of the model (Figures 3.5-3.14), it is immediately noticeable
that, as well as substantially increasing the amount of ECM-ligated integrins (from approximately
185 to 22,480 molecules, or 0.125 to 15 molecules.um), PIP depletion takes around half the time
(200 as opposed to 400 seconds) to reach zero levels, with a similar halving of the time taken for
PIP2 to reach peak levels. There are also substantial reductions in the time taken for Tal_PIP2 and
Int_Tal_PIP2 to reach peak levels, with the latter showing a much lower peak (around 5250
molecules as opposed to 22,480 molecules, or 3.5 as opposed to 15 molecules.um), as much
more of it is ligated to ITP_Lig. Overall, far more integrins are being ligated by ECM protein (over
24,000 molecules more than in the first version) and the model is generally running substantially

faster.
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Figure 3.41. ITP_Lig (molecules.um?, 1000 s)
Peak particle numbers: 22,480 molecules
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Figure 3.45. PIP2 (molecules.um?, 1000 s)
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Figure 3.46. PIP (molecules.um?, 1000 s)
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Page 155



At this point, with a version of the model that is consistently showing behaviour that appears to
be reasonably in accordance with experimental evidence, it makes sense to progress to a spatial
model. In this case a 2D spatial model will be constructed for efficiency reasons, as such models
run much faster than 3D equivalents (in minutes rather than hours), as a result of having far this
calculations to perform. Before doing this, however, some thought has to be given as to shape

and dimensions to give this model.

3.4.5 Fifth version (2D spatial)

Evidence from the literature suggests that a flattened disk of approximately 20 microns diameter
would be an acceptable approximation of a Hela cell, representing a typical cell grown to
confluence 2%, If we assume, for the sake of simplicity, that the interior of this cell is all cytosol
(i.e. it has no nucleus, other organelles, microtubules, etc), this implies a cytosolic area of just
over 310 um? (it *(10 um)?, where 10 um represents the cell radius). Given that, in the
compartmental/ODE application, we assumed that the cytosol had a volume of 1500 um?3, this

implies a height of 5 um.

If we divide the extracellular volume (50,000 um?3) from the ODE model by this same height we
get an EC area of 10,000 um?, ensuring the same ratio of EC to cytosol sizes in both forms of the

model.

Finally, the PM will be the circumference of this disk, meaning it will have a length of around 63
pum (rt * 20 um, where 20 um is the diameter of the cell). This is considerably less than the area of
the PM in the compartmental model (1600 um?) divided by the height, representing the fact that,

modelling the Hela cell in 2D plan view, like this, loses the vast majority of PM, most of which
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would be on the top and bottom surfaces in a 3D representation of the same disk. The question is

whether this disproportionate reduction of PM size will substantially alter system behaviour.

Having established the shape and dimensions of the 2D model geometry, it remains to implement
it. This requires creating a new deterministic application. In the application Geometry Definition
section, we add a new geometry, selecting the geometry type “Analytic Equations (2D)”. Having
renamed the opening subdomain0 to “EC”, while accepting its default value of 1.0, we then edit
the domain, increasing the X and Y sizes to 100 in both cases, whilst leaving the X and Y origin at
(0, 0). A further (analytic) subdomain is added for the Hela cytosol, replacing the default name by

IM

“Cytosol” and the default value by the following expression:

((((x - 50.0) A 2.0) + ((y - 50.0) A 2.0)) < (10.0 A 2.0))

This will create a circle with a radius of 10 um, centred on the coordinates (50.0, 50.0). However,
before it can be visualised or used in the model these two newly-created geometric subdomains
must be mapped to their corresponding logical structures, as defined in the Physiology. This is
done in the Structure Mapping section, using the line tool (Figure 3.47). Returning to the
Geometric Definition section, the 2D model of a HelLa cell can now be visualised in the Surface
View subsection (Figure 3.48), while the respective compartment sizes can be seen in the
Geometric Region Details subsections. This shows that the cytosol has approximately the right
area (~300 um?) but the EC area is too small. This can be rectified by editing the domain again and
increasing the X and Y sizes to 101.6 in both cases, yielding the compartment sizes shown in Table
3.9 below. These are now sufficiently close to the desired values to accept this geometrical

specification for the application.
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Compartment name

Compartment size

EC 1008 .75 um?
Cytosol 313.8 um?
PM 62.6 um

Table 3.9. Compartment names and sizes for 2D spatial model (Version 5).

Having specified the geometry for this 2D spatial application, the next task is to specify one or

more simulations in order to run it.

Again, as with the compartmental application, this is relatively straightforward in this case. Firstly

one checks the Specifications section for the application, to see if any of the default settings need

changing:

File Server Window Tools Help

§ BIOMODEL: Chapter 3 - Model 7 (Fri May 25 14:39:56 BST 2018) -- VCell 7.0.0 (build 4)

S

-B Chapter 3 - Model 7

va

%4 Geometry i® Spedifications

Protocols _ﬁ Simulations

CONNECTED (jonrudge)

(- Physiology — -
+ 7 Reaction Diagram pecies Reaction Network
+( Reactions (8) Species Structure Depiction Clamped Initial Condition Well Mixed Diffusion Constant
- @ Structures (3) ECMigand  |EC Q O 0.5 [uM] O 10.0 [om2.s]
(O Species (13) Talin Cytosal Q O 0.11 [M] B 10.0 [um2.s-]
i g :::H‘E:Ie(:)(o) PISK_cyto Cytosol Q O 0.01107 [uM] O 10.0 [umz.s-1]
E rval
P! { g 2,51
- Applications (2) Tal_PI5K Cytosol Q O 0.0 [uM] Ed 10.0 [umz.s-1]
- d/4 % ODE/compartmental PIP2 PM Q ] 0.625 [molecules.um=7] [m) 0.1 [umz.s-1]
B ‘/dt Spatial 2D Integrin PM Q O 18.75 [molecules.um=2] O 0.1 [um2.s-1]
%4 Geometry PIP PM Q O 125.0 [molecules.um-3] [ 0.1 [um2,5-%]
'w Int_Tal_PIP2 PM Q B 0.0 [molecules.um=3] O 0.1 [um2.s-1]
i Protocols ITP_Lig PM Q ] 0.0 [molecules.pm=3] ] 0.1 [um2.574]
i -ﬁe Simulations PISK_PM PM Q O 3.125 [molecules.pm=2] O 0.1 [um2.5-1]
- Parameters, Functions and Units PISK_act PM Q O 0.0 [molecules.pm=3] [i] 0.1 [umz.571]
§-Pathway Tal_PIP2 PM Q ] 0.0 [molecules.um=3] O 0.1 [um2.s-1]
Scripting
Tal_PISK_PIP2  [PM Q O 0.0 [molecules.pm=7] [ 0.1 [pm2.571]
AY
VCellDB BMDB Pathway Comm S=bio
BioModels  MathModels Geometries
) Search 1
|1 Biological Models ~
(=] My BioModels (jonrudge) (72)
-] Actin Dendritic Nudleation Search [
#3-() Basic Single-Compartment Calcium Pump | ==
-] BioModel 12FM - :
~ Object P ti i i
3.7 Chapter 3 - Model 0 ject Properties  problems (0 Errors, 0 Warnings) () Database File Info
-] Chapter 3 - Model 1 X ; T ; > 3
[-C) Chapter 3 - Model 2 Select only one object (e.q. species, reaction, simulation) to view /edit properties.
(#3-() Chapter 3 - Model 3
}-_ ] Chapter 3 -Model 4
¢ ] Chapter 3 - Model 5
-] Chapter 3 - Model 5a - PISK_PM dissociat
(#3-() Chapter 3 - Model 6
(] Chapter 3 -Model 7
.- Private Fri May 25 15:39:56 BST 201
i) example
(- FRAP
[ _| GeoSpec Exercise
1) Gradient
#-__] HeLa Lamellipodia Model - COPASI SBML
#1-_] InsP3 dependent Calcium Release
(3-() 1P3 diff test
1) Khatab Cell - Trial v
<

3128/ 585.1M8

Figure 3.49. Specifications section for 2D spatial application (Version 5)
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The Specification section is similar to the same section for the compartmental application, except
for the addition of two columns at the end. The first one specifies whether the species in
question is assumed to be well-mixed or is allowed to have different concentrations at different
points. Since the whole point of such spatial models is to see how local concentrations of the
different species vary with time, we accept the default state (i.e. unmixed). The diffusion
coefficient (which determines the rate at which each species diffuses within their compartment)
justifiably specifies much lower diffusion rates for membrane species (0.1 umZ2.s?) as opposed to
liquid compartment species (10.0 um?.s). Again, in this case, we accept these default values.
The only change that is necessary is to add the concentrations for nonzero species, such as
integrin. These are identical to the values entered for the compartmental application (shown in
Table 3.3), despite the fact that the dimensions of all compartments are different between the
two applications. In this case Virtual Cell converts the concentrations and densities into the

appropriate values, as is also the case for the PM diffusion coefficient.

Having accepted the application specifications, a simulation can be added, following much the
same procedure as for compartmental models. Again the user has the opportunity to override
the application specifications, reaction rate constants and some other model parameters in the
Parameters section. This time there is a Mesh section, where the user can specify the spatial
resolution for the model run, which will affect both the accuracy and the time taken for the model
simulation to run. Here, as for the Parameters section, we accept the default values. In the
Solver section, we again accept the default integrator (I.e. Fully-Implicit Finite Volume, Regular
Grid (Variable Time Step)) but override the Ending and maximum time step fields to 1000 and 1
(seconds) respectively. Finally, the output interval is increased to 1.0 seconds, chosen to give
smoother, more accurate plots. (This will generate a warning, when running the simulation, and
lead to plot results being very slow to appear. Normally a longer output interval of, say, five

seconds would be more appropriate.)
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Finally, running this model produces the following results:
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At first sight these results seem very similar to those of the previous compartmental model (i.e.

version 4, shown in Figures 3.41-3.46), after allowing for differences in the size of the chart area in

their respective plotting dialogs. However, it has to be remembered that these show densities or

concentrations, not particle numbers, and, given that the PM is proportionally around one-fifth

the size it is in compartmental model, this means its particle numbers are generally around one

fifth the level they should be, also. Moreover, some species show obvious differences in density

as well as number between the compartmental and spatial models, as can be seen from Figures

3.56 to 3.61.
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Figure 3.59. Tal_PI5K (version 5, uM,1000s)
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Figure 3.60. PI5K_act (version 4, molecules.um?, 1000 s) bFigure 3.61. PI5K_act (version 5, molecules.um?, 1000 s)
Peak particle numbers: ~6906 molecules Peak particle numbers: ~303 molecules

To see whether these discrepancies arise because of the compartmental differences,
proportionally, between the two models, or for some other reason, we need to run another
simulation. This time we will take advantage of an option in the simulation Parameters section
that allows rescaling of compartments relative to their original geometric specification. Given
that the compartmental model has a surface area of 1600 um? and the other two compartments
were divided by an assumed height of 5 um, then keeping the PM length in proportion to these
compartments implies dividing the PM surface area by the same amounts, which gives a desired
length of 320 um. Dividing this desired length by its actual length (i.e. 320 um / 62.61 um) gives
the required scaling factor, i.e. 5.11. This can now be entered in the appropriate AreaPerUnitArea

field in the simulation Parameters section, as shown in Figure 3.62.
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3.4.6 Adjusted fifth version (2D Spatial)
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Figure 3.62. PM unit area rescaling, in this case multiplying PM unit area by 5.11.
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Figure 3.65. Tal_PI5K (Version 4, uM, 1000s)

Figure 3.66. Tal_PI5K (v.5, uM, 1000 s)
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Minimum particle numbers: ~176 molecules Equivalent minimum particle nos.: ~176 molecules
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Figure 3.67. PI5K_act (Version 4, molecules.um?, 1000 s) » Figure 3.68. PI5K_act (v.5, molecules.um?2, 1000 s)
Peak particle numbers: ~6906 molecules Equivalent peak particle numbers: ~6936
molecules

Again, allowing for differences in the display format between the two models, these results are
now essentially identical both in density/concentration and in equivalent particle numbers. (For
PM-resident species equivalent values are obtained multiplying the adjusted Version 5PM species
densities by the new PM length of 320 um, and then multiplying these particle numbers by the
assumed height of 5 um. For cytosolic species equivalent values were obtained by multiplying the
molar value by an assumed cytosolic volume of 1500 fl, i.e. the same cytosolic volume using the

Version 4 model.)

This can be more clearly seen by comparing columns 2 and 4 in Table 3.10, and columns 2 and 3 in
Table 3.11. Allowing for possible measurement error, this strongly suggests that the proportional
differences in compartment sizes between the PM and the other two compartments are the

reason for the discrepancies in results seen between the previous compartmental application and

this spatial version.
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PM Species Version 4 Adjusted Version 5 Equivalent Version 5
peak/minimum peak/minimum 3D
particle numbers particle numbers peak/minimum
particle numbers *
Integrin 1674 ~329 ~1645
ITP_Lig 22,480 ~4500 22,496
Int_Tal_PIP2 5848 ~1171 ~5853
Tal_PIP2 5408 ~1092 ~5461
Tal_PISK_PIP2 ~3 ~1 ~3
PISK_PM ~0 ~0 ~0
PI5K_act ~6906 ~1387 6936
PIP2 174,400 34816 174,080
PIP2 ~0 ~0 ~0

Table 3.10. Comparison of particle number counts for PM-resident species in Version 4
(compartmental/ODE) and Version 5 (2D-spatial/PDE) model, after PM length has been adjusted
in Version 5 to match that of Version 4. (Values rounded to nearest integer.) Equivalent Version 5
values in the third column derived by multiplying (unrounded) values in the second column by 5
pm, the assumed height of the Hela cell in this model.

Version 4
peak/minimum
particle numbers

Cytosolic species Adjusted Version 5
equivalent
peak/minimum

particle numbers

Talin ~67,304 ~67,305
PISK_cyto ~8010 ~8056
Tal_PI5K ~176 ~176

Table 3.11. Comparison of particle number counts for cytosolic species in version 4
(compartmental/ODE) and Version 5 (2D-spatial/PDE) model, where PM length has been adjusted
in Version 5 to match that of Version 4. (Particle numbers calculated from reported molar values,
assuming a cytosol with a volume of 1500 fl in both cases, then rounded to nearest integer.)

Overall, then, it can be seen that, as long as suitable adjustments are made to ensure that all
compartment sizes are near-identical, spatial models (or at least 2D spatial can be a good match

for compartmental models and vice versa. All these results will be discussed in the next section.
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3.5 Discussion

3.5.1 Discussion of these early FA model results

On the whole, these results, from the early FA model, generally show that overall, integrin
dynamics (including integrin activation by talin and PI5K activation by ECM-ligated integrin) are
driven by levels of PIP2, rather than the reverse being the case. This was the conclusion reached
from the results for the Version 1 model in which particle level curves for all key species, including
ITP_Lig and ITP Lig-activated PI5K_act, are seen to lag particle level curves for PIP2 and PIP,
typically by around 100 seconds or more. Specifically, comparisons of the times at which various
species reach peak levels (or reach minimum levels, including exhaustion), and when their particle
level curves transition from broadly linear to logarithmic rates of change (or vice versa) all tend to

confirm that PIP2 is primarily driving model events.

Nevertheless, the rate at which integrin binds its respective ECM ligand is still critical. As the
Version 4 model results show, not only does this determine how much activated integrin goes on
to bind such ligands, but also the rate at which PIP2 is formed from PIP (as well as associated

behaviour such as Tal_PIP2 formation) and overall system behaviour.

These two results point to a very complex interdependence between critical system species. It
also implies, of course, that getting physiologically accurate rate constants for these two reactions
(i.e. integrin-ECM ligation and PI5K-mediated PIP phosphorylation to PIP2) is particularly

important if the model is to sufficiently reflect reality to be a useful predictive tool.

However, as in the previous chapter, such considerations come up against one of the main
challenges in model development in cell biology, namely how to obtain reliable rate constant

values for system reactions. Assuming one can locate the relevant rate constant in the literature
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in the first place, how does one determine its reliability? Taking the example just mentioned, it
was only at a later stage of model development that it became clear that a critical rate constant
(the off-rate for integrin-ECM protein ligation) was likely to be incorrect by several orders of

| 226, and involving a reaction of

magnitude, despite being published in a well-respected journa
great interest to researchers . Had there been a substantial number of such values readily

available in the literature, it seems likely that this off-rate would have featured as an outlier and

been discounted as such.

This is not to question the competence of those conducting the experiment that produced this
value, nor even the experimental protocol used. It is rather to point out the intrinsic difficulties of
measuring reaction rates, given the large number of different proteins (and isoforms thereof),
their great structural variation, and widespread differences in the ways they all interact with each
other. Even without such variability, various technical challenges and very incomplete knowledge
of the conditions (chemical and physical) under which reactions take place, can lead to large
differences between in vivo and in vitro measurements, not helped by a general absence of

agreed standards by which such reactions should be measured*,

This means that the overall lack of reaction-specific data (at least in a form that allows such
reactions to be reliably modelled) is compounded by reservations about the reliability of such
data as there is. It may turn out that the rate constant value in question is, in fact, a better guide
to the actual rate than has been supposed in this chapter. In which case, other explanations for
the model’s apparently aberrant behaviour must be found. But in the absence of other specific
data to support a judgement either way, one is forced to base such judgements on more
tangential evidence. Such evidence may include data from similar reactions, estimates based on

other pertinent data, or any general principle thought applicable to the case.
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A similar rate constant-related problem arose when trying to add talin-mediated PI5K recruitment
into the model, as Version 2. In the absence of any kinetic data specifically relating to this
reaction in the literature, it was hoped to model this using an existing reaction (talin-PIP2 binding)
for which the data was already available. However, adding in PI5K release meant that the reverse
reaction was now second-order rather than first-order. Unfortunately, as explained, there is no
method for converting a first-order rate constant into a second-order constant, or indeed for
converting any mass action reaction of one order to another. Adding in an additional reactant can
completely alter the nature of a reaction, meaning that the existing reaction rate (and its
associated rate constant) may be a very poor guide as to the rate of the new reaction. Removing

reactants from a reaction will likely have similar results.

Talin-mediated PI5K recruitment to the PM, as introduced in version 4, also created a further
problem, in terms of considerably slowing down overall model behaviour. Initially this appeared
to be because the ad hoc reverse rate constant had been set too high. However, the results of a
logarithmic parameter scan showed that only extremely low values for this rate constant would
reverse the changes described, indicating that the fault might lie elsewhere. The problem, in fact,
turned out to lie in the way the reaction (for talin-mediated PI5K recruitment) had been specified
as a single reaction. Breaking this down into two separate reactions, one for Tal_PI5K-PIP2
binding and the other for dissociation of the resulting Tal_PI5K_PIP2 complex into two separate
components (Tal_PIP2 and PI5K_PM) greatly speeded up overall model behaviour, largely
restoring the timescale of events to that seen in the previous version.

In the writer’s experience this problem is often encountered, typically when an attempt to
simplify a model leads to multistep reactions (such as the one described) being compressed into a
single one. Or it may, as in this instance, be driven by a (generally misplaced) desire to have a

particular reaction, for which no kinetic data is known, in a form sufficiently similar to another
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reaction (for which such data is available), so that one can justify to oneself using the same rate

constant values.

As the example here shows, it is usually best to resist this temptation, even if it means having
more reactions, each using ad hoc rate constant values in the absence of any better alternatives.
Whilst, as just demonstrated, the difficulty of finding reliable reaction rate constant values is one
of the great challenges of modelling reaction-diffusion systems in cell biology, it is not the only

one.

The lack of published quantitative proteomes means that one is restricted to a small number of
cell types for which quantitative proteomes have been published, if one is to justify the initial
concentrations of species used in ones model. Furthermore, it has to be remembered that such
guantitative proteomes, as have been published, are normally based on lysates from a number of

182247 |f these cells have been cultured for long enough they may be at

cells, not just one
different stages in the cell cycle. Thus any quantitative proteome will typically represent an
average value for many forms of the cell in question. At the same time, the lysates themselves

represent a snapshot in time, before and after which protein copy numbers may vary

considerably.

Overall, though, the results of this chapter suggest that the limitations and challenges discussed
here need not get in the way of a model producing useful insights and predictions. In the
previous chapter a compartmental/ODE model, implemented in COPASI, showed how rapidly
increasing levels of PIP2 can play a prominent role in driving Racl-mediated lamellipodia
formation. Here, another compartmental/ODE model has been developed, this time in Virtual
Cell, and showing how similar levels of PIP2 can simultaneously promote formation of FAs in

numbers typically associated with lamellipodia. Moreover, whereas in the first example we saw
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an example of inside-out signalling (in the form of SDF1 signalling via CXCR4 GPCRs), here we have

seen an example of outside-in signalling in response to ECM-integrin binding.

In the process, this model has revealed the complex interaction between the FA-associated
proteins integrin, talin and PI5K on the one hand and phosphoinositides such as PIP and PIP2, on
the other. However, its comparative simplicity means that no very novel insights have arisen

from its behaviour. Nor was it realistically expected that any would.

In the next chapter this model will be developed further to incorporate other FA-associated
proteins and phosphoinositide species, as discussed in Section 3.1.1. To compensate for this
much increased level of complexity, this new version of the model will be reduced in scale to
model only a single lamellipodia. As well as reducing the computer load and therefore the
simulation runtimes, such a lamellipodia-focused investigation will be more characteristic of the

physiological setting in which FAs normally function.

In addition, the new model will be implemented both in COPASI and then in Virtual Cell, using
compartmental/ODE modelling. This will allow a direct comparison between these two modelling

tools, both in terms of the modelling process and in the results produced.

However, the principal gain will come from the additional complexity. An extensive search of the
literature has found no other model that has looked at early FA dynamics, certainly not at this
scale or level of detail. Itis hoped that, as a result, more insights about FA behaviour may result,

some of them entirely novel.
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3.5.2 Discussion of spatial modelling approaches

This chapter has looked at some of the differences between modelling in Virtual Cell, a software
environment primarily aimed at spatial/PDE modelling, compared with modelling in COPASI
(exclusively designed for compartmental/ODE modelling), as described in the previous chapter. In
the course of this illustration it has been shown that it frequently makes sense to develop a
compartmental version of the model first. This avoids spending time at the outset specifying a
spatial geometry for the model, but the chief time-saving comes from the much reduced run-time
for simulations, with a 1000 seconds compartmental simulation typically requiring a solver run of
the order of 10-30 seconds, where a 2D spatial equivalent might require 3-30 minutes, and a 3D
spatial version 1 day or more. Generally, it can be said that there are few major issues concerning
model behaviour that might arise in a spatial model, which will not also be apparentin a
compartmental version. So it usually pays to initially develop the model as a compartmental
application until the model is generally behaving as originally intended, and it has achieved a
relatively stable state of development. By this has meant that the model has reached a stage
where all glaring errors have been removed and the focus is now on incremental improvements in

the model.

Of course, an alternative would be to first develop the compartmental version in COPASI, before
porting it into Virtual Cell. However, this is not as straightforward as it might first appear. As has
been seen, COPASI compartmental modelling differs from Virtual Cell modelling. Firstly, COPASI
models compartments as volumes, whereas Virtual Cell models them as surfaces. Secondly, as a
consequence, second-and higher-order mass action reactions involving only membrane-resident
reactants must, in Virtual Cell, use rate constant values with units ofumZ2.molecules?.s?, as
opposed to volumetric units (i.e. per unit concentration per unit time) used by COPASI. (Similar
considerations apply to membrane-associated Michaelis-Menten enzymatic and higher-order

mass action reactions.)

Page 172



Thirdly, whilst the facility to export COPASI models in SBML (Systems Biology Markup Language)
file format, and to re-import such files into Virtual Cell, should allow seamless porting of such
models, the reality is very different. This is because neither software environment is fully SBML-

248,136

compatible , with a number of features in both environments (e.g. global variables, as

implemented in COPASI, and electrophysiology in Virtual Cell) not currently supported by SBML.

In particular, with multi-compartmental models, COPASI does not require that any spatial
relationship is specified between compartments, or that compartments are specified as
membrane or non-membrane. There is no obvious reason within COPASI for such specifications,
therefore exported COPASI SBML files do not contain this information either. However, Virtual
Cell models must specify such information and, in its absence, all imported compartments are
assumed to be non-membrane, with a spatial relationship that is essentially random. (For
example, a Cytosol compartment may appear sandwiched between an EC and PM compartment,
none of them specified as membranes.) Nor does it appear to be possible to change this
specification. The result is that, unless a COPASI model is very simple, it is usually easier to specify

it ab initio in Virtual Cell.

By contrast, as we have seen, progressing from a compartmental to a spatial version of a model is
largely seamless within Virtual Cell. For all these reasons, if the intention from the outset is to
develop a spatial model, then, in the absence of any overriding considerations (e.g. the need to
take advantage of particular COPASI features, such as its more advanced sensitivity analysis and
parameter estimation functionality), it will usually make sense to start with a compartmental

version, implemented in Virtual Cell.
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However, the results from this chapter raise questions about the actual benefits of spatial
modelling. In the end, after having corrected the compartment sizes in the spatial model, the
results were found to be essentially identical to those of the equivalent compartmental model, in
terms of overall levels of model species as they evolve with time. Therefore, if this is all that one
is interested in, it generally makes little sense to use spatial modelling, with all the accompanying
overhead (including defining the spatial geometry and deciding on suitable diffusion constants),

as well as the greatly increased simulation run-time.
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Figure 3.69. Example of selected species (r_PM here) density for a given simulation time point
displayed as a colour scale over a user-defined rendered surface.

However, If one is interested in detailed spatiotemporal changes in species concentrations (for
instance, how a signalling molecule, such as calcium, propagates through the cytosol), Virtual Cell

spatial modelling provides useful analytical options. These include the ability to define various
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linear and area-based (as well as single point) regions of interest over which changes in
density/concentration of chosen species can be plotted, and (for 3D spatial models) displays of
rendered surfaces, over which individual species densities are shown as a relative colour scale for
any time point during the simulation run (Figure 3.69). Finally there is a facility to record a
chronological sequence of such colour-mapped densities for a species (over a user-defined time

period) as a video.

Together, these are certainly very useful features to have, making it much easier to see how,
overall, local concentrations of given species vary, both spatially and temporally, over the course
of a simulation. Without these one would have to rely on a series of plots of individual species

levels, taken at single spatial points.

However, it must also be remembered that differential equation modelling (i.e. ODE/PDE
compartmental/spatial modelling, as described in this and the previous chapter) models changes
at the population, rather than the particle level. Put another way, tools such as COPASI and
Virtual Cell are primarily designed to model reaction-diffusion problems, involving changes in
space and time of species concentrations, rather than changes at the molecular level. This means
that there are many molecular-focused spatial modelling tasks (for instance, studies of integrin
clustering) that usually require alternative approaches, such as agent-based modelling %*° or

molecular dynamics°.

This aside, the spatial complexity of cells suggests that there must be problems in which the
results from compartmental modelling are unlikely to be adequate on their own. Signalling
gradients would seem to be one obvious example, since ODE models would surely require many
separate compartments if it were to give any useful results, even where the gradient is not

influenced by complex topography. Where such complex topography is present, such as in
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Purkinje cell dendritic spines, the need for some form of spatial modelling seems obvious, as

21 But such complex topographies are relatively uncommon in

shown by at least one example
cell biology, meaning that in most cases the modeller must often rely on personal experience

when deciding whether to employ spatial modelling, taking account of the overheads previously

mentioned.

Fortunately this does not have to be an all-or-nothing decision. In the model of the Purkinje
dendritic spines just referred to, only some aspects of the problem were modelled spatially, with
other aspects employing compartmental modelling. And even some of the spatial modelling
required only one-dimensional models, considerably reducing the overhead incurred. It should be
added that this modular approach, in which different aspects of a problem are modelled using the
methodology judged most appropriate to that situation (a judgement which will usually include
considerations of computational overheads), and with outputs from such modules typically
informing other modules, has much to recommend it generally, in other words, not just in
scenarios where spatial and compartmental differential equation modelling seem most

appropriate.

Page 176



Chapter 3 Graphical Summary
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Figure 3.70. Graphical summary of Chapter 3 results.
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Chapter 4. A complex model of early FA dynamics in lamellipodia

4.1 Introduction

4.1.1 How phosphoinositides and calpain cleavage combine to regulate FA
assembly/disassembly

4.1.1.1 Possible roles for PIP2 in FA assembly

As shown in Chapter 3, the membrane-resident phosphoinositide PIP2 has a critical role in driving
FA assembly by promoting and influencing talin (and thereby PI5SK) membrane recruitment and
activation. In particular, we saw how, by activating PI5K, PIP2 increased its own production (and,
therefore, further talin-mediated integrin activation), thus exhibiting positive-feedback. But this
role in FA assembly extends much further. Most importantly, PIP2 binding is not only pre-
eminent in the cell membrane-recruitment of talin but is also thought to be important in
recruiting FAK to the same membrane. As in the case of talin, such recruitment by PIP2 also
activates FAK, by releasing both from their autoinhibitory conformation 2223352, Activated talin

and FAK in turn promote further FA assembly %2352,

As well as activating integrins by forcing it to adopt a conformation with a higher affinity for its
natural extracellular ligand, and promoting integrin clustering via cross-linking, as described in
section 3.1,3, talin also provides binding sites for vinculin and actin. In the former case, such
binding sites are revealed only after mechanical stretching has revealed them, thus giving talin a

role as a force-activated mechanical switch 3226,

Similarly, FAK, in its role as a scaffold protein, provides binding sites for other proteins, including
growth factor receptors, PI3-kinase and Src 3%°*2%5, Having been recruited, Src is then activated,

leading to further FAK phosphorylation %%7and the formation of a FAK-Src complex. This
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complex, amongst other things, regulates Rho-family GTPases, either by direct Src-mediated
phosphorylation of p190RhoGAP %8, or, less directly, via the Dock180-ELMO and GIT2-B-Pix

pathways 2°, following phosphorylation of paxillin and p130Cas.

There is also experimental evidence showing that PIP2 binding to vinculin is essential to the
latter’s critical function in FA dynamics, probably involving a role in vinculin’s membrane-

recruitment or activation, or both 2,

4.1.1.2 Possible roles for PIPZ in FA disassembly

What of disassembly? As well as driving new FA assembly by promoting recruitment and
activation of key FA proteins, as described above, PIP2also appears to promote turnover of
existing FAs 261, A number of ways in which PIP2 might do this have been proposed. For instance,
it has been suggested that high levels of PIP2 may lead to lower vinculin residency times in FAs, so
preventing vinculin-mediated stabilisation of FAs %2, Or, conversely, high PIP2 levels may

promote FA disassembly by prolonging residency of FAK 261256,

However, this does not appear to fully explain disassembly, failing to provide a mechanism for
spontaneous disaggregation of the remaining FA protein constituents, such as talin, paxillin and
FAK. Nor would falling levels of PIP2, given that PIP2 does not appear to perform a critical
structural role within FAs, by cross-linking or other means. Declining levels of PIP2 might reduce
levels of FA formation, but there is no obvious reason why they should promote disintegration of

existing FAs.

Another possible explanation lies in endocytosis, with some reports suggesting a role for PIP2 in
driving clathrin-mediated endocytosis. This appears to involve an interaction with dynamin and

other clathrin-associated proteins 263264265266 ‘hossibly requiring FAK %27, However, there is only
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limited evidence for PIP2 as a direct driver of FA-associated endocytosis, and a precise mechanism

has yet to be elucidated.

More generally, the idea that high levels of PIP2 can drive both assembly and disassembly is
problematic, unless there is some form of switching mechanism to turn off disassembly where not
required, either by lowering levels of PIP2 or by preventing PIP2 mediated disassembly.

Otherwise FAs could never mature. Possibly FA-stabilising vinculin may provide such a switch,
since we can reasonably assume that mechanical force tends to hold vinculin within FAs (by
providing vinculin binding sites within talin and actin binding sites within vinculin), thus acting in
opposition to the tendency of PIP2 (observed by Chandrasekar and colleagues ?%?) to reduce
vinculin residency times within FAs. However, precisely how PIP2 acts on vinculin is still very

much open to question.

4.1.1.3 Possible more indirect roles for PIP2 in FA disassembly

Recently, however, it has become clear that the phosphoinositides may play a more indirect, but
critical, role in FA disassembly. Hydrolysis of PIP2 by PLC isoforms yields the membrane lipid DAG
and the cytosolic molecule IP3. IP3 binds to IP3R receptors in the ER, triggering the release of
calcium ions (of which the ER is a major reservoir) into the cytosol. This cytosolic calcium then
binds to and activates calpain, a calcium-dependent cysteine protease, which, amongst other
things, cleaves a number of FA-associated proteins, including talin, FAK, paxillin, vinculin, a-actinin
and at least one integrin isoform 268:269.270.271,272,273,274 ' EA disassembly and subsequent

degradation of FA component proteins appear to be substantially driven by this calpain cleavage

271,269

However, as before, this account appears contradictory. On the one hand, PIP2 promotes

assembly and, on the other, indirectly promotes disassembly, implying that these opposite
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processes would tend to cancel each other out for any given level of PIP2. The simplest way this
can be resolved is if assembly and disassembly occur at different times, again implying some sort
of switching mechanism. If so, an obvious candidate for this switching role is PLCy, since it

converts PIP2 to IP3.

In support of this, evidence suggests that PLCy is primarily recruited to the cell membrane by PIP3
275276 the downstream product of PIP2 phosphorylation. Also, it appears that PI-3 kinase, which
performs this phosphorylation, and PLCy are both activated by FA-associated tyrosine kinases
(including Src family kinases, FAK and Integrin Linked Kinase), following integrin ligation and cross-

linking (coincident with clustering) by extracellular ligands 277:176:278,279,280,281,

Thus it is very plausible that PLCy activation and IP3 creation occurs later than the initial burst of
PIP2 formation accompanying FA assembly, being driven by integrin ligation and clustering. If so,
one might suppose it is the default response to these two events, preventing further FA
maturation and instead promoting FA disassembly, unless a further event inhibits this response.
Thus it may be that force-related changes (e.g. talin/vinculin elongation) in some way turn off
PLCy activation, or in some other way inhibit calpain cleavage, and so allow FA maturation. In the
absence of these, within a limited timeframe, calpain cleavage and consequent FA disassembly

and recycling proceed automatically.

Altogether, it seems clear that FA dynamics involves a large number of processes and

interdependencies, making up a complex system.
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4.1.2 What remains to be discovered

Whilst a general idea is emerging of how PIP2 and calcium-driven calpain cleavage contribute to
focal adhesion assembly and disassembly, important aspects are still missing from the picture.
For instance, the relative importance of each factor to overall FA dynamics is far from clear. And

we still lack a precise understanding of the underlying mechanics and how they are regulated.

Crucially, the precise mechanism leading to rapid PIP2 creation from PM-associated Pls is poorly
understood. The recent discovery that talin appears to recruit PIPKly to the PM, at the same time
as being itself recruited to the PM (and activated) by PIP2, provides an obvious source of PIP2,
together with a positive-feedback mechanism for its generation. However, such a mechanism
surely requires a separate trigger event, both to initiate it in appropriate circumstances (e.g. after
inside-out or outside-in stimulation) but also to prevent it happening inappropriately. At the time

of writing this trigger mechanism has yet to be fully determined.

Also, whilst evidence suggests that PIP3 and Src phosphorylation are critical to PM-recruitment
and activation of PLCy, respectively, the underlying mechanism is less well understood. That is to
say, what exactly drives Src phosphorylation and PI3K-mediated PIP3 creation, how is it

synchronised, and how is that mechanism governed by external events?

Also, how do the Rho-family GTPases, Racl, Cdc42 and RhoA, in their role as key governors of
overall FA dynamics 11228 fit into the above picture? What role does internalisation and recycling
play in FA assembly and disassembly 23? Do PIP2 and calpain-cleavage have the same relative
importance in inside-out and outside-in signalling? How does the calcium signal propagate, and
how is that signalling and its FA response affected by cell morphology? Does the calcium
signalling mechanism permit individual FAs to generate and receive different calcium signals to

their neighbours, or do adjacent FAs receive the same summated signal? If so, what is the typical
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size, spatially or numerically, of FA groups receiving such summated signals? Finally, what effect,
if any, does the size and shape of lamellipodia (or similar FA-active regions) have? Similarly, how
does the size and shape of calcium stores, and the proximity of the latter to the lamellipodial

leading-edge, have on the observed FA response?

It is also still far from clear what the precise mechanism is that determines whether a newly-
formed FA subsequently disassembles and is recycled or goes on to form a mature adhesion
attached to actomyosin fibres. That is to say, although it is fairly well established that mechanical
stretching of talin and vinculin play an important role, by recruiting actin fibres to the existing FA

complex 28493

, it is far from clear how this relates to disassembly and calpain cleavage. Are
disassembly and cleavage default processes that talin and vinculin stretching somehow switch
off? If so, how? And how does recycling fit into all this? It may be that vinculin and PIP2 both play
an important role here, with a finding that, in the presence of high levels of PIP2, vinculin
becomes unbound from FAs, preventing force-induced maturation and promoting cell-spreading,
characterised by high levels of FA turnover and recycling 22. In this respect, then, vinculin is seem

to be acting as a kind of PIP2 sensor and switch, with PIP2 acting to recruit vinculin away from

FAs, rather than towards them as originally thought.

This would make some sense, effectively setting a timer for force-driven FA maturation. If
sufficient mechanical force is present, vinculin remains bound within its FA, become stretched and
thereby provides additional binding sites for actin fibres. If no such force is present, the high
levels of PIP2 (characteristic of lamellipodia and filopodia) have time to divert it away from its
associated FA, preventing maturation. In some way, then, it seems likely that these smaller,

vinculin-deficient, immature FAs will be much more prone to calpain cleavage and recycling.
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Certainly, this is consistent with the phenomenon of cell-spreading, which is characterised by an
absence of traction forces, high levels of PIP2 and of nascent adhesions that fail to mature and are
rapidly recycled %°. One would expect these high levels of PIP2, of course, to be associated with
high levels of IP3- and calcium-mediated calpain cleavage However, it should be emphasised that
this vinculin-switch hypotheses is solely based on a report from 2005 that has not subsequently
received much experimental support in the literature. Also, calpain cleavage itself has been
reported to have an important role in inhibiting such cell spreading 2%. So, many aspects of FA

dynamics, including the role of PIP2 and calpain cleavage, remain to be determined.

At a simpler level, there is still much confusion as to the precise order of recruitment and
activation, as well as the immediate binding partners, of key FA proteins, such as talin, FAK, Src,
paxillin and vinculin. Nor is it known how much flexibility there is in this recruitment and
activation order.

For instance, it is not known for certain whether talin is recruited to early FAs before FAK, all the
other way round >*. Similarly, it was once suggested that paxillin might be binding directly to B-
integrin cytoplasmic tails %7, implying that it might be the earliest recruit to incipient FAs.
However, it is now thought that paxillin binds directly to the tail only of a-4 integrins 7. In the
absence of such binding, it is not absolutely certain which constituent FA protein, let alone what

part of it, initially recruits paxillin to FAs 2%,

4.1.3 Modelling

4.1.3.1 How modelling can further our understanding of FA assembly and disassembly

One reason why a mathematical model can be particularly useful here follows from the
interdependence between the two processes described. That is to say, IP3 levels determine levels

of calpain cleavage to a large degree, but are themselves in large part determined by levels of
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PIP2. Less directly, PIP3 levels also affect calpain cleavage by recruiting PLCy to the PM 27276,
activating it and encouraging IP3 production. But, of course, these levels of IP3 and PIP3 both
come at the expense of PIP2, which drives FA assembly, through talin PM recruitment and

subsequent activation. And, as explained, talin recruitment to FAs also results in further PIP2
generation, given that the PI5 kinase PIPKIy is also recruited and activated at the same time %218,

Thus there are elements of both negative and positive feedback at work here, each directly or

indirectly involving PIP2.

Processes that incorporate such complex interdependencies tend not to be readily amenable to
intuitive analysis, which is why mathematical models can be so useful in studying them. Yet none
appear to have been attempted previously, almost certainly none incorporating both PIP2-driven

assembly and calpain-driven disassembly.

4.1.3.2 What is new about this Pl/calpain cleavage model

The model described here look at the interplay of PIP2 and calpain cleavage, attempting to gain
insights into how each affects the overall level of FAs, as well as the timescale over which they

might operate in real-world conditions.

For these purposes, two differential-equation modelling tools have been used here, namely
COPASI and Virtual Cell. This is primarily because, as we saw, Virtual Cell allows spatial/PDE
modelling, where COPASI is confined to compartmental/ODE modelling. However, in addition, as
we also saw in the previous chapter, Virtual Cell allows compartmental models. So why not just
use Virtual Cell for both compartmental and spatial models, in the same way it was in the

previous chapter?
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The main reason is because of the much greater complexity of this extended FA model compared
to the very simple version in the previous chapter. As stated previously, COPASI provides a much
richer set of analysis tools, particularly in terms of plotting options. As will be seen, these will
prove particularly helpful in attempting to analyse causative factors of model behaviours, given

the complex interdependencies described above.

Given that this model includes IP3-mediated calcium signalling, requiring the ER as an additional,
internal calcium-sequestering compartment, there seems a particular benefit to be gained from
implementing an additional spatial model. As before, this will require using Virtual Cell and, as
seen in Chapter 3, it will make sense to implement at first as a compartmental/ODE model in

Virtual Cell, not using the COPASI compartmental model for reasons explained in section 3.5.2.

But also, as we as we have seen, there are differences in the way COPASI and Virtual Cell model
membranes and in other ways, as will be explained later. These differences have the potential to
provide an interesting direct contrast between the two compartmental models produced by these
two modelling environments, as well as providing a further demonstration of the sort of

challenges faced in modelling cell biology.

Page 186



4.2 Methods

4.2.1 Analysis methods used

In terms of analytical methods used (i.e. plots, parameter scans, etc) the same broadly applies
here as was written in the corresponding Methods sections in 2.2 and 3.2 of the previous two
chapters. Sensitivity analysis was tried on a few occasions and then abandoned as the results in
all cases proved contradictory and frequently erroneous. Much of this was undoubtedly due to
the highly complex nature of the model, with all its interdependencies, negative feedback effects
and similar. Some of it may have been because of the difficulties of specifying the sensitivities

required in sufficient detail, again because of the complexity of the model.

For similar reasons parameter estimation was not attempted, as it was felt that similar issues
were likely to arise, making any results from the parameter estimation highly unreliable. In any
case, without sensitivity analysis working reliably, it would have been difficult to determine which
parameter values (including species concentrations) to focus on. This meant that, in such a large
model with so many estimated values, there would be so few constraints that any attempt at

parameter fitting would be unlikely to prove a useful exercise.

4.2.2 Modelling application version numbers

COPASI: Version 4.22 (Build 170)

Virtual Cell: Version 7.0.0 (Build 9)

4.2.3 System units used

4.2.3.1 COPASI
Time units: Seconds (s)
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Quantity units:

Volume units:

4.2.3.2 Virtual Cell

Femtomoles (fmol)

Femtolitres (fl)

Time units: Seconds (s)
Length units: pm

Area units: pm?
Volume units: pum?
Substance units: UM, pm?
Membrane Substance units: molecules

Volume concentration units:  uM

Membrane conc. units: molecules.um

2 -1

Diffusion units: pme.s

4.2.4 Solver settings

4.2.4.1 COPASI

The Deterministic (LSODA) solver was used for all Time Course simulations, with a relative
tolerance value of 1e-06 and an absolute tolerance of 1e-12. Maximum internal steps were set at
10,000. Time Course durations were typically of 20,000 seconds, with 250 intervals, and

therefore an interval size of 80 seconds.

4.2.4.2 Virtual Cell

In terms of Solver settings, these were as follows. For the ODE/compartmental application the
default Combined Stiff Solver (IDA/CVODE) was used, with both absolute and relative error
tolerances set to values of 1.0E-9. The maximum step size was set to 1.0 seconds, with
simulations run for either 1000 or 10,000 seconds, depending on circumstances. Output settings

varied, according to requirements.
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For the PDE/2D spatial application, the Fully-Implicit Finite Volume, Regular Grid (Variable Time
Step) integrator was used, with an absolute error tolerance of 1.0E-9 and a relative error
tolerance of 1.0E-7. The maximum step size was set to 0.1 seconds, with simulations run for 1000
seconds in all cases. The output interval was either 1.0 or 5.0 seconds, according to
requirements. The Mesh Size was 101 elements for both X and Y dimensions, giving a total size of

10201 elements and a spatial step of 1.016 um in both the X and Y planes.
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4.3 Model Setup

4.3.1 Compartment volumes and surface areas

4.3.1.1 Lamellipodia cytosolic volume

Lamellipodia dimensions were estimated from the literature, giving a typical height of around
0.15 um 2929 3 typical protrusion width of 60 um and a typical depth/diameter of 6 um %2, This
was then envisaged as a simple rectangular box, with dimensions 60 um x 6 um x 0.15 um,
yielding a total volume of 54 um?3. Ignoring the PM and assuming the internal, liquid, volume to
be about 90% of this total (to allow for the actin cytoskeleton and internal organelles, such as the

ER), this suggested a lamellipodial/cytosolic volume of approximately 50 pm?3.

4.3.1.2 ER volume

Study of lamellipodia micrographs and calculations of the actin skeleton suggested that in the
most of this unavailable volume would be ER, given that lamellipodia appear to be rich in this and
it appears to be the only organelle that keeps pace with the lamellipodia front 2%, Thus, at 10% of

the lamellipodial cytosolic volume, the ER was assigned a volume of 5 um?3.

4.3.1.3 Lamellipodia cytosolic area (for 2D spatial models)

Using a similar analogy, two-dimensional lamellipodia were assumed to have a total area of 360
um? (60 um x 6 um), yielding a cytosolic area of ~325 um? and an ER area of ~35 um?. These were

the areas used for these compartments in 2D Virtual Cell models.
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4.3.1.4 Lamellipodia PM surface area

Virtual Cell models membranes as two-dimensional surfaces, and therefore requires a surface
area (rather than a volume) to be specified. For the purposes of compartmental/ODE models, this
was derived from the rectangular box model of the lamellipodia described above, adding together
the surface area of 5 of the 6 panels, but excluding the one at the rear, i.e. where the lamellipodia
protrudes from the rest of the cell body. This calculation gave a lamellipodial surface area value

of approximately 730 um?.

4.3.1.5 ER membrane surface area

However, given that the ER observed in lamellipodia appears to be predominantly

tu bU | a r294,189,295,296

, using the same box analogy to calculate the ER surface area didn’t appear
valid. Rather, since studies suggest that the ER surface area, in general, may be 10-20 times larger
than the cell/PM surface area '8, for compartmental/ODE models a value of 2000 um? was
allocated to the former, i.e. roughly 3 times that of the lamellipodial surface area. This was based

on the assumption that only a small proportion of ER could realistically extend into a developing

lamellipodia in the time available.

4.3.1.6 PM and ER membrane lengths (for 2D spatial models)

Virtual Cell membranes are modelled as one-dimensional lengths in 2D spatial models. These
were derived from the corresponding surface areas used in the Virtual Cell compartmental
models, after dividing by the lamellipodial height (0.15 um), giving lengths of approximately 4750

pum for the PM and 13,333 um for the ER membrane.
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For the 2D spatial/PDE Virtual Cell model it proved impractical to directly match these membrane
lengths to the above-mentioned compartment volumes, using the geometry specification tools
available. Therefore, to start with, for the 2D model, only the lamellipodial/cytosolic and ER areas
were as specified above (i.e. 325 pm2and 35 um?, respectively). Whatever membrane lengths
were subsequently calculated by Virtual Cell, according to the specification method used, were

then initially accepted.

4.3.1.7 PM and ER membrane volumes

For COPASI models (which model membranes as volumes) the membrane surface areas shown
above were multiplied by 7.5 nm, the average thickness of cell membranes ¥, to give membrane

volumes of 5.475 um? (5.475 fl) and 15 um?3 (15 fl) for the lamellipodial PM and ER, respectively.

4.3.1.8 Extracellular volume

The extracellular volume was assumed in all cases, and varied widely between simulations. This
can be justified by the fact that the cell was modelled as stationary, and because the EC
compartment in these models contained only fibronectin, which was assumed to have a near-zero
diffusion coefficient. Furthermore, the extracellular volume is often effectively indeterminate in
the context of any specific cell. In any case, given that fibronectin was supplied massively in
excess of available membrane Integrins, it was thought highly unlikely that changes in EC
compartment volumes would have any significant effect on results. Subsequent experiments

showed this to be the case.

4.3.1.9 Summary of compartment dimensions

For a summary of compartment volumes, areas and lengths used in the two modelling tools, see

Table 4.1.
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Compartment COPASI Virtual Cell

ODE 2D
Extracellular 100 fl (100 pm?3) 100 fl ~540 pm?
Plasma membrane 5.475 fl (5.475 um3) | 730 um? | ~4725 um
Cytosolic 50 fl (50 um3) 50 fl 325 pm?
ER membrane 15 fl (15 um3) 2000 pm? | 13,333 um
Endoplasmic reticulum 5fl (5 um3) 5 fl ~35 um?

Table 4.1. Volumes, areas and lengths used for the five model compartments in the COPASI and Virtual Cell modelling
tools. COPASI uses volumes for all compartments, liquid or membrane. Areas are used for Virtual Cell ODE model
membranes and 2D model membranes, whilst lengths are used for 2D model membranes. * Owing to the challenges of
specifying 2D model geometries of the desired size, using the available geometry specification methods in Virtual Cell,
incorrect sizes had to be adopted and then later mapped to the desired values at the simulation specification stage, as
explained in the text.

4.3.2 Initial concentrations

Since the model was based on a Hela cell, wherever possible initial protein copy numbers were
taken from a published Hela cell quantitative proteome 2. These copy numbers (per cell) were
then divided by the relevant HeLa compartment volume or, for species appearing in Virtual Cell
membranes, the relevant HeLa membrane surface area, to obtain the necessary protein

concentration.

So, for example, the copy number for vinculin (approximately 98,000 in the quantitative
proteome) was divided into a volume of 1500 um? (1500 fl), which was calculated as the effective
Hela cytosolic volume (50% of the calculated gross volume), to give a cytosolic concentration of
approximately 0.34 uM. This was the concentration specified for both the Virtual Cell and COPASI
lamellipodia models and, since the lamellipodial cytosolic area was assighed a volume of 50 um?

(50 fl) in both models, this yielded a copy number of approximately 10,300 in both cases.

A similar method was used for proteins from other cellular compartments. However, differences
between the way Virtual Cell and COPASI model membranes meant that a different approach was

needed for membrane-resident proteins. In the case of Virtual Cell, this was fairly
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straightforward. First, the copy number for the relevant protein was obtained from the
guantitative proteome and this was divided into the surface area which had been calculated for
the corresponding Hela cell membrane, to give an area density for that protein. This was then

the value specified for the protein in the Virtual Cell model.

So, for instance, a copy number of 30,000 was obtained for integrin from the quantitative
proteome. (This was based on the value for the a5 subunit, as the B1 subunit, associated with a5
in the fibronectin receptor, is more numerous). This was then divided into 1600 pm?, the surface
area calculated for Hela cell PM, to give a density of 18.75 molecules per pm?, and this was the
value specified for the protein in the Virtual Cell model. Multiplied by 730 um?, the lamellipodial
PM surface area calculated for this model (see below), gives a copy number of approximately

13,700 for the model.

As COPASI models membranes as volumes (like liquid compartments) it was first necessary to
calculate a volume for each of these in a typical Hela cell. This was done by multiplying the
surface area calculated for the relevant membrane by the average thickness for lipid bilayer
membranes. The copy number obtained for the protein in question was then divided into this
volume to get a membrane concentration, which was a value specified for the COPASI

lamellipodia model.

So, for integrin in the example above, the copy number of 30,000 was divided by 12 um? (12 fl),
the volume calculated for the Hela cell PM, to give a concentration of approximately 4.15 uM.
This is the concentration value for integrin specified in the COPASI model. Multiplying it by 5.475
um?3, the volume calculated for the COPASI lamellipodia PM (see below), gives a model particle
number of approximately 13,700 for the COPASI lamellipodia model, i.e. the same value as in the

Virtual Cell model. Similar calculations were performed for other membrane proteins.

Phosphoinositide concentrations were estimated from relative levels reported in a study by Xu

and colleagues [Xu et al., 2003]. These were then apportioned to the PM in the Virtual Cell and
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COPASI models, using the same methods described above. Fibronectin was given a concentration

of 10 uM, so as to make it in excess of available integrins.

A search of the literature for ER calcium concentrations yielded a wide range of values, broadly in
line with the 12 uM- 2 mM range suggested by the literature 2°’. Consequently an intermediate
value of 250 uM was chosen, based on a figure quoted for the ER-like dense tubular system in
platelets 2%, Since the literature suggested a very low (nanomolar) value for resting cytosolic
calcium, a reported value of 70 nM 2*° was chosen as representative. (In fact, subsequent ODE

and PDE models, using a zero value, stop showed only moderate changes in their outputs.)

4.3.3 Diffusion rates

As regards diffusion coefficients, in almost all cases the default Virtual Cell rates were accepted.
That is to say, for all membrane species a diffusion coefficient of 0.1 um?.s’* was specified, and for
almost all non-membrane species a rate of 10.0 umZ.s™. The exceptions were Fibronectin, which
was given a near-zero diffusion coefficient, given its near-stationary properties. Also, calcium ions
(both cytosolic and ER) and IP3 (cytosolic) where, for some simulations, published figures of,
respectively,530 umZ2.st and 280 umZ2.s ! were used3®3%, This was to examine what effects these

faster rates would have on spatial model behaviour.

4.3.4 Summary of initial concentrations and diffusion rates used in all models

A summary of the initial concentrations of all species used in the Virtual Cell and COPASI models,

together with Virtual Cell spatial application diffusion rates, is shown in Tables 4.2 and 4.3 below.
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Species Compartment Quantity Diffusion
Copy # per Concentration rate
Hela cell/ (spatial
lamellipodia apps
only)***
Ca2+ ER ER N/A 250 uM t 10 pm2.s*
Ca2+_cyto Lamellipodia/Cytosol N/A 0.07uMt§ 10 um2.s°
1k sk k%
Calpain Lamellipodia/Cytosol | 10,000 /333 * 0.011 uM 10 pm?.s
Calpain_PM PM 0 0 molecules.um? | 0.1 pm?.s?
T+
Calpain_act PM 0 0 molecules.um? | 0.1 pm2.s*
Cleaved_FAs PM 0 0 molecules.um? | 0.1 pm2.s™
DAG PM 0 0 molecules.um? | 0.1 pm2.s*
FAK Lamellipodia/Cytosol | 14,000 / 467 * 0.015 uM 10 um?2.s?
FAK_PM PM 0 0 molecules.um? | 0.1 pm?2.s*
Fibronectin EC N/A 10 uM T+ 10 um?2.s?
Int_Tal_PIP2 PM 0 0 molecules.um? | 0.1 um?s*
Int_Tal_PI5K PM 0 0 molecules.um? | 0.1 um?s*
_PIP2
Integrin  (a5B1) PM 30,000 / 18.8 0.1 um?2s?t
13,688 * molecules.um
IntegrinSFKs PM 0 0 molecules.um? | 0.1 um?2s?
IP2 Lamellipodia/Cytosol 0 0 uM 10 um?.s™?
IP3 Lamellipodia/Cytosol 0 0uM 10 um?.s?
3k %k %k k
IP3R ER membrane 2600/220 * 0.11 0.1 um?2s?
molecules.um
IP3R_act ER membrane 0 0 molecules.um? | 0.1 pm2.s?
IP3R_Ca2+ ER membrane 0 0 molecules.um? | 0.1 um?2s?
ITP_Lig PM 0 0 molecules.um? | 0.1 um?2s?
ITPPax_Lig PM 0 0 molecules.um? | 0.1 um?2s?
ITPPaxFAK_Lig PM 0 0 molecules.um? | 0.1 um?2s?
ITPPaxFAKVinc_Lig PM 0 0 molecules.um? | 0.1 um?2s?
Paxillin Lamellipodia/Cytosol | 98,000 / 3267 * 0.11 uM 10 um?.s?
Pax_PM PM 0 0 molecules.um? | 0.1 um?2s?
Pl PM 100,000 / 62.5 0.1 um?2s?t
45,625 ** molecules.um
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PI3K Lamellipodia/Cytosol | 2,800/93 * 0.003 uM 10 um?2.s?
PI3K_PM PM 0 0 molecules.um? | 0.1 pm2.s?
PI3K_act PM 0 0 molecules.um? | 0.1 pm2.s?
Pl4K PM 24,000 / 15 molecules.um™ | 0.1 um?2.s?
10,950 * 2
PI5K Lamellipodia/Cytosol | 15,000 / 500 * 0.017 uM 10 um?2.s?
PISK_PM PM 0 0 molecules.um? | 0.1 pm2.s?
PISK_act PM 0 0 molecules.um? | 0.1 pm2.s?
PIP PM 2,400 / 1095 ** 15 0.1 pm2.s!
molecules.um
PIP2 PM 2,800 /1278 ** 1.75 0.1 um?2s?t
molecules.um
PIP3 PM 60 /27 ** 0.04 0.1 um?2s?t
molecules.um
PLCg Lamellipodia/Cytosol | 26,000 / 867 * 0.03 uM 10 um?2.s?
PLCg_act PM 0 0 molecules.um? | 0.1 um?2s?
PLCg_PM PM 0 0 molecules.um? | 0.1 um?2s?
SERCA ER membrane 110,000 / 9196 4.6 0.1 um?2s?t
* molecules.um™
SERCA Ca2+ ER membrane 0 0 molecules.um? | 0.1 um?2s?
SFKs PM 43,000/ 19618 26.9 0.1 pm2.st
* molecules.um™
Talin Lamellipodia/Cytosol | 98,000 / 3267 * 0.11 uM 10 um2.s?
Talin_PI5K Lamellipodia/Cytosol 0 0 uM 10 um2.s?
Talin_PI5K PM 0 0 molecules.um? | 0.1 pm2.s?
_PIP2
Talin_PIP2 PM 0 0 molecules.um? | 0.1 pm2.s?
Vinculin Lamellipodia/Cytosol 310,000 / 0.34 uM 10 um?2.s?
10,333 *
Vinc_PM PM 0 0 uM 0.1 pm2.s?

Table 4.2. Initial concentrations for Virtual Cell Lamellipodia model. Particle numbers show two

values (except when zero or for calcium ions,), with the first denoting the copy number seen in

Hela cells and the second denoting the particle number specified in the Virtual cell model. Key: *

= Based on copy numbers seen in a Hela cell quantitative proteome: N. Nagaraj, J. R. Wisniewski,

T. Geiger, J. Cox, M. Kircher, J. Kelso, S. Pddbo, and M. Mann, ‘Deep proteome and transcriptome
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mapping of a human cancer cell line’, Mol. Syst. Biol., vol. 7, p. 548, 2011.Corresponding
lamellipodia particle numbers were derived by dividing whole-cell copy numbers by the
appropriate Hela cell compartment volume or membrane surface area (1500 um?for the cytosol,
1600 um? for the PM and 24000 pum? for the ER membrane). These were then re-multiplied by
the calculated volume and surface areas for the relevant compartment/membranes in the
modelled lamellipodia. ** = Assumption. Whole-cell copy number values are based on relative
levels seen in cells (where the proportions of PI, PIP and PIP2 are 100, 2.4 and 2.8, respectively.)
See Xu, Chang, James Watras, and Leslie M. Loew. ‘Kinetic Analysis of Receptor-Activated
Phosphoinositide Turnover.” The Journal of Cell Biology 161, no. 4 (26 May 2003): 779-91.
doi:10.1083/jcb.200301. Corresponding lamellipodia particle numbers calculated as explained
above for lamellipodia PM. *** =In almost all Simulations the default diffusion coefficients
supplied by Virtual Cell (i.e. 0.1 um2.s-1 for membrane compartments and 10 um2.s-1 for
aqueous compartments) have been accepted. **** = |n some Simulations the following real-
world diffusion coefficients have been used, in place of the default values, as obtained from the
literature: Calcium_cyto: 530 um2.s-1, IP3: 280 um2.s-1. See Dickinson, G.D., Ellefsen, K.L.,
Dawson, S.P., Pearson, J.E., Parker, I., 2016. Hindered cytoplasmic diffusion of inositol
trisphosphate restricts its cellular range of action. Sci. Signal. 9,
ral08.https://doi.org/10.1126/scisignal.aag1625; Donahue, B., Abercrombie, R., 1988. Free
diffusion coefficient of ionic calcium in cytoplasm. Cell Calcium 8, 437-48.
https://doi.org/10.1016/0143-4160(87)90027-3. T = Calcium concentrations derived from
literature for platelets: Rink, T.J., 1988. Cytosolic calcium in platelet activation. Experientia44, 97—
100. Sage, S.0., Pugh, N., Mason, M.J., Harper, A.G.S., 2011. Monitoring the intracellular store
Ca2+ concentration in agonist-stimulated, intact human platelets by using Fluo-5N. J. Thromb.
Haemost. JTH 9, 540-551. ¥t = All membrane-resident species have concentrations in molecules
per unit area, in accordance with Virtual Cell’s 2D modelling of membranes. These were
calculated as explained above. t71 = Fibronectin concentration assumed, so as to be in excess. §=
0 uM used in some Applications/Simulations.
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Species Compartment Quantity
Copy # per Concentration
Hela cell / T
Lamellipodia
Ca2+ ER ER N/A 250 pM tt
Ca2+_cyt Lamellipodia/Cytosol N/A 0.07 uM t+
Calpain Lamellipodia/Cytosol | 10,000 /333 * 0.011 uM
Calpain_PM PM 0 0 uMm
Calpain_act PM 0 0 uMm
Cleaved FAs PM 0 0 uMm
DAG PM 0 oM
FAK Lamellipodia/Cytosol | 14,000 / 467 * 0.015 uM
FAK_PM PM 0 0 uM
FAKPax_PM PM 0 0O um
Fibronectin EC N/A 10 uM t++
Int_Tal_PISK_PIP2 PM 0 0 uM
Integrin (a5B1) PM 30,000/ 13,669 4.15 yM
*
IP2 Lamellipodia/Cytosol 0 0uM
IP3 Lamellipodia/Cytosol 0 0 um
IP3R ER membrane 2600/220 * 0.024 uM
IP3R_act ER membrane 0 0ouM
IP3R_Ca2+ ER membrane 0 0o uMm
ITP_Lig PM 0 0 pM
ITPPax_Lig PM 0 0O um
ITPPaxSrc_Lig PM 0 0 um
ITPPaxVinc_Lig PM 0 0 um
Paxillin Lamellipodia/Cytosol | 98,000/ 3267 0.11 uM
*
Pl PM 100,000 / 13.8 uM
45,625**
PI3K Lamellipodia/Cytosol | 2,800/93 * 0.003 uM
PI3K_PM PM 0 0uM
PI3K_act PM 0 0uM
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P14K PM 24,000/ 3.32 uM
10,950 *

PI5K Lamellipodia/Cytosol | 15,000 / 500 * 0.017 uM
PISK_PM PM 0 0 M
PISK_act PM 0 OoumM

PIP PM 2,400/ 0.33 uM

1095**
PIP2 PM 2,800/ 0.39 uM
1278%**

PIP3 PM 60/ 27** 0.008 uM

PLCy Lamellipodia/Cytosol | 26,000/ 867 * 0.029 uM
PLCy_act PM 0 0O uMm
PLCy_PM PM 0 0 uM

SERCA ER membrane 110,000 / 1.02 uM
9196 *
SERCA Calc ER membrane 0 0 uMm

SFKs PM 43,000/ 5.95 uMm

19618 *
Talin Lamellipodia/Cytosol | 98,000/ 3267 0.11 uM
*
Talin_PI5K Lamellipodia/Cytosol 0 0 uMm
Talin_PIP2 PM 0 0 uMm
Vinculin Lamellipodia/Cytosol 310,000 / 0.34 uM
10,333 *
Vinc_PM PM 0 0 um

Table 4.3. Initial concentrations for COPASI model. Particle numbers show two values, with the
first denoting the copy number seen in Hela cells and the second denoting the particle number
specified in the COPASI model, calculated as explained in text. Key: * = Based on copy numbers
seen in a Hela cell quantitative proteome: N. Nagaraj, J. R. Wisniewski, T. Geiger, J. Cox, M.
Kircher, J. Kelso, S. Padbo, and M. Mann, ‘Deep proteome and transcriptome mapping of a human
cancer cell line’, Mol. Syst. Biol., vol. 7, p. 548, 2011.** = Assumption. Whole-cell copy number
values are based on relative levels seen in cells (where the proportions of PI, PIP and PIP2 are 100,
2.4 and 2.8, respectively.) See Xu, Chang, James Watras, and Leslie M. Loew. ‘Kinetic Analysis of
Receptor-Activated Phosphoinositide Turnover.” The Journal of Cell Biology 161, no. 4 (26 May
2003): 779-91. doi:10.1083/jcb.200301. Corresponding lamellipodia particle numbers calculated
as explained in text. T = With the exception of calcium ions and Fibronectin, all listed initial
concentrations were automatically derived by COPASI from the entered lamellipodia particle
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numbers (i.e. by multiplying the particle numbers by the appropriate compartment volume). T+ =
Calcium concentrations derived from literature for platelets: Rink, T.J., 1988. Cytosolic calcium in
platelet activation. Experientia44, 97-100. https://doi.org/10.1007/BF01952188; Sage, S.0., Pugh,
N., Mason, M.J., Harper, A.G.S., 2011. Monitoring the intracellular store Ca2+ concentration in
agonist-stimulated, intact human platelets by using Fluo-5N. J. Thromb. Haemost. JTH 9, 540-551.
https://doi.org/10.1111/j.1538-7836.2010.04159. (Particle numbers automatically derived by
COPASI, as explained above.) T11 = Fibronectin concentration assumed, so as to be in excess.

4.3.5 Reactions

4.3.5.1 Reaction summary

The model reactions can be summarised as follows:

e Integrin binds to SFKs to form IntegrinSFKs

e Some cytoplasmic talin binds to PI5K, forming Talin_PI5K complex

e Talin_PI5K is recruited to the PM by PIP2 , to form Talin_PI5K_PIP2 complex

¢ The remaining talin is recruited to the PM by PIP2, to form Talin_ PIP2 complex

e Talin_PI5K_PIP2 complex dissociates to form Talin_PIP2 and PISK_PM

¢ IntegrinSFKs binds to Talin_PIP2 to form Int_Tall_PIP2 complex, whereby integrin is
activated

e Fibronectin binds to Int_Tal_ PIP2 complex to form ITP_Lig complex

¢ Binding of cytosolic paxillin and PIP2 to form membrane-bound Paxillin_PM

e Binding of cytosolic FAK and PIP2 to form membrane-bound FAK_PM

e Binding of cytosolic vinculin and PIP2 to form membrane-bound Vinc_PM

e Binding of ITP_Lig and Pax_PM complexes to form ITPPax_Lig complex

e Binding of FAK_PM to this ITPPax_Lig complex to form ITPPaxFAK_Lig complex

e Binding of Vinc_PM to ITPPaxFAK_Lig complex to form ITPPaxFAKVinc_Lig complex

e Activation of PI5K_PM by SFK-containing ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig, to form PI5K_act

¢ Binding of cytosolic calpain to PIP2 to form membrane-bound Calpain_PM

e Binding of cytosolic calcium to Calpain_PM to form activated Calpain_act

e (Cleavage by Calpain_act of Int_Tal_PI5K_PIP2, Int_Tal_PIP2, ITP_Lig, ITPPax_Lig,
ITPPaxFAK_Lig and ITPPaxFAKVinc_Lig species

e PI3K binding to PIP2 to form PI3K_PM

e Activation of PI3K_PM, by SFK-containing ITP_Lig, ITPPax_Lig , ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig, to form PI3K_act

e Conversion of Pl to PIP by membrane-bound P14K

e Conversion of PIP to PIP2 by PI5K_act

e Conversion of PIP2 to PIP3 by PI3K_act

¢ Binding of PIP3 to PLCy to form PLCy_PM

e Activation of PLCy_PM, by SFK-containing ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig, to form PLCy_act

e Hydrolysis of PIP2 to IP3 and DAG by PLCy_act

e Binding of cytosolic IP3 to ER membrane-bound IP3R to form activated IP3R_act, followed
by:

o Binding of ER calcium to IP3R_act to form IP3R_Calc
o Release of calcium by IP3R_Calc into the cytosol, yielding Calcium_cyt and
IP3R_act
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¢ Binding of cytosolic calcium by ER membrane-bound SERCA to form SERCA_Calc
e Release of calcium by SERCA_Calc into the ER, yielding Calcium_ER and SERCA

e Spontaneous conversion of IP3 to IP2

e Spontaneous conversion of IP2 to PIP

See Figure 4.1, for a diagrammatic depiction of this reaction scheme, and Table 4.4 for a listing of
all these reactions, together with their rate laws and corresponding rate constant values.
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4.3.5.2 Reaction diagram
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Figure 4.1. Reaction Diagram for COPASI and Virtual Cell models

4.3.5.3 Reaction rate constants

In terms of reaction parameters, all of the enzyme reactions were modelled as irreversible
Michaelis-Menten, using reaction parameters taken from the literature, wherever available. The
majority of binding reactions were modelled as mass action, in many cases using assumed values,
these being 10000 M s (0.01 uM s?) for second-order reactions and 0.01 s* for first-order.

(These default values all involved PM-resident, mostly FA-related proteins.)

As in Chapter 3, in order to meet the requirements of Virtual Cell for intra-membrane reactions, it
was often required to convert volumetric rate constant values (i.e. values expressed in molar units
of measurement) into their areametric equivalents. For instance, the default second-order rate

constant value of 10000 M s}, mentioned above, was converted to 2.21E-03 um?Z.s "*.molecules?,

after first dividing by Avogadro’s number, and then by 1000 times the thickness of the membrane.
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This same conversion was applied to KM values for membrane-resident enzymatic reactions, as

well as to some other second-order mass action reactions rate constants.

The primary reason for using assumed values for many PM/FA-related binding reactions was the
general absence in the literature of any reliable data for these reactions. Where any data was
available at all this was typically limited to KD values. But, of course, these are simply the quotient
of the binding off-rate divided by the on-rate, masking the actual value of either rate. ODE/PDE
modelling requires explicit on- and off-rate values to be provided in such instances (i.e. modelling
them as reversible reactions). But, more often than not, experiments showed that choosing ad
hoc values was not acceptable. Different permutations of on- and off-rates for the same KD value
were associated with substantially different model behaviour in many cases. Therefore the use of
KD values to constrain binding reaction rates was abandoned in favour of using the same,

conservative, default rates.

Another factor in deciding to adopt default binding rates was that some of the binding reactions
in the model were simplified one-step abbreviations of more complex multistep reactions, often
requiring prior phosphorylation or some other post-translational modification of one or more
binding sites. In one or two other instances (e.g. paxillin binding to FAs) the actual binding partner
is not known with any confidence, let alone the binding site. It was thought that any value for
such a combined reaction rate, even in the unlikely event that it was available, would, in all

probability, be of questionable merit.

The actual default binding on- and off-rate values were chosen to fall comfortably within the
reported range for binding reactions in general, of 102108 M s for on-rates and 10%-10* s* for

392 More specifically, the chosen off-rate also falls well within the range of values

off-rates
(0.009-1 s1) reported from FRAP experiments for protein-protein binding of core FA proteins such

as talin, vinculin, FAK and zyxin %%,
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For instance, for binding of the vinculin-PIP2 complex (Vinc_PM) to the existing FA
(ITPPaxFAK_Lig), the forward rate was 10,000 M s for the COPASI reaction and 2.21E-03 um? s
molecules™ for the Virtual Cell reaction (using the conversion method described above). As the
reverse rate didn’t need converting for the equivalent Virtual Cell reaction, the rate in both cases

was 0.01 s,

For the sake of consistency it was decided to extend this policy (of adopting default values) to all
binding reactions involving PM-resident proteins, even where published alternatives were
available. The one noticeable exception was for the binding reaction between PM-resident talin
and PI5K, where the rate constant values used in the Chapter 3 model were retained. This was
because the reverse reaction was second- rather than first-order, unlike all the other cases
mentioned. It was also thought beneficial to retain some consistency with that model, for
comparison purposes. For the same reason the rate constant values for the fibronectin-

Int_Tal_PIP2 binding reaction were retained from the Chapter 3 model.

Other than the above-mentioned reactions, wherever possible, the relevant rate constants were

derived from the literature, as described in the Key description below Table 4.4.

Activation of PI3K by SFK-containing integrin complexes (ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig) was modelled as irreversible Michaelis-Menten, using assumed values. For
both PI3K and PLCy activation the KM value was 1 mM for COPASI, converted to 4520
molecules.um? for Virtual Cell, while the kcat value was 1 s in both cases. These values were
chosen as being reasonably conservative. PLCy activation by the same SFK-containing integrin
complexes used the same kcat value, but a relevant KM value of 3 uM was obtained from the
literature. Relevant kcat and KM were obtained from the literature for the corresponding PI5K

activation reactions.

IP3R reactions used assumed values in all cases, as the intention here was to produce a rapid

calcium release from the ER in response to IP3 stimulation, using as simple a model as possible.
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This was to avoid adding additional complexity to an already complex model. To this end, it was

felt easier to model IP3R as a pump, rather than as an ion channel, which is its true mechanism of
action. For these reasons, assumed values, chosen to produce the required response, were felt to
be justified. Similar considerations applied to the SERCA pump reactions, which return calcium to

the ER.

4.3.5.4 Summary of model reactions and rate constant values

Reaction Description Rate law COPASI VCell
Parameter | Parameter
Values Values
Ca2+_ER +IP3R_act - | ER calcium loading | Mass action Kf=10000 Mgt *

> |P3R_ Ca2+ of activated IP3R (irreversible)
Calpain_PM + Calpain activation Mass action Kf = 10000 M st
Ca2+_cyto-> by cytosolic calcium | (reversible) Kr=0.01st **
Calpain_act
FAK + PIP2 -> Recruitment of FAK | Mass action Kf = 10000 M* s
FAK_PM to PM by PIP2 (reversible) Kr=0.01s1 **
Fibronectin + Fibronectin-FA Mass action Kf =770,000 M s?
Int_Tal_PIP2 -> ligation (reversible) Kr=0.1ghk**
ITP_Lig + PISK_act
Integrin + SFKs -> Integrin-SFK binding | Mass action | Kf = 100000 Kf =2.21E-02
IntegrinSFKs (reversible) | Mts? um32s 1,
Kr=0.2s molecules™
Lrkxk Kr=0.2s"
%k 3k %k k
IP3 ->IP2 IP3 hydrolysis to IP2 | Mass action Kf=1e-06s? *
(irreversible)
IP3R + IP3 -> Activation of IP3R Mass action Kf = 10000 M s?
IP3R_act by IP3 (reversible) Kr=0.00001 st *
IP3R_ Ca2+ -> Calcium release Mass action Kf=10s1*
IP3R_act + into cytoplasm by (irreversible)
Ca2+_cyto IP3R
ITPPaxFAK_Lig -> Calpain cleavage of Michaelis- | kcat=0.25s" | kcat=0.255s"1
Cleaved_FAs; FA (Paxillin- and Menten Km =3 pM Km=13.5
Calpain_act FAK-containing) * oKk ok molecules.um’
2 kkokkk
ITPPaxFAKVinc_Lig -> | Calpain cleavage of Michaelis- | kcat=0.25s? | kcat=0.25s1
Cleaved_FAs; FA (Vinculin - Menten Km =3 pM Km=13.5
Calpain_act containing) Hokkok ok molecules.um’
2 kkokokk
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ITPPaxFAK_Lig + Recruitment of Mass action | Kf=10000 M~ | Kf =2.21E-03
Vinc_PM - membrane-bound (reversible) | 1s? um2.s 1,
>ITPPaxFAKVinc_Lig | Vinculin to FA Kr=0.01s" molecules®
* % Kr=0.01s"
* %
ITP_Lig + Pax_PM -> | Recruitment of Mass action | Kf=10000 M~ | Kf =2.21E-03
ITPPax_Lig membrane-bound (reversible) | 1s? um?.s 1,
Paxillin to FA Kr =0.01 s1** | molecules™
Kr=0.01s"
* %
ITPPax_Lig + FAK_PM | Recruitment of Mass action | Kf =10000 M- | Kf =2.21E-03
-> |TPPaxFAK_Lig membrane-bound (reversible) | ts? um?.s 1,
FAK to FA Kr =0.01 s1** | molecules™
Kr=0.01s"
* %
ITP_Lig -> Calpain cleavage of Michaelis- | kcat=0.25s" | kcat=0.25s"1
Cleaved_FAs; FA (Talin only) Menten Km =3 uM Km=13.5
Calpain_act kil molecules.um-
2 kokckokk
ITPPax_Lig -> Calpain cleavage of Michaelis- | kcat=0.25s" | kcat=0.25s"1
Cleaved_FAs; FA (Paxillin- Menten Km =3 uM Km=13.5
Calpain_act containing) kil molecules.um-
2 kkckokk
Int_Tal_PISK_PIP2 Calpain cleavage of Michaelis- | kcat=0.25s? | kcat=0.25s1
-> Cleaved_FAs; Int_Tal_PISK_PIP2 Menten Km =3 uM Km=13.5
Calpain_act okl molecules.um-
2 kkckokk
Int_Tal_PIP2 -> Calpain cleavage of Michaelis- | kcat=0.25s" | kcat=0.25s"1
Cleaved_FAs; Int_Tal_PISK_PIP2 Menten Km =3 uM Km=13.5
Calpain_act okl molecules.um-
2 kkckokk
Paxillin + FAK_PM -> | Paxillin binding to Mass action Kf = 10000 M*s?

FAKPax_PM FAK and (reversible) Kr=0.01s1 **
recruitment
PI-> PIP; P14K Pl phosphorylation Michaelis- | kcat=2.77s? | kcat=2.77 s*
to PIP by Pl14K Menten Km = 1.6E-5 Km=72.3
M molecules.um’
%k %k 3k sk k ok 23k % 3k %k %k k
PI3K_PM ->PI3K_act; | PI3K activation by Michaelis- | kcat=1s?! * | kcat=1s"
ITP_Lig FA-associated Src Menten Km=1mM Km= 4520
(ITP_Lig) molecules.
pm2
PI3K_PM ->PI3K_act; | PI3K activation by Michaelis- | kcat=1s?! * | kcat=1s"
ITPPax_Lig FA-associated Src Menten Km=1mM Km= 4520
(ITPPax_Lig) molecules.
pm2
PI3K_PM ->PI3K_act; | PI3K activation by Michaelis- | kcat=1s?! * | kcat=1s"1
ITPPaxFAK_Lig FA-associated Src Menten Km=1mM Km= 4520
(ITPPaxFAK _Lig) molecules.
pm2
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PI3K_PM ->PI3K_act; | PI3K activation by Michaelis- | kcat=1s? * | kcat=1s"1
ITPPaxFAKVinc_Lig FA-associated Src Menten Km=1mM Km= 4520
ITPPaxFAKVinc_Lig molecules.
um2  *
PISK_PM ->PI5K_act; | PI5K activation by Michaelis- | kcat=10s-1 kcat =105
ITP_Lig FA-associated Src Menten KM =3.0e-05 | Km=135
(ITP_Lig) M t molecules.
pm? t
PISK_PM ->PI5K_act; | PI5K activation by Michaelis- | kcat=10s-1 kcat =105
ITPPax_Lig FA-associated Src Menten KM =3.0e-05 | Km=135
(ITPPax_Lig) M molecules.
pm? t
PISK_PM ->PI5K_act; | PI5K activation by Michaelis- | kcat=10s-1 kcat=10s?
ITPPaxFAK_Lig FA-associated Src Menten KM =3.0e-05 | Km=135
(ITPPaxFAK_Lig) M t molecules.
pm?
PISK_PM ->PI5K_act; | PI5K activation by Michaelis- | kcat=10s-1 kcat=10s?
ITPPaxFAKVinc_Lig FA-associated Src Menten KM =3.0e-05 | Km=135
(ITPPaxFAKVinc_Lig) M T molecules.
pm=2 t
PIP ->PIP2; PI5K_act | PIP phosphoryl- Michaelis- | kcat=1.02s? | kcat =1.02 s
ation to PIP2 by Menten Km = 1.0E-5 Km=45.2
activated PI5K M molecules.um
%k %k %k %k k k 2% 3k %k %k sk k
PIP2 + Calpain -> Recruitment of Mass action Kf =10000 M1s?
Calpain_PM Calpain to PM by (reversible Kr=0.01s1**
PIP2
PIP2 + PI3K - PI3K recruitment to | Mass action Kf = 10000 M s1%*
>PI3K_PM PM by PIP2 (reversible) Kr=0.01Mts?
PIP2 + Talin_PI5K -> | Talin_PI5K binding Mass action Kf = 10000 M1 g 1**
Talin_PI5K_PIP2 of PIP2 and PM (reversible) Kr=0.01 M1s?
recruitment
PIP2 + PLCy_act - PIP2 hydrolysis to Michaelis- | kcat=10s" kcat=10s"1
>|P3 + DAG; IP3 and DAG by Menten KM =9.9 uM | Km=44.7
PLCy act PLCy(_act) T+ molecules.um
2+t
PIP2 ->PIP3; PI3K_act | PIP2 Michaelis- | kcat=0.3 st kcat=0.3 st
phosphorylation Menten Km = 5.0E-5M | Km= 226
toPIP3 by t++ molecules.um
PI3K(_act) 21+t
PLCy + PIP3 -> Recruitment of Mass action Kf = 10000 M* 5!
PLCy_PM PLCy to PM by PIP3 | (reversible) Kr=0.01st **
PLCy_PM -> PLCy activation by Michaelis- | kcat=1s? kcat=1s"1
PLCy_act; ITP_Lig FA-associated Src Menten Km=3e-06 M | Km=13.5
(ITP_Lig) trtt molecules.
um'z‘l“l“l“l‘
PLCy_PM -> PLCy activation by Michaelis- | kcat=1s" kcat=1s"1
PLCy_act; ITPPax_Lig | FA-associated Src Menten Km=3e-06 M | Km=13.5
(ITPPax_Lig) ttt molecules.
um'z‘i"i"i"i'
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PLCy_PM -> PLCy activation by Michaelis- | kcat=15s" kcat=1s?
PLCy_act; FA-associated Src Menten Km=3e-06 M | Km=13.5
ITPPaxFAK_Lig (ITPPaxFAK_Lig) Tttt molecules.
pm2tttt
PLCy_PM -> PLCy activation by Michaelis- | kcat=1s" kcat=1s?
PLCy_act; FA-associated Src Menten Km=3e-06 M | Km=13.5
ITPPaxFAXVinc_Lig ITPPaxFAKVinc_Lig Tttt molecules.
pm2tttt
SERCA + Ca2+_cyto- | Cytosolic calcium Mass action Kf=0.1M1gs1*
>SERCA_ Ca2+ loading of SERCA (irreversible)
SERCA_Ca2+ - Calcium return to Mass action Kf=0.003s1 *
>SERCA + Ca2+_ER ER by SERCA (irreversible)
Talin + PI5K = Talin binding of Mass action Kf = 4.4e+06 M 51
Talin_PI5K PI5K (reversible) Kr=27stttt+t
PIP2 + Talin = Talin binding of Mass action Kf =10000 M1s?
Talin_PIP2 PIP2 (reversible) Kr=0.01s1 **
Talin_ PISK_PIP2 -> Dissociation of Mass action | Kf=1.0s* Kf=1.0s"
Tal_PIP2 + PISK_PM | Talin_PI5K_PIP2 to (reversible) | Kr=450 M*s | Kr=0.0001
Talin_PIP2 + 14 um?2s?,
PI5SK_PM molecules?
t
Talin_PIP2 + Binding of Mass action | Kf =10000 M- | Kf =2.21E-03
IntegrinSFKs -> membrane-bound (reversible) | s umzs?,
Int_Tal_ PIP2 Talin_PIP2 to Src- Kr=0.01s" molecules™
associated Integrins * % Kr=0.01s"
%k %k
Vinculin + PIP2 -> Recruitment of Mass action Kf =10000 M5 1
Vinc_PM Vinculin to PM (reversible) Kr=0.01s1 **
byPIP2

Table 4.4. Reactions for COPASI compartmental and Virtual Cell compartmental and spatial (2D
and 3D) models of lamellipodial FA dynamics in Hela cells

Key:

* = Assumed values, chosen to give overall model responses similar to physiological.
** = Assumed values, chosen to fall comfortably within reported range for FA-related binding

reactions, and for binding reactions generally, as described in the above. (For Virtual Cell models
the COPASI forward rate of 10,000 M-1 s-1 has been converted in some instances to the
equivalent rate of 2.21E-03 um2.s-1.molecules-1, as required for intra-membrane reactions, by its
2D representation of membranes.)

*** = Based on reported kinetics for a581 binding to fibronectin, with reverse reaction rate
constant value (Kr) revised downwards from 49 to 0.1 s. (See Chapter 3 Results Table8 and
discussion above, it, for explanation. Corresponding Virtual Cell value calculated as explained
above.) Source: Elosegui-Artola et al, 2014. Rigidity sensing and adaptation through regulation of
integrin types. Nat. Mater. 13, 631-637. https://doi.org/10.1038/nmat3960.

**** = Rough mean average of binding rates for Lyn and Hck to SH3-binding peptide, similar to

protein-rich sequence in integrin tails. Source: Moroco et al., 2014. Differential Sensitivity of Src-
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Family Kinases to Activation by SH3 Domain Displacement. PLOS ONE, Volume 9, Issue 8. Pages
€105629. (Corresponding Virtual Cell value calculated as explained above.)

**k*** = Median values taken from range of kcat and KM value for calpain-1 cleavage of proteins
published in BRENDA Enzyme database. BRENDA - Information on EC 3.4.22.52 - calpain-1:
http://www.brenda-enzymes.org/enzyme.php?ecno=3.4.22.52. (Corresponding Virtual Cell value
calculated as explained above.)

*#Exx* = Taken from Purvis JE, Chatterjee MS, Brass LF, Diamond SL. A molecular signaling model
of platelet phosphoinositide and calcium regulation during homeostasis and P2Y1 activation.
Blood. 2008; 112(10): 4069-4079. Doi: 10.1182/blood-2008-05-157883. (Table 1). (Corresponding
Virtual Cell value calculated as explained above.)

T = Based on values taken from published model, itself derived from the literature. Sources: Geier
et al, 2011. A Computational Analysis of the Dynamic Roles of Talin, Dok1, and PIPKI for Integrin
Activation. PLoS ONE 6. https://doi.org/10.1371/journal.pone.0024808. Songyang et al,1995.
Catalytic specificity of protein-tyrosine kinases is critical for selective signalling. Nature 373: 536—
9. (Corresponding Virtual Cell value calculated as explained above.)

t1 = Source: Devika NT, Jaffar Ali BM. Analysing calcium dependent and independent regulation of
eNOS in endothelium triggered by extracellular signalling events. Mol Biosyst. 2013 Nov; 9(11):
2653-64. doi: 10.1039/c3mb70258h. PMID: 23954998. (Corresponding Virtual Cell value
calculated as explained above.)

t11 = kcat value 0.3 s-1 derived from published specific activity value (SignalChem PI3K
(p110a/p85a) specific activity assay. http://www.signalchem.com/shared_product_sheets/D241-
2.pdf). KM value of 5.0E-5 molecules.um-2 derived from Huang W, Jiang D, Wang X, et al. Kinetic
Analysis of PI3K Reactions with Fluorescent PIP2 Derivatives. Anal Bioanal Chem. 2011; 401(6):
1881-1888.doi: 10.1007/s00216-011-5257-z. (Corresponding Virtual Cell value calculated as
explained above.)

t17+ = kcat value assumed. KM value taken from Rotin et al. Presence of SH2 domains of
phospholipase C gamma 1 enhances substrate phosphorylation by increasing the affinity toward
the epidermal growth factor receptor. J Biol. Chem. 1992; 267(14): 9678-9683. (Corresponding
Virtual Cell value calculated as explained above.)

t+11t= Based on experimental data for talin F2-F3 FERM domain binding to PIPKly. Source:
Barsukovet al, 2003. Phosphatidylinositol Phosphate Kinase Type 1y and B1-Integrin Cytoplasmic
Domain Bind to the Same Region in the Talin FERM Domain. J. Biol. Chem. 278, 31202-31209.
https://doi.org/10.1074/jbc.M303850200

¥ = Arbitrary value, chosen to be well within normal range for such reactions, and to give
responses similar to physiological. (See discussion in Results section of Chapter 3, and Table 7 in
same section. Corresponding Virtual Cell value calculated as explained above.)
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4.4 Results

4.4 .1 COPASI model.

4.4.1.1 Version 1

As indicated in Figure 4.2, a number of model species, including major species such as PIP2 and
FAs (here defined as ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig, ITPPaxFAKVinc_Lig) require around 8000
seconds to reach peak levels. This compares with times of between 200 and 600 seconds for
similar events to occur in the Virtual Cell compartmental model in Chapter 3, which, of course,
has many differences from this model. Nevertheless, as was noted in the Results section of
Chapter 3, the timings seen in that model accorded fairly well with the underlying physiological
reality, indicating that this COPASI model is running too slowly, compared to the reality it is

attempting to model.

More specifically, Figure 4.2 also suggests that levels of FAs are much lower than one would
expect (reaching peak levels of only just over 1300 molecules at around 8000 seconds elapsed),
given that nearly 13,700 molecules of unbound integrin are available from the outset. This is
confirmed by Figure 4.2, which shows that throughout the model run of 20,000 seconds, the vast
majority of integrin remains unbound to fibronectin, in the form of the species Integrin and
IntegrinSFKs. Other than these, only ITP_Lig and Cleaved_FAs (representing all integrin species

that have been cleaved by calpain) exceed 1000 molecules at any point over that time scale.

Initial sensitivity analysis in this case proves unhelpful, suggesting a variety of different and
somewhat contradictory influences on FA levels. (Results not shown.) However, a comparison of
the PIP2 and Total FA curves in Figure 4.2 suggests that PIP2 levels may play an important role.
Certainly, this makes sense, given the reliance of FA assembly on availability of PIP2 (as described
in the introduction to this and the previous chapter, and demonstrated by the results of the

model in Chapter 3). In other words, the reason for low levels of FAs might be explained by the
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relatively low levels of PIP2 generated in the model, as shown in Figure 4.4. This shows that, of
around 48,000 molecules of initial PI, the vast majority is converted into PIP or subsequently
cleaved into IP3 and DAG, with PIP2 levels only peaking at around 3000 molecules, i.e. around 6%

of the total available.

Since IP3 and DAG can only be hydrolysed from PIP2, this suggests that PIP2 hydrolysis is
considerably in excess of PIP2 creation. This is confirmed by Figures 4.5-7 below. Respectively,
these show particle formation rates for PIP2, IP3 and DAG (Figure 4.4) and for PI5K_act and
PLCy_act (Figure 4.6), together with particle numbers for these last two species (Figure 4.7).
However, a logarithmic parameter scan on the PI5K kcat value (for PIP2 formation from PIP)
shows that even substantial increases in PIP2 formation (to the point where 43,000 molecules of
PIP2 are formed from the 48,000 maximum available, Figure4.9) is associated with only a
maximum peak level of just over 2500 of total FAs (Figure 4.10). In other words, a roughly 14-fold
increase in PIP2 (from the peak level of 3000 molecules of the current model to the maximum of
43,000 shown in the parameter scan) is associated with only a doubling in total peak FA levels
(from around 1300 molecules in the current model to the maximum of around 2600 molecules

shown by the parameter scan).

Clearly there must be other reasons for the shortfall in FAs described above. One obvious
limitation is that, whereas, as stated earlier, there are nearly 13,700 molecules of unbound
integrin available from the start of each model run, there are only around 3700 molecules of

unbound talin available.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.2.Particle numbers for PIP2 and Total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig,
ITPPaxFAKVinc_Lig.
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Figure 4.3. Particle numbers for all integrin species.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.4. Particle numbers for PI, PIP, PIP2, PIP3, IP3 and DAG
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Figure 4.5. Particle formation rates for PIP2, IP3 and DAG
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Figure 4.6. Particle formation rates for PI5SK_act and PLCy_act
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.8. Logarithmic parameter scan, showing effects of increasing PI5K kcat value on levels of

PIP2. (PI5K kcat values of 0.01, 0.1, 1, 10, 100 and 1000 s™.)
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Figure 4.9. Logarithmic parameter scan, showing effects of increasing PI5K kcat value on levels of

total FAs. (PI5K kcat values of 0.01, 0.1, 1, 10, 100 and 1000 s.)

Since, in this model, integrin must first bind talin (to which it remains bound thenceforward), this

means that there is also an upper limit of 3700 FAs possible. Taking into account cleavage by
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calpain (represented by the species Cleaved_FAs in this model), amounting to over 2500 FAs after
20,000 seconds have lapsed, this accounts for why a peak level of only just over 1300 FA
molecules is achieved at around 8000 seconds elapsed. A further logarithmic parameter scan on
the forward rate for fibronectin-Int_Tal_PIP2 binding shows that this peak level for FAs can only
be increased from its previous maximum of around 1300 to around 1400 molecules (Figure 4.10)
and, even then, only at unrealistic forward rates (well above above what is understood to be

thermodynamically possible).

Particle Numbers, Volumes, and Global Quantity Values
1,400 -

1 Total FAs /
1,200 < /
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Figure 4.10. Logarithmic parameter scan, showing effects of increasing Int_Tal_PIP2-fibronectin
binding forward rate constant (k1) value on levels of total FAs. (klvalues in range ofl-1le+12Ms’

1)
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.11. Logarithmic parameter scan, showing effects of increasing initial talin particle
numbers on levels of total FAs. (Initial particle numbers of 100, 1000, 10,000, 100,000.)

Finally, a logarithmic parameter scan on initial particle numbers of talin confirms that increasing
these starting levels greatly influences peak levels of FAs (Figure 4.11). Increasing this number to
100,000 (i.e. several times in excess of initial levels of integrins at around 13,700 molecules)
increases peak levels of FAs to around 13,000, i.e. close to the maximum possible. Parameter
scans of other model parameters (not shown here, for the sake of brevity) confirms that initial

talin numbers are, by far, the most important determinant of peak FA levels.
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Figure 4.12. Particle numbers for Total FAs, ITP Lig, ITPPax_Lig, ITPPaxFAK_Lig, ITPPaxFAKVinc_Lig

Given this upper limit for FAs, the next question is why ITP_Lig accounts for the vast majority of
these in our model, with only a very small representation by other FA species (ITPPax_Lig,
ITPPaxFAK_Lig, ITPPaxFAKVinc_Lig, Figure 4.12). Again, an initial sensitivity analysis proves
unhelpful, giving contradictory results, many of which are not confirmed by subsequent
parameter scans. However, in the case of ITPPax_Lig, its prediction that Paxillin-PIP2 binding
rates will influence peak levels of this molecule is confirmed by Figure 4.13. This shows that
reducing the Paxillin-PIP2 binding off-rate substantially increases peak levels to around 350
molecules, as compared to the peak level of 100 molecules in this model, without much affecting
the peak level of FAs. In other words, at peak FA levels, peak ITPPax_Lig levels go from

representing less than 10% of total FAs, to accounting for nearly one quarter of them.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.13. Logarithmic parameter scan, showing effects of decreasing Paxillin-PIP2 binding
reverse reaction rate constant (k2) on levels of total FAs and ITPPax_Lig. (k2 value varied between
le-06 and 1s1)
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Figure 4.14. Nested logarithmic parameter scan, showing effects of decreasing Paxillin-PIP2 and
FAK-PIP2 binding reverse reaction rate constants (k2) on levels of ITPPaxFAK_Lig. (k2 values for
both reactions varied between 1e-06 and 1 s.) Time course = 20,000 seconds.

However, increasing the FAK-PIP2 binding rate does not raise peak levels of ITPPaxFAK_Lig to the

same extent, even after increasing levels of ITPPax_Lig. As shown in Figure 4.14(representing a
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nested logarithmic parameter scan of Paxillin-PIP2 and FAK-PIP2 binding reverse rates), maximum
peak levels of ITPPaxFAK_Lig are less than 24 molecules, i.e. around only 2% of peak levels of total

FAs.

To achieve the highest peak levels of ITPPaxFAK_Lig(of over 500 molecules) requires increasing
initial availability of FAK itself, as well as increasing the ITPPax_Lig-FAK_PM binding rate. This is

shown in Figure 4.15.

Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.15. Nested logarithmic parameter scan, showing effects of increasing initial levels of FAK
and increasing ITPPax_Lig-FAK_PM binding forward rate constant (k1) on levels of ITPPaxFAK_Lig.
(FAK initial particle numbers varied between 10,000 and 100,000 molecules,kl value for
ITPPax_Lig-FAK_PM binding reaction varied between 1 and 1e+07 M1 s?)

It is only after combining these two factors that levels of ITPPaxFAK_Lig rise (from 10 to 30%) to
the point where they represent a substantial percentage of total FAs. For ITPPaxFAKVinc_Lig the
picture is more complicated still, requiring increased rates of ITPPaxFAK_Lig-Vinc_PM binding, as

well as increased rates of ITPPax_Lig-FAK_PM binding and levels of FAK_PM (both increasing
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ITPPax_Lig levels) in order for levels of this FA protein to exceed more than 10% of total FAs

(Figure 4.16).

These conclusions suggest that binding rates for these FA proteins may be typically higher than
the rather conservative default values assumed here, and that levels of FAK are considerably
higher than suggested by the published quantitative proteome used here. Another consideration
is that the assumption of sequential binding used here may be faulty. For instance, there is no
evidence that vinculin binding requires prior FAK binding to the FA in question, although, as stated
earlier, vinculin typically binds to talin by preference over other FA proteins. Similarly, there is

some doubt as to which FA proteins act as binding partners to FAK >,

Particle Numbers, Volumes, and Global Quantity Values
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L ITPPaxFAKVinc_Lig and ITPPaxFAK_Lig-Vinc_PM binding

- forward rate constant values (k1)

500 H
400
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Figure 4.16. Nested logarithmic parameter scan, showing effects of increasing initial levels of FAK
and increasing both of the ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-Vinc_PM binding forward rate
constant values (k1) on levels of ITPPaxFAKVinc_Lig. (FAK initial particle numbers varied between
10,000 and 100,000 molecules, k1 value for ITPPax_Lig-FAK_PM binding reaction varied between
1e+06 and 1e+07 M s, k1 value for ITPPaxFAK_Lig-Vinc_PM binding reaction varied between 1
and le+07 Mts1)

Nevertheless, there is a general consensus that talin is an early recruit to FAs, required for integrin

activation?'’. So the fact that it is severely rate-limiting in this model, in terms of overall FA levels,
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suggests that either initial talin levels in this model are too low, or else talin molecules are in
some way shared between integrins. In fact, it has been shown that talin normally exists as an
antiparallel dimer, allowing the integrin-binding heads at each end of the dimer to cross-link two
adjacent integrins?'°. But this does not numerically improve the situation. It has also been
reported that isolated talin head (cleaved from the whole protein) promotes integrin clustering,

with the implication that one talin molecule could in some sense “activate” several integrins3®,

However, our current understanding of how talin activates integrins (which requires the talin
head to engage with the cytoplasmic domain of the integrin dimer 3°%) tends to rule this possibility
out. Otherwise, it would suggest that isolated talin head is disengaging from one integrin and
successively engaging with its neighbours, without any obvious mechanism for directing this
movement. Moreover, in the absence of talin, vinculin has no means of binding directly to
integrins (lacking an integrin-binding site®?). So, unless clustered integrins are able to bind directly
to actin, a-actinin or similar actin-associated proteins, without first being activated by talin, the
rate-limiting effects of low talin numbers on total FA levels, reported above, remain problematic

for this model.

Similar concerns arise with FAK. At 467 molecules, initial FAK particle numbers are considerably
lower than those of integrin (13,669), talin and paxillin (both 3266 molecules). Again, given the
severe rate-limiting effects described above, either these initial quantities are too low, or one
must assume that FAK is not required to be present in every mature FA all of the time. If we
assume the former, however, then, as with talin, there is no obvious reason why these proteins
should be uniquely underestimated, compared to the other FA proteins. Certainly, it is known
that membrane (particularly transmembrane) proteins can be undercounted by the mass
spectrometry-based methods currently employed in quantitative proteomics3*>3%but then talin
and FAK are primarily cytosolic proteins, whereas integrin is a transmembrane protein, so, on that

basis, one would expect integrin to be undercounted, rather than talin or FAK.
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Yet, the fact that both talin and FAK are both primarily cytosolic proteins might provide a plausible
systematic explanation, based on the premise that all cytosolic proteins are underrepresented in
this model. This follows from the fact that initial numbers of model species, for this COPASI

model, have been estimated by taking their numbers per Hela cell (as reported in the quantitative
proteome) and then dividing this number by the calculated volume for their resident
compartment (i.e. in most cases the volume of the cytosol or PM) to arrive at their concentration.
These species concentrations are then been multiplied by the volumes calculated for these same
compartments in our model (based on a hypothetical lamellipodia), to arrive at the initial particle
number for these model species. It could be that the Hela cell cytosolic volume has been
overestimated in the first instance (resulting in too low a concentration for cytosolic molecules),
or underestimated in the second instance (resulting in initial particle numbers being lower than
they should be, for these same molecules). Either way, assuming that the same mistake hasn’t
been made for PM-resident species, the result would be that initial particle numbers for cytosolic

species will be too low relative to PM species, such as integrins.

In support of this, total copy numbers of talin, paxillin and vinculin are considerably in excess of
those of integrin, taking Hela cells as a whole, but well below those of integrin in our lamellipodia
model, as shown in Table 4.5. Similarly, as this table shows, whereas FAK levels are nearly one half
those of integrins in Hela cells (14,000 as against 30,000), their initial numbers are less than 3.5%
those of integrins in this model (467 as against 13,689).This is because, whereas the cytosolic
volume in the lamellipodia model is one-thirtieth the volume of the Hela cell cytosol (50 fl as
against 1500 fl), the lamellipodial PM volume is only slightly lower than that for the whole Hela

cell (5 fl as against 6.4 fl), as explained later.
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Species Hela cell copy number COPASI Lamellipodia model
copy number

Integrin 30,000 13,689

Talin 98,000 3267

Paxillin 98,000 3267

Vinculin 310,000 10,333

FAK 14,000 467

Table 4.5. Comparison of species copy numbers, as reported for Hela cells, and the
corresponding initial particle numbers estimated for the COPASI lamellipodia model.

Even allowing for the fact that the tongue-like shape of the lamellipodia will tend to have a much
higher surface-to-volume ratio than the more rounded cell from which it is derived, these relative
differences seem improbable. However, any reasonable adjustment would likely require the PM
volume to be reduced by more than the cytosolic volume is increased, if it were to more
accurately mirror reality. Rather than substantially increasing initial levels of talin, FAK and other
cytosolic proteins, such an adjustment would result in a reduction of the initial particle numbers
for integrins, as well as other important PM species such as phosphoinositides. Nevertheless, by
increasing the ratio of cytosolic to PM species numbers, it should ensure that cytosolic species
such as talin and FAK are not rate-limiting to the extent they currently are. This in turn should
mean that FAs, as a whole, represent a higher proportion of available integrins and, quite likely,
more of these FAs will be in the form of ITPPax_Lig, ITPPaxFAK_Lig and ITPPaxFAKVinc_Lig, rather

than almost exclusively in the form of ITP_Lig.

Unfortunately, as shown by Figures 4.17 and 4.18, this rebalancing does not occur. Decreasing
the PM volume (by a quarter, from 5.475 to 1.37 fl) does indeed increase levels of cytosolic
species such as talin, paxillin and FAK, relative to integrins, to the point where they are no longer
rate-limiting (Figure 4.17). But as well as decreasing peak levels of total FAs (from around 1400 to
600 molecules), this total is still almost completely dominated by ITP_Lig (Figure 4.18) To change
this requires also substantially increasing the on-rates (or decreasing the off-rates) for ITP_Lig-
Paxillin_PM, ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-Vinc_PM binding. It is only after both these
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alterations are made that ITPPax_Lig, ITPPaxFAK_Lig and ITPPaxFAKVinc_Lig are represented
within total FAs at levels that seem more compatible with what is seen physiologically (Figure
4.19). Similar results are seen if, instead of decreasing PM volume by a quarter, cytosolic volume
is increased fourfold (Figure 4. 20). Total FA peak levels are now roughly doubled compared to
the standard model but, again, there is a redistribution of model FA species in a manner that

seems more physiologically realistic.

But it is hard to justify altering either compartment volume by these amounts. What can more
easily be justified is a decrease in the PM volume by one half. This is because the volume of the
PM in this model was calculated by multiplying its surface area (730 um?) by 7.5 nm, representing
the average thickness of a cell membrane. However, all the reactions involving PM-resident
species in this model tend to occur at the interface between the cytosol and PM, rather than
within the membrane itself. This implies that the effective depth is much less than this, with a
corresponding reduction in the effective reaction volume for these PM-associated reactions. In

any case, other studies of phospholipid bilayer membranes have reported thicknesses of only 3

nm 307_
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Figure 4.17. Particle numbers for integrin, talin, paxillin, FAK and vinculin after PM volume has
been decreased from 5.475 to 1.37 fl.
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Figure 4.18. Particle numbers for total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig after PM volume has been decreased from 5.475 to 1.37 fl.
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Figure 4.19. Particle numbers for total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig, after PM volume has been decreased from 5.475 to 1.37 fl, and on-rates for
ITP Lig-Pax_PM, ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-Vinc_PM binding have been increased
from 10,000 to 1,000,000 M s,
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Figure 4.20. Particle numbers for total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig after cytosolic volume has been increased fourfold from 50 to 200 fl.

As a compromise, we will reduce the PM volume by a half (rather than a quarter) for the second
version of the model. On-rates for ITP_Lig-Pax_PM, ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-
Vinc_PM binding will be increased by an order of magnitude, with off-rates decreased by the

same amount.

4.4.1.2 Version 2 (of COPASI model)

Thus, the second version of the model will see the changes seen in Tables 4.6 and 4.7.

Compartment Version 1 volume Version 2 volume

PM 5.475 fl 2.74 1

Table 4.6. Compartment volume changes for the second version of the model.
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Reactions Version 1 rate constant values Version 2 rate constant values

ITP_Lig + Pax_PM = k1=10,000 M*s? k2=0.01s" | k1=100,000M*s? k2=0.0015s"
ITPPax_Lig
ITPPax_Lig + FAK_PM = k1=10,000 M*s? k2=0.01s" | k1=100,000M*s? k2=0.0015s"

ITPPaxFAK_Lig

ITPPaxFAK_Lig + Vinc_PM = k1=10,000 M*s? k2=0.01s" | k1=100,000M*s? k2=0.0015s"
ITPPaxFAKVinc_Lig

Table 4.7. Reaction rate constant changes for the second version of the model.

This results in a plot of FAs shown in Figure 4.21.
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Figure 4.21. Particle numbers for total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig, for second version of model. After PM volume has been decreased from
5.475 to 2.74 fl, with on-rates for ITP Lig-Pax_PM, ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-
Vinc_PM binding increased from 10,000 to 100,000 M s and off-rates decreased from 0.01 to
0.001 s

Bearing in mind these changes were made to default binding rates, why not extend the same
changes to all reactions involving these rates? Unfortunately, as Figure 4.22 shows, whilst
considerably speeding up overall FA dynamics, these changes also result in peak levels of FAs
being substantially reduced, to levels that seem physiologically unlikely if lamellipodia of the size

modelled here are to gain sufficient traction for cell locomotion.
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Since, as mentioned earlier, FA dynamics in this model appear to be occurring much slower than
they would in physiological reality, it may well be that many of these reactions do indeed run
much faster than the default rates given to them in this model. Indeed, it may well be that these
binding rates lie, on average, somewhere between the values used in this model and the changes
suggested here, resulting in faster FA dynamics, but with still sufficient peak FA levels for
lamellipodial traction. But, if so, this may only apply to some reactions and, in the circumstances,
attempting to speculate what these values might be, in the absence of adequate data as to the

levels of individual FA species in lamellipodia, would appear to have little practical benefit.
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Figure 4.22. Particle numbers for total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig, for second version of model. After PM volume has been decreased from
5.475 to 2.74 fl, with on-rates for all reactions using default binding kinetics increased from
10,000 to 100,000 M s and off-rates decreased from 0.01 to 0.001 s™.

Overall, despite the relative slowness of the FA dynamics, this would appear to be a useful model,
in the sense of having predictive potential and being amenable to interrogation. There is no claim
here that it is a particularly faithful reflection of the physiological reality of FA dynamics. Given
the complexity of the system being modelled and our incomplete understanding of it, a

completely faithful model would probably be impractical, even if it were possible.
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Rather, like all useful models, its usefulness lies in the questions that it raises about that
physiological reality. Here these questions have primarily revolved around levels of FA
complexes, both in aggregate, and relative to each other. This in turn has led us to look into the
contributions of PIP2 and of initial levels of talin, FAK and paxillin, of PM and cytosolic volumes
and of protein-protein binding rates, in determining these aggregate and relative FA levels.
Questions have also arisen about prescriptive, strictly sequential, binding in FA assembly, and

whether talin or FAK are obligate FA constituents.

There are, of course, many other questions one could ask of this model; in particular, the relative
contributions of calpain cleavage, and of PIP2 hydrolysis and phosphorylation (by, respectively,
PLCy and PI3K), to overall FA levels. In a similar vein, it would be interesting to investigate how
changes in the timing and extent of IP3-mediated calcium release affect FA levels (both aggregate

and relative).

However, such questions can be included in the Virtual Cell model, to be described in the next
section. For comparison purposes (with Version 1), the following plots (Figures 4.23-4.29) of

various species’ behaviours for the new version of the model, are provided.
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Figure 4.23. Particle numbers for PI, PIP, PIP2, PIP3, IP3 and DAG for second version of COPASI
model.
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Figure 4.24. Particle numbers for Talin_PIP2,
Talin_PI5K, PISK_act andInt_Tal_PIP2 for
second version of COPASI model
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Figure 4.25. Particle numbers for Total FAs,
individual FAs, IntegrinSFKs and Cleaved_FAs
for second version of COPASI model
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Figure 4.26. Particle numbers for PI5SK_act,
PLCy_act and PI3K_act for second version of
COPASI model
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Figure 4.27. Particle numbers for IP3R species
for second version of COPASI model

Page 232




Particle Numbers, Volumes, and Global Quantity Values
800,000 7

700,000 ER Calcium
600,000
500,000
400,000
300,000
200,000

Cytosolic Calcium

100,000
IP3R_act

Lowo o by by by b bow o b a1y

T T T T T T T T T T T T T T T T T T T 1
0 5,000 10,000 15,000 20,000

Figure 4.28. Particle numbers for IP3R_act, Ca2+_ER and Ca2+_cyto for second version of COPASI
model.
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Figure 4.29. Particle numbers for all calpain species for second version of COPASI model.
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4.4.2. Virtual Cell model

4.4.2.1 ODE/compartmental application

4.4.2.1.1 Version 1

This Virtual Cell model has implemented the second version of the COPASI model, including the
changes summarised in Tables 4.6 and 4.7. However, because Virtual Cell models membranes as
two-dimensional surfaces, whereas COPASI models as three-dimensional volumes, a decision has
to be made as how best to implement the changes of the COPASI second version model. These
halved the PM volume whilst maintaining the concentrations of PM species, thereby halving their
copy number. To achieve the same end with the Virtual Cell model, one can either halve the
surface area (730 um?) originally specified for the PM (as shown in Table 4.1 in the Methods
section), whilst retaining the existing densities/concentrations for PM species, or one can
maintain the surface area, whilst halving the densities. Since, in Virtual Cell, species quantities
have to be specified in terms of densities/concentrations, it is more convenient to halve the

surface area, rather than having to alter all the PM species densities.

So, the Virtual Cell model now has the changes to the original specification (as shown in the

Methods section) shown in Tables 4.8 and 4.9.

Compartment Original surface area New surface area

PM 730 pm? 365 pm?

Table 4.8. Compartment volume changes for the Virtual Cell model.
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Reactions

Original rate constant values

New rate constant values

ITP_Lig + Pax_PM =
ITPPax_Lig

k1 =0.00221 um2.molecules?.s?,
k2 =0.01s*

k1=0.0221 pm2molecules?.s?,
k2 =0.001s*

ITPPax_Lig + FAK_PM =
ITPPaxFAK_Lig

k1 =0.00221 um2.molecules*.s?,
k2=0.01s"

k1=0.0221 pm2molecules?.s?,
k2 =0.001 s?

ITPPaxFAK_Lig + Vinc_PM =
ITPPaxFAKVinc_Lig

k1 =0.00221 um2.molecules?.s?,
k2 =0.01s*

k1=0.0221 pm2molecules?.s?,
k2 =0.001s*

Table 4.9. Reaction rate constant changes for the Visual Cell model.

Running this model produces the results shown in Figure 4.30. This shows that peak levels of total

and individual FAs occur much earlier in the Virtual Cell model (at around 3400 seconds)

compared to the COPASI model (at around 8000 seconds, Figure 4.21). However, these peaks

levels are also substantially lower, at approximately around are 423, 238, 162, 7 and 20 molecules

for, respectively, total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig and ITPPaxFAKVinc_Lig in the

Virtual Cell model, as against936, 327, 490, 108 and 8 molecules in the COPASI model. As these

values also demonstrate, the relative levels for individual FAs species are also different between

the two versions of the model, with peak levels of ITPPax_Lig exceeding ITP_Lig in the COPASI

model, but showing lower levels than the latter in the Virtual Cell model. Similarly, peak

ITPPaxFAK_Lig levels exceed those of ITPPaxFAKVinc_Lig in the Virtual Cell model, but are lower in

the COPASI model.

Page 235




] Results for Simulation Standard - 0 X

View Data | Outputs

X Az
. Plot Legend:

t W
¥ Axis: All_Fibronectin_baun, .. [malecules.pm=2]
Display Options:
Other

[ Reactions TTPPax_Lig [molecules.pm-4]
Species

ITP_Lig [molecules.pm=?]

TTPPaxFAK Lig [molecules.um-7]

Al_bound _Integrins_Global " TTPPaxFAKVinc_Lig [molecules.um 7]

All_Fibronectin_bound_Integrins_Globg
All_PIP2_containing_spedes_Global
Caldum_cyt

Caldum_ER

Calpain

Calpain_act

Calpain_PM

Cleaved_FAs

DAG

FAK.

FAK_PM

Fibronectin

Int_Tal_PIP2

Integrin

IntegrinSFKs

P2

IP3

PR

PR _act

PR _Calc

ITP_Lig

ITPPax_Lig g

[TPPaxFAK_Lig

ITPPaxFAKVinc_Lig

Kf_Binding_of Talin_to_PIP2_and_PM_
Kf_Calpain_activation_by_cytosolic_ca
Kf_InteqrinSFKs_binds_membrane_bol
Kf_PL3K_recruitment_to_PM_by_PIP2

kf Recruitment_of Calpain_to_PM_by
Kf_Recruitment_of FAK_to_PM_by FI
Kf_Recruitment_of_Pailin_to_PM_by_
kf_Recruitment_of PLCg_to_PM_by P
Kf Reauitment_of Vinculin_to_PM_by
Kf Talin_binding_of PIP2_and_PM_rec
KFlux_LM_ER_mem_ER.
KFlux_LM_ER_mem_Lamelipodia
KFlux_PM_EC

KFlux_PM_Lamelipodia 00— T T |
Km_Calpain_deavage_of FA_FAK_ 0 10000.0 200000
¥m_Calpain_cleavage_of FA_ Paxilin, t

Km alnzin Aaavans of FA Talin n v
< > =

———

Figure 4.30. Densities (molecules.um?) of total FAs, ITP Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig in Visual Cell version of the model. Corresponding peak particle levels (in
rounded numbers of molecules) are 423, 238, 162, 7 and 20, respectively.
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Figure 4.31. Densities (molecules.um?) of P, PIP, PIP2, PIP3, IP3 and DAG for the Virtual Cell
model. Peak particle levels: 22,800, 22,850, 639, 14, 20,800 and 21,200 molecules, respectively.
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Figure 4.33. Densities (molecules.um?) of
total FAs, ITP_Lig, ITPPax_Lig, ITPPaxFAK_Lig,
ITPPaxFAKVinc_Lig, IntegrinSFKs and
Cleaved_FAs for the Virtual Cell model. Peak
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Figure 4.34. Densities (molecules.um?) of
PI5K_act, PLCy_act and PI3K_act for the
Virtual Cell model. Peak particle levels: 7, 17
and 1 molecules, respectively.

Figure 4.35. Densities (molecules.um?) of IP3R
species for the Virtual Cell model. Peak
particle levels:IP3R = 220, IP3R_Calc = 19,
IP3R_act =220 molecules, respectively.
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Figure 4.37. Concentrations (LM) or densities (molecules.um?) of all calpain species for the
Virtual Cell model. Peak particle levels: Calpain = 3312, Calpain_PM = 4, Calpain_act = 50
molecules, respectively.

Understanding the reasons for the substantially lower peak levels of all of these FAs, as well as the
differences in distributions, is challenging. As Table 4.10below shows, there are a number of
differences, but also of similarities between the two models. For instance, peak levels of PI5K
species, and of talin species, are much the same, and differences between peak levels of activated
IP3R do not seem enough to explain the FA discrepancies just described. Similarly, the IP3 peak
levels are nearly identical, as are the particle number curves (Figures 4.38 and factor 4.39).
Despite these similarities, and the relatively small differences in peak levels of activated IP3R just

mentioned (185 as against 220 molecules for the COPASI and Virtual Cell models, respectively),
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peak levels of cytosolic calcium in the COPASI model (at 240,000 molecules, Figure 4.40) are less

than one-third of peak levels in the Virtual Cell model (750,000 molecules, Figure 4.41) after

20,000 seconds elapsed.

Species COPASI peak COPASI peak VCell peak level | VCell peak time
level (no. time (s) (no. molecules) (s)
molecules)
All FAs 937 8100 423 3000
ITP_Lig 324 7800 238 2800
ITPPax_Lig 492 8160 162 2870
ITPPaxFAK_Lig 10 10,500 7 3100
ITPPaxFAKVinc_Lig 110 8300 20 3300
Int_Tal_PIP2 4 7800 3 2700
IntegrinSFKs 4250 100 4271 100
Talin 3312 0 3312 0
Tal_PIP2 10 6500 14 100
Tal_PI5K 9 100 9 100
Tal_PI5K_PIP2 ~0 100 & 6000 ~0 100
PI5K 500 0 500 0
PISK_PM ~0 100 1 20,000
PI5K act 5 20,000 7 20,000
PLCy_act 61 20,000 17 20,000
PI3K act 7 20,000 1 20,000
PI 23,200 0 22,800 0
PIP 23,200 100 22,850 100
PIP2 727 7000 639 0
PIP3 50 13,500 14 0
DAG 20,000 20,000 21,200 20,000
IP3 19,500 20,000 20,800 20,000
IP3R 220 0 220 0
IP3R_Calc 34 17,000 19 4000
IP3R_act 185 20,000 220 10,000
Ca2+_ER 750,000 0 750,000 0
Ca2+_cyto 240,000 20,000 750,000 20,000
Calpain 333 0 333 0
Calpain_PM 8 7500 4 100
Calpain_act 7 13,000 50 10,000
Cleaved_FAs 1574 20,000 1718 20,000

Table 4.10. Comparison of peak levels and the timing of these peak levels of various model

species, between the second version of the COPASI model and the Virtual Cell model.

This implies that the ER is releasing more calcium into the cytoplasm, in response to a given level

of IP3 stimulation, in the Virtual Cell model than it is releasing in the COPASI model. This is

confirmed by a comparison of reaction flux rates for IP3R-IP3 binding on the one hand (Figures
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4.42 and 4.43), and for IP3R-mediated ER calcium loading and subsequent unloading into the

cytosol (Figures 4.44 and 4.45).
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Figure 4.38. Particle numbers for IP3 in
COPASI model. Peak particle levels: 19,500
molecules.

o : E
Figure 4.39. Concentrations (uM) of IP3 for
Virtual Cell model. Peak particle levels: 20,800
molecules.
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Figure 4.40. Particle numbers for cytosolic
calcium in COPASI model. Peak particle
levels: 240,000 molecules.

[2) Resutsfor Simuiation Sandard

VenData

Bhes
00— Plot Legend:

20

= 109

SERCA Gl (1] 100 000

m-j . @E
Figure 4.41. Concentrations (uM) of cytosolic
calcium in Virtual Cell model. Peak particle
levels: 750,000molecules.
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Reaction Fluxes

IP3R +IP3 = IP3R _act
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Figure 4.42. Reaction flux (fmol/s) for IP3R
activation by IP3 in COPASI model. (Peak flux
rate equivalent to 1.20e-05 molecules.um=2.s"

1)

=
Figure 4.43. Reaction flux (molecules.um2.s?)
for IP3R activation by IP3 in Virtual Cell model.
(Peak flux rate = 3.21e-05 molecules.um2.s1)
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Figure 4.44. Reaction fluxes (fmol/s)for
IP3R_act loading by ER calcium and unloading
into cytosol in COPASI model. (Identical
curves, in both cases, hence superimposed.
Peak flux rates equivalent to 1.12e-02
molecules.um2.s%, in both cases)
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Figure 4.45. Reaction fluxes (molecules.um.s°
1) for IP3R_act loading by ER calcium and
unloading into cytosol in Virtual Cell model.
(Identical curves in both reactions, hence
superimposed.) Peak flux rate = 9.5e-02
molecules.um2.s, in both cases.)

As Figures 4.42-4.45 show, IP3 binding to IP3R occurs at nearly 3 times the rate (3.21e-05 as

against = 1.20 e-05 molecules.um2.s?) in the Virtual Cell model as compared with the COPASI

model, and IP3R-mediated calcium egress from the ER into the cytosol proceeds at more than

eight times the rate (9.5e-05 as against 1.12e-02 molecules.um2.st). This obviously explains why
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calcium egress into the cytosol is much more rapid in the Virtual Cell model, as demonstrated in

Figures 4.40 and 4.41.

Given that calpain activation is dependent on calcium binding, this in turn explains why peak
levels of active calpain (Calpain_act) are so much higher in the Virtual Cell model (50 molecules,
Figure 4.37) than in the COPASI model (7 molecules, Figure 4.46) and these peak are achieved

earlier in the Virtual Cell model (10,000 seconds), as compared with the COPASI model (13,000

seconds).
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Figure 4.46. Particle numbers for Calpain_act in second version of COPASI model.

This would go a long way to explaining why, overall, FAs achieve higher peak levels in the COPASI
model than in its Virtual Cell equivalent. This raises the question, why are these IP3R-mediated

reaction rates so different between the two models?

In the case of two of the three reactions involved, the two second-order reactions (the forward

reactions for IP3R-IP3 and IP3R_act-Calcium_ER binding) are not intra-membrane reactions, given
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that one reactant (IP3, in the first case and ER calcium, in the second, are resident in liquid
compartments). Moreover, both the remaining reactions (the reverse rates for IP3R-IP3 binding,
and the forward rate for the irreversible calcium-unloading reaction - IP3R_Calc ->Calcium_cyt +

IP3R_act) are all first-order (with rate constant values of 1.0E-5 and 10 per second, respectively).

As a consequence, no conversion of any of these four reaction rate values has been necessary in
order to implement the original COPASI model reactions in the Virtual Cell model.(Specifically, it
has not been necessary to convert volumetric rate constant values in M s into areametricum?.s -
L. molecules™). So it is not immediately obvious why these reactions are proceeding at a much

higher rate in the latter model, compared to the former.

Nevertheless, a logarithmic parameter scan on the forward rate constant (kf) for IP3R-IP3 binding
confirms that such alterations have substantial effects both on cytosolic calcium release and on
absolute and relative levels of FAs (Figures 4.42 and 4.43). Therefore we choose a kf value that
results in a cytosolic calcium particle number curve most closely matching that of the COPASI
model (kf = 1.5e-05 uM™ s?). This gives us a second version of the Virtual Cell

compartmental/ODE.

4.4.2.1.2 Version 2 (of Virtual Cell 2D Compartmental/ODE model)

Running a simulation with the change to the IP3R-IP3 binding forward rate (kf) just mentioned,

results in FA levels shown in Figure 4.44.
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@ Parameter scan results time plot for BIOMODEL: Lamellipodia - version 16 - O -
Time Plot
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Figure 4.47. Logarithmic parameter scan on forward rate constant (kf) for IP3R-IP3 binding,
showing effects on cytosolic calcium (uM) in the Virtual Cell model. 7 kf values: 1e-6, 1e-5, le-4,
le-3, 1e-2, 1e-1, 1.0 uMt s,
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@ Parameter scan results time plot for BIOMODEL: Lamellipedia - version 16 - [} -
Time Plot
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Figure 4.48. Sample results from logarithmic parameter scan on forward rate constant (kf) for
IP3R-IP3 binding, showing effects on levels of total FAs, ITP_Lig and ITPPax_Lig (molecules. pM?)
in the Virtual Cell model. 3kf values: le-6, 1e-4,0.1 uM?ts™,
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Figure 4.49. Results of reducing forward rate constant value (kf = 1.5e-5 pM™* s?) for IP3R-IP3
binding on levels of total FAs and individual FAs species (molecules. pM2) in the Virtual Cell
model. Peak particle levels (number of molecules): Total FAs =1011, ITP_Lig = 500, ITPPax_Lig =

409, ITPPaxFAK_Lig = 26, ITPPaxFAKVinc_Lig = 83.

Comparing Figures 4.21and 4.48, and the results in Table 4.10 above, it can be seen that the new

results are now much more similar to the COPASI model. The main difference, of course, is that

levels of ITP_Lig are higher than those of ITPPax_Lig in this adjusted version of the Virtual Cell

model (500 as against 409 molecules), whereas they are lower in the COPASI model (324 as

against 492 molecules).

As one would expect, the main reason for this greater similarity in FA levels is because the

reduction in cytosolic calcium leads to reduced calpain activation (Figures 4.50 and 4.51) and
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subsequent cleavage of FAs (Figures 4.52 and 4.53), compared to the non-adjusted version of the

models and much more in line with the level seen in the COPASI model (Table 4.10).
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Figure 4.50. Particle levels for Calpain_act in COPASI version of the model.
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Figure 4.51. Densities (in molecules. uM2) of Calpain_act in Virtual Cell version of model,
adjusted for higher cytosolic calcium release. (Peak particle levels = 3 molecules.)
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Figure 4.52. Particle levels for Cleaved_FAs in COPASI version of the model.
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Figure 4.53.Densities (in molecules. uM2) of Cleaved_FAs in the Virtual Cell version of model.
(Peak particle levels = 945 molecules.)

These findings raise interesting questions. Firstly, it seems clear that calpain cleavage is at least as
influential on FA levels, in this model, as is PIP2. Looking at Table 4.10,levels of unbound PIP2 are
identical in the COPASI model and in the second version of the Virtual Cell model, and a
comparison of reaction flux curves for PIP2 creation from PIP for the two models (Figures 4.54 and
4.55) shows that actual levels of PIP2 creation are broadly similar.. Moreover, IP3 creation rates
have also been shown to be similar, and peak PIP3 levels would seem to be too low to have much
influence on FA levels. Yet these levels are still substantially different between the COPASI and

the (unadjusted) Virtual Cell compartmental models.
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Figure 4.54. Reaction flux curve for PIP2 creation from PIP2 by PI5K in COPASI version of the
model. (Peak rate equivalent to 5.21e-03 molecules.um2.s! in the Virtual Cell model below.)

Nevertheless, this discrepancy is, to a large extent, restored by equalising calcium release and
thereby reducing rates of calpain cleavage in the Virtual Cell model. Despite this equalising effect,
differences in relative levels of individual FAs species remain. This raises the possibility that this
FA heterogeneity is in some way linked to differences in the way unbound PIP2 is taken up by
other species in the two models. However, determining whether this is the case, and the precise
mechanism behind it, would require a detailed investigation. Given that this seems likely to be
more of a technical matter, probably relating to differences between how COPASI and Virtual Cell
implement factors such as membranes, rather than relating to FA biology, such detailed

investigation does not seem justified in the circumstances.
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Figure 4.55. Reaction flux curve for PIP2 creation from PIP by PI5K in second Virtual Cell
model.(Peak rate: 5.56e-03 molecules.um2.s))

Having established the differences between the COPASI and Virtual Cell compartmental models,
and seen how such comparisons can give unexpected insights, it would be interesting to see if

extending the Virtual Cell model to a 2D model spatial version offers similar insights.

4.4.2.2 Virtual Cell 2D spatial model.

4.4.2.2.1 Version 1

Referring back to Table 4.1 in the Model Setup section, adjusted so that the PM is now half the
length originally allotted to it, the 2D spatial version has the desired dimensions shown in Table

4.11.
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Compartment Area/length in Virtual Cell 2D model
Extracellular ~540 um?

Plasma membrane ~2433um *

Cytosolic 325 um?

ER membrane 13,333 um *
Endoplasmic reticulum ~35 um?

Table 4.11. Areas and lengths intended for the five model compartments in the Virtual Cell 2D spatial model. Areas
are used for Virtual Cell 2D liquid compartments, whilst lengths are used for 2D model membranes. * Owing to the
challenges of specifying 2Dmodel geometries of the desired size, using the available geometry specification methods in
Virtual Cell, incorrect lengths had to be adopted for membranes and then mapped to the desired values at the
simulation specification stage, as explained in the text.

The procedure for creating this 2D spatial model is broadly the same as for the 2D version of the
model in Chapter 3, except that there are five compartments here instead of three.
Consequently, two analytic equations have to be specified for the corresponding liquid
compartments (the cytosol and ER). Also, whereas a circular geometry was sufficient for
modelling the whole Hela cell, we will adopt a tongue-like geometry to represent a lamellipodia,

and a simple rectangle to represent the ER, resulting in the following two analytic equations:

Cytosol: (((x~2.0)/(1.372.0)) +((y~2.0) /(2.7 ~ 2.0))) <= 65.4)

ER: ((x>= -1.0) && (x <= 1.0) && (y >=1.5) && (y <= 18.0))

This results in the model geometry seen in Figure 4.56.

Figure 4.56. Geometry for Virtual Cell 2D spatial model of lamellipodia.
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This results in the exercises for the various compartments shown in Table 4.12.

Compartment Area/length in Virtual Cell 2D model
Extracellular 539.9 um?
Plasma membrane 52.6 um
Cytosolic 324.9 um?
ER membrane 36.7 um
Endoplasmic reticulum 35.3 um?

Table 4.12. Actual areas and lengths of the five model compartments in the Virtual Cell 2D spatial model, as

specified in geometry definition.

In other words, the three liquid compartments are all close enough to the desired areas, but the

two automatically-generated membrane compartments have substantially shorter lengths than

desired. As described for the 2D spatial version of the Hela cell model in Chapter 3 (Section 3.4,

Figure 3.62), this must subsequently be remedied by overriding the corresponding

AreaPerUnitArea default values in the Parameters section for all simulations of this 2D spatial

model, shown in Table 4.13.:

Parameter Name

Default Value

New Value/Expression

AreaPerUnitArea_PM

1.0

46.3

AreaPerUnitArea_ER_membrane

1.0

363.4

Table 4.13. Override values used for converting actual membrane lengths to desired values for

Virtual Cell 2D spatial model of lamellipodia FA dynamics.

Having made these changes, the simulation was then run for 20,000 seconds.
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Again, as in the Hela cell model in the previous chapter, running a simulation of this 2D spatial
model produces results that are essentially identical to that of the Virtual Cell compartmental
model, as just described. This can be seen by comparing Figures 4.57-4.62 with Figures 4.30, 4.31,
4.34, 4.35, 4.39 and 4.41above, respectively. Similarly, after modifying the IP3R-IP3 binding
reaction forward rate constant as described above, the results are again identical, as can be seen

by comparing Figure 4.63 with 4.49 above, Figures 4.64 with 4.65, and 4.66 with 4.67.
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Figure 4.57.Densities (molecules.um?) of total FAs, ITP Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig in Visual Cell version of the model. Corresponding peak particle levels (in
rounded numbers of molecules) are 422, 236, 160, 6 and 21, respectively.
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Figure 4.58. Densities (molecules.um?) of PI, PIP, PIP2, PIP3, IP3 and DAG for the Virtual Cell 2D
spatial model. Peak particle levels: 22,800, 23,350, 639, 13,21,152 and 21,236 molecules,
respectively.
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Figure 4.59. Densities (molecules.um2) of Figure 4.60. Densities (molecules.um2) of
PISK_act, PLCy_act and PI3K_act for the Virtual | IP3R species for the Virtual Cell 2D spatial
Cell 2D spatial model. Peak particle levels: 7, model. Peak particle levels: IP3R =220,
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Figure 4.61. Concentrations (uM) of IP3 for
Virtual Cell 2D spatial model. Peak particle

levels:21,152molecules.

Figure 4.62. Concentrations (iuM) of cytosolic
calcium for Virtual Cell 2D spatial model.
Peak particle levels: 819,600 molecules.
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Figure 4.63. Densities (molecules.um?) of total FAs, ITP Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig in Visual Cell version of the model. Corresponding peak particle levels (in
rounded numbers of molecules) are 1001, 495, 405, 28 and 82, respectively.
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Figure 4.64. Concentrations (uM) of IP3 for
Virtual Cell compartmental model, adjusted for
higher IP3R-IP3 binding. Peak particle
levels:21,350molecules.
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Figure 4.65. Concentrations (uM) of IP3 for
Virtual Cell 2D spatial model, adjusted for
higher IP3R-IP3 binding. Peak particle
levels: 21,770 molecules.
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Figure 4.66. Concentrations (uUM) of cytosolic
calcium for Virtual Cell compartmental model,
adjusted for higher IP3R-IP3 binding. Peak
particle levels: 256,500 molecules.
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Figure 4.67. Concentrations (uM) of
cytosolic calcium for Virtual Cell 2D spatial
model, adjusted for higher IP3R-IP3 binding.
Peak particle levels:270,000molecules.
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Although we have established major similarities between the compartmental and 2D spatial
models, there are still obvious advantages of using spatial models. For instance, unlike
compartmental models, in which species are assumed to be well-mixed, and with diffusion
essentially instantaneous, in spatial models it is possible to vary diffusion rates, in order to

determine what effects they have on system behaviours.

So far, default diffusion rate constants have been accepted for all species, which is to say, 0.1
um?2.st for membrane-resident species, and 10 pm?.s™* for species resident in liquid
compartments. However, it is known that many molecules in aqueous solution have much higher
diffusion rates than this, including IP3 and calcium ions, where, amongst other values, rate
constants of 280 and 530 umZ2.s* have been reported, respectively*®3%, As we have just seen
that IP3 and cytosolic calcium have such an important role in our Virtual Model in determining
levels of FAs, one might reasonably expect these much-increased diffusion rates also to have
noticeable effects on these levels. If, for the sake of consistency, we also increase the diffusion
constant for ER calcium by the same amount as for cytosolic calcium, one might also reasonably

expect this to increase the rate of IP3R-mediated calcium egress and hence calpain cleavage.

4.4.2.2.2 Version 2 (of Virtual Cell 2D Spatial/PDE model)

Having created a new simulation (for this 2D spatial application) we replace the default diffusion
constants for these three species with their new values (leaving the IP3R-IP3 binding rate at its
original lower value, and retaining the AreaPerUnitArea changes) and then run the simulation for
20,000 seconds. Sample results are shown in Figures 4.68-4.70. They show that, despite
increasing the IP3 diffusion rate 23-fold and the calcium rates 58-fold, there is little, if any,
discernible difference in FA dynamics, or in IP3 or calcium responses between this model and the

original 2D spatial model (with unadjusted IP3R-IP3 binding rates). This is summarised in 4.14.
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Species

Peak particle levels for
standard model

Peak particle levels for
enhanced IP3/calcium
diffusion model

Peak levels Peak timings Peak levels Peak timings
(# molecules) (s) (# molecules) (s)
Total FAs 422 2750 422 2800
ITP_Lig 236 2750 236 3200
ITPPax_Lig 160 2750 160 3000
ITPPaxFAK_Lig 6 3000 5 3000
ITPPaxFAKVinc_Lig 20 3250 20 3400
IP3 21,212 20,000 21,212 20,000
Cytosolic calcium 819,600 20,000 819,600 20,000

Table 4.14. Summary of differences in FA, IP3 and cytosolic calcium peak levels between simulations, using
either default diffusion constant values (“standard model”) or increased diffusion constant values for IP3,
cytosolic and ER-resident calcium (“enhanced diffusion model”), within Virtual Cell 2D Spatial application.
(Default diffusion constant values were all 10 um2.s* for IP3, Calcium_cyt and Calcium_ER, while the

enhanced model used values of 280, 530 and 530 pum?2.s?, respectively.)
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Figure 4.68. Results of increasing diffusion constants for IP3 and calcium ions (cytosolic and ER-
resident) on levels of total FAs and individual FAs species (molecules. uM2) in the Virtual Cell
model. Peak particle levels (numbers of molecules): Total FAs =422, ITP_Lig = 236, ITPPax_Lig =
160, ITPPaxFAK_Lig =5, ITPPaxFAKVinc_Lig = 20.
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Figure 4.69. Results of increasing diffusion
constants for IP3 and calcium ions (cytosolic
and ER-resident) on levels of IP3 (uM) in the
Virtual Cell 2D Spatial model. Peak particle
levels: 21,212 molecules.

Figure 4.70. Results of increasing diffusion
constants for IP3 and calcium ions (cytosolic
and ER-resident) on levels of cytosolic calcium
(uM) in the Virtual Cell 2D Spatial model.
Peak particle levels: 819,600 molecules.

In fact, these results are not quite as surprising as they might first appear, as the peak levels of IP3

and cytosolic calcium are determined largely by the availability of PIP2 (from which IP3 is

hydrolysed) and by the initial levels of calcium in the ER, respectively. The simulation runtime of

20,000 seconds is long enough for both of these two to approach their maximal levels at their

slower diffusion rates, so the increased diffusion rates were always likely to have marginal

influence on the peak levels.

The only real surprise is that the timings of peak FA levels are so little altered. Indeed, some of

these differences may be less than they appear, as the time interval between output values was

250 seconds in the case of the original model and 200 seconds in the case of the new model. The

most likely reason for this similarity is that the calpain activation curve is also nearly identical in

both models, with a peak rate of 2.6e-05 molecules.um=2.s* at around 4600 seconds, with peak

levels of activated calpain only reaching around 50 molecules at this point.
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But this is only a very limited exercise, and it may be that larger differences might be seen if
diffusion rates were adjusted for all models species, based on published data. However, the
similarity of these results confirms the benefits of developing spatial models as compartmental
applications in the first instance. And, in fact, if one is only interested in changes in overall levels
of models species there is often no benefit in developing a spatial model, unless the model
geometry is sufficiently complex, with convolutions and constrictions that make diffusion rates
critical in determining outcomes. Certainly this does not seem to be the case in the geometrical
representation of a typical lamellipodia used here. Of course, if changes in local concentrations of

species are of interest then spatial modelling is the only option.
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4.5 Discussion

4.5.1 Introduction

The purpose of this chapter was twofold. Primarily, to use differential equation modelling to
investigate the dynamics of FAs, in response to changing levels of PIP2, and to calpain cleavage.
Secondly, by the use of two different differential equation modelling tools, and two different
approaches (ODE/compartmental as against PDE/spatial methods), to further illustrate the
challenges that face the modeller in implementing such models. To this end, and for the sake of
continuity, this has involved developing the very simple FA model of the previous chapter into
something more complex, using the same modelling software (COPASI and Virtual Cell) and

broadly the same methods that were introduced in the previous two chapters.

A number of very interesting insights have arisen from the overall model, as it has been

developed.

4.5.2 Insights gained from the lamellipodia FA models

4.5.2.1 Importance of talin availability

Firstly, availability of talin is critical to overall levels of FAs (Figure 4.11). This importance derives
from its central role in activating integrins, but also the fact that our current understanding of
how it does this and how it fits structurally into FAs, tends to preclude one talin activating more
than one integrin. This conclusion is based on the assumption that talin is the primary binding
partner for vinculin and must be present for FAs to mature beyond the nascent stage. As this
model shows, implicitly assuming this premise means that levels of talin availability must be
critical to overall levels of FA formation. Whilst this is not a particularly unexpected finding, it is

easy to overlook.
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4.5.2.2 Greater importance of concentrations of species rather than particle numbers

Following on from this, it would appear from the results that it is not necessarily the absolute
numbers of talin or other FA-associated proteins that is most rate-limiting, but rather their
respective concentrations. This does not necessarily mean that local concentrations (i.e. the
concentrations of these non-integrin FA proteins in the vicinity of integrins, or of the PM in
general) have to be high. As shown by these models, the absolute and relative sizes of the cytosol
and PM within lamellipodia also appear to be critical, something that is even more easily

overlooked.

4.5.2.3 Importance of PIP2 availability

A further, related, finding of the models is that FA levels appear to be influenced by PIP2
availability, as one would expect. However, this influence is heavily constrained by talin
availability and other factors that determine rates of FA assembly (Figures 4.8-9, 4.13-15). Put
simply, as PIP2 levels increase, other factors become increasingly rate-limiting on FA formation,
setting a clear upper limit to the influence of PIP2 on overall FA levels. Moreover, these models
appear to suggest that this limit may be much lower than might be expected, if one simply

focuses on a few obvious factors, such as numbers of available integrins.

4.5.2.4 Relative unimportance of integrin-ECM binding rates

In common with PIP2, other single factors, such as binding rates of integrins to their extracellular
ligands are shown to only influence FA levels up to a point (Figure 4.10). This is in contrast to the
results seen for Version 4 of the early FA model in Chapter 3 (Figures 3.41-3.46), where increasing
such binding rates had a very substantial affect both in terms of increasing overall FA levels and in
decreasing the overall runtime for FA-associated events. One possible interpretation of these

results is that PIP2 and integrin-ECM binding rates may be critical to levels of very early FAs
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(however one defines these) but much less so on more mature FA species. Certainly, this would

seem to be a prediction of the various models worth testing experimentally.

However, overall, this result adds to the general impression gained from the previously
mentioned results, that no single factor is dominant in determining total FA levels. Rather, these
models suggest that such levels, as well as overall rates of FA formation, are determined by a

relatively large number of factors, some of them likely to be far less obvious.

4.5.2.5 Insights concerning FAK

One such factor, FAK, raised a number of interesting questions. If one assumes, as this model
does, a one-to-one relationship between FAK and integrins, and a low abundance relative to the
other FA species (as predicted by the Hela cell quantitative proteome used for this model 82), this
inevitably implies that only a relatively low proportion of FAs can contain FAK. (This is shownin a
number of model plots, including Figure 4.19, where FAK-containing FA isoforms represent only
around 15% of total FAs at peak levels, even after changes to the model to enhance their levels.)
Of course it could be that FAK copy numbers have been underestimated in the quantitative
proteome mentioned. However, an even lower copy number value has been reported in a
different quantitative proteome, this time for U20S cells, quoting a figure of 3.29e+03 3%, as
against the value of 1.1e+04 quoted for Hela cells. An alternative possibility is that something
specific to FAK causes its numbers to be undercounted relative to other critical FA proteins. But it
is hard to think of any property, not shared by any of the other FA proteins used in the model,

which would convincingly explain this.

This would appear to leave only two likely explanations. One is that FAK levels are abnormally low

in certain cell-lines such as HelLa and U20S cells. As it happens, both these cell lines are

comparatively slow-moving 19%308

, s0 this may prove to be the case, given FAK’s known role in
promoting FA turnover and migration 3°931° Further support for this is found in the levels of FAK

reported in a human platelet quantitative proteome, where, despite their very small size and their
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lack of a nucleus, copy numbers of 3000 are reported 3!'. However, this may merely reflect the
fact that platelets are unable to generate new copies of FAK, as well as their specialist role, which
requires the formation of numerous lamellipodia. Certainly, until a larger number of quantitative
proteomes have been published, it cannot be ascertained what typical levels of FAK are in

nucleated eukaryotic cells.

Leaving this point aside, phenomena such as cell spreading (where large numbers of simultaneous
lamellipodia are observed active around the entire cell periphery) imply that one-to-one FAK-
integrin binding would severely limit such spreading in cell lines such as HeLa and U20S. Even
allowing for rapid recycling of FAs and additional FAK expression, there does not appear to be
enough FAK for this. One reason for thinking this is that, at any given time, much of this FAK will

be resident throughout the cytosol and elsewhere in the cell.

For instance, in the COPASI model, levels of cytosolic FAK never fall below 50% (reaching a
minimum of 256 out of the original 457 molecules) at any time. This figure seems likely to be
reflected in reality, given the relative sizes of the cytosol and PM. However, it is possible that
local levels of FAK may be much higher within lamellipodia than within the cytosol as a whole, as a
result of various mechanisms. Depending on how enriched lamellipodia were in this regard, this

would mean there was always a ready supply of FAK at hand for FA formation.

Overall, though, the results from this model suggest that FAK involvement in FA dynamics
requires that FAK proteins are only temporarily attached to FAs, probably with low residence
times, or that other FA-associated proteins can perform the same functions in FAK’s absence.
There is an alternative to FAK, Protein-tyrosine kinase 2-beta (Uniprot Q14289) with broadly
similar properties. However, its numbers as listed in the HelLa quantitative proteome, 3100 82,
add a little less than 30% to the FAK total (~11,000 molecules), so would seem unlikely to affect
the issue much. However, at least one other FA-associated protein, ILK (Integrin-linked protein

kinase, Uniprot ID Q13418) can perform some of the functions of FAK %, in terms of being both a
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312 and are available in much greater numbers (around

scaffold protein and a protein kinase
210,000 copies) in the Hela cell 82, However, ILK is a serine/threonine kinase 313312, whereas FAK

is a tyrosine kinase °¢, and does not associate with the same proteins in their scaffold roles

312,56,.313 313

. Nevertheless, in the form of the ILK-Pinch-Parvin complex *%°, it provides an obvious
alternative mechanism for linking integrins to the actin cytoskeleton, both in outside-in and

inside-out signalling.

4.5.2.6 Criticality of general FA binding requirements and rates

Another general conclusion to be drawn from this model is that, if we assume that FA assembly
requires sequential binding, with not much flexibility in the order of this recruitment, binding
rates will need to be relatively high. Otherwise, the more downstream proteins tend to be very
poorly represented, as a proportion of overall FAs, relative to their abundance. This was seen
especially in the case of vinculin in the COPASI model. Despite being highly abundant (over three
times the levels of talin and paxillin, and second only to integrins in abundance), levels of vinculin-
containing FAs only exceeded 10% of total FAs, after rates for ITPPaxFAK_Lig-Vinc_PM and
ITPPax_Lig-FAK_PM binding were both substantially increased (along with levels of FAK_PM,

Figure 4.16).

But this effect was not only confined to the most downstream FA component protein in the
model. Increasing the ITP_Lig-Paxillin_PM binding rate substantially raised ITPPax_Lig numbers as
a portion of overall FAs (Figure 4.13), as did increasing the ITPPax_Lig-Fax_PM binding rate on
ITPPaxFAK_Lig representation, as long as the availability of FAK itself was also substantially

increased (Figure 4.15).

Finally this was confirmed in the second version of the COPASI model, where all the relevant
binding rates were increased (by increasing the forward rate by one order of magnitude and
decreasing the reverse rate by the same amount), together with a halving of the PM

compartment. (These changes were all carried forward into the subsequent Virtual Cell models.)
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In all cases this led to a less uneven representation of FA isoforms compared to what is seen prior
to these changes, in which over 90% of FAs take the form of ITP_Lig. This can be seen by
comparing Figure 4.12 with Figures 4.21 and 4.30. Given that paxillin-association is commonly
used as a FA marker, this more even representation seems the more likely representation of the

physiological reality.

4.5.2.7 Differences in behaviour of COPASI and Virtual Cell models

Moving to the Virtual Cell compartmental model, differences between its outputs and those of
the COPASI model were greater than one might expect, given that essentially the same
parameters and reaction equations were used in both. To a very large extent the problem almost
certainly comes down to the way in which COPASI and Virtual Cell represent membranes, as

explained earlier.

This means, in turn, that some second-order mass action reaction rate constants and some
enzymatic KM values have to be converted so that product formation rates are expressed in
areametric rather than volumetric terms (i.e. in the form molecules.um?.s rather than as uM.s2).
In theory, this should merely require dividing the volumetric rate constant value by the thickness
of the membrane in question, this being the ratio of the membrane volume to its surface area. In
this case the value of 7.5 nm was chosen, this being the original value assumed for the PM in

calculating its volume for the COPASI model.

This value was then used to convert the relevant rate constant and KM values, with results as
shown in Figures 4.30-45 and summarised in Table 4.10. Many differences can be seen between
the two models, most obviously in the case of FA (both total and individual) and cytosolic calcium

levels.

In fact, the rate constant value for the intra-membrane reactions just mentioned, should have

been divided by 3.75 nm (half the 7.5 nm actually used), this lower value being consistent with
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the halved volume used in the second version of the COPASI model. (It is also closer to many
published values for lipid membrane thicknesses of around 4 nm ¥31%)) However, when tried this
made matters worse, reducing FA levels even further. In any case, as subsequent analysis
revealed, the problem primarily appears to lie not with the PM but the ER membrane, as this is
where the IP3R species reside. It is their more vigorous response to IP3, pumping out more than
three times the amount of calcium ions into the cytosol for the same amount of IP3, that largely
accounts for the much higher levels of cytosolic calcium compared to the COPASI model. This
leads, in turn, to much higher levels of activated calpain, and much lower levels of FAs as a

consequence.

As was seen, suitably lowering just one rate constant value (the forward rate for IP3R-IP3 binding)
in the Virtual Cell compartmental model brings cytosolic calcium levels in line with the COPASI
model. As a consequence, FA levels are brought much closer in line with those of the equivalent
COPASI model, as can be seen by comparing Figures 4.49 and 4.20, and by comparing the FA
particle numbers quoted in the caption below Figure 4.49 with the FA levels quoted in Table 4.10.
In short, FA levels in this adjusted version of the Virtual Cell compartmental model are more than

double the levels they were prior to the adjustment to IP3R-IP3 binding.

However, as commented on at the time, there is no immediately obvious reason why the IP3R
response to nearly identical IP3 levels is so different between the COPASI and (unadjusted) Virtual
Cell compartmental models. No conversions were required for any of the IP3R-associated

second-order reactions.

Without conversion as a possible source of error it is hard to pinpoint why there is such a
substantial and important divergence between these two supposedly equivalent models, in terms
of their outputs. This illustrates one of the great challenges of modelling, whether involving
differential equations or other methods. Developers of different modelling tools have to make

difficult decisions as to how to implement cellular structures and various other aspects related to
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cell biology, such as intra-membrane reactions and reactions where individual reactants (or
reactants and products) are resident in different compartments with different volumes.

Inevitably different developers make different decisions.

4.5.2.8 Importance of calpain cleavage in determining FA levels as against PIP2 influence

Leaving aside the specific issues, and taking into account all the results from the three versions of
the FA model described so far, the clear prediction of this model is that calpain cleavage is at least
as influential in determining FA levels as PIP2. Put simply, on the one hand, the influence of PIP2
in increasing FA assembly is constrained by multiple factors, which quickly take over as rate-
limiting factors with increasing FA numbers. By contrast, the influence of calpain cleavage in
lowering FA numbers seems less constrained, appearing to be mainly confined to the amount of
IP3 produced and the IP3R-mediated calcium response to it. (This is, of course, clearly
demonstrated by the initial IP3R/IP3-associated differences seen between the Virtual Cell and
COPASI models, as just described.) However, this model has a highly simplified calcium-release
mechanism and would clearly benefit from having a much more realistic implementation in future
versions of the model. This should then help engender more confidence in the validity of this and

the other previously-mentioned predictions of the model.

4.5.2.9 Excessive runtimes of all models

A final issue to be addressed is the very long runtime of the model, mentioned earlier. In the
modeller ‘s experience this is a problem commonly encountered with many models, especially
those as large and complex as this one. It was, of course, also a problem in the COPASI SDF1
chemotaxis model in Chapter 2, whose simulations also required a 20,000 second runtime, even

though this was, in many ways, a simpler model.
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Often this slowness comes down to just one or two factors acting as bottlenecks. For instance, as
was shown in Figure 4.9, increasing the rate of PIP2 creation substantially increased not only the
overall levels of FAs but also their dynamics, in terms of assembly and disassembly rates.
However, increasing fibronectin-integrin binding rates had little effect on these dynamics, with
peak FA levels achieved at around 10,000 seconds, even at the highest values (Figure 4.10).
Increasing initial talin levels is also shown to increase the rate at which FA assembly peaks and
then declines, but only at the highest levels (substantially above the levels predicted by the

guantitative proteome) and only fairly moderately (Figure 4.11).

Often, reducing the volume of compartments that contain many model species (typically the
cytosol or PM) will speed up the rate of various model behaviours, because (as explained in
Chapter 2) the rate of reactions is largely determined by the concentrations of reactants, at least
in the vast majority of cases. Keeping the species number constant whilst reducing the reaction

volume obviously increases the concentration of the species concerned.

Unfortunately, reducing the PM volume by one half in the COPASI model is seen to have little
discernible effect on FA dynamics, at least in terms of peak timings, as can be seen by comparing
Figures 4.12 and 4.18. In both cases peak levels are seen to occur at around 7500 seconds.
Indeed, given that these peak levels in the reduced-volume version are around a half those for the
original PM volume, the overall FA assembly rate has clearly halved - the opposite of what one
would have expected. Why this is the case is something of a puzzle. After all, if this same finding
was to be extended to proteins grouped together within lipid rafts, it would inevitably raise

questions as to what advantage was gained by associating in that way.

Because the focus, when modifying the cytosolic volume, was on its possible effects in increasing
relative levels of FA isoforms other than ITP_Lig, and not on speeding up the model, the cytosolic
volume was increased, not decreased. What happens if we decrease it instead? Figure 4.71

shows that, just as predicted, if the cytosolic volume is reduced by 75% (from 50 to 12.5 fl) in the
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COPASI Model, the time required to reach peak FA levels is reduced by a similar amount (from
around 10,000 to around 2500 seconds). Furthermore, this does not come at the expense of FA
levels, with total FA numbers actually being a little higher (at nearly 1600 molecules) than in the
original COPASI model (where levels were a little below 1400 molecules), as shown in Figure 4.12.

ITP_Lig is even a little less dominant than in the original model.

Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.71. Particle numbers for Total FAs, ITP Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig in COPASI lamellipodia model, after cytosolic volume has been reduced from
50to 12.5 fl.

Finally, increasing the rates for ITP_Lig-Pax_PM, ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-Vinc_PM

binding, as described previously, results in a redistribution of FAs, as shown in Figure 4.72.
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Particle Numbers, Volumes, and Global Quantity Values
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Figure 4.72. Particle numbers for Total FAs, ITP Lig, ITPPax_Lig, ITPPaxFAK_Lig and
ITPPaxFAKVinc_Lig in COPASI lamellipodia model, after cytosolic volume has been reduced from
50 to 12.5 fl and binding rates ITP_Lig-Pax_PM, ITPPax_Lig-FAK_PM and ITPPaxFAK_Lig-Vinc_PM
binding have been increased from 10,000 to 100,000 M s’ for the forward rate, with the reverse
rate decreased from 0.01 to 0.001 s™.

It is clear from the above, then, that the changes in the FA isoform representation described
earlier (and shown in Figure 4.21), which resulted from a halving of the PM volume, together with
the same changes in the forward and reverse binding rates just used here, are likely to also have

been mostly due to the changes in the binding rates, rather than in the PM volume.

Taken together, these results suggest that the reason FA dynamics are so much quicker in reality
than in this model is likely to be due to a number of factors. These may include the effective
lamellipodial cytosolic volume being much less than the volume originally used here, for reasons
described earlier. Given the importance of PIP2 in FA assembly, previously outlined, it seems not
unreasonable to assume that rates of PIP2 formation may be substantially higher than the rate
assumed here, possibly helped by recycling of breakdown products such as IP3 and DAG,
something not included in this model because it was felt the timescale for recycling would be too
long to make a noticeable difference, given the FA and lamellipodia timescales described

previously. However, PIP2 can also be recycled whole, together with FA-associated (and other
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315 In this case, the timescale may well

membrane) proteins, by the endocytic recycling pathway
be relevant, with this option excluded only to keep model complexity within manageable limits.

However, it should be considered a priority for any future version possibly in the form of a

separate submodel .

Many of these suggestions would also merit further experimental investigation in the lab. This
might include seeing how inhibiting or enhancing rates of PIP2 creation affects the rate of FA
formation, and whether it affects the relative numbers of different FA isoforms. Put another way,
it would be interesting to see if experiments confirm the conclusion drawn here, that PIP2 is more
influential in determining the rate of FA assembly rather than in overall numbers and, if so, how
much other factors determine overall FA numbers and what other factors determine assembly

rates.

In a similar vein, it might be possible to manipulate the cytosolic and PM volumes of lamellipodia
to see how such changes affect FA assembly and disassembly rates. However, this could be
extremely hard, if not impossible, to achieve, whilst being sure that other aspects of FA formation

were not affected in ways that would invalidate the results.

Manipulating levels of FA-associated proteins such as talin, FAK and vinculin would, in principle,
also help to inform this model. However, any results from such manipulations would need to
ensure that they were not due to protein-specific behaviours not accounted for in this model,

such as FAK’s tyrosine kinase activity, or talin- or vinculin-mediated mechanotransduction.

As this model hopefully shows, there is still a great deal about FAs that we do not know and
therefore much that still remains to be discovered. More information about typical copy numbers
of various FA-associated proteins in different cell lines is required, a task that has only just started
with the recent development of suitable techniques. As we have seen, many of the binding rates
between key FA proteins have still to be measured, and these measurements need to stipulate

values for the forward and reverse rates, not just be limited to Kd values. It is only after a number
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of such measurements have been made that any kind of consensus can be reached about their

actual values.

A much better understanding of the mechanics of FAs is also needed. In particular, there are still
a lot of uncertainties remaining about how the key FA-associated proteins bind to existing FAs.
More specifically, we need a better understanding of what other FA protein (or proteins), and
what binding sites on those proteins, are required to be already present within the FA for such
recruitment to take place. Further to this, there are still many uncertainties about the order in

which these key FA proteins are recruited, and how much flexibility there is in that order.

It is also far from clear which of the key FA proteins, once bound, must remain permanently in
place during the lifetime of a FA (or must be immediately replaced by the same protein type if
they leave), and which can leave without unduly affecting FA disassembly. For those FA proteins
required to have only temporary association with FAs, typical residency times must be
established. As was seen earlier, different assumptions about these factors can result in
substantial changes in important model results, so further experiments to answer such questions

would greatly benefit this model.

The influence of various post-translational modifications (in this context, phosphorylation,
SUMOylation, acetylation, various forms of lipidation, and similar) has not been addressed in
much detail (at least, not explicitly) in this model. Again, this has been in order to try and reduce
its complexity to manageable levels. Nevertheless, a better understanding of the effects of these,
and of the underlying mechanisms behind them, can only improve our overall understanding of
how FA assembly and disassembly is regulated. This should help improve the design of models

such as this.

In summary, any experiments, or other forms of observation, that furthered our understanding of
FA-related matters would also help improve this model in terms of being a better reflection of the
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underlying reality being modelled and by increasing ones confidence in any conclusions derived
from it. But specifically, experiments and observations that better established typical copy
numbers of the various model species within lamellipodia, and the rules determining if and how
such species bind to each other (and the rates for such binding, when it happens) would

immediately benefit it.

Finally, a great surprise from this chapter is that the differences between the COPASI model and
both the Virtual Cell models, based on her were much greater than differences between the two
compartmental and the spatial model. Given that the two compartmental models supposedly
used very similar parameters and reaction equations, and given the differences between
compartmental and spatial modelling illustrated in the previous chapters, one might reasonably
expect much greater differences between the spatial model and the two compartmental models,

with very little difference between the latter. Instead, the opposite was seen.

4.5.3 Conclusion

The results from the COPASI model and the Virtual Cell compartmental and 2D spatial models are
clearly not intended as faithful reflections of the underlying physiology of FA dynamics. Whilst
many of the key proteins (integrin, talin, paxillin, SFKs, FAK and vinculin) are included in these
models, many of these (especially paxillin, FAK and vinculin) perform a much more limited role (in

terms of FA-related behaviour) in the model, compared to in reality.

However, these simplifications and absences are justified for a number of reasons. Firstly there is
the need to prevent the model becoming so complex that it is almost impossible to analyse
usefully. This is particularly true of models, such as the one here, where there are a number of
complex interactions between system components, particularly those involving negative or

positive feedback. In the writer’s experience this can result in lengthy investigations of certain
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model behaviours, where it ultimately proves impossible to determine which of two or more

factors are the primary cause of that behaviour, because all act directly on to each other.

Secondly, the larger and more complex model, the greater the likelihood that accumulated errors
in its implementation make it such an unfaithful reflection of the underlying reality that it has no
usefulness as an investigative tool. Smaller models can still be very useful when their outputs do
not mirror those of the underlying system at all well, as long as their design is felt to reflect our
current understanding of that system closely enough. In that case, their usefulness can largely lie
in determining precisely why the model’s behaviour deviates so far from the expected behaviour.
For instance, such analysis may reveal that certain interactions must be occurring at a very
different rate to that reported in the literature, or it may be that the model behaviour brings into

question our current understanding of the system.

However, once a model becomes too large and complex, it becomes much harder to determine
where the problem lies, or how well the model implementation actually reflects the real-world
mechanism. It can be readily appreciated why this would severely impair its usefulness to anyone

trying to understand the underlying system.

Thirdly, the large majority of FAs do not go on to form fully mature adhesions, such as stress
fibres. This is thought to be largely because such adhesions fail to gain sufficient traction to
progress to these later stages !¢, meaning that actin fibres, myosin and other actin-associated
proteins (such as a-actinin and zyxin) are not recruited to them. For all these reasons it was felt

best to only attempt to model the earlier stages of FA dynamics.

Accepting these restrictions, this project set out to investigate FA dynamics in much of their
complexity. This has resulted in a fairly complex model of early FA adhesion, as described in this
chapter, leading to a number of conclusions being reached. Amongst these is the inference that,
if FA assembly is a fairly prescriptive sequential process (as our current understanding of FA

maturation appears to require, and super-resolution imaging appears to confirm &), then later-
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recruited proteins such as vinculin will tend to be underrepresented, unless average binding rates

for FA component proteins are generally relatively high.

Another, unexpected, prediction is that, whilst decreasing the effective cytosolic volume will tend
to increase the rate of FA assembly, reducing the effective PM volume appears to have the

opposite effect, and certainly lowers overall levels of FAs.

This chapter specifically set out to determine relative influences of PIP2 and of calpain cleavage in
influencing FA assembly and disassembly, as well as subsequent FA levels. In this respect, this
model appears to be suggesting that the rate of new FA formation is strongly influenced by the
rate of PIP2 formation (and possibly by integrin-ECM binding, if the previous model is anything to

go by).

However, actual numbers of FAs, both overall and in their relative isoform proportions, depend
much more on other factors, especially levels of calpain activity, and overall binding rates. Most

of these insights would appear to merit further investigation.
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Chapter 4 Graphical Summary
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Figure 4.73. Graphical summary of Chapter 4 results
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Chapter 5 - General Discussion of the project

5.1 Discussion

5.1.1 Introduction

It has been the intention throughout this project to investigate and illustrate various aspects of
early FA assembly and disassembly, including their regulation, by the application of mathematical
modelling. The focus here has been entirely on differential equation modelling, but many of the
considerations and challenges encountered (most of them quantitative in nature) are also
pertinent to other forms of modelling. This discussion will look first at the specific findings of the
three different FA-related models, as outlined in Chapters 2, 3 and 4, in the light of the
experimental literature around the subject. It will then move on to discuss wider aspects of

modelling in cell biology.

5.1.2 The three FA-associated models

In pursuit of this purpose, the last three chapters (i.e. Chapters 2-4) have introduced, respectively,
models of SDF1-mediated chemotaxis (focusing on events leading to lamellipodia formation), of
integrin activation (representing the earliest stages of FA formation) in whole cells, and of a more
complex model of FA dynamics in lamellipodia. All of these have been modelled in Hela cells,
using data from a quantitative proteome ¥ to provide all protein copy humbers, and from the

wider literature to obtain HelLa-specific compartment volumes 24>188185

. By basing all three
models on one cell line, in this way, it was intended to increase the relevance of the models to
each other, and therefore, of any comparisons of results between them. It is hoped that this, in

turn, will make any insights drawn from such comparisons more widely applicable to cell biology

in general.
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Whilst many of the insights and challenges that arose were specific to the model in question,
some themes have also arisen that were common to all, many of them applicable to differential
equation modelling in general and, indeed, to various other approaches to modelling cell

biological behaviour.

5.1.2.1 The COPASI SDF1-CXCR4 lamellipodia model

5.1.2.1.1 Importance of which compartment a model species is resident in

For instance, in the SDF1-chemotaxis model, as implemented in COPASI, it quickly became clear
that it is often critical which compartment model species are deemed to be resident in. As we
have seen, COPASI does not distinguish between membrane and liquid compartments nor allow
explicit specification of any spatial relationship between them, such as Virtual Cell does in both
cases. So the importance of which compartment a species is resident in must lie purely in the
volume of that compartment, affecting, as it does, the rate of any reactions in which that species

features.

Examples of this were seen in the case of the Gi G protein (both in associated form or as
disassociated subunits), where, changing it from being cytosolic in version 1 of the model to being
membrane-resident in version 2, resulted in substantially more activated PI3K (as shown by
comparing Figure 2.11 with Figure 2.3), leading in turn to much more PIP3, Rac1GEF*.PIP3 and
Racl*(shown by comparing Figures 2.12-2.14 to Figures 2.8-2.10). If this were a spatial model
then, given that Gy is required to activate PI3K (as assumed in this model), the fact that more
PI3K is being activated more quickly could be put down to greater proximity of membrane-
resident GBy to membrane-bound PI3K, as compared to cytosolic GBy in the first version.
However, being a compartmental model, the reason can only be put down to a concentration

effect. Despite there being considerably less GBy in the second version of the model (1700
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molecules, as seen in Figure 2.11, as against 27,000 in the first version as seen in Figure 2.2 -i.e. a
nearly 16-fold difference) there is a greater than 200-fold difference between the volumes of the
two compartments, meaning that, overall, concentrations of PM-resident GBy are around 15
times higher in the second version than in the first. Consequently, PI5K activation by GBy

proceeds around 15 times faster in the second version also.

Similarly, changing inactive Rac1GEF from being cytosolic in versions 1 and 2 to being membrane-
resident in version 3 led to substantial increases in levels of Rac1GEF*.PIP3 and Racl*. (Shown by
comparing Figures 2.16-17 with Figures 2.13-14). However, in this case numbers of inactive
RaclGEFs were the same in both versions, meaning that the concentrations of Rac1GEFs were
around 234 times higher in the second version than in the first, this being the actual difference in
volume between the PM (6.4 fl) and the cytosol (1500 fl).Since activated Racl is known to be a
principal driver of lamellipodia formation 311# (as described in Chapter 1), this means that, if this
model had been extended to include such formation (as had been the original intention),
assumptions about which compartment certain species are resident in would be likely to have
important consequences for the rate and extent at which it was seen to occur. This would
obviously have had major consequences for the intended FA submodel, into which input such as

phosphoinositides and actin-associated data was to be fed from the lamellipodia submodel.

5.1.2.1.2 Importance of PIP2 production in determining downstream species levels

Much as expected, PIP2 levels were shown to have a major influence on downstream species.
Changes in version 4 of the model, so that PIP2 levels were no longer fixed (at 2.2e-08 M) but,
instead, were the product of PI5K phosphorylation from PIP (itself the product of PI4K
phosphorylation of Pl) resulted in a more than fivefold increase in peak PIP2 levels (at around
105,000 molecules - as shown in Figure 2.22 - as against the fixed levels of 20,000 molecules in
previous versions of the model). Although these were not immediately available, as when fixed,

the fact that these peaks were achieved within 30 seconds and largely sustained at these levels
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thereafter (by virtue of being greatly in excess of any other reactants in downstream reactions it
was involved in), meant that there was a nearly 20-fold increase in peak PIP3 levels, by virtue of a
roughly fourfold increase in rates of PIP3 production from PIP2 by PI3K. (This can be seen by

comparing Figures 2.24 with 2.25.)

Again, this is largely down to the concentration differences in PIP2 between version 4 and

previous versions.

5.1.2.1.3 Issues relating to G protein dynamics

The use of events to introduce SDF1 after a delay of 1500 seconds, coupled with its removal 7000
seconds later (rather than being made available immediately and sustained at a fixed level
thereafter), uncovered a fault in the model, relating to G protein dynamics, not evident in
previous versions (Figures 2.28-31). Even more surprising, perhaps, was the discovery that much
of the reason for the faulty behaviour stemmed from uncritical use of a (G protein) submodel
adapted from another published model, in which this submodel appeared to be working
acceptably 8. Although amendments to the more unconventional reactions in the schema
resulted in a model with generally more acceptable behaviour (in the sense of producing more
GPy, following SDF1-mediated activation of CXCR4, as one would expect from a GPCR), it also
resulted in some further unexpected behaviour. Most prominently, this included a “double-
bounce” effect in which removal of SDF1 was seen to result in increased Gy levels, further to the
enhanced levels already seen when SDF1 was first introduced (Figure 2.32. Unsurprisingly, this
double increase is also seen in downstream products, such as activated Rac1GEFs and Racl

(Figure 2.33).

Whilst this can be welcomed as a novel testable prediction of the model, the circumstances in
which it arose means that it is one that any modeller would want to investigate much further,

using different G protein submodel variants, before drawing attention to it more publicly. Clearly
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it would have been better to have tested out the submodel in more detail before using it in the
model. However, it serves a purpose here as another instructive example of the types of (usually

unexpected) pitfalls that can arise when implementing a model.

5.1.2.1.4 Relative values of GTP and GDP

Another somewhat surprising discovery was that the ratio of GTP to GDP had a large effect on
subsequent model behaviour, even when numbers of both were hugely in excess of those of
other model species. Changing concentrations of GTP and GDP from one millimolar (or around
900,000,000 molecules) each to 500 uM and 50 uM (450,000,000 and 45,000,000 molecules)
respectively, resulted in a fourfold increase in peak GBy levels (as seen by comparing Figure 2.36
with 2.32). This, in turn, led to increases of around 100% and 60% in peak levels of activated
Racl1GEF and Racl, respectively. (As can be seen by comparing Figure 2.37 with Figure 2.33.)
Parameter scans confirmed that this particular case was in conformity with a general trend in
which increases in GTP and decreases in GDP both lead to increased peak Gy levels (Figures 2.38-
9). Moreover this is a trend that is perfectly explicable, given the need for GTP replacement of

166191 Nevertheless,

GDP on the G protein to allow subsequent Gai and GBy subunit dissociation
it is still somewhat surprising to discover that this holds true to the extent that it does, given the

numbers just mentioned.

5.1.2.2 The Virtual Cell integrin-ECM ligation/ early FA model

In the next chapter (Chapter 3) a model of Integrin activation and very early FA formation in Hela
cells was implemented, this time using the modelling tool Virtual Cell. At first this was
implemented as a compartmental model, which was then further developed into a 2D spatial

version.
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5.1.2.2.1 Model implementation differences between Virtual Cell and COPASI

In describing how this model was implemented, it was shown how Virtual Cell differs from
COPASI, particularly in its representation of membranes as surfaces rather than volumes. This in
turn means that reactions in which all reactants are membrane-resident require reaction rate
constants for second-and higher-order reactions to be translated from volumetric rates (in the
case of second-order, meaning units of M! s) to areametric rates (molecules™.um2.s?), achieved
by dividing the volumetric rate by an appropriate value for relevant membrane thickness. Strictly
speaking this requires knowledge of the lipid membrane used in the experimental setting in which
the rate in question was measured, but such details are seldom available in sufficient detail,

meaning that an estimate based on typical PM values is arguably the next best option.

5.1.2.2.2 Phosphoinositides as principal drivers of key model events

Having developed the model to a workable first version, the results showed it to be working
acceptably. That is to say, following a lag phase of around two minutes, integrin-ECM ligation is
sufficient for the model to enter a second phase characterised by exponential increase in levels of
species such as PI5SK_act, PIP2 and Int_Tal_PIP2 (Figures 3.12, 3.13 and 3.7, respectively). Various
species were seen to have reached near-minimal or -maximal levels within 300-500 seconds, e.g.
ITP_Lig Lig (Figure 3.8), PI5K_act (Figure 3.12), PIP (Figure 3.14) and PIP2 (Figure 3.13). This
timescale (i.e. around 5-8 minutes) appears to be consistent with various reports for average
lifetimes for lamellipodia-associated FAs (ranging from seconds to minutes, 2°729%:29) 'particularly
one very recent (unpublished) study of PIP2 co-localisation with individual FAs. This reports
typical FA assembly-disassembly timescales of between 100 and 400 seconds as shown in Figure

5.1.
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Figure 5.1. Dynamic range of local levels of PIP2 during zyxin turnover. A &B) Quantification of
PIP2 within and around zyxin-associated FAs during assembly and disassembly. Key: Green curve =
PIP2-associated fluorescent intensity; Red curve = zyxin-associated fluorescent intensity. Black
squares = Assembly phase; Blue squares = Disassembly phase. Local levels of PIP2 constant during
assembly and disassembly process. Fluorescent intensity recorded in 10 migrating MDA-MB-231
cells, n = 8. [Source: Dhurgham Al-Fahad (2017) Regulation of focal adhesions by PI1(4,5)P2 and
PI(3,4,5)P3 in cancer cell migration. PhD thesis, University of Reading].

The Virtual Cell integrin-binding model timescale also seems reasonably consistent with lifetimes
of individual lamellipodia themselves (in the order of 3-10 minutes 203204205) 'and with many
reports for the timescale of cell spreading, which are of the same order 2°'75, Given that our
current understanding of lamellipodia formation is that the majority fail to gain traction and are
quickly retracted 2%, this implies that most observable lamellipodia will be characterised by
nascent adhesions 318, The fact that this model demonstrates how outside-in signalling can
generate very rapid integrin activation and ECM binding in response to PIP2 signalling, suggests

that its basic underlying mechanism of operation is consistent with what is seen physiologically.

A number of findings point to exhaustion of PIP, and therefore of PIP2 creation, as the key factor
in ending the served exponential phase of ECM-integrin ligation, and to PIP2 as the principal
driver of key model events, such as talin and integrin activation. This is also consistent with a key
result of the fourth version of the COPASI SDF1 inside-out signalling model, which was able to

produce 105,000 molecules of PIP2 within 30 seconds of initial SDF1 signalling, suggesting that
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that model would have been able to output PIP2 to the intended FA submodel at a sufficient rate
to drive early FA assembly at a similar rate to what is seen in this outside-in model. Both models
also raise important questions in terms of PIP availability for conversion into PIP2. If we assume
that Pl is being generated simultaneously to the events described in both models, with PIP being
rapidly generated from Pl by activated P14K (as it clearly is in the first COPASI model), rather than
assuming that Pl levels (or PIP levels, as in this Virtual Cell model) are fixed, then it may well be
the case that PIP2 formation can be extended to much higher levels than seen in both models.

Obviously, this should allow even more rapid and extended integrin activation and ECM-ligation.

However, this would require the inclusion of a complete phosphoinositide cycle, similar to that
used in the Purvis platelet signalling model '8 from which the G protein reaction schema was
taken. The added complexity that this would involve can be seen from the schematic diagram
(taken from this quoted model) in Figure 5.2, which only includes one of the many enzymes

(essentially one per molecular transition) that are also involved.
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Figure 5.2. A schematic diagram of the Phosphoinositide module from a platelet signalling model,
showing the various molecular stages in the phosphoinositide cycle. (Apart from PLC, none of the
enzymes involved are included in this diagram.) Source: 8,

It is not clear that this Virtual Cell model justifies such an additional layer of complexity, given

that, in some respects, its relative simplicity can be seen as a virtue (certainly in terms of being
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readily amenable to analysis). However, its underlying assumption that PIP (and, by implication,
Pl) exhaustion is the dominant factor in integrin activation and ECM ligation, does not appear to
have any real support in the literature. Therefore, any future version of this model needs to
address this aspect, at the very least by having PIP availability more closely matching the

physiological reality, as reflected in the literature.

5.1.2.2.3 Problems with modelling reactions

As it was, attempting to make PIP2 availability more physiologically realistic (in Version 2) led to
an unanticipated problem. Specifically, instead of being membrane-resident, PI5K was divided
between cytosolic and PM populations, with twice as many PI5SK_cyto as PISK_PM species, and
with talin recruiting the former to the PM. (In fact, based on the relative sizes of the two
compartments, there probably should have been a much higher proportion of cytosolic PI5K.) In
the absence of any reaction data for this talin-mediated PI5K transport, an existing reaction (for
talin-PIP2 binding, for which published rate constants were available), was adapted for the
purpose. Unfortunately this resulted in the model running considerably slower, with key events,
such as PIP exhaustion, timings for peak PIP2, Int_Tal_PIP2, ITP Lig and other species seen to be
occurring after several thousand seconds had elapsed (Figures 3.15-3.26), rather than 400-600

seconds, as in the first version.

Subsequent investigation showed this slowing down was primarily because of the way talin-
mediated PI5K recruitment had been modelled as a single reaction. Breaking this down into two
simpler reactions (Tal_PI5K + PIP2 = Tal_PI5K_PIP2 and Tal_PI5K_PIP2 -> Tal_PIP2 + PI5K_PM) in
place of the original reaction (Tal_PI5K + PIP2 = Tal_PI5K + PISK_PM), resulted in simulations in
which the same events, described above, occurred on a much faster timescale, similar to the

original version. In the writer’s experience it is generally best to avoid conflating multistep
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reactions into one simplified version, as above, as a result is often a substantial slowing down, as

seen here.

In the COPASI SDF1-CXCR4 lamellipodia model described previously, reliance on a published
reaction schema proved to be misplaced. Here, the same appears to be true in the case of
published rate constant values for fibronectin binding to a5B1 integrins, which were used in the
generic ECM-integrin binding reaction for this model. Whilst the model appeared to be running
acceptably in terms of the timescale of reported events, a critical defect remained, namely that
far too low a proportion of activated integrins (in the form of Int_Tal_PIP2) were being ligated by

ECM species.

Comparison with other published experimental investigations of such binding subsequently led to
the conclusion that the reverse rate constant used in the model was likely to be too high by
several orders of magnitude. Reducing this value from 49 s to 0.1 s led to a considerable
increase in integrin ligation by ECM species, with peak levels of ITP_Lig increasing from 185

molecules to 22,480 molecules, out of a possible total of 23,600.

As well as increasing integrin-ECM binding levels, this change to the reverse rate in the sixth
version of the model also led to a further gain in overall model speed. Now, for instance PIP
exhaustion occurred at 200 seconds after model commencement, rather than 400 seconds, as
seen in Version 3. This illustrates that, even in this rather simplified model of very early FA
dynamics, the positive feedback nature of the relationship between integrin-ECM ligation, PIP2
generation and subsequent talin-mediated integrin activation, means that every factor affecting
one part of this overall mechanism is likely to have effects on the whole. Thus if PIP2 has
emerged from this model as the principal driver of events in very early FA dynamics, it is far from

being the only one.

It also illustrates the point that even simplified models of physiologically complex mechanisms in

cell biology can give subtle insights into their behaviour. In Chapter 4 this model has been
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extended to incorporate many other factors in early FA dynamics. Whilst still a fairly simplified
model of the underlying physiology, it is, nevertheless, a much more complex model. Whether
this is beneficial, in terms of understanding this underlying physiology, will be addressed in the

relevant discussion.

5.1.2.2.4 A comparison between the compartmental and 2D spatial versions of this integrin-
activation/early FA model

Finally, concerning this model, once it was established that the sixth version was generally
behaving acceptably (in terms of still meeting the same criteria mentioned earlier), 2D spatial
version of it was implemented (Version 7). After adjusting PM scaling rates to ensure that all
compartments sizes were a reasonable match for the corresponding sizes in the compartmental
model, results from simulation runs were also seen to be broadly very similar to results from the
compartmental version. Whilst reassuring in one respect, it also raises the question whether such
spatial modelling adds sufficient value to justify the obvious overheads, both in terms of
additional computational requirements and in the additional time required for adequately

specifying such models.

Obviously, the answer to this depends entirely on the questions being asked. Compartmental
models only show total levels of a species (as concentrations or particle numbers within their
resident compartment) at a given time, whereas spatial models can show these, but also local
concentrations at specific points in the model geometry. Consequently, any meaningful
comparison of results between compartmental and spatial models can only involve
compartmental totals (or concentrations), as in this case. Clearly, such a comparison, on its own,

will lead to unfair conclusions.

For this reason, amongst others, a further brief comparison of results from two Virtual Cell

compartmental and 2D spatial versions of the same model is included in the next chapter. In this
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case, though, a rather more complex spatial geometry was used, and changes in the diffusion
rates of two critical model species are tested. This latter addition was included in order to help
determine if assumptions about diffusion rates are critical to overall model behaviour. It was also
hoped that it will help determine at what stage (or in what cases), in future model development,

if at all, it may make sense to resort to spatial rather than compartmental modelling.

5.1.2.3 More complex model of early FA assembly and disassembly in lamellipodia

5.1.2.3.1 Recapitulation of the FA assembly/disassembly model

In Chapter 4 the integrin activation model just described was developed into a much more
complex model of early FA assembly and disassembly, incorporating many of the species seen in
the previous two models. (l.e. the SDF1-CXCR4 chemotaxis lamellipodia model and the integrin
activation model.) These included species such as ECM (a generic integrin ligand), integrin itself,
talin, PI4K, PI5K, and PI3K, as well as the phosphoinositides PI, PIP, PIP2 and PIP3. However, this
new model extends the phosphoinositide mechanism of the earlier versions, with the addition of

the PIP2-hydrolysing protein PLCy, together with its breakdown products IP3 and DAG 3%,

This was included not so much to make the phosphoinositide dynamics more realistic, but
primarily because IP3 was needed to trigger the rather simplified mechanism of calcium release
319 This required the addition of a further internal calcium-storing compartment (the
endoplasmic reticulum or ER 2°) and two pump proteins, IP3R (which releases calcium into the
cytosol, in response to IP3 binding ) and SERCA (which constitutively pumps cytosolic calcium back

into the ER) 3%,

This release of cytosolic calcium was required to activate calpain 32!, with this activated calpain
cleaving the various FA isoforms 322, (Such calpain cleavage having been widely reported to be
very important in terms of FA dynamics, certainly at an early stage 32229271)) By having rates of
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calcium release determined by IP3 levels, cleavage rates were indirectly tied to FA levels, by virtue
of the fact that PLCy had to be activated by these SFK-containing FAs 2’° before it could hydrolyse
PIP2. Itis known that such SFK-mediated activation of PLCy, requires that SFKs have themselves
been activated, in response to integrin ligation by fibronectin 2”° and other ECM ligands.
Therefore IP3-driven calcium release (and, in turn, calpain cleavage of FAs) is indirectly tied to the
level of integrin-ECM ligation, and so also to early FA formation. Finally, before PLCy can be
activated by SFKs, it must first be recruited to the PM by PIP3 276275 meaning that levels of
activated PLCy are indirectly also tied to levels of PIP2, this being phosphorylated by PI3K to PIP3.
So, altogether a very complex network of interdependencies was evident in this final model, yet

one that was well-supported by the literature.

Finally, in addition to being bound by talin (required for integrin activation, as in the Chapter 3
model), integrin has first to be bound by SFKs, then (according to this model) in strict sequence,
talin, paxillin, FAK and vinculin. This assumption of very prescriptive recruitment was included

mainly in order to test how such assumptions dictate overall model behaviour.

5.1.2.3.2 Role of PIP2 in early FA dynamics

Having seen how PIP2 independently affects integrin dynamics in the Chapter 3 model, this new
model was implemented to understand how PIP2 and calpain cleavage together might regulate FA
assembly and disassembly. As can be appreciated from the description above (and explained in
more detail in the introduction to Chapter 4), this is a challenging question, involving, as it does,
both aspects of positive and negative feedback in both cases. By incorporating both these
mechanisms of FA regulation it was felt that such a model might yield interesting insights and

predictions, some of them unexpected.

One expected result of the Chapter 4 FA assembly/disassembly model was that PIP2 was seen to
primarily influence the FA assembly rate, in that the rate of PIP2 formation appeared to directly

influence the rate of FA formation. In this respect this finding concurred with the findings of the
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Virtual Cell integrin activation model. However, once PIP2 levels exceed a certain threshold level
(which appear to be quite low), other factors are seen to become more important in determining

overall FAs levels.

5.1.2.3.3 Role of calpain cleavage in early FA dynamics

Whilst such factors include availability of FA building blocks such as integrin, talin, FAK, as well as
overall FA-related binding rates, the main determinant was shown to be calpain cleavage.
Amongst the strongest evidence in support of this conclusion was seen when the compartmental
version of the model was ported from COPASI into Virtual Cell, resulting in a substantial reduction

in overall FA numbers, from 937 molecules to 423, a fall of 55%.

This was subsequently determined to be the result of greater sensitivity to IP3 in the latter model,
leading to faster calcium release and therefore of calcium-induced calpain activation, leading in
turn to greater rates of calpain cleavage of FAs. Once this IP3 sensitivity issue was addressed FA

levels in the Virtual Cell version increased to match those seen in the COPASI version.

5.1.2.3.4 Role of average FA binding rates in early FA dynamics

Average FA binding rates, by contrast, were seen to be most important in determining the
individual representation of FA isoforms within the overall total. A lower binding rate (with the
forward rate constant set at 10,000 M s and the reverse rate at 0.01 s?) resulted in ITP_Lig (i.e.
FAs without paxillin, FAK or vinculin) representing over 90% of total FAs (Figure 4.11). By contrast,
a higher binding rate (with the forward rate constant increased to 1,000,000 M s, and the
reverse rate unchanged) was associated with a more even distribution (Figure 4.18). However,
given the various assumptions of the model, including prescriptive sequential binding, this finding
should be treated with particular caution, and would be very hard to test experimentally. In any
case, the proposed average forward rate constant value of 1,000,000 M s is so high that it

would require firm support in the literature before taking this finding seriously.
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5.1.2.3.5 Role of PM and cytosolic compartment volumes in early FA dynamics

The effects of altering the volume of the PM and cytosol compartments in the Chapter 4 COPASI
model provided an interesting comparison, in that reducing the PM volume by half showed little
discernible effect on the timings of peak levels of FA isoforms (Figures 4.11 and 4.17). By
contrast, reducing the cytosolic volume by 75% resulted in a similar reduction in these timings
(Figures 4.11 and 4.70). Exactly why this difference is seen is not clear at this time. Certainly one
might reasonably expect that rates would increase in all reactions involving PM species, given that
reducing the PM volume results in a corresponding increase in the concentration of all PM-
resident species. This certainly seems to be the best explanation for the results from reducing the

cytosolic volume.

However, the opposite is seen. Whilst peak timings remain the same, peak levels are halved,
implying that the relevant reaction rates have fallen by half on average, also. In other words,
halving the PM volume appears to have halved the average rates of these reactions - the opposite
of what is seen in the cytosol. This may be the result of the more complex interdependencies
between PM-resident species (including positive and negative feedback), as compared to the
relative lack of such interdependencies between cytosolic species. But only a further, detailed

investigation could establish this.

That aside, these findings do suggest that the relatively rapid rate of lamellipodia formation seen,
for instance, during cell spreading, may be possible, in part, because the rapid accretion of actin
filaments, microtubules, peripheral ER and other molecular structures characteristic of such
formation substantially reduces the effective volume of lamellipodia. This, in turn, should result
in the rates of all reactions involving species within that volume (including those related to FA
formation) tending to run much faster than they would otherwise do. Of course, this only holds
true if the structures mentioned do not substantially impede access of FA-related species to the

leading edge of lamellipodia, where FAs are forming.
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5.1.2.3.6 Implications of the findings concerning FAK

Another interesting finding concerned FAK. If we assume that the copy numbers for FAK taken
from the Hela cell quantitative proteome are reasonably accurate, then their low apparent
availability is problematic if we also assume highly prescriptive FA binding, as indicated by super-
resolution microscopy (Figure 1.1) and our current understanding of FA assembly. Certainly it
appears that FAK must be very efficiently used in Hela cell lamellipodia formation, perhaps
through directed transport to lamellipodia, rapid re-use or recycling, both highly localised. The
only alternatives to this appear to be rapid increases in FAK protein expression (implying some
form of signalling from lamellipodia to the nucleus) or high levels of redundancy, with some other
protein or proteins performing the same roles as FAK. This has been discussed in more detail in

section 4.5, but would appear to have wider implications.

5.1.2.3.7 The wider implications of assuming inflexible FA binding mechanisms and limited
redundancy for key FA proteins

As just explained, the problems relating to FAK largely come down to assumptions about its role in
FA assembly and disassembly, whether this role can be performed by other proteins, as well as
assumptions about the manner in which it binds to FAs. However, this also can also be said to
apply to other key FA proteins. Whilst a number of assumptions in the model may justifiably be
called into question, the problems that arise from them, particularly the gross
underrepresentation of more mature FA forms (containing FAK or vinculin, but even FAs
containing only talin and paxillin) in the overall FA total, are not in doubt. The value of such
models as this often lie in determining which of the assumptions best explain the aberrant
behaviour (assuming one is sure the behaviour is aberrant) and what, if anything, that says about

the underlying physiology, or our current understanding of it. Having discounted some
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possibilities, including absolute and relative compartment volumes, and PIP2 availability, this has

still to be determined, and would seem to merit further investigation.

5.1.2.4 A summary of findings and insights from the three models

Whatever the explanation, the fact that this question has arisen at all gives a further illustration of
how the highly quantitative nature of mathematical modelling offers a different way of looking at
systems in cell biology, often raising questions that might not result from other investigative

approaches.

5.1.2.4.1 The critical importance of PIP2 in FA and lamellipodial dynamics generally

A clear theme from all models is that rapid PIP2 availability is critical to all aspects of both
lamellipodia and FA dynamics. In particular, without it being available in large quantities (and,
just as importantly, very high local concentrations), and rapidly so in response to appropriate
stimuli, neither inside-out nor outside-in signalling is likely to occur on a timescale commensurate
with what is seen physiologically, in terms of observed rates of FA assembly and disassembly,
lamellipodia formation and cell spreading. In turn, this means that all aspects determining this
PIP2 availability, including Pl and PIP availability, P14K and PI5K activation rates (and activation

mechanisms), are likely to be critical to these commonly occurring cellular behaviours also.

5.1.2.4.2 Scale, complexity and timescales

There is a clear problem seen here in terms of the overall timescale of FA-critical events in the
two more complex, large-scale models (i.e. the SDF1 model described in Chapter 2 and the
Chapter 4 FA model). Whereas the smaller-scale integrin-activation model in Chapter 3 was
observed to operate over a timescale of a few minutes (with rates of integrin activation, integrin-
ECM binding and PIP2 formation apparently commensurate with physiological requirements), the

two more complex models, just mentioned, consistently operated over timescales of several
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hours or more. Obviously this does not seem to be a very likely reflection of the dynamics that
they are supposed to model. The fact that the simpler integrin activation model did not
successfully scale up in this regard, clearly raises questions about how complex systems, such as
FA dynamics, with their numerous participants and highly complex interactions, operate at the

rapid rates that are observed.

5.1.2.4.3 Concentrations and compartment volumes

Part of the answer to this may lie in another common finding of the three models, namely that
local (meaning in this context, predominantly compartmental) concentrations of key system
species can be critical to overall system performance, as was seen in the case of G proteins and
inactive Rac1GEFs in the SDF1 chemotaxis model. Undoubtedly, the fact that so many FA-related
proteins and lipids are PM-associated, in some form or other, prior to (or very soon after) FA
assembly begins, is a critical prerequisite if such assembly is to occur over the short timescales

(seemingly seconds or minutes) observed.

However, this does not seem to be enough on its own. Clearly, the fact that many FA-critical
proteins are recruited directly to existing FAs, rather than just to the PM, is a very important
factor, meaning that their local concentrations will tend to be much higher than the
corresponding PM concentrations. This is an obvious limitation of having the PM as the smallest
possible compartment in which FA assembly can occur. The fact that increasing evidence points
to FA formation being confined to much smaller lipid rafts and other PM microdomains
323,324,32589.326 nroyides an obvious means whereby local concentrations of FA-critical proteins and

lipids can be much higher.

To some extent this should have been addressed by the 2D spatial models, both of which
assumed that PI5K has to be activated by ECM-ligated FAs, meaning that PIP2 should be higher in
the vicinity of FAs. (Obviously something not possible in the compartmental models, despite the

same underlying assumption.) However, in both the 2D models, activated PI5K and PIP2 were
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able to diffuse freely within the PM, contrary to what one would expect if their activities were
confined within microdomains. On this basis, extending the FA lamellipodia model to include

such microdomains would appear to be a priority for future model development.

However, it should be remembered that reducing the volume of the PM by half in this model did
not have the desired effects, effectively halving the rate of FA formation and thus leaving overall
numbers largely unchanged. (Compare Figures 4.18 and 4.12.) Whether this finding has any
applicability physiologically, it does suggest that increasing local concentrations of interacting
species, by simply reducing the effective volumes in which they interact, may not be sufficient to
accelerate reaction rates, where there are complex relationships between these species,

particularly where negative feedback is involved.

The fact that such complex interactions are less in evidence among the cytosolic species, by
contrast, may explain why reducing the volume of this compartment by 75% had the expected
effect of reducing the time for FA species to reach peak levels by a similar amount, without
affecting those levels adversely. (Compare Figure 4.71 with 4.12.) However, 2500 seconds for
such peaks to occur, still represents around 40 minutes, which seems to be on the high side of

estimates for FA assembly, lamellipodia formation and cell spreading, referred to earlier.

More critically, estimates, by the writer, of how much the effective volume of lamellipodia could
be reduced by the presence of actin fibres, peripheral ER and microtubules suggests that a
reduction of 25% would seem more appropriate. Obviously, however, this did not take into
account other structures, such as mitochondria and ribosomes, as well as the very many proteins
and other molecules in the generally crowded space of the lamellipodial cytosol. Certainly, the
findings of all three models strongly suggest that this is an important subject for further
investigation by microscopy and other investigative means. Similarly, determining whether FAs
are indeed exclusively confined within microdomains, and what the average sizes of these are, is

another area of obvious importance.
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5.1.3 General modelling considerations

A number of issues have arisen repeatedly in the course of developing the models, described
above, that clearly applied generally. These include the general lack of modelling-relevant data in

the literature, at least in a form that can be used in models.

5.1.3.1 Lack of quantitative proteomes

In particular, the question concerning FAK highlighted the current lack of published cellular
guantitative proteomes. As a result, it was not possible to determine whether the low levels of
FAK reported in the Hela cell (as well as the U20S) proteome could be relied on, or whether they
might have been substantially underestimated for some reason. Without many more such
proteomes it will be difficult to arrive at a consensus view concerning such protein copy numbers,

limiting the reliability of models that use such numbers.

The FAK issue also raises the question whether cellular quantitative proteomes are sufficient on
their own for modelling purposes. It was suggested that one explanation of how the low cellular
FAK numbers might be consistent with the large numbers of FAK-containing FAs seen in
lamellipodia might be that FAK numbers are somehow enriched within lamellipodia, as compared
with the rest of the cytosol. Indeed, such explanations may well be true for other proteins in
other contexts. Yet this still raises the question as to why this should apply to these particular
proteins and not to others. For instance, why are Racl, talin and vinculin numbers so high at a
cellular level, when they could presumably also use the same localised enrichment mechanisms

hypothesised for FAK?

For these reasons modellers also need quantitative proteomes specific to particular cellular
structures and behaviours, such as lamellipodia. Without these, it is not possible to be sure about
the actual levels of species within (or in the immediate vicinity of) these structures, or in the

immediate locality of these behaviours. In fact, such specialist proteomes are now beginning to
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be produced, but unfortunately, at least in the case of FAs, mainly seem to be largely semi
quantitative in nature 3?7, Whilst informative in themselves, in terms of relative numbers of some
species, they don’t currently provide the absolute numbers needed by modellers in terms of
providing initial quantities for their models. These are urgently needed if we are to have more

confidence in the models that use them.

5.1.3.2 Lack of reaction rate data

Another deficiency that emerges from these models is the general lack of published data relating
to reactions, particularly rate constant values. As a consequence, many of the reactions used in
these models relied on ad hoc rate constant values, usually based on estimates of the likely range
they might fall within. As with behaviour-specific quantitative proteomes, there are FA-relevant

interactomes 3%, but, again, these do not provide the relevant reaction rates as hard numbers.

5.1.3.2.1 Wide variability of published reaction rate data

Moreover, where such data is available, the few reported values may vary so widely that it is hard
to determine the most appropriate value to use. This can be readily appreciated by consulting the
BRENDA enzyme database at random 32°, While some of this variation is probably unavoidable,
given all the variables that can affect reactions, a large part of the problem appears to be that
different studies use different experimental methodologies, inevitably reporting widely different
results as a consequence %, As a minimum, standardised methodologies need to be agreed for
experiments of this type, no doubt requiring different standards for different protein classes and
reaction types. It should then be a requirement that published results for such reactions should
have adopted these methodologies. Of course, this would not just be of benefit to the modelling
community. Any kind of consensus around reaction rates is unlikely in the absence of such

standards.
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5.1.3.2.2 Limited usefulness of Kd values for reaction-modelling purposes

On the same theme, it has been mentioned a number of times that Kd values are of limited
benefit to modellers when it comes to modelling binding reactions. In most cases these need to
be modelled in the form of reversible mass action reactions, but this requires the relevant rate
constants for the component forward and reverse reactions, and these values are not provided by
Kds. As explained earlier, because Kd values are obtained by dividing the reverse rate by the
forward rate for the relevant binding reaction, this means that the same Kd value can be obtained
from an infinite combination of forward and reverse rates. Randomly adopting one particular
combination for ones model is generally not advisable as it often turns out (at some point in
model development, if not immediately) that different model outputs results from different

combinations.

Thus, for modelling purposes, Kd values are not sufficient on their own. One might argue that
they are not very helpful for the wider field of cell biology either, since they can hide much
important information. Two different proteins with similar Kd values for a particular ligand may
have very different relationships with the ligand in question if one protein has very high on- and

off-rates, whereas both these rates are very low for the other protein.

Kd values taken in isolation can be very misleading for these reasons. After all, a large number of
relatively weak and transitory interactions can sum up to a much stronger overall interaction. A
good example of this is seen in the case of highly glycosylated proteins such as the selectins,
whose polysaccharide chains “bind weakly but with rapid on-rates to ligands exposed at sites of
blood vessel injury” 3%, More relevantly to FAs are syndecans, such as syndecan-4 that perform a
similar role in wounded dermis, binding in the same manner as selectins to fibronectin and
vitronectin, and triggering Rac1 activation in the process 33°. Such binding might well be missed
by relying on individual Kd values alone, showing why they are of such limited value for modelling

purposes.
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5.1.3.2.3 Challenges of converting published reaction rate data for modelling purposes

Continuing with the challenges of obtaining the data required for the three models from the
literature, another challenge faced was converting many second-order volumetric rate constant
values (obtained from the literature) into areametric equivalents, suitable for use in the Virtual
Cell models. In this case a simple solution was used, which was to divide such values by 7.5 nm,
chosen as a suitable value for PM thickness, meaning it was also judged a suitable volume-to-
surface ratio for PMs. However, there is no guarantee that such a value is applicable to the lipid
bilayers, let alone lipid monolayers, used in any experiments in which the original volumetric rate
constant was obtained. Unfortunately such information is not usually provided with the
published data for such experiments. Therefore it is not clear how reliable the areametric rates
used in these examples were. Again, this is an area that would benefit greatly from the

establishment of standards.

5.1.3.3 Cell membrane representations

An obvious question arising from this issue, is why COPASI and Virtual Cell model membrane so
differently. Certainly, modelling membranes as volumes, as COPASI does, means that one does
not have to convert volumetric reaction rates. Also, the fact that COPASI does not permit spatial
modelling means that there is a less obvious need to represent membranes in accordance with
their physiological spatial dimensions. In contrast, by representing membranes as surfaces,
Virtual Cell makes the progression from a compartmental to a spatial model relatively

straightforward, as was demonstrated in the case of the Chapter 3 and 4 models.

But there is arguably a wider merit in the way that Virtual Cell models membranes as surfaces,
providing a more realistic context for membrane-based reactions. Clearly these are different from

reactions occurring in liquid compartments, in terms of the more limited access reactants have to
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each other. This is most obvious in cases where all reactants are membrane-associated, where
crowding-out effects can be particularly rate-limiting 33332333, This is why Virtual Cell issues
warnings against using mass action kinetics for such reactions, providing two General reaction
types (one for lumped kinetics) in which the user is forced to enter a relevant expression, rather
than simply entering the usual rate constant values. By this method, the user is essentially guided
to consider alternative kinetics that take into account crowding-out and other membrane-specific

effects.

Is this necessarily a better approach than that adopted by COPASI? In fact most reactions
involving membrane-associated reactants would appear to take place on the surface of the
membrane, rather than within it 33%, even in cases where all reactants are considered membrane-
resident. This is certainly the case with FA-related reactions. However, given their role as a
structural link between membrane-embedded ECM-ligated integrins and the cytosolic

cytoskeleton, FAs are a rather poor example.

Nevertheless, there are good reasons to believe that most membrane-reactions will occur on the
surface rather than within the membrane. Firstly, the faster diffusion rates in the cytosol
compared to the PM, together with reduced scope for crowding-out effects, mean that such
reactions can proceed much more rapidly on the surface. Secondly, most forms of membrane-
recruitment of cytosolic proteins involve attachment to the membrane surface by various forms
of lipidation, as well as by hydrophobic and electrostatic attachment to integral membrane lipids

335 rather than by embedding within it. (Apart from anything else, the usually

and proteins
temporary nature of such recruitments would suggest that attachment is far more efficient than

embedding.)

Therefore it seems likely that most membrane-associated reactions will occur within a narrow
band close to the surface of membranes, probably not much deeper in most cases than the

thickness of the membrane itself. This implies an effective reaction volume similar to that of the
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membrane. Thus it may be that in most cases (if possibly only fortuitously) the COPASI volumetric
approach to membrane-associated reactions is the more appropriate one. However, given the
importance of such reactions to cell functioning, this is something that deserves wider discussion
within the cell biology modelling community, in the hope of deriving some sort of consensus. This
in turn, might hopefully lead to a standard (or set of standards for different cases) for the

handling of such reactions.

5.1.4 Cell biology and mathematical modelling

Moving on from the challenges faced by modellers and developers of modelling software, an
obvious question is what benefits modelling can bring to cell biology, and why it is not used more
widely. It is hoped that this report has shown some of the benefits, in terms of addressing
subjects of interest in a more rigorously quantitative fashion, and in generating original insights
and questions that are less likely to arise from other less quantitative approaches. This is not to
claim that mathematical modelling is better than other common approaches to cell biology,
merely very different from them, and should therefore be generally welcomed for this reason
alone. In this respect its relationship to other modes of investigation is rather like the relationship
of microscopy, and other forms of imaging, to lab-based experimental approaches; neither being
better or worse than the other, in terms of the insights or questions generated, but beneficial to

cell biology, and to each other, by virtue of their differences.

5.1.4.1 Hodgkin-Huxley model of the squid giant axon

But, in order to be more widely accepted, mathematical modelling needs to deliver what it
promises. Until comparatively recently it has been greatly hampered by a lack of suitable
software tools and methodologies, and inadequate computational resources, as well by other

factors, some of which will be addressed later. For this reason its impact on cell biology has not
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been as extensive as it might have been. However, if a single example may serve to show its
potential, it is that of the Hodgkin-Huxley model of the squid giant axon. First published in 1952,
this model was the result of extensive lab-based investigation, principally involving voltage
clamping experiments, which informed a slowly-evolving mathematical model, generated with the
most basic of computational resources 3%. The insights and impact of this Nobel prize-winning
model can perhaps best be summed up by the following two quotes:

"The modern history of ion channels began in 1952 when Hodgkin and Huxley published their
seminal papers on the theory of the action potential in the squid giant axon..."33®

"Not only was this the first quantitative description of electrical excitability in nerve cells, but it
also incorporated physical correlates that elegantly predicted recent results concerning the gating
structures of ion channels. It remains one of the best examples of how phenomenological

description with mathematical modelling can reveal mechanisms long before they can be directly
observed."33¢

Sadly, it is hard to find other examples within cell biology that come close, in terms of their
impact, to this example. Undoubtedly, one reason for this is a general lack of understanding of
what mathematical modelling is, or what relevance it has to the wider discipline. This may help
explain the comparative lack of modelling-related research being undertaken, and a tendency for
such research to be poorly-integrated with other forms of research. Regrettably, regarding the
latter, too many published models appear to be more interested in the underlying mathematics
than in the underlying biology, and, even when this is not the case, rather too many such papers
seem poorly informed by whatever aspect of cell biology they are supposed to be modelling. In
general, the field can seem rather semi-detached from the mainstream of the subject. Obviously

this does not help in terms of achieving wider acceptance.

5.1.4.2 Comparison with the important role of mathematical modelling in physics

This is in complete contrast to physics, where mathematical modelling is so well accepted and
integrated that the term could almost be said to be redundant. Instead, its closest correlate

would be “theoretical physics”, a discipline that has indisputably contributed hugely to the
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subject, and to our understanding of the world. Newton’s laws, Maxwell’s equations, Einstein’s
field equations and much of quantum mechanics are just a few of the more obvious examples of
mathematical models that have had a huge impact on physics. Moreover, far from emerging in
isolation from what was going on in the rest of physics, these models were addressing issues of
great concern at the time, providing answers to pressing questions that had recently emerged
from experiments and other forms of observation. Yet, in doing so, these models generated

further questions, which required new experiments and observations to answer.

5.1.4.3 Possible reasons for the lack of modelling in cell biology

Why has mathematical modelling yet to have the same impact on cell biology? Part of the reason,
undoubtedly, is that cells are so complex, both in terms of their structure and in their chemistry,
something that can perhaps be most readily appreciated by consulting various relevant databases
such as UniProtKB3%’, KEGG Pathway 338, BRENDA 32°, and similar. This may help explain why so
few of the equations regularly used in cell biology have originated from the discipline itself,
Michaelis-Menten enzyme kinetics being one of the few examples. (By contrast, the majority, e.g.
Fick’s laws of diffusion, the Nernst and Henderson-Hasselbalch equations, have emerged from

other fields, mostly chemistry and physics.)

Perhaps because of this complexity, it seems fair to say that there is a general perception that
cells and their behaviour are not very amenable to useful mathematical analysis. To some extent
this may be true, and there is a clear risk from attempting to over-apply mathematics to cell
behaviour. To take a celebrated quote from another science that attempts to understand very
complex behaviour, “Mathematics brought rigor to economics. Unfortunately it also brought

mortis.” 33°

. However, there is no reason to think that cell biology is in any imminent danger in
this respect, and every reason to think that it could benefit greatly from the additional rigour that

mathematical modelling, with its highly quantitative focus, can bring.
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Put briefly, cell biology is not as quantitative as, probably, most cell biologist suppose. To apply a
fairly crude but hopefully instructive metric, if one takes a random sample of journal articles in
the field and then places the various figures and tables into one of three categories, qualitative,
semi-quantitative and quantitative, typically one finds that the great majority fall into the first two
categories. (Where “qualitative” designates any figure not containing numbers, “quantitative”
denotes any that yield absolute quantitative information about the object of interest and “semi-
guantitative” denotes any that yield only relative values of one sort or another, including
surrogate values, such as fluorescent intensities and densities, used as indicators of relative

numbers.)

Of course the primary explanation for this is technical. It is extremely hard to measure things
inside cells, especially if obtaining this information requires not disrupting the cell’s normal
behaviour. Often uniquely identifying the thing that one is trying to measure is hard enough. But,
as shown by some of the examples above, concerning reaction rate constants, Kd values and
guantitative proteomes, there also seems to be a lack of interest in providing detailed
quantitative information in many areas. The hard reality seems to be that much of the
information that modellers need is not currently available because it is not much needed by those
working in laboratories or looking down microscopes. If physics is anything to go by, cell biology

is all the poorer for this state of affairs.

5.1.4.4 The way forward

By its constant demands for reliable quantitative information, modelling can help redress this
balance. The best way to achieve this is collaboratively. If lab-based researchers and
microscopists are working on the same projects with modellers, it will be much easier to convince

them of the reasons for providing the information the modeller needs. As has hopefully been
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shown by the example of an incrementally developed model of FA dynamics described in this
report, there is every reason to believe that the benefits of such collaboration are likely to be in

both directions.
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