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The prospect of exploiting mathematical and computational models to gain insight into the influence
of scheduling on cancer chemotherapeutic effectiveness is increasingly being considered. However, the
guestion of whether such models are robust to the inclusion of additional tumour biology is relatively
unexplored. In this paper, we consider a common strategy for improving protocol scheduling that has
foundations in mathematical modelling, namely the concept of dose densification, whereby rest phases
between drug administrations are reduced. To maintain a manageable scope in our studies, we fo-
cus on a single cell cycle phase-specific agent with uncomplicated pharmacokinetics, as motivated by
5-Fluorouracil-based adjuvant treatments of liver micrometastases. In particular, we explore predictions
of the effectiveness of dose densification and other escalations of the protocol scheduling when the in-
fluence of toxicity constraints, cell cycle phase specificity and the evolution of drug resistance are all
represented within the modelling. For our specific focus, we observe that the cell cycle and toxicity
should not simply be neglected in modelling studies. Our explorations also reveal the prediction that dose
densification is often, but not universally, effective. Furthermore, adjustments in the duration of drug ad-
ministrations are predicted to be important, especially when dose densification in isolation does not yield
improvements in protocol outcomes.

Keywords chemotherapeutic protocol modelling; age-structured modelling; Cell cycle phase specificity;
toxicity constraints; drug resistance.

1. Introduction

Alterations in chemotherapy scheduling have frequently been considered with the objective of enhanc-
ing outcomesBrowderet al., 200Q Citronet al, 2003 Fallik et al,, 2003, and a number of studies have
been designed with the insight of mathematical modelling. A highly influential example is the hypoth-
esis of Goldie and Coldman that minimizing drug resistance should be the primary objective, given an
implicit assertion that resistance is the dominant reason for chemotherapy fé@ibldig and Coldman

1979 1983ab, 1986 1998 Goldieet al,, 1982. Initial modelling studies revealed that this would require
drug alternationipid], though clinical trials have typically failed to support the postulate that alternating
treatments are superior to sequential protocols, as illustraté&ket®lacidoet al. (1995, Sieberet al.
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(2002 andSiodlaket al. (1990. Moreover, complications arising from cell cycle phase specificity and
pharmacokinetics in modelling studies indicate that Goldie and Coldman’s alternation hypothesis often
need not hold Gaffney, 2005. This highlights that scheduling concepts emerging from mathematical
models should be explored to assess whether additional tumour biology places potential limitations on
the conclusions that can be drawn.

Further seminal ideas in chemotherapy scheduling are dose intensification and densification. Re-
spectively, these escalate the therapeutic protocol by increasing the dosage and reducing the time inter-
vals between doses. Dose intensification, to the level of the maximally tolerated dose, is commonplace
in chemotherapeutic scheduling and founded in the studi&kipper(1965, though its effectiveness
is occasionally questionedéhnfeldtet al, 2003 Haines 2008 Markman 1993. The concept of
dose densification has emerged from the mathematical and computational modelling stddbie®iof
(1998ha, 2001), based on earlier observations of tumour kinematitzr{on and Simon1977, 1986.
Moreover, dose densification has been supported in a number of recent clinical Gitads et al.,

2002 2003, though in general it can yield equivocal resuBsccartet al., 2000. More recently, the
consideration of more general protocol escalation have been considered by simultaneously altering the
intensity and duration of drug administrations, with positive results in Phase-I human trials assessing
safety regimesTrainaet al, 2008 and also in mouse modelkdlinsky et al.,, 2009.

Note that the modelling framework developed Kgrton (2001, 2005 is typically based on Gom-
pertzian tumour growth with alterations in the rest phase between doses. Factors such as vascularity,
oxygen partial pressures, acidity, excess glycolysis, toxicity and drug resistance illustrate features of the
tumour microenvironment that are not explicitly considered in the modelling. Arguably, the influence of
all but the last two, these features are captured implicitly by considering Gompertzian tumour kinetics
and Norton and Simon'’s hypothesis that the tumour regression rate with treatment is proportional to the
unperturbed growth rate. However, the latter two, toxicity and drug resistance, are critical reasons for
chemotherapeutic failure and thus merit further attention.

It has been postulated that dose densification in particular need not exacerbate toxicity. The rea-
soning is that normal tissues may be more perturbed by protocol duration than by reducing the inter-
dosing time due to the fact that they are much closer to their saturation |Bl@t®( and Simonl1977,

Norton, 2008 this could emerge from the lower growth fraction of normal tissue for example. Em-
pirically, however, one can find examples where dose densification exacerbates t®mipriet al,

2000 and, conversely, where it does n@itfon et al, 2003 Simon and Norton2006. These equiv-

ocal observations nonetheless highlight the need to consider toxicity in models of protocol scheduling
to assess when toxicity may impinge on protocol outcomes and when Norton’s framework requires the
inclusion of further tumour biology.

While there have been numerous studies considering toxicity in explorations of resonances with
timings based on cell cycle durations guiding protocol schedulesAglg.et al,, 1988 1992 Cojocaru
and Agur 1992 Dibrov, 1998 Ubezioet al, 1994 Webh 1990, modelling investigations focussing
on resistance and/or the influence of extensive protocol escalation typically do not consider this im-
portant constraint in detail. In particular, there are no studies accommodating both toxicity and Goldie
and Coldman'’s carefully motivated framework for modelling the random evolution of resistance, based
upon the application of Luria and Dellmk’'s Nobel Prize winning concepts to cancer cell systems
(Jaffrezouet al,, 1994 Law, 1952 Summers and Handshumachi&®73. This is most likely due to the
fact that Goldie and Coldman focussed on studying the effects of adjusting the alternation of drugs with
identical sensitive cell kill rates, whereby one is automatically comparing protocols of equal toxicity.
Consequently, simulations of the influence of drug toxicity when the evolution to resistance is present
are underdeveloped.
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In addition, the Norton frameworkNorton, 2001, 2009 does not explicitly consider the interplay
between protocol timings and the passage of cells through the cell cycle, despite the fact numerous
therapeutic interventions rely on cell cycle phase specificity to sufficiently differentiate between tumour
and host. Furthermore, given protocol timings explicitly influence the distribution of cells through the
different phases of the proliferative cycle, the extent to which cell cycle sanctuaries can reduce treatment
effectiveness is not immediately apparent (&gffney, 2004. Consequently, one cannot immediately
infer the effectiveness of protocol escalation for cell cycle phase-specific treatments from modelling
founded upon phase-independent cell kill mechanisms.

Our objective is therefore to conduct a modelling exploration of whether protocol escalations, or in-
deed other scheduling adjustments, can yield predictions of therapeutic improvements given the explicit
consideration of the cell cycle, drug toxicity and drug-resistance evolution. Assuming linear cell kill,
which is frequently but not universally observde€i and Antman2000, we will consider maximally
tolerated dosages and then subsequently explore further protocol alterations by dose densification and
also by increases in the dose administration duration. In particular, our studies will focus on a specific
context to narrow the scope of the investigation; we will address adjuvant protocols in the colorectal set-
ting aimed at eliminating residual liver neoplastic deposits following surgical resection of the primary
tumour. These are of fundamental concern due to the incessant tendency of colorectal micrometastases
to impregnate and establish within the liver via the hepatic portal vein; the consequent secondary disease
has an extremely poor prognosisdam 2006 Midgley and Kerr 1999.

The principle agents for such adjuvant treatments are based upon 5-Fluorouracil (5-FU), a drug with
a very low plasma half life and a dominant mode of action in S-phase, that is the DNA-synthesis stage
of the cell cycle as detailed in Fid. (Midgley and Kery 2000 Nicum et al, 2000. In particular, a
derivative, 5-Fluoro-2leoxyuridine (FUDR), is often continuously administered via a hepatic arterial
pump or infusion Kemenyet al, 1999 Kemeny and Fata2001 Tebbuttet al., 2002 and predomi-
nantly absorbed by the liveEfsmingeret al,, 1978. The dose limiting toxicity for this intervention is
hepatobiliary, with reports of inflammation surrounding the biliary tree together with fibrosis of the bile
ducts and secondary chemical hepatii®lien and KemenyR003 Skitzki and Chang2002), indicat-
ing that the biliary duct epithelia are the most susceptible tissues. This focus on the regional delivery of
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FiG. 1. A schematic of the cell cycle model. A cell undergoing proliferation moves through a number of stages. The first is
G1, with extensive cytoplasmic growth, followed by S-phase when the DNA is replicated sthesGphase and then M-phase,
where mitosis proceeds ending in cell division. Cells can also transfer back and forth betwegnrpthasé and a non-cycling
compartment, @, where they are quiescent in terms of proliferation events.
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a readily absorbed, but unstable, drug together with the relative absence of systemic toxicity allows the
neglect of detailed drug pharmacokinetics.

Thus, we will consider a model for the scheduling of a single S-phase-specific agent delivered via
intermittently continuous regional infusions, taking into account the evolution to drug resistance using
the modelling framework of Goldie and Coldman. Toxicity will be explicitly considered, though the
presence of cell cycle phase specificity entails that feasible forms of maximally tolerated chemother-
apeutic dosages or accumulation levels cannot be readily postulated, in contrast with many previous
modelling explorations of toxicity and scheduling (eAdenya 2001, Barbolosi and lliadis2001; Costa
et al, 1995 Matveev and Savkin2005 Panetta and Adaj1999. Hence, the inclusion of toxicity
requires the explicit consideration of the dose-limiting healthy cell dynamics. These models are con-
structed in Sectio2 and explored in Sectio, with conclusions drawn in Sectiagh focussing on the
effectiveness of dose densification and other scheduling alterations.

2. Model development
2.1 Healthy cell population model

To consider the influence of an S-phase-specific chemotherapeutic on susceptible liver tissue insulted
with regional chemotherapy, we require a model for the response and regrowth of tissue, accounting for
the fact that drug effect is contingent upon the cell cycle phase, which in turn is dependent on the history
of the protocol.

Firstly, the healthy cell model should track populations as they move through the cell cycle, imposing
an age structure on the modelling. A fundamental framework for this in terms of hyperbolic partial
differential equations has already been develog&udrinoet al., 2001, Gaffney, 2004 Webh 1990).
Furthermore, it has been explicitly validated for the progression of tumour cells through the cell cycle by
comparing predictions and observations for oscillations in labelling indices following the release from
a cell cycle arrestGhiorinoet al.,, 2001).

For healthy tissue, this modelling framework must be supplemented with growth regulation prevent-
ing excess cell proliferation; however, the biochemical mechanisms for such control with hepatocytes
and biliary duct epithelial cells, cholangiocytes, are poorly understGadirt et al, 2002 Marzioni
et al, 2005. Consequently, we consider a simple volume control, which is consistent with general
observations that liver size regulation is exquisitely controlled by volutmi(tet al, 2002 and liver
regeneration is accompanied by regulated cholangiocyte proliferdt@$egeet al, 1996. Thus, once
the susceptible population reaches a critical volume, it is assumed that cells pass frontétecle
phase into the grest phase. Conversely, below the critical population volume, cells are recruited into
cycle from G; the modelling assumes a ten-hour delay from signal to recruitment given general obser-
vations of cultured mammalian cells as they leayget&Genter the cell cycleWolfe, 1995 Zetterberg
et al, 1995.

We note that for a wide range of mammalian cell types, cell growth is observed to be linear in time
(Conlon and Raff2003 and thus, given the cell cycle parameters used below, with thEh&se duration
approximately the cell cycle time, cell growth occurs predominantly in thgplase. Hence, as a mod-
elling simplification, cell volume increases are only allowed within thepBase; furthermore, it is also
assumed that cells grow to twice their volume during the cell cycle and divide symmetrically. These con-
siderations lead us to the following framework for modelling the dynamics of the dose-limiting tissue:

1. Movement from the gphase to the gphase occurs if the population volume is above a critical
level, in which case cell volume growth im@ halted. The converse also holds if the population
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volume is below a critical value, inducing cell volume growth ind@hd the passage of cells from
Go to G, though the latter suffers a ten-hour delay between signal and effect.

2. All cytoplasmic growth for a cell in cycle occurs during & a constant rate when cell growth is
allowed by the volume regulation. As a result of this approximation, a cell must reach double its
initial size on leaving G after which the cell is taken to not grow any further during the cycle.

3. Movement between subsequent phases of the cell cycle occurs after a specific, fixed, duration in
each phase, consistent with general observations of the cell &jutedeffet al., 2000.

4. While cell division occurs towards the end of the M-phase, we approximate this as an instanta-
neous process at the very end of M-phase. We assume symmetrical division only.

5. Small amounts of cell apoptosis occur at a constant rate in the quiesgepgpslation.

We also have to consider the effects of the chemotherapeutic on healthy tissue. In particular, 5-FU

is known to cause DNA double strand breaks during S-phase, resulting-ph&e arrestdkamoto
et al, 1996. Thus, the chemotherapeutic is modelled as inducing movement of S-phase cells into a
damaged cycling compartment; once these damaged cells reach tiell &/cle checkpoint, they enter
an apoptotic compartment, leading to eventual cell death.
The modelling of these concepts therefore requires the following compartments:

e Gj(v,t) andGop(v,t), which are the densities for cells of volumeand at timet in the G- and
Go-phases, respectively.

e S(a,t), the age density of viable cells in the S-phase ataagad timet, where age is the duration
of a cell in the compartment.

e Gp(a,t): the age density of cells in a combined énd M-phase at ageand timet.
e $y(a,t), the age density of cells in the S-phase damaged by chemotherapysataddimet.
e A(t), the number of apoptotic cells due to chemotherapy at time

We also denote the total cell population volume\bgt); in the following, we capture these ideas in a
modelling framework, which is summarized in F&y.

2.1.1 A model of the S, & and M-phases. Balance equations for cells in the S-phase and &G
phases, with an S-phase chemotherapeutic inducing a first-order cell kill, are given by

0S 0S

=0

ot + 2a S, ae]0,a],
0Gm 0Gnm
— 4+ —=0 0 . 1
e T , ae|0,ag] 1)

Here, @ denotes the rate S-phase chemotherapy irreparably damages healthy cells apdienote
the transit time for cells on their passage through S-phase andiMefBases. These compartmental
transit times are observed to be effectively invariant in both healthy and tumour tigdreéffet al,,
2000.

2.1.2 Cellloss due to chemotherapyChemotherapy damaged cells, en-route to cell death, enter the
damaged compartment where they continue to cycle. On reachingatlohegkpoint, they enter the
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FiG. 2. A schematic diagram of the healthy cell population model, with cell transfegtoc@urring at rate:, to G; at ratec,

and quiescent cells apoptosing at rat@to a dead cell compartment (D). Progression through the cell cycle is marked at the end

of each phase bg, b andc, with d representing the passage of chemotherapy damaged cells (CD) into the apoptotic compart-
ment (A). The rate healthy cells are irreparably damaged is denot€d bshile the parametey represents the rate of death of

these damaged cells once they enter the apoptotic compartment. The model variable associated with each compartment is given
in brackets.

apoptotic compartment leading to eventual cell death atyatén terms of the damaged cell density,
S, and the number of apoptotic celld, these processes are represented by the equations

9% L 9N _ psat), ac(oal,

ot oa
2 )
T Si(a,t) — x A

2.1.3 A model of the @phase. To incorporate the change in the rate of transfer between thelG
cycle phase and theg&ell cycle phase, which depends on the cell population voluitig, we define
a step functiorHg by

O If V(t) 2 Vmax,

Ho[V (t) — Vima] = {1 TV < ®3)

whereVpay is the critical volume associated with the volume regulation mechanism. We also denote
the time delay between signal and recruitment fl@gby A, the rate at which gcells are lost by

and transfer coefficients to and from thg Gmpartment, respectively, hy and&. Then the balance
equation for cells in @is

aa_cio = u(1 = Ho[V () = Vma)G1(v, t) = (Ho[V (t — A) — Vmax])Go(v, t — A) = (Go(v, 1), (4)
with v € [v,, 2v,], wherev, denotes the cell volume immediately following mitosis. Note that the
densityGq implicitly tracks cell volumes so that volume is conserved showa@ls begin cycling by
re-entering the Gcell cycle phase. Finally, the loss of@ells in the absence of chemotherapy is very
small compared to total cell numbers, so we do not track healthy cells which are committed to apoptosis
via this route.
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2.1.4 A model of the @phase. We first of all consider the case where the total population volume
V(1) is such tha/ (t) < Vmax SO that cells are being actively recruited into the cyclinggBase from
Go. Then the cell balance for the;&hase yields

0G oG
?1 + ‘.)a_vl =<¢Go(v,t —A), V() < Vmax (%)

for v e [v,, 2v,], with v representing the rate of cell volume change with duration in thedpart-
ment. The movement of cells into the{hase from the mitotic (M)-phase of the previous cycle is
incorporated via the boundary conditions when cells are cycling (see Se&clidbelow for further
details). Note the assumption that all cytoplasmic growth occurs;ier@ails that the maximum cell
volume is 2, giving the range of. Under maximal growth conditions, the cytoplasmic growth rate is
taken to be constant and, wiej denoting the transit time of a cell through @nder these conditions,
we have

V= v*/af, V(t) < Vmax

In contrast, growth is arrestedVW(t) > Vmax. Thus, in general, we have

b(t) = ;— Ho[V/(t) — Vinaxl. 6)

S
s

Whenv = 0, cells are arrested in theg@ompartment and slowly transfer intqyQCells are still
taken to leave the £§M compartment following mitosis. They then entef,@t which point they no
longer cycle. Hence, far € [v,, 2v.] we have the balance equation f8g (v, t) is given by

oG
71 = —uG1(v, 1) + 20(v — v,)Gm(@2 1), V(1) > Vinax @)

Note that the term&v — v,)Gm(az, t) accounts for cells enteringiGollowing mitotic cell division.
In summary, we have that the governing conservation equation for cells injtker@artment is
given by

aa—flwaa—el = E(Ho[V(t — A) — Vinad)Gov, t — A) — (1 — Ho[V (t) — Vinaxd)G1 (v, 1)
) ®)

+ 2(1 = Ho[V (t) = Vmax)d(v — v:)Gm(a2, 1),

forv e [v., 2v,], with v given by ©). For the numerical solutions below a regularized approximation
for the Dirac-delta function is used, whereby

Ly e, v + 6l

oy —v,) ~ { Ex

0 otherwise

with €, < v, given by the numerical grid spacing in a finite-difference scheme.
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2.1.5 The healthy cell population volumeNote that, with the assumptions of cell growth solely in
the G cell cycle phase and cell splitting at the very end of the M cell cycle phase, cells imbthads

M compartments have volume 2 Hence, the total healthy cell population volume is given in terms of
the compartment cell population densities by

20, az
V() = / v[G1(v, 1) + Go(v, t)]dv + 2v, A(t) + 2v, |:/0 {S(a,t) + S(a, t)}da

+ /an Gm(a, t)da] .

2.1.6 Boundary and initial conditions. The boundary conditions for the hyperbolic equations arise
from conservation principles for fluxes between the compartments. Thus, we have

Gm(0,t) = S(az,t), S(0,t) = G1(2v, t)v(t), (0, 1) =0. )
In addition, when the total population volunvgt) is such tha¥/ (t) < Vmax, SO thaty > 0, we have
V(t)G1(vs, t) = 2Gm(as, 1). (10)

In contrast, when the total volume exce&ig,x and the cell cycle arrests we haug) = 0. Thus, at this
point, equation&), which governs the evolution @1 (v, t), is degenerate and the boundary condition
(10) is redundant.

Due to the time delay, the initial conditions are specified for the temporal inteevdl = [— A, 0].
Initially, it is assumed that there are no damaged or apoptotic cells so that weAhav&y = 0 for
t € 7. The remaining initial conditions are of the form

Go(v, 1) =GJ(v), Gi1(v,1) = G(v),
S, t)=5"@), Gm(at)=Gl(@), (11)

wheret e 7. The functionsG3(v), GI(v), S°(a) andGY,(a) are taken to be those arising from the
large time asymptote of numerical simulations in the absence of chemotherapy.

2.2 Tumour cell population model

We need to consider the influence of an S-phase-specific chemotherapeutic on tumour tissue, taking into
account the evolution to drug resistance using Goldie and Coldman’s modelling framework. Given there
is no growth saturation mechanism in the tumour model below and the motivating context is adjuvant
chemotherapy, the modelling will be exploring the influence of treatment on an exponentially growing
micrometastasis, as may be apparent for a freshly vascularized nodule.

We require an age-structured model tracking tumour cells through the cell cycle phases and the
influence of the treatment in S-phase, together with a small mutation rate that governs the probability that
a tumour cell will become resistant. &poldie and ColdmaLl979 1983ab, 1986 1998 have carefully
documented and motivated, this mutation rate can be modelled as being independent of the details of
the drug protocol; resistance is driven by random mutation rather than by a Lamarckian response to the
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chemotherapeutic. Furthermore, since the mutation to resistance is a rare event, at least for an individual
cell, and initially no resistant cells are assumed to be present, stochastic modelling is required. However,
with the assumption that mutation to resistance is absolute, ultimately leading to ineffective treatment,
we simply need to track the probability that there are no cells that have become resistant, simplifying
the modelling framework.

Furthermore, while many mutations can occur due to polymerase errors during DNA replication,
they can also be due to chromosomal instabilities though only one mechanism is typically dominant
in colorectal tumourslL(oebet al, 2003. Here, for model simplification, we take it that the resistance
conferring mutations only occur in the DNA synthesis, S-phase; we also assume that the mutation rate
is constant throughout this phase of the cell cycle.

Finally, note that the initial tumour volume is negligible with respect to the volume constraint of the
healthy cells. Given we simply require the probability that resistance initiates, the model is only required
to be valid up to the point that resistance occurs. Furthermore, in the current framework, a chemother-
apeutic protocol cannot possibly be successful unless it eliminates the sensitive tumour cells within the
nodule before resistance sets in. Thus, unless protocol failure is certain, the nodule is always shrinking
until resistance initially occurs. Hence, in the required domain of validity for the modelling, the tumour
nodule is always shrinking and hence always has effectively no influence on the volume constraint of the
healthy cells. This very important simplification allows a substantial decoupling between the dynamics
of the healthy and tumour cell models.

2.2.1 Tumour cell model compartmentsThe model of tumour cells in cycle under the influence of
an S-phase chemotherapeutic is developed below, with lower case letters reserved for tumour
densities:

e s(a,t), the age density of tumour cells in S-phase atagead timet, with a € [0, ap).

e Om(a,t), the age density of tumour cells in a combinegl&d M-phase at age and timet, with
a € [0, az).

e 0i(a,t), the age density of tumour cells in the -@Ghase of the cell cycle at ageand timet. In
this compartmena € [0, a1), wherea; is the maximum duration of the transit time. However, in
contrast to the duration of the S-phgag) and the G/M phase é3), the transit time of the Gphase
is variable Abdreeff et al, 200Q Cooper 2000. This is especially true for cancer cells, which
is postulated to arise from the loss of normal growth control being linked to the proto-oncogene
behaviour of cyclins of the Gphase usgroveet al,, 1994). Thus, the tumour cell Gtransit time
is represented by a random variable below.

Note that tumour cells are assumed to be uninfluenced by inhibitory controls and to be undergoing rapid
self-similar exponential growth and hence a quiescent@npartment is not considered. In particular,
while quiescence does occur in tumours, and would progressively slow down growth rates as cells come
out of cycle, we are considering freshly vascularized micrometastases in the context of adjuvant therapy.
The sensitive cell numbers are relatively small and assumed to be insufficient for the decelerations
observed beyond the early stages of the non-exponential Gompertz or Gomp-exp fits to tumour growth
data (e.gWheldon 1988.
Finally, observe that apoptotic tumour cells are not tracked in that once a tumour cell is committed to

apoptosis, itis assumed to die and, thus within the current framework, no longer influences the dynamics.
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2.2.2 A model of the S, & and M-phases. The cell density within the S-phase and thg/l@ phase
are governed by the following balance equations:

s os
24+ 22— [o@ 12
% a [®+als, ace]0,a], (12)

0Om  O0Om

=M= ael0 13

o " oa , € [0, ag], (13)

where® represents the first-order cell kill rate of the chemotherapeutimagd a2‘l is the mutation
rate.

2.2.3 A model of the @phase. Balancing cells for the ¢phase gives

g1 , 001
s + 2a -7 (@01, ael0,a], (14)

where the rate cells leave this phagéa), is dictated by the probability distribution function of the
duration of G, denotedf (a). In particular, we haveGhiorinoet al., 2001)

f
= — @ (15)

1- [ f(@)da
0

The key feature of the distributioh(a) is that it possesses a single peak centred at the meditrazit
time. Below we take it to be a truncated Gaussian

202

_A0\2
f(@ = Ng¢ exp(—w), a € [0, aq], (16)

wherea¢ is the median of the unimodal jGluration and\ is a normalization constant that is fixed so

as to ensure that
ap
/ f(a)da=1
0

As the tumour cell cycle time differs from the @&ansit time by a constant, the variance of both these
random variables is governed by.

2.2.4 Boundary and initial conditions. Cell balance in the fluxes between compartments yields the
following boundary conditions:

ai
01(0,t) = 2gm(as, t), s(0,t) = /0 y(@)gu(@,t)da’, gm(0,t) = s(az,t). (17)

The initial distribution of cells among the compartments is taken to be governed by the large time
asymptotic distribution predicted by the model in the absence of chemotherapy.Nisiogienote the

total initial tumour cell number, this asymptotic distribution is given at leading order in an expansion of
aay < 1 by (Gaffney, 20049

2NgIn2 —.?V(S)ds NpoIn2
£ 2 —iag o . s(@0) = 2%

= T €@ gn(a, 0) = s(a, 0",
C Cc

(@, 0) =
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with 2 %' [In2]/T. and T denoting the median tumour cell cycle time. The distribution can also be
found numerically.

2.2.5 The probability of no resistance and the probability of succes®t po(t) denote the probability
that no resistant cells are present at timee assume that there are no resistant cells initially so that
po(0) = 1. The assumption that the emergence of resistance is equivalent to protocol failure entails that
po(oc0) is the probability of success; in particular, the elimination of the non-resistant tumour cells is
necessary but not sufficient fpg(co) > 0. Given the resistance is generated randomly within S-phase
at a constant rate we have, fort sufficiently small,

ap

po(t + dt) = po(H)[1 — 5t/0 as(@, t)da'l + o(dt).

Dividing by Jt and taking the limitt — 0, whereby th@(Jt) term also tends to zero, yields an ordinary
differential equation fompg(t) with initial condition pg(0) = 1 and solution

t a
po(t) =exp[—oc/0 /o s(@, t")da’ dt']. 18)

Note that while first-order cell kill kinetics entail that sensitive tumour cell elimination is not mathe-
matically possible in the model for finite time, one may reasonably take very small cell numbers (below
unity for example) as representing total sensitive cell kill. With this qualification, sensitive cell regrowth
cannot occur once sensitive cells are eliminated pg{do) is given to an excellent approximation by
numerically simulating the model with the chemotherapeutic protocol active pyiti) asymptotes at

an appropriate level of tolerance. This is implicit below in the numerical simulations as is the modelling
assumption that continuing therapy indefinitely, beyond the point of effective sensitive cell elimination,
will not yield further benefits. We briefly remark that this is seen clinically in the motivating context
of adjuvant therapies of colorectal cancer following resection of the primary tumour, where increasing
trial treatment durations from a total of 6 months to 12 months has been concluded to have no effect on
outcome Midgley and Kery 1999 2000.

2.3 The chemotherapeutic protocol

We consider the action of a single S-phase-specific drug on both healthy and tumour cells, assuming the
drug is delivered and decays rapidly, as with infusions and intermittent infusions of 5-FU, commonly
used in the context of adjuvant colorectal cancer therapies. Hence, in our model, the chemotherapeutic
is represented by a square wave function of application, with immediate drug action once applied and
no drug action as soon as the administration has ceased.

Thus, a protocol is considered such that each chemotherapy cycle consists of a drug application
for a duration oft, followed by a rest phase of duratiétty. This cycle is repeated to give a protocol
represented by

Drug status on off on off ...
Duration t1 ktp tp kg

We definep (t) to be the indicator function for the presence of the drug, as depicted i3.Fidne cell
kill rate due to the drug is taken to be

» = thg (1)
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o) kt,

0
to totty tott,  tot+ 2t to+ 2t
+kt;  +kt + 2kt

FiG. 3. A schematic diagram of the protocol where a repeated chemotherapeutic cycle consists of a drug application for duration
t1 followed by a rest phase for duratidet;, with chemotherapy initiation depicted at tifie The functiong (t) represents the
indicator function for the presence of the drug at time

thus increasingh corresponds to dose intensification. We implicitly assume that cell kill saturation does
not occur so that any increase in cell kill intensity considered in the modelling can be realized; this is
commonly reported in the form of linear cell kill, but it certainly is not universaie{ and Antman
2000.

It is also convenient below to defin& to be the area under curve of drug cell kill for a single
administration of the chemotherapeutic. Thus, forepresenting any fixed time after chemotherapy
initiation, we have

74+kt+t1

T / )t = Mt

T

y

note thaty is dimensionless a# is a rate of cell Kkill.

In manipulating the protocol in the explorations below, we can attempt to escalate the protocol by
reducing the rest phase (dose densification) or by lengthening the duration of the administration. In
contrast, the dose intensity, is dictated by the maximally tolerable dose given the toxicity constraint,
which we now detail.

2.3.1 Toxicity constraint. The toxicity constraint, which limits the extent to which the chemother-
apeutic protocol can be escalated, is expressed in terms of the total number of healthy cells in the
Go-phase relative to its equilibrium value in the absence of chemotherapy. In particular, we require

fzu* dv Go(v, 1)

Vi

f2v* dv Ggquilibrium(v) =

Vi

T, (19)

with 7" € (0, 1). While it is difficult to estimatelr”, we typically takeY” = 0.05 which entails that the
toxicity constraint becomes limiting only once an exhaustion of thegServe is imminent, but without

a traumatic loss of healthy cell number. Below, by assuming the use of the maximally tolerated dosage,
we consider the maximal cell kill of the chemotherapeutic,

o def
Mmax = M,

allowed by the toxicity constraint.
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For a given scheduling, finding the maximally tolerated cell kill intensity,or equivalently the

maximally tolerated cell kill area under curve,

~ def

Ymax = ¥ =mMh,
is computationally intensive. It requires solving the healthy cell equations for different dosage intensi-
ties, and using a root finder to find the intensity where the bound in inequadyiq just attained, to
within tolerance levels. Once the maximal cell kill area under the curyéecomes sufficiently large,
the cell kill per dose administration is such that essentially all cells in or entering S-phase are killed to
high accuracy. Further intensity increases have minimal effects on the level of cell kill; utilizing this
observation entails numerical savings may be made by capping the maximum intensity in the root finder
(the cell kill area under curve, which is non-dimensional, is capped at twenty in the simulations due to
these observations). Alternatively, this cap could be viewed as a sharp limit to drug effectiveness once
the area under curve is sufficiently large with a resulting break down of linear cell kill, for example due
to saturation effects; however, we do not invoke this interpretation below.

2.4 Model summary

The healthy cell dynamics are governed by the equations for the/#], &y and G phases of the
cell cycle, plus the chemotherapeutic damaged compartment and apoptotic cells, with further equations
governing cell volume growth and the population volume. In summary, these are

0S 0S

E.}_%:—(ﬁs, ae[o’a2]>
aGm aGm
T aa =% acloal,
oG
a_to = u(1 = Ho[V (t) — Vimad)G1(v, t)
— &(Ho[V (t = A) = Vimad)Go(v, t = A) = {Go(v, 1), v € [, 20.].
oGy . 0G
= E(HO[V (t = A) = Vina)Go(v. t — A) — (1~ Ho[V (1) — Vinax]) G (v, 1)
+ 2(1 = Ho[V (t) = Vimaxd)d(v — v:)Gm(az, 1), v € [vs, 2],
0 0
e ®S(a,t), ae[0,a],
dA
E = %(az’ t) - XA9

with

20y
V() = / V[G1(v, 1) + Go(v, t)]dv + 2v, A(t)

az ag
+ 2v, [/0 {S(a,t) + S(a, t)}da-q—/0 Gm(a, t)da} , (20)
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0 if V() = Vinax

HolV (t) = Vmad = [1 if V(t) < V.
maxs

v = [va/aS]Ho[V (1) = Vimax,

L ove,utal,

ov —ve) = [ €

0 otherwise.
These are also subject to the boundary conditions of Se@iargy, whereby
Gm(0,t) = S(az,t), S(0,t) = G1(2v,, t)v(t), S(0,t) =0, (21)
and
V(t)G1(vs,t) = 2Gm(az, t) when v > 0. (22)
The initial conditions are given by

A =Si@ 1) =0, Go(v,t) =GW), Giw,)=Gl(), S@t) = @), Gm(at) =G,
fort e [—A, 0], with the functionsG3(v), G2(v), S°(a), GY(a) taken to be those arising from the
large time asymptote of numerical simulations in the absence of chemotherapy.

The tumour cell population dynamics are governed by analogous cell cycle phase equations for cell
densities, though subject to a distribution of Eansit times; these equations are summarized by

o 0
-t =7@a, ae [0, ay]
oS 0S
§+£=—[¢+G]S, a€[09a2]9
O9m |, O0m
% T 7a , ael0,ag],
with
f(a (a—af)?
V(a)za—)’ f(a) = Nfexp(—T >
1- [ f(a)da
0

a1 / _ aC\2
NP [/0 da’ exp(—%)], ae[0,a]. (23)

The boundary conditions are

a
010.1) = 2gn(as, 1), SO,1) = /O Ly @)m@. D, gm(0,t) = S(az. b),

with the initial distribution forg;, s andm given by the large time asymptotic distribution of cells
among the different cell cycle compartments predicted by the model in the absence of chemotherapy
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and an overall scaling determined by the total initial tumour cell number. The non-dimensionalization
of these models, plus reference parameter values and their motivation are presented in the appendix.

The tumour and healthy cell dynamics are investigated in the context of chemotherapeutic protocols
as follows. For a given set of parameters dictating cell behaviour, there are two remaining degrees of
freedom governing the chemotherapeutic protocol given an implicit assumption of administering the
maximally tolerated dose. In particular, once the duration of the drug administration and the rest phase
of the protocol are prescribed, itg.andkts, the intensity of the treatment), is fixed by the maximally
tolerated dose, denoted, allowed by the toxicity constraint

fvz*v* dv Go(v, 1)

v, equilibrium =
Jidv Gy )

The cell kill function is then
@ =mp(t),

whereg (1) is the indicator function for the presence of drug given the protocol paramateid;, as
depicted in Fig3.

We can then simulate the tumour cell model with the resulting protocol to determine the prediction
for the probability of success, which is equivalent to the probability that resistance does not emerge.

This is given by
[e%e} az
po(o0) = exp[—a/ / s(@, t")da’ dt/],
o Jo

as deduced vial®) and numerically determined by calculating the long time asymptof® @f, with

the chemotherapeutic protocol continuing throughout the simulation. In particular, for the numerical
simulations below, it has been explicitly checked tipaft) has asymptoted within tolerance bounds

at the end of the simulation and thus can be interprgigdo), giving the model prediction for the
probability of success; explicit examples in analogous models are presen@aifhgy(2004.

Within this framework, varying the duration of the drug administration and the rest phase, the influ-
ence of a toxicity constraint, cell cycle phase specificity and evolution of resistance on protocol schedul-
ings with maximally tolerated dosages can be explored. An upwind finite-difference numerical scheme
is utilized for the numerical solution of the partial differential equations, as required for explorations of
the presented model. The presence of the time d&laytails that the algorithm stores a history of the
system for a time\; otherwise the numerical implementation is standatdrfon and Mayers2005.

3. Results
3.1 Overview of figures

The plots in Column | in each of Figd—6 depict the maximally tolerated value of the cell kill area
under curvey, compatible with the toxicity constraint for a drug administration duratioty afnd

rest phasét;. This may be seen from the heat map presented within any given plot: the maximally
tolerated value ofy for each value of; andkt; can be obtained by comparing the colour of the plot
at a given(ty, kt1) coordinate to the colourbar on the right of the plot; analogous remarks apply for all
plots presented. Note that it is particularly convenient to present the cell kill area undernguagthe
measure of maximally tolerated administration intensity by virtue of the fact it is dimensionless, while
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FiG. 4. Predictions for the probability of success given maximally tolerated dosages and alterations in the protocol scheduling;
variations in the median tumour cell cycle time and the mutation rate to resistance are also considered. In the above plots, the
drug administration timety, is in the rangd; € [1/3 days 10/3 days], along the horizontal axis, while the rest phsg,

is in the rangekt; € [0, 9 days] along the vertical axis. Column | gives the maximally tolerated cell kill area under curve,

v, compatible with the toxicity constraint for the corresponding protocol rest phase and drug administration duration. Note the
transitional region iny, points on which are highlighted by the asterisk; see text for further details. In the remaining columns are
plots for the probability of protocol succegs(co), as parameter values are varied. All plots below are presented analogously. In
Columns I1-V, the parameter?, which is a measure of the variance of the tumour cell cycle time, is giver?}z)'y"c2 =0.125/2,

where T denotes the median tumour cell cycle time. The median tumour cell cycle Tegnes varied on moving between the
second and fifth columns, taking the respective values of 2.0 days, 3.0 days, 3.5 days and 4.0 days. The mutatidiffease,

among Rows A-C, taking the respective values oT‘ﬂ[(h 2]/ay, 10—6[In 2])/ap, 5 x 10‘7[In 2]/ap, whereay is the S-phase
duration. Further details on parameter estimation are presented in the appendix.
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FiG. 5. Predictions for the probability of success given maximally tolerated dosages and alterations in the protocol scheduling;
alterations in the median and variance of the tumour cell cycle time are also considered along with variations in the mutation
rate to resistance. In the above plots, the drug administration times in the range; € [1/3 days 10/3 days], along the
horizontal axis, while the rest phadd;, is in the rangét; € [0, 9 days] along the vertical axis. Column | gives the maximally
tolerated cell kill area under curve;, compatible with the toxicity constraint for the corresponding protocol rest phase and
drug administration duration. In Columns |-V are plots for the probability of protocol sucpgés,), as parameter values are
varied. In the Rows A-C changes in the mutation rateand the variance of the tumour cell cycle time, as governedzby

are explored. Wittay, Tc, respectively, denoting the S-phase duration and the median tumour cell cycle time, these parameters
are Row Aia = 10~ /[In2]/ap, 62 = 0.125T2/2; Row B:a = 107 7[In2]/ap, 62 = 0.25T2/2; Row C:a = 10-8[In2]/ay,

2= 0.1251'3/2. The white lines in the plots of Row C are explained in the text.
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FIG. 6. Predictions for the probability of success given maximally tolerated dosages and alterations in the protocol scheduling; the
drug administration timet; has a larger range than considered previously tyite [1/3 days 20/3 days] along the horizontal

axis. The rest phasét;, is again in the rangkt; € [0, 9 days] along the vertical axis. The first column gives the maximally
tolerated cell kill area under curve,, compatible with the toxicity constraint for the corresponding protocol rest phase and drug
administration duration. In the remaining plots, the probability of protocol sucpgése), is depicted as the median tumour

cell cycle time, Tc, is varied. The mutation rate, is given by = 10~8[In 2]/ay, ands 2, which governs the variance of the
tumour cell cycle time is given byz = 0.125I'C2/2. Note that the asterisk highlights the observation that sufficient increases in
the drug administration timé;, away from the transitional region of maximally tolerated cell kill area under cuyryegsults in

a substantial reduction in protocol effectiveness.

the numerical simulations of the healthy cells on the one hand, and the tumour cells on the other, are
based on different non-dimensionalizations for convenience, as detailed in the apendix.

In the remaining plots, in Columns II-V of Figé-6, the probability of protocol succesgg(co), is
depicted as the drug administration duratianjs varied along the horizontal axis of each plot and the
rest phasekts, is varied along the vertical axis, given maximally tolerated dosages. The duration of the
median tumour cell cycle timé, its variance plus the mutation rates to resistance are varied in these
figures; all other parameters are derived from estimates presented in the appendix.

3.2 Model predictions

In Fig. 4, maximally tolerated cell kill area under curves, and the probability of protocol success,
po(c0), are presented for different protocol schedulings as the median tumour cell cycle durations are
varied between 2.0 days and 4.0 days in Columns II-V. In Rows A—C, mutation rates are varied from
10~4[In2]/a to 5 x 10~ ’[In 2] /ay, wherea, is the S-phase duration.

Note that Row A demonstrates that for the extremely aggressive resistance mutation rate of
10~4[In2]/ay, there is effectively no protocol success. In Rows B, C of Bigand also in Figs5
and6 results with less aggressive, but nonetheless realistic, mutation rates are presented.

In the plots presented in these figures, the regions where protocol success is observed have a bound-
ary that is delimited towards the left by the loci of points where the maximally tolerated cell kill area
under curvey, changes very rapidly. This transitional region in the maximally tolerated cell kill area
under curve is emphasized in F#A.I via the asterisk.

In addition,limited increases in the drug administration tintg,away from the boundary wheige
changes rapidly also yield successful protocols, especially for intermediate values of the redttphase,
This can also be observed for the parameter values of3-iyhere lower mutation rates and higher
tumour cell cycle time variances are considered; similar comments apply t® gt explores an
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extended range of the drug administration time. In the latter, an asterisk emphasizes that very large
increases in the drug administration tinhe, are counter-productive. However, protocol failure can still

be apparent in regions where the maximally tolerated cell kill area under curve changes very rapidly if
the rest phase is either very high or very low; this can be readily observed in all ofiF&s.

In Fig. 5, changes in the variance of the tumour cell cycle time are also explored. Consider Row
C; for relatively low rest phases a different, if subtle, behaviour emerges where a region of protocol
failure occurs along the white line depicted in pl&tS.11-5C.V. This can also be observed in Fi).
and, to a lesser extent, in Row A of Fig. The white lines in plot&C.II-5C.V satisfyt; + kt; = T,
whereT is the median tumour cell cycle time, and Row C corresponds to a particularly low variance
of the tumour cell cycle time. The fact the protocol is ineffective in this specific region, especially for
low variances of the cell cycle time, evidences a resonant failure of the chemotherapeutic protocol; in
particular, a fine tuning of parameters is required for the presentation of this mechanism.

From Figs4-6, one can also infer the effects of changing the tumour cell cycle time and its variance.
By comparing Columns I, Ill, IV and V in any of the figures, where the median tumour cell cycle time
is, respectively, 2.0 days, 3.0 days, 3.5 days and 4.0 days, one has that increases in the cell cycle time
induces poorer outcomes. Similarly, by comparing Rows A and B ofFigne can see that increasing
the tumour cell cycle variance also reduces the protocol effectiveness in general (away from regions
where resonant failure may be important).

Note from Figs.4—6 that reducing the rest phase from a very large value will either induce im-
provements in the outcome, at least initially or will have no effect. Thus, dose densification in general
is predicted to often be beneficial but not universally so. In particular, aggressive dose densification
eventually yields poor results once reductions in the rest phase result in extensive movement away from
the transitional region where the maximal cell kill area under cupnjeshanges rapidly. It can also be
clearly observed that manipulating the dose administration time in addition to dose densification can
yield substantial improvements when dose densification in isolation is ineffective.

4. Discussion and conclusions

In this study, we have constructed a model incorporating the response of tumour and healthy tissue
subjected to a cell cycle phase-specific chemotherapeutic protocol. Motivated by 5-FU in the arena
of colorectal adjuvant therapy, we have considered intermittently continuous administrations of an
S-phase-specific drug with the aim of assessing how treatment toxicity and the prospect of resistance
evolution may influence concepts for optimizing protocol scheduling. In particular, the focus has been
on the effects of dose densification and alterations in drug administration duration for schedules charac-
terized by maximally tolerated dosages.

Unsurprisingly, for sufficiently aggressive evolution to resistance the model predicts that treatment
is ineffective. As necessary for confidence in the modelling predictions, given the difficulties with drug
resistance in practice, this happens easily within the empirical bounds on mutation rates.

For lower mutation rates, though again in the empirical range, the optimal protocol scheduling pa-
rameters are delimited on the left in Figs6 by the region where the tolerated dosage changes sharply.
We refer to this as the region thinsitional dosageThe fact such sharp changes exist leads to a model
prediction that, in general, one can expect sensitivity to protocol changes.

Effective schedulings, if they exist, appear in the transitional dosage region and for limited increases
in the drug administration time;, away from this region. The fact the region of transitional dosage
delimits the regions of effective scheduling demonstrates the modelling prediction that toxicity
limitations are a major factor dictating protocol outcomes, even when maximally tolerated doses are
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considered. In particular, once the scheduling timings are sufficiently relaxed to allow extensive inten-
sity escalation before attaining the maximally tolerated dosage, poor outcomes are predicted. In addition,
if drug administrations are for greatly extended periods, the resulting restrictions in drug intensity again
yield predictions of poor outcomes.

In contrast, intermediate timings characterize effective protocols and are governed by the level of
escalation allowed, that is the level of toxicity present. This also demonstrates rest phases are predicted
to be critical in designing effective protocols using maximally tolerated doses, despite the consequences
of partial tumour tissue recovery.

However, not all schedulings in regions of transitional dosage are predicted to be effective, high-
lighting that additional aspects of the biology can be important. At high values of the drug rest phase,
kt;, within the transitional dosage region, this failure is anticipated to be a result of extensive tumour
tissue recovery; note also that in this region of parameter space one has the rest phase is substantially
greater than the drug administration duration. For very short rest phases within the transitional dosage
region, tolerable administration durations are even shorter so that once more the rest phase is substan-
tially longer than the drug administration duration and, in effect, the majority of the protocol is in a rest
phase, allowing tumour recovery.

Cell cycle resonance effects are also observed illustrating one aspect of how the cell cycle can in-
fluence the model predictions. In particular, protocol choices with a period equal to the median tumour
cell cycle time yield an uncharacteristically poor outcome, especially for smaller variances of the tu-
mour cell cycle time. For such schedulings, the majority of tumour cells are protected by the fact the
period of the protocol scheduling is in synchrony with the tumour cell cycle time, which does not vary
extensively between cells when there is a low variance of the tumour cell cycle duration. In particular,
after the initial elimination of the S-phase cells by the first drug administration, remaining tumour cells
are not extensively killed as the protocol is always applied at the same point of the cell cycle, while the
remaining tumour cells are typically not in S-phase during the administrations. Although this resonant
failure is not universally seen in the modelling, as it is sensitive to parameter values, it nonetheless advo-
cates a prediction that resonances between protocol timings and the tumour cell cycle have the potential
to reduce therapeutic effectiveness for cell cycle phase specific interventions.

Apart from the possibility of resonance, it is observed to be generally more difficult to eliminate
a tumour which is growing more slowly or which possesses a greater heterogeneity in its cell cycle
time. Slower growth entails that fewer tumour cells are susceptible at any given time within the model,
leading to a larger tumour cell sanctuary due to cell cycle effects, highlighting an important consequence
of the cell cycle on modelling predictions.

Nonetheless, alterations in the tumour cell cycle time or its variance do not impact upon the obser-
vations of the importance of the transitional region in predictions of a successful outcome. The same
observation is true over a large range of mutation rates even though mutation to resistance has an es-
pecially profound effect on the overall chance of success. Consequently, we see that as parameters are
altered, the quantitative details of the probability of success do change, often extensively. However, the
importance of the region of transitional dosage in locating relative protocol improvements is retained
for any such parameter variations, at least providing extremely small or extremely large rest phases are
avoided, along with resonant values of the period of the protocol. Furthermore, while it is not feasible
to consider all of parameter space such observations have also emerged for numerous other plausible
parameter possibilitieBpston 2008. Thus, modelling predictions for locating effective scheduling
protocols apply for very large ranges of parameters, even if the quantitative details differ substantially.

We now explicitly consider dose densification. For a given dose administration duration with a very
large rest phase, the predicted outcome is poor. Subsequently reducing the rest phase, while maintaining
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maximally tolerable dosings, is predicted to either have no effect or to lead to initial improvements,
with subsequent rest phase reductiementuallyleading to relatively poor outcomes. Thus, dose den-
sification is not predicted to be universally beneficial. Furthermore, even if it does yield improvements,
very aggressive dose densification is not advocated by the modelling predictions; this is already recog-
nized as ‘not trying to kill the [tumour] cells that are already ded&brton, 2005. In particular, once

the dose densification starts inducing substantial decreases in the maximally tolerated dose, sufficiently
aggressive further dose densing is predicted to be counter-productive.

These observations nonetheless indicate that dose densification is very useful in the current context
even though theoretical framework developed\myrton (1998ab, 2001) does not explicitly model re-
sistance, the cell cycle or toxicity. However, our results additionally highlight the importance of varying
the drug administration duration, especially if dose densing in isolation is ineffective. It is also interest-
ing to note that positive results are observed for general protocol escalations, with variations in the drug
administration time, for Phase-I trials, assessing safety profiles, and for mouse models, though currently
for systems with non-trivial pharmacokinetidsalinsky et al., 2009 Trainaet al, 2008 rather than
infusional adjuvant therapies.

Finally, one should note that the conclusions drawn are based on a model of infusional treatments
with single agent 5-FU for freshly vascularized nodules. It is therefore of course important to consider
whether generalizations of this modelling framework further influence the conclusions. Thus, future
studies will also consider the influence of combination therapies, non-exponential growth dynamics,
non-trivial pharmacokinetics and differences between regional and systemic treatments.
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Appendix
A.1. Non-dimensionalization

The fact that the healthy and tumour cell population models decouple except for the toxicity constraint
allows different non-dimensionalizations for each model; these are listed in Tables2. While we
present results in terms of dimensional variables, the underlying numerical simulations explicitly con-
sider the non-dimensionalized models and thus correspond to a family of solutions on varying the pa-
rameters governing the scalings within the non-dimensionalizations.

TaBLE A1l The non-dimensionalization for the healthy cell population model. Note that m is the max-
imum value of the drug cell intensit§y, allowed by the toxicity constraint with an analogous relation
betweeny and y. The non-dimensionalization fan andy is the same as for m angd. Similarly, the
non-dimensionalization for the initial condition functiong,(};g, P and G?n in (11) is inherited from

the non-dimensionalization of {GGg, S and G,

Independent variables t>t=t/Ts a—>a=a/Ts VoD =1v/v,
Dependent variables  Gi — G1 = v,G1/Ns S— S=TsS/Ns Gm — Gm = TsGm/Ns
Go — Go = v.Go/Ns S S =TsS/Ns A— A= A/Ns

V > V =V/u,Nsg v — b= Tv /v,
Parameters u— = Tsu Eo =T Co =T
x = 7=Tsy D> & =Tsd A— A=A/Ts
al—a=a/Ts > ap=a/Ts ag—> az=ag/Ts
Vimax — Vimax = Vmax/Vs« Ns ho>bh=1t/Ts kt; — kt; = kty/Ts
m- m=mTg o=y Y>7T="

TABLE A2 The non-dimensionalization used for the cancerous cell population, with{k 2, 3} for

the subscript associated with the variablgs @x. The non-dimensionalization fam andnf/ is the same
as for m andy

Independent variables to>f=t/T, a—>a=a/T;

Dependent variables 01 — G1 = Tcg1/No s— §=Ts/No On — Om = TcOm/No
Po — Po = Po

Parameters c—>06=0/T; a— a=ak/T; at - at=aTe
y =7y =Ty o — a= T D> D =TD
m— m=Tem Yr->T=7 fo f=Tf

t1 o> =1t/T¢ kty — kty = kty/Te yoy=y
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A.2 Parameter estimation

A.2.1Healthy cell model parameters The limiting volume of the healthy cell populatioviay, is the
number of toxicity limiting cells multiplied by the mean cell volume at equilibrium. With a fixed value
for Ns, of the order of the number of toxicity limiting cells, we take

Vmax = 2Nsv. d:ef vmastU*,
wherev, is the cell volume after mitosis andnayx is the non-dimensionalized limiting volume. The
non-dimensionalized healthy cell model evolves from the initial conditions to an attracting basin where
Vmax = 2 and an equilibrium distribution among the cell cycle compartments; only at this point is the
chemotherapeutic protocol considered. Note that if the initial conditions are taken to scabd;vdih,
the linearity of the healthy cell model ensures that non-dimensionalized model does not depénd on
this parameter simply governs the scale of the number of cells in the toxicity limiting population and an
explicit estimate is not required. Linearity similarly ensures that the distribution of cells among the cell
cycle compartments at equilibrium in the non-dimensionalized healthy cell model is not affected by the
cell volumev,.

For cycling healthy cells, the sum of the transit times in each of the cell cycle compartments under
conditions of maximal growth is given taf +ay + ag; this is equal tdls, the median cell cycle duration
under such conditionSakahashet al. (1999 and Abdreeffet al. (2000 report that the S-phase lasts
for about 12 h and that £AVl takes on average a third of the time of S-phase, giving respective estimates
for ap andas. For healthy cells, we take it that there is not an extensive variation in the cell doubling
time once they are cycling at maximal rates, and heajds treated deterministically. To estimate the
order of magnitude ofs we note that human livers have a typical regeneration time of approximately
3—-6 months Courtet al,, 2002 but the primary source of toxicity is the heptobilary epithelia, rather
than systemic liver failure. This suggests that the toxicity limiting cells have a doubling time that is
substantially less than 100-200 days. However, in systemic therapy, the fastest cycling tissues, such as
the gut epithelia, are the most sensitive and toxicity limitimgp(hataet al., 2002); these have a doubling
time as fast as approximately 1 d&gw and Wilson2000. This indicates that we taki ~ 10 days as
an intermediate between these extremes; in the simulations, we specifically work witB5/3 days.

We now consider, the apoptotic rate of quiescent cells. A healthy liver has a mitotic rate of
1:2 x 10* cells undergoing mitosis at any particular timRa(mes and Spiege2004). This gives a
non-cycling death rate of & 102 per cell cycle assuming that the healthy liver undergoes mitosis
solely to replace cells lost by apoptosis. This does not include indirect toxic effects, which would more
than likely cause an increase in the non-cycling death rate. We therefore increase this approximation
and take = 2.75 x 102 per day. The effects on regrowth will still be minimal with this change since
(Tsx L.

Experimentally, it has been observed that, following partial resection, when regrowth occurs, the first
surge of DNA replication reaches a maximum approximately 24 h after initiaahmes and Spiegel
2004). We can therefore assume that the rate of transfer frgno@;, denoted?, would be (at most)
£~1 ~ 24 h, which gives an order of magnitude estimate for this parameter.

Since in their natural state, the majority of liver cells are quiescent, we take it fifat> 1 so that
the rate of becoming quiescent is significantly faster than the rate of becoming active once quiescent. In
the simulations, we use/¢ = 27/4 though as long as we have an appropriate order of magnitude for
the choice ofu this choice does not impact the observed trends nor the conclusions.

When cell cycle arrest is terminated, as is the case when reactivation of quiescent cells occurs during
regeneration, a period of approximately 10 h is observed in mammalian cells in cdktterberget al.,
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TABLE A3 A set of reference parameter values for the healthy cell model and the tumour cell model.
The parameters Nandv, are further discussed in the text, together with details of the above parameter

estimates

Parameter Value Estimate Interpretation

Te/[1 day] € {2.0,3.0, 3.5, 4.0} Median tumour cell cycle time.

Ts [35/3] days Healthy cell cycle time.

Vs — Cell volume immediately after mitosis.

No 9.9 x 10° Initial number of proliferating cells in a micrometastasis.

Ns — Initial healthy cell number.

Vmax 2Nsv, Maximal volume in the volume regulation mechanism.

ac Tc—az —ag Median G transit time for the tumour population.

as Ts—ap —a3 The G transit time under optimal growth conditions for
the healthy cell population.

a1 15T, Maximum duration of the tumour cell &phase.

a 12 h S-phase duration.

asz az/3 Gy/M transit time

a aap € [107%In(2), Mutation rate of tumour cells in S-phase; estimates vary

10-8In(2)] widely and different values are considered in the

simulations.

o/Te 0.250r 1//8 A measure of the coefficient of variation for the tumour
cell cycle time.

I 0.002751 day The apoptotic rate of healthy cells.

¢ 1/[1 day] The rate of transfer from@3o G, for healthy cells.

u 27¢/4 The rate of transfer from 3o Gg for healthy cells.

A 10 hours Time delay between signal and effect for recruitment of
healthy cells into cycle.

x 0.5In(10)/1 day Chemotherapy induced apoptosis rate.

T 0.05 Toxicity constraint parameter.

t1, kty Variable Respectively, the duration of a chemotherapeutic
administration and the rest phase between
chemotherapeutic administrations.

w, M Variable w is the cell kill area under curve of a single dage= rt;.

w, M Variable w is the cell kill area under curve of a single, maximally

tolerated, dosen; hencey = mt;.

1995 Wolfe, 1995 which we thus take as an estimate of the time delay for reactivatioAll the above
cell cycle parameter estimates are summarized in TaBle

A.2.2. The cancerous cell population modelSince the data used to obtain estimatesfind ag
for the healthy cell population are independent of population type, we use the same estimates for the
tumour population. We have the flexibility to alter the duration of the mean tumour cell cycleTimne,

and consider
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Te/[1 day] € {2.0, 3.0, 3.5, 4.0},

the latter two of which are particularly representative of values reported for colorectal cReeenfid
Wilson, 2000. Once these parameters are specified, the mediatra@sit time for the cancer cel,
is fixed.

The coefficient of variation for the cell cycle time has been estimated to be between 0.18 and 0.25
for two-cultured tumour cell linesGhiorino et al, 2001, though one might expect larger variation
in situ due to tumour heterogeneity. Noting that the tBansit time and the tumour cell cycle time
differ by a fixed constant, the coefficient of variation for the tumour cell cycle time is approximately
o/ Te, by inspection of {6). This is not exact only because the Gaussiari6) is truncated. Given the
(under)estimates from the empirical data, we consideF. € {1/4, 1/+/8} which fixeso and yields
coefficients of variation of 0.24 and 0.31.

The parametea; is the maximum duration allowed for the; ®@hase. Choosing; = 1.5T. is a
balance between keepirag sufficiently small to allow tractable computation and allowing a sufficient
range for the transit time so as to capture the variation in tumour cell cycle time. With this choice, the
maximum @ transit time is always at least 1.6 standard deviations above the median, so that only a
minority (~ 3%) of cells are forced to leave 1@t agea; rather than ageing further in the compartment.

A minority of cells also leave the {Johase earlier than the typical shortest transit time of Abid(eeff

et al,, 2000: in particular, for mean cycle time3g, of three days or more, at most only2@ of cells
leave G before 6 hours. In the more extreme case of a median cell cycle tirig ef 2 days, this
percentage rises to either 3% when the cell cycle time standard deviation is giveTby= 1/2v/2

and 10% whemr/ Tc = 1/4. Note that no conclusions are drawn solely from the latter case, where the
use of a truncated Gaussian is clearly a very crude approximation.

The initial total number of sensitive tumour celldg, is taken to be ® x 10, which is an estimate
for the number of proliferating cells present in a spheroid micrometastasis just after vascularization
(Gaffney, 2004. Note once more that if the initial conditions are taken to scale Withthe linearity of
the tumour cell model ensures that non-dimensionalized model does not depipd on

The mutation rate per cell cycle is observed to be in the rar@e®@—10~%) (Goldie and Coldman
1998. We often take the dimensional mutation rate per unit time within S-phasie, be given by
a = 107%In(2)/a, with the factor of ¥a, normalizing for the assumption that mutation only occurs
in S-phase in the model; however, given the multiple orders of magnitude in the possible range of the
mutation rate we also vary markedly in the simulations.

A.2.3. Toxicity and chemotherapy The protocol rest phase and drug administration time are varied in
the simulation as part of an exploration of the influence of scheduling differences. Once these protocol
parameters are fixed, the maximally tolerated dose is calculated from the toxicity constraint; this fixes
the maximal cell kill area under curve per administratipn,and hence the maximal cell kill intensity

of the dosem. As detailed in Section2(3.1), the paramete®”, governing the toxicity constraint, is
dictated by requiring that the maximally tolerated dose eliminates most of¢hes8rve.

The apoptotic ratey, during intravenous infusion of 5-FU varies according to location in murine
intestinal crypts, though it decays from a maximum apoptotic index to approximately 10% of this max-
imum over of 1-2 dayslfomataet al, 2002. While noting caution over the use of murine data, such
observations indicate that the appropriate order of magnitude for the apoptotic rate is

_o. In(10).
1 day
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