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Abstract

We model the immune dynamics between T cells and cancer cells in leukemia patients after bone marrow transplants, using a
system of six delay differential equations to track the various cell-populations. Our approach incorporates time delays and accounts
for the progression of cells through different modes of behavior. We explore possible mechanisms behind a successful cure, whether
mediated by a blood-restricted immune response or a cancer-specific graft-versus-leukemia (GVL) effect. Characteristic features of
this model include sustained proliferation of T cells after initial stimulation, saturated T cell proliferation rate, and the possible
elimination of cancer cells, independent of fixed-point stability. In addition, we use numerical simulations to examine the effects of
varying initial cell concentrations on the likelihood of a successful transplant. Among the observed trends, we note that higher initial
concentrations of donor-derived, anti-host T cells slightly favor the chance of success, while higher initial concentrations of general
host blood cells more significantly favor the chance of success. These observations lead to the hypothesis that anti-host T cells
benefit from stimulation by general host blood cells, which induce them to proliferate to sufficient levels to eliminate cancer.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction beyond 8 years (Cervantes et al., 1994). While these

statistics are changing for the better with this new

Chronic myelogenous leukemia (CML) is a blood
cancer with a common acquired genetic defect resulting
in the overproduction of abnormal white blood cells. It
constitutes nearly 20% of all leukemias, affecting
roughly 1 in 100,000 people (Thijsen et al., 1999). Prior
to the recent introduction of the drug Gleevec (imatinib
or STI571), the life expectancy of CML patients was
about 4 years, with only 10% of all patients living
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therapy, the requisite large-scale clinical studies have not
yet been completed (Tauchi and Ohyashiki, 2004).
Gleevec is proving to be effective at controlling CML,
but patients still have detectable disease at low levels
(Paschka et al., 2003). Allogeneic bone-marrow or stem-
cell transplantation (ABMT or ASCT) is the only
known curative treatment for CML (Schiffer et al.,
2003), and is thus the focus of this work.

There is an abundance of evidence that the immune
system plays a critical role in the control of leukemia
(Alyea et al., 1998; Bagg, 2002; Marijt et al., 2003;
Molldrem et al., 2000; Sawyers et al., 2002; Thijsen et
al., 1999), but the exact mechanism of action remains
unclear. Infusion of allogeneic donor lymphocytes
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induces complete cytogenetic response (CR) in 75% of
CML patients who relapse after ABMT (Collins et al.,
1997; Kolb et al.,, 1995). The enhanced efficacy of
allogeneic over autologous SCT and the potent activity
of donor lymphocyte infusion (DLI) have lead to the
proposal of a graft-versus-leukemia (GVL) effect, which
suggests that the donor lymphocytes mediate the
removal of the cancer. Further evidence is found in
the correlation between complete remission and both
graft-versus-host disease (GVHD) and the loss of
chimerism (Kreuzer et al., 2002; Uzunel et al., 2003)—
but only when the donor hematopoietic cells prevail as
the dominant linecage. Given that GVHD is mediated
primarily by T cells, specifically CD8 + cells (Klingebiel
and Schlegel, 1998), the above evidence indicates a
necessary role for donor T cells in cancer removal.

Researchers have worked to dissect the mechanism by
which donor T cells eliminate cancer, with varied results.
Marijt et al. (2003) demonstrated that hematopoietic-
restricted minor histocompatibility antigens HA-1 and
HA-2 can induce a significant response from donor T
cells, essentially providing a blood-restricted form of
GVHD. Such responses are also associated with the
more general form of GVHD (Goulmy et al., 1996).
However, since 50% of patients obtain CR without
GVHD, it is possible that donor T cells react only
against the blood-specific antigens, which may differ
between host and donor (Childs et al., 1999; Falkenburg
et al., 1999). Thus, leukemia may be eliminated as the
result of a more general reaction of the donor T cells
against the antigens specific for all host lymphocytes,
both cancerous and healthy alike.

Another possible mechanism of GVL is offered by the
work of Molldrem et al. (2000), in which they identified
T cells that preferentially lysed and inhibited cancer cells
over normal marrow cells post-BMT. This work
provides evidence that cancer elimination may be
governed by a leukemia-specific T-cell response. Neither
this cancer-specific mechanism nor the blood-restricted
GVHD mechanism are mutually exclusive, and the
above studies show that both are possible.

In this work, our goal is to simulate the immune
dynamics of a stem-cell transplant in order to elucidate
the mechanism of complete remission and to provide
insight into potential future therapeutic strategies for
treating CML. Our approach is based on following the
time evolution of six cell populations: From the donor,
we consider anti-cancer T cells (cells specific for
leukemia and nothing else), anti-host T cells (those that
would mediate a blood-restricted GVHD), and general
donor blood cells. From the host, we consider cancer
cells, anti-donor T cells (that may be responsible for
graft rejection), and general host blood cells. The model
is written in terms of a system of delayed differential
equations (DDEs), using the delays to account for the
progression of cells through various states.

The structure of the paper is as follows. In Section 2
we start with a brief review of the relevant biological and
medical background, providing the material upon which
the model is based and underlining the importance of
the research in this area. We proceed in Section 3 to
provide a summary of modeling works in this and
related fields, highlighting the strengths of DDEs in this
application. Section 4 presents a detailed description of
the state diagrams describing the evolution of the
various populations through time. We also convert the
state diagrams into their entailed DDEs. The various
parameters that take part in the model are discussed in
Section 5. Our main interest here is the methods for
estimating their values. We proceed in Section 6 by
demonstrating the results we obtain through numerical
simulations of our model. We include examples of
relapse, remission, and oscillations. We also analyse the
dependence of the long-term outcome on certain
parameter values. A discussion of the results is carried
in Section 7. Concluding comments that include possible
therapeutic strategies are given in Section 8.

2. Biological background

The cause of CML is an acquired genetic abnormality
in hematopoietic stem cells in which a reciprocal
translocation between chromosomes 9 and 22 occurs.
This translocation—creating the Philadelphia (Ph)
chromosome—has associated oncogenic properties and
can be detected in more than 90% of all patients with
CML (Thijsen et al., 1999). Two genes, the tyrosine
kinase ABL gene of chromosome 9 and the BCR gene of
chromosome 22 combine in the Ph chromosome to form
the BCR-ABL fusion gene, driving increased and
aberrant tyrosine kinase activity due to this rearrange-
ment. It is this abnormal activity that leads to
dysfunctional regulation of cell growth and survival,
and consequently to cancer (Thijsen et al., 1999).

The disease traditionally progresses through two or
three phases. The first is the chronic phase, in which the
cancer grows relatively slowly, the patient shows little or
no outward symptoms, and the disease is responsive to
therapy. This is followed by a transient accelerated
phase, during which the disease accelerates growth and
becomes less responsive to therapy. The final and
terminal stage of the disease is the blastic phase (or
“blast crisis”’), during which the disease no longer
responds to most therapeutic interventions. In this final
phase, the blast count of the patient can rise above 30%
and the patient’s white blood cell count can climb
to levels approaching 300,000 cells per uL (Moore and
Li, 2004).

Of all the treatments available to patients, a complete
cure is possible only through ASCT. However, this
treatment requires a donor with matching human
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leukocyte antigens (HLA) and has an associated risk for
GVHD, which is the leading cause of treatment-related
mortality and morbidity. The risk to the patient is
greater for older individuals, and finding a matched
donor can be difficult if siblings are unavailable,
resulting in the treatment being available to approxi-
mately 40% of leukemia patients (Campbell et al.,
2001). For the other 60%, there are a number of
palliative treatments, including (for some) the milder
non-myeloablative stem cell transplant (NST), which
involves lower doses of chemotherapy and thus offers an
option to older patients (above 60 years old) (Champlin
et al., 2000). The fact that this treatment modality
involves reduced intensity preparatory regimens of
chemotherapy prior to the transplant further highlights
the potential of the immune response in controlling
leukemia.

ASCT is not always successful, in that even if remission
occurs, a patient may still relapse after a period of time.
One therapy that has been developed as a response to
relapse is DLI, which is designed to reinvigorate or
replenish the immune cells that were originally respon-
sible for initiating the original remission (Zorn et al.,
2002). Unlike the original transplant, which requires
CD8+ cells for GVL efficacy, the DLI can be CD4+
only, and yet a renewal of remission in these cases is still
mediated by CD8+ cells (Zorn et al., 2002). It is clear
from these results that while CD4 + cells may play a role
in GVL, the CD8+ T cells are primarily responsible for
cancer removal. There have been speculations as to
whether preemptive DLI (infusion before evidence of
relapse) could be beneficial, but given that DLI carries
with it an associated risk of GVHD, just as the original
transplant does, there have been no clinical studies
pursuing this hypothesis. It is our hope that the model
presented here may be applied to this and other similar
questions, where ideas exist that cannot be readily
pursued through conventional clinical research.

Treatment and control of CML underwent a dramatic
change with the introduction of the new tyrosine kinase
inhibitor Gleevec, which has proven to be an effective
treatment available to nearly all CML patients, espe-
cially in chronic phase (Druker and Lydon, 2000). While
50-60% of patients with advanced-stage CML (blast
crisis) also respond to Gleevec, patients are beginning to
relapse despite continued therapy (Druker et al., 2001;
Sawyers et al., 2002). Furthermore, resistance to Gleevec
is becoming recognized in patients in both chronic phase
and blast crisis—these have recently been shown to be
due to BCR-ABL gene mutation or amplification
(Gorre et al., 2001; Shah et al., 2002). Thus, it remains
to be seen whether Gleevec represents a true cure for
CML and for what percentage of patients, or simply an
effective control measure available to be undertaken
between or in the place of more aggressive treatments
such as ASCT (Campbell et al., 2001).

In order to make ASCT a viable option for more
patients and reduce the treatment-associated risks, a
number of studies have explored ways of reducing the
occurrence of GVHD in ASCT and DLI by altering
CDS8+ and CD4 + levels in the transplant (Champlin et
al., 2000; Klingebiel and Schlegel, 1998; Mutis et al.,
1999), with the unfortunate trend that reducing the risk
of GVHD (such as reducing CD8 + T-cell levels) incurs
a concomitant increase in the chance of relapse. Other
works have seen similar results, indicating that the
presence of large numbers of mature donor T cells in the
stem-cell graft contributes to immune reconstitution and
residual leukemia elimination (Drobyski et al., 1994;
Godthelp et al., 1999; Horowitz et al., 1990; Sehn et al.,
1999; Storek et al., 2001).

3. Modeling background and assumptions

Time-delay differential equation models have been
used previously in immune system modeling (Antia et
al., 2003), but not as often as the more prevalent
ordinary differential equations (ODEs) (Perelson and
Weisbuch, 1997). Other alternative approaches include
stage-based and agent-based modeling (Chao et al.,
2003), each of which offer different trade-offs in
computational complexity, whether in high time or
population granularity. Time-delay models offer a
unique advantage in immune system modeling in that
they provide means for dealing with a programmed
response. When stimulated by a target, it has been
shown that T cells undergo a program of division even if
the original stimulation is removed (Chao et al., 2003).
Thus, the overall immune response at a given time is not
dependent upon the current level of the stimulus, but on
the level at some time 0 in the past. This can be seen
biologically in that peak T cell levels can occur even
after complete clearance of antigen (Murali-Krishna
et al., 1998).

Regardless of the methods employed, modeling the
immune system’s interaction with diseases has lead to
advances in many fields, the most notable of which is
HIV (Essunger and Perelson, 1994; Nowak and May,
2000; Perelson and Nelson, 1999). Among the research
pertaining to cancer-related models, Fokas et al. (1991)
pioneered modeling CML using non-delay differential
equations. More recently, DDE models for immune
system and cancer dynamics include Luzyanina et al.
(2004) who used a delayed system to describe T cell
interactions with lymphocytic choriomeningitis virus
(LCMYV), and Nelson and Perelson who devised a delay
model to examine the influence of antiretroviral drugs
on HIV (Nelson and Perelson, 2002). In addition,
Villasana and Radunskaya employed DDEs in a model
considering tumor cells, immune cells, and a drug
interfering with a specific phase of the cell cycle
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(Villasana and Radunskaya, 2003). In these papers, the
authors use delays to account for the transition times
between various stages, such as precursor to effector T
cells, uninfected to infected T cells, and interphase to
mitosis.

A simple DDE model for the immune response in
CML is due to Neiman (2002). This work tried to
explain the transition of leukemia from the stable
chronic phase to the erratic accelerated and acute
phases. In recent work by Moore and Li (2004), they
devised a CML model that was composed of a system of
ODEs (without delays). Their main goal was to examine
which parameters are the most important in influence
the success of cancer remission. They concluded that
cancer growth and death rates are the most important,
and specifically that lower growth rates lead to a greater
chance of cancer elimination.

Currently, we only consider CD8+ T cells in our
model, since they play the main role in GVHD and
leukemia removal. As mentioned previously, while
CD4+ cells and other immune cells play important
roles in this process, none so much as mature CD§ +
cells. Further, previous studies in immune modeling
have found that for MHC-I diseases (such as viruses and
GVHD), explicit modeling of the separate populations
beyond CD8+ or an amalgam of CD4+ and CD8+
has little qualitative effect on the model (Kirschner and
Webb, 1996). We also omit explicit modeling of naive T
cells. Given the evidence that production of new naive T
cells requires from 2 to 6 months of thymic recovery
post chemotherapy (Dumont-Girard et al., 1998; Roux
et al., 2000), the crucial period for GVL seems to occur
when naive cells are in short supply. Further, as our
model allows for peripheral expansion of the T cells we
include, any effect of naive cells can be incorporated as a
change in the initial conditions.

4. The model

The model tracks the time evolution of six cell
populations. From the donor, we consider anti-cancer
T cells, anti-host T cells, and all other donor cells
(excluding of the two populations explicitly mentioned),
denoted by T'¢, Ty, and D, respectively. From the host,
we consider cancer cells, anti-donor T cells, and general
host blood cells, denoted by C, Tp, and H, respectively.
The anti-cancer T cells represent the cells that respond
to a cancer-specific antigen and exclusively mediate the
GVL effect, while the anti-host T cells represent those
that respond to a general blood antigen and mediate
blood-restricted GVHD.

In the following subsections we present the state
diagrams and the corresponding equations for the six
populations. The various state diagrams follow the
notation shown in Fig. 1. The rectangles stand for the

possible states for each population. The arrows repre-
sent transitions between states. The terms next to the
arrows denote the rates at which cells move from one
state to another. Most transitions have an associated
time delay indicated by the values in the circles. The
values in the circles represent the time it takes to
complete the associated transition. Each circle can be
thought of as a gate that holds cells in a given state until
the appropriate time elapses.

The model only explicitly measures population levels
in each of the six base states, one for each cell
population. Each term in the equations represents the
beginning or the termination of a path connected to the
base state (located at or near the center of each state
diagram, denoted by the population label). The interac-
tion initiation terms contain no delays, and the rates are
proportional to the product of the two interacting
populations and a mixing coefficient, k, in accordance
with the law of mass action (Moore and Li, 2004).
Termination terms contain each rate and delay encoun-
tered along their associated paths. Thus, the value of a
given population variable, for example T'¢, will at times
be less than the total number of such cells, because it will
not include cells that are within the pipeline of
interactions with other populations.

In some cases, a path depicted in the state diagrams
will lack an associated term in that population’s DDE
(for example, the paths to the Perish states in the general
cell populations D and H, see Section 4.1). This occurs
in target cell populations where interactions with T cells
that do not lead to death are not included. The
motivation lies in the fact that while T cells are limited
to one interaction at a time, a target cell may be the
subject of scrutiny by several T cells simultaneously, and
thus a single interaction is not responsible for removal
from the population of available cells.

4.1. General blood cells

The corresponding DDEs for Figs. 2a and b are

dD
= —dpD + Sp — pi ?"PkD(t — p)Tp(t — p), (4.1
dH

o = ~dnH + Si - P KH (= p) Tyt — p). (4.2)

Fig. 2a, shows the state diagram for the general donor
blood cells, D. These cells provide stimulus for a graft
rejection response from 7p. They play a passive role in
all interactions—they do not inspect other cells nor do
their behaviors change after interactions, unless they are

Time delay 2
State —
Transition rate

Fig. 1. Symbols in the state diagrams.

No flow, i.e. q3 =0
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(b)

Fig. 2. General donor and host blood cell diagrams.

killed. Consequently, we define D to account for the
total concentration in the base state and the Perish state.

Donor blood cells move through the state diagram as a
result of interactions with T cells, with cells either
surviving or perishing depending on the probabilities
PITD/D Tp/D

and p,
denote probabilities in the form plX , Where X represents
the T cell population and Y represents the target cell
population involved in the interaction. In other words,
X /Y should not be interpreted as an exponent.) Also,
stem cells provide a constant flow of new cells, and
existing cells die at the natural death rate dp.

In these and other diagrams, a Perish state does not
signify that the cell is dead, but rather that the interaction
with the given T cell has triggered a cytotoxic response,
and that after a time p, the cell will be dead as a result.

The general host cells, H, (diagrammed in Fig. 2b)
have an analogous role to the donor cells D, in that they
provide stimulus for a blood-restricted GVHD response
from Ty, and the population has a similar diagram and
DDE to the donor population.

. (Here and throughout the paper, we
/Y

4.2. Anti-cancer T cells

Fig. 3 depicts the state diagram for the anti-cancer T
cells T¢. The corresponding DDE is

dT ¢
——= —dr, T¢c—kCT¢c—kTpT
a e e c plc
+prCkC(t = 0)T (1 — o)
+p3 2 TKTp(t = )T et — o) + 2'p] /g /°
xkC(t — p —nt)Tc(t — p — nr)
e/l — p— Tt —p—v). (43)
These cells interact with two other populations, their
target cells C, and the graft-rejecting cells 7p. In the

T¢/C interaction (the left wing of Fig. 3) the T cells
examine cancer cells and decide whether to react to the

stimulus or to ignore it with probabilities plTC/ < and
p2T c/ C, respectively. If the T cells ignore the stimulus,
they return to the base state after a delay of o, which
represents the time for a non-productive interaction. If
the T cells react, they have a chance of destroying their
targets through a cytotoxic response associated with a
delay of p. After responding, the cells may enter a cycle
of proliferation with probability qlTC/ < Alternatively,
they may forego the proliferation plan and simply
recover cytotoxic capabilities (involving the replenishing
of cytotoxic granulocytes) in preparation for their next
encounter, returning them to the pool of active cells
after a delay of v.

We assume that T cells divide an average of n times
during proliferation, resulting in 2" times as many cells.
Each cycle of division takes 7 units of time to complete,
hence the entire proliferation cycle requires nt units of
time. We assume that during this time, all proliferating
T cells are unavailable to interact with other cells, and
thus they are not included in the measure of 7. When
. . . . . TojC
interacting with cancer cells, there is a probability ¢
that the T cells will become anergic (i.e. tolerant) from
the interaction. This effectively amounts to death in our
simulations.

The Tp/Tc interaction (the right wing of Fig. 3)
represents encounters between anti-cancer cells and anti-
donor T cells, where here the T ¢ cells are only targets.
With probability p]TD/ ¢ the T¢ cell may perish due to a
graft-rejection response from 7 p. In addition, some cells
die at the natural rate dr.

4.3. Anti-host T cells
Fig. 4 shows the state diagram for the anti-host T cells
Ty. The corresponding DDE is
dTy
dt
= —dy, Ty —kCTy —kTpTy — kHTy
+pX 1 CkC(t - ) Ty(t — o)
+p3 P T p TP T (1 — )Tyt — o)
+p M KH(t — 6)Ty(t — o)
+ Z”plTH/CqITH/CkC(t —p—nt)Ty(t—p — nr)
2pln M Tl bt — p— no)Ty(t — p — n1)
+ 2np2TD/THp]TH/TD
quTH/TDkTD(t —p—nt)Ty(t — p — nr)
+p1 " gy kC(t = p =) T(t — p — )
+p G RH(E— p — 0)T(t = p —v)
+p2TD/THp1TH/TDq2TH/TDkTD(Z —p—v)
XTy(t—p—v). 4.4)
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Tc/C Interaction

Proliferate
ale°

Die or

1/

Survive |©

uoloeialu|

Become anergic

Tl
gz “c

Fig. 3. Anti-cancer T cell diagram.

Ignore

Tw/C Interaction

Dieor
become
anergic

uonoelsaw| 9 /Hp

Fig. 4. Anti-host T cell diagram.

This group of cells undergoes interactions with all
host cells C, H, and Tp. In the T /C interaction (upper
left wing of Fig. 4), the anti-host T cells react with
cancer in the same way as anti-cancer T cells. In other
words, they can either respond to the stimulus or ignore
it with probabilities plTH /€ and pzT /e, respectively. After

reacting, there is a probability q3T #/€ that the T cells will

become anergic after the encounter with cancer cells.

In the Ty /H interaction (lower left wing of Fig. 4),
the T cells react in the same way with general host blood
cells H, except that the general host blood cells cannot
cause anergy.

In the Ty /Tp interaction (right wing of Fig. 4), the
two types of T cells each have a chance of killing the
other. Hence, the probabilities that an anti-host T cell
survives the encounter and goes on to react to or ignore

its target are p2TD/THp1TH/TD and pzTD/TszTH/TD respec-

tively. The extra factor of pzT p/TH i the probability that
the target anti-donor T cell does not kill the anti-host T
cell. The remaining anti-host T cells get killed by their
interactions with their target anti-donor T cells.
Additionally, we assume that although T cells may be
killed, they do not become anergic from such interac-
tions. Hence, q3TH/TD =0. Some cells also die at a
natural death rate dr,,.

4.4. Cancer cells

Fig. 5 depicts the state diagram for the cancer cells C.
The corresponding DDE is

dC
3 = "€l = ¢/me) = p""kC(t = )T clt = p)

— pi/TkC(t = p)Tu(t — p). (4.5)
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As target cells, cancer cells have similarly passive roles
in interactions to those of D and H, and thus the value
of C represents the number of cells in the base state and
the two Perish states (i.e. all states other than Death). In
addition, cancer multiplies at a logistic growth rate
indicated by the closed loop at the top of the diagram.
The logistic parameter r¢ represents the net growth rate
of cancer, which includes its natural death rate, and the
parameter m¢ represents the carrying capacity of the
cancer population.

The C/Ty and C/T¢ interactions are analogous to
the Tp/D and Ty /H interactions for the general blood
cells in Section 4.1.

4.5. Anti-donor T cells

Fig. 6 depicts the state diagram for the anti-donor T
cells, T'p. The corresponding DDE is

dr,
dt
=—dr,Tp—kTcTp—kTyTp—kDTp
412/ TCRT o(t — )T p(t — o)

4+ pialTop DI TH T (1 — 6) T p(t — 0)

logistic growth

CITy Interaction
uonoesa| 21/

Death rate is included
in net logistic growth term

Fig. 5. Cancer diagram.

Ignore

To/Te Interaction

No flow.
q;D/TC: 0"

" To/DInteraction

+pI2/PkD(1 — 6)T (1 — o)
+ 2”plTD/TCq1TD/TCkTC(t —p—nt)Tp(t — p — n1)

4+ 2pTH/To o/ Th
xq{ P!THET y(t = p — nt)Tp(t — p — )

+ 2”plTD/Dq1TD/DkD(t —p—nt)Tp(t — p — n1)

+p1 2T P Tk T et = p = 0) Tt = p — )

4 py T p 0111 g I Ty (f— p— )Tt — p — v)
+p1 PP P PkD( = p = )Tt —p—v).  (46)

The anti-donor T cells respond to anti-cancer T cells
T ¢, general donor blood cells D, and anti-host T cells
Ty the same way anti-host T cells respond to C, H, and
Tp, respectively. Hence, the diagram for anti-donor T
cells is analogous to the one for anti-host T cells in
Fig. 4. The only difference is that we assume anti-cancer
T cells cannot cause anergy in anti-donor T cells, so

q3TD/TC = 0 on the lower right wing of Fig. 6. Similarly,

q3TD/TH = 0 on the lower left wing.

5. Parameters
5.1. Setting the parameters

The various parameters used in our model are
summarized in Tables 1 and 2. Whenever possible, we
obtained their values directly from the literature,
although at times we had to make do with estimation
when specific information was unavailable.

The delays p, o, 7, and v come from known values for
these events and interactions (see Table 1 for references).
For the death rates, if we use the conservative estimate
that T cells have a half life of about three days without
stimulation (Duvall and Perry, 1968), then the T cell

Ignore

React

wnoelaiul Hy /9

TO/TH

No flow ',
q'grD/TH:O .

Killed by T,

Fig. 6. Anti-donor T cell diagram.
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death rates dr., dr,, and dr, are about 0.23 day~".
If we assume that general cells have a half life of
about a week, the death rates dy and dp are about
0.10day™".

The cancer growth rate for the Gompertz function is
estimated in Moore and Li (2004) to be 0.03, while
several studies (Fokas et al., 1991; Stryckmans et al.,
1977) report that cancer cells multiply at the same rate,
or perhaps more slowly, than normal myeloid cells at a

rate of 0.9% per week during the chronic phase.
Assuming exponential growth, this observation yields
an estimated net growth rate of (In 1.009)/(7 days) =
0.0013day~". In our model, we use a logistic function,
but nonetheless, we can estimate that the logistic cancer
growth rate r¢ has an order of magnitude around 1072
and 1073,

The precise number of programmed cell divisions a
mature T cell undergoes after stimulation was not

Table 1
Parameters
Param. Description Estimate References
Delays (day)
p Time for reactive T cell-antigen 0.0035 (5min) (Friedl and Gunzer, 2001)
interactions
o Time for unreactive interactions 0.0007 (1 min) (Friedl and Gunzer, 2001)
T Time for cell division 0.5-1.5 (Chao et al., 2003; Lee,
Unpublished data)
v T cell recovery time after killing 1 (Friedl and Gunzer, 2001)
another cell
Growth and death rates (day™")
dre, dry, dry T cell death rates 0.23 (Duvall and Perry, 1968)
dp, dy General death rate 0.1 Estimated
re Net cancer growth rate 1073-1072 (Fokas et al., 1991; Moore and
Li, 2004; Stryckmans et al., 1977)
me Logistic carrying capacity for 1.5-3.5x% 10° (cells/uL) Estimated
cancer
n Avg # of T cell divisions after <8 times (Antia et al., 2003)
stimulation
Proportionality constant for law of mass action (cells/uL)~" day™!
k Kinetic mixing rate 1073 (Luzyanina et al., 2004)
Table 2
Transition probabilities®
Param. Description Estimate
Probabilities
pf( /Y Probability of a reactive X/Y interaction pf{ Y pf Y _
pé( /Y Probability of an unreactive X/Y interaction
qif /Y Probability that X proliferates after interaction t]f{ Y qf vy qg( /Y
qf/y Probability that X keeps probing after interaction
‘lf /Y Probability that X becomes anergic after interaction
Tp/T,
pJTH/H’pITH/TD’plTD/D’pl n/ C,plTD/TH 0.9
Te/C  Ty/C
o c/ Dl 1/ 0.8
P1(/Tca pf/TH 0.6
Ty/H Ty/Tp Tp/D Tp/Te Tp/T P —
iH/ ’qu/ D’qiD/ ’qil)/(’qiD/H 05(=12)
T¢/C  Ty/C 025 =1,2)
q; > 4

“Estimates based on observed patient data.
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directly available, despite ample evidence that such
peripheral expansion takes place (Godthelp et al., 1999;
Horowitz et al.,, 1990; Storek et al., 2001). Using
population-wide expansion and estimates for naive T
cell proliferation (Antia et al., 2003), we set the average
number of effector cell divisions n to be less than or
equal to 8.

The theoretical limit for the number of white blood
cells in the blood is about 3.5 x 10°cells/uL, and
healthy white blood cells rarely exceed 5—10 x
10° cells/uL. However, in reality, the cancer cell level
often saturates at around 1.5 x 10°cells/pL, so we
estimate the carrying capacity for cancer m¢ to be
between 1.5 and 3.5 x 10° cells/uL (Lee, Unpublished
data).

The kinetic mixing coefficient k is an elusive kinetic
parameter, which we compare to the rate constant of
virus elimination in Luzyanina et al. (2004) to obtain the
ballpark estimate of 10~ (cells/ pL)~! day™!.

The probabilities denoted by p depend on the cross-
reactivities of the interacting populations, and the
probabilities denoted by ¢ depend on how the cells
proceed after reactive interactions (see Table 2). In
addition, the parameters of the form p, depend on the

antigenicity of the target, which we assume is high for

most interactions. Consequently, we set plT”/ " and

plTD/D equal to 0.9. This value may be lower for
interactions between two T cells, but for simplicity, we

also set plTD/TC, pr/To and pI?/TH equal to 0.9. The
probabilities of the forms ¢, and ¢, govern whether or
not the cells start to proliferate after stimulation, or
simply recover cytotoxic capability in preparation for
their next encounter. For now, we assume ¢, = ¢, in
all cases.

For T cell-cancer interactions, we have the following
assumptions (Lee, Unpublished data): 20% of the time
nothing happens, and both cells survive and depart; 20%
of the time cancer lives, and the T cell becomes anergic or
dysfunctional; 40% of the time cancer dies, and the T cell
survives and moves on; 20% of the time both cancer and
the T cell die. From these assumptions, we can deduce the
following probabilities: the probability of a reactive
interaction is 0.8; the probability that the T cell dies is
0.4; and the probability that cancer dies is 0.6. The values

above correspond to the probabilities plT /€ pch/ Cq3Tc/ ¢

p/TC If as before we assume g] </ = g7/, then the
p’s and ¢’s are uniquely determined and listed in Table 2.
We also use the same values for the corresponding 7Ty /C
and C/Ty probabilities.

5.2. Initial concentrations and stem cell supply rates

The initial concentrations and stem cell levels are
summarized in Table 3.

Table 3
Initial concentrations®

Param. Description Estimate
Initial concentrations (cells/uL)

Tco Anti-cancer T cells 107'—1
Ty Anti-host T cells 107" -1

Dy General donor cells <10

Co Cancer cells <1.7x1073
Thpo Anti-donor T cells <1.7x 107
Hy General host cells <10

Stem cell supply rates ((cells/pL) day™')

Sp Donor cell resupply rate 107°—=107°
Sy Host cell resupply rate 1078=1077

“Estimates derived from patient data from the Blood and Marrow
Transplantation Division of the Stanford Medical School.

Prior to an allogeneic bone marrow transplant
(ABMT), a patient receives intense chemotherapy and
possibly radiation to reduce the cancer load, which has
the added effect of depleting the host immune system. If
remission is achieved, the cancer load has reached levels
undetectable by reverse transcriptase polymerase chain
reaction (RT-PCR), which has a sensitivity to about 10*
cells in the body (Bagg, 2002). Considering that the
average person has about 6L of blood, this number
yields a cancer cell concentration of less than
10%/6 cells/L = 1.7 x 1073 cells/uL after treatment. In
addition, the patient’s healthy white blood cell count
makes up less than a tenth of the total healthy and
unhealthy white blood cell count, and only a small
fraction of these represent functioning CD8+ T cells
that could react against donor cells (Lee, Unpublished
data). Thus, we make the following estimates: initial
cancer concentration Cop< 1.7 x 107 cells/uL and initial
anti-donor T  cell concentration T po<1.7 x
10~* cells/pL.

Furthermore, the intense chemotherapy also greatly
reduces the host’s hematopoietic stem cell (HSC)
population. As we will calculate in the following
paragraph, the HSC count is about one-fiftieth the T
cell count. In addition, we estimate the division rate of
stem cells to be close to the growth rate of cancer, which
is 0.01day~'. This means that the supply rate, Sy, of
new host cells is about Tpo/50 x 0.01day™' <3.4 x
1078 (cells/pL)day~'. Hence, for our estimate, we
assume that the supply rate, Sy, is on the order of
107" —10719 (cells/uL) day ™.

During the past 5 years, HSC have been obtained by
giving the donor a drug that causes stem cells to
mobilize from his or her bone marrow and circulate in
the bloodstream. At this time, the donor’s blood is
collected in an apheresis machine and analysed for
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the CD34+ marker. Currently this marker is the best
detection method, but still only 1 in 10,000 to 1 in
100,000 CD34+ cells is a true HSC. The collection
continues until the sample reaches a target total number
of CD34+ cells, which usually ranges from 2.4 to 10 x
10° CD34+ cells per kg of the recipient’s body weight.
For a standard (full intensity chemotherapy) ABMT,
the patient typically receives 3 x 10® CD34+ cells per
kg. For a non-myeloablative (reduced intensity che-
motherapy) ABMT, the patient receives 5 x 10°
CD34+ cells per kg. Finally, the collected product
generally contains 0.1% to 1% CD34+ cells and 30%
to 50% T cells.

We also make use of the following information (Lee,
Unpublished data):

1. A healthy adult has a blood concentration of about
1 x 10%cells/uL  of CD4+ T cells and 6 x
10% cells/uL of CD8+ T cells. Hence, the ratio of
CD8+ T cells to total T cells is 600/1600 = 0.375.

2. The body contains approximately 6.7 x 10'! naive T
cells with about 2.5x 10" different specificities
(Arstila et al., 1999). Each T cell expresses one TCR
specificity that responds to about 100 or more
different peptide-MHC (pMHC) complexes at differ-
ent levels of cross-reactivity (Valmori et al., 2000). A
cancer cell contains on the order of 10,000 genetic
events, some of which lead to unique peptide antigens
(Stoler et al., 1999). Assuming 1% of the genetic
events lead to new antigens which stimulate 100 TCR
configurations with 50% cross-reactivity, we obtain
10,000 x 1% x 100 x 50% = 5000 tumor-reactive T
cell specificities. So, out of the entire naive T cell
population, we expect about 5000/(2.5 x 10) =
1/5000 naive T cells to be tumor-reactive. To
calculate our initial values, we assume that this
frequency estimate for naive T cells carries over to
effector T cells.

In addition, we assume that on average a person weighs
75kg and has 6 L of blood. We denote the concentration
of any quantity x by [x]. Based on our assumption, the
various values for the collected bone marrow transplant
can be computed as follows:

75kg x (3 x 10°CD34 + /kg)

6L
=3.5x 107 cells /L,

[CD34+] =

[HSC] = [CD34+] x (107°—10"*HSC/CD34+)
=3.5x107* to 1073 cells/pL,

T cells _30—50%
CD34 +cells~ 0.1—-1%
= 30—1500,

[T cell] = [CD34+] x (30—500)
= 1.05—17.5 x 10% cells/pL, (5.1

(T cell)
5000
= 0.21-3.5 cells/puL,

[Tumor reactive T cell] =

[Tumor reactive CD8+] = [Tumor reactive T cell]
% 0.375—107" to 10°cells/pL. (5.2)

Using the estimate that the division rate of stem cells
is 0.01day~!, we obtain that the supply rate, Sp, of new
donor cells is about HSC x 0.01day™' = 3.5 x
107 to 1073 (cells/uL)day_]. In addition, the value
for the tumor reactive CD8+ T cell concentration
(5.2) corresponds to the sum of the initial anti-cancer
and anti-host T cell concentrations Tco + T .

The initial concentrations of residual host and donor
blood cells, Hy and Dy, cannot be measured easily,
because these populations include numerous types of
blood cells. Furthermore, chemotherapy and irradiation
deplete the residual host blood cells to levels below
the detection limit of about 10cells/uL.> Hence, we
can only make the rough estimate that the initial
residual host blood cell concentration, Hy, is below
10cells/pL. To estimate the initial residual donor
blood cell concentration, Dy, we assume that the
ratio between Dy and H is approximately the same as
the ratio between the corresponding stem cell levels,
which is SD/SH~10_6/10_8 = 10°. Hence, we estimate
that D, is around or below 10cells/uL x 10% =
10° cells/pL.

In our simulations, we choose Dy = 1000 cells/pL
and H, to be on the order of lcell/pL, because
this range of parameters allows us to inspect the
behavior in regions where the model makes transi-
tions between parameter regions where cancer
relapse occurs to regions where complete remission
occurs.’

>We discussed the more sensitive method of RT-PCR for detecting
leukemic cells at the beginning of Section 5.2. However, RT-PCR relies
on a unique oncogene or translocation (e.g. BCR-ABL) in certain
leukemic cells, which would not be available for residual host blood
cells. Hence, the detection limit for residual host blood cells is much
higher than the RT-PCR limit of 10~ cells/uL.

3The influence of the parameter Dy on the model is insignificant for
any value around or less than 1000 cells/pL. However, the results are
highly sensitive to the value of Hy for H, around 1cell/uL. For Hy
much less than 1cell/pL, cancer nearly always relapses, and for Hy
much greater than 1cell/pL, cancer is almost always eliminated. This
trend is discussed more fully in Section 6.5.
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6. Numerical simulations and results
6.1. Jump start adjustment

In delay differential equations, the values of the
variables for 1< (0 must be set as an initial condition. To
obtain the most meaningful initial conditions for our
model, we assume the host cell populations to be at a
steady state before the transplant, while the donor-
derived cell populations are not present until the
time of the transplant at 1= 0. In other words, the
values up to time 0O are denoted by the vector
[Tc’oé(l‘), TH’Oé(l‘), Dyo(1), Cy, TD’(),H()], where the terms
Tco, Tro, Do, Co, Tpp, and Hy denote the concentra-
tions of the six cell populations at time 0, and

0 if 10,
5@_{1 it 1=0.

6.2. State constraint

The model incorporates negative terms with positive
delays in the three target-cell populations (cancer, host,
and donor cells), which can cause the values of these
populations to pass through zero and become negative.
(Note that this phenomenon would not occur with the
corresponding ODEs without the delays.) This is a result
of target availability, where target cells are not removed
from the available population when an interaction is
initiated with a T cell. Instead, they wait until a
cytotoxic event before leaving, which allows a slight
overestimation of T cell efficacy. While more biologi-
cally accurate, target availability requires a correction
for the associated artifact, which comes in the form of
the state constraint that a population’s derivative
must remain nonnegative when that population value
reaches zero. For example with the general donor blood
cell population, D, because of the delay, p, in the
expression for dD/dr (Eq. (4.1)), the term dD/ds might
still be negative even though D(¢) = 0, since the term
D(t — p) might be positive. To account for this artifact,
we set

AD/d the value from Eq.(4.1) if D(t)>0,
D/dt= the positive part of that value if D(¢r) = 0.
We apply the same state constraint to all other
populations. Note that for the cancer population, the
value from Eq. (4.5) is always less than or equal to zero
when C(f) = 0. Hence, the state constraint becomes

the value from Eq. (4.5) if C(¢)>0,
dC/dt = .
0 if C(¢r)=0.

Furthermore, for the three T cell populations, T¢, Ty,
and T'p, the values from Egs. (4.3), (4.4), and (4.6) are

always nonnegative when T'¢, Ty, and Tp equal zero.
Hence, the state constraint is not supposed to come into
play. Nevertheless, to account for possible errors from
numerical approximations, we apply the state constraint
to all six cell populations when running simulations.

In our numerical simulations, it is quite possible that
extinction may result from numerical artifacts due to the
error of approximation. Even so, in practice, once a
modeled population passes below a certain threshold,
some authors consider it extinct due to minute fluctua-
tions and noise (which we do not include in the model).

6.3. Extinction instead of stability

In all our numerical simulations we use the ‘dde23’
delay-differential equation solver in MATLAB 6.5. We
took the relative and absolute tolerances for numerical
approximations to be MATLAB’s default values of 10~
and 107°, respectively. We found that for much lower
tolerances, such as 107% and 1077, it becomes much less
likely for the cancer cell population to reach zero in the
numerical simulations. Hence, by applying the default
values, we have implicitly imposed a tolerance governing
when we consider a numerical quantity to be effectively
at zero.

From the definition of dC/d¢ and the state constraint
discussed above, if the cancer concentration ever hits
zero, it remains there and does not recover. Hence, the
event C(f) = 0 implies total cancer elimination, which
serves as a natural criterion for a successful cure. On the
other hand, if we remove the state constraint, the cancer
population may become negative and give rise to an
unstable oscillation as shown in Fig. 7(lef?).

Therefore, for the purposes of this model, we study
the conditions that lead to the extinction of the cancer
population rather than the stability of cancer-free fixed
points. We find this choice appropriate, since in our
case, unstable oscillations around a cancer-free fixed
point will cause some populations’ values to travel
below zero and back. At this point, the values are not
biologically meaningful and probably imply the com-
plete elimination of one or more or the cell populations.
Indeed, in Luzyanina et al. (2004, p. 11), made the same
observation in their model when they noted that very
large oscillations are not biologically realistic, and
therefore imply the elimination of the virus.

An additional difficulty with stability analysis for this
model is that the characteristic equations associated
with the DDEs are transcendental, as one would expect.
Hence, the eigenvalues are very difficult to analyse,
especially since the model incorporates four different
delays: p, o, p +nt, and p + v.

In light of the extinction criterion, the solution of the
DDEs would behave very differently if we removed the
delay p. Specifically, the cancer population would
never reach zero. Indeed, if we set p =0, then
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Eq. (4.5) would be
dc

5 = lre(1 = C/me) = pi kT () = pi T KT H(1) €

(6.1)
and a derivative of this form would not allow the value
of C to ever become 0. Hence, despite the fact that p is
on a much smaller time-scale than the other delays t and
v, its presence is essential for our analysis. For
consistency, we also include the delay ¢ which is on
the same time-scale as p.

6.4. Representative examples

A notable characteristic of the state-based delay
model is the delayed T cell response to antigen
stimulation. Due to the time lag, T cells continue to
proliferate even after the stimulus disappears. This
phenomenon occurs because of a delayed feedback
loop, such as the one discussed in Bernard et al. (2003).
In particular, the delay for T cell proliferation is nt, so
the primed T cells withdraw for nt units of time and
divide n times regardless of what happens to the

stimulus in between. This behavior follows the notion
of an antigen-independent T cell proliferation program
described in Antia et al. (2003). Essentially, the delayed
reaction gives T cells the momentum to effectively and
thoroughly remove the target.

In this model, when the T cell response works
effectively, the donor-derived T cells, T¢ and Ty, can
quickly and completely stamp out cancer cells after an
initial delay. This is shown in Fig. 8.

From Fig. 8, it appears that the anti-host T cell
concentration 7'y suddenly jumps at 4, 8, 12, and 16
days after the transplant. Zooming in on this region we
see the jumps more clearly in Fig. 9, (left and center).
These jumps occur because Ty represents the subpopu-
lation of anti-host T cells that are available for
interaction, not the entire population. Most of the
anti-host T cells react to general host blood cells or
cancer cells shortly after time 0; these cells withdraw and
divide for n = 4 cycles, which last roughly 4 days. After
this period, these T cells return to the available
population after having multiplied 2* = 16 times over.
These cycles of withdrawal and proliferation continue in
intervals lasting about 4 days, and as time goes on the
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jumps become more attenuated and spread out.
Notably, the sudden drops in the net cancer growth
rate coincide in time with the jumps in available anti-
host T cells. In reality, the total anti-host T cell
population, including those that are dividing, increases
more smoothly than the population represented by 7'y,
but for the purposes of the model, we only need to keep
track of available T cells. As another characteristic
feature of the model, the anti-host T cell peak occurs
after about 21.5 days (Fig. 9, right), which is about a day
later than when the cancer population steeply drops off.

If the T cells do not completely destroy the cancer,
relapse occurs. In this situation, the cancer remains well
below detectable levels for a period of time, due to the
slow growth rate r~1072, before returning and over-
whelming the depleted T cell population. This is shown
in Fig. 10.

For a narrow range of parameters, one can also
obtain several cycles of oscillations before cancer
ultimately dies out or relapses. This is shown in
Fig. 11. The occurrence of oscillations in the model is
rare, but corroborates the occurrence of Jeftf’s phenom-
enon, where tumor levels have been observed to
fluctuate around a fixed point (Villasana and Raduns-
kaya, 2003, p. 285).

6.5. Behavioral trends

Figs. 12-16 depict results from multiple simulations in
which we varied two parameters while holding all others
fixed. These results show how the behavior of the model
changes across different parameter ranges. We apply the
following criteria to automatically determine whether a
parameter set leads to a cure by a specified time ¢:

e Successful: Cancer count goes to 0, i.e. C(2)<0.

® Unsuccessful: T cells are exhausted, and cancer
relapses to near carrying capacity, i.e. T¢(1)<0,
Tu(t)<0, and C(£)>1.5 x 10° cells/uL.

e Unresolved: Neither of the above hold.

This method of varying parameters in pairs allows us
to look at general trends with relatively modest
computational time. Another useful approach is Latin
Hypercube Sampling. For example, in Moore and Li
(2004), Moore and Li apply Latin Hypercube Sampling
to a different model of leukemia and determine that the
likelihood of cancer remission decreases as cancer
growth rate increases. However, due to the large number
of parameters in our model, such an analysis would
greatly increase the computation time and is not
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necessary to observe the qualitative trends that we seek
to obtain.

In the five examples in Figs. 12-16, we vary the
parameter pairs: r¢ vs. n; Ho vs. n; Tpo vs. To; Ho vs.
Tuyp; and Hy vs. r¢, respectively, with a focus on the
transition regions where the global behavior of the
model changes according to the criteria outlined above.
Each of these parameters was selected due to its
potential accessibility via therapeutic treatment (H, for
example, can be modulated by varying the intensity of
the chemotherapy preparatory regimen). The values of
the constant parameters are reported in Appendix A.

We summarize the behavioral trends apparent from
these graphs in items 1 through 5 below. We note that in
nearly all cases, the anti-cancer T cells (7 ¢) die out very
quickly due to an initial lack of stimulation from the low
levels of cancer immediately following chemotherapy, a
point we include as item 6.

1. Higher cancer growth rates rc make complete
remission slightly more likely after a bone marrow
transplant. (Figs. 12-16)

2. Higher average numbers of T cell division after
stimulation favor complete remission. (Figs. 12
and 13)

3. Anti-donor T cells Tp usually die off, but a high
initial level Tpo can cripple the donor T cell levels
and prevent a successful transplant. (Fig. 14)

4. Higher initial host blood cell concentrations Hy
greatly improve the chances of a successful cure.
(Figs. 13, 15 and 16)

5. Greater initial anti-host T cell concentrations 7'z
slightly favor the chances of a cure, but less so than
with high initial host blood cell concentrations H,.
(Fig. 15)

6. Cancer-specific T cells 7'¢ usually die out quickly and
do not affect the success of a transplant.

In the grids, we observe that the boundaries between
successful and unsuccessful regions is not smooth and
there are occasional, aberrant points in the middle of
otherwise homogeneous regions. These results are not
surprising, since we applied an extinction criterion
rather than a stability criterion to differentiate between
success and failure. These results show that conditions
for complete cancer extinction are very sensitive to
parameters and initial cell concentrations. However,
despite its sensitivity, the grids also indicate clear trends
in behavior as certain parameters are varied. We use
these trends to form several hypotheses that we
elaborate below.
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Initial host cell concentration Hy (103 cells/uL)

Fig. 16. Hy vs. r¢ (see Appendix A for parameters).
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7. Discussion

This model presents a novel approach to simulating
cell interactions by using delays to capture the transi-
tions between modes of behavior. The method extends
ideas from the comprehensive non-delay differential
equation model of Moore and Li (2004) and the simpler
delay-based model of Neiman (2002), incorporating
added biological and mathematical features over these
previous works.

In our model, T cells reach a maximum proliferation
rate without the use of a Michaelis—-Menten or similar
correction term. For example, T cells cannot multiply
faster than 2" /(p + nt) times per day, and this maximum
is attained only if the relevant transition rates are all
infinite. Hence, the delays naturally capture the sequen-
tial nature of interactions and the saturation effects due
to time lags, features which often require artificial
corrections in ODE models and others lacking delays.

Any model will have its set of accompanying
assumptions and corrections. Specifically, the state
constraint (see Section 6.2) necessitated by target
availability deserves future exploration. The artifact
may, in fact, be less accurate than the removal of this
feature. As an alternative, we could treat the target cells
in the same way as the T cells in that they are completely
removed from the interacting populations during cell-to-
cell encounters. In this case, the state constraint would
not be necessary, but the cancer population would never
completely reach extinction. A thorough exploration of
such a possibility will accompany future iterations of the
model. Furthermore, additional biological features
arguably should be considered. For example, separating
the T cell population into CD4+ and CD8+ compart-
ments, and each of these compartments into naive,
effector, and memory subsets, are some of the modifica-
tions that could be incorporated into the model. These
features may not be necessary for the present applica-
tion of the model, but will be required to explore
findings that specifically pertain to these cell populations
(Alyea et al., 1998; Shedlock and Shen, 2003; Sun and
Beven, 2003; Zorn et al., 2002).

7.1. Discussion of behavior

The behavior of the cell populations in this model
generally falls into three categories: complete cancer
remission, cancer relapse, and oscillation followed by
either remission or relapse. Examples of these types of
behavior are shown in Figs. 8, 10, and 11, respectively.

Although the model incorporates six populations,
most populations are transient and die out after 30 to 60
days. Since chemotherapy depletes the initial levels of
anti-donor T cells, Tp, these T cells start at very low
levels and are usually overwhelmed by anti-host T cells.
In addition, chemotherapy also greatly reduces the

cancer cell population, so the anti-cancer T cells T'¢,
which lack the proxy stimulus of the general host cells in
addition to cancer, are without sufficient initial stimulus
to drive a significant response and prevent extinction.
Thus, they die out quickly and are usually depleted
before the cancer relapses. While this does not eliminate
the possibility of a cancer-specific GVL effect, it suggests
that there is insufficient stimulus for such a mechanism,
and by implication the dominant means of cancer
removal is blood-restricted GVHD (see point 6 in
Section 6.5).

Despite the transient nature of roughly half the cell
populations, they all can influence the result of a
complete remission or relapse. For example, the general
host blood cells H provide the necessary stimulus for the
anti-host T cells Ty to start proliferating. Thus, their
initial level is very important even though they typically
die out within 30 days. In their absence, the level of
cancer is too low to initiate a proper response alone. In
addition, the anti-donor T cells have the potential to
substantially attenuate the anti-host T cell proliferation
response, because anti-donor T cells can destroy anti-
host T cells. Hence, a high initial population of anti-
donor T cells may cause the anti-host T cell response to
be inadequate to completely remove the cancer. Each of
these counterbalancing measures offers a potential
opportunity for therapeutic intervention to tip the scales
in favor of complete remission. (See the Conclusion
section for further discussion of such possibilities.)

7.2. Discussion of trends

The first point in Section 6.5 offers what may seem to
be a counter-intuitive result, indicating that clinical
outcome is actually improved with a higher cancer
growth rate post-ASCT, in the presence of an immune
response. When cancer grows quickly, it initiates a
larger T cell response (assuming the appropriate
population has not already gone extinct) and thus it is
more likely to be cleared from the host. In contrast, a
slow growth rate may either allow T cell populations
enough time to diminish significantly, or may lead to
stable or unstable oscillations. Two biological phenom-
ena that are not explicitly included in the model can aid
in interpreting this result. First, inclusion of memory
cells would help prevent the T cell population from
dropping beyond certain thresholds. However, except
for narrow parameter ranges, their overall effect is to
transform T cell extinction situations into damped
oscillations (unpublished data). With inclusion of the
second phenomena, anergy, we can interpret such
oscillations as eventual relapse as the T cells slowly
acquire tolerance due to the repeated exposure to the
target cells.

Thus, slower cancer growth leads to a higher chance
of relapse. This finding is supported by biological
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observations that leukemia cells proliferate no faster
than normal progenitor cells (Clarkson and Strife, 1993;
Strife et al., 1988). The observation also coincides with
the prediction of Luzyanina et al. (2004, p. 7). In their
model of LCMYV, they predict that the virus can persist
at low levels, if the replication rate of the virus is smaller
than it was during acute infection.

On the other hand, this result contrasts the conclusion
of Moore and Li (2004) that lower cancer growth rates
favor cancer elimination. However, in their model, they
examined the dynamics of cancer and immune cell
interaction within the patient’s body without an ABMT.
They utilize Michaelis—Menten corrections throughout
their model, in addition to Gompertz law. At the same
time, their saturation point for cancer is significantly
higher (three orders of magnitude) than for the T cells.
Thus, increased growth rate for cancer will always be
beneficial for cancer persistence as long as it can grow
beyond the saturation point of the T cells, which are
capped in their stimulus response regardless of how fast
cancer grows. In contrast, while our model incorporates
saturating rates of change due to delays, we did not
place an absolute cap on the T cell population, relying
on the cap included for cancer as a surrogate for the T
cells. A future model may need to incorporate both
delays and absolute population caps (beyond just
cancer), to elucidate the details underlying these differ-
ing results.

For the second point, we notice that as the average
number of T cell divisions n after stimulation increases,
the chance of a complete remission also increases.
Indeed, for greater values of n, the T cell response takes
more time to ramp up, but it ultimately reaches higher
levels, which aid in the successful removal of cancer.

The third point supports the expected notion that the
host immune system reacts against the donor bone
marrow and can cause an unsuccessful transplant. Since
the anti-donor T cell concentration starts at low levels as
estimated in Section 5, these cells nearly always dwindle
to extinction. However, their initial levels significantly
affect the likelihood of a successful cure. This point is in
accordance with the treatment procedure that a patient
must go through chemotherapy and irradiation to
deplete his or her immune system prior to the bone
marrow transplant, in order to avoid graft rejection.

Points 4 and 5 provide a strong evidence that higher
initial general host blood cell concentrations, H, strongly
improve the chances of a successful cure. The anti-host T
cells proliferate to high levels in response to the large
stimulus (from both general host and cancer cells), which
enable them to eliminate the cancer in a blood-restricted
GVHD response. It is worth noting that there is an
associated risk with such a response of incurring general
GVHD (see Section 1), and the model, at present, makes
no attempt to incorporate it. Future work will likely need
to include this detail, as the results suggest that providing

further stimulation for such a blood-restricted GVHD
response may be a promising method of increasing the
likelihood of a sustained remission.

The fifth observation speaks to the efficacy of DLI.
The results indicate that while increasing effector cell
concentrations will have a positive effect on cancer
removal, the magnitude will be much less than if target
cell concentrations are raised. We will explore this point
further in the Conclusion.

The sixth point implies that a general blood-restricted
immune response is a much more likely mechanism for a
successful cure than a cancer-specific GVL effect. This
point corroborates points 4 and 5 by showing that a
certain level of additional stimulus from general host
blood cells is not only beneficial, but even necessary for
a successful cure.

8. Conclusion

This DDE model, simulating conditions in CML
post-transplant, indicates a higher sensitivity to in-
creased target cells than increased T cells. At present,
DLI is a standard treatment for patients that relapse
after a stem cell transplant, which for the purpose of our
model provides an increase in 7' y. While this does have
a positive effect in eliminating the resurgent cancer, both
within our model and biologically, our model suggests a
novel treatment strategy: it may be more effective to
infuse host cells, thus raising H and driving a stronger
antigen response. These infusions would require prior
irradiation or some other treatment to prevent the
reintroduction of viable cancer cells, but may carry a
lower risk of initiating GVHD, since this would mainly
drive a blood-restricted immune response.

The timing of the infusion is also important in
eliminating cancer. As discussed in Section 1, an open
treatment question is whether preemptive DLI (before
any evidence of a relapse) would be beneficial, reasoning
that it may be better to go after the remaining cancer
before waiting for a relapse. One problem with this
approach is that there is no way to know a priori which
patients will relapse and which are already cured, and
hence some healthy patients will be subjected to the risks
associated with an unnecessary procedure. We have
already mentioned the potentially reduced risk of
infusing host cells over donor cells, but in addition,
the model indicates that a preemptive DLI using
standard donor cells will be less effective than waiting
for a relapse. This derives from the antigen driven
response, where if the level of cancer is sufficiently low
to be cytogenetically undetectable (as with patients in
relapse), it will provide no supportive stimulus to the
infused cells. Thus, the infusion will dwindle and die
with only a small probability of locating and eliminating
all of the few remaining cancer cells. In contrast,
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infusion of proxy cells that stimulate or maintain a
blood-restricted GVHD response can keep the effector-
cell-to-cancer ratio high for extended periods of time,
maximizing the probability that the cancer will be
eliminated.

These hypotheses require both further modeling of the
specific scenarios described as well as an evaluation of
the biological validity of the theories. However, already
the model has provided insights into possible new
directions for CML treatment and research, in addition
to demonstrating some of the benefits of utilizing DDEs
as a modeling tool in immunology.
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Appendix A. Parameters for figures

Parameters for figures are given below (Table 4).

Table 4
Parameters for figures
Parameter Value
Figure # 7 8, 10 11A, B 12 13 14 15 16
p 0.0035 0.0035 0.0035 0.0035 0.0035 0.0035 0.0035 0.0035
o 0.0007 0.0007 0.0007 0.0007 0.0007 0.0007 0.0007 0.0007
T 1 1 1 1 1 1 1 1
v 1 1 1 1 1 1 1 1
1’1T"/H’ 1 0.9 0.9 0.9 0.9 0.9 0.9 0.9
pf'll/TD,
p]TD/D’
Tp/T
Pl D/ c,
p]TD/TH
p]Tc/C’ p]TH/C 1 0.8 0.9 0.8 0.8 0.8 0.8 0.8
pIC/TC’ 1('/Tn 1 0.6 0.9 0.6 0.6 0.6 0.6 0.6
qu/H, 1 0.5 0.5 0.5 0.5 0.5 0.5 0.5
Ty/T,
ql H/ D
a””,
q]Tl)/T(,"
qlTD/T"
q;H/H, 0 0.5 0.5 0.5 0.5 0.5 0.5 0.5
q;H/TD’
ol
q;D/T(?,
Tp/Th
q]Tc/C, q]TH/C’ 1 0.25 0.5 0.25 0.25 0.25 0.25 0.25
q c/C Tu/C 0 0.25 0.5 0.25 0.25 0.25 0.25 0.25
2 9>
dr., dry, 0.23 0.23 0.1 0.23 0.23 0.23 0.23 0.23
dr,,
dp, dy 0.1 0.1 0.1 0.1 0.1 0.1 0.1 0.1
re 0.01 0.01 0.02 varies 0.02 0.02 0.02 varies
mc 2% 10° 2x10° 2% 10° 2x10° 2% 10° 2% 10° 2% 10° 2% 10°
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Table 4 (continued)

Parameter Value

Figure # 7 8, 10 11A, B 12 13 14 15 16

n 8 4 4 varies varies 4 4 4

k 0.003 0.001 0.001 0.001 0.001 0.001 0.001 0.001
Tco 0 0 0 1 1 1 1 1

Tuo 1000 1 0.1 1 1 varies varies 1

Dy 0 0 0 1000 1000 1000 1000 1000

Cy 104 0.001 1 0.001 0.001 0.001 0.001 0.001
Tpo 0 0 0 1x 1073 1x107° varies 1x107° 1x107°
Hy 0 4,2 9,6 1 varies 3 varies varies
Sp 0 0 0 1073 107 1073 1073 107

Sh 0 0 9,6x 107! 1077 1077 1077 1077 1077
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