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 The immune system may contribute to tumor cure and extended survival.
 Combination chemoimmunotherapies have potential synergy, for tumors with certain properties.

art ic l e i nf o

a b s t r a c t

Article history:
Received 29 October 2013
Received in revised form
8 May 2015
Accepted 2 June 2015
Available online 16 June 2015

Complete clinical regressions of solid tumors in response to chemotherapy are difﬁcult to explain by
direct cytotoxicity alone, because of low growth fractions and obstacles to drug delivery. A plausible
indirect mechanism that might reconcile this is the action of the immune system. A model for
interaction between tumors and the adaptive immune system is presented here, and used to examine
controllability of tumors through the interplay of cytotoxic, cytostatic and immunogenic effects of
chemotherapy and the adaptive immune response. The model includes cytotoxic and helper T cells, T
regulatory cells (Tregs), dendritic cells, memory cells, and several key cytokines. Nearly all parameter
estimates are derived from experimental and clinical data. Individual tumors are characterized by two
parameters: growth rate and antigenicity, and regions of tumor control are identiﬁed in this parameter
space. The model predicts that inclusion of the immune response signiﬁcantly expands the region of
tumor control for both cytostatic and cytotoxic chemotherapies. Moreover, outside the control zone,
tumor growth is delayed signiﬁcantly. An optimal fractionation schedule is predicted, for a ﬁxed
cumulative dose. The model further predicts expanded regions of tumor control when several forms of
immunotherapy (adoptive T cell transfer, Treg depletion, and dendritic cell vaccination) are combined
with chemotherapy. Outcomes depend greatly on tumor characteristics, the schedule of administration,
and the type of immunotherapy chosen, suggesting promising opportunities for personalized medicine.
Overall, the model provides insight into the role of the adaptive immune system in chemotherapy, and
how scheduling and immunotherapeutic interventions might improve efﬁcacy.
& 2015 Elsevier Ltd. All rights reserved.
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1. Introduction and motivation
Complete clinical regressions of tumors in response to chemotherapy are seen in a small percentage of patients (Wiltshaw,
1979; Bosl et al., 1983; Laino, 2013). It is difﬁcult to explain this
through direct drug-induced cell killing alone, for several reasons.
First, it is widely believed that only proliferating cells respond to
most chemotherapeutic agents (Carlisle et al., 2002; Kerbel and
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Kamen, 2004; Gerber, 2008), yet much evidence suggests that only
a small fraction of the cells in a tumor are actively proliferating at
any point in time (Tay et al., 1991; McKinnell, 1998). Second,
signiﬁcant transport obstacles, caused by highly irregular vascular
structure (Pries et al., 2009) and the tumor microenvironment,
make homogeneous delivery of drugs to all cells of a tumor
virtually impossible (Minchinton and Tannock, 2006; Trédan
et al., 2007). This gap in our understanding of how chemotherapy
actually works (when it does) has led investigators to search for
other indirect mechanisms by which chemotherapy might lead to
large-scale tumor regression (Goodman, 2004; Vo et al., 2012).
While several mechanisms could be proposed, including bystander
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effects from cell–cell signaling (Jensen and Glazer, 2004) and the
stem cell theory of cancer (which holds that only a fraction of the
cells in a tumor are clonogenic and therefore only this fraction
must be killed) (Gong et al., 2011), a likely candidate appears to be
the interaction of the immune system with the tumor (Manthey
et al., 1994; Goodman, 2004; Newell et al., 2004).
Among the pieces of compelling evidence supporting the idea that
immune effects play an important role in chemotherapy is the study
of McCoy et al. (2012) which found that the change in CD8 þ T cell
proliferation fraction after a single cycle of chemotherapy was
predictive of outcome. McCoy et al. also observed that mice with a
defective T-cell compartment did not respond well to chemotherapy.
Our previous study (Robertson-Tessi et al., 2012) examined the
dynamic interplay between the adaptive immune system and the
tumor, including its regulatory components, and found that an
optimal range of antigenicity existed for tumor control: counterintuitively, increasing antigenicity was not always beneﬁcial.
Interestingly, such a conclusion could not be reached by considering cellular-level interactions alone, as it relies on the nonlinear
evolution of the system. In the present study, we use this framework of integrated dynamic simulations to examine the interactions between the tumor and the adaptive immune system in the
context of chemotherapy and chemoimmunotherapy.
That chemotherapy has immunostimulatory effects is a fact that was
underappreciated until the last decade; previously, chemotherapy was
widely viewed as having only immunosuppressive effects. More recently,
a number of different ways in which chemotherapy may enhance the
anti-tumor immune response have been investigated. Direct cell kill by
apoptosis may increase antigen presentation (Pfannenstiel et al., 2010).
Paclitaxel was found to enhance dendritic cell activation (Pfannenstiel
et al., 2010). Chemotherapy may also increase the anti-tumor effect of T
cells (Bergmann-Leitner and Abrams, 2001; Baxevanis et al., 2009). It can
alter the tumor microenvironment, making it easier for immune cells to
gain access to the tumor. Even the T-cell depletion resulting from
chemotherapy may, perhaps counterintuitively, be beneﬁcial, by either
eliminating immune components (such as regulatory T cells) that are
responsible for immunosuppression, or by creating an opportunity space
for homeostatic proliferation of tumor-speciﬁc cytotoxic T cells
(Baxevanis et al., 2009).
Immunostimulation by chemotherapy has mostly been studied
at the cellular level. However, cellular-level effects occur in
conjunction with the simultaneous and interwoven kinetic processes of tumor regression, regrowth, and the dynamics of the
immune system. The net results of these time-evolving interactions cannot necessarily be understood by considering cellularlevel modulations in isolation. At ﬁrst glance, chemotherapy
appears to have only a short-term effect on several components
of the adaptive immune system, such as a signiﬁcant reduction in
size of the regulatory T-cell (Treg) population (Ercolini et al., 2005;
Lutsiak et al., 2005), which subsequently recovers. Yet these
temporary effects of chemotherapy on the adaptive immune
system might translate into a longer-term effect on tumor control
by essentially resetting the tumor to a different initial state. Thus,
chemotherapy may act synergistically with the immune system in
a way that explains why either long-term control or delay of
relapse can occur even when direct drug-induced kill is possible
only for a fraction of the tumor cells. Even the additional
consideration of cellular-level effects such as post-chemotherapy
enhanced lytic ability of effector cells (Bergmann-Leitner and
Abrams, 2001) may not sufﬁce to explain the total resultant. The
present model examines this potentially important possibility by
simulating the dynamic interplay between the adaptive immune
system and clinically detectable tumors treated by chemotherapy.
A novel feature in the immune component of our model is the
inclusion of the conversion of helper T cells into Treg cells, which
may be a signiﬁcant source of Treg cells and thus

immunosuppression (Liu et al., 2007), particularly in late-stage
tumors. Also, our previous study found that treating helper cells as
a distinct population was essential for obtaining physiologically
reasonable T-cell dynamics; thus, this approach is retained in the
present model. While many cellular-level immunostimulatory
effects of chemotherapy could be included, the present model
focuses on the enhancement of effector cell-induced tumor cell
lysis by chemotherapeutic drugs, as found by Bergmann-Leitner
and Abrams (2001); other effects are left for future studies. In
addition to addressing the question of whether immune effects
partially explain chemotherapy response, the model is also used to
investigate what immune interventions might possibly enhance
the effect of chemotherapy.
A number of previous studies have presented mathematical
models for tumor–immune interactions and their effect on tumor
growth and treatment response. Some have focused on the
adaptive immune system, as is done in the present study, while
others have been concerned with the innate immune system. Most
of these models involve deterministic systems of ordinary differential equations (Kirschner and Panetta, 1998; de Pillis et al.,
2005), an approach adopted here as well. However, some studies
have employed stochastic differential equations, to capture natural
ﬂuctuations in immune levels. Notable among such studies are
Caravagna et al. (2010), d'Onofrio (2010), and d'Onofrio and
Ciancio (2011); these works showed that stochastic effects can
have a signiﬁcant inﬂuence on tumor control.
Experimental studies also point to changes in tumor–immune
interaction parameters over time, which may be due to emergence
of certain immunoresistant tumor clones under selection pressure
by the immune system (Matsushita et al., 2012), or to changes in
antigen expression of the tumor cells in the absence of clonal
selection or mutation (Bubeník, 2004), or to tumor-induced
changes in the immune system itself (Reiman et al., 2007). The
term “immunoediting” (Reiman et al., 2007) has been variously
applied to all such forms of evolution, albeit without a consensus
yet on its precise deﬁnition. Mathematical models have been
developed to capture the effects of such time-evolution processes
(d'Onofrio and Ciancio, 2011; Al-Tameemi et al., 2012). However, in
the present study, with the goal of an initial exploration of the
interplay between the tumor, chemotherapy/chemoimmunotherapy, immunosuppression effects, and the various subpopulations
of the adaptive immune system, a simpler modeling approach was
adopted wherein tumor–immune interactions are described deterministically with parameters assumed static over time.

2. Equations
The modeling of chemotherapeutic treatment without any
consideration of immune effects is a rich ﬁeld of its own. Despite
the fact that the exact mechanism by which chemotherapy works
is not completely understood, many models have been developed
to explain the delivery and effect of the drugs involved (Sanga
et al., 2006). In this paper, the speciﬁc cellular mechanisms of
action of the drug are not modeled; rather, the model incorporates
chemotherapy either as a dynamical change in the populations of
tumor and T cells over short time periods, or as a cytostatic effect
(Schmitt, 2007), whereby the tumor cells are prevented from
reproducing for a short time period, after which they resume
normal growth. Combination chemotherapy can include both
cytotoxic and cytostatic drugs.
The present model is built on our previous model of tumor–
immune interactions (Robertson-Tessi et al., 2012), with additional
terms for the effects of chemotherapy. The model incorporates
tumor cells (T), unlicensed (U) and licensed (D) dendritic cells
(Abbas et al., 2012; Palucka and Banchereau, 2012), and three
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types of T cells (effector T cells (E), helper T cells (H), and
regulatory T cells (R)) (Abbas et al., 2012; Josefowicz et al., 2012),
which exist in three states (memory cells ðM X Þ, activated cells ðAX Þ,
and mature cells (X), where X represents any of the three types of
T cells). Table 1 summarizes these state variables. Effector cells and
regulatory T cells are populations in the tumor; all other immune
cell subpopulations are in the lymph node compartment. There are
three molecules in the model: the two interleukins IL-2 (C) and IL10 (I), and TGF-β (S) (Abbas et al., 2012). These variables represent
concentrations in the tumor and associated lymphatic periphery,
which is assumed to be in equilibrium with the tumor.
The following equations are used to model the tumor–immune
interactions:
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Table 1
Model variables.
Variable

Description

Tg
Tc
U
D
AE
E
AH
H
AR
R
C
S
I

Tumor cells that are not killed by chemotherapy
Tumor cells killed by chemotherapy
Unlicensed dendritic cells
Licensed dendritic cells
Activating effector T cells
Mature effector T cells
Activating helper T cells
Mature helper T cells
Activating Tregs
Mature Tregs
Concentration of IL-2 in mM
Concentration of TGF-β in mM
Concentration of IL-10 in mM
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In order to properly incorporate the separate effects of chemotherapy killing and the cytostatic effect, the total population of tumor cells
(T) from the original model has been split into two sub populations:
T g (Eq. (2.1)) is the number of cells that undergo cytostasis, survive
cycles of treatment, and continue to grow; and T c (Eq. (2.2)) is the
number of cells which are killed by chemotherapy. At the start of each
round of therapy, f T T c cells are instantaneously removed from the
variable T g and added to the variable T c , where f T is the fraction of
tumor cells killed in that particular round of chemotherapy. This split
is necessary to model the short-term dynamics of the system during
chemotherapy. The dying cells continue to contribute to the molecular concentrations and the effective tumor size until they perish
and are removed from the system.
Since chemotherapy is usually administered in a series of
pulsed cycles, it is described in the model by several parameters.
The number of cycles (Nd) and the interval between the start of
each cycle (Pd) determine the periodic regimen. At the start of each
cycle, the cells affected by chemotherapy are reduced by a kill
fraction ðf X Þ, which depends on the cell type (X ¼T, E, H or R). This
reduction in cell number takes place over a speciﬁed duration (τX ),
which also may differ for the various cell types. The therapy is
initiated in the model when the tumor reaches a detection size,
chosen here to be T ch ¼ 109 cells. This corresponds to a round mass
about 1 cm in diameter, a reasonable detection size for many solid
tumors (Bouchard et al., 2002; Sahani and Kalva, 2004).
The parameter r in the immune kill term of Eq. (2.1) represents an
enhanced kill ability that has been observed during chemotherapy.
Experiments have shown that effector T-cell killing rates can be two
to four times as effective during treatment with chemotherapy
(Bergmann-Leitner and Abrams, 2001). This is modeled by setting
the value of r greater than 1 during the portion of the chemotherapy
cycle when tumor cells are being killed by the drug. The duration is
equal to the parameter τT . Before and after therapy cycles, the value is
set to 1. The modiﬁer ð1  f T Þ in Eq. (2.1) accounts for the fact that the
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effector T-cell kill rate in this equation only acts on the fraction of the
tumor cells that escapes the chemotherapy cytotoxicity. This avoids
double-counting the death rate for cells that would be killed by either
the immune system alone or chemotherapy alone. During intervals of
the simulation when the chemotherapy is not active, f T is set to zero.
During the period when the drug has a cytostatic effect (duration of
τC ), Eq. (2.1) is modiﬁed by setting the ﬁrst term representing tumor
growth to zero, for the duration of this effect. The tumor cells are still
subject to being killed by the effector T cells during this period, but
their growth is paused.
The tumor cells destined to be removed by chemotherapy, T c ,
follow Eq. (2.2), where T c;0 is the number of cells set to be killed in
a given cycle. This equation describes exponential decay, with
parameters chosen so that the population of cells destined to die
goes below one cell after the duration τT from the start of
administration of that dose. Once the population goes below one
cell, T c is set to zero, until the next dose of chemotherapy is
applied, at which point the value is reset to the new population of
tumor cells that will die in that cycle. This equation is an
approximation of probabilistic individual cell death within a
window of time, with a speciﬁc cutoff at t ¼ τT .
The effect of chemotherapy on the immune T cells differs from
that of tumor cells, as no cytostatic effect is applied to these cells.
The equation for effector T cells (E) during treatment includes the
ﬁnal term to account for chemotherapy. This term reduces the
population of T cells by a fraction f E over the duration τE , and is
only active during each pulse window of length τE . The term is set
to zero during the times when the cytoreduction is not in effect.
Analogous terms are added to Eqs. (2.5) and (2.7)–(2.10) to reﬂect
the same type of cell kill for the other T-cell populations. The ﬁve
remaining equations for dendritic cells and molecules remain
unchanged from our previous model.
The model assumes that the tumor recedes symmetrically as it
is killed by the chemotherapy, becoming accordingly more accessible to the immune system. In actuality, there may be a delay

before dead cellular material is removed and the tumor shrinks.
However, the kinetics of this process are not well-understood, so
the ﬁrst order assumption used in this model is that the size of the
tumor scales directly and instantaneously with the number of
living tumor cells.
The various effects from chemotherapy do not all end simultaneously. Tumor cell death, cell death for each of the immune
populations, and tumor cell cytostasis each have their own
duration time. While initially, ﬁxed values are assumed for
the fraction of tumor cells killed by chemotherapy and for the
duration of cytostasis, the effects of varying them are also explored
later.
As in our previous work, we use two key parameters as control
parameters, the antigenicity (a) and tumor growth rate (γ).
Depending on the choice of these parameters, the tumor may
follow one of three behaviors in the absence of therapy. First, it
may be removed by the immune system without any therapeutic
intervention. Second, it may be controlled at a small undetectable
size by the immune system. Third, it may grow without bound.
Here, we focus only on the third type of dynamic, where the tumor
will grow to reach a clinically detectable size, and thus be subject
to intervention with various therapies. This limits our choice of
these control parameters to the region where unbounded growth
occurs when therapy is not applied.
Numerically, the simulations are run as a sequence of initial
value problems. The ﬁrst simulation run allows the tumor to grow
until it reaches the treatment size. The values of the variables at
this time point become the initial conditions for the ﬁrst treatment
cycle simulation, with the terms for the chemotherapeutic effect
turned on. As the effects of the pulses of therapy ﬁnish, the
chemotherapy terms are turned off. This procedure is repeated
until all cycles are administered. After the ﬁnal dose, the
chemotherapy terms are turned off for the remainder of the
simulation. A summary of the interactions during a cycle of
chemotherapy is represented in Fig. 1.

Fig. 1. A summary of the model dynamics during chemotherapy. Proliferating tumor cells (red), CD8 þ T cells (yellow), and Tregs (striped) are killed by chemotherapy. The
tumor cells that survive are temporarily quiescent (blue). As the populations recover, T cells have the opportunity to kill susceptible tumor cells (gray). After the cytostatic
period ends, the tumor regrows.
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Table 2
Parameter values for chemotherapy.
Parameter

Description

Value

Nd
Pd
fT
τT
fE
τE
fH
τH
fR
τR
τC
r

No. of Chemo cycles
Chemo cycle interval
Kill fraction, tumor
Time to nadir of tumor population
Kill fraction, effector cells
Time to nadir of effector population
Kill fraction, helper cells
Time to nadir of helper population
Kill fraction, Tregs
Time to nadir of Treg population
cytostatic duration
Chemo-enhanced tumor kill rate

5
14
0.70
5
0.70
1.5
0.70
1.5
0.70
6
6
3

Units

Reference

days
days

Ghiringhelli et al. (2004), Ercolini et al. (2005), and Lutsiak et al. (2005)

days

Ghiringhelli et al. (2004), Ercolini et al. (2005), and Lutsiak et al. (2005)

days

Ghiringhelli et al. (2004), Ercolini et al. (2005), and Lutsiak et al. (2005)

days
days

Ghiringhelli et al. (2004), Ercolini et al. (2005), and Lutsiak et al. (2005)

3. Parameter estimation
The parameters used in our previous paper (Robertson-Tessi
et al., 2012) are retained for all of the simulations presented here.
For convenience, tables of these parameters are reproduced in the
Supplementary Material. Additional parameters pertaining to
chemotherapy are given in Table 2 and used in all the simulations
that follow unless otherwise noted. The parameters for kill fraction
and duration were estimated from the nadir of growth curves. The
cytostatic fraction was chosen to accord with the longest chemotherapeutic effect. We examine the effect of changing these
estimates in the Results section.
While the goal in both this study and our previous study
(Robertson-Tessi et al., 2012) was to obtain all parameter values
for human breast cancer, some of the parameters had to be
estimated for other cancer types, and in some cases no estimates
from human studies could be located in the literature. In these
latter cases, estimates were based on rodent studies. Because of
signiﬁcant differences in time scales between mouse and man
with regard to lifespan, metabolic rate, plasma pharmacokinetics,
and so forth, this raises concerns that parameters obtained from
rodents may poorly reﬂect the clinical situation. We believe this to
be less of a concern for cellular-level parameters, and primarily an
issue for time-dependent parameters at the tissue or whole-body
level, which in the case of the present model suggests that the
main concern is the value of the parameters τE , τH , and τR (Table 2)
giving recovery timescales for T-cell subpopulations after chemotherapy. Our estimates are based on rodent studies
(Ghiringhelli et al., 2004; Lutsiak et al., 2005; Ercolini et al.,
2005); however, Pircher et al. (2014) followed the time course of
Treg and CD4 subpopulations in lung cancer patients after administration of cisplatin, docetaxel and cetuximab. While Pircher et al.
do not explicitly give data for CD8, we note that the murine studies
suggest that CD4 and CD8 populations closely track each other.
Based on the data of Pircher et al., it seems that human recovery
times are similar to the values we assumed for mice based on
Lutsiak et al. (2005) and Ercolini et al. (2005). In particular, Pircher
et al. conﬁrm the mouse ﬁndings that effector cells recover faster
than Tregs, a key aspect of the present model that leads to a
window of opportunity for tumor cell kill during which immunosuppression is temporarily reduced. We have run simulations
(results not shown) using values of τE , τH , and τR based on the
data of Pircher et al. and found little difference, as the effects of
varying these parameters are second-order compared to the
Bergmann–Leitner effect.
In addition to chemotherapy alone, the above equations are
used to simulate the following forms of chemoimmunotherapy:
adoptive T-cell transfer; dendritic cell vaccination; TGF-β blockade; and Treg depletion. Adoptive T-cell immunotherapy is simulated by a single-step increase in the population of activated

Bergmann-Leitner and Abrams (2001)

effector T cells ðAE Þ of 2  109 cells. This is based on the fact that
typical numbers of T cells injected in the clinic range from 1010 to
1011 cells (Rosenberg et al., 1994; Dudley et al., 2002), and further
that Matsui et al. (2004) found that less than 2 percent of the
injected cells reach the tumor. The step increase representing the
single injection is administered four days after administering one
dose in the cycle of chemotherapy. The dendritic cell vaccination
consists of transferring 2  106 dendritic cells 4 days after each
cycle of chemotherapy (Brossart et al., 2000). TGF-β blockade is
simulated by setting the concentration of TGF-β (S) to zero for the
duration of therapy. Treg depletion in the model is simulated by
reducing the Treg numbers by a predetermined fraction for each
administration of the drug. This fraction can range from 40% to
90% (Barnett et al., 2005; Rasku et al., 2008); the intermediate
value of 75% is chosen in our study. The reduction is accomplished
by using the chemotherapy terms in the two equations for Tregs,
Eqs. (2.9) and (2.10). Treg depletion therapy is usually administered in multiple doses, and the regimen used in the simulations is
one cycle every two weeks, for a total of eight cycles.

4. Results of the model without chemotherapy
In our previous study, the effects of two main parameters,
tumor growth rate and tumor antigenicity, were considered.
Tumor antigenicity was the coefﬁcient for the CD8-induced
tumor-cell kill rate, which in actuality reﬂects both the effectiveness of the CD8 cell killing and the extent to which the tumor
attracts these cells. The model included tumor cells and 11 types of
immune cells: unlicensed and licensed dendritic cells, and 3 categories of T cells, each with memory, activated, and fully functional
forms: helper (CD4 þ) T cells, effector (CD8þ) T cells, and Tregs
(regulatory T cells). Two key cytokines, the immunostimulatory IL2 and the immunosuppressive IL-10, were included, as well as
TGF-β, arguably the most important immunosuppressive factor
produced by the tumor.
A system of 12 coupled ordinary differential equations with 43
parameters described the interactions between these model components. Values for most of the parameters were obtained from
the literature, for the case of human breast cancer where possible,
but in some cases only values from rodent experiments could be
found. The model accounted for reduced access of the T cells to the
tumor. The immunosuppressive factors TGF-β and IL-10 were
produced by both tumor cells and Tregs. One immunosuppressive
effect included in the model was the conversion of helper cells to
Tregs induced by TGF-β. Also, maturation of dendritic cells was
inhibited by both IL-10 and Tregs. Both TGF-β and Tregs act to
reduce the tumor killing rate of the effector T cells.
The model showed that if tumor growth rate is not too high,
tumor control is possible for an intermediate range of antigenicity, but
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is lost if antigenicity is either too low or too high. At higher
antigenicity, tumors escape because of the large increase in Treg
populations and TGF-β levels. The ﬁnding of an optimum intermediate antigenicity has signiﬁcance for therapies aimed at increasing
tumor antigenic expression. The effects of removing several mechanisms of immunosuppression were then examined. It was found that
the tumor control region would expand signiﬁcantly and there would
no longer be an optimal antigenicity. Eliminating just the TGF-βinduced conversion of helper T cells to Tregs also made the optimal
antigenicity disappear, and increased the control region, although not
as much as complete removal of all effects of TGF-β. Thus therapies
targeting TGF-β stand a chance of being effective. In contrast, Il-10
was found to have far less of an immunosuppressive effect, for
production rates found in the literature.
Dendritic cell therapy, where the cells are exposed to tumor
antigen in vitro and then reinjected into the patient, was also
modeled. It was found that multiple cycles would be needed to
remove a tumor, assuming no development of resistance, and that
an optimal interval of time between treatment cycles exists.
Removal was only possible for lower tumor growth rates. At
intermediate growth rates, it is only possible to contain the tumor
at a ﬁnite size, which will grow once treatment is terminated. At
higher growth rates, no control is possible. An interesting ﬁnding
of the model is that a strongly immunosuppressed phase ensues
after treatment is ceased, because the effector T cell population
falls much faster than the Treg population. During this transient
phase, tumor growth is higher than it would have been in the
absence of treatment. This suggests that dendritic cell therapy, if it
cannot be continued indeﬁnitely, should perhaps be ramped down
gradually. As with increasing antigenicity, a somewhat surprising
ﬁnding was that increasing the number of dendritic cells injected
on each cycle eventually led to tumor escape.
Overall, the main ﬁndings of the paper are that therapies
targeting TGF-β and/or Tregs have potential to be effective, and
that targeting IL-10 is far less promising. Increasing tumor antigen
expression or the quantity of dendritic cells does not always
improve response, as there are optimal levels. These ﬁndings are
important as they suggest that the appropriate form of immunotherapy may depend strongly on where in the antigenicitygrowth rate plane the tumor initially lies. The fact that the
outcome of therapy depends on the individual characteristics of
a patient's tumor, that is, on where a patient initially lies in the
parameter space, suggests that immunotherapy has the potential
to be improved with individualized approaches.

5. Chemotherapy
5.1. Effect of chemotherapy on immunosuppression
Fig. 2 shows the progression of a representative tumor that has
undergone chemotherapeutic treatment. The treatment intervals
are shown by the gray rectangular bars, with each bar indicating
one of the ﬁve doses of chemotherapy. The plots begin shortly
before the tumor reaches the treatment size Tch. In this particular
case, the tumor continues to grow without bound, since it is not
cured by the therapy.
Chemotherapy changes the quantity of cells in the system on
the order of days. At the start of the ﬁrst chemotherapy dose, the
tumor is at the treatment size (109 cells), and the immune system
is highly suppressed by the presence of Tregs and TGF-β. Access to
the interior of the tumor is limited at these sizes due to the lack of
full perfusion. Upon the application of therapy, the tumor cells and
T cells are reduced in number, as seen in Fig. 2a. The TGF-β levels
are rapidly reduced (not shown), since there are fewer tumor cells
and Tregs present to produce this molecule. The half-life of TGF-β

is shorter than a day; consequently, the TGF-β levels decrease in
tandem with cellular killing during treatment.
The effector T cell-to-Treg ratio can vary on short timescales, due
to the difference in killing rates of these cells by the chemotherapy.
Effector cells reach their nadir sooner than Tregs (Lutsiak et al., 2005),
so the ratio initially decreases, as shown in Fig. 2b. When the Treg
nadir is reached, the ratio is maximal and therefore the immune
system will have the most effect on the tumor.
Fig. 2c shows that the fraction of Tregs which originate from
helper T cells becomes smaller. This is due to the fact that TGF-β
levels are reduced, and therefore the converted cells are not
rapidly replenished following treatment.
Fig. 2d shows the suppression due to Tregs, TGF-β, and access
limitation. The suppression at the treatment size is high, with Tregs
and access limitation providing signiﬁcant barriers to any signiﬁcant
immune response. After the ﬁrst cycle, Treg suppression is reduced
rapidly, and then begins to rebound (dashed line in Fig. 2d). This
pattern repeats during the next few cycles. Even though the suppression due to Tregs is reduced by the therapy compared to the pretreatment levels, the Tregs remain a signiﬁcant source of suppression
throughout the treatment. This is expected, since the Tregs and T cells
are reduced by the same fractions; the variations in Treg suppression
are due to the different timescales with which the Tregs and the other
T cells are killed by the chemotherapy, as well as their different
expansion rates. The nadir of Treg suppression occurs over 20 days
after the ﬁnal dose is administered. Typically, the transients of the
model last for a few weeks, and then the model reverts to pretreatment behavior, assuming that a cure has not been attained.
Unlike Treg suppression, TGF-β-induced suppression and access
limitation are steadily reduced with each chemotherapy dose
(dashed and dash-dotted lines in Fig. 2d). After the third dose,
both of these effects have been reduced to insigniﬁcant levels for
the remainder of the treatment and for some weeks beyond.
Therefore, the overall suppression after the third cycle of treatment is almost entirely due to Tregs. This suggests that if Treg
suppression could be lessened further during the later cycles of
chemotherapy by a concurrent immunotherapy, the effects of the
immune system would be further enhanced.
5.2. Long-term tumor outcome with chemotherapy
Chemotherapy is simulated with short-term changes to the
model equations and parameters; these changes are in effect only
within the treatment time windows. Once chemotherapy-induced
cell kill is complete, the governing equations revert to the pretreatment state and the phase plane analysis presented in our
previous work (Robertson-Tessi et al., 2012) remains valid posttreatment. However, chemotherapy causes a change of initial
conditions, and therefore the behavior of the tumor can change
after therapy. It is widely believed that there is a ﬁnite cure
volume for tumors, based on the fact that not all tumor cells are
clonogenic (Geara et al., 1991; Zeman, 2000). Chemotherapy may
result in a tumor cell nadir that goes below this cure volume,
which we choose to be T ¼ 1 cell in this work. In this case, the
tumor is considered to be cured.
The direct cytotoxic effect of chemotherapy causes a delay in
tumor growth which could correspond to increased survival time.
This effect is shown in Fig. 3 in the dashed plot. The ﬁgure also
shows the additional delay time of approximately 6 months
caused by the effect of chemotherapy on transient tumor–immune
interactions (solid line). This result suggests that the immune
system plays a signiﬁcant role in tumor response that cannot be
attributed to the direct cytotoxicity of chemotherapy alone.
Clinical tumors show a range of antigenicities and growth rates;
therefore it is of interest to investigate how these parameters affect the
efﬁcacy of chemotherapy. Fig. 4 shows the results of chemotherapy
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Fig. 2. The effects of chemotherapy on a tumor and immune cells are shown. The tumor has an antigenicity a¼ 1/day and a growth rate of γ ¼ 700/cell0.5/day. The
chemotherapy regimen chosen here is 5 cycles, 14 days apart. Seventy percent of tumor and T cells are killed on each of the 5 cycles. The gray rectangular bars indicate the
individual administrations of chemotherapy doses. (a) Cell populations over time, (b) T cell fractions, (c) Treg origination, and (d) suppression of tumor cell killing rate.

applied to a range of tumor types with varying antigenicities (horizontal axis) and growth rates (vertical axis). Tumors that reach a
typical clinical detection size of 109 cells are treated with the
chemotherapy regimen as given in Table 2. There is one area where
the tumors have been fully removed after chemotherapy, marked
Removal by Treatment. It is worth noting again that these tumors
cannot be removed by direct cytotoxicity of chemotherapy alone; if the
immune system were not active, the chemotherapy would leave
behind several million viable tumor cells after the last cycle.
The immune system is necessary for the complete removal of
the tumor.
The dashed lines in Fig. 4 are contours of equal increase in
survival time due to therapy. The increase in survival time is
calculated as the difference in time it takes the tumor to reach an
endpoint size of 1011 cells with and without chemotherapy. The
left axis shows the increase in survival time that would be gained
by chemotherapy alone for the chosen parameters, in the absence
of the immune system. This distribution of times depends only on
the tumor growth law. For low values of antigenicity, the survival
contours approach these axis values, since the effect of the
immune system is minimal. At a ﬁxed tumor growth rate, it is
clear that for tumors of moderate antigenicity or higher, survival

times can be extended threefold or more by the combined action
of the chemotherapy and the immune system as compared to
direct cytotoxicity due to chemotherapy alone.
The contours also show that there is an optimal antigenicity for
maximizing the survival time resulting from treatment. This optimal
antigenicity lies within the range of 10  2 to 10  1 =day. However, in
contrast to the case where there is no chemotherapy, there is a range
of antigenicities where both increasing and decreasing the antigenicity would lead to improved outcomes. For example, if a tumor has a
growth rate of γ¼600/cell0.5/day, the best outcome (removal) would
be attained by increasing the antigenicity to very high levels.
However, if that is not possible, the second choice (palliative treatment) would be to approach the optimal antigenicity and maximize
the survival time. While the model is not intended to make predictions for speciﬁc tumor types, this example illustrates that the
interactions between a tumor, the immune system, and treatment
are non-linear, and often not intuitively obvious. Simulations also
showed the counterintuitive result that minimizing the tumor nadir is
not synonymous with maximizing survival time, except when the
tumor nadir is below the cure volume. This result is consistent with
clinical ﬁndings that extent of tumor regression does not always
predict increased survival time.
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Fig. 3. Two representative simulations showing the effect of the immune system during chemotherapy. The chemotherapy regimen is parameterized in Table 2. The tumor
has an antigenicity of a ¼10/day, and the tumor growth rate is γ ¼ 500/cell0.5/day. Both simulations are equivalent until the treatment is administered when T ¼ 109 cells. The
solid line shows the tumor progression when the chemotherapy regimen is administered with the immune system functioning normally. The dashed line shows the
progression when the same regimen is administered, but the parameter r0 is set to 0 for the duration of the treatment, which turns off the killing of tumor cells by T cells. The
parameter is reset to its normal value at the end of the chemotherapy regimen. The action of the immune system during chemotherapy is responsible for almost 6 extra
months of regrowth time, as shown by the endpoints when the tumor regains the treatment size.

Fig. 4. Tumor responses to the immune system, with chemotherapy. Growth
denotes tumor growth which is unbounded, Removal without Treatment denotes
complete cure of the tumor by the immune system before the treatment size is
reached, Control denotes maintenance of the tumor at a small but steady size, and
Removal by Treatment denotes tumors which escaped the immune system prior to
treatment, but were removed by the immune system following chemotherapy. The
dashed contours show the increase in survival time for those tumors that regrew.
Increase in survival time is calculated as the difference between the time needed to
reach an endpoint size of T ¼ 1011 cells, with and without chemotherapy.

5.3. The effect of varying chemotherapy parameters
The model incorporates several consequences of chemotherapy
which have been seen in experimental studies. The enhanced
killing of tumor cells by effector T cells during the delivery of the
chemotherapy is one beneﬁcial “side effect” that has been
observed (Bergmann-Leitner and Abrams, 2001), represented by
the parameter r in Eq. (2.1). Dependence on the parameter r is
shown in Fig. 5a. This enhancement of killing rate has a large effect
on the outcome of highly antigenic tumors, but does not change

the curability of tumors with moderate antigenicity. Changing this
parameter alone does not have a great effect on survival times. The
survival times are increased somewhat with increases in the
parameter r, but the increases are marginal (not shown). This is
due to the fact that the nadir reached after treatment is almost
always less than 105 cells. The regrowth times of a tumor at these
small volumes are relatively quick, due to the quasi-exponential
nature of its growth; therefore, the difference between reaching a
nadir of 102 versus 104 cells at the end of treatment does not
signiﬁcantly extend the regrowth time. In contrast, Fig. 3 showed a
difference in nadir between 102 and 107 cells, which results in over
5 months of extra regrowth time.
While cytostatic drugs on their own only postpone tumor cell
growth by a short time period, when coupled with immune effects
they can provide a large beneﬁt in terms of tumor reduction. During
the period of cytostatic effect, the tumor size can only decrease due to
killing by immune system cells. Fig. 5b shows the effect of varying the
cytostatic duration. As with the enhanced killing rate, the primary
change is that increased cytostatic duration results in better curability
for highly antigenic tumors. Survival times are marginally affected, for
the same reasons outlined above.
The assumed fractional kill from direct effects of chemotherapy
could of course be increased by increasing the drug dose on each
cycle. However, the fraction cannot be raised arbitrarily high
in vivo; toxicity limits the dosing of these drugs, and nearly all
drugs show diminishing returns with increasing dose. The effect of
changing the fractional kill parameters f X , for the same chemotherapy regimen, is shown in Fig. 5c. The results show that
changes in kill fraction can have a signiﬁcant effect on the outcome
of chemotherapy, extending the therapeutic effect. It is important
to note that the changes in kill fraction apply to tumors cells and T
cells equally, meaning that all these populations are reduced
proportionally. The primary advantage to increased fractional kill
is that a rapid reduction of the tumor burden diminishes the TGF-β
suppression and removes the access limitation restriction more
quickly. The system enters a state of reduced immunosuppression
faster when the fractional kill is higher. Host toxicity constrains
the maximum kill fraction, so in practice fractional kill may not
always be an adjustable therapeutic variable.

M. Robertson-Tessi et al. / Journal of Theoretical Biology 380 (2015) 569–584

577

Fig. 5. (a) The results of varying the parameter r in the simulations are shown. The solid contours show the boundary of the cure zone for a given value of r. As the parameter
r is increased, faster-growing tumors can be cured by the chemotherapy. However, the effect on tumors with lower antigenicity is minimal. (b) The effect of varying the
cytostatic duration is shown. The solid contours show the boundary of the cure zone for a given cytostatic duration, in days. As with the enhanced killing parameter, changes
in the cytostatic duration primarily allow the chemotherapy to cure more aggressive tumors of high antigenicity. (c) The effects of cellular kill fraction by chemotherapy are
shown. The solid contours show the boundary of the cure zone for a given kill fraction. Changing the fraction of cells killed per cycle of chemotherapy has a signiﬁcant effect
on the curability region, extending the cure region to moderately antigenic tumors with fast growth rates. (d) Application of the same chemotherapy regimen at different
tumor sizes is shown. The solid contours show the boundary of the cure zone when the same treatment is applied at the indicated tumor size. The notation 7e8 represents
7  108 cells. Although detection at smaller sizes improves the chances of removing the tumor, the effect is restricted to highly antigenic tumors.

Early detection is often cited as a major advantage when
treating tumors (Smith et al., 2002), and it has been argued that
because of drug delivery issues, chemotherapy would have a
greater effect on a smaller tumor (Abe et al., 1985). Results from
changing the detection size (Fig. 5d) suggest that there is a limited
beneﬁt to early detection in the context of immune system. The
effect on moderate- to low-antigenic tumors is minimal with
respect to remission time (not shown).
5.4. Optimization of chemotherapy based on immune system
response
Chemotherapy is almost always administered in multiple fractionated cycles. The effect of varying the interval and number of cycles
under the constraint of constant total dose is explored with the

model. Although the individual cycles need not be of the same dose,
it is assumed here that they are, so that the total dose is divided
equally among them. Since kill fraction varies with dose, regimens
with more cycles will kill fewer cells per cycle. Table 3 shows the
fractional cell kill per delivery of the given division of the total dose,
estimated from cell survival curves (Levasseur et al., 1998). The
values were derived for doxorubicin with a total dose of 1 μM at 6 h
of exposure.
Table 3 shows the fraction of cells killed as a function of
fractional chemotherapy dose, estimated from experimental data
(Levasseur et al., 1998).
Fig. 6 shows the results of varying the schedule and dosing. The
number of cycles is given on the horizontal axis. These numbers
also correspond to the reciprocal of the fraction of the total dose
administered. The vertical axis is a measure of the relative
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Table 3
The fraction of cells killed as a function of fractional chemotherapy dose (Levasseur
et al., 1998).
Fraction of total dose
Fraction of cells killed

1
0.98

1/2
0.93

1/3
0.86

1/4
0.78

1/5
0.70

1/6
0.62

Fraction of total dose
Fraction of cells killed

1/7
0.55

1/8
0.49

1/9
0.43

1/10
0.38

1/12
0.30

1/14
0.24

curability, on an arbitrary scale. For a given chemotherapy regimen, this value is determined by measuring the area of the
Removal by Treatment zone relative to the total area of the
rectangular region of parameter space considered here. Each trace
on the plot corresponds to a different treatment interval between
doses, varying from 12 to 18 days, corresponding to typical cycle
intervals used in the clinic. Intervals longer than 18 days produced
no cure regions.
Fig. 6 shows that the maximum number of tumor types that are
cured by the immune system for a given schedule varies with how
the total dose is split up. There is an optimal number of cycles for
any given dosing interval, which exists between the extremes of a
single bolus injection and very low dose metronomic delivery.
When the full dose is given in too few cycles, the immune system
does not have enough opportunity to kill the tumor, despite the
high fractional kill of the chemotherapy. Conversely, when the
dosing is split into too many small fractions, the chemotherapy
does not kill enough tumor cells per treatment cycle to reduce the
immunosuppression signiﬁcantly.
The ﬁgure also shows that reducing the time between dose
cycles is greatly beneﬁcial. The reduction of immunosuppression
during a cycle of chemotherapy leads to enhanced immune cell
killing of the tumor, which in turn beneﬁts subsequent cycles of
chemotherapy, resulting in a positive feedback. Dose-dense therapy, in which the cycles are delivered closer together than the
standard practice, has been found to improve survival rates (Citron
et al., 2003). This has previously been explained using growth
kinetics alone (Norton, 2001). The model presented here shows
that the beneﬁts of dose-dense therapy may be partially explained
by immune effects.

6. Chemoimmunotherapy
As indicated by the above results, chemotherapy is insufﬁcient
to cure many tumors, even when immune effects are taken into
account. However, the results also suggest that interventions to
increase anti-tumor effects of the immune system might make a
signiﬁcant difference to the outcome of therapy. This motivates
combining chemotherapy with immune interventions with the
hope of increasing the tumor control region further.
A long-held belief is that chemotherapy and immunotherapy
work at cross purposes, because the former usually induces
leukopenia. This view has recently been questioned by at least
some investigators (Weir et al., 2011; Gameiro et al., 2011). Most
preclinical and clinical chemoimmunotherapy studies still separate chemotherapy from immunotherapy in time, or use low-dose
chemotherapy with the expectation of an immunological rather
than direct cytotoxic effect. Yet it is unclear whether avoidance of
combining full-dose chemotherapy simultaneously with immunotherapy is indeed necessary or optimal. As noted by Emens et al.
(2001), “drugs traditionally used for tumor cytoreduction can have
both positive and negative effects on host immunity.” On the one
hand, Schlom (2012) notes that clinical response to vaccines has
been more favorable in patients who have experienced fewer prior
chemotherapy cycles, or who have a longer interval of time
between the last cycle and the administration of vaccine. The

Fig. 6. For a given total dose of chemotherapy drug, the results of dosing schedule
are shown. The relative curability is calculated by measuring the area of the
Removal by Treatment zone for different regimens of therapy. The horizontal axis
shows the number of treatment cycles. Since the total dose (summed over all
cycles) is constant, the dose per cycle decreases as the reciprocal of the total
number of cycles. The fractional kill per cycle is dependent on the dose size, and
values are given in Table 3. Each trace on the plot corresponds to a different interval
between doses. A chemotherapy regimen with 5 cycles appears to maximize the
effect of the immune system.

study of Gardner et al. (1993), which showed long-lasting detrimental effects of a variety of standard chemotherapeutic drugs on
stem cells' ability to produce circulating lymphocytes, likewise
appeared to contraindicate the combination of chemotherapy with
immune stimulation. On the other hand, Casati et al. (2005) found
that doxorubicin and melphalan did not disrupt the immunogenicity of dendritic cell vaccines. McCoy et al. (2012) found that while
chemotherapy depleted T cells, they recovered rapidly, and at the
end of each treatment cycle the percentages of proliferating cells
were higher than before the start of treatment. Such ﬁndings
motivate the mathematical modeling of normal-dose chemotherapy combined with immunotherapy. Indeed, even high-dose
chemotherapy has been combined with immunotherapy for
hematological malignancies, as reviewed by Liseth et al. (2010).
In this section, some clinically relevant immunotherapies in
combination with cytotoxic chemotherapy are investigated. These
immunotherapies involve either boosting anti-tumor immune
cells and cytokines in the body, or reducing the immunosuppressive ones. Two of the former type, namely dendritic cell injection
and adoptive T-cell transfer therapy, will be modeled here, as well
as two of the latter type, namely TGF-β blocking and Treg
depletion.

6.1. Treg depletion
Tregs have been implicated in many studies as a major source
of tumor-induced immunosuppression (Curiel, 2007). Treg depletion has been proposed as a novel therapy to enhance immune
system effects. For example, one drug used to deplete Tregs is
denileukin diftitox, which is a synthesis of diphtheria toxin with
IL-2 (Foss, 2006). With the present model, simulations of Treg
depletion administered alone showed a reduction in tumor size of
less than 70% (results not shown), comparable with the 50%
reductions seen in the best clinical results (Barnett et al., 2005;
Rasku et al., 2008).
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Fig. 7 shows the outcome of combining the chemotherapy
regimen and Treg depletion simultaneously. The percentages
shown in the solid contours indicate the percentage of Tregs that
are depleted on each cycle; cell kill by the Treg depletion therapy
and by chemotherapy are assumed independent of each other. The
cure region is signiﬁcantly expanded with the addition of Treg
depletion therapy. The zone marked 0% represents the cure zone
with the chemotherapy alone. Treg depletion administered alone
was unable to fully cure any tumor (results not shown), but in
combination with chemotherapy the treatment contributes to
signiﬁcant gains in curability. In addition to direct cytotoxicity,
chemotherapy contributes to tumor control by reducing the Treg
population, and the addition of a targeted Treg depletion drug
reduces this population further, increasing the positive feedback
between chemotherapy and immune effects.

6.2. TGF-β blockade
Another avenue for reducing tumor-induced immunosuppression
is the blockade of TGF-β. Here we model the best-case scenario of an
agent such as a TGF-β receptor kinase inhibitor (Suzuki et al., 2004;
Uhl et al., 2004), where the effect of TGF-β is completely abrogated by
the therapy both in the plasma and in the tumor.
Blocking TGF-β in the model showed very little effect (results
not shown). A slight increase of effector cell numbers was
apparent, but it had no signiﬁcant effect on tumor progression.
Because Tregs are the primary factor dampening the immune antitumor effects, the loss of TGF-β does not cause a signiﬁcant change
to the overall immunosuppression. Even though some of the Tregs
arise from TGF-β-induced conversion from helper cells, this does
not have a signiﬁcant effect on Treg cell counts over the short
timescale of the treatment. In general, the T-cell numbers are wellestablished at the time of treatment, and removal of only one
immunosuppressive element has little effect. Combination of TGFβ blockade with chemotherapy showed a modest increase in the
cure region compared to chemotherapy alone (results not shown).
This increase was seen only for highly antigenic tumors. This is
partially explained in Fig. 2, which shows that TGF-β suppression
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is insigniﬁcant after the third cycle of chemotherapy. Therefore,
the immunotherapy only has an effect on the early stages of
treatment.
Beneﬁts from combining TGF-β inhibition with chemotherapy
have been noted in pre-clinical rodent model studies. Bandyopadhyay et al. found that combining the TGF-β type I receptor kinase
inhibitor TbRI-KI with doxorubicin in a mouse model was more
effective at reducing tumor growth than doxorubicin monotherapy
(Bandyopadhyay et al., 2010). While they attributed this beneﬁt to
inhibition of doxorubicin-induced epithelial-mesenchymal transition, it is possible that the mechanisms suggested by the present
model also contributed. Similarly, Bhola et al. (2013) found
signiﬁcant increased growth inhibition of mouse xenograft tumors
when the TGF-β type I receptor kinase inhibitor LY2157299 was
used in combination with paclitaxel. The effect was conjectured to
be due to TGF-β increasing stem-like properties of tumor cells and
thus making them more resistant to chemotherapy. Yet another
xenograft study (Liu et al., 2010) found that TGF-β signiﬁcantly
enhances the anti-tumor effects of doxorubicin liposome treatment; in this case, it was attributed to improved drug delivery
following on blocking TGF-β-induced production of collagen by
stromal cells. The results of these studies are consistent with the
increased region of tumor control seen in the present simulations.
6.3. Dendritic cell therapy
Another immunotherapeutic intervention that has been used in
clinical trials is dendritic cell vaccination (Chu et al., 2012;
Akiyama et al., 2012). In our previous work (Robertson-Tessi
et al., 2012), dendritic cell vaccination monotherapy was found
to have some anti-tumor effect, but, counterintuitively, increasing
the number of dendritic cells beyond a certain point was counterproductive. Here, we simulate dendritic cell vaccination administered concomitantly with chemotherapy.
Fig. 8 shows that the addition of dendritic cell therapy greatly
expands the cure region compared to chemotherapy alone,
although the effect decreases as antigenicity becomes large. When
antigenicity is low, the immune system is unable to take advantage
of the beneﬁts of chemotherapy alone; therefore dendritic cell
therapy provides a complementary boost to the immune cell
populations. However, when antigenicity is high, immunosuppression is the limiting factor, and adding more dendritic cells has a
minimal effect under such conditions. Thus, it is not clear that
more intrinsically immunogenic tumors will always have a better
response to this type of therapy. The expansion of the cure zone is
consistent with clinical ﬁndings of Castillo et al. (2012) who
reported a signiﬁcant increase in the percent of pathological
complete responses for HER2neu-negative breast cancer patients.
Castillo did not report the exact schedule of the treatment, thus, it
is unclear how comparable it was to the regimen assumed in the
present simulations. Encouragingly, Castillo et al. reported no
additional toxicity from the dendritic cell vaccine, conﬁrming the
feasibility of adding such vaccines to normal-dose chemotherapy.
Note that even in some regions of Fig. 8 where the tumor is not
completely controlled, the regrowth time of the tumor is
extended. This may explain the ﬁndings of Wheeler et al. (2004)
who studied the effect of giving chemotherapy after vaccination
for glioblastoma, and found that chemotherapeutic responses had
signiﬁcantly longer duration for vaccinated patients.
6.4. Adoptive T-cell transfer

Fig. 7. Chemotherapy and Treg depletion administered concurrently. The chemotherapy regimen is the same as described for Fig. 4. Treg depletion therapy
depletes a percentage of the Treg cells, as shown indicated on the contours. The
combination therapy shows much greater effect on tumor outcome than either
therapy alone.

Adoptive T-cell transfer therapy involves removing T cells from
the cancer patient, selecting those which are tumor speciﬁc,
expanding the population in vitro, and then reintroducing them
into the patient (Rosenberg et al., 1994; June, 2007). This therapy
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Fig. 8. Dendritic cell therapy is administered concurrently with chemotherapy. A
large range of tumors is cured with the combination of both therapies.

seeks to bypass the suppression of T-cell proliferation, but in
contrast to IL-2 therapy, the effector cell population is expanded
without concomitantly expanding the Tregs. The maximum number of T cells may be limited by patient toxicity combined with the
fact that, at least according to murine studies, less than 2 percent
of the T cells reach the tumor (Matsui et al., 2004). In simulations
of adoptive transfer therapy in the absence of chemotherapy
(results not shown), the transferred T cells are found to persist
anywhere from 2 to 8 weeks, depending on their initial level at the
time of treatment. This is in agreement with the T-cell counts
measured in Dudley et al. (2002). In two patients from that study,
the transferred cells persisted from 3 to 4 weeks. However, no
tumors of any type are cured in our simulations which is
consistent with the clinical study of Dudley et al. (2002)
Fig. 9 shows the results of administering adoptive T-cell
therapy during a course of chemotherapy. Panel (a) shows tumor
outcome, with the cure region in medium gray and uncured region
in light gray. The black region is where tumors do not reach
detectable size. Panel (b) shows the area of the cure zone in the
(antigenicity, growth rate) parameter space divided by the total
possible cure area, for varying total number of chemotherapy
cycles and for varying time between cycles. It is assumed that
clinical feasibility limits adoptive T-cell therapy to a single treatment; the rows of panel (a) and horizontal axis of panel (b) show
how the outcome changes depending on which cycle of the
chemotherapy the T-cell therapy is administered in, varied from
cycle 1 to cycle 5. For all chosen values for the length of the time
interval between chemotherapy cycles, the maximum removal
region is achieved when T cells are given at cycle 4, as shown by
the peak of maximal cure zone area in Fig. 9b. When the T cells are
given too early, their beneﬁt is limited by the high degree of
immunosuppression as well as the access problems associated
with a larger tumor. However, if the T cells are injected too late (at
the last cycle), the cells have only one cycle to beneﬁt from the
various immunogenic beneﬁts of chemotherapy, namely the
enhanced tumor lytic power of the T cells that is seen postchemotherapy (Bergmann–Leitner effect), the cytostatic effect, and
the altered immunosuppression.
Proceeding up the columns of Fig. 9a shows the effect of “dosedense” chemotherapy, that is, reducing the interval of time

between chemotherapy cycles. While clinical results showing a
beneﬁt from dose-dense therapy (Citron et al., 2003) have purportedly been explained solely in terms of Gompertzian growth
kinetics (Larry and Simon, 1986), in fact growth kinetics alone
cannot mathematically explain this phenomenon under the Norton–Simon assumption that chemotherapy kill fraction is proportional to the fraction of growing cells in a tumor; this holds true
for both exponential and Gompertzian growth law models, and
indeed any growth law model where the rate of growth depends
only on the current tumor volume and not on any other function of
time. The inclusion of immune effects gives a mechanism for
fractional kill to increase as tumor size becomes smaller, and this
may be the main factor explaining improved outcomes with a
shorter inter-cycle time.
While the above lines of reasoning can be used to understand
the changes in Fig. 9a as one proceeds either across a row or up a
column, when the ﬁgure is viewed as a whole, it is clear that it
reﬂects very complex interactions between a number of different
factors. As with the earlier ﬁgures, Fig. 9 shows the net result from:
the cytotoxic effect of chemotherapy; the cytostatic effect of
chemotherapy; the Bergmann–Leitner effect; reduction of immunosuppression by chemotherapy; increased tumor cell kill as the
tumor gets smaller because of improved access; increased tumor
cell kill as immunosuppression decreases; the different time scales
for recovery of the CD8 effector and Treg cell populations, and so
forth. If one views each point in the growth factor-antigenicity
plane as characterizing an individual tumor, then each point can
also be thought of as an individual patient (note that these two
parameters are assumed constant over the lifetime of the tumor).
Fig. 9 shows that while the largest zone of tumor removals (that is,
the largest shaded area) is achieved with the shortest inter-cycle
time, and with the adoptive T cells added at cycle 4, this would
only be the optimal therapy for a patient population that was
uniformly distributed over the growth rate-antigenicity plane.
There is no a priori reason to assume such a distribution. Moreover, for an individual patient, the optimal therapy is often not the
one that coincides with that giving the largest tumor removal area.
This suggests opportunities for signiﬁcantly improving outcome
with patient-speciﬁc treatment. Finally, Fig. 9a shows that nearly
every point in the plane (that is, nearly every tumor type) can be
removed by one of the 20 possible regimens explored. This
suggests that if a patient has failed chemoimmunotherapy, it
may not be appropriate to assume that their tumor is too poorly
antigenic and that immunotherapy should not be tried further.
Rather, it may simply be a matter of changing the regimen to
achieve a successful outcome.
Fig. 9 was produced without adding any therapeutic IL-2. It is
common clinical practice to administer high-dose IL-2 to patients
receiving adoptive T-cell transfer. The same set of simulations from
Fig. 9 was also performed using concurrent administration of
various levels of IL-2, but we found no signiﬁcant difference in
tumor outcomes for any dose of IL-2. Indeed, recent studies have
called into question whether giving high-dose IL-2 with adoptive
T-cell therapy is an optimal approach (Cho et al., 2012).

7. Discussion and conclusions
In summary, a model has been developed to quantitatively
assess how the adaptive immune system affects response to antitumor chemotherapy or chemoimmunotherapy. While parameter
values could not be determined for speciﬁc tumors or patients due
to the paucity of experimental data, some general conclusions
could be drawn: response to treatment depends strongly on the
balance between immunosuppressive and immunostimulatory
effects. This balance can shift dramatically depending on both
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Fig. 9. Effect of adoptive transfer therapy combined with chemotherapy. (a) Each individual image shows the outcome for the range of tumors with log antigenicity between
 5 and 5 (horizontal axis) and power law growth coefﬁcient between 450 and 900 (vertical). Black is the region of small steady-state tumors. Gray areas are tumor types
that were cured, while white areas are those that escaped therapy. The different outcome charts are for different therapy regimens. The top row of ﬁgures are the results for
14-day chemotherapy intervals, increasing by 2 day intervals with each successive row. Each column is the result of applying the adoptive T-cell transfer on a single cycle of
the chemotherapy regimen, as labeled along the top of the ﬁgure. Poorly antigenic and highly antigenic tumors are cured by the combination therapy. (b) Ratio of the area of
the cure region to the area of the total possible cure region (for the full range of growth rate coefﬁcient from 100 to 900), showing that adoptive T-cell transfer is optimized
when the cells are administered on the fourth chemotherapy cycle.

innate tumor characteristics such as growth rate and antigenicity,
and on the schedule of delivery. The balance can also be shifted in
a favorable direction by adding certain immune interventions to
chemotherapy.
The model suggests that immune effects occurring naturally
(i.e., without any additional immunotherapy) in conjunction with
cytotoxic or cytostatic chemotherapy can signiﬁcantly increase the
amount of tumor reduction and control beyond that which can be
explained by direct cytotoxicity, but only for certain tumors,
characterized by the key parameters of their growth rates and
antigenicities. Thus, the model may provide an explanation of
what Mitchison (2012) has termed the “proliferation rate paradox,” a contradiction in the conventional understanding of how
chemotherapy works that was also noted earlier by Craig Thompson (Goodman, 2004). It may also partly explain the beneﬁt of
combining cytostatic drugs such as cyclophosphamide with cytotoxic chemotherapy drugs, as both can give the immune system a
short-term advantage.
Model predictions indicate the existence of an optimal number
of fractions that a total dose of chemotherapy should be divided
into, purely based on considerations of tumor-immune interactions. Decreasing the time between chemotherapy cycles is also
predicted to improve antitumor immunity. Clinical trials have
already shown an advantage to “dose-dense” therapy (i.e., minimizing the interval between chemotherapy cycles), and a recent
study by Chang et al. (2012) found that dose-dense therapy
reduced immunosuppression and increased effector-T-cell antitumor responses (as evidenced by the surrogate measures of IL-2
and interferon-γ secretion) when compared to a maximumtolerated-dose regimen in a mouse model. While beneﬁts of
dose-dense therapy have been previously rationalized solely in
terms of tumor growth kinetics (Simon and Norton, 2006) the
present model provides an alternative explanatory mechanism,
and also introduces the idea that not only the time between cycles
but also the total number of cycles (for a ﬁxed total dose) can affect
outcome.
Given the ﬁnding that immune effects can contribute signiﬁcantly to the response from chemotherapy as monotherapy, it is
logical to attempt to combine these drugs with other treatments
designed speciﬁcally to enhance antitumor immunity. The present
model shows that not all such immunotherapies that intuitively
would be expected to enhance the response to chemotherapy are
in fact beneﬁcial in all cases; in fact, some have minimal effect

even in the best scenario. Any stimulation of the adaptive immune
system will boost both cytotoxic and regulatory T cells. Since these
two cell populations have different kinetics of cell proliferation
and death, and since they respond differently to certain cytokines
and therapies, there are windows of opportunity to simultaneously maximize both the removal of Tregs and the tumorkilling of effector cells. IL-2 therapy is found to be minimally
effective because it cannot selectively increase effector T-cell
proliferation without also increasing Treg expansion and thus
immunosuppression. Adoptive T-cell therapy bypasses this undesirable side effect of Treg expansion and thus is predicted to be
more effective, consistent with clinical ﬁndings. Dendritic cell
vaccination, while having some stimulatory effect on Tregs, promotes effector cell expansion more, and thus, overall, expands the
region of tumor control signiﬁcantly, except for high-antigenicity,
high-growth-rate tumors where immunosuppressive effects overwhelm the beneﬁt from the increased dendritic cell population.
Treg ablation by an agent such as denileukin diftitox shifts the
balance away from immunosuppression in all cases except lowantigenicity tumors where there are not enough effector cells to
attack the tumor regardless of the elimination of immunosuppression. While TGF-β blockade, in common with Treg ablation,
reduces immunosuppression, it is relatively ineffective because
the Tregs remain the more important source of immunosuppression. The model predictions for relative effectiveness of these
various forms of chemoimmunotherapy were found to be qualitatively consistent with clinical ﬁndings.
Several previous theoretical studies have also examined the
role of immune effects in chemotherapy and chemoimmunotherapy, and the implications for optimization of regimen scheduling
and dosing. de Pillis et al. (2007) considered only two immune cell
populations, the CD8 þ effector cells at the tumor site, and the
circulating lymphocytes. The latter were used primarily to implement a cost function for optimization, that is, to weigh host
toxicity against tumor cell kill. This model did not include
immunosuppressive effects or Tregs, and thus the beneﬁcial
reduction of the Treg population was not accounted for along
with the reduction in effector T cells. Several studies by Leon et al.
(2007a,b) incorporated Tregs as well as antigen-presenting cells
(which correspond to dendritic cells in the present model). These
studies considered separate immune cell populations at the tumor
and in the lymph nodes, but then assumed that the tumor and
lymph node populations were in equilibrium, making them de
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facto single populations. Dendritic cell vaccination, non-speciﬁc T
cell depletion, and incomplete surgery were modeled, but chemotherapy and chemoimmunotherapy were not considered. The
studies by Leon et al. differ from the present model in their use of
an exponential growth law for the tumor; a large body of evidence
suggests that this growth model does not describe in vivo tumors
well over their entire lifetime, although it may be a reasonable
approximation for a short enough interval of time.
The model presented in this study has several limitations. The
innate immune system was not included, even though it can be an
important part of the host anti-tumor response. Another signiﬁcant
source of tumor-induced immunosuppression, the myeloid-derived
suppressor cells, was not included. Host toxicity was not modeled;
thus it is unknown whether all the combination chemoimmunotherapy regimens simulated are clinically feasible or would give
unacceptable side effects. While parameter values were taken
whenever possible from human breast cancer studies, in some
cases they could only be estimated for other cancer types, or for
rodent models, or from in vitro studies. Reasonable assumptions
were made about fractional kill from chemotherapy, and the
duration of time over which direct chemotherapy-induced cytotoxicity occurred, but these would need to be ﬁne-tuned for speciﬁc
drugs and tumor types. For immune cells and cytokines, a single
body compartment was assumed: cytokine concentrations are in
the plasma, and assumed to equilibrate with the tumor; T cell
populations are in the tumor compartment and lymphatic periphery. In actuality, it is quite possible that concentrations of cytokines
and immune cells differ between the plasma, tumor, and lymph
node compartments. Spatially distributed models could capture
this, but would require more parameters than the present model
uses; moreover, measurements of the values of these parameters
might not be available in the literature. Furthermore, while the
tumor and lymph node compartments were assumed well-mixed
here, spatial gradients are likely within the tumor, and cell population numbers likely differ when going from draining lymph nodes
to lymph nodes progressively more distant from the tumor.
Tumor antigenicity was assumed constant over time in the
present model, as were parameters associated with the adaptive
immune response. In actuality there is experimental evidence for a
process sometimes referred to as “immunoediting” (Reiman et al.,
2007) whereby the tumor evolves over time to become less
responsive to the immune system (von Boehmer et al., 2013;
Kottke et al., 2013). This can encompass clonal selection under
immune pressure, changes in tumor antigen expression, or tumorinduced corruption of some parts of the immune system to cause
it to promote rather than hinder progression. The present model
does not include such effects, although previous modeling studies
have found them to be signiﬁcant (d'Onofrio and Ciancio, 2011; AlTameemi et al., 2012).
The criterion for tumor removal adopted in this study was a cell
number less than 1, as all cell numbers are continuous variables.
Given the evidence that not all tumor cells are capable of clonal
expansion, it may be that a cell number larger than 1 would be
more appropriate; such a threshold has been termed the “cure
volume” (Bhardwaj et al., 2007) and could perhaps be estimated
from minimal sizes of tumor implants necessary to establish a
tumor in mouse models. The study of Caravagna et al. (2010),
which used stochastic differential equations to model variability of
the immune response, demonstrated that stochastic effects can
alter the region of tumor control compared to a deterministic
model. Changing the magnitude of random ﬂuctuations would be
expected to have a similar effect to changing the threshold “cure
volume,” because as ﬂuctuations increase, the likelihood of reaching the cure volume at some point in time increases. Therefore,
introducing stochasticity would likely increase the cure region in
parameter space.

As mentioned in the section on parameter estimation, another
possible source of model error is that the recovery time scales for
the T-cell subpopulations were obtained from rodent studies.
However, for there to be a beneﬁt from temporary depletion of
T-cell subpopulations, all that is required is that the time scales for
depletion and recovery are different enough that a window of time
exists where the E:R ratio (effector T cell-to-Treg ratio) is more
favorable than it was before treatment. Periods of time when the
E:R ratio is unfavorable do not offset this outcome because no cell
killing occurs during those times. The effect of the E:R ratio is
nonlinear, with small values corresponding to virtually no cell kill
regardless of how small they are. In view of experimental studies
(Ghiringhelli et al., 2004; Pircher et al., 2014) which clearly show
different time courses of nadir and recovery for Tregs and effector
(or CD4) cells, there is evidence that a window with a more
favorable E:R ratio exists regardless of whether the rodent estimates for the T-cell population kinetics are close to human values.
Additionally, comparison of the Pircher et al. (2014) data with
Lutsiak et al. (2005) suggests little difference in these time scales
between rodent and human.
Further, it should be noted that while the above results and
discussions for chemoimmunotherapy have focused on how the
tumor control region is expanded with the combination of the two
therapies, another likely important beneﬁt is the prolongation of
survival. This could be further explored with the model, but would
probably require tailoring it to speciﬁc drugs and tumor types.
The immunological “side-effects” of chemotherapy are very
complex, and only certain aspects were explored in this study.
Much evidence suggests that chemotherapy is a form of immunotherapy in its own right (in addition to its direct cytotoxic
effects) (Zitvogel et al., 2008). However, not all studies show a
positive immune effect from chemotherapy. For example,
Bandyopadhyay et al. (2010) found that doxorubicin activated
TGF-β, and offered this as an explanation for why adding a TGF-β
inhibitor improved results from this drug. Such effects were not
included in the present study.
In summary, the present model gives insight into the interplay
between chemotherapy or chemoimmunotherapy and the adaptive immune system and tumor characteristics, and how these
complex nonlinear interactions affect response. It provides a
possible answer to the question of how chemotherapy (as monotherapy) actually works, since the traditionally accepted explanation of direct cytotoxicity on rapidly dividing cells is not
satisfactory. The model can explain why some immunotherapeutic
interventions are only minimally effective when combined with
chemotherapy, while others are quite effective, at least for some
tumor types. Most importantly, it suggests that both the tumor
characteristics, which vary from one patient to another, and the
schedule of administration can have a profound impact on outcomes from chemoimmunotherapy. Depending on the tumor
characteristics, even the optimal type of chemoimmunotherapy
(e.g., dendritic cell vaccine vs. adoptive T-cell transfer) can change
signiﬁcantly. Thus, the opportunities for personalized medicine in
chemoimmunotherapy appear to be very promising.
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