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Metronomic chemotherapy can drastically enhance immunogenic tumor cell death.

However, the mechanisms responsible are still incompletely understood. Here, we

develop a mathematical model to elucidate the underlying complex interactions between

tumor growth, immune system activation, and therapy-mediated immunogenic cell

death. Our model is conceptually simple, yet it provides a surprisingly excellent fit

to empirical data obtained from a GL261 SCID mouse glioma model treated with

cyclophosphamide on a metronomic schedule. The model includes terms representing

immune recruitment as well as the emergence of drug resistance during prolonged

metronomic treatments. Strikingly, a single fixed set of parameters, adjusted neither for

individuals nor for drug schedule, recapitulates experimental data across various drug

regimens remarkably well, including treatments administered at intervals ranging from 6

to 12 days. Additionally, the model predicts peak immune activation times, rediscovering

experimental data that had not been used in parameter fitting or in model construction.

Notably, the validated model suggests that immunostimulatory and immunosuppressive

intermediates are responsible for the observed phenomena of resistance and immune

cell recruitment, and thus for variation of responses with respect to different schedules

of drug administration.

Keywords: metronomic chemotherapy, cyclophosphamide, mathematical modeling, immune recruitment, cancer

resistance

1. INTRODUCTION

Immune system involvement in cancer progression has been well-established, leading to increased
efforts to harness the ability of the host immune system to fight off growing tumors (1). Standard of
care chemotherapy regimens typically involve drug administration on a maximum tolerated dose
(MTD) schedule (2). These regimens aim to target most cancer cells at once, but frequently lead
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FIGURE 3 | Simulated and experimental growth curves for the scenarios of 1-CPA, 2-CPA, 3-CPA, and doses of 210 mg/kg given every 9 days (CPA/9-days/210).

When not specified, CPA doses are 140 mg/kg. Black dashed lines represent the time at which drug treatments are given. Solid lines represent fitted data; dotted

lines represent predicted growth curves extrapolated from the model.
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FIGURE 4 | Simulated and experimental growth curves for the scenarios CPA/6-days, CPA/6-9-days, CPA/9-days, and CPA/12-days. Solid lines represent fitted

data; dotted lines represent predicted growth curves extrapolated from the model.
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FIGURE 5 | Simulated tumor growth curves of all the considered treatments scenarios were normalized such that the first time point of each curve has an initial value

of 100. The mean of the normalized curves for each treatment condition was then calculated and plotted on the left panels. The right panels are the original

experimental data from Wu and Waxman (12). These data also show the difference between the normalized average fits of the fitted data without outliers (middle

panels) and the experimental data including outliers (right panels). The outliers are highlighted in Supplementary Note 3.

the immune system is assumed to be an aggregate of multiple
immune cells and related factors. The experimental immune
data, shown in Figure 6, can be separated into two categories:
the immune cell markers and the chemokine, cytokine, and
adhesion molecule markers. It is clear from the experimental
data that new injections of the drug have a short term negative
effect on immune cell populations. However, this is not often
the case for cytokines or chemokines, which can be recruited
and remain at high levels even after a second injection, as was
the case for the 2-CPA regimen. Considering both effects of

the immune cell markers and cytokines and related molecules,
the predictions of immune system behavior by the model seem
to be an aggregate of these responses. It estimates well the

immune cell peaks that occur at 12, 18, and 24 days for 1-
CPA, 2-CPA, and 3-CPA regimens, respectively. Notably, the

experimental data are quite sparse, as only 4 time-points were

analyzed for each treatment condition. Additional plots in

Supplementary Figure 4 show the predicted immune system
behavior for other treatment conditions.

Predictions for CPA/9-6-days and
CPA/7.5-days
The validated model was then used to make predictions about
the effect on tumor growth of dose administration regimens
that were not experimentally tested. One such example is shown
in Figure 7, where drug is administered at alternating breaks
of 9 days and 6 days (CPA/9-6-days). Interestingly, the model
predicts that CPA/9-6-days is considerably inferior to the CPA/6-
9-days regimen, suggesting that shorter breaks between drug
administrations early on improve outcomes, as compared to
longer breaks. CPA/7.5-days is a little better than CPA/9-6-days,
especially with smaller initial tumor volumes.

We hypothesize that shorter breaks early on allow sufficient
tumor burden reduction to enable cytotoxic immunity to have
greater impact on the smaller tumor. Notably, within this
framework, the standard approach of maximizing tumor burden
reduction would cause excessive damage to the immune system,
so chemotherapy-induced tumor burden reduction should be
sufficient to augment the effect of the immune system but not to
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FIGURE 6 | Independent model validation through comparison of model predictions to available immune cell data. The top row shows the predicted immune system

recruitment by the fitted model for the 1-CPA, 2-CPA, and 3-CPA treatment conditions. The vertical black dashed lines indicate times of drug injections at 140 mg/kg.

The initial volume for the simulated tumors yielding these curves was assumed to be 1,000 mm3 at the time of the first injection. The middle row shows the

experimental data of the gene expressions for various immune markers linked to the innate immune cells (macrophages, dendritic, and NK cells). Similarly, the bottom

row shows gene expression data for various chemokines, cytokines, and adhesion molecules (abbreviated CCA on the plots). The data is ordered such that each

column represents the same treatment condition.

act to its detriment. Based on our analysis, although the CPA/9-
6-days schedule (Figure 7) should be superior to the CPA/9-
days schedule (Figure 4), the two simulated datasets are almost
identical in behavior.

Upon closer examination of relative impact in cancer cell
death due to activity of the immune system vs due to the drug,
the model indicates that even after the anti-tumor immune
recruitment decreases, small tumors remain under control as
a result of drug cytotoxicity. However, for large tumors, even
a slight decrease in anti-tumor immunity can determine the

difference between tumor regression and tumor progression.
Looking at the immune response in Figure 7, a slight decrease
around 15–20 days after the first treatment leads to strong
rebounding behaviors in the two largest simulated tumors.

4. DISCUSSION

The administration of cyclophosphamide under MTD regimens
can be severely toxic to the immune system and undermine
its ability to help control tumor growth. Changing the dose
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FIGURE 7 | On the (top) row, predictions for the CPA/9-6-days drug regimen where the first break is 9 days followed by 6 days, then 9, then 6 and so on,

alternatively. On the (bottom) row, similar predictions are made for CPA/7.5-days.

and timing of drug administration has been shown to restore
the ability of cytotoxic immune cells to target tumor growth
in glioma mouse models (12, 13), suggesting the existence of a
“sweet spot” that can minimize damage to the immune system
and maximize anti-tumor immune effects. To formalize the
mechanisms thatmay underlie experimentally observed variation
in response with respect to drug dose and schedule, we propose
a phenomenological mathematical model that captures key
processes that may underlie interactions between drug, immune
system, and tumor. Through these efforts, we aim to identify
key mechanisms that may give rise to a strong and sustained
immune response, within the broader context of improving the
understanding of cancer treatments that target not only cancer
cells themselves but also the tumor microenvironment, and in
particular, the immune system.

The proposed phenomenological model was fit using the
method outlined in Supplementary Note 2 to generate a single
set of parameters that was able to capture well tumor growth
dynamics across nearly all experimentally tested drug treatments
(Figures 3 and 4). The model was further validated through

predicting the dynamics of the immune cells that were not used
in the fitting process.We found a strong correspondence between
immune data and predictions, despite the simplified nature of
the underlyingmodel (Figure 6). The parameter values of various
fits within 1% of the optimal value for the objective function are
plotted in Supplementary Figure 5. Notably, the tumor growth
constant ka was consistent among all the fits. This parameter
is likely to be well-determined due to the abundance of tumor
volume data and, in particular, the use of untreated tumor growth
data in the fits. The parameters related to the tumor equation
and the PK part of the model are generally within one order
of magnitude among all the fits. The remaining parameters are
mostly spanning several orders of magnitude and it is likely that
a better correspondence of phenomenological variables X, Y , and
I with the experimental data would alleviate this issue, namely
that several combinations of parameters can redundantly capture
the qualitative behaviors seen in the experimental data.

We then used the validated model to predict the impact on
tumor growth of an alternative schedule of CPA/9-6-days as
well as CPA/7.5-days that have not been tested experimentally
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(Figure 7). The model predicts that shorter breaks between
dose administrations early on lead to greater tumor burden
reduction and improved anti-tumor immunity; however, as was
shown in Wu and Waxman (12) and Chen et al. (13), the
breaks cannot be too short, which in turn may lead to excessive
immune cell depletion, not allowing cytotoxic lymphocytes time
for replenishment. Therefore, the goal of “sweet spot” therapy is
to reduce tumor burden sufficiently to allow cytotoxic immunity
to persist and control the tumor.

Despite the undeniable complexity of the immune system,
the proposed conceptual model of four differential equations
coupled with a 1-dimensional PK model allowed us to capture
tumor responses to various treatment schedules.While themodel
was used to understand and reproduce data that shows impact
of variation in dosing and scheduling on tumor growth for
a particular mouse tumor model, it also highlights the fact
that beyond simply understanding the interactions between the
different components at play, a quantitative modeling approach
may be able to help design better metronomic chemotherapy
treatments. Furthermore, the conceptual nature of the proposed
model enables us to pinpoint more specific mechanisms that are
responsible for observed variations, which may not be possible
with more detailed descriptive models.

Besides fitting well the experimental data on
cyclophosphamide, the mathematical model developed
here can be a valuable complementary tool to understand
how drugs function and how they can be combined with
other types of treatments, such as immunotherapies. It is
also possible that drugs previously discarded due to a lack of
cytotoxicity may have immunogenic properties that could act
as effective complements to other treatments, a response that
may have gone unnoticed in the context of MTD administration.
Furthermore, the proposed framework suggests that what may
appear as therapeutic resistance to a drug may in fact represent
desensitization, a phenomenon that can be mitigated through
alterations of the drug dosage and scheduling and through
better understanding of how these different components of the
tumor microenvironment interact with one another, particularly
immune cells and cytokines.

One of the exciting properties of this model is that it
demonstrates that the exhaustive details of specific immune cell
and cytokine types are not necessary to explain experimentally
observed data with regards to tumor growth; instead, we showed
that grouping actors by function into “classes of cells” is
surprisingly sufficient. Therefore, while it is tempting to try
to introduce more details into equations describing either the
immune cells or immunostimulatory and immunosuppressive
factors, it may not provide additional insights. This is because
the ultimate goal of this approach is not to quantify the
immune system extensively, but to reliably predict long term
tumor dynamics under treatment. Instead, it may be more
beneficial to explore the impact of drug-specific kinetics on
these different components. This approach is quite feasible,
since pharmacokinetic modeling that describes experimentally
measurable changes in drug concentrations over time has very
well-developed methodology that is used extensively in drug
discovery and development.

Drug-specific PK models can be coupled with the four
Equations (2–5) to help better understand the push and pull
of drug effects on all system components to get the ultimate
measurable outcome: drug impact on tumor growth. Parameters
that would need to be experimentally determined are those
associated with drug-dependent toxicity on immune cells and
cancer cells separately (within the frameworks of this model, they
are parameters kb, kf , km, ki, and kl), which can be measured
in targeted experiments and then used as starting points for
parameter optimization. The PK-PD model will then need to
be trained on experimental data, as in the approach described
here, and then used to evaluate the impact of different treatment
regimens on final tumor growth. Notably, PK models can be
created to describe the dynamics of both novel drugs and existing
ones. This may open avenues to re-purposing existing drugs by
appropriately altering the dosage and schedule of administration,
an undertaking where quantitative approaches such as the one
proposed here may prove to be indispensable.

The effectiveness of metronomic CPA schedules examined
here has been demonstrated in syngeneic mouse glioma models,
as well as in innate immune-sufficient SCID mice in work that
includes mouse, rat and human xenografts; however, we do
not know how predictive these models are of responsiveness in
gliomas or in other tumor types in human patients. Evaluation
of these metronomic CPA schedules in human tumor models,
including patient-derived xenografts, is therefore a high priority
for clinical translation.

We anticipate the proposedmathematical model will be useful
for discovery of hidden potential of current drug treatments by
building better quantitative understanding of the phenomena
at play, and for designing more effective drug regimens that
may not be intuitively apparent through exploring immunogenic
potential of ICD drugs. The proposed model can also be used to
investigate a variety of drug schedules and dosing regimens, as
well serve as a building block for investigation of combination
chemotherapy and immunotherapy treatments that will likely
pave the future of cancer therapy.
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