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Abstract

In this paper, a large dataset of 590 Non-Small Cell Lung Patients treated with ei-
ther chemotherapy or immunotherapy was used to determine whether a game-theoretic
model including both evolution of therapy resistance and cost of resistance provides a
better fit than classical mathematical models of population growth (exponential, logis-
tic, classic Bertalanffy, general Bertalanffy, Gompertz, general Gompertz). This is the
first time a large clinical patient cohort (as opposed to only in-vitro data) has been used
to apply a game-theoretic cancer model. The game-theoretic model provides a better
fit to the tumor dynamics of the 590 Non-Small Cell Lung Cancer patients than any
of the non-evolutionary population growth models. This is not simply due to having
more parameters in the game-theoretic model. The game-theoretic model is able to fit
accurately patients whose tumor burden exhibit a U-shaped trajectory over time. We
then demonstrate how this game-theoretic model provides predictions of tumor growth
based on just a few initial measurements. Assuming that treatment-specific parameters
define the treatment impact completely, we then explore alternative treatment proto-
cols and their impact on the tumor growth. As such, the model can be used to suggest
patient-specific optimal treatment regimens with the goal of minimizing final tumor
burden. Therapeutic protocols based on game-theoretic modeling can predict tumor
growth, and improve patient outcome. The model invites evolutionary therapies that
anticipate and steer the evolution of therapy resistance.

Keywords: Evolutionary game theory, Non-Small Cell Lung Cancer, immunotherapy,
radiotherapy, Stackelberg evolutionary game, resistance

1 Introduction

Lung cancer is the second most common cancer and the leading cause of cancer death for
both men and women [4]. Non-Small Cell Lung Cancer (NSCLC) is the most frequent type
of lung cancer, accounting for 84% of all lung cancer diagnoses. Although novel anti-cancer
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therapies like targeted therapies and immunotherapy are allowing people with metastatic
lung cancer to live longer than ever before, metastatic lung cancer remains incurable [4 [3].
This is often caused by therapy resistance [11, 20} 16} [13].

In order to to improve therapy, we need to understand tumor response to different possi-
ble therapy options. Mathematical modelling helps with this understanding [1]. Here we
compare the fits of six mathematical models (exponential, logistic, classic Bertalanffy, gen-
eral Bertalanffy, Gompertz and general Gompertz) to quantitative measurements of tumor
diameter changes over time from patients with Non-Small Cell Lung Cancer with a novel
game-theoretic model. Recently, Ghaffari Laleh et al (2021) have fitted classic models of
tumor growth to this dataset and performed a comparison between them, showing that they
can fit the trajectory of tumor growth relatively well. They provide a good estimation of the
future response based on early treatment data. However, their predictive capabilities fail
when tumor growth is not monotonic, i.e. for tumors that are neither continuously growing
nor shrinking [12]. Yet, many tumor growth dynamics show a U-shape where therapy is
initially effective but loses efficacy as the cancer cell population evolves resistance.

In this paper, we use a subset of 590 patients from this data set, corresponding to patients
with NSCLC treated with chemotherapy or immunotherapy for which we have measurements
for at least 6 time points. We propose a game-theoretic model which assumes that evolution
of therapy resistance is a quantitative trait. This is different from some existing models that
assume a qualitative trait where different cancer cell types are either resistant or sensitive
to treatment [22], [14] B]. The model we utilize here has been proposed in [16] and further
studied in [19]. We will verify whether this mode outperforms the classical models of tumor
growth when fitted with the NSCLC patient data t [12].

After fitting the model to the data, we analyze whether different treatment protocols would
have been better for some of the patients, This application illustrates an application of
Stackelberg evolutionary game theory. Besides improving the accuracy for predicting tumor
dynamics and the evolution of resistance under treatment, the model provides a successful
application of evolutionary game theory to describe and optimize cancer treatment.

This paper is organized as follows. In Section [2| we introduce the model and fit it with a
subset of the anonymized data used in [12]. The subset of patients with metastatic NSCLC
were treated with either immune checkpoint inhibition or chemotherapy. In Section
we evaluate the results obtained, as well as the accuracy of the model in predicting the
future dynamics of the tumor. We compare our results with those given by the classical
population growth models explored in [12]. Moreover, we show how our model can be used
to design alternative therapies for optimizing any pre-specified treatment goals. We can than
compare the possible patient outcomes had the patients undergone a different treatment,
as well as to explore other theoretical scenarios, such as the effect of treatments targeting
the evolution of resistance. Section [4] concludes by summarizing the main outcomes and
discussing limitations and future directions.

2 Material and methods

2.1 Game-theoretic model

Here we model the cancer cells’ response to treatment as an evolutionary game as in [16].
The physician has one decision variable m, which represents either the dose of Docetaxel, a
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chemotherapy drug, or an immune checkpoint inhibitor that targets PD-1 (MPDL3280A).
As no patients in our data set received both of the treatments together, we use the same
model for both therapeutic options, with a slightly different assumption on the treatment
dose m. In the case of chemotherapy, the physician can regulate the drug dose and m exists
on a continuum between 0 and 1, where the standard of care corresponds to m = 1 and
m = 0 means that no treatment is given. On the other hand, in the case of immunotherapy;,
the physician only has two options: to apply the treatment (m = 1) or not (m = 0). This is
because a higher dose of immunotherapy does not necessarily have a proportional effect on
the cancer population, as investigated in [I5]. For both treatments, when fitting the model
to the patient data, we assume that the dose is fixed and m = 1 when the treatment is
applied and m = 0 otherwise. However, when looking for alternative treatments, we may
vary m between 0 and 1 in the case of chemotherapy. We model the cancer’s eco-evolutionary
dynamics by means of a population vector x of cancer cells, with therapy resistance as a
continuous trait u € [0, 1], where u indicates the intensity of therapy resistance: cells with
u = 0 are completely susceptible (sensitive) to the treatment, while cells with u = 1 are
fully resistant to the treatment [17) [19] [16].
In order to integrate the time scales of the ecological and the evolutionary dynamics we use
a general approach, called Darwinian dynamics, where the population dynamics and the
dynamics of the evolving trait are modeled using a fitness-generating function [5, 2I]. We
assume that the strategies of the individual cells in the evolving population are inherited and
their payoffs depend on the expected fitness (representing per capita growth rates), which
we denote as G(u,x, m) and refer to as the fitness-generating function. The evolutionary
dynamics are defined as

& =xG(u,z,m). (1)

The fitness function also determine the evolutionary dynamics that describe how the cancer
cells level of resistance evolves in response to the physician’s treatment choice and are defined
as

a:agi (2)

where o determines evolutionary speed, which can be seen as increasing with additive genetic
variance or the mutation rate. The G-function approach allows us to determine how natural
selection will act on a population’s ecological and evolutionary dynamics.

While the function G(u,z,m) could have different forms, here we confine ourselves to the
form used in the existing literature |17, 19} [16]:

Glu,z,m) =r (1— K”(“u)) - kf‘bu —d. (3)

x
The first term of , r <1 — ﬁ , refers to the per capita growth rate of the cancer
u

cells, where r represents the intrinsic growth rate, x the population of cancer cells, u their
resistance strategy and K(u) the carrying capacity, which is assumed to be a function of
the resistance trait . In particular, similarly to [23, [6], we assume that there is a cost
of resistance manifested in the carrying capacity such that K(u) decreases as u increases:
K(u) = Kpax e 9%, where Kpax is a constant that indicates the maximum possible carrying
capacity and g determines the magnitude of the cost of resistance. This is due to the
fact that, in general, resistance appears in the form of cells that are not sensitive to the
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treatment, and the maintenance of these resistance mechanisms might require extra energy
that cannot be devoted to proliferation, making resistant cells less efficient at utilizing
resources for survival and proliferation in the absence of treatment [I0]. The second term

of the G-function, , represents the mortality due to the treatment, where m is the

m
kE+bu
treatment dose, k is innate resistance, and b is the benefit of the resistance trait in reducing
drug efficicacy. The background rate of cell death is given by d. Table [I| summarizes all

parameters, their definitions and values.

Variables Meaning Values
x Cancer cell population in interval [0, 1]
U Resistance strategy non-negative
m Treatment dose in interval [0, 1]
Parameters Meaning Values Variability

d Intrinsic death rate in interval [0, 1) treatment-specific
r Growth rate of the cancer cells in interval [d, 1) patient-specific

Kiax Maximum carrying capacity nonnegative treatment-specific
k Innate cell immunity in interval [0,20]  treatment-specific
b Magnitude of resistance benefit in interval [0,20]  treatment-specific
o Evolutionary speed in interval (0,0.1] patient-specific
g Magnitude of cost of resistance in interval [0, 1) treatment-specific

Table 1: Variables and parameters of the model.

2.2 Data pre-processing

We used data sets from four different clinical trials, namely the four trials from [12] which
correspond to NSCLC. All the data correspond to patients with metastatic NSCLC treated
with Atezolizumab (previously known as MPDL3280A), which is an immune checkpoint
inhibitor directed against the Programmed Death Ligand 1 (PD-L1), or with Docetaxel, a
chemotherapeutic agent. The data used consists of the one-dimensional longest diameter
of target and non-target lesions manually measured on CT scans. We cleaned and pre-
processed the data following the guidelines in [12] in order to be able to compare the final
results.

We selected the primary tumor (target lesion) of each patient and considered only those
tumors for which more than 6 observations are available, to enable a more robust fitting
of the mathematical model to the data and avoid overfitting. The cohort of patients with
valid data consisted of 590 patients. Patient varied in the number of time for the selected
target lesion. The distribution of patients among studies and treatment arms is explained
in more details in [12].

In order to estimate the population of cancer cells of each tumor from the measurements
of the longest diameter (LD), the tumor volume (V') was calculated using the formula
V = 0.5-(LD)3, following common practice in tumor modelling when only a single tumor
measurement is available [9].

Furthermore, as the range of tumor sizes wasvery large , going from 0 to 5926176 mm3, the
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cell populations were rescaled in the range 0 to 1, using the formula

_ Told — Tmin

Tmax — Lmin

where = represents the rescaled value, xo)q is the original value of the cell population (esti-
mated from the diameter), and i, and Zymax represent the minimum and maximum values
of the cell populations among the whole dataset, respectively. This was done in order to
have only three patient-specific parameters in the model and therefore all other parameters
are fixed for all of the patients.

We then categorized the tumors into four treatment response groups/categories: “Up”,
“Down”, “Fluctuate” and “Evolution”. For this purpose, for each tumor we created a vector
containing the differences between each LD measurement at time point ¢;41 and the previ-
ous measurement at time point ¢, for all the time points where a measurement was taken.
If the LD at ti11 is bigger than at ¢, we consider the difference as positive and vice versa.
The tumors were classified and categorized as follows:

e The “U” category includes patients whose difference vector values are always positive
and patients with a positive difference after the first measurement if the ratio between
the sum of all positive values to the sum of all negative values is greater than 2.

e The “Down” category includes patients whose difference vector values are always neg-
ative or a negative difference after the first measurement if the overall ratio between
the sum of all negative values to the sum of all positive values is greater than 2.

e The “Evolution” category includes patients who initially respond to treatment and
then start experiencing tumor progression. More precisely, we include tumors for
which the first two values of the difference vector are negative, the maximum of the
volume corresponds to the first or the last time point, and the sum of the last two
values of the difference vector is greater than -1 times the first value of the vector
divided by 2 (i.e., the evolution of resistance causes the tumor to grow at least half as
much as it shrinked at the start of the treatment).

e The “Fluctuate” category contains all patients who correspond to none of the previous
categories.

The classes “Up” and “Down” correspond to those described in [12], while the class “Fluctu-
ate” defined in [12] is now divided into two classes: “Evolution” and “Fluctuate”. This was
done because tumors in the class “Evolution” are more likely to exhibit a U-shape due to
the evolution of treatment-induced resistance. Since our model takes evolution of therapy
resistance explicitly into account, we want to confirm the hypothesis that it fits the tumors
in this category more accurately than the other models.

2.3 Fitting the model

Given that the only information available is the value of z at certain time points and whether
the patient is subject to treatment at that time point or not, we need to estimate all the
parameters introduced in Table[I] in order to fit the model.

Parameter estimation is done using GEKKO v0.2.8, a Python package for machine learning
and optimization, specialized in dynamic optimization of differential algebraic equations [2].
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As there are seven free parameters, estimating their values poses a significant challenge. We
consider two of the parameters and the initial condition for u to be patient-specific and fix
the rest, as summarized in Table |1} Initial experimentation suggested that the best option
is to estimate r and o per patient and fix the remaining parameters.

Thus, to fit the model, the parameters b, k, Knax, g, and d are fitted with assumption that
they are treatment-specific, meaning that they are fixed to a selected set of values for all
the patients who received the same treatment, while o, r and the initial value of u are are
assumed to be patient-specific, that is, they are estimated separately for each tumor with
the objective of minimizing the mean squared error (MSE) between the real data and the
predictions given by the model. For all tests, we assume m = 1 when treatment is applied.
The values of the parameters which are not patient-specific are selected after performing a
grid search to find the combination that gives the best results. The model is fitted to the
data for each tumor for each combination of parameters and then, the mean squared error
is evaluated per tumor. The final value of the average error of all the tumors is then used
to select the best parameters.

2.4 Separating patients into different clusters

Due to the fact that the behaviours and volumes of the tumors vary significantly from
patient to patient and the number of parameters to optimize is relatively large, we separate
the tumors in different clusters such that each cluster has different parameter values.

First of all, as we mentioned before, the parameters b, k, Knax, g, and d are assumed to be
treatment-specific, so different values are estimated for each of the two treatments. Within
each treatment group, we further stratify the patients according to the following criteria.
The first clustering criterion is the initial volume of the tumors, as the range of the volumes
is considerably large and the volume of the tumor might have an impact on its evolution —
and thus on the parameters. Moreover, this information can be extracted solely from the
first data point, so it poses advantages for prediction.

The second clustering criterion is the initial trend of the growth of the tumors, that is,
whether they increase or decrease once treatment starts. This is a reasonable criterion as
the first reaction to treatment may contain valuable information about the evolution of the
tumor and it can be measured with only the first two data points.

Therefore, for each treatment group, tumors are separated into four clusters according to
initial volume — Size 1, Size 2, Size 3 and Size 4 — and two sub-clusters according to the initial
trend — increasing and decreasing —, so in total we differentiate eight groups per treatment,
corresponding to all the possible combinations of initial trend and initial volume. Tumors
are classified as Size 1 if their volume is smaller than 1021.9 mm3, Size 2 if their volume
is between 1021.9 mm?® and 10219 mm?, Size 3 if it is between 10219 mm? and 61314.24
mm? and Size 4 if the volume surpasses the latter threshold. On the other hand, tumors
are included in the increasing group if the second measurement of the diameter is bigger or
equal than the first one, and in the decreasing group if it is smaller.

For each group, a grid search is performed to fit the parameters, where for each grid point
patient-specific fit is carried out. The parameters that lead to the best fit per group are
selected. Their values are summarized in Table 2l
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Increasing Decreasing Increasing Decreasing
b=20 b=2 b=1 b=1
. k=0.2 k=0.2 . k=2 k=1
(v §S1loif9 :}nt) Kmax =1 Kmax =1 (v gslloji) ]r-nt) Kmax =1 Kmax =1
g=20.9 g=20.1 g=20.5 g=20.1
d=0.01 d=0.2 d=0.01 d=0.1
b= b=1 b=0.2 b=1
Size 2 k= k=10.9 Size 2 k=2 k=0.9
(1021.9 mm® < v Khax =1 Khax =1 (10219 mm® < v Kpax =1 Kpax =1
< 10219 mm?) g = 0.9 g = 0.1 < 10219 mm?) g = 0.9 g = 0.1
d=0.1 d=0.2 d=0.01 d=0.2
b=2 b=1 b=2 b=20
Size 3 k=10 k=09 Size 3 k=109 k=0.2
(10219 mm® < V Khax =1 Khax =1 (10219 mm3 < V Khax =1 Knax =
< 61314.24 mm?) g=20.9 g=20.1 < 61314.24 mm®) g=20.9 g=0.5
d=0.2 d=0.1 d=0.01 d=0.2
b=20 b=20 b=0.2 b=20
k=1 k=109 k=109 k=209
Size 4 Size 4
(V > 61314.24 mm?) Kmax =1 Kmax - (V > 61314.24 mm?) Kmax =1 Kmax =1
g=209 g=209 g=209 g=0.1
d=0.01 d=0.1 d=0.1 d=10.01

Table 2: The values of treatment-specific parameters fitted using grid search for the case of

chemotherapy (left) and immunotherapy (right).
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2.5 Experiments
Comparing the fit of the game-theoretic model to that classical model

In experiments, we evaluated how well the game-theoretical model defined by equations
f matches the tumor volume trajectories of patients subject to immunotherapy or
chemotherapy and compared the results to the ones obtained with the classical ODE models
explored in [12]. In order to compare the performance between the game-theoretic model
and the six models explored in [12], we calculated different metrics of the goodness of fit (for
each of the study arms and each of the trend categories), namely the R2-score and the root
mean squared error (RMSE). Further, we compare the fit of the model with and without
evolution of resistance to see whether a possible better fit is due to more parameters in the
game-theoretic model or rather due to its assumption on therapy resistance.

Predicting treatment response based on initial data points only

After fitting values of the treatment-specific parameters of each group, we test whether the
model can predict the last data points from the early treatment response. More specifically,
if we have n data points, we use the first n — 3 points to estimate the values of the patient-
specific parameters, r, u(0) and o, and we solve equations and to get the value of x
at the time of the last measurement. Then, we evaluate the result by computing the mean
absolute error between the predicted volume at time t¢,, and the real value.

Optimizing a pre-defined treatment objective

Here we expand our model into a Stackelberg evolutionary game [I8] 22 20| [19] where the
physician as a rational leader tries to optimize the predefined criterium, here final tumor
burden, by changing the timing and in case of chemotherapy also dosing of treatment the
patient received. Different objective functions can be explored, such as minimizing the final
tumor burden, minimizing the tumor burden at every time point, minimizing the variance
of the volume of the tumor, etc.

We consider the objective of minimizing the final tumor burden, which corresponds to
solving the following optimization problem:

m*(-) =argminz(7T)
m(t)

2(t) = x(t) G (m(t), u(t), x(t))
9G (m(t), u(t), z(t))

it) = o Du(t)
G (m(t),u(t),z(t)) = r (1 — K“’ES&Q - fb(’g(t) —d, telo,T],

where T is the final point considered. For patients subject to immunotherapy, we assume
that we can decide whether treatment is on or off at every time point where we have a
measurement, and so, at each of the time points, the optimal value of m € {0, 1} is computed.
On the other hand, for patients that received chemotherapy, we consider m € [0,1] and
compute the optimal dose at each of the time points.
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Simulating a different treatment scenario

Since we have assumed that there is a set of parameters that are treatment-specific, namely
Kiax, b, d, g and k, we can use them to simulate what would have happened if the patients
who received immunotherapy were being given chemotherapy and vice versa.

To do so, we assume that the initial value of the resistance to treatment is the same for both
treatments. We take the parameters Kyax, b, k, g and d estimated for the corresponding
treatment and the parameters u(0), rmax, o estimated for the corresponding patient, and
we simulate the evolution of the tumor subject to this treatment.

Thus, for patients who received Docetaxel, we simulated what would have happened if they
had received immunotherapy, and vice versa.

Simulating a treatment targeting the evolution of resistance

Here we assume there exists a treatment that targets evolution of resistance, that is, that
makes u decrease instead of increase, and explore what would be its effect on the tumor
evolution.

3 Results

3.1 Comparing the fit of the game-theoretic model with classical
ODE models

As shown in Figures [1] and [2| in general the game-theoretic model obtains better scores
for both metrics in most of the groups, although the difference of performance is not as
significant in every trend category. Indeed, for the categories “Up”, “Down” and “Fluctuate”,
the R2-score values are often not far from the best scores obtained with the other models,
while for the tumors in the category “Evolution”, the game-theoretic model significantly
outperforms the other models in most of the arms. In fact, with the game-theoretic model
we obtain an R2 score higher than 0.8 for all arms except one, compared to values below 0.6
with the classic ODE models in most of the arms. This indicates that the game-theoretic
model is indeed more suitable to describe tumors that exhibit an evolution of resistance to
treatment, featuring a U-shape in their trend of growth over time. Figure [3| shows two fits
obtained for tumors in the category “Evolution”, that could not be well fitted with classical
ODE models.

On the other hand, the R2-score for tumors in the trend category “Fluctuate” is below
0.6 in most of the groups for all of the models, which indicates a systematic limitation to
accurately fit tumors that experience pseudoprogression, i.e., tumors that keep growing for
a relatively long period of time after the start of treatment and then start responding to
treatment, or tumors that grow and decrease alternatively over time.

According to our results, the fits given by the game-theoretic model are generally better
than those of classical models. In order to determine whether this superiority is purely due
to the higher complexity of the model or also influenced by the assumption of including
resistance as an evolving trait, we compared the results obtained with the game-theoretic
model when we assume there is no evolution of resistance (¢ = 0) with those obtained when
we assume that evolution of resistance occurs (o > 0).
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Figure [4] shows that, generally, tumors that exhibit a monotonic behaviour, are fitted well
under the assumption that resistance does not evolve. However, tumors that exhibit chang-
ing trends over time — typically presented as initial response to treatment followed by an
increase of volume over time — cannot be well fitted if we set ¢ = 0 (Figure[f). These cases
support the importance of modeling resistance as an evolving trait.

3.2 Predicting treatment response based on initial data points

In general, we obtain a lower mean absolute error with the game-theoretic model than with
the ones used in [12] (Figure[6)). Of particular interest is the case of U-shaped tumors, that
could not be well predicted by any of the classic ODE models explored in [12]. For most of
these tumors, the game-theoretic model provides a more accurate prediction (Figureshows
two examples), although in some cases the estimated growth due to evolution of resistance
is considerably higher than the real growth, while in some other cases, where resistance
appears at a later time the model fails to predict this growth.

3.3 Optimizing a pre-defined treatment objective

Simulations show that in general it is not possible to stabilize the tumor volume, and that
the optimal strategy is usually to treat patients continuously at M'TD.

This is partially due to our objective being the final tumor burden: for a limited number of
patients we obtain that a different treatment schedule leads to the same final tumor burden.
For example, Figure [8|shows the case of two patients who received Docetaxel, where lowering
the dose of treatment yields the same final tumor burden reached by applying constant MTD,
although the tumor volume at previous time points is higher. The interest of this result lies
in the fact that lower treatment dose often corresponds to higher quality of life, as the side
effects and discomfort caused by the medication are reduced.

Furthermore, if we simulate the evolution of the tumor for a longer period of time aiming at
minimizing the tumor burden at the final time point, we obtain that for a limited number
of cases allowing the tumor to grow at the beginning results in a lower final tumor burden
(Figure @ Nevertheless, when following this treatment schedule, the tumor tends to grow
until it has reached a volume close to the maximum over all the patients of the dataset.
The reason why it is hard to design an evolutionary treatment for these patients is that the
growth rate of stage 4 NSCLC tumors is too high to allow the tumor to grow unrestricted
for some periods of time [8], [7].

On the other hand, the treatment objective here targets the tumor burden only, thus it may
be that optimizing a proper quality of life measure will lead to more satisfactory results and
an evolutionary therapy that successfully anticipates and steers therapy resistance.

3.4 Simulating a different treatment scenario

For patients who received Docetaxel, we simulated what would have happened if they had
received immunotherapy, and we obtained that the majority were better off with the given
treatment: 75% of the patients obtained a lower final tumor burden with Docetaxel than
with immunotherapy. Figure [10|shows the comparison between the real tumor evolution of
a patient subject to Docetaxel and the simulation of the evolution under immunotherapy,
which would lead to a noticeably higher final tumor burden.

10


https://doi.org/10.1101/2021.10.29.466444

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.29.466444; this version posted November 1, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

On the other hand, when we simulated the behaviour under Docetaxel for patients who
were treated with immunotherapy, the percentage of patients that obtained a lower final
tumor burden with the given treatment dropped to 50%. Figure shows an example of
a tumor that would have responded better to Docetaxel than immunotherapy according to
simulations.

It is important to note that these results are heavily based on the assumptions that the pa-
rameters estimated are treatment-specific and that the initial resistance to both treatments
is the same.

A thorough validation of these parameters is needed in order to predict beforehand which
treatment would be optimal for each patient.

3.5 Impact of a treatment targeting the evolution of resistance

If we assume the existence of a treatment that targets evolution of resistance, we obtain
that 58% of the patients would achieve a lower tumor burden than with the treatment
administered in reality (Figure [L2|reports two such examples). Moreover, the percentage of
tumors such that the final tumor burden is lower than the starting one is 75%, compared
to 63% with the existing treatments. This alternative treatment is especially useful for
tumors in the trend categories “Up” and “Evolution™ more than 70% of the tumors of
these categories respond better to the alternative treatment than to traditional treatments,
meaning that the final tumor burden is smaller.

4 Discussion

We have shown that metastatic non-small cell lung cancer data are more accurately fitted
with game-theoretical models which allows for the evolution of therapy resistance than
with classic ODE models. Especially tumors which exhibit a U-shape in their trend were
fitted well by the game-theoretical models, while such trends could not be fitted at all with
previous models, as stated in [12].

Furthermore, modeling resistance as an evolutionary trait has been shown to have a relevant
impact on the results and thus, these types of models should be applied more often to further
explore their relevance to clinical outcomes across many different cancer types.

Moreover, predicting the trend of the tumor given its initial response with the model pro-
posed in this paper also yields a lower error, although the results obtained show that in some
cases predictions are still not satisfactory. More accurate predictions could be achieved by
reducing the number of patient-specific parameters or by providing more information about
their values, i.e., setting stricter boundaries for the values of the parameters or starting with
better estimates of the initial value of u, the growth rate r and the evolutionary speed o.
On the other hand, designing evolutionary therapies with such a restricted amount of in-
formation on tumor treatment response proved to be a challenging task. With the model
presented here, stabilizing the tumors is not feasible, but it is possible to slow down their
growth in some cases, especially for tumors that start growing exponentially from the be-
ginning or after a period of response to treatment. The reason for these impediments is that
the growth rate of these tumors is too high to let them grow unrestricted for longer periods
of time. Therefore, in this type of cancer, treating continuously at MTD often seems to yield
to a better outcome than adaptive therapy, which implies that in order to improve the life
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expectancy/quality of the patients, alternative treatments, different measures of treatment
success, or more a prior: information concerning the effect that the available treatments
will have on the growth of the tumors are needed.

That is why simulation of tumor growth under different treatments is a task of interest. We
have simulated the evolution of the tumors as if they had been subject to immunotherapy
for chemotherapy patients and vice-versa. It is important to note that these results are
heavily based on the assumptions that the parameters estimated are characteristic of the
behaviour of tumors under the specific treatment and that the initial resistance to both
treatments are the same. Validation of these simulations would allow us to be able to
decide which treatment is better for each patient beforehand furthering precision medicine
in cancer significantly. Finally, simulations exploring what would happen if there existed a
treatment that targets the evolution of resistance were also undertaken, showing that this
could improve the final outcome for more than half of the patients, especially those who
don’t respond to treatment due to the evolution of resistance. Nevertheless, actual evidence
of the existence of such treatments is still quite preliminary.

Better knowledge regarding resistance mechanisms in the case of immunotherapy could help
us to adapt the model in order to make it more faithful to reality. On the other hand, having
real estimates of some of the parameters based on experimentation — especially of the growth
and death rates of cancer cells — or more restricted bounds of the exploration range of the
parameters could lead to more realistic simulations, and could improve our prediction and
optimization results.

Additionally, the model shows a systematic failure to fit cases of tumors which experience
pseudoprogression, i.e., tumors that keep growing for a relatively long period of time after the
start of treatment and then start responding to treatment. This is one of the aspects where
clear improvement is needed, as this delayed response to immunotherapy is a phenomenon
that is of great interest for physicians — although their main goal is to predict when this will
happen. This prediction might not necessarily be possible with an evolutionary model alone
(at the very least some additional biomarkers are probably needed). On the methodological
side, delays can be incorporated into the ecological dynamics model which could capture
this delayed response to treatment.

Future research should focus on modelling the so-called pseudoprogression response in im-
munotherapy and on obtaining more medical information, namely estimates for the param-
eters and, in particular, for the resistance u, which would lead to more realistic simulations
and could help validate the results obtained here.
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Figure 1: R2 score values for each model and each trend category, where each model was
fitted separately for that category. A higher value corresponds to a better fit.
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Figure 2: Root mean squared error for each model and each trend category, where each
model was fitted separately for that category. A lower value corresponds to a better fit.
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Figure 3: Two examples of the fits obtained for tumors in the “Evolution” category for a
patient treated with Docetaxel (up) and a patient treated with immunotherapy (down).

0.194
e u —— real measurements . u . —— real measurements

0.005 —— model predictions 0.005 —— model predictions

0.062 0.192

0.061 0.004 0.190 . 0.004

0.060 0.003 o188 0.003

value of u
value of u

0.186

°
s
8
H

°

2

H

8

0.002

volume of tumor
volume of tumor

0.184
0.058
0.001 0.001

082

0.057

0.000 . 0.000

100 [} 100 [ 100

20 20 20 20
days from treatment start days from treatment start days from treatment start days from treatment start

Figure 4: Fits obtained assuming there is no evolution of resistance (left) and assuming
there is evolution of resistance (right) for a patient treated with immunotherapy.

18


https://doi.org/10.1101/2021.10.29.466444

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.29.466444; this version posted November 1, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

61 s u o010 —— real measurements 091 & u . o010 —— real measurements
—— model predictions —— model predictions
0.009 . 0.009
60 [X]
0.008 . 0.008
59 g 07 H
2 £ o007 2 . 7 0007
o w o .~
%l . . . . . .| s g ]
35 v EXT) o
2 £ 0006 2 . £ o006
> E} > E]
S ]
> 0005 > 0.005
57 05
.
0.004 0.004
56
[X]
0.003 . 0.003
55
0 5 1 15 320 2 30 35 o 5 1 15 2 325 30 35 o 5 1 15 20 2 30 335 o 5 1 15 320 2 30 35
days from treatment start days from treatment start days from treatment start days from treatment start

Figure 5: Fits obtained assuming there is no evolution of resistance (left) and assuming
there is evolution of resistance (right) for a patient treated with Docetaxel.

19


https://doi.org/10.1101/2021.10.29.466444

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.29.466444; this version posted November 1, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

MPOL32304_1_Up
MPOL3280A_1_Dowm
MPOL32804_1_Fluctuate
MFDL22204_1_Evoiution
MPDOL32804_2_Up
MPOL32804_2 Down
MPDL3280A_2_Fluctuste
MPDL3280A_2_Evoiution
MPOL32804_3 Down
DOCETAXEL Down
DOCETAXEL_Fluctuate
DOCETAXEL_Evolution
MPDOL32304 _Up
MPOL32304_Down
MPDLI2804_Flustusts
MPDL32804_Evalution

Cohert 1a (Squamous)_Down
Cohort 1a (Squamous)_Fluctuate
Cohart 12 (Squamous)_Evolution
Cohart 1b (Nan-Squameus)_Up

Cohort 1b (Non-Squamous)_Down

Cohon 22 (Squamaus)_Up
Cohart 23 (Squamaous)_Down
Cohert 2a (3quamous)_Fluctuate
Cohert 2a (Squamous)_Evelubon
Cohort 2b (Non-Squameus)_Up

Cohort 2b (Non-Squamous) Down m
Cahort 2b (Non-Squamous)_Fluctuate m

Cohort 2b (Non-Squameus) Evolution

Cohort 3a (3quamous)_Up
Cohort 3a (Squamaus) Down
Cohort 3a (Squamous)_Fluctuate
Cohert 3a (Squamous)_Eveluton
Cohert 3b (Nen-Squameus)_Up

Cofort 3 hon Sauamois) Oown m-m-
Cohort 3b (Non-Squamous) Fluctuate

Cohert 3b (Nan-Squameus) Evelution

Docataxal_Up
Docetaxel_Down
Docatanel_Fluctuate
Docetaxel_Evolution
MFDL32804_Up
MPDL32804_Down
MPDL32804_Flustusts
MPDL32804_Evalution

Figure 6: Mean absolute error values for prediction of tumor dynamics, fitted separately

MAE values for each arm

0.00097

0.024 0.022 0.024 0.021 0.021 0.021 0.011

[oouos | oouon | oooese | 27es | 47005 | 28005 | a1ets |

0.0083 0.0084 8.1e+05
0.011 0.0091 0.011 0.0091 0.0091 0.009 0.0043

ore” [P

0.0088 0014 0011 0014  0.014 y
IR T T T e
0011 0011 0015 0011 0011 0011 0011
0.0078 m 0.0085 = 0.0078 | 0.0078  0.0082

.0019 0.0019 0.0019

0.012 0.01 0.012 0.01 0.01 0.01

FSonesssoors | s | s | o
6.8e-+05

0.011 1l.4e+05 0.0083 0.0082 0.0082

oo |

B
o oo [ o | s | woer | owos |
o651 | o002 | 000ss | osozs | wooms | ooors | oows |

0012 00094 3.9e+04 0.0094  0.0094  0.0094 m

0.029 0.015 l.6e+04 0.019 0.019 0.021 0.0017

0.012 0.009 0.012 0.0091 0.009

0.043 0.04 l.6e+04 0.041 0.041 0.041 0.0027
0.011 0.01 0.011 0.01 0.01 0.01 0.0027

1 1 1
et 5!.\5 ‘d’t‘f ity Yz xical
ppone™ Wt arBer® 0’"‘“‘ ener® & "" 1ue°'°

cassi© Ber

per model and category. A lower value corresponds to a better fit.

20

-0.010

-0.008

0.006

0.004

0.002

0.000


https://doi.org/10.1101/2021.10.29.466444

bioRxiv preprint doi: https://doi.org/10.1101/2021.10.29.466444; this version posted November 1, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

0.18 * u . 0081 ___ real measurements
- —— model predictions
0.17
0.07
.
0.16
1)
. =]
5 015 E 0.06
L]
: :
2 014 . °
H £ 0.05
= . 2
]
0.13 2
. 0.04
0.12
.
0.11 0.03
.
0 10 2 30 4 5 60 0 10 20 30 4 50 &0
days from immunotherapy treatment start days from immunotherapy treatment start
0.26
* u . —— real measurements
0.065 .
024 . —— model predictions
0.060
0.22 .
= 0.055
0.20 2
= . =
‘s ¥ o050
v 0.18 o
3 v
5 . E 0.045
0.16 3
>
014 0.040
012 0.035
010 ® 0.030
0 5 10 15 20 25 30 0 5 10 15 20 25 30
days from immunotherapy treatment start days from immunotherapy treatment start
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Figure 8: Comparison between continuous treatment and optimized treatment (with the
aim of minimizing the final tumor burden) in a patient treated with chemotherapy.
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Figure 9: Comparison between continuous treatment and optimized treatment in a longer
time period (with the aim of minimizing the final tumor burden) in a patient treated with
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Figure 10: Real tumor evolution subject to Docetaxel (left) versus simulation of im-
munotherapy (right).
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Figure 11: Real tumor evolution subject to immunotherapy (left) versus simulation of Do-
cetaxel (right).
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Figure 12: Evolution of tumor volume of two tumors in the category “Evolution” under an
alternative treatment that targets evolution of resistance.
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