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Abstract

First-line cancer treatment frequently fails due to initially rare therapeutic resistance. An important clinical question is then how to schedule
subsequent treatments to maximize the probability of tumour eradication. Here, we provide a theoretical solution to this problem by using
mathematical analysis and extensive stochastic simulations within the framework of evolutionary rescue theory to determine how best to exploit
the vulnerability of small tumours to stochastic extinction. Whereas standard clinical practice is to wait for evidence of relapse, we confirm a
recent hypothesis that the optimal time to switch to a second treatment is when the tumour is close to its minimum size before relapse, when it
is likely undetectable. This optimum can lie slightly before or slightly after the nadir, depending on tumour parameters. Given that this exact
time point may be difficult to determine in practice, we study windows of high extinction probability that lie around the optimal switching point,
showing that switching after the relapse has begun is typically better than switching too early. We further reveal how treatment efficacy and
tumour demographic and evolutionary parameters influence the predicted clinical outcome, and we determine how best to schedule drugs of
unequal efficacy. Our work establishes a foundation for further experimental and clinical investigation of this evolutionarily-informed multi-strike
treatment strategy.
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Introduction

Just as species in an ecosystem interact, compete for resources,
adapt to changing environmental conditions and undergo natu-
ral selection, so cancer clones rise and fall in a tumour ecosys-
tem. Darwinian principles inevitably determine therapeutic
responses (Iwasa et al. 2006) including the emergence of resis-
tance, which, despite pharmaceutical advances, remains the
greatest challenge in oncology. As cancer cells can use a variety
of adaptive strategies to achieve resistance (Pressley et al. 2021),
targeting a single molecular mechanism often proves ineffective
in the long term (Greaves and Maley 2012). Understanding intra-
tumour evolutionary processes provides a rational foundation
for developing treatment strategies that, by explicitly accounting
for evolutionary dynamics, achieve better clinical outcomes (Ko-
rolev et al. 2014; Enriquez-Navas et al. 2015; Aktipis et al. 2011).
Mathematical modelling of clonal dynamics and the emergence
of resistance is critical for optimising clinical treatment strategies
based on evolutionary principles. Consequently, the historical
development of evolutionary therapies has followed a trajectory
that begins with a theoretical and mathematical exploration of
associated eco-evolutionary models (West et al. 2023).

The clinical strategy we study here uses evolutionary rescue
theory to inform the probability of tumour extinction under
multiple treatment administrations or “strikes". Although the
term evolutionary rescue arose in a conservation context (Go-
mulkiewicz and Holt 1995), the same theory is applicable when

extinction is the goal, such as in bacterial infections or cancer
(Coldman and Goldie 1983; Alexander et al. 2014; Torres-Barceld
et al. 2014). Since an oncologist can influence the tumour en-
vironment, they can anticipate the evolutionary trajectories of
cancer clones and, in theory, follow a strategy to avoid evolu-
tionary rescue and so cure the patient (Gatenby et al. 2019). The
key idea is that, even if a single strike fails to eradicate cancer
cells due to resistant phenotypes, it can still leave the population
small and fragmented. The probability that a resistant pheno-
type in the population leads to evolutionary rescue decreases,
rendering the population more vulnerable to stochastic extinc-
tion (Torres-Barcel6 et al. 2014). Moreover, a small population
is less able to adapt to environmental changes owing to loss of
genetic variation (Alexander ef al. 2014). Cell proliferation may
also slow due to Allee effects (Dennis et al. 2016) during tumour
initiation due to processes like angiogenesis and growth factor
signalling (Sewalt ef al. 2016; Gerlee et al. 2022; Azimzade et al.
2021). Subsequent therapeutic strikes, if well timed, might be
able to exploit these weaknesses to drive the cancer cell popula-
tion to extinction (Gatenby and Brown 2020).

The main differences between conventional cancer treatment
strategies and multi-strike therapy are in the timing of the strikes
and the use of evolutionary principles to guide clinical decision
making. In combination therapy, multiple drugs with collat-
eral sensitivities are administered simultaneously (Chakrabarti
and Michor 2017). In conventional sequential therapy, a second
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2 Preventing evolutionary rescue in cancer

treatment is typically started during relapse, when the first treat-
ment has evidently failed. In multi-strike therapy (also known
as extinction therapy (Gatenby and Brown 2020)), the idea is
instead to switch treatments when the tumour is at its weakest,
when it may well be clinically undetectable. The success rate
of multi-strike therapy is expected to be highly sensitive to the
timing and severity of the second and any subsequent strikes.
Based on computational modelling, Gatenby et al. (2020) have
suggested that the best time to switch to the second treatment
occurs while the tumour is still shrinking in response to the first
treatment.

Demonstrating its potential to improve cure rates across di-
verse cancer types, multi-strike therapy is being investigated
in three small clinical trials. A Phase 2 trial using conventional
chemotherapy drugs in metastatic rhabdomyosarcoma started
recruiting patients in 2020 and is expected to run until 2026
(NCT04388839). A Phase 1 trial in metastatic prostate cancer
(2022-27) involves agents that exploit the hormone sensitivity of
cancer cells (NCT05189457). A Phase 2 trial using targeted ther-
apies in metastatic breast cancer began in 2024 (NCT06409390).
Further trials are in development.

Yet, despite this rapid progress to clinical evaluation, many
critical questions regarding the timing of the subsequent strikes,
the time until extinction, the effect of environmental and de-
mographic factors, and most importantly, the conditions under
which multi-strike therapy is a feasible alternative to other ther-
apies remain unanswered. What is the probability that a popula-
tion is rescued either by pre-existing mutants or those that arise
during the treatment? How can we maximise the probability of
the tumour being eliminated with the second strike? How do
outcomes vary with the cost of resistance, density dependence,
and other factors that affect clonal growth rates?

We tackle these pressing questions in two ways. First, using
ideas from evolutionary rescue theory, we develop and study
the first analytical model of two-strike therapy. This simple,
tractable mathematical model enables us to compute extinction
probabilities and to identify the optimal time for the second
strike. Second, we use extensive stochastic simulations to test
the robustness of our analytical results and to study the effects
of additional factors. Our model only focuses on cases where
single-strike therapy and other conventional therapies result
in tumour relapse with high probability. The aim is to investi-
gate the feasibility of two-strike therapy when we know that
conventional treatments fail to be curative. We thus establish a
necessary foundation for further theoretical, experimental, and
clinical investigations of multi-strike therapy.

Methods

To obtain general, robust insights into the factors that determine
a successful two-strike treatment strategy, we combine an ana-
lytical model and a stochastic simulation model. Both models
involve two stressful environments (corresponding to the two
treatment strikes) and four cell types. The first treatment (or
strike) creates a stressful environment that we denote E;. After
switching to the second treatment, the tumour enters the second
stressful environment, E>. We do not take into account treatment
toxicity. Cells can be sensitive to both treatments (S), completely
resistant to one treatment but sensitive to the other (R and Rj3),
or completely resistant to both treatments (R13). The time to
switch to the second treatment is T and the population size at
this time is N (7). Therefore, when the population size reaches
the switching threshold N(7), the first treatment is stopped and

the second treatment begins.

Analytical methods

Our analytical modelling method is composed of two stages
(Figure 1(A)). First, we model the population dynamics dur-
ing the first treatment as a set of numerically-solved ordinary
differential equations (ODEs). We then use those solutions to
predict extinction probability using evolutionary rescue theory
(as reviewed in Appendix 2: Using results from evolutionary
rescue theory). We thus use a deterministic model to represent a
stochastic phenomenon. The interpretation is that the quantities
S(t), R1(t), Ra(t) and Ry »(t) in the ODE model are the expected
numbers of S, Ry, Ry and Rj cells at time ¢, respectively. In
Appendix 4: Correspondence between the analytic evolutionary
rescue model and the linear birth-death-mutation model, we ver-
ify that the dynamics of the ODE system and the mean dynamics
of the corresponding stochastic process are in close agreement.
Given this, we verify that the two approaches generate similar
numbers of rescue mutants and similar extinction probabilities.

We use the following vocabulary. A potential rescue lineage
is a lineage of cells with positive fitness at all future times. In our
model these lineages comprise all Rj > cells (since they have a
positive fitness in both E; and Ej), Ry cells present at the switch-
ing time, and R; cells that arise after the switch. While R; cells
have a positive fitness during treatment 1, they are counterse-
lected during treatment 2 and so cannot rescue the population.
Founders of potential rescue lineages are called potential res-
cue mutants. Potential rescue lineages that escape stochastic
extinction and cause evolutionary rescue are called rescue lin-
eages, and their founders are rescue mutants. Rescue mutants
already present at the switching time T are called pre-existing
rescue mutants, or standing genetic variants. Those appearing
after are called de-novo rescue mutants.

To calculate the extinction probability of the population, we
consider the expected number of rescue mutants generated
throughout the course of treatment. We must therefore obtain
the population composition at the beginning of the second strike.
We use the system of differential equations given in Figure 1(A),
describing logistic growth in environment E; of the four subpop-
ulations 5(t), Rq(t), R2(t) and Ry »(¢) that make up the tumour
cell population N(t). The model includes mutations from less
resistant to more resistant states while, for simplicity, omitting
negligible back mutations.

For plausible parameter values, a tumour that grows from
a single treatment-sensitive (S) cell is unlikely to harbour any
doubly-resistant (R ) cells at the time it is first treated (see Ap-
pendix 1: Analytic Model Without Competition for a reference
case for initial resistant populations). If this were not so then
extinction would be highly improbable. We therefore assume
R12(0) = 0. Other default initial conditions and parameter val-
ues are listed in Table 1. By solving the differential equations
numerically over the course of the first treatment (time 0 to time
T), we determine the expected subpopulation sizes at the time
of switching to the second treatment.

Given the population dynamics using treatment switching
time 7, we next compute the probabilities PSSV (7) and PPN (7).
These are the probabilities of no evolutionary rescue due to
standing genetic variation before the beginning of the second
treatment and de-novo mutations during the second treatment,
respectively (Part 2 in Figure 1(A)). Since successful treatment
requires the eradication of both pre-existing and de-novo mutants
during the second treatment period E,, the tumour extinction
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(A) Analytical approach

Part 1: ODE model to describe initial population dynamics Part 2: Evolutionary rescue model to calculate extinction probability
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Figure 1 Description of the analytical approach and stochas-
tic simulations. (A): Part 1 (left) shows the ODE population
growth model during the first treatment (in E;). Part 2 (right)
uses evolutionary rescue theory and output from the ODE
model to calculate extinction probability after the second
strike (in Ey). Sensitive cells are denoted by S. Cells resistant
to treatment 1(2) and sensitive to treatment 2(1) are denoted
by Ri(Ry). Cells resistant to both treatments are denoted by
R1 ;. The per capita rate of acquiring resistance to treatment
1(2) is denoted by 1 (p2). Growth rates gg for sensitive cells
and gr for resistant cells depend on the intrinsic birth rate, in-
trinsic death rate and the cost of resistance (see Table 1). The
treatment-induced death rate, or treatment efficacy in Eq(E) is
denoted by J1(J7). Initial conditions are specified by the initial
population sizes of S, Ry, Ry and R;  cells (before the begin-
ning of the first treatment). The total initial population N(0) is
the sum of these four subpopulations. As shown in Part 2, the
switch to the second treatment can occur before (black dots) or
after (blue dots) the population nadir (Np,n). The solid curve
shows the population trajectory with treatment 1 only and
the black dashed line shows a possible trajectory to extinction
after the switch to the second treatment at time 7. Equations
to calculate extinction probability (Pg) are shown. (B): Results
of two sets of stochastic simulations are shown, illustrating
the difference in extinction probabilities due to two different
switching sizes (red dashed lines). Extinction probabilities
from the simulations are estimated for each switching size as

the proportion of extinction outcomes in 100 independent runs.

Grey lines show individual simulation runs. The stochastic
simulation model is independent of the analytical approach,
and is described in Methods.
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probability Pg(7) is the product of these two probabilities:

Pg(t) = PRV (1) PPN (1)
= exp |:77Tg (Rz(‘[) — ./OT HaRy (1) + p1Ro(£)dt

2 [ 8(0) +R1(t)dt)} , M)

where 71, is the probability of establishment of a single poten-
tial rescue lineage, that is, of a mutant lineage with positive
fitness. This probability depends on the birth rate (b), death
rate (d) and cost of resistance (c). See Appendix 5: Derivation
of the establishment probability and Appendix 3: Derivation
of extinction probabilities for more details on the derivation of
Eq 1. A key assumption is that the number of rescue mutants is
Poisson distributed, which introduces the negative exponential
in the expression. Equation 1 also assumes that the probabil-
ity of extinction during E; in the expression for total extinction
probability is negligible. We verify this assumption at the end
of Appendix 1: Analytic Model Without Competition, where
we compare extinction probabilities from single-strike and two-
strike therapies. This holds for all our parameter values.

With Eq 1, we study the behaviour of extinction probability
as a function of T under different conditions. The absolute value
of the quantity in the exponent represents the total expected
number of rescue mutants generated if we switch at time 7. The
first term represents the expected number of R, cells present
at the switching time, multiplied by the probability that they
get established. The next term (7, fOT HaR1 (t) + p1Ro () dt) rep-
resents the total expected number of established R;, mutants
generated by mutation from either Ry or R; cells during E;. The
last term (7topz [ S(t) + Ry (t) dt) computes the expected num-
ber of established R, and R; , cells generated by mutation from
S and R cells during E;. The dynamics of the population dur-
ing Ep are modelled using the system of differential equations
given in Eqs 28-29. There is no explicit R;, term because we
assume Rj7(0) = 0, and only the number of R, lineages (not
the number of cells) generated throughout the entire treatment is
required to calculate the extinction probability. Note that we do
not compute the number of rescue mutants in the same way for
Ry cells and R; cells. As Rj cells have a positive fitness only in
environment E;, we consider as potential founders of rescue lin-
eages the R; cells that are present when switching to treatment 2
and those that arise later by mutation of S cells. By contrast, R »
cells have positive fitness and the same establishment probabil-
ity in both environments E; and E,. Thus, the expected number
of Rj, rescue mutants is simply this establishment probability
multiplied by the expected number of R; ; lineages, which is
the expected number of R » cells present at time 0 or arising by
mutation, whether in E; or Ej.

In Appendix 1: Analytic Model Without Competition, we de-
scribe a model for two-strike therapy without competition. By re-
moving the carrying capacity from the ODE model in Figure 1(A)
we obtain a system of linear differential equations which has an
explicit solution (Eqs 8-10). Using this solution, we derive ex-
pressions for the expected number of rescue mutants (Eq 13) and
the population nadir. Since extinction probability is maximised
when the expected number of rescue mutants is minimised, we
find the optimal switching size and compare it to the nadir. We
also compare our main results, which are derived under the as-
sumption of a large initially resistant population, to a reference
case corresponding to mutation-selection balance in an exponen-
tially growing population. Further, we use this model to provide
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4 Preventing evolutionary rescue in cancer

Table 1 List of parameters and initial conditions used in the
analytical and stochastic simulation models, along with their
default values. Note that for the analytical model, we use the
values of growth rates for sensitive and resistant cells, g5 =

b —dand gr = b — c — d, respectively. The birth rate (b), death
rate (d), cost of resistance (c) and rates of acquiring resistance
(1, n2) are expressed in per-day units. For more details on
parametrisation, see Methods.

Default

Symbol value

Description

K Carrying capacity of the system | N(0)

b Per capita birth rate of S cells 1.0
Per capita death rate of all cell
d 0.1
types
c Cost of resistance 0.5
Mutation rate for acquiring 6
Hisp2 resistance to treatment 1, 2 25x10
Per capita death rate due to
01,02 treatment 1,2 20
5(0) Initial population of S cells 100
R1(0) Initial population of R; cells 100
Ry(0) | Initial population of R; cells 100

Initial population of Ry » cells 0

intuition for our results and examine the effects of changing
model assumptions, such as removing the cost of resistance.

Stochastic simulations

To test the robustness of our analytical results, we separately ob-
tain extinction probabilities using a stochastic simulation model
with the same initial conditions as the ODE system and equiva-
lent default parameter values. The main difference between the
models is that the analytical method uses evolutionary rescue
theory to calculate extinction probabilities, whereas the com-
putational approach uses the stochastic Gillespie algorithm to
simulate birth, death, and mutation events. Density dependence
is implemented in the birth rates used for the simulations. Each
simulation ends with one of three outcomes: extinction, pro-
gression, or persistence (see Table A.2). Progression is when the
total population at the end of the simulation is greater than the
total initial population. Persistence is when the population does
not go extinct but is smaller than the initial population. The
extinction probability is estimated for each switching size as the
proportion of extinction outcomes in a large number of indepen-
dent simulations. See Appendix 7: Stochastic Simulation Model
for a detailed description of the stochastic simulation model.

Comparing results across parameter values

To compare treatment outcomes for varied parameter values, we
use a summary variable N, to describe how small the tumour
must be at the time of switching treatment to achieve a given
probability of extinction. This concept is based on our obser-
vation that the extinction probability Pr(7) generally decreases
as N(7) increases, unless N(7) is very close to the population
nadir (Npyin) that would pertain if we were to continue the first
treatment instead of switching to a second treatment. Therefore,
for a given extinction probability g (with 0 < g < max(Pg(7))),

we can obtain a corresponding value Nj, which is the maximum
population size threshold below which we achieve an extinc-
tion probability greater than or equal to 4. In other words, if
N(7)< N, then we will achieve an extinction probability of
at least 4. Any given switching size N(7) greater than N, is
reached twice in the trajectory of a population undergoing evo-
lutionary rescue during the first treatment, once before and once
after the start of relapse (see Figure 1(A), right for an illustration).
Nj; is therefore defined for both the before-nadir and after-nadir
switching sizes:

NP = max{N(t) : Pe(T) > 4,7 < t(Nmin) },
NP = max{N(7) : Pe() > 4,7 > H(Nin)},

where t(Npin) is the time at which the nadir would be reached
in the absence of a second strike.

Nj values tell us when and how fast the extinction probability
drops from a high to a low value. For example, if the difference

between N(()l_jlefore) and Ng’; fore) i slight, it means that the extinc-
tion probability goes from a low value to a high value without
much change in the population size. Therefore, the extinction

probability increases steeply with N. If Ng"le fore) and N(()P; fore) are
far apart, there is a more gradual increase in extinction probabili-
ties as the population size decreases. The value of g where the Ny
curve “cuts off" (as seen in Figure A.1) is the highest extinction
probability possible with a given set of parameters. We plot Ny
versus g to analyse the trend in extinction probabilities across
the range of potential switching sizes and parameter values.

When comparing different parameter values, a higher N,
curve indicates better treatment outcome. This is because it is
favourable to reach high extinction probabilities at large switch-
ing sizes. For instance, a higher value of Nyg¢ implies a wider
window of opportunity due to a wider range of switching sizes
for implementing a successful second strike. Furthermore, if
we have two N; curves corresponding to different sets of pa-
rameter values and one curve lies above the other, then in the
case corresponding to the higher curve we can achieve a higher
extinction probability for a given switching size (as illustrated
in Figure A.1). The parameter values corresponding to the up-
permost N, curve are therefore expected to result in a better
treatment outcome in terms of ease of implementation, higher
extinction probabilities, or both.

Parametrisation

The default parameters used for the stochastic simulations and
numerical solutions are listed in Table 1. To facilitate comparison
with previous research (Gatenby et al. 2020), we set the carrying
capacity equal to the total initial population size, yet we also
show that our results are highly robust to varying the carrying
capacity. By default, we assume a large cost of resistance (half
of the intrinsic birth rate), but we also study in detail the case
in which resistance has no cost. We conservatively set the size
of the initial resistant populations (before the first treatment
begins) to 10~* times the initial sensitive population, which
is larger than the resistant population size predicted using a
reasonable growth model (see Appendix 1: Analytic Model
Without Competition for a reference case for initial resistant
populations). We also consider the case R,(0) = 0.

The intrinsic birth and death rates are of the same order of
magnitude as those reported in the literature and used in prior
mathematical modelling (Gatenby et al. 2020). Since the rate
of acquiring resistance (which we will call the mutation rate)
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Figure 2 Optimal switching sizes. (A): Extinction probabil-
ities Pg () obtained from the stochastic simulations (dots)
and the analytical approach (solid line) for different switch-
ing sizes N(7), implemented before reaching the nadir Nipin
(black) and after crossing N (blue). Red dashed lines show
the expected Np,in (calculated with the analytical model). Re-
sults for two treatment efficacies are shown (rows). Columns
show results for the default parameter set (Table 1) and for the
case when R, (0) = 0. Extinction probabilities from the simu-
lations are estimated for each switching size as the proportion
of extinction outcomes in 100 independent runs. In almost all
simulations, switching sizes smaller than Ny, prove unattain-
able, so the switch never occurs and the extinction probability
is close to zero (black points to the left of red dashed lines).
Error bars show 95% binomial proportion confidence inter-
vals. (B): Normalised Nj vs g plots (described in Methods) for
the default parameter set and for R(0) = 0 with different
treatment efficacies (d,=0,). Black curves show before-nadir
switching sizes, and blue curves show after-nadir switching
sizes.

varies depending on cancer type, treatment types, and patient
attributes, we focus on a mutation rate corresponding to clini-
cal scenarios in which two-strike therapy is worth considering.
Much higher mutation rates render two-strike therapy ineffec-
tive, whereas lower mutation rates result in higher extinction
probabilities (Figure A.7).

Results

To enable us to uncover general principles and determine the
most important factors in a successful treatment strategy, we
consider the simplest case of two strikes. Since further strikes
can only increase extinction probabilities, we thus obtain con-
servative lower bounds on potential clinical benefits. We obtain
extinction probabilities using both an analytical evolutionary res-
cue model and a stochastic simulation model (see Methods), and
we compare the two wherever possible. Unless stated otherwise,
we use a default set of parameters and initial conditions (Table 1),
and assume the two treatments induce identical death rates (that
is, 01=0,=0). For brevity, we will use “treatment efficacy" to refer
to these treatment-induced death rates, which in reality also
depend on pharmacodynamics and pharmacokinetics.

Our focus will be on the population size at the time of switch-
ing between the two treatments, denoted N(7). Since the op-
timal N(7) (the value corresponding to the highest extinction
probability) changes as we vary parameter values, the trend of
extinction probabilities obtained at a fixed N(7) could differ
from the trend obtained at the optimal N (7). The rationale for

Patil et al. 5

using a fixed N(7) for such comparisons is that it may in practice
be impossible to determine the optimum. The fixed N(7) can
be implemented on either side of the population nadir reached
in the absence of a second strike (Npin). The population nadir
can be calculated by numerically solving the system of differen-
tial equations shown in Figure 1(A) (see Appendix 1: Analytic
Model Without Competition for an analytical approximation).
We consider both before-nadir and after-nadir switching sizes
(Figure 1(A), right).

Throughout this section, we use two key metrics to compare
different parameter values and treatment conditions. The first is
the range of high-Pr switching sizes, defined as the difference
in the largest and smallest switching sizes that result in an ex-
tinction probability of at least 0.8. The second metric compares
N, curves with the rule of thumb that a higher-lying curve in-
dicates a better treatment outcome (see Figure A.1). As defined
in Methods, N; is the maximum switching size to achieve an
extinction probability greater than or equal to 4.

The optimal switching size is close to the population
nadir

Our first aim is to find the optimal population size, N(7), at
which to switch from the first to the second treatment. Our ana-
lytical and stochastic models both show that the optimal N(7),
in terms of maximizing extinction probability, is close to the pop-
ulation nadir Npi, (Figure 2). According to the analytical model,
the optimal switching size may, depending on parameter values,
lie slightly before or after Npin (Appendix 1: Analytic Model
Without Competition). Yet the difference between the optimal
N(7) and the Npn is generally so small that it is not captured by
our simulation results. The difference is significant only when
R; cells are initially abundant and the cost of resistance is low
(Figure A.2, second column).

To explain why the optimal N(7) is close to Npin, we refer
to Eq 1 and see that the maximum Pz(7) will be achieved by
minimizing the sum of all the rates of generating rescue mutants.
Note that even though the sum of S and R; is minimized at Npjp,
the de-novo rescue terms (the last two integral terms in Eq 1) are
minimized slightly after Np,in. This is because the increase in
the number of cells after Ny, is balanced by the faster decay of
R cells due to their cost of resistance. It follows that the de-novo
rescue probability will be minimized when we have more R,
cells and fewer S cells, even if the total number of cells is higher.

To minimize the rescue probability due to pre-existing mu-
tants at the start of the second strike (the first three terms in Eq 1),
we focus on the decay of the Ry population and the emergence of
Ry » mutants. Their relative rates determine where the switching
size minimizing the number of pre-existing rescue mutants falls
in relation to Npip. For further analysis, we focus on regions of
high extinction probability (Pr> 0.8) instead of the exact optima.
Consistent with our analytical predictions, we observe that these
high-Pr, regions lie around Ny, (Figures 2 and A.2).

It is better to implement the second strike after the nadir
than before

Given the practical impossibility of treating at the exact optimal
time, we next compare outcomes for treating earlier or later.
While the optimal switching size may lie slightly before or after
the nadir, we observe that switching sizes implemented after
Npin usually have higher extinction probabilities than those
before Npyin (Figure 2(A), left column and (B), top panel).
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6 Preventing evolutionary rescue in cancer

We hypothesize that this result is due to the pre-existing (or
initially accumulated) R, population. If we delay switching,
then this resistant subpopulation has longer to decay, which re-
sults in a smaller rescue population during the second treatment.
On the other hand, there is more time for doubly-resistant Ry »
mutants to accumulate. In most cases of interest, the generation
of Rj, mutants is slower than the decay of the R, population,
and so the window of opportunity for effective treatment ex-
tends further to the right of the nadir than to the left. In Ap-
pendix 1: Analytic Model Without Competition, we derive this
result for the analytical model without competition.

Assuming that Rj cells are absent at the start of the first treat-
ment substantially increases extinction probabilities for before-
nadir switching (Figure 2(A), right column and (B), bottom panel;
Figure A.2). The result of switching before the nadir is then sim-
ilar to — or, in the case of a high-efficacy treatment, even slightly
better than — the result of switching at the same tumour size
after the nadir.

Higher efficacy of the first treatment is not necessarily
beneficial for treatment

Since treatment toxicity is a major concern in cancer therapy, we
now relax our assumption that the two treatments have equal
efficacy, enabling us to investigate the potential for using lower,
more tolerable doses. For alternative combinations of J; (efficacy
of the first treatment) and J, (second treatment), we consider
both the optimal switching size and the range of N(7) values
that lead to a high extinction probability (Pg > 0.8). We will refer
to treatment efficacies of 2 and 1.2 (relative to the default intrinsic
birth rate of sensitive cells) as high and low, respectively.

We first consider the before-nadir regime. The intuitive pre-
diction is that a higher treatment efficacy should lead to a larger
range of high-Pr switching sizes. This is what we observe in
the case of no resistance cost and R, (0) = 0 (Figure 3(A), right).
However, for our default parameter values, higher values of J;
give smaller ranges of high-Pr switching sizes (Figure 3(A), left).
Similarly, in the before-nadir regime, lower treatment efficacies
result in higher extinction probabilities for all switching sizes
that are not very close to Ny, (Figure 3(B,C) and 2(B), top). A
normalised N, versus q plot for four 61-6, combinations confirms
that low J1 plus high §, produces the best treatment outcome in
terms of the range of high-Pr switching sizes, because it gives
a higher extinction probability at the same N(7) (Figure 3(C)).
When the two treatments are equally effective, we observe a sim-
ilar trend (see Figure 2(B), top panel and Figure A.8(C)). Thus,
for our default parameter values, a low-efficacy first treatment
paired with a high-efficacy second treatment gives the largest
window of opportunity when switching before the nadir.

The somewhat counter-intuitive result is explained by the
interaction of the treatment efficacy, the cost of resistance, and
the R, population. For lower 41, the S cells decay more slowly,
so the switching size N(7) is reached later. This provides more
time for the R, population to decay, but also more time for Rj »
mutants to arise. When the cost of resistance and the initial
R; population (before the first treatment begins) are both large,
the benefit of a lower J; outweighs the disadvantages (see Ap-
pendix 1: Analytic Model Without Competition for a formal
explanation). Therefore, we do not observe this effect when the
cost of resistance or the initial R, population size is set to zero
(Figure A.6, Figure 3(A), right). Note that if the first treatment’s
efficacy is too low then the population size will never become
small enough to have a non-negligible probability of stochastic
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Figure 3 Optimal treatment combinations (A): Heatmaps of
the range of high-Pr switching sizes (Pg> 0.8, obtained from
the analytical model) for different combinations of treatment
efficacies 61 and J,. The default case is shown on the left, and
the case with no cost of resistance and no initial R, population
is on the right. For each case, both before-nadir and after-nadir
switching sizes are considered. White lines indicate optimal
extinction probability contours (highest extinction probability
across all switching sizes). Note that the colour scales cover
different ranges. (B): Extinction probabilities for two com-
binations of treatment efficacies where §; # J;. Dots show
simulation results and solid lines indicate analytical model
predictions. Red dashed lines show the expected Ny, (calcu-
lated with the analytical model). Before(after) nadir switching
sizes are shown in black(blue). Extinction probabilities from
the simulations are estimated for each switching size as the
proportion of extinction outcomes in 100 independent runs.
Error bars show 95% binomial proportion confidence intervals.
(O): Normalised Ny vs g plots (see Methods) for four different
treatment combinations. Black(blue) lines show before(after)-
nadir switching sizes.

extinction.

Although a low §; gives a larger range of high-Pr switching
sizes, the highest extinction probability in all cases is obtained
when both treatment efficacies are high (white contours in Fig-
ure 3(A)). Therefore, it is important to define what we need
for a good treatment outcome. The best treatment combination
should not only lead to a high extinction probability at the op-
timal switching size, but it should also offer a large window
of opportunity, that is, it should allow a large range of high-Pr
switching sizes. A low J; allows a larger window of opportu-
nity than a high 4, at the cost of compromising on the optimal
extinction probability (0.94 compared to 0.99). Moreover, with a
low §1, the absolute values high-Pr switching sizes are also high,
because the Np,jn and the range of high-Pr switching sizes are
relatively large. We observe this in the right panel of Figure 3(B).

Note that this result depends on the fact that we compare
ranges of high-Pr sizes. The conclusion would be different if we
were thinking in terms of switching times. A larger value of §;
is expected to lead to a larger high-Pr time interval. Thus, the
best treatment efficacy in the before-nadir regime depends on
how the therapy is implemented.

Outcomes for the after-nadir regime are best when both treat-
ment efficacies are high, at least when thinking in terms of
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switching sizes (Figure 3(A), second panel; in terms of switch-
ing times, see Figure A.5). For our default parameter values,
as expected, the range of high-Pr switching sizes is also much
larger for the after-nadir regime than for the before-nadir regime.
When we eliminate the cost of resistance and the initial R, pop-
ulation, the optimal treatment combinations in the before-nadir
and after-nadir regimes are similar (Figure 3(A), fourth panel).

The cost of resistance is not necessarily beneficial for
treatment

A cost of resistance is expected to hasten the decay of R, muta-
tions during the first treatment phase and so make the second
treatment more effective. Accordingly, in most cases, remov-
ing the cost of resistance reduces extinction probabilities (see
Figure A.2 and A.7(F)). However, in the case of high-efficacy
treatment (6 = 2), extinction probabilities for switching sizes
implemented well after the nadir can be slightly higher in the
absence than in the presence of a resistance cost (but the optimal
extinction probability is high even for severe resistance costs).
This can be observed in the first panel of Figure 4(A) and (B).
The reason for this counter-intuitive result is that in the absence
of a cost of resistance and when switching after the nadir, fewer
R;, mutants are generated in the first treatment phase (see the
section on the cost of resistance in Appendix 1: Analytic Model
Without Competition for a more detailed explanation). If we
fix the switching time instead of the switching size, we see that
a higher resistance cost is always beneficial for treatment (see
Figure 4(C)).

For low-efficacy treatment (6 = 1.2), the main effect of remov-
ing the cost of resistance is to increase Niyin, which makes it im-
possible to achieve high rates of extinction (Figure 4(A), second
panel). We note here that although our analytical predictions
are generally very close to our simulation results, they underes-
timate the probability of extinction when treatment efficacy is
low and there is no cost of resistance. In this case, our modelling
assumption of a Poisson-distributed R, population breaks down.
This breakdown occurs when the variance of the R, population
is higher than that of the corresponding Poisson distribution,
which leads to a higher probability that there are no pre-existing
rescue mutants when the second treatment commences. Since
turnover is a measure of demographic stochasticity, larger val-
ues of intrinsic turnover (b 4 d) at a constant intrinsic growth
rate (b — d) lead to larger variance in the R, population and the
breakdown of the Poisson assumption (see Appendix 4: Corre-
spondence between the analytic evolutionary rescue model and
the linear birth-death-mutation model and Figure A.11 for more
details).

Two-strike therapy is feasible only in small tumours

Using the analytical model, we compare different values of Ny
(not normalised) for different initial population sizes N(0), bear-
ing in mind that the resistant population size scales with N(0).
We observe that the absolute values of N, for g close to 1 do not
vary by more than an order of magnitude when N (0) ranges over
three orders of magnitude, from 10% to 107 cells (Figure 5(A)).
This implies that, within this range of initial tumour sizes, a
high extinction probability can be achieved by applying the sec-
ond strike at a sufficiently small population size (determined
by the treatment efficacy, growth rates, and other parameters).
Nevertheless, if N(0) is larger than 108 cells then the extinction
probability never exceeds 0.4 (Figure 5(A), dotted lines).

To achieve a 95% extinction probability after switching at the
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Figure 4 The effect of the cost of resistance. (A): Extinction
probabilities without a cost of resistance, for high (top) and
low (bottom) treatment efficacies. Dots show simulation re-
sults and solid lines indicate analytical model predictions.
Before(after) nadir switching sizes are shown in black(blue).
Faded lines show the analytical estimates of extinction proba-
bilities in the default case (c = 0.5) for reference. Red dashed
lines show the expected Npin (calculated with the analytical
model). Extinction probabilities from the simulations are esti-
mated for each switching size as the proportion of extinction
outcomes in 100 independent runs. Error bars show 95% bino-
mial proportion confidence intervals. (B): Normalised N, vs

g plots for two treatment efficacies and zero cost of resistance.
Faded lines show the default case (¢ = 0.5) for reference. The
before-nadir curve for c = 0 and é= 1.2 overlaps with the
6= 2.0 curve, and ends at 4 = 0.05. (C): Time windows of high
extinction probability. Solid lines are obtained from Equation
1 under deterministic population dynamics with switching

to the second drug at time 7. The dots with 95% confidence
intervals are from 100-replicate Gillespie runs.

nadir using our default parameters and without competition
(in the large K limit), the initial tumour must be no larger than
around 7 million cells. To achieve the same extinction probabil-
ity using single treatment therapy, the initial tumour must be
three to four orders of magnitude smaller (see the last section
in Appendix 1: Analytic Model Without Competition for an
analytic derivation). There is, therefore, a limit on the size of
tumours for which two-strike therapy is likely to succeed, but it
is orders of magnitudes larger than for single-strike therapy.

Extinction probability is insensitive to carrying capacity

As the carrying capacity is increased from N(0) (default value),
we see a slight increase in extinction probability in the before-
nadir regime, but this effect saturates around K = 10N(0). This
is demonstrated in Figure 5(B) using the analytical model and in
Figure A.8(D) with stochastic simulations. Systems with a lower
K have an extra constraint on population growth since the initial
population is closer to the carrying capacity. In our model, this
results in a higher decay rate for S cells at the beginning of the
first strike. Therefore, the switching size N(7) (before nadir) is
reached earlier and the expected R, population size is relatively
larger when the switch occurs. This effect is not observed if the
Ry population is initially zero (Figure A.7(C)).
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Figure 5 Effects of varying initial population, carrying capac-
ity, birth and death rates. (A): N; versus g plots for several
initial population sizes with the same proportion of initial re-
sistant cells. The x-axes show extinction probability threshold
g, and y-axes are the N;’Efore (black) and N;ﬁer (blue) values.
Solid curves correspond to the default parameter values (Ta-
ble 1). (B): Normalised Ny versus g plots for several carrying
capacities. The curve for K = 10N (0) overlaps with the curve
for K = oo (no competition). (C): Heatmap of the range of
high-Pr switching sizes for different parameter values in b-d
space. Only non-negative growth rates (excluding the effects
of treatment) are considered (d < b — c¢). The dashed black line
indicates the set of birth and death rates corresponding to our
default growth rate (b — d = gg = 0.9). Solid white lines show
optimal extinction probability contours (highest extinction
probability across all switching sizes).

Extinction probability increases with death rate and
turnover

To compare treatment outcomes across different plausible com-
binations of birth and death rates, we plot heatmaps of the range
of high-Pr switching sizes in b-d space (Figure 5(C)). In the lower
right region (characterized by high birth rates and low death
rates), extinction probabilities are very low. This leaves us with
a diagonal band in the b-d space where high extinction probabil-
ities become attainable. We define the “good” region as the area
to the left of the the contour line corresponding to an optimal
extinction probability of 0.9 (solid white line in Figure 5(C)).

Within this “good" region, we make three major observations.
First, a higher death rate results in a higher extinction probabil-
ity (Figure A.7(E)). Second, as the birth rate increases, optimal
extinction probability decreases and the optimal N () increases
(Figure 5(C), first panel and Figure A.7(D)). Faster growth rate of
Rj cells and slower decay of S cells due to increase in b leads to a
larger Npin and therefore a larger optimal N(7) (assuming that
the optimal switching size is close to the nadir). The range of
high-Pr switching sizes within the “good" region is insensitive
to changing the birth rate.

Third, we observe that the range of high-Pr switching sizes
becomes larger as we increase the turnover (defined as the
sum b + d) while keeping the intrinsic growth rate gg constant
(dashed line in Figure 5(B)). Note that the cost of resistance is
always a fixed fraction (0.5 by default) of the birth rate of S
cells. It follows that when increasing turnover while keeping
the growth rate gs constant, the growth rate gr of resistant cells

decreases. This leads to a smaller resistant population, contribut-
ing to the increase in extinction probability. Another effect of
turnover relates to the establishment probability of potential
rescue lineages. As noted in Appendix 5: Derivation of the es-
tablishment probability, turnover appears in the expression for
estimating the establishment probability 7r.. Higher turnover at
a constant net growth rate gg leads to a lower 7,. Turnover also
quantifies the influence of genetic drift, and it has been shown
that increasing genetic drift reduces the probability of fixation
of mutant cell types (Uecker and Hermisson 2011). If it is harder
for potential rescue lineages to establish, then there will be fewer
rescue lineages, leading to better treatment outcomes.

Discussion

Here we have developed the first analytical model of a two-strike
cancer therapy derived from the principles of evolutionary res-
cue. Our approach yields clearer explanations and more general
results than previous computational modelling (Gatenby et al.
2020), in that we perform a more systematic analysis of the pa-
rameter space and we obtain extensive analytical results. We
have also developed a complementary stochastic simulation
model, which generally confirms the accuracy of our analyti-
cal predictions. To establish general conditions for successful
therapy, we have sought to keep our models simple and conser-
vative, for example by excluding Allee effects and assuming a
relatively large initial population of resistant cells.

In terms of methodology, our study differs from the bulk of
prior evolutionary rescue models that consider either one abrupt
change in the environment or a continuous, gradual change
(Bell 2017). While previous studies have examined evolutionary
rescue when the environment fluctuates between harsh and
favourable states (Greenspoon and Mideo 2017; Marrec and
Bitbol 2020; Marrec and Bank 2023), we consider a sequence
of distinct harsh states, such that the timing of environmental
change is a controllable parameter. Most existing models of
evolutionary rescue consider a single resistant variant or, in a few
cases (Martin ef al. 2013; Iwasa et al. 2004; Uecker and Hermisson
2016; Osmond et al. 2020), multiple variants with respect to one
selective pressure. We have instead developed the case with
three types of resistance to two types of environmental change,
in the spirit of the classic chemotherapy model of Coldman and
Goldie (1983).

We have used these new mathematical and computational
models to investigate the optimal timing of the second strike
and how the treatment outcome depends on crucial system pa-
rameters, including treatment efficacies and cost of resistance.
The combination of analytical and computational analyses arms
us with powerful tools to explore two-strike therapy in a wide
range of scenarios, with a solid basis in eco-evolutionary theory.
Several of our main conclusions are further supported by nu-
merical results obtained using a different computational model,
as reported in a preprint that was posted a year after our own
study (Dabi et al. 2025).

When do we get the highest extinction probabilities? The
ability to analytically predict the optimal switching size for a
large range of parameter values promises to aid the design of
effective treatment schedules. In contrast to Gatenby et al. (2020),
who suggested that striking before — even long before — Ny, is
better, we have shown that the optimal switching size is either
slightly before or slightly after the nadir. Given that it is unrea-
sonable to expect switching to the second strike exactly at the
optimal size, we have shown that it is generally better to wait
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slightly longer and risk missing the optimal N(7) than to apply
the second strike too early. However, one should certainly not
wait until the tumour becomes detectable again (as is the cur-
rent practice) because that increases the probability that rescue
mutants will emerge.

Why do our results differ from those of Gatenby et al. (2020)?

The model of multi-strike therapy investigated by Gatenby
et al. (2020) differs from ours in important respects that account
for our contrasting conclusions regarding the optimal timing of
the second strike. In their model, the cell population is initially
sensitive to the first treatment and resistance to this first treat-
ment is a continuous trait, such that the tumour becomes increas-
ingly resistant while the first treatment is applied. All tumours
are assumed to be equally sensitive to the second treatment,
which is modelled simply as an instantaneous 20% reduction in
tumour size. Moreover, the first treatment is continued after the
second strike.

In the absence of density-dependent effects, the second treat-
ment in the model of Gatenby et al. (2020) effectively shifts the
subsequent population size curve downwards by 20%. If this
second strike is applied before Np,jn then the tumour size nadir
will be 20% less than Ny, rendering the tumour more suscep-
tible to stochastic extinction. Applying the second strike when
the tumour size is close to Npin is somewhat less effective than
applying it earlier because in the latter case the tumour size
spends more time below Npin. Striking after Npyip, is worse still
because by then the tumour is both larger and more resistant
to the first treatment. Yet even if it is applied at the optimal
time, the second strike’s impact on extinction probability will be
negligible unless Npin happens to be very close to the stochastic
extinction threshold.

Gatenby et al. (2020) instead found the second strike to be
highly effective because they assumed that tumour growth is
strongly density dependent. First, they assumed that, due to
competition for resources, growth is inhibited at sizes close to
the initial population size. Applying the second strike very early
is therefore suboptimal as it reduces the benefit of this negative
density dependence. Second, and much more consequentially,
they assumed that an Allee effect inhibits growth at small popu-
lation sizes, to the extent that the growth rate becomes negative
at sizes moderately below Npin, even for maximally resistant
cells. Combined with the Allee effect, their second strike sufficed
to shrink the tumour beyond the threshold at which extinction
is not only probable but inescapable.

In summary, whereas the results of Gatenby et al. (2020) per-
tain to a specific scenario in which the first treatment drives the
tumour to the brink of inevitable extinction and a small nudge
can tip the balance, we have examined a more general case with
more conservative assumptions. In our model, which has no
Allee effect, the aim is not to push the tumour size below a given
threshold but instead to minimize the probability that a rescue
lineage will become established.

What are the best treatment combinations? The treatment
efficacies during the two strikes (61 and J;) are the easiest model
parameters to control in practice. The higher the two treatment
efficacies, the higher the extinction probability at the optimal
switching size (Figure 3). However, switching at the optimal size,
which becomes smaller as the treatment efficacy is increased,
may be infeasible. In this case, the treatment combination that
gives a wide range of switching sizes with a high probability of
extinction may be better. Surprisingly, at least with a high cost
of resistance, we found that the largest high-Pr (> 0.8) region
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in the before-nadir regime is obtained with an low-efficacy first
treatment paired with a high-efficacy second treatment.

This result emphasizes the importance of timing in two-strike
therapy — a stronger treatment with a poorly chosen switching
time can be worse than a weaker treatment given at the right
time. An interesting implication of this result is that the two
treatments need not both be very effective. A low treatment-
induced cell death rate can give good treatment outcomes if the
cost of resistance is high. Moreover, the optimal switching size
is also relatively high for a less effective first treatment, which
may be beneficial for treatment in practice.

What other tumour parameters determine the success of two-
strike therapy? Our systematic exploration of the model pa-
rameter space reveals several noteworthy effects on treatment
outcomes. First, although a high cost of resistance is predictably
beneficial for treatment, we found that two-strike therapy can
outperform conventional sequential treatment even when this
cost is small or non-existent (Figure 4). Therefore, in common
with adaptive therapy (Viossat and Noble 2021), two-strike ther-
apy is not contingent on a cost of resistance. Moreover, we saw a
variable response to a change in the cost of resistance depending
on treatment efficacy. For high treatment efficacies, we observed
comparable extinction probabilities in the presence and absence
of the cost of resistance, but for low efficacies, a small cost of
resistance gives much worse treatment outcomes than a high
cost.

Second, we find that higher intrinsic death rate and turnover
are beneficial for treatment, consistent with findings that higher
turnover increases extinction probability (Raatz and Traulsen
2023). This has also previously been shown for adaptive therapy
(Strobl et al. 2020).

Third, we found that for a given initial tumour size, changes
in carrying capacities have little effect on treatment outcome
(Figure 5(B)) even though a higher carrying capacity allows
more tumour growth. This indicates that two-strike therapy
could potentially be applied to both primary and metastatic
cancers.

Although we have used simple models with minimal assump-
tions to ensure that our main findings are qualitatively robust,
we have not explored all plausible functional forms. For exam-
ple, in a model in which mutations occur only at the time of cell
division, the number of potential rescue mutants (and therefore
extinction probability) would depend on the number of divi-
sions, while in our model it depends on the population size. The
dependence of mutations on the birth rate would change some
of our results, especially the results on death rate and turnover.

When should two-strike therapy be used? Two-strike therapy
holds most promise as an alternative to conventional sequential
therapy — in which the second treatment is given only after the
first has been seen to fail — especially in cases where a very good
initial response to treatment is typically followed by relapse. We
have shown it may be a wise choice when one of two available
treatments is less effective than the other. Although our results
suggest that two-strike therapy is likely to succeed only in rela-
tively small tumours (Figure 5(A)), we expect that subsequent
treatment strikes, following the same principle, would lead to
higher extinction probabilities for larger tumours. Our predicted
extinction probabilities for two-strike therapy are moreover con-
servative as we have assumed a much larger initial resistant
population than expected for our default tumour size, according
to a standard model of mutation-selection balance (see Appendix
1: Analytic Model Without Competition). Allee effects might
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10 Preventing evolutionary rescue in cancer

further increase extinction probabilities and make two-strike
therapy viable in a wider range of scenarios (Dennis et al. 2016;
Gatenby et al. 2020). Nevertheless, if resistant cells are abundant
and have relatively high fitness then extinction may be practi-
cally unachievable and a long-term tumour control strategy such
as adaptive therapy could be a better option (Gatenby et al. 2009;
Monro and Gaffney 2009; Hansen and Read 2020; Viossat and
Noble 2021).

When tolerable, combination therapy (that is, applying both
treatments simultaneously) should also be considered. Whether
it is better to apply drugs together or in sequence depends on
several factors including the doses that can be administered in
each case, the shape of the dose-response curves, the extent of
synergism, and the degree of cross-resistance (Bozic et al. 2013;
Dabi et al. 2025; Saputra et al. 2018; Nyhoegen et al. 2024). A
comprehensive comparison of these alternative strategies using
our mathematical methods is beyond the scope of the current
study and remains an important topic for future research (but
see Appendix 6: Comparison with combination therapy).

Even when it may be theoretically optimal, two-strike therapy
crucially depends on the availability of effective treatments with
low cross-resistance and methods for monitoring tumour burden
over time (Reed et al. 2020). Moreover, even when it is predicted
to be the best strategy, some patients and physicians might be
reluctant to initiate a second treatment before the first has been
seen to fail.

Demonstrating the breadth of potential applications of two-
strike therapy, the three clinical trials that are already under-
way in metastatic rhabdomyosarcoma (NCT04388839 2020),
metastatic prostate cancer (NCT05189457 2021), and metastatic
breast cancer (NCT06409390 2024) involve not only diverse can-
cer types but also very different classes of treatment, including
chemotherapy, targeted therapies, and hormonal agents. Other
proposed targets include locally advanced rectal adenocarci-
noma (Felder et al. 2021) and paediatric sarcomas (Reed et al.
2020).

Designing practical two-strike strategies. Given that the
optimal switching size is reached some time after the tumour be-
comes undetectable, the design of practical switching strategies
remains a challenging problem. One approach is to use a proxy
for tumour size, such as prostate-specific antigen in the case of
prostate cancer (NCT05189457 2021). But when personalized
strategies are impractical it will be necessary to determine which
standardized protocol performs best for a given cohort. Math-
ematical models and in silico trials have potential to facilitate
this process by accounting for biological variation and clinical
constraints as well as stochasticity (Dabi et al. 2025; Gallagher
et al. 2025).

One idea is to extract tumour demographic rates by monitor-
ing the decay in tumour volume during treatment (Grassberger
et al. 2019), and to use sequencing data or experiments with
patient-derived cells to estimate the initial size and growth rate
of the resistant subpopulation. Using these parameter values,
an estimator for when to switch could be constructed.

Conclusion and future directions. We have shown that two-
strike therapy is a theoretically sound concept that, in certain
scenarios, could plausibly increase cancer cure rates compared
to conventional single-strike or sequential treatment strategies.
Our work provides a necessary foundation for further math-
ematical investigation and justification for experimental and
clinical testing of this innovative strategy.

An important topic for further mathematical analysis is the

prevention of evolutionary rescue with more than two strikes.
Previous work on the optimal scheduling of multiple treatments
(Goldie et al. 1982; Coldman and Goldie 1983; Chen et al. 2013)
suggests that alternating two treatments is a theoretically sound
approach. An alternative strategy, more in line with the orig-
inal conception of multi-strike therapy, is to switch to a third
treatment whenever possible. Other, related directions for math-
ematical investigation include accounting for cross-resistance
and considering alternative biological assumptions, such as mod-
elling resistance as a continuous, plastic trait.
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