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Rapid evolution is ubiquitous in nature. We briefly review some of this quite broadly,

particularly in the context of response to anthropogenic disturbances. Nowhere is this

more evident, replicated and accessible to study than in cancer. Curiously cancer

has been late - relative to fisheries, antibiotic resistance, pest management and

evolution in human dominated landscapes - in recognizing the need for evolutionarily

informed management strategies. The speed of evolution matters. Here, we employ

game-theoretic modeling to compare time to progression with continuous maximum

tolerable dose to that of adaptive therapy where treatment is discontinued when the

population of cancer cells gets below half of its initial size and re-administered when

the cancer cells recover, forming cycles with and without treatment. We show that the

success of adaptive therapy relative to continuous maximum tolerable dose therapy

is much higher if the population of cancer cells is defined by two cell types (sensitive

vs. resistant in a polymorphic population). Additionally, the relative increase in time to

progression increases with the speed of evolution. These results hold with and without a

cost of resistance in cancer cells. On the other hand, treatment-induced resistance can

be modeled as a quantitative trait in a monomorphic population of cancer cells. In that

case, when evolution is rapid, there is no advantage to adaptive therapy. Initial responses

to therapy are blunted by the cancer cells evolving too quickly. Our study emphasizes

how cancer provides a unique system for studying rapid evolutionary changes within

tumor ecosystems in response to human interventions; and allows us to contrast and

compare this system to other human managed or dominated systems in nature.
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1. INTRODUCTION

Organisms can respond rapidly to contingencies and changes
in their environment. When they cannot extinction may
follow. The Stephens Island wren was flightless and free of
mammalian predators until the lighthouse keeper introduced
Tibbles the house cat (Galbreath and Brown, 2004; Medway,
2004). Extinction of the wren followed shortly thereafter. The
birds either did not or could not muster behavioral responses,
and did not have the time needed to evolve appropriate
responses. Similarly, the introduction of brown tree snakes
(Boiga irregularis) has threatened a number of birds, bats and
reptiles on islands such as Guam leading to dramatic losses
of species diversity (Savidge, 1987; Fritts and Rodda, 1998;
Wiles et al., 2003). On the other hand, many species respond
quickly to dramatic changes in their environment or even
colonize novel environments. Examples include responses to
size selective harvesting of fish (Conover and Munch, 2002;
Salvioli et al., 2021); re-emergence of anti-predator behaviors
with the reintroduction of predators (Laundré et al., 2001); rapid
evolution of body size, behavior and other traits in invasive
organisms (Huey et al., 2000; Whitney and Gabler, 2008; Turner
et al., 2014; Vandepitte et al., 2014; Rollins et al., 2015; Selechnik
et al., 2019) or members of invaded communities (Chapuis et al.,
2017); and shifts in reproduction and migration in animals and
plants in response to climate (Parmesan et al., 1999; Franks et al.,
2007; Geerts et al., 2015).

Rapid evolution may permit species to adjust to rapid
changes in their environments, but rapid evolution can also
be consequential to human welfare and health. For example,
herbicide and pesticide resistance threatens the productivity
of crops (Kuester et al., 2014; Baucom, 2019; Hawkins et al.,
2019). The boll weevil (Anthonomus grandis Boheman) was
reported as a serious pest in U.S. cotton production as far back
as 1892 and developed resistance to insecticides within a few
years in the 1950’s (Perkins, 1980). Today, boll weevil control
involves an integrated pest management (IPM) approach using
pheromone traps and insecticides timed around the weevil’s
reproductive cycles (Shipman, 2017). For upwards of 50 years
now, IPM strategies have employed resistance management plans
which can include application of targeted pheromones and
allelochemicals, leading to a reduction in the use of broad-
spectrum insecticides and ensuring that non-target and beneficial
insects are not adversely affected (Tewari et al., 2014; Brown and
Staňková, 2017; Cunningham, 2019). Similarly, drug resistance
poses direct threats to patient health. Chloroquine resistant
strains of malaria have become particularly prevalent in West
Africa and Papua New Guinea (Wellems and Plowe, 2001).
Antibiotic resistance threatens the advances that have been made
in controlling infectious diseases. The emergence of methicillin-
resistant Staphylococcus aureus (MRSA) strains of pathogenic
bacteria have been the subject of epidemiological, experimental
and mathematical-modeling studies (Robinson and Enright,
2003).

While the idea that cancer progression is an evolutionary
process has been discussed for several decades (Cairns, 1975;
Nowell, 1976), the application of ecological and evolutionary

principles to understanding rapid evolution in cancer has only
recently become a major objective [e.g., the classic by Nowell
(1976) has been cited over 7,000 times in Google Scholar; more
than half of that in the last 10 years]. Cancers provide a unique
study of rapid evolution because within a matter of months
or years, cancer within its host will evolve adaptations for
evading the immune system, increasing vasculature, co-opting
the signaling pathways of normal cells, and gathering scarce
nutrients more quickly and efficiently (Hanahan and Weinberg,
2000, 2011). This trajectory of extremely rapid evolution begins
de novo in each patient. In addition to the rapid evolution
of cancer in the host, resistance to therapy can also evolve
quickly (Dujon et al., 2020; Gatenby and Brown, 2020a). When
metastatic, like the cotton boll weevil, the cancer will evolve
resistance to all available drugs. Cancer then represents a
microcosm for studying and managing rapid evolution that is
replicated across patients (Pienta et al., 2020).

There are some important differences between studying rapid
evolution in ecosystems compared to in human disease, and
cancer in particular. Evolutionary speed in wild populations, for
instance, can be sensitive to sex ratios that determine effective
population sizes (Allendorf et al., 2008), an issue that does not
apply to asexual reproduction through mitotic cell division. For
antibiotic resistance, the fear is not that the current patient will
succumb because of rapid evolution, but that the application
of antibiotics across millions of patients will result in a strain
emerging from a subset of these patients that will go on to
infect others (Ventola, 2015). In contrast, the concern in cancer
is not that a resistant strain will jump from patient to patient.
Instead, the problem lies entirely within the patient and the
eco-evolutionary dynamics that lead to therapy failure.

Here, we are interested in addressing and modeling the
consequences of two features of eco-evolutionary models of
adaptive therapy (AT). These features are the speed of evolution,
and whether the cancer cell population is monomorphic (where
treatment-induced resistance evolves as a quantitative trait) vs.
polymorphic (sensitive vs. resistant cell types where treatment-
induced resistance evolves only in resistant cells, also as a
quantitative trait). In what follows, we elaborate more fully
on the determinants of evolutionary speed (section 2) and the
broader contexts of rapid evolution (section 3). In section 4,
we introduce therapeutic strategies in cancer as a special form
of integrated pest management. We then develop a model of
therapy that includes the ecological dynamics of tumor burden
and the evolutionary dynamics of changes in the composition of
cancer cell types within the patient. We analyze the consequences
of evolutionary speed in determining the efficacy of a standard
form of AT relative to continuous drug delivery at maximum
tolerable dose (MTD) (section 5). Wemodel this in the context of
monomorphic and polymorphic cancer cell populations, and in
the context of having no cost of resistance, a cost of resistance
manifested in intrinsic growth rates, and a cost of resistance
manifested in the carrying capacities. Section 6 concludes by
summarizing the main outcomes of the cancer model and
discussing how our results could be transferable to other fields.
In addition to adding to the modeling results for AT in cancers,
we hope to show evolutionary biologists and ecologists just how
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similar resistance management in cancer is to managing evolving
species (that may be pests or resources), and to show cancer
biologists how the challenge of therapy resistance is kindred to
conservators and managers of biodiversity and pests in nature.

2. DETERMINANTS OF EVOLUTIONARY
SPEED

A better understanding of the evolution of resistance to therapy
in cancer can be informed by theory and examples of rapid
evolution in several ecological contexts. Evolution occurs over
many timescales. The domain of evolutionary science classically
has involved taxa with vertical inheritance, so discussions of
“rapid” evolution by many scholars emphasize the surprisingly
small number of generations over which substantial changes in
heritable phenotypes are observed. Hairston et al. (2005) defined
rapid evolution as “genetic change occurring rapidly enough to
have a measurable impact on simultaneous ecological change.”
While the authors emphasize the change must be genetic, their
analysis is actually based on heritable phenotypic change which
could result from genetic, epigenetic or other forms of non-
genetic inheritance (Bonduriansky and Day, 2009; Jablonka and
Raz, 2009; Keller, 2014; Müller, 2017; Stoltzfus, 2017; Banta and
Richards, 2018; Richards and Pigliucci, 2020; Mounger et al.,
2021). Evolution is known to occur rapidly in wild populations
abruptly subjected to novel selection pressures. Rapid evolution
is well-documented in invasive populations (Bock et al., 2015;
van Kleunen et al., 2018; Mounger et al., 2021), and wild
populations experiencing intensive human intervention related
to urbanization, agro-ecosystem management, wild species
harvest, and pollution (Sullivan et al., 2017).

Researchers have long been interested in the mechanisms that
allow for these rapid responses to environmental challenges. The
frequencies of heritable phenotypes in wild populations may
change within only a few generations when novel environmental
conditions are highly lethal to some portion of existing trait
variation. Sudden ecological and climatic changes are particularly
effective at driving rapid phenotypic change and underlying
change in genetic and non-genetic inheritance mechanisms.
In response to climate change in the UK, for instance, some
populations of the brown argus butterfly (Aricia agestis) have
shifted female preference for host plant species, and exhibited
reduced fitness in ancestral habitats within 10–15 years of the
shift (Buckley and Bridle, 2014). Plenty of evidence suggests that
these responses can be in part dictated by classic expectations of
selection acting on genetic diversity (Hoffmann and Sgro, 2011).
The type of intense selection that induces rapid evolutionary
change, however, may be accompanied by a loss in genetic
diversity and heritable variation.

On the other hand, many invasive species offer important
counter evidence to the assumption that reduced genetic variance
indicates reduced evolutionary potential (Colautti and Lau, 2015;
Dlugosch et al., 2015; Stapley et al., 2015; Estoup et al., 2016;
Selechnik et al., 2019). The population bottlenecks inherent
to invasion have long been assumed to hinder evolutionary
potential creating the “genetic paradox” of invasion (Estoup et al.,

2016; Mounger et al., 2021), but recent studies have shown that
in fact the genetic paradox may not be as severe as initially
thought. This is due to a myriad of genomic possibilities. First,
many invasive populations undergo only modest reductions in
genetic variation due to multiple introductions, hybridization or
de novo mutations (Estoup et al., 2016). But importantly, loss of
genetic diversity measured by molecular markers does not reflect
loss of quantitative trait variation or may reflect selection of fit
genotypes or recombination among founding genotypes (e.g.,
Selechnik et al., 2019). Genetic bottlenecks can also contribute to
performance by purging deleterious alleles, revealing beneficial
cryptic variation or creating new beneficial interactions among
genomic elements (Colautti and Lau, 2015; Dlugosch et al., 2015;
Stapley et al., 2015; Estoup et al., 2016; van Kleunen et al., 2018).

In addition to genetic variants, the plasticity of morphological,
physiological and behavioral traits are clearly important (West-
Eberhard, 1989; Richards et al., 2006; Lankau, 2011; Ledón-
Rettig et al., 2013; Rollins et al., 2015). Theoretical work suggests
putative upper limits on rates of genetic evolution, and that rapid
trait changes result in part from phenotypic plasticity (Kopp and
Matuszewski, 2014). The distinction is complex, since phenotypic
plasticity is genetically based but also underlain by epigenetic
mechanisms that can be independent of genetic differences
(Richards et al., 2006, 2010, 2017; Cortijo et al., 2014; Banta and
Richards, 2018). Furthermore, the molecular-level mechanisms
that contribute to such plastic responses can ultimately lead
to genetic changes or non-genetic inheritance (West-Eberhard,
1989; Bonduriansky and Day, 2009, 2018; Klironomos et al.,
2013; Kronholm and Collins, 2016; Kronholm et al., 2017; Wölfl
et al., 2020). A particularly striking example of the disconnect
between genetic variation and heritable phenotypic response
is in the single octoploid clone of Japanese knotweed that
has spread aggressively through a broad range of habitats in
temperate Europe and North America (Beerling et al., 1994;
Bailey and Conolly, 2000; Grimsby et al., 2007; Gerber et al.,
2008; Bailey et al., 2009; Richards et al., 2012; Zhang et al., 2016).
Several studies have linked the divergence in these populations
to differences in DNA methylation (Richards et al., 2008, 2012;
Zhang et al., 2016). Despite the potential importance of this
type of clonal spread particularly in invasive plant species, our
ability to understand the roles for existing mutations, de novo
mutations, and epigenetics remains constrained by too few
studies (Paun et al., 2019; Richards and Pigliucci, 2020; Mounger
et al., 2021).

Extensive genomics studies in cancer have revealed that
“genetic instability” is a hallmark of cancer (Coffey, 1998;
Duesberg et al., 1998). While no universal driver mutations
of metastases have been identified, Gerstung et al. (2020)
demonstrated by analysis of 2,658 samples of 38 different cancers
types in the Pan-Cancer Analysis of Whole Genomes (PCAWG)
that very early events in cancer are limited to a common set of
drivers. In fact, 50% of early mutations in cancers occur in just 9
genes. Mutations in epigenetic machinery can also be important
in shaping genome dynamics in cancer (Feinberg et al., 2006;
Timp and Feinberg, 2013). In particular, chromatin regulators
are often mutated in cancer. Mutations in the SWI/SNF complex
occur in over 20% of all cancers (Kadoch and Crabtree, 2015).
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Recent studies indicate that specific genetic mutations can
instigate metastases but that completion of the process depends
only on non-genetic changes, specifically epigenetic changes that
complement the genetic mutations (Lambert et al., 2017).

The molecular basis of trait variation can have important
impacts on the speed of evolution as evidenced by studies in
herbicide and pesticide resistance. Hawkins et al. (2019) recently
compared three major pesticide groups (insecticides, herbicides,
and fungicides) to make this point. They argued that fungicide
resistance evolves more often by de novo point mutations in
functional genes, herbicide resistance evolves through selection
on standing variation; and insecticide resistance evolves through
a combination of standing variation and de novo mutations.
The rate at which resistance evolves in these groups depends
on the dynamics within the populations. They argue that de
novo mutation must spread through the movement of insects,
seeds, pollen, or spores, whereas a preexisting allele may already
be present throughout the range. These arguments suggest that
the pathway to resistance can determine the most effective
containment strategy (Hawkins et al., 2019).

3. CONTEXTS OF RAPID EVOLUTION

Humans are selective agents that influence the evolution of
non-human wild populations by harvesting them, attempting
to suppress or extirpate them, and by altering their biophysical
environment (Hendry et al., 2017). These anthropogenic
interventions often induce trait changes more rapidly and to
a greater extent than observed in the evolution of populations
inhabiting more natural contexts (Hendry et al., 2008), although
even natural populations can undergo rapid evolution in real
time (Weiner, 1995; Reznick et al., 2019). Human interventions
drive evolution in traits such as body size in harvested fish
(Olsen et al., 2004; Salvioli et al., 2021), and dispersal traits of
urban plants (Cheptou et al., 2008). Accelerated rates of evolution
may result from shifts in the adaptive landscapes resulting from
anthropogenic changes or from increased variance in relative
fitness among individuals (Fugère and Hendry, 2018). Human-
induced evolutionary change may render populations resistant to
future management and may endow populations with functional
traits that feed back to affect the properties of ecosystems
that benefit people (Rudman et al., 2017). This rapid evolution
of management-resistant traits, and feedbacks on the health
of ecosystems, are analogous to the management of therapy
resistance, tumor burden, and patient well-being in oncological
settings. Like the clinician and cancer, the practitioner/manager
(e.g., in an agroecosystem or fishery) and non-human population
(e.g., of weeds or fish) coevolve, one through rational decision
making and one through selection (Staňková et al., 2019; Salvioli
et al., 2021). Next, we briefly highlight some principles developed
through the study of rapid evolution in anthropogenic contexts
of urbanization, weed management in agrosystems, and wild
animal harvest.

3.1. Urbanization
Urban evolutionary ecology and adaptive cancer therapies
share a common interest in populations responding to large

magnitude environmental changes. Urbanization is characterized
by a host of changes in the biophysical environment, including
accelerated cycling of nutrients and pollutants, altered energy
budgets that induce warming via heat island effects, landscape
fragmentation and the proliferation of impervious surface,
modified soil structure and fertility, redistributions of water,
changes to physical architecture, and homogenization of
ecological communities and the attendant introduction of novel
competitor, predator, and pathogen species (Grimm et al., 2008).
Populations of plants, animals, and microorganisms experience
this wide portfolio of changes under non-equilibrium conditions,
as urbanization generates perpetual changes in environments
rather than stable endpoints (Collins et al., 2000). Cancer
cell populations, likewise, experience dramatic environmental
change either when therapies are imposed on extant tumors, or
during metastasis as cells migrate to distinct areas of the body.
Like the environmental changes that constitute urbanization,
adaptive therapies seek to impose non-equilibrium selection
regimes on cancer populations to disrupt the emergence, or
dominance of resistant cancer cells.

Urban populations can exhibit sufficient trait variation for
rapid evolution. For instance, variation in plant size and
allocation traits among urban plant species often exceeds that of
their non-urban conspecifics (Borowy and Swan, 2020). Urban
environmental conditions alter phenotype frequencies in non-
human wild populations by inducing plastic responses, as well
as through both adaptive and non-adaptive evolutionary changes
(Johnson and Munshi-South, 2017). For instance, acorn ants
(Temnothorax curvispinosus) reared from urban populations
inhabiting environments warmed 2◦C by the heat island effect
show higher heat tolerance and narrower thermal tolerance
breadths than ants reared from rural populations. Yet, even
rural ants can develop higher heat tolerance through acclimation,
indicating both fixed and plastic phenotypic responses to the
urban thermal environment (Diamond et al., 2017).

Landscape fragmentation in cities can isolate small
populations, reducing gene flow and promoting genetic
drift, resulting in potentially non-adaptive genetic differentiation
among populations. Transcriptome differences among distinct
urban populations of white-footed mice (Peromyscus leucopus)
occupying isolated habitat patches in New York, for instance,
suggest that both selection and genetic drift account for
rapid evolutionary responses to urbanization (Harris et al.,
2013). Populations inhabiting urban environments can exhibit
adaptive changes in sexually selected traits when compared
with their conspecific rural counterparts (Yeh, 2004). Important
questions remain about the extent to which urban environmental
properties induce mutation or affect genome-wide mutation
rates, and whether adaptation to urban environments results
more often from mutations that occur after populations are
urbanized or from standing, pre-urban genetic variation (Barrett
and Schluter, 2008). These pressing questions for non-human
populations adapting to urbanization are similarly relevant for
cancer cell populations evolving responses to diverse tumor
microenvironments and therapy-induced selection.

Urban evolutionary ecology investigates not only phenotypic
responses of populations to urban environmental conditions,
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but also examines how these altered populations and their traits
affect urban ecosystem processes (Alberti, 2016). Ecosystems
carry out processes such as primary production of biomass
and organic energy, decomposition and nutrient recycling,
hosting of biodiversity, and societally valued services like storm
energy mitigation, food production, pollutant capture, and
recreation. The degree and manner in which ecosystems carry
out these processes depend strongly on the functional traits
of an ecosystem’s constituent species (Rudman et al., 2017).
These traits are the products of evolution occurring under the
selective regime imposed by ecosystem processes, setting up
reciprocal eco-evolutionary feedbacks between population traits
and the environment in which those traits emerged. Similarly,
through mechanisms such as promoting vascularization, acidic
pH, and cancer associated fibroblasts, cancer cells evolve traits
that alter their environment creating eco-evolutionary feedbacks
(De Groot et al., 2017).

3.2. Agroecosystem Weed Management
Tumor cells and agricultural pests both form undesirable
populations that humans attempt to eradicate or manage through
the application of biocides. Parallels to cancer therapies are
arguably most evident in the battle against weed plants and other
pests in agroecosystems. Pesticides and antibiotics, among other
agricultural technologies, have afforded increases in food supply
necessary for a growing and urbanizing human population. But,
the intensive application of these chemicals select for resistance
in weeds, insect pests, and crop and livestock pathogens
(Pittendrigh et al., 2013; Kuester et al., 2014; Baucom, 2019).
One strategy developed in cropping systems to inhibit rapid
evolution of resistance in weeds is the application of herbicide
mixtures (Wrubel and Gressel, 1994). This mixture approach is
distinct from the sequential use of multiple herbicides, one at
a time, until each has selected for resistance in the focal weed
population. It is also distinct from the application of multiple
herbicides that each target a separate weed species. Instead, this
mixture approach consists of simultaneously applying multiple
herbicides with different modes of action to control a single weed
population. Similar approaches using multi-drug cocktails have
become commonplace in cancer treatments. Toxicity to patients
often dictates the doses and combinations of drugs that can be
safely administered.

Theory and experience reveal several criteria for delaying the
evolution of herbicide resistance in weeds (Wrubel and Gressel,
1994), with parallels comparable to mixed-therapy strategies
in oncology that likewise seek to delay the rapid evolution
of resistance in tumor cell populations. First, both (or more)
herbicides in a mixture must control the same weed population,
as an herbicide having no effect on a focal weed population
will not influence the rate at which it evolves resistance to
another herbicide. Second, both herbicides must be similarly
effective in killing weeds (e.g., lethal to similar percentages of
the focal weed population), and third, both must persist in the
environment for similar durations; failure to meet these criteria
leaves some portion of the focal weed population exposed to
only one of the herbicides and thus prone to rapid evolution of
resistance to it. Fourth, the two herbicides must have different

biochemical targets within the focal weed population, such as
inactivating different proteins or enzyme systems. Fifth, both
must be degraded through different mechanisms; failure to meet
these criteria may induce evolution of cross-resistance. Although
the use of herbicide mixtures effectively inhibits the evolution
of specialist resistance traits, one downside of this strategy
appears to be selection for generalist resistance (Comont et al.,
2020). Whether this outcome is unavoidable or results from
failure to meet the above criteria is unclear, but it does raise
a warning sign for extrapolating biocide mixture approaches to
oncology. Lastly, a desirable property of mixtures is negative
cross-resistance, in which one herbicide selects for alleles that
confer hypersusceptibility to the other herbicide. In cancer, such
negative cross-resistance are known as double-bind therapies in
which drugs should be given sequentially rather than together
(Gatenby et al., 2009a; Basanta et al., 2012; Gatenby and Brown,
2020b).

Pollutants, although not intentionally applied to wild
populations, can mimic pesticides by acting as lethal poisons. As
such, like pesticides, they have the capacity to impose intense
selective pressure and drive rapid evolution. In temperate and
boreal regions, for example, salts used to de-ice roads commonly
run off into freshwater ecosystems. The resulting salinization
of these water bodies raises the question of whether freshwater
populations can adapt to the selective pressure imposed by
this new water chemistry regime. Indeed, populations of the
freshwater cladoceran zooplankton Daphnia, a critical link in
most freshwater lake food webs, can adapt to higher (albeit not
extreme) salinities in 5–10 generations (Coldsnow et al., 2017).

3.3. Harvested Animal Populations
Humans harvest wild animal populations to obtain food, furs
and clothing materials, ornamental features such as horns
and antlers, and collectable specimens (e.g., mollusc shells).
Given these motivations, animals with particular traits or trait
values (e.g., particular morph or size) are often targeted for
harvesting, driving phenotypic change in harvested populations.
Phenotypic responses to harvesting are well-documented in
fishes, from freshwater recreational harvesting (Sutter et al.,
2012) to marine commercial harvesting (Law, 2000), and in
a wide variety of ungulates such as bighorn sheep (Pigeon
et al., 2016) and elephants (Jachmann et al., 1995). More
pervasively, selective harvest and associated phenotypic change
is also documented in a variety of other mammalian and
invertebrate taxa (Allendorf et al., 2008). Harvest reduces the
frequency of desirable phenotypes in populations, quite opposite
to the reinforcement of desired phenotypes under artificial
selection in agriculture and aquaculture (Allendorf and Hard,
2009). While lack of additive genetic variance and plasticity in
targeted traits may limit heritable responses to harvest, harvest is
generally thought to drive evolution through three mechanisms:
reduced local densities that open harvested subpopulations to
immigration and concurrent genetic swamping and loss of local
adaptation, selection on standing variants, and reduced genetic
variation (Allendorf et al., 2008). Molecular genetic monitoring
is recommended to detect harmful genetic change that results
from selective mortality via harvest (Allendorf and Hard, 2009).
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Assessing and monitoring for specific mutations or overall
genetic heterogeneity have become part of personalized medicine
in cancer treatments. Genetic predispositions of the patient and
the presence of specific driver mutations often permit early
detection of cancer, indicate the presence of certain types of drug
resistance, and dictate the course of therapy.

While there is consensus that harvesting changes phenotypic
frequencies in harvested populations, the role of evolution in
these changes remains uncertain, particularly in harvested fish
populations. Harvest may indeed act on heritable variation
and thereby drive evolution, but may also induce ecological
changes (e.g., reduced population densities) that provoke plastic
responses in harvested populations (Kuparinen and Festa-
Bianchet, 2017). Some evidence suggests that adaptation is
localized and occurs rapidly (within a few generations). Age-
structured population models indicate that harvest strategies
that ignore harvest-induced evolution can ultimately depress
sustained yields because they irreversibly select for maturation
at smaller sizes and younger ages (Heino, 1998). Probabilistic
maturation reaction norms delineate the probability (usually
50%) of maturation for different combinations of age and size.
Changes in the shape of reaction norms (as opposed to changes
in location along a reaction norm) indicate evolutionary change,
and, when such shifts coincide with harvest, provide evidence
of harvest-induced evolution (Olsen et al., 2004). Converse
arguments posit that relatively low heritability of relevant life
history traits means that evolutionary responses to fish harvesting
may require long time scales (Law, 2007). Evolutionary responses
to harvesting may be difficult to detect because of counter-
gradient variation, where, for example, alleles for fast growth are
favored in cold environments, and vice versa, thereby reducing
phenotypic variation among populations across environmental
(e.g., climatic) gradients (Jorgensen et al., 2007).

A principle concern for wildlife managers is whether
evolutionary responses to selective mortality via harvest
undermines the ecological sustainability of the harvested
population. Fishing, for example, may select for traits that are
not adaptive with respect to natural and sexual selection regimes,
leaving harvested populations without the phenotypic traits
or variation needed to cope with their environment (Conover,
2000). Adaptive variation needed to recover during fishing
moratoria may be limited in overharvested fish populations.
For instance, overharvested populations of many species exhibit
reduced allelic diversity and heterozygosity (Pinsky and Palumbi,
2014). Moreover, harvesting diminishes traits that correspond
with fitness (weapon size in ungulates, size at maturity, and
boldness in fish), yet when harvest is suspended to permit
recovery, countervailing selection that favors the reemergence
of these traits may be less intense, prolonging population
recovery (Allendorf et al., 2008). This outcome was evident in
northern populations of Atlantic cod (Gadus morhua), in which
harvest selected for a younger age and smaller size at maturity.
Population densities remained depressed even after a decade
of fishing moratorium Olsen et al. (2004). While diminished
sustainability of a wild population is an undesirable outcome
of evolutionary responses to selective mortality, analogous
outcomes in oncological settings would be favorable. Useful

therapies may be those that impose evolutionary trade-offs on
cancer cell populations by selecting for cancer cell phenotypes
that are maladaptive to the natural selection regime imposed by
the immune system, or that intensely select against antagonistic
traits that are only modestly favored during AT holidays. These
are key issues in designing, implementing and modeling AT.

4. MODELING ECO-EVOLUTIONARY
DYNAMICS OF CANCER IN RESPONSE TO
TREATMENT

Similar to human intervention in ecology, therapeutic
intervention in cancer can favorably or unfavorably direct
evolution. MTD is the standard of care in which therapy is
given continuously for a predetermined amount of time. When
MTD is unable to eliminate all cancerous cells it inevitably
selects for the continued proliferation of treatment-resistant
cells (Chabner and Roberts, 2005; Gatenby, 2009; Pepper et al.,
2009; Aktipis et al., 2011; Greaves and Maley, 2012). In contrast,
AT modulates therapy based on tumor dynamics in response
to treatment. When there is a cost to resistance (a disadvantage
to being resistant), therapy-sensitive cells outcompete their
resistant counterparts in the absence of treatment. Therefore,
drug withdrawal during AT suppresses the ability for resistant
cells to dominate the tumor population (Gatenby et al., 2009b;
Zhang et al., 2017; Staňková et al., 2019). The evolutionary
capacity of cancer cell phenotypes to withstand therapy induced
selection regulates the effectiveness of therapy. Specifically, how
fast or slow evolution occurs may play a key role in therapeutic
success. We develop mathematical models to analyze the impact
of evolutionary speed on the success of AT when compared
to MTD.

Combating resistance is prevalent in nature and medicine
when dealing with an evolving population. Resistance
mechanisms to biocides in pest species and therapies in cancer
can be categorized as follows: (1) strictly qualitative (for instance,
the presence of an upregulated or novel metabolic pathway in
the resistant form), which can be modeled using a polymorphic
population where one strain is sensitive while another strain
possesses a resistance trait which is fixed and does not evolve; (2)
strictly quantitative (for instance, the production of binding or
detoxification enzymes, and for cancer and microorganisms an
increase in the number of membrane pumps for eliminating the
toxin), which can be modeled using a monomorphic population
with an evolving resistance trait; or (3) a hybrid combination of
contexts 1 and 2, which can be modeled using a polymorphic
population where one strain remains sensitive while another
strain possesses an evolving quantitative resistance trait. For
example, in the case of abiraterone resistance in metastatic
castrate-resistant prostate cancer there are three qualitative cell
types: those requiring exogenous testosterone, those independent
of testosterone, and those producing testosterone as a public
good (You et al., 2017, 2019; Zhang et al., 2017). While the first
two are strictly qualitative, the last type can also be quantitative in
terms of the amount of testosterone produced. Strictly qualitative
resistance traits have been explored in detail by modelers (You
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et al., 2017; Zhang et al., 2017; West et al., 2018; Cunningham
et al., 2020; Bayer et al., 2021; Kim et al., 2021; Viossat and
Noble, 2021), strictly quantitative less so (Staňková et al., 2019;
Reed et al., 2020; Salvioli, 2020; Wölfl et al., 2020), and the
combination, to our knowledge, has not been explored at all.
Our models can be used to consider all three contexts (strictly
qualitative, strictly quantitative or both). In what follows, we shall
focus on comparing contexts 2 with 3. We do not model context
1 (polymorphic population, strictly qualitative resistance) as
it is a special case of our context 3 (polymorphic population
with resistance evolving as a quantitative trait of the resistant
population). A final key element for all considerations of
evolving pests and managed species concerns a cost of resistance.
A cost of resistance will slow the evolution of resistance, and
render more sensitive types more competitive than less sensitive
types when the biocide is removed. In our models, we consider
what happens when there is no cost of resistance, a cost of
resistance in the intrinsic growth rate, or a cost of resistance in
the carrying capacity.

Our models are generic in the sense that they can frame
biological systems other than cancer and their eco-evolutionary
responses to management by humans. However, we narrow our
model analysis to cancer. We consider the superiority of AT
relative to MTD as measured by time to progression (TTP). We
consider jointly the effects of evolutionary speed, the context
of resistance, and the nature of the cost of resistance. The
model permits any level and spacing of dosing, but we focus on
contrasting a continuous, fixed level of dosing with a form of AT
where the dosing is either on or off depending on the patient’s
tumor burden.

4.1. Our Models
Wemodel the evolution of resistance leading to treatment failure
using ordinary differential equations (ODEs) for a monomorphic
(context 2) and polymorphic (context 3) tumor cell population.
In our monomorphic model, resistance is a quantitative trait.
The resistance strategy exists on a continuum, and all cells can
exhibit some magnitude of resistance u(t), which evolves in
time. In our polymorphic model, we assume the entire tumor
cell population is comprised of two distinct subpopulations,
sensitive and resistant cells. In this model, only the resistant
cell subpopulation has the capacity to evolve resistance as a
quantitative trait uR(t). Table 1 displays all scenarios for each
model and Table 2 indicates all parameters and their definitions.
In the following, we assume that the tumor populations grow
logistically and are suppressed by the presence of therapy and
natural cell turnover.

All models describe Darwinian dynamics of cancer in
response to treatment, with a fitness-generating function, “G-
function” (Vincent and Brown, 2005). A G-function considers
how the fitness of a focal cancer cell using a strategy v in the
population is influenced by the environment and by the strategies
and population sizes of the resident phenotypes. The set of
phenotypic strategies present in the tumor are represented by u.
The population size of cells with a particular strategy is indicated
by x. In the polymorphic context, the vector u = (uR, uS)

T

encompasses the strategy for resistant and sensitive cells and

x = (xR, xS)
T their population sizes. In themonomorphic context

u and x are reduced to scalars as only a single evolutionary
strategy defines the entire tumor population. We assume that the
physician applies a treatment dose m(t) ∈ [0, 1] at time t ≥ 0,
where m(t) = 0 and m(t) = 1 correspond to no dose and MTD
at time t, respectively. For simplicity, the drug is assumed to be
maximally effective at MTD. The efficacy of the drug is reduced
by a focal cell’s resistance strategy v, innate drug immunity k, and
the benefit b of the resistance trait in reducing therapy efficacy.
The G-function is used to derive the evolutionary dynamics
that describe how the resident strategies (i.e., phenotypes) of the
tumor change with time. Note that in this case the fitness function
for a raremutant does not directly depend on the current resident
strategies. Following Fisher’s fundamental theorem of natural
selection, the resistance strategies change in the direction of the
fitness gradient ∂G

∂v with respect to the fitness of a rare mutant
v (Fisher, 1930). This derivative is then evaluated at the current
resident strategies u, giving an equation defining the evolutionary
dynamics for each resident strategy (Table 1) (Vincent and
Brown, 2005). The rate at which the strategies change is scaled
by an evolutionary speed term σ . In our model, large values
of evolutionary speed σ correspond to enhanced phenotypic
variance which could result from increased genetic variance or
phenotypic plasticity. Innate immunity k suggests that prior to
drug exposure cells possess amechanism that inhibits the potency
of treatment. This parameter is the only value that reduces drug
efficacy for the sensitive population in our polymorphic model
as the sensitive cells cannot evolve resistance. Treatment efficacy
is further diminished by the magnitude of the benefit b of the
resistance strategy for the monomorphic population and the
resistant population in the polymorphic model. For a general
introduction to our modeling framework, see Appendix B.

Although resistance decreases treatment efficacy, it may be
that a resistance strategy comes at a cost (Staňková, 2019). When
a cost to resistance is present, resistance confers a selective
advantage during treatment. In the absence of therapy, a cost
of resistance confers a fitness disadvantage. In our model, we
consider that resistance either carries no cost (K(v) = Kmax,
r(v) = rmax), carries a cost in the intrinsic growth rate (r(v) =

rmax e
−g v, K(v) = Kmax), or carries a cost in the carrying capacity

(r(v) = rmax, K(v) = Kmax e
−g v). These costs are relevant when

modeling the monomorphic population, and for the resistant
population when modeling the polymorphic context.

4.2. Case Studies
We analyze the impact of two treatment strategies (MTD andAT)
on TTP. We define TTP as the first time at which the tumor
burden reaches δ = 70% of the maximum carrying capacity
Kmax, during treatment.

The treatment schedule for each strategy is as follows:

• Maximum tolerable dose (MTD):m(t) = 1 for all t;
• Adaptive therapy (AT): Initially, MTD is administered

(m(0) = 1) until the tumor cell population size x reaches
half of its initial density. Treatment is then discontinued until
the tumor recovers to its initial size where treatment is re-
administered beginning a new treatment cycle (Zhang et al.,
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TABLE 1 | Different models analyzed in this paper: The first, second, and third lines of this table describe eco-evolutionary cancer dynamics with no cost of resistance,

cost of resistance in the growth rate, and cost of resistance in the carrying capacity of cancer cells, respectively.

Resistance Monomorphic cancer population Polymorphic cancer population

None G(v, u, x,m) = rmax

(

1−
x

Kmax

)

− d −
m

k + bv

ẋ = x G(v, u, x,m)
∣

∣

v=u

u̇ = σ
∂G(v, u, x,m)

∂v

∣

∣

∣

∣

v=u

G(v,u, x,m) = rmax

(

1−

∑

i∈{R,S} xi

Kmax

)

− d −
m

k + bv

ẋi = xiG(v,u, x,m)
∣

∣

v=ui
where i ∈ {R,S}

u̇R = σ
∂G(v,u, x,m)

∂v

∣

∣

∣

∣

v=uR

uS = 0

r(v) = rmaxe
−gv G(v, u, x,m) = r(v)

(

1−
x

Kmax

)

− d −
m

k + bv

ẋ = x G(v, u, x,m)
∣

∣

v=u

u̇ = σ
∂G(v, u, x,m)

∂v

∣

∣

∣

∣

v=u

G(v,u, x,m) = r(v)

(

1−

∑

i∈{R,S} xi

Kmax

)

− d −
m

k + bv

ẋi = xiG(v,u, x,m)
∣

∣

v=ui
where i ∈ {R,S}

u̇R = σ
∂G(v,u, x,m)

∂v

∣

∣

∣

∣

v=uR

uS = 0

K(v) = Kmaxe
−gv G(v, u, x,m) = rmax

(

1−
x

K(v)

)

− d −
m

k + bv

ẋ = x G(v, u, x,m)
∣

∣

v=u

u̇ = σ
∂G(v, u, x,m)

∂v

∣

∣

∣

∣

v=u

G(v,u, x,m) = rmax

(

1−

∑

i∈{R,S} xi

K(v)

)

− d −
m

k + bv

ẋi = xiG(v,u, x,m)
∣

∣

v=ui
where i ∈ {R,S}

u̇R = σ
∂G(v,u, x,m)

∂v

∣

∣

∣

∣

v=uR

uS = 0

TABLE 2 | Variables and parameters of the model.

Meaning Values

Variables

x Cancer cell population (monomorphic case) In interval [0,Kmax]

xS Sensitive population (polymorphic case) In interval [0,Kmax]

xR Resistant population (polymorphic case) In interval [0,Kmax]

u Resistance strategy (monomorphic case) Non-negative

v Resistance strategy (focal individual) Non-negative

uS Sensitive population resistance strategy (polymorphic case) 0

uR Resistant population resistance strategy (polymorphic case) Non-negative

m Treatment dose In interval [0, 1]

Parameters

rmax Intrinsic growth rate of the cancer cells 0.45

Kmax Carrying capacity 10,000

k Innate cell immunity 2

b Magnitude of resistance benefit 10

σ Evolutionary speed In interval (0, 1]

δ Progression threshold (fraction of K) 70%

g Magnitude of cost of resistance In interval (0, 1]

d Intrinsic death rate 0.01

2017). We will also, at times, consider a 20% reduction in

tumor volume as the switch threshold. While this has not been
tried in any clinical trial, we include it as several authors have

shown that it gives superior results as compared to a 50%

reduction (Kim et al., 2021; Strobl et al., 2021; Viossat and

Noble, 2021).

We first consider the case of a monomorphic tumor cell

population, which has evolved resistance u(t) at time t ≥ 0 in
response to treatment m(t). Here, u(t) = 0 corresponds to no

resistance. We do not impose an upper bound on the resistance
trait, thus u(t) is a quantitative trait achieving non-negative
values. For the sake of simplicity of expressions, we will drop the
time variable t whenever this does not compromise the clarity.
For this case, we always consider initial conditions x(0) = 6,000
and u(0) = 0.

Next, we consider the case of a polymorphic tumor cell
population. We assume that the tumor is composed of distinct
sensitive xS and resistant xR subpopulations of cells. The sensitive
subpopulation utilizes a fixed resistance strategy uS = 0, and
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this value does not evolve with time. The resistant subpopulation,
initially expresses almost no resistance uR(0) = 0.01 and evolves
treatment-induced resistance (uR > 0) over time. The initial
conditions for each subpopulation are xS(0) = 5, 990, and
xR(0) = 10.

We also analyze how different assumptions regarding the
cost of resistance in cancer cells (no cost of resistance, cost of
resistance in cancer cells’ growth rate (r(v) = rmax e

−g v), and
cost of resistance in cancer cells’ carrying capacity (K(v) =

Kmax e
−g v)) impact the success of MTD and AT in terms of TTP.

Altogether, our modeling efforts investigate how the TTP varies
between AT and MTD therapy, dependent on the following:

• The type of cancer population (monomorphic vs.
polymorphic),

• The cost of resistance (none, on r, on K), and
• Evolutionary speed σ .

The models were solved numerically through the odeint
function of the Python 3.6 Scipy package, using three-
stage Adams-Bashforth method with adaptive stepsize and
backward differentiation formula for stiff and non-stiff problems,
respectively. All results were also duplicated in Mathematica, to
validate their correctness.

5. RESULTS

In this section, we begin by investigating how the cost of
resistance impacts tumor burden and TTP during continuous
therapy at MTD. Subsequently, we compare TTP under MTD
vs. AT for each of our eco-evolutionary models introduced
in the previous section. The ability to extend TTP signifies a
greater treatment efficacy and the treatment strategy exhibiting
a longer TTP is deemed superior. We show that in all of our
model scenarios, AT is superior to MTD. The magnitude of this
superiority (increase in TTP compared to MTD) is influenced by
the context (monomorphic vs. polymorphic tumor composition),
evolutionary speed, and to a lesser extent by the cost of resistance.

5.1. A Cost of Resistance Manifested in the
Carrying Capacity Comprises Tumor
Growth the Most
Typically, MTD leads to an initial decrease in the tumor
burden, followed by the evolution of resistance and ultimately
treatment failure. Figure 1 depicts these dynamics for both our
polymorphic (top row) and monomorphic (bottom row) tumor
cell populations exhibiting different resistance costs. For all
cases, MTD results in evolutionary dynamics where there is a
monotonic increase in the level of resistance of the evolving
cancer cell populations. When there is a cost of resistance
(influenced by parameter g), TTP increases, resistance evolves
more slowly, and maximum tumor burden declines. In both
population contexts, when there is no cost to resistance the tumor
burden stabilizes at a population density 4% greater than when
the cost of resistance is expressed in the intrinsic growth rate
r and almost 20% greater than when the cost of resistance is
expressed in the carrying capacity K. Thus, a cost applied to

the carrying capacity compromises tumor regrowth the most,
leading to an extended TTP. As our intuition would suggest,
when the cost of resistance is very high, the population dynamics
stabilize at much lower tumor burdens (Figure A1). Based on
model formulation and parameterization, there are instances
when tumor regrowth stabilizes at a survivable tumor burden that
does not result in progression. In Figure 1, the tumor burdens
of both population contexts recover to reach what we consider
disease progression, however in the monomorphic context, the
initial decrease in the population density is much less than in
the polymorphic context. In some cases, continuous therapy will
not reduce the tumor burden sufficiently to allow for AT. For
the purposes of our investigation, we focus on scenarios where
continuous treatment results in at least a 50% decline in the initial
tumor burden, and where resistance evolution under continuous
therapy will result in a tumor burden that exceeds δ=70% of
the maximum carrying capacity (which we consider to represent
disease progression). With these two stipulations, we restrict
ourselves to conditions where AT can be applied, and where
continuous MTD will eventually result in disease progression.

5.2. AT Improves TTP With or Without a
Cost of Resistance, Where the
Improvement Is Greatest When the Cost Is
Applied to the Carrying Capacity
Independent of the presence of a cost of resistance, AT is superior
to MTD when we do not consider evolutionary speeds. In
Figure 2, we see that in the polymorphic context AT leads to a
clear improvement in treatment efficacy in terms of TTP with
respect to MTD. The left panel exhibits the population dynamics
for this polymorphic population during each treatment schedule
and the right panel displays the strategy dynamics of the resistant
cell type. TTP is represented by red stars which identify when
the tumor burden reaches 7,000. Regardless of the resistance
cost, AT extends TTP compared to MTD. In the absence of
a resistance cost, AT increases TTP by 33%. With a cost of
resistance, AT increases TTP by 34 and 45% when manifested
in the growth rate and carrying capacity, respectively. Drug
holidays during AT lead to disruptions in the strategy dynamics
of the resistant cells, increasing the time it takes for them
to reach levels of resistance that result in disease progression.
We further analyze how therapy influences the frequency of
sensitive and resistant cells within the tumor in Figure 3. Here
we observe the dynamics of each subpopulation and the total
population of cancer cells with MTD (top row) and AT (bottom
row). There is no decrease in the resistant subpopulation when
therapy is not applied, but a drug holiday through adaptive
scheduling decreases the speed of its growth. When therapy is
applied continuously there is no opportunity for the sensitive
subpopulation to regrow and maintain a tumor composition
that is majority drug sensitive. We note that eventually, also
with AT, the resistant subpopulation outcompetes the sensitive
one and the disease progresses. Furthermore, we explore a
parameterization that allows us to compare AT to MTD for a
monomorphic and polymorphic population (Figure A2). The
dynamics are similar to Figure 2, AT remains advantageous for
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FIGURE 1 | The presence of a resistance cost can improve the short-lived therapeutic success of MTD treatment. Drug administration is shown at the top of each

plot in gray. Population dynamics (left) and the evolutionary dynamics (right) are shown in the absence of a resistance cost (black solid line), and when the cost is

manifested in the intrinsic growth rate (blue dashed) and carrying capacity (green dot dashed line) for a polymorphic (top) and monomorphic (bottom) tumor cell

population. The strategy in the polymorphic context is that of the resistant population of cells. Red stars indicate progression defined as x ≥7,000. When a cost of

resistance is imposed on carrying capacity there is a greater extension in TTP. The parameters used in these figures are: m = 1, Kmax = 10, 000, rmax = 0.45, k = 2,

b = 10, d = 0.01, g = 0.1, σ = 0.1.

both contexts. The TTP for all cases is increased significantly due
to a reduction in the cost of resistance (g = 0.01) and benefit of
resistance (b = 1).

5.3. Faster Speeds of Evolution Reduce the
Improvement in TTP Provided by AT
Evolutionary speed σ contributes to the effectiveness of
AT. At faster speeds of evolution, tumor regrowth occurs
quicker, decreasing TTP (Figure A3). The impact of increasing
evolutionary speed on TTP for MTD and AT in a polymorphic
population is shown in Figure 4. At very slow speeds of evolution,
we see significantly longer TTPs for all contexts of resistance,
both for MTD and AT. We observe again that when the

resistance cost is manifested in carrying capacity of resistant
cells, TTP is longer, for both MTD and AT, than when resistance
cost is manifested in intrinsic population growth rate or when

there is no cost. When σ > 0.01 the relative TTP for each

treatment strategy decreases dramatically. Nonetheless, under all
evolutionary speeds and resistance cost scenarios, AT remains

superior to MTD via lengthening TTP (Figure 4).

In absolute terms (TTPAT − TTPMTD) this benefit

declines as evolutionary speed increases, while proportionally
((TTPAT − TTPMTD)/TTPMTD), the benefit of AT increases with

evolutionary speed (Figure 5).
Relative to MTD, AT will extend TTP by a greater proportion

at faster evolutionary speeds due to the already short-lived
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FIGURE 2 | AT is superior to MTD independent of the cost of resistance. Simulations of AT (solid line) and MTD (dashed line) for a polymorphic population are shown

in the absence of a resistance cost (black), and when the cost impacts the intrinsic growth rate (blue) and carrying capacity (green). Population dynamics (left) and

evolutionary dynamics (right) illustrate the advantage of AT compared to MTD. The protocol for AT is to withdraw the drug once the population density ≤ 3, 000 (50%

of the initial population size). Drug administration for AT is shown at the top of each plot in gray. TTP for each is illustrated by red stars. Only the strategy for the

resistant population is shown as the sensitive population has a fixed strategy (us = 0). Regardless of the cost of resistance, AT always corresponds to a longer TTP.

The parameters used in this figure are: m = 1,Kmax = 10, 000, rmax = 0.45, k = 2,b = 10, d = 0.01, g = 0.1, σ = 0.1.

therapeutic success of MTD at those greater speeds. AT does not
confer a proportionally large increase in TTP when TTP under
MTD is relatively long. Under this parameterization, AT relative
to MTD provides a greater proportional improvement in TTP
when a resistance cost is expressed in carrying capacity thanwhen

it is expressed in population growth rate or not at all. However,
when evolutionary speed is fast, this advantage is lost. Since the
original AT trial protocol was introduced, subsequent studies
suggest that withholding therapy sooner provides a greater
benefit. We explore this by removing treatment once the tumor
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FIGURE 3 | Changes in the frequency of sensitive (blue) and resistant (yellow) subpopulations in the polymorphic context during MTD (top) and AT (bottom). At the

top of each plot, drug administration is shown in gray. These dynamics are shown for three different models of costs of resistance: no cost, cost applied to the growth

rate (r cost), and cost applied to the carrying capacity (K cost). AT delays TTP (red star) by maintaining a tumor composition of mostly sensitive cells for a longer time

than MTD. The parameters used in this figure are: m = 1,Kmax = 10, 000, rmax = 0.45, k = 2,b = 10,d = 0.01, g = 0.1, σ = 0.1.

FIGURE 4 | TTP for MTD (black) and AT (blue) as a function of the evolutionary speed for a polymorphic tumor cell population. This is illustrated for each model of cost

of resistance (no cost, r cost, and K cost). At faster speeds of evolution, AT remains favorable but TTP decreases for both AT and MTD. Of the three models of cost of

resistance, the TTP for MTD and AT is shortest in the absence of a cost and greatest when the cost of resistance impacts the carrying capacity K. The parameters

used in this figure are: m = 1,Kmax = 10, 000, rmax = 0.45, k = 2,b = 10,d = 0.01,g = 0.1.

burden drops 20% of initial density (Figure 5B). This change in
protocol amplifies the results shown when using a 50% threshold.
The overall trends remain the same, the relative superiority of AT
is greater at faster speeds of evolution.

5.4. Improvement in TTP Provided by AT Is
Greater for a Polymorphic Population
As previously stated, the AT regimen cannot be applied to
a monomorphic population using the same parameterization.

This is due to an insufficient decrease in tumor burden during
continuous treatment (Figure 1). By reducing the benefit (b is

decreased from 10 to 1) and cost of resistance (g is decreased
from 0.1 to 0.01) we are able to achieve population dynamics

during MTD that satisfy our requirements for AT. In Figure 6,

we compare improvement in TTP when AT is applied to the

polymorphic and monomorphic contexts, and to different forms
of the cost of resistance. As before, having a cost of resistance
in carrying capacity produces a longer TTP than having no cost
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FIGURE 5 | Improvement in TTP (TTPAT − TTPMTD) and proportional improvement in TTP ((TTPAT − TTPMTD)/TTPMTD) as a function of evolutionary speed for a

polymorphic tumor cell population. (A) Therapy is withdrawn once the population density ≤ 3, 000 (50% of the initial population size) and re-administered once the

population ≥ 6, 000 (initial population size). (B) The threshold to remove therapy is reduced from 50% to 20%. Therapy is withdrawn once the population density

≤ 4, 800 (20% decrease from initial population size) and re-administered once the population ≥ 6, 000 (initial population size). The benefit of AT increases at faster

speeds of evolution. A reduction in the magnitude the tumor population decreases before therapy can be withdrawn makes AT more effective. The parameters used in

this figure are: m = 1,Kmax = 10, 000, rmax = 0.45, k = 2,b = 10,d = 0.01,g = 0.1.

or a cost in intrinsic population growth rate (Figure A4). Here
we observe a trend similar to Figure 5 in terms of improvement
in TTP for both population contexts, independent of the cost of
resistance. As evolutionary speed increases the improvement AT
provides decreases.

Our results show that there is a significant difference in
the improvement AT bestows based on tumor composition.
Improvement in TTP with AT is not as advantageous for
a monomorphic population as it is for a polymorphic
population. The proportional improvement of AT is minimal
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FIGURE 6 | The impact of evolutionary speed on the improvement in TTP for a monomorphic and polymorphic tumor cell population compared between different

models of cost of resistance. Compared to Figures 1–5, b is reduced from 10 to 1 and g is reduced from 0.1 to 0.01. Rapid evolution decreases the improvement in

TTP provided by AT independent of a resistance cost. Despite the decline, there remains a greater effectiveness of AT when the population is polymorphic. All

parameter values used in this figure are: m = 1,Kmax = 10, 000, rmax = 0.45, k = 2,b = 1,d = 0.01,g = 0.01.

when the population is monomorphic (Figure 7). At faster
speeds of evolution, the relative superiority of AT decreases
in this population. In contrast, there is a greater proportional
improvement in TTP under AT than under MTD when the
population is polymorphic than when it is monomorphic. The
proportional AT advantage is shown to correlate positively with
evolutionary speed. In the polymorphic case, the proportional
improvement in TTP under AT vs. under MTD is greatest
where TTP under MTD is short (Figure 5). The altered therapy
protocol (Figure 7B), again, shows that the overall results remain
the same. Notably, maintaining the tumor burden at a therapy
switching threshold of 20% its original size allows AT to be more
effective. Although rapid evolution is unfavorable in terms of
delaying TTP, AT is proportionally more successful when the
evolutionary speed is faster.

6. DISCUSSION

6.1. Main Outcomes
In this paper, we model how the speed of evolution of treatment-
induced resistance in cancer cells impacts the patient’s TTP
under two treatment regimens: (i) maximum tolerable dose
(MTD) and (ii) adaptive therapy (AT) following the Zhang
protocol, where MTD is discontinued when the tumor reaches
half of its initial volume and is re-administered only once the
tumor recovers (Zhang et al., 2017). We considered two eco-
evolutionary contexts. In the first, there is a monomorphic
population of cancer cells, with treatment-induced resistance
being a quantitative trait that evolves in accord with standard
models of quantitative genetics and adaptive dynamics. In
the second, the population of cancer cells is assumed to be
polymorphic with a strictly sensitive subpopulation that does not
evolve, and a resistant subpopulation of cancer cells that can
evolve increasing resistance as a quantitative trait.

There is an existing tradition of cancer models that treat
the evolving trait of the cancer cells as quantitative in ordinary
differential equation models (Orlando et al., 2012; Staňková
et al., 2019; Reed et al., 2020; Salvioli, 2020), partial differential
equation models (Lorenzi et al., 2016; Almeida et al., 2019)
and in agent-based models (Gallaher et al., 2018). There is also

a tradition of modeling resistance evolution by presupposing
pre-existing populations of therapy resistant and sensitive
populations (Sun et al., 2016; You et al., 2017; Zhang et al.,
2017; Cunningham et al., 2020; Strobl et al., 2020; Kim et al.,
2021; Viossat and Noble, 2021). In these models, resistance
is a qualitative trait and it does not exist on a continuum.
Our second model and eco-evolutionary context represents a
new approach to the resistance strategy. Like models with a
quantitative trait, we let the resistant population start with a
positive but low level of the resistance trait. This subpopulation
evolved its quantitative trait according to Darwinian dynamics.
Like models with qualitative traits we assumed a sensitive,
non-evolving subpopulation that had only some level of innate
resistance to the therapy. It remains an open empirical question
in all fields that involve managing evolving pests and resources
whether the population under management is (1) polymorphic
with sensitive and resistant subpopulations with fixed values for
their resistance traits, (2) monomorphic with a quantitative trait,
or (3) polymorphic with an evolving resistant population and
a fixed sensitive population. We suspect examples of all three
exist in nature, in disease management, and in pest management.
For the second and third eco-evolutionary contexts (where in
fact the first context mentioned is a special case of the third
one), we considered three different modeling forms for the cost
of resistance: (i) no cost of resistance, (ii) the cost of resistance
manifests as a decrease in the growth rate of cancer cells r, and
(iii) the cost of resistancemanifests as a decline in the cancer cells’
carrying capacity K.

Our first main observation concerns the eco-evolutionary
context with a monomorphic cancer population with a
continuous resistance trait. While AT outperforms MTD, it does
so only very slightly and only at slow evolutionary speeds. Above
a certain rate of evolution, the tumor burden never decreases to
half of its initial volume and as such, AT TTP coincides with that
of standard of care. This outcome is independent of whether or
not the cost of resistance is considered. TTP is slower with a cost
of resistance than without. In terms of the proportional increase
of the TTP when compared to the MTD regimen, AT with no
cost of resistance outperforms AT when the cost of resistance
acts on r (intrinsic growth rate) which outperforms AT when the
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FIGURE 7 | Comparison of proportional improvement in TTP as a function of evolutionary speed for a monomorphic and polymorphic tumor cell population. Three

models of resistance are compared: no cost of resistance, cost of resistance expressed in r, and cost of resistance expressed in K. (A) Therapy is withdrawn once the

population density ≤ 3, 000 (50% of the initial population size) and re-administered once the population ≥ 6, 000 (initial population size). (B) The threshold to remove

therapy is reduced thus from 50% to 20%. Therapy is withdrawn once the population density ≤ 4, 800 (20% decrease from initial population size) and re-administered

once the population ≥ 6, 000 (initial population size). The superiority of AT when the population is monomorphic is minimal and as evolutionary speed increases the

relative benefit of AT declines. A polymorphic population of cells allows for a greater effectiveness of AT. In this case, when the speed of evolution is quick AT provides

a greater proportional benefit. Withdrawing therapy at 20% opposed to 50% improves the proportional increase in the effectiveness of AT. The parameters used in this

figure are: m = 1,Kmax = 10, 000, rmax = 0.45, k = 2,b = 10,d = 0.01,g = 0.1.

cost of resistance impacts K (carrying capacity). The relatively
lackluster benefits of AT under a quantitative resistance strategy
has to do with the fitness gradients of the adaptive landscape.
The slope of the logistic term of the fitness function is either
a drag on evolving resistance when therapy is on or the force
that evolves greater sensitivity when therapy is off. This aspect

of the fitness gradient is always active. Not so for the effect of
therapy. The mortality term from therapy is active and decisive
in evolving resistance when therapy is on, but it becomes neutral,
not negative, when therapy is off. Thus, in general, therapy being
on propels the evolution of resistance more strongly than the
evolution of increased sensitivity when therapy is off. This finding
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parallels a potential frustration in the management of evolving
fisheries stocks, where selection for younger age and smaller size
at maturity (which ultimately reduce yield) imposed by harvest
is much faster and more intense than the reverse process where
natural selection for older age and larger size at maturity during
harvest moratoriums may restore a stock (Allendorf et al., 2008).

The second main observation concerns context with a
sensitive and a resistant subpopulation of cancer cells, where
resistance in the resistant subpopulation evolves. Here, AT
always outperforms the MTD protocol by large margins.
Regardless of AT or MTD therapies, time to treatment failure
(progression) declines as evolutionary speed increases. However
the proportional benefit of AT over MTD increases with high
evolutionary speeds. The model predicted a 5% improvement
with AT at a very low evolutionary speed and about a 55%
improvement with a very high evolutionary speed. This is again
independent of whether or not there is a cost of resistance.
The absolute TTP is for most model parameterization shortest
when there is no cost of resistance, followed by a cost of
resistance in r, and longest when the cost of resistance effects
K. Whether AT or MTD, TTP is fastest when there is no cost
of resistance and slowest when the cost of resistance effects K.
The greater effectiveness of AT over MTD with a polymorphic
population derives from two sources of evolution. First, the
resistant subpopulation of cancer cells evolves similarly to that
of a monomorphic population. Second, there is a change in
the frequency of the sensitive (non-evolving) and resistant
subpopulations with each cycle of switching therapy on and off.
This reservoir of sensitive cells already has the optimal resistance
strategy of uS = 0 when therapy stops, and therefore their
population rebounds faster than if one is waiting for the resistant
cells to evolve greater sensitivity. And when therapy resumes they
are least able to survive.

To summarize, in determining the superiority of AT over
MTD it matters most whether the cancer population is
monomorphic or polymorphic. While a slower evolutionary
speed renders both AT and MTD more effective, the relative
superiority of AT decreases with evolutionary speed in the
monomorphic population, and increases with evolutionary
speed in the polymorphic population. Overall, evolutionary
speed matters more in the context of the polymorphic cancer
population than the monomorphic one. Interestingly the impact
of the cost of resistance on the superiority of AT is not that large.
While having a cost of resistance increases TTP regardless of AT
and MTD, the superiority of AT over MTD is generally greatest
when there is no cost of resistance. This result was anticipated by
others who noted that AT can be effective relative to MTD even
when there is no cost of resistance (Strobl et al., 2021; Viossat and
Noble, 2021).

6.2. Relation of Our Models and Results to
Those Related to Managing/Controlling
Other Evolving Systems
Models analyzed within this paper are generic in the sense
that they can frame any situation where actions of a human
are aimed at controlling, containing, or preserving biological

systems evolving according to natural selection, such as fisheries
(Salvioli et al., 2021), pest systems (Brown and Staňková,
2017; Cunningham, 2019), or parasites systems (Hastings and
d’Alessandro, 2000; Bushman et al., 2018; Scott et al., 2018). In
such systems, the human player impacts the eco-evolutionary
response in the biological system under management, while the
biological system adapts to the human’s actions. The control
corresponding to the AT in cancer treatment can be considered as
the simplest form of evolutionary control of evolving biological
systems, where maximum exploitation/control is paused when
the population of the biological systems shrinks to half of its
initial size. Similarly as we discussed for our model, the impact
of evolution of resistance in other biological systems, such
as in bacteria and virus strains, will depend on the speed of
this evolution (Sandoval-Motta and Aldana, 2016). Our results
imply that when the biological system is monomorphic and the
evolutionary trait is quantitative, there is little difference between
an adaptive and continuous-mortality approach. However, when
the biological system is polymorphic, adaptive approaches may
be more effective at prolonging the evolution of resistance
to the source of mortality than is maintaining a constant
preservation/exploitation strategy all the time.

The applicability and desirability of this outcome for wild
populations depend on the objectives of management. In the
case of harvested (fished, hunted) populations, it seems unlikely
that continuous harvest (the MTD approach) could select for
a resistant population that “progresses” to immunity from the
mortality source and thus to high population density (like a
cancer cell population escaping therapy) before harvest simply
extirpates the population. In this case, an “AT” approach
with harvest moratoria simply allows ecological population
recovery with potentially minimal impact on the selective
landscape and population genetic variation. In the case of
selection inadvertently imposed by human activities (e.g., by
urbanization), rapid evolution and short “TTP” of imperiled
native plant and animal populations is desirable from a
conservation standpoint, and a continuous “MTD” context
is unavoidable given the persistent nature of the selective
agent (e.g., unrelenting land development, pollution in the
Anthropocene). The wild population context most informed by
our contrast of mono- and polymorphic cancer populations is
arguably that of pests and pathogens where, as with adaptive
cancer therapy, humanmanagers directly regulate the application
of the mortality source (biocidal agent) and a management goal
is learning to live with chronic, small, treatment-sensitive pest
populations (Wrubel and Gressel, 1994). While not feasible for
cancer as yet, the benefits of AT can be achieved in space as
is done in some agricultural applications, where the pesticide is
applied to some fraction of the field (e.g., 3/4) while a bit of field is
left untreated so as to maintain a sensitive population (Denholm
and Rowland, 1992; Weisz et al., 1996).

6.3. Other Evolutionary Approaches for
Managing Evolving Resources
In this article we considered a classical protocol for AT
introduced by Zhang et al. (2017). Other types of evolutionary
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therapy, i.e., therapy anticipating and steering evolution of
treatment-induced resistance, exist, many of which are inspired
by ecological literature. Such include double-bind, evolutionary
gambit, extinction therapies, therapies targeting aggregation
effects, or those aiming at tumor stabilization (Gatenby et al.,
2009a, 2019; Brown and Staňková, 2017; Cunningham et al.,
2020). A double-bind therapy works if in evolving resistance
to drug A the cancer cells become more susceptible to drug
B and vice-versa (Gatenby et al., 2009a; Basanta et al., 2012).
An evolutionary gambit, or Sucker’s gambit, involves applying a
treatment that, while promoting or not inhibiting tumor growth,
sets up an evolutionary trap by selecting for cancer cells more
susceptible to the planned therapy (Merlo et al., 2006; Basanta
and Anderson, 2013). While not yet tested, therapies may be able
to exploit aggregation effects. Much of the time, cancer cells, by
detoxifying a therapy or by providing protective groups, provide
a public good to each other. But, there is a flip side. If the
resistance strategy involves pumping the still toxic agent into the
interstitial fluid, then the cancer cells may engage in a game of
“hot potato”; each is under selection to escalate the number of
pumps or other membrane mechanisms for removing the toxin.
It becomes an evolutionary race that is driven by natural selection
but harmful to the entire population of cancer cells (Brown and
Staňková, 2016).

In extinction therapy, the idea is to use a first strike set
of drugs, radiation and/or surgery to render the remaining
cancer cell population fragmented and dispersed in what may be
undetectably small remnant populations. Rather than continuing
these therapies, one immediately switches to second strike
therapies aimed at “kicking the cancer while it’s down.” The
goal is to apply and then swiftly change up therapies before the
cancer cells can evolve resistance. The second strike therapies
may be older, out-of-favor drugs (Dinić et al., 2020) or part of
the broader pool of current therapy options. They just need to
be effective at continuing to drive the cancer cell populations
to smaller and smaller sizes, and ideally offer diverse modes
of action. The triple-drug overkill strategy used effectively for
HIV treatment anticipates this sort of first-strike—second-strike
therapies. Termed “pyramiding” (Palumbi, 2001), similar overkill
strategies are utilized in pesticide management programs. These
treatment strategies apply the maximum application possible, as
the intent is curative or the elimination of the pest. If the curative
intent is unrealistic, focusing on maintaining the disease/pest
burden at acceptable levels becomes a better strategy and should
involve less treatment (“minimum effective dose,” Cunningham,
2019).

Some of these evolutionary strategies have been successful
at managing other evolving biological systems other than
cancer. For example, Guiver et al. (2016) controlled pests
by cycling between different pest management strategies.
Acheson and Gardner (2014) successfully adopted evolutionary
harvesting of lobsters, by releasing the smallest and the
largest individuals. When targeting antibiotic resistance,
Kim et al. (2014), Yoshida et al. (2017), and Imamovic
and Sommer (2013) successfully slowed the evolution of
a resistant strain by cycling between certain combinations
of antibiotics.

It is important to note that an evolutionarily informed
management strategy must consider and constantly update the
eco-evolutionary state of the system under management. Hence,
management differs from metronomic cancer treatments where
predefined periods of treatment are punctuated by predefined
drug holidays (Cunningham et al., 2018). The failure of
metronomic regimens can be seen outside of the cancer domain.
For example, when targeting viruses, applying more frequent but
shorter predefined antibiotic courses favors the resistant strains
(Blanquart et al., 2018). The most advanced evolutionary therapy
optimizes treatment objectives with respect to the predefined
treatment goals, adopting the Stackelberg evolutionary game
theory approach (Staňková et al., 2019; Salvioli, 2020; Wölfl et al.,
2020; Salvioli et al., 2021). If successful, this approach leads to the
best possible evolutionary control.

6.4. Resistance as a Qualitative Trait
In our polymorphic model, the resistant subpopulation carries
a “hurdle” of evolvability, as it starts at initially low resistance
levels and may evolve to a high resistance rate. In that sense, a
limiting case of our polymorphic model is the situation where
the resistance trait evolves to the fitness maximum and resistance
becomes a qualitative trait. There are multiple cancer models
considering such a situation. For example, models of metastatic
castrate-resistant prostate cancer consider three different types of
cancer cells differing in their sensitivity to androgen deprivation
and abiraterone acetate (Cunningham et al., 2011, 2018, 2020;
You et al., 2017; Zhang et al., 2017). For these models, AT extends
patient TTP. Similarly, Strobl et al. (2021) and Viossat and
Noble (2021) demonstrated that AT extends TTP even without
a resistance cost.

6.5. Different Forms of Cost of Resistance
and Its Management
Typically, when a cost of resistance in cancer cells, pests,
viruses or bacteria is considered/studied, it is assumed that
resistance comes at a cost such as a decreased maximum
growth rate. Xu et al. (2014), Kam et al. (2015) and Gallaher
et al. (2018) showed that doxorubicin-resistant MCF-7/Dox
breast cancer cells replicate slower compared to their sensitive
counterparts. Almost a decade earlier, Andersson and Hughes
(2010) demonstrated cost of resistance in laboratory experiments
with different bacterial strains.

Salvioli (2020) considered how the cost of resistance decreases
carrying capacity of cancer cells, focusing on equilibrium
behavior instead of on the transient dynamics. Independently
whether the cost of resistance impacts growth rate or carrying
capacity of the evolving population, it becomes essential to
introduce a resistance management plan that defines how
resistance can be targeted (Staňková et al., 2019). Levy and
Marshall (2004) focused on managing microbial resistance.
They proposed tracking the frequency of resistant bacterial
strains among patients, isolating hospitalized individuals with
potentially dangerous resistant bacteria, and providing such
patients with new therapeutic approaches to specifically target
resistance. While the second suggestion may be difficult to follow
when targeting treatment-induced resistance in cancer, the first
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and third suggestions cannot be followed as usefully in the
treatment of cancer.

On the other hand, while in some cancers, cells may
mutate from being resistant to being sensitive, reversibility
of evolutionary traits is expected to be slow or non-existent
elsewhere, as already shown for antibiotics (Andersson
and Hughes, 2010), fish (Enberg et al., 2009), and pests
(Mallet, 1989).

6.6. Future Research
In this research, we established a modeling protocol and partially
answered the question “What is the best treatment choice based
on the speed of evolution of resistance in cancer cells?”, listed as
one the key questions of ecology and evolution of cancer (Dujon
et al., 2020). We also identified the importance of knowing
whether the resistance mechanism manifests as a quantitative
trait in a monomorphic population or as a resistant vs. sensitive
polymorphic population.

Here we focused on the impact of different modeling
assumptions on the time to progression of MTD when compared
to that of adaptive therapy with a pre-specified schedule.
However, future work can include optimizing the treatment
schedule for the models introduced here with respect to
prespecified criteria, as has been done in other works (Martin
et al., 1992; Carrére, 2017; Muros et al., 2017; Cunningham et al.,
2018, 2020; Almeida et al., 2019; Gluzman et al., 2020;Wölfl et al.,
2020).

Analysis of our modeling results are based on tumor burden.
In many clinical instances neoadjuvant therapy such as surgery is
applied to reduce tumor burden before or after drug exposure.
Changing the population density could ultimately impact the
better choice in therapeutic strategy. In an ideal situation,
neoadjuvant therapy would reduce the tumor burden to a size
such that the subsequent treatment is sufficient in removing all
cancer cells. Our model can be used to explore different initial
population sizes to analyze the consequences of neoadjuvant
therapy. Also, we can use our model to explore timing between
therapeutic strategies.

Our model can further be expanded to consider other tumor
constituents related to tumor growth and progression. For
example, the tumor microenvironment consists of fibroblasts,
endothelial cells, immune cells, and non-cellular components
that are not explicitly included in our model. Parameters in
the model encompass what these cells and factors contribute
to overall tumor dynamics. For example, cancer associated
fibroblasts (CAFs) and tumor associated macrophages (TAMs)
secrete proteins that promote angiogenesis and therefore could
be included in the carrying capacity as the abundance of resources
(blood vessels) place limits on tumor size. The parameters
used in this work were chosen for illustrative purposes. Future

research will focus on validating the model using patient
data and on tailoring the model to describe specific types of
cancer. Stochastic elements, such as mutation of cancer cells
into cells of different type, may be included in our model
as well. Moreover, future research on collectively evaluating
evolutionary speed, the contexts of resistance evolution, and
the role of costs of resistance, might profitably investigate how
alternative evolutionary therapies, such as those stabilizing the
tumor burden (Cunningham et al., 2020), double-bind therapies
(Gatenby et al., 2009a), or those motivated by theories of
extinction (Gatenby et al., 2019) compare to standard of care and
the AT analyzed in this paper.
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