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Despite the continuous deployment of new treatment strategies and agents over many
decades, most disseminated cancers remain fatal. Cancer cells, through their access to
the vast information of the human genome, have a remarkable capacity to deploy adaptive
strategies for even the most effective treatments. We note there are two critical steps in the
clinical manifestation of treatment resistance. The first, which is widely investigated, re-
quires molecular machinery necessary to eliminate the cytotoxic effect of the treatment.
However, the emergence of a resistant phenotype is not in itself clinically significant. That
is, resistant cells affect patient outcomes only when they succeed in the second step of
resistance by proliferating into a sufficiently large population to allow tumor progression
and treatment failure. Importantly, proliferation of the resistant phenotype is by no means
certain and, in fact, depends on complex Darwinian dynamics governed by the costs and
benefits of the resistance mechanisms in the context of the local environment and com-
peting populations. Attempts to target the molecular machinery of resistance have had little
clinical success largely because of the diversity within the human genome—therapeutic
interruption of one mechanism simply results in its replacement by an alternative. Here we
explore evolutionarily informed strategies (adaptive, double-bind, and extinction therapies)
for overcoming treatment resistance that seek to understand and exploit the critical evolu-
tionary dynamics that govern proliferation of the resistant phenotypes. In general, this
approach has demonstrated that, while emergence of resistance mechanisms in cancer
cells to every current therapy is inevitable, proliferation of the resistant phenotypes is not
and can be delayed and even prevented with sufficient understanding of the underlying
eco-evolutionary dynamics.

Metastatic cancer can be viewed as a specia-
tion event where one or several cells of

a multicellular organism (e.g., humans) pro-
liferate and become the unit of natural selec-
tion, essentially becoming a new protozoan.

Throughout this review, we use “ecological” to
refer to changes in the abundance, distribution,
and tumor ecosystem of the cancer cell popula-
tions (Maley et al. 2017). We use “evolutionary”
to refer to changes in the heritable traits of can-
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cer cell populations that can occur via genetic
mutations, epigenetic changes, chromosomal
rearrangements, gene duplication, aneuploidy,
etc. (Ganem et al. 2007; Sun et al. 2017; Pienta
et al. 2020).

For the cancer cells, the tumor represents
their ecosystem. Within a patient, the cancer
cells exhibit ecological dynamics defined as spa-
tial and temporal changes in the distribution
and abundance of the different cancer cell sub-
populations. Furthermore, the cancer cell line-
ages exhibit evolutionary dynamics defined as
changes in the heritable phenotypes of the sub-
populations. Evolutionary dynamics often occur
in response to natural selection, particularly re-
garding the evolution of therapy resistance.

The combined ecological and evolutionary
dynamics are remarkably robust to therapeutic
perturbations. In part, this is due to cellular di-
versity as spatial heterogeneity in the genotypic
and phenotypic properties of tumor cells inevi-
tably alter their response to applied treatments.
In part, this is due to variations in the tumor
environment, largely governed by variations in
blood flow, which can alter both the delivery of a
systemic agent and local concentrations of fac-
tors (e.g., oxygen) that may alter the efficacy of
the treating agent (Stylianopoulos et al. 2018).
Finally, in part, the response and resistance of
cancer cells is governed by their complex inter-
actions with adjacent host cells, which can pro-
vide local sanctuaries that permit tumor cells to
survive treatment that would ordinarily be le-
thal.

In the absence of the evolution of resistance,
most drugs and therapies would cure patients.
In the case of first-line therapies, this is because
the drugs have been designed specifically to
eliminate the predominant cancer cells within
the patient’s tumor(s). In that sense, most drugs
are ecologically successful. Given the current
traits of the cancer cells, the drugs either directly
kill cancer cells or prevent them from prolifer-
ating. In response, the cancer cell population
experiences a negative growth rate and the pa-
tient’s tumor burden declines as either a partial
or complete response to the therapy. But, essen-
tially, all drugs that have been developed prove
to be evolutionarily unsuccessful, particularly

for patients suffering fromthemetastatic disease.
The general mechanism for failure is simply that
the traits of cancer cells are not fixed. Rather,
because of heritable variation, cancer cells can
respond andadapt via evolution bynatural selec-
tion to novel hazards and opportunities. Thus,
through evolution, the patient’s cancer, even
with a rapidly declining population, can experi-
ence “evolutionary rescue” (Bell 2017), which
allows a small number of cells to survive and
then proliferate.

Evolutionary rescue and treatment failure
happens because (1) there is a small preexisting
population of resistant cancer cells that now
grow and fill the space left by the now dying
sensitive cells; (2) as the populations of sensitive
cancer cells are collapsing, there is both selection
for and time to produce mechanisms of resis-
tance (Murtaza et al. 2013); and (3) residual
populations of cancer cells may have been ex-
posed to sublethal concentrations of drug, al-
lowing them to gradually acclimate to the drug
resulting in evolution of a fully resistant pheno-
type (similar to the laboratory procedure for
developing resistant cancer cell lines by slowly
increasing drug doses over a matter of months)
(Rosa et al. 2014). As has been noted by others,
despite the realization that cancer drugs fail be-
cause of evolution, concepts from evolution by
natural selection are virtually absent (<1%) from
publications on cancer-treatment outcomes
(Nooter andHerweijer 1991; Aktipis et al. 2011).

In general, there are two approaches to in-
vestigating therapy resistance. The most com-
mon avenue of research focuses on identifying
the specificmolecularmechanisms of resistance.
This is perhaps best illustrated in the extensive
literature onmembrane extrusion pumps. P-gly-
coproteins (PgPs) (Bosch and Croop 1996), for
example, use ATP to actively remove cytotoxic
agents from the tumor cell cytoplasm and send
them back into the environment. This approach
has the advantage of identifying molecular
mechanisms that can be targeted and thus de-
feated. However, despite decades of research in
well-recognized adaptive mechanisms such as
the multidrug resistance (MDR) genes (Nooter
and Herweijer 1991), this approach has not led
to clinically significant therapy. In large part,
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this is the result of the remarkable diversity of
adaptive strategies available through the human
genome. Thus, successful therapeutic interven-
tion targeting one resistance mechanism simply
selects for a second available strategy (Yang et al.
2013). Such MDR is commonly seen in breast
cancer, among others, and can include resis-
tance to both chemotherapeutic agents and
immune therapies (Chen and Sikic 2012; Tang
et al. 2016; Kadkol et al. 2019). Using drugs in
combination or sequentially can prolong pro-
gression-free survival but does not seem to pre-
vent the evolution of fully resistant cancer cells.
In contrast, treatment of pediatric acute lym-
phocytic leukemia by sequencing of several
drugs consistently cures the cancer prior to com-
plete MDR. We will return to this treatment
strategy as an example of evolution-based ex-
tinction therapy (Gatenby et al. 2019, 2020;
Reed et al. 2020) below.

Importantly, however, we note that the ex-
pression of a resistance mechanism does not
ensure that the resistant population will rapidly
proliferate leading to tumor progression. Thus,
while the mechanisms of adaptation to the toxic
effects of therapy are molecular, the clinical rel-
evance of resistance is entirely dependent on
proliferation of resistant populations. The evo-
lution of resistance becomes the first step in
therapy failure. For clinically relevant failure,
the whole cancer population must recover eco-
logically as resistant cells replace sensitive ones,
or resistant cells expand from micrometastases.
The speed of relapse will be influenced by the
magnitude of the resistance cost to the cancer
cell, the effectiveness of the resistance mecha-
nism, and the favorability of their local environ-
ment and their competition with other cellular
populations (Enriquez-Navas et al. 2015, 2016).

Here we review treatment strategies that ex-
plicitly incorporate evolutionary principles to
limit proliferation of resistant and prolong
time to progression. Even when considered in-
curable, conventional cancer therapies still aim
for a therapy regimen that maximizes the rate
and magnitude of response. The goal is to kill as
many cancer cells as possible within the shortest
amount of time. Thus, cancer treatments are
typically administered at the maximum tolerat-

ed dose (MTD). Indeed, this principle is so uni-
versally accepted that the goal of phase 1 trials—
necessary for clinical translation of any cancer
drug—is explicitly determining the MTD,
which is then used in all subsequent investiga-
tions. While killing the maximum number of
tumor cells with the greatest possible drug
dose is intuitively appealing, we propose that it
is usually evolutionarily unwise. This reflects the
principle noted above. MTD applies the greatest
evolutionary force for resistance to emerge, and,
ecologically, it provides competitive release
(Newton and Ma 2019) for the resistant cancer
cells that no longer may be suppressed by the
sensitive cells that had previously prevailed in
the tumor. If the therapy regimen does not effect
a cure, then it simply speeds Darwinian dynam-
ics toward a resistant population that makes
disease progression inevitable. Without a para-
digm shift in the way we view cancer therapy,
evolution of therapy resistance shall remain a
leading cause of patient death.

The rationale and intuitive appeal ofMTD is
that it seems to offer the potential for cure if the
cancer population can be eradicated before re-
sistance evolves. If the patient is cured before
resistance can evolve, then it is an obvious suc-
cess. Furthermore, if rarely occurring or combi-
nations of mutations are required for the exist-
ing cancer cells to become resistant, then
reducing their population to the smallest level
possible may slow the rate at which the neces-
sary mutations arise. Random mutations asso-
ciated with resistance are more likely in a large
than a small population. Such logic can fail on
two counts. First, evolving partial resistancemay
precede the evolution of complete resistance.
This can happen when the resistance trait is
already encoded in the genome allowing up-reg-
ulation of receptors or membrane pumps (Sar-
torius and Krammer 2002; Shayan et al. 2017).
Or it can happen when the cancer cells use phe-
notypic plasticity to transition into a more resis-
tant state such as cancer stem cells, quiescent
cells, persister cells (Ramirez et al. 2016), or
poly-aneuploid cancer cells that permit some
to survive. These form the nucleus from which
more robust resistance mechanisms can then
evolve as also seen in bacteria and yeast (Benve-
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niste and Davies 1973). Second, there is growing
evidence that resistant phenotypes already exist
at low frequency within the pretreatment tumor.
Intrinsic resistance describes the innate resis-
tance of the cancer cells to therapy or the exis-
tence of a preexisting resistant subpopulation.
Acquired resistance refers to the emergence of
more resistant phenotypes as natural selection
exerts directional selection for increasingly re-
sistant phenotypes that were not preexisting
within the tumor (Sarmento-Ribeiro et al.
2019). The preexistence of resistant phenotypes
have been identified for checkpoint inhibitors
(Sarmento-Ribeiro et al. 2019), osimertinib (Ta-
niguchi et al. 2019), and BET inhibitors in co-
lorectal cancer (Ma et al. 2017).

As noted by prior authors (Enriquez-Navas
et al. 2015), cancer cells can achieve rapid evo-
lutionary changes by loss-of-function muta-
tions, gene duplications, and gain-of-function
by simply epigenetically accessing genes of the
entire human genome that otherwise would not
be expressed in cells of the particular tissue of
origin. This likely contributes to resistance even
after initial therapy has reduced the cancer pop-
ulation to a mere fraction of its pretreatment
size. For example, simply increasing RNA ex-
pression (Heim and Lage 2005) for proteins
conferring resistance can allow cancer cells to
acclimate to the therapy and begin the process
of evolving more robust resistance mechanisms.
PgP (Schneider et al. 1989; Fletcher et al. 2010;
Wind and Holen 2011) provides such an exam-
ple. PgP expression increases under stressful
conditions such as hypoxia and low Ph. And it
may provide cancer cells with a degree of phe-
notypic plasticity for responding to novel chem-
ical stressors including some chemotherapies.

Poly-aneuploid cancer cells (Amend et al.
2019) provide another example for why even
small cancer cell populations can evolve and
mount an ecological recovery. Their frequency
increases in response to stress including therapy.
Such cells up-regulate varied metabolic path-
ways relative to their more fragile diploid state,
and then they accelerate evolution toward resis-
tant forms. Remarkably, after surviving the
stressor, poly-aneuploid cells can resume a dip-
loid state that is now therapy-resistant (Amend

et al. 2019). Environmentally mediated drug re-
sistance (Lin et al. 2019) can act in concert to the
aforementioned pathways to resistance. The
cancer cells may find safety in pockets of normal
cells, or from the detoxifying activities of cancer-
associated fibroblasts (Li et al. 2015b).

CANCER THERAPY AND ECO-
EVOLUTIONARY DYNAMICS

Cancers are a disease of Darwinian dynamics
where natural selection favors cancer cell line-
ages that have phenotypes that maximize their
fitness (survival and proliferation rates) given
the circumstances. The circumstances represent
the ecology of the cancer cells within their tumor
environments. Hence the cancer cells and their
habitats represent an open, complex adaptive
system (Schwab and Pienta 1996). It is open
because the cancer cells rely entirely on nutri-
ents supplied by the host, and the cancer cells do
and must signal and communicate with the sur-
rounding normal cells including vasculature, fi-
broblasts, and various cells of the immune sys-
tem. The system is complex in that there are
multiple interacting components, in addition
to the cancer cells, that also exhibit nonlinear,
interacting dynamics (the normal cell types, for
instance). It is adaptive in that the cancers evolve
phenotypes that improve their fitness, and the
host as a variety of homeostatic feedbacks and
mechanisms that attempt to maintain and re-
store normal states and functions. In response
to perturbations of either the components or
their interactions, one can expect to see nonin-
tuitive, unexpected, and unintended conse-
quences (Levin 2003). Such will be the case for
cancer therapies that act to perturb the cancer
cells and their tumor ecosystem.

Traditional cancer therapies rely on an intu-
itively appealing premise. It is assumed that best
results emerge from applying therapies that aim
to kill the maximum number of cancer cells
without intolerably negative effects on the pa-
tient (Norton and Simon 1986; Rodrigues and
de Arruda Mancera 2013). Both drug develop-
ment and therapy seek to determine and then
administer the MTD. This leads to several ther-
apy regimens. One protocol achieves maximum
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cell death by administering regular doses of the
therapeutic agent at levels limited only by con-
cern for fatal toxicity. Such dosingmay be punc-
tuated by “drug holidays” where therapy is
reduced or stopped when adverse patient effects
reach unacceptable levels. In some cases, drug
holidays are preplanned leading to a “metro-
nomic” strategy (Gnoni et al. 2015). Such a strat-
egy can either administer lower doses of therapy
but more frequently or higher doses of therapy
but with temporary breaks. Metronomic regi-
mens try to reduce toxicity to the patient while
permitting a higher cumulative amount of ad-
ministered drug.

If cancer is evolutionarily dynamic and re-
sponsive to natural selection then conventional
assumptions about therapy have serious flaws
(Axtell and Arends 1990; Gatenby 2009; Gaten-
by et al. 2009b; Silva et al. 2012; Renton et al.
2014; Jansen et al. 2015; Kam et al. 2015). The
most desirable outcome of therapy is a complete
cure. When traditional therapies have a high
likelihood of killing all cancer cells then they
should be applied. Dead cancer cells do not
evolve. However, most metastatic cancers re-
main incurable and lethal under current prac-
tice. A therapy that aims to eradicate the cancer
is futile. In this case, a therapy that aims to con-
tain and control becomes the evolutionarily
sound course of action. Maximum dose therapy
may destroy the entire population of sensitive
cells, but in the process imposes intense selec-
tion for resistant phenotypes. The resistant phe-
notypes become highly adaptive and prolifera-
tive both because of their resistance to the
therapy and their release from competition
from the hitherto more successful sensitive can-
cer cells (Axtell and Arends 1990; Renton et al.
2014).

Pest andweedmanagement fromagriculture
provides an unlikely but welcome parallel prob-
lem (Oliveira et al. 2007; Neve et al. 2009). Like
cancer therapy, the norm for decades was to
apply pesticides at extremely high doses with
the goal of either eradicating or at the very least
achieving maximal immediate reductions of the
pest (witness DDT). Like therapy, applications
of biocides were limited by cost and by known
side effects for human health, water quality, and

the environment. Observations and field exper-
iments on resistance in agricultural pests date to
the early 1900s (Melander 1914). The diamond-
backmoth (Plutella xylostella) andColorado po-
tato beetle (Leptinotarsa decemlineata) are resis-
tant to all chemicals approved for their control
(Georghiou and Taylor 1986; Zolfaghari et al.
2019). The bollworm (Helicoverpa zea) has re-
cently demonstrated resistance to corn and cot-
ton that had been genetically modified to kill the
bollworm (Tabashnik et al. 2019).

In response, starting in 1968, it has been
informal and now formal policy within the
U.S. Department of Agriculture (USDA) to have
resistant management plans that anticipate,
measure, andmitigate the consequences of pests
evolving resistance. Practice now places a greater
emphasis on limiting the application of pesti-
cides to maintain sensitivity in the pest and
the long-term efficacy of the pesticide. The
goal is to prevent the emergence of pesticide
resistance while maintaining a low and accept-
able level of crop damage (Oliveira et al. 2007;
Neve et al. 2009).

Principles of Darwinian dynamics are also
incorporated into the management and control
of invasive species. For invasive species, the
USDA mandates the collection of time series
data to monitor the species’ ecological and evo-
lutionary dynamics. Invasive species are known
to evolve in response to their novel environment
(akin to cancer cells adapting and shaping their
microenvironments within the tumor) as well as
to evolve resistance to chemical and biological
control agents. Like the management of agricul-
tural pests and invasive species, cancer therapy
can use concepts and models of eco-evolution-
ary dynamics to develop resistance-manage-
ment plans that use drugs more sparingly and
judiciously (Cunningham 2019).

EVOLUTIONARILY INFORMED CANCER
THERAPY

A resistance-management plan must consider
the cancer cells’ strategies that confer resistance,
competition between resistant and sensitive
cancer cell populations, and the cost of resis-
tance. How easily and at what penalty do the
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cancer cells circumvent the therapy? Avoiding
death for any species is a strong selective force.
Hence, cancer therapies that kill cancer cells will
favor adaptive strategies of resistance among the
survivors. Furthermore, the size of the human
genome and its myriad of developmental pro-
grams whether epigenetically active or not likely
offers evolving cancer multiple adaptive path-
ways for avoiding death. HIV has only nine
protein-encoding genes (Li et al. 2015a). Fortu-
nately, the disease can be controlled by targeting
three or so of these genetically encoded path-
ways. Not so for cancer that may have access
to the approximately 20,000 protein coding
genes of the human genome. Thus, the set of
evolutionarily feasible strategies available to a
human cancer cell is likely orders of magnitude
greater than those available to HIV.

At later-stage cancers, maximum dose
therapy will not eliminate all cancer cells, and
recurrence via resistant cancer cells becomes in-
evitable. Under these circumstances, optimal
therapy requires slowing or containing the pro-
liferation of resistant populations. When treat-
ing to contain, two general principles emerge.
First, the ecological and evolutionary dynamics
of the resistant population can be controlled by
either changing the environment of the tumor
or indirectly by managing competing popula-
tions of sensitive cancer cells. Second, the phy-
sician can use foresight to anticipate and steer
the cancer, whereas the cancer cells cannot an-
ticipate the future and can only respond to cur-
rent (or past) actions of the physician. As the
leader in a leader–follower game, the physician
(leader) can constantly adjust the dosing and
mix of drugs to exploit the ecological and evo-
lutionary dynamics of the cancer cells (follow-
ers) (Stankova et al. 2018).

In nature, some antipredator adaptations
come at a high and persistent cost (constitutive
defenses). Porcupines or armadillos are bur-
dened by the extra weight of their unwieldy
quills and carapaces, respectively. In addition
to foraging more slowly, these forms of deter-
rence require a continual maintenance cost.
Other defenses can be facultative such as organ-
isms avoiding risky times and places or spending
a portion of time vigilant for predators (Brown

et al. 1999). The individual can modulate these
defenses over time, but they incur costs of lower
feeding efficiencies and missed opportunities to
occupy habitats or acquire resources. In these
cases, resistance to predators carries a cost.

Other antipredator adaptations are virtually
cost free. This is generally the case for camou-
flage coloration by insect prey attempting to
avoid bird predation. Peppered moths will
have some coloration and this coloration will
evolve to match the color of the tree trunks on
which they perch (e.g., industrial melanism
[Cook and Saccheri 2013]). The long-term evo-
lutionary effectiveness of a biological control
agent such as birds or a pesticide depends heavi-
ly on the cost of the prey’s antipredator strate-
gies. The more costly, the more effective the
control agent. This will be true for evolutionarily
informed approaches to cancer therapy.

Understanding the cost of resistance to can-
cer cells of their resistance strategies becomes
key to devising appropriate therapies. In avoid-
ing the immune system, the cost of camouflage
to a cancer cell by modifying surface proteins
may be costly or not—costly if these proteins
are vital to the cell in their current form—and
not if such proteins are rather superfluous or
maintain function even when tweaked. To avoid
chemical therapies, cancer cells can become re-
sistant by up-regulating molecular defense
mechanisms. These may include membrane
pumps, secretion of defensive compounds or
modifications to intracellular metabolic path-
ways or detoxification pathways. The expression,
maintenance, and utilization of these chemical
defenses costs the cell resources that otherwise
would contribute to proliferation or survivor-
ship in other forms than just avoiding therapy.
Furthermore, absent therapy, the maintenance
costs andmissed opportunity costs of these “an-
tipredator” adaptations will indubitably render
the resistant cells less competitive than sensitive
cells.

Up-regulating the membrane transporter
PgPmay conferMDR, and it may be an example
of a costly resistance strategy (Schneider et al.
1989; Fletcher et al. 2010; Wind and Holen
2011). As a membrane transporter, PgP elimi-
nates a variety of intracellular toxins and wastes
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including chemotherapies. The cancer cell can
reduce the effectiveness of many chemical drugs
by increasing the number and activity of these
transporters. But there are operating and main-
tenance costs to the cell. A membrane pump
uses two ATPs for every molecule transported
out of the cell (Szakács et al. 2014). In addition
to the cost of using the transporter, the material
used to maintain a high capacity is now unavail-
able for other cell functions or proliferation
(Choi andYu 2014). This cost of resistance likely
increases under resource limitation. Many such
cells vying for glucose, glutamine, or fatty acids
to fuel these pumps will depress the resources
available to each other. As evidence that up-reg-
ulating transporters is costly, cancer cells with
MDR only become common following chronic
exposure to the drugs, and the cell population
may revert to primarily sensitive cells upon re-
moval of the drugs (McDermott et al. 2014).
Evidence suggests that resistance costs also oc-
cur when themechanisms involve up-regulation
of receptors in response to hormone therapies or
rewiring of metabolic pathways in response to
targeted therapies (e.g., tyrosine kinase inhibi-
tors).

Both competition between sensitive and
resistant cancer cell types and the cost of resis-
tance can form the basis for evolutionarily in-
formed therapies (Gatenby 2009; Gatenby et al.
2009b).

An emerging yet untested formof evolution-
arily informed therapy is extinction therapy
where the additional therapeutic agents are se-
quenced in relatively quick succession. The goal
is to cure the patient while never using a drug
long enough to permit the evolution of resis-
tance. In theory, extinction therapy starts with
a first-strike therapy that leaves the tumor frag-
mented and the remaining cancer cell popula-
tions small and isolated. Prior to relapse and
near the nadir of the first-strike’s efficacy, sec-
ond-strike agents are applied in relatively quick
succession. These exploit the unique vulnerabil-
ities of small, isolated cancer populations and
prevent their recovery and increase the likeli-
hood that, one-by-one, these subpopulations
of cancer cells will go extinct (Gatenby and
Brown 2020; Gatenby et al. 2020).

EXPLOITING CANCER’S ECOLOGICAL AND
EVOLUTIONARY DYNAMICS

There are three crucial elements that make can-
cers and their treatment highly dynamic. First,
the distribution and abundance of cancer
clones. These can be viewed as coexisting cyto-
types, with perhaps distinctive niches (Lloyd
et al. 2016) that can change rapidly. Second,
through feedbacks between cancer cell activities,
the host and intratumoral properties, the tumor
ecosystem can rapidly change in size, character,
and spatial heterogeneity. Third, the heritable
traits of some or all the cancer cell types may
change directly in response to therapy or in re-
sponse to changes in the tumor environment.
The first two dynamics describe the ecological
dynamics of cancers and the tumor environ-
ment, and the third describes the evolutionary
dynamics of changing frequencies and heritable
phenotypes of the cancer cytotypes themselves.

Therapy acts on all three of these dynamics
in intended and unintended ways. The ecologi-
cal collapse of the whole tumor population is
generally the intended and most conspicuous
effect of initial treatment. Less conspicuous
but in some ways more importantly, the envi-
ronment of most surviving cancer cells will have
been highly disrupted. The surviving cells will
not be a random sample of the original popula-
tion, and the places where they survive will be a
biased subset of the original tumor microenvi-
ronments. With progression, the tumor burden
has recovered ecologically. But, at this point of
second-line therapies, the composition of can-
cer cell types, their phenotypes, and their micro-
environments will be quite different from what
they had been. The persistent or recurrent can-
cer cells will possess new phenotypic and geno-
typic profiles.

Cancer therapy becomes somewhat analo-
gous to predator–prey coevolution. The deer
flees (cancer cells) and thewolf pursues (therapy
[Bakker 1983]). In nature, the reciprocal re-
sponses of prey to predator and vice versa are
dynamic, and so cancer therapy must be. Dy-
namic treatment strategies should anticipate
and stay ahead of the intratumoral evolution.
This will require frequent measures of proven
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biomarkers that ideally provide information on
both the ecological and evolutionary state of the
cancer (Fischer et al. 2015). The patient may not
be cured of cancer but can now live with the
cancer. In addition to keeping the patient alive,
the objective must include quality and longevity
of life, cumulative dosing of therapies (radiation,
chemo-agents, and/or immunotherapy), and
the patient’s sense of well-being both during
and in the absence of therapy.

Adaptive Therapy

One such approach is adaptive therapy (AT)
(Gatenby 2009; Gatenby et al. 2009b). The phi-
losophy behind AT has similarities to integrated
pest management where the goal in applying
biocides to agricultural pests is not to kill them
all, but rather to maintain an acceptable and low
level of crop damage while ensuring the long-
term evolutionary efficacy of the pesticides. In a
similar manner, by considering the next evolu-
tionary moves of the cancer cell populations, we
should be able to enhance andmaintain the lon-
gevity and efficacy of existing anticancer drugs.
Such an approach will differ from conventional
chemotherapy strategies. The aim of AT is to
maximize progression-free survival. While de-

sirable, the principle aim of AT is not a reduc-
tion in cancer burden. Furthermore, AT should
maintain a nonlethal and non-lifestyle-com-
promising tumor burden by administering a
minimum of drug that is well below the MTD.
Finally, drugs and dosing schedules should be
constantly adjusted to the current state of the
tumor and its cancer cells. In this way, the ther-
apy regimen is constantly changing and updated
to steer and exploit the cancer’s evolutionary
dynamics. Thus, a dynamically active and ac-
ceptable tumor burden can be maintained.

To be successful, AT must identify and ex-
ploit the molecular and phenotypic costs of re-
sistance. For the cancer cells, resistance comes
with a cost. Within the ecological context of the
tumor, cancer phenotypes evolve in accordance
with adaptive landscapes that describe fitness as
a function of a cancer cell’s phenotype. The fit-
ness to a cancer cell of possessing a particular
trait, including level of resistance, will depend
on itsmicroenvironment, presence or absence of
therapy, and the densities and frequencies of the
different cell types present in the cancer popu-
lation. With a cost of resistance, the relative fit-
ness of sensitive and resistant cells to each other
will depend upon whether therapy is active or
withdrawn (Fig. 1). The success of a cancer cell
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Figure 1. To mimic growth dynamics of resistant and sensitive cell populations, labeled MCF7 (sensitive) and
MCF7/Dox (resistant) cells were cocultured in the absence of doxorubicin with physiological levels of glucose.
The phenotypic cost of resistance decreased fitness of the resistant cells and allowed the sensitive population to
proliferate at the expense of the resistant phenotype.
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depends upon its ability to compete successfully
with other cancer cells within the context of the
presence or absence of therapy. AT uses therapy
to suppress the sensitive cells and then with-
draws therapy to let the competitively superior
sensitive cells (in the absence of therapy) be the
“therapy” for suppressing the resistant cells
(Fig. 2). The key is to cycle therapy off before
the sensitive tumor cells have been driven to
extinction or so severely suppressed that they
cannot exert any control over the resistant
ones. The therapy is cycled on and off in a man-
ner that seesaws the competitive balance back
and forth between the two cell types. In the ab-
sence of therapy, as the sensitive cancer cells
recover at the expense of the resistant ones,
drugs can again be used to knock them down.
The cycle is complete. Thus, tumor volume is
controlled or steadily decreased through the re-
peated use of small doses of drugs based on the
dynamic state of the tumor and its subpopula-

tions of cancer cell types. The goal is to admin-
ister a much less than maximum dose while
shrinking or maintaining at an acceptable level
the overall tumor burden and total population
size of cancer cells.

The advantage ofATovercontinuous therapy
depends on the cost of resistance, the competitive
interaction between sensitive and resistant cancer
cells, and rates of cell turnover (Strobl et al. 2020).
Even without a cost of resistance, simply having
competition between cell types can render AT
superior to continuous therapy, but therapy fail-
ure becomes inevitable. The success of AT in-
creases with the rate of cell turnover and the
cost of resistance. AT can be expected to be
most superior to maximum dose if three condi-
tions are met. First, the therapy is highly effective
against sensitive cancer cells. Second, sensitive
cells outcompete resistant cells in the absence of
therapy. Third, sensitive cells in the absence of
therapy can proliferate faster than resistant cells

Sensitive

Sensitive cell

Resistant cell

Treatment Treatment

Repeat
treatment

Repeat
treatment

density
treatment

Maximum dose

Figure 2. (Top row) Conventional high-dose density therapy explicitly aims to eliminate all cancer cells that are
sensitive to therapy. However, this maximally selects for resistant phenotypes and eliminates competitors per-
mitting rapid progression—an evolutionary dynamic termed “competitive release.” (Bottom row) Adaptive
therapy explicitly aims to maintain a small population of cells that are sensitive to treatment. While the resistant
cells survive, the metabolic cost of the molecular machinery of resistance (Fig. 1) renders them less fit in the
absence of therapy. Thus, when therapy is withdrawn, the tumor will regrow, but the fitness advantage of
the sensitive cells allows them to proliferate at the expense of the resistant population. At the end of each cycle,
the tumor remains sensitive to therapy.
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can in the presence of therapy. This leads to either
persistent or declining cycles of total tumor bur-
den. Initial therapy rapidly drops the population
size of sensitive cells. This results in the evolution
and increase of resistant populations of cancer
cells. Therapy is then stopped prior to the resis-
tant cells completely replacing the sensitive cells.
At this point, the resistant cells by virtue of their
faster proliferation rates and greater competitive
ability will both increase and suppress the resis-
tant cells. Prior to the sensitive cells returning to
threatening population sizes, therapy must be re-
sumed. This sequence represents a complete cy-
cle. Such cycling works because the therapy can
decisively crash the sensitive cells, and the recov-
ery of the sensitive cells provide the therapy for
the resistant cells. In practice, effective AT will
require tailoring the therapy protocol to the na-
ture of the interventions, the characteristics of the
particular cancer, the nature and cost of resis-
tance, useful metrics of tumor burden and com-
position, and an associated mathematical model
to integrate tumor metrics to determine and
manage optimal timing of therapy dosing.

Models based in catastrophe theory demon-
strate why traditional therapies often fail and
why evolutionarily informed therapies such as
AT can increase progression-free survival or
even increase the likelihood of cure (Gatenby
and Frieden 2008a). Traditional therapies gen-
erally do not anticipate how residual disease will
survive. A fixed MTD therapy is most likely to
succeed in eliminating all cancer cells when the
tumor is small, when there are no disseminated
tumors, and when both the cancer cell pheno-
types and their tumor ecosystem are homoge-
neous. An example can be seen in catastrophe
models with contagion effects—nearby entities
can expect to experience the same event. A tor-
nado or fire sweeping through an area creates a
tight spatial autocorrelation between the de-
struction of adjacent homes or trees, respective-
ly. Yet, a few houses (or trees) will remarkably
remain unscathed within an otherwise devastat-
ed landscape. These structures survive either be-
cause of quirks in the topography or because the
structure may be unusually stout. In larger, dis-
seminated, and/or heterogeneous tumors, ther-
apy cannot eliminate all cells. Some cancer cells

will survive due to the luck of residing in protec-
tive enclaves, and others will survive due to their
already possessing resistant phenotypes. Het-
erogeneity in tumor microenvironments en-
sures that drug exposures will vary widely within
the tumor. Heritable variation within a large
population of cancer cells insures that partially
orwholly resistant phenotypes already exist. Fol-
lowing therapy, one can expect to see the ines-
capable evolution and proliferation of resistant
cancer cells.

The feasibility of AT and the theoretical
model has proceeded in a stepwise fashion. In
vitro, a breast cancer cell line was shown to have
a high cost of resistance to the drug verapamil. A
computational model suggested how this could
be exploited to prolong progression-free sur-
vival (Silva et al. 2012). AT was then tested in
amouse model using two different breast cancer
cell lines (MDA-MB-231 and MCF-7). The
therapy of paclitaxel was either given continu-
ously, cycled on or off depending on the tumor’s
size, or stepped down or up gradually in re-
sponse to the tumor’s size. AT was superior to
continuous therapy, and the AT that cycled on
and off in response to the state of the tumor
worked best (Enriquez-Navas et al. 2016).

The response to AT appeared to have two
phases: The first phase was associated with the
initial application of therapy when the tumors
were growing exponentially. Full, standard-of-
care dosing seemed necessary to break the
growth curve and drive a reduction in tumor
size and cancer cell numbers. The second phase
was associated with maintaining the tumor vol-
umewithin acceptable bounds. Interestingly, the
amount of drug necessary to maintain stability
during this second phase diminished rapidly.
The computational models did not predict or
anticipate the need for lower and lower drug
concentrations.

Changes in vasculature within the tumor
during AT may explain the need for lower
drug concentrations. Over time, it appeared
that the tumor’s blood system equilibrated on
a more normal vascularity than the greatly dys-
regulated angiogenesis seen in the tumors of the
control and standard-of-care mice. This obser-
vation points to the need to model and appreci-
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ate all three dynamics: cancer cell population
size and evolution, tumor size and heterogene-
ity, and cancer cell–tumor ecosystem feedbacks.

DrugMimicry to Exploit theCost of Resistance

Operating transporters such as PgP pumps are
energetically costly to a cancer cell’s whose re-
sistance strategy is to pump the toxic agent out
of the cell. In defending against verapamil, per-
haps half of the cell’s ATP budget goes into bail-
ing out the drug. Targeting these pumps with
treatments that reduces their effectiveness has
been explored extensively but has not resulted
in any clinically effective strategies to prolong
treatment response.

In the intratumoral environment of limited
resources, this increased ATP demand requiring
diversion of substrate from other activities in-
cluding proliferation and invasion. Thus, an al-
ternative treatment strategy to blocking pump
function seeks to exhaust the cancer cell’s re-
sources by maximizing pump activity through
administration of nontoxic (or minimally toxic)
substrate (Kam et al. 2015). As discussed in En-
riquez-Navas et al. (2015) as “ersatzdroges”
(Kam et al. 2015), the idea is to provide an oth-
erwise harmless chemical agent that acts as a
mimic causing the resistant cancer cell to act
as if this agent must be pumped out just like
the actual drug. The cancer cells waste energy
and there is now selection for those cancer cells
that remain susceptible to the chemotherapy. In
verapamil-resistant breast cancer cells lines, the
application of drug mimics increased the cells’
metabolism, reduced proliferation rates and tu-
mor growth, and the rate of metastases in a
mouse model (Timcheva and Todorov 1996).

Drug mimicry may provide additional ben-
efits. Even as a given cell wastes energy it may be
compounding the problem for other cancer cells
in its immediate neighborhood. By using its
standard resistant mechanism such as the
MDR1 pump to continuously remove the drug
compound from its cytoplasm, the cancer cell
returns the drug to the interstitial fluids where it
may enter another cancer cell. Thus, the fake
drug may create a group sellout effect (Brown
et al. 2017) where a given cell expends energy to

solve its problem while passing the problem
onto another cancer cell.

The use of the ersatzdroges (Kam et al. 2015)
as chaff exploits ecological and evolutionary dy-
namics. The resistant cells waste energy bailing
the drug mimic. The cells become less compet-
itive relative to other cells with fewer pumps.
And evolution should now disfavor the mem-
brane pumps or select for fewer pumps thus
maintaining original drug efficacy. This repre-
sents a form of evolutionary therapy known as a
double-bind therapy (Maley et al. 2004a; Gaten-
by et al. 2009a; Basanta et al. 2012). A double-
bind therapy uses the cancer’s adaptive response
to one therapy (in this case, a cytotoxin) tomake
another more effective (forced bailing of the
fake drug) and vice versa.

Targeting the Cancer’s Adaptive Strategies

We advocate an evolutionarily informed ap-
proach to cancer therapy. Such an approach ap-
preciates and anticipates theways bywhich all or
some of the cancer cell lineages will evolve phe-
notypes that subvert therapy efficacy (Stankova
et al. 2018). Addwolves, and the elk will respond
resulting in a cascade of ecosystem conse-
quences (e.g., wolf reintroduction into Yellow-
stone National Park (Boyce 2018). Hence, the
application of evolution-based therapies will re-
quire forward thinking and explicit consider-
ations of temporal dynamics of cell numbers
(ecological dynamics) and cancer cell pheno-
types (evolutionary dynamics). It requires
anticipating and exploiting the longer-term eco-
logical and evolutionary dynamics as new phe-
notypic properties arise and increase among the
cancer cells. Thinking ahead may identify the
opportunities for double-bind therapies (Ga-
tenby et al. 2009a) or “sucker’s gambits” (Fig. 1;
Maley et al. 2004b). In the case of double-bind
therapy, the goal is to select a second-line ther-
apy that exploits the cancer cells’ resistance strat-
egy to the first line of therapy. Interestingly, such
a therapy has been used for treating bacterial
infections of the stomach caused by Heliobacter
pylori (Fuentes-Hernandez et al. 2015).

In cancer, an example of a double-bind ther-
apy happened perhaps by serendipity. In ren-

Evolution of Resistance in Cancer Therapy

Cite this article as Cold Spring Harb Perspect Med 2020;10:a040972 11

w
w

w
.p

er
sp

ec
ti

ve
si

n
m

ed
ic

in
e.

o
rg



dering an immunotherapy, the cancer cells may
evolve to be more susceptible to a chemothera-
py. In 29 patients with small-cell lung cancer,
Antonia et al. tested for the efficacy of a p53
vaccine (Antonia et al. 2006). The therapy
proved mostly ineffective. Only one patient
showed even a partial response. The patients
subsequently underwent chemotherapy. When
used as a first-line therapy, this drug results in a
response rate of <5%. However, as a second-line
therapy following the vaccine, the chemothera-
py produced an astonishing 67% response rate.

To be effective as a double-bind therapy, the
paired sets of drugs should be given sequentially
rather than together. Timing becomes critical, as
the goal is to apply the first drug to not only get
an ecological effect (reduced tumor burden) but
an evolutionary response toward resistance. By
delaying the second drug too long, tumor bur-
densmay recover; by applying it too soon, it may
be less effective from lack of any evolutionary
change to the first drug (West et al. 2020). Mod-
els suggest how the sequential cycling of the two
drugs can be used as an AT to prolong progres-
sion-free survival or to permanently control the
disease. In our clinical example, it is possible
that this evolutionary cycle could have been
completed by revaccinating the patients after
chemotherapy, which may have selected for in-
creased p53 expression.

Controlling Cancer’s Complex Dynamics

Most cancer therapies attempt to directly kill
cancer cells while sparing normal cells as
much as possible. Directly aiming to kill the
pest makes sense and should always be part of
a pest-management program. However, it does
directly promote resistance.What if it is possible
to modify the tumor environment instead? The
applications of antiangiogenic therapies provide
one such example. But targeting properties of
the cancer’s ecosystem must be done with suffi-
cient understanding of the ecological and evo-
lutionary properties of the cancer. With suffi-
cient knowledge of the cancer’s ecological and
evolutionary dynamics, it should be possible to
target environmental selection forces and steer
underlying evolutionary dynamics toward can-

cer phenotypes that are less proliferative or in-
vasive.

Cancers are open complex dynamical sys-
tems. Their complexity emerges from the large
and diverse number of interacting components
that likely exhibit nonlinear dynamics. The
components include the cancer cells (which
may be diverse in their phenotypes and subpop-
ulations), the wide range of normal cell types,
the nutrients supplied by the blood, and the
accumulation of metabolites through cell secre-
tions and cell death. All these components can
influence each other and change over time. The
system is “open” because cancer cells must in-
teract with the host (for instance, all cancer cells
derive their nutrients from the host).

Small perturbations within complex adap-
tive systems have the potential to become mag-
nified in terms of subsequent changes in both
the state and dynamics of the system.We should
be able to exploit this property. Modeling sug-
gests how cancer therapy can be framed as an
optimal control problem (Swan 1990; Matveev
and Savkin 2002), where the goal is to apply
therapies in a manner that engineers cure (e.g.,
extinction therapy) (Gatenby and Frieden
2008b; Sehl et al. 2011; Gatenby et al. 2019,
2020), generates permanent control (the cancer
becomes a livable chronic disease) (Orlando
et al. 2012), or greatly stalls the emergence of
lethal populations of completely resistant cancer
cells (Cunningham et al. 2018). The goal is to
achieve the best outcome with the least amount
of therapy or toxicity to the patient (Wang et al.
2012). Ideally, one has a sufficient level of un-
derstanding of the tumor ecosystem to know
when interventions will be most effective for
steering and perturbing the tumor environment.
What small yet decisive biological forces are
available? Perturbing pHmay prove useful. Can-
cer cells showhigher levels of glycolysis resulting
in the production of lactic acid. The acidic con-
ditions ofmost tumors select for cancer cells that
are motile and invasive. Manipulation of tumor
pH can reverse these Darwinian dynamics. In a
mousemodel, small increases (∼0.2 pHunits) in
tumor pH altered evolutionary dynamics (Ibra-
him-Hashim et al. 2017). Not only was cancer
therapy more effective at controlling the tumor,
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the cancer cells themselves evolved different
traits that rendered them less metastatic and
less proliferative (Ibrahim-Hashim et al. 2012).

Clinical Applications

The heritable variation, struggle for existence
(competitive interactions), and the influence of
heritable phenotypes on fitness lead to the evo-
lutionary and ecological dynamics characteristic
of natural selection. As first principles for cancer
therapy, they can and must be built into math-
ematical models of cancer’s complex dynamics
(Wang et al. 2012) in the presence and absence
of therapy. The models become an essential tool
for successfully understanding and managing
the cancer. To test, apply, and update suchmod-
els requires data of sufficient quality and of the
correct type.

Currently, the paucity of relevant and usable
data may be the greatest hindrance to evolution-
arily informed cancer therapy. Of course, gene-
expression and some other forms of molecular
data exist. Much of current oncology is based on
such big data. But absent from these molecular
data and current analyses are the levels of spatial
and temporal resolution required of evolution-
ary models. Purely molecular data may not fully
represent the cancer cells’ phenotypes that are
subjected to natural selection and represent the
actual means by which cancer cells become re-
sistant. The system is dynamic and so time series
data are best, but often challenging to obtain
based on cost, practicality, and patient health
and comfort. Blood draws, imaging (CT and
MRI), and biopsies, in that order, are increas-
ingly difficult to obtain frequently. The models
must be tailored toward the available data
(Gatenby et al. 2013), and the emerging models
should inform the type and frequency of data
collected from the patient, within the aforemen-
tioned constraints.

We suggest that the applications of evolu-
tionary concepts and therapies can allow us to
make quantum strides by simply changing our
use of existing therapies, patient and tumormet-
rics, and data analysis and modeling. Such re-
sults may be possible at a fraction of the cost of
novel drug discovery and development.

Preliminary data from the initial clinical trial
in abiraterone therapy for metastatic castrate-
sensitive prostate cancer was encouraging
(Zhang et al. 2017). This trial has achieved ac-
crual goals and outcomes are slightly better than
those reported in the preliminary analysis (un-
publ.). Other trials in castrate-sensitive prostate
cancer are underway. Reed et al. (2020) have
proposed that these dynamics are applicable to
treatment of metastatic pediatric sarcomas, and
a multi-institutional trial (NCT04343387) test-
ing this hypothesis is underway.

SUMMARY AND PROSPECTUS

As soon as the therapist begins treating a pa-
tient’s cancer, a kind of predator–prey game of
coevolution begins. If all cancer cells are not
killed, then the remaining populations will be-
gin to evolve resistance strategies. Furthermore,
these resistance strategies will evolve within the
complex dynamics of the tumor and its constit-
uent cancer and normal cells.

Current practice establishes fixed schedules
for administering the drugs and their doses.
Therapy continues until some level of remission
is achieved or until the tumor progresses. While
therapists know that the drugs may induce a
cascade of ecological and evolutionary dynam-
ics, such dynamics are not necessarily measured
nor used to modify therapy with the aim of con-
trolling these eco-evolutionary dynamics. A
therapy that achieves a large precipitous drop
in tumor burden (perhaps as a partial or com-
plete response) and a lengthy period of remis-
sion prior to progression can seem sensible. Yet,
it is during the period of remission not at the
point of progression that the game has been
forfeited. Progression is the ecological manifes-
tation of the evolutionary emergence of resis-
tance that happened much earlier. Permitting
resistant populations to triumph portends dis-
aster for the patient even as results seem mo-
mentarily promising.

With this in mind, we advocate evolution-
based therapy (Fig. 3). The therapy regimen it-
self should be as responsive and flexible as the
cancer populations under treatment. In AT, for
example, therapy might be withdrawn or
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switched to a new strategy based on some
observable tumor response. Realizing that evo-
lutionary failure precedes the ecological conse-
quences of rising tumor burden, therapies
should be cycled on and off (AT) (Gatenby
et al. 2009b; Silva et al. 2012; Kam et al. 2015),
switched (double-bind therapy), or sequenced
as first and second strikes (extinction therapy).

To apply evolutionarily informed therapies,
physicians will need continuous or repeated
measures of how the tumor and the constituent
cancer cells are changing over time and space.
Regular measurements of serum markers and
clinical imaging provide some of the best time
series of tumor dynamics. There is a need to
convert clinical data into a dynamical under-
standing of the impact of therapy on the tumor
ecosystem and the distribution, abundance, and
phenotypes of the resident cancer cells. The
analysis and understanding of diverse sources
of time series data invite patient-specific com-
putational models.

That this can be done is now evidenced by a
successful AT trial of metastatic castrate-resistant
prostate cancer (Zhang et al. 2017, 2019) that has
inspired an ongoing trial with castrate-sensitive
metastatic prostate cancer. A multi-institutional
clinical trial on metastatic, fusion-positive rhab-
domyosarcoma has just begun. It emerged from a
combination of mathematical modeling, assess-
ments of clinical outcomes, and a national meet-
ing of pediatric oncologists (Reed et al. 2020). An
evolutionary tumor board (ETB)was recently ap-
proved as a clinical trial at the Moffitt Cancer
Center. Physicians can present patients who
have run out of therapeutic options to the ETB,
which includes evolutionary biologists, mathe-
matical oncologists, clinical trial coordinators,
cancer biologists, and physicians. A team than
analyzes the unique patient’s data as well as his-
torical outcomes data. The team then offers evo-
lution-based treatment options. The physician is
then free to consider the options and institute
treatment felt to be optimal based on his/her clin-

Targeted therapy Chemotherapy

Molecular, cellular,
and imaging
diagnostics

Immunotherapy

Eco-evolutionary
principles

Outcomes

Figure 3.Current “personalizedmedicine” paradigms almost exclusively focus on defining predictive biomarkers
that can identify effective treatments. This approach, however, fails to recognize that even highly effective
therapies are almost always defeated by evolution of resistance. Here, we propose that “precision medicine” in
cancer care requires both identification of optimal treatment modality and understanding of the Darwinian
dynamics that govern response and resistance to therapy and, thus, ultimate patient outcome.
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ical judgment and consultation with the patient.
The ETB is formed within a clinical trial
(NCT04343365) so that every patient is followed,
and his/her clinical course compared to themod-
el predictions allowing an “n-of-1” trial.
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