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A B S T R A C T 

Background and Objectives:  Cancer biomarkers provide information on the characteristics and extent 

of cancer progression and help inform clinical decision-making. However, they can also play functional 

roles in oncogenesis, from enabling metastases and inducing angiogenesis to promoting resistance to 

chemotherapy. The resulting evolution could bias estimates of cancer progression and lead to subopti-

mal treatment decisions.

Methodology:  We create an evolutionary game theoretic model of cell–cell competition among cancer 

cells with different levels of biomarker production. We design and simulate therapies on top of this 

pre-existing game and examine population and biomarker dynamics.

Results:  Using total biomarker as a proxy for population size generally underestimates chemotherapy 

efficacy and overestimates targeted therapy efficacy. If biomarker production promotes resistance and a 

targeted therapy against the biomarker exists, this dynamic can be used to set an evolutionary trap. After 

chemotherapy selects for a high biomarker-producing cancer cell population, targeted therapy could be 

highly effective for cancer extinction. Rather than using the most effective therapy given the cancer’s 

current biomarker level and population size, it is more effective to ‘overshoot’ and utilize an evolutionary 

trap when the aim is extinction. Increasing cell–cell competition, as influenced by biomarker levels, can 

help prime and set these traps. 

Conclusion and Implications:  Evolution of functional biomarkers amplify the limitations of using total 

biomarker levels as a measure of tumor size when designing therapeutic protocols. Evolutionarily enlight-

ened therapeutic strategies may be highly effective, assuming a targeted therapy against the biomarker 

is available.
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LAY SUMMARY Biomarkers are used to guide clinical decision making, but often have functional roles. The use of functional biomarkers 

can lead to inaccurate predictions of therapeutic efficacy. If appropriate drugs are available, the functionality of biomarkers can be taken 

advantage of through carefully crafted evolutionary traps aimed at cancer extinction.

Keywords: evolutionary trap; evolutionary game theory; biomarker, cell–cell competition; chemotherapy; targeted therapy; adaptive 

therapy

1  INTRODUCTION

The use of biomarkers to guide clinical decision making is ubiq-
uitous in cancer. Defined as ‘any substance, structure, or process 
that can be measured in the body or its products and influence or 
predict the incidence of outcome or disease’ [1], biomarkers serve 
as quantitative tools for diagnosis, evaluation of response to 
treatment, and monitoring of disease progression [2]. Many bio-
markers can be detected in blood circulation: circulating tumor 
cells, circulating tumor DNA/RNA (ctDNA/ctRNA), miRNA, exo-
somes [3, 4], and bodily secretions like ORM1 [5], calprotectin 
and M2 pyruvate kinase [6]). Others, such as BI-RADS, RECIST, 
iAUGC and ADC [7, 8], can only be assessed with solid biopsy or 
specialized imaging.

In cancer, we expect biomarkers to be produced dispro-
portionately by cancer cells, making the measured biomarker 
concentration proportional to the product of the average pro-
duction per cell and the total number of cells. It is well known 
that variation among people in the average biomarker pro-
duction per cell can be large enough to render biomarkers 
unreliable as predictors of disease status [1, 9]. However, evo-
lution of biomarker production within a patient, has scarcely 
been investigated. A recent study proposes using biomarkers 
obtained from blood-based liquid biopsies and circulating 
leukocytes to glean insight into spatial and temporal hetero-
geneity in biomarker production [4]. However, although these 
methods may be able to capture heterogeneity between pri-
mary and metastatic tumors within the patient, they cannot 
capture variance within a single tumor due to the circulatory, 
non-local nature of the collected specimens. In addition to 
making biomarkers more difficult to interpret, this variance 
provides the raw materials for evolution.

Biomarkers are useful clinical tools when they provide infor-
mation on the state of the underlying disease. But cancer cells 
do not produce biomarkers for our convenience. Instead, many 
biomarkers have important functional roles in cancer cells [10], 
such as influencing proliferation and cell cycle (Let-7 miRNAs 
[11–13] and miR-15/16 [14]), apoptosis (Let-7 miRNAs [15] and 
miR-15/16 [16, 17]), motility and metastasis (CA-125 [18–22], 
miR-15/16/132 [23, 24], circulating tumor cells [25, 26] and 
PSA [27]), angiogenesis (PSA [27] and exosomal miR-21 [28]), 
and even chemotherapeutic resistance (CA-125 [29], miR-21 [30, 
31] and tumor-derived exosomes [32]). Due to these functional 
roles, variation in production rates generates an evolutionary 

game that indirectly shapes the course of therapy. Ignoring with-
in-tumor biomarker variance could distort our ability to assess 
the response of cancer cells to therapy and to choose the appro-
priate course of action.

In this article, we construct mathematical models to capture 
the ‘biomarker game’ among cancer cells. To these core models, 
we add two kinds of therapy: chemotherapy and targeted ther-
apy. We assume that production of biomarker increases a cancer 
cell’s resistance to chemotherapy [29] but makes it more suscep-
tible to the targeted therapy. This allows us to set an evolutionary 
trap for cancer cells: We administer one therapy to the initially 
heterogenous population. This selects for high biomarker-pro-
ducing cancer cells in the case of chemotherapy or low biomark-
er-producing cancer cells in the case of targeted therapy. We can 
then target these cells with the other therapy [33]. In addition 
to this simple evolutionary trap, we simulate adaptive therapies 
[34–38], examine population and biomarker dynamics within the 
tumor and assess whether these therapies function effectively 
in the face of the information distortion created by evolution of 
biomarker production. We demonstrate that increased cell–cell 
competition (as influenced by biomarker levels, e.g. due to the 
impacts of differences in motility and angiogenic capabilities on 
resource acquisition) generally increases therapeutic efficacy by 
leading to a lower population minimum. We find that cancer’s 
evolvability is a double-edged sword: a high evolvability can con-
tribute to evolutionary rescue but can also set the cancer up for 
potent evolutionary traps. Overall, the efficacy of these evolution-
ary trap strategies is robust to the evolvability of the cancer.

2  METHODOLOGY

To investigate how functional biomarkers influence cell–cell 
competition and response to therapy, we use a mathematical 
modeling approach [39–42]. Our models, grounded in evolution-
ary game theory [43–49], take into account the ecological (popu-
lation) and evolutionary (biomarker level) dynamics of a cancer 
cell population. The ecological component, which follows classic 
Lotka-Volterra competition equations [50, 51], tracks interacting 
populations of cells, where cell type i has population Ci and bio-
marker level vi:

dCi
dt

= r (vi) Ci

Ç
1−

∑
j a (vi, vj) Cj

K

å
− δ (vi) Ci

� (1)
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The carrying capacity, K, is the maximum community density, r 
represents the intrinsic growth rate, a(vi,vj) captures competition 
between cells (e.g. for nutrients or space), and δ is the natural 
death rate. We assume that the intrinsic growth rate r and the 
natural death rate δ are increasing functions that represent a pro-
liferation advantage and a biomarker production cost, respec-
tively. To capture improvement in cell–cell competition, such as 
through increased motility, we make the coefficients a(vi,vj) an 
increasing function of vj, scaled to a(vi,vi) = 1 for all vi. We use the 
following functional forms for growth, death and competition:

r (v) = r0

Å
v
v0

ãβr

δ (v) = δ0eβδ(v−v0)

a (vi, vj) =
amaxeβa(vi−vj)

amax + eβa(vi−vj) − 1� (2)

In a monomorphic population, the equilibrium population size is

C∗ (v) =
Å
1− δ (v)

r (v)

ã
K

� (3)

We assume this takes on a maximum at a positive finite baseline 
value of v = v0. The increasing competitiveness function a favors 
higher biomarker production. The evolutionarily stable strategy 
(ESS) [52–55] biomarker production will thus be higher than the 
group-optimum value that maximizes the cancer cell population 
[33, 56, 57].

We include two types of therapy, each assumed to increase the 
death rate of the cancer cells: (i) general chemotherapy where 
a higher v confers resistance, and (ii) targeted therapy where a 
higher v increases sensitivity (or, conversely, where a lower v con-
fers resistance). We describe chemotherapy with a decreasing 
effectiveness function EC(v) and targeted therapy with an increas-
ing effectiveness function ET(v):

EC (v) = ζCe−mC(v−v0)

ET (v) = ζT

Å
v
v0

ãmT

� (4)

The terms ζC and ζT control the intensity of chemotherapy and 
targeted therapy respectively, v0 serves as a baseline biomarker 
level, and mC and mT capture how biomarker levels impact che-
motherapy resistance and targeted therapy sensitivity, respec-
tively. As proposed in earlier work [58], these functional forms 

were created so that chemotherapy is somewhat effective over 
a large range of biomarker values, whereas targeted therapy is 
very effective for high biomarker values and not effective at low 
biomarker values.

The dynamics with therapy can then be modeled with the G 
function or adaptive dynamics framework [53, 59–62] as

dC
dt

= G (v, u, C) C� (5)

where G is the fitness generating function that captures the 
per-capita growth rate of a cell type with production rate v in 
an environment composed of cells with production rate u and 
population size C:

G (v, u, C) = r (v)
Å
1− a (v, u) C

K

ã
− δ (v)− EC (v) τC (t)− ET (v) τT (t)

� (6)

The functions τC(t) and τT(t) are indicators for chemotherapy 
and targeted therapy treatment timing, respectively, taking on 
the value 1 when treatment is on and 0 when it is off.

The evolutionary dynamics, given by Fisher’s fundamental the-
orem of natural selection [63–65], is derived as the product of 
heritable variation and the slope of the fitness gradient, or

dv
dt

= k
∂G
∂v

|v=u� (7)

where k is a measure of heritable variation (the evolvability of the 
trait) and ∂G∂v  is the selection gradient. Using Eq. 6, the selection 
gradient is

∂G (v, u, C)
∂v

|v=u =
dr
dv

Å
1− C

K

ã
− r (v)

∂a
∂v

|v=u
C
K
− dδ

dv
− dEC

dv
τC (t)−

dET
dv

τT (t)

� (8)

This gradient depends on the treatment environment. In this 
way, we can track the overall population size and mean marker 
level. We can find the ESS in any constant environment as the 
value of v where G(v,u,C) takes on its maximum in the first argu-
ment at v when v = u. By the ESS maximum principle [53], we find 
this by setting Eq. 6 and Eq. 8 to 0 and solving. For our parameter 
values, this always produces a maximum.

In addition to sequential therapy, we investigate two adaptive 
therapy protocols. The first is based on the total biomarker level, 
found as vC. When vC < T, chemotherapy is administered, and 
when vC > T, targeted therapy is given. The second adaptive 
therapy protocol is based on the mean marker level v. As before, 
when v < M chemotherapy is given, whereas if v > M, targeted 
therapy is administered. The baseline parameter values used 
in our simulations are given in Table 1. These parameter values 
were chosen to be biologically plausible, numerically convenient 
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for simulation purposes, and to clearly show differences between 
the different therapeutic regimes. Since we are using an ODE 
framework, true extinction as in stochastic or difference equa-
tions will be impossible. However, since we are concerned with 
comparing relative effectiveness of therapeutic strategies rather 
than absolute efficacy, we do not set a threshold population den-
sity for extinction.

3  RESULTS

3.1  Evolutionarily stable states

In the absence of therapy, we expect cells to evolve higher pro-
duction of biomarker than the baseline value v0 that maximizes 
equilibrium population size, due to the competitive advantage 
higher production provides. We call this value the ‘no-therapy 
ESS’. When chemotherapy is administered, cells will be favored 
to evolve an even higher level of biomarker production, as this 
confers resistance to the therapy. We call the resulting ESS the 
‘chemotherapy ESS’. Because targeted therapy is more effective 
for high biomarker-producing cells, we expect it to favor reduced 
biomarker-producing cells, with a ‘targeted ESS’ less than the 
no-therapy ESS. To confirm these hypotheses, we create pair-
wise-invasibility plots in Fig. 1. These plots illustrate the invasion 
success of rare mutants in a monomorphic resident population 
[66, 67].

As expected, the chemotherapy ESS is higher than the no ther-
apy ESS and the targeted therapy ESS is lower than baseline (Fig. 
1B). Intuitively, this implies that chemotherapy favors higher 

biomarker production, whereas targeted therapy factors lower 
production. Furthermore, note where the ESSs (dashed lines) 
occur relative to the equilibrium population size curves (Fig. 1B). 
The maximum of the equilibrium population size curves corre-
sponds to a group-optimum: the level of biomarker production 
that would maximize the cancer cell population size. However, 
evolution does not operate at the tumor level, but rather at the 
cellular level. Due to cell competition, an “evolutionary arms 
race” ensues, resulting in a tragedy of the commons [33, 56, 
68, 69], whereby cells increase their biomarker levels, attaining 
an individual fitness lower than what could be achieved under 
a team optimum. These findings allow us to set an evolutionary 
trap, with chemotherapy promoting high biomarker-producing 
cells and thereby increasing the effectiveness of subsequent tar-
geted therapy and vice versa [33].

3.2  Estimation of therapeutic efficacy

To further examine the effects of chemotherapy and targeted 
therapy on the dynamics of the population, we simulate a ther-
apeutic period of 16 weeks following no treatment for 8 weeks 
(pre-diagnosis) in Fig. 2. Although developing targeted therapies 
against some biomarkers has proven challenging [70], consider-
able success has been found for others [31, 71–73].

Before therapy is administered, the mean marker level 
increases because of cell-cell competition. This trend is par-
alleled in total marker levels. When chemotherapy (targeted 
therapy) is added, the population size decreases. The selec-
tion pressure induced by therapy promotes a rapid evolution 

Table 1.  Model parameters and values used in simulations

Parameter Interpretation Value 

K Carrying capacity 1
r0 Baseline growth rate 0.05
βr Growth benefit of biomarker production 1
v0 Baseline biomarker level 1
βδ Death cost of biomarker production 1
δ0 Baseline death rate 0.02
ζC Chemotherapy intensity 0.03
ζT Targeted therapy intensity 0.01
mC Chemotherapy resistance due to biomarker production 1
mT Targeted therapy sensitivity due to biomarker production 5
amax Competition coefficient 2
βa Competitive benefit of biomarker production 0.5
k Evolvability 0.01
T Total marker threshold Varies
M Mean marker threshold Varies
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of higher (lower) marker levels and evolutionary rescue ensues. 
The difference between total biomarker and population size 
dynamics reveals that evolution can alter biomarker production 
and degrade the value of total biomarker level as a proxy for 
the size of the tumor. If higher biomarker production increases 
resistance to chemotherapy, therapeutic efficacy will be under-
estimated; a physician may conclude that a tumor is progress-
ing despite it having a stable size. Conversely, because targeted 
therapy favors lower biomarker production, efficacy will be 

overestimated, potentially leading a physician to conclude that 
control has been achieved although the tumor has progressed.

To quantify these inaccuracies, we compare estimates of 
therapeutic efficacy if a physician can ascertain the population 
size of the tumor rather than using the total biomarker proxy. 
We compare the proportional change in the true population 
size with the change in total biomarker from the beginning 
to the end of therapy for chemotherapy and targeted therapy 
(Fig. 3).

Figure 1. Pairwise invasibility plots and equilibrium population size. In panel A, the horizontal axis represents the biomarker value of the resident type, and 

the vertical axis the biomarker value of the mutant type. The mutant invades in regions shaded in red and fails to invade in regions shaded in black. The yellow 

lines show the computed ESS, the resident strategy which no mutant can invade, taking on the values 1.48, 1.96 and 0.72 with no therapy, chemotherapy, and 

targeted therapy respectively. Panel B shows the equilibrium population size as a function of biomarker production, with the vertical dashed lines the ESS value 

in the three treatment conditions.

D
ow

nloaded from
 https://academ

ic.oup.com
/em

ph/article/11/1/264/7180362 by guest on 16 April 2026



Using competition to lure cancer cells into evolutionary traps Bukkuri and Adler  |  269

Chemotherapy efficacy is underestimated and targeted therapy 
efficacy is overestimated for nearly every parameter combination 
explored. Efficacy is relatively insensitive to the magnitude of 
competitive intensity and evolvability. Chemotherapy resistance 
and targeted therapy sensitivity due to biomarker production 
clearly impact efficacy. Low levels of mC lead to sharper drops 
in population size due to chemotherapy, a slower increase in 
biomarker production, and thereby a slower recovery and lower 
pre- to post-therapy ratios. Under low targeted therapy efficacy 
values, the selection pressure induced by competition exceeds 
that induced by therapy, leading to an increase in biomarker 
level even when the population is exposed to targeted therapy. 
This leads to an underestimation of efficacy for targeted therapy, 

providing the single exception to our observation. Higher levels 
of mT lead to more severe drops in population size but also more 
rapid evolution of lower biomarker levels and recovery in popula-
tion size. This leads to an overestimation of efficacy. Since we are 
only concerned with monotherapy here, targeted therapy sensi-
tivity does not impact chemotherapeutic efficacy and vice versa.

3.3  Sequential therapy

Since chemotherapy selects for high biomarker-producing 
cells and targeted therapy selects for low biomarker-producing 
cells, we hypothesize that an evolutionary trap or double-bind 
strategy [53, 74–76] in which chemotherapy followed by tar-
geted therapy (or vice versa) could be highly effective for cancer 
extinction. To implement this, we follow an 8-week period of no 
treatment (prior to diagnosis) with chemotherapy for 16 weeks 
and targeted therapy for 16 weeks (Fig. 4). Upon administration 
of chemotherapy, the population rapidly decreases in size, but 
evolution of higher biomarker levels provides partial evolutionary 
rescue. Due to resulting high biomarker levels, administration 
of targeted therapy nearly drives the population to extinction. If 
the cancer survives, selective pressure induces evolution toward 
lower biomarker levels and eventual recovery of the population 
to near pre-treatment levels.

3.4  Adaptive therapy

To capitalize on the tradeoff between resistance to chemotherapy 
and sensitivity to targeted therapy, we develop a version of adap-
tive therapy [35, 37, 38] in which therapeutic choices are based 
on observed marker levels in the population. We investigate two 
protocols: one based on total marker, and one based on mean 
marker level. When only total biomarker data is available (e.g. the 
level of CA-125 in blood), the first protocol is used: Therapy will 
be given once the total biomarker surpasses a threshold, vC > T 
(Fig. 5A–C). However, if mean biomarker levels are available (e.g. 
through single-cell sequencing that detects PSA levels per cell), 
then the second protocol is used: Therapy will be given once the 
mean marker exceeds some threshold, v > M (Fig. 5D–F). We 
assume that decisions regarding administration or removal of 
therapy occur solely at physician visits, here chosen as weekly for 
convenience, and therapeutic decisions and necessary changes 
can be made instantaneously. In reality, the frequency of physi-
cian visits is highly variable, depending on the type and stage 
of the cancer as well as more practical logistical constraints. 
Furthermore, there is often a delay between when a patient’s bio-
marker levels and measured and when a treatment decision is 
made. We predict that the optimal threshold should be based on 
the marker production rate per cell and set to the biomarker level 
where chemotherapy and targeted therapy are equally effective. 
If targeted therapy is administered when biomarker levels rise 

Figure 2. Effects of (A) chemotherapy and (B) targeted therapy on population 

size, mean marker, and total marker levels. the top panel captures the popu-

lation dynamics of the cancer cells, the middle panel shows the evolutionary 

dynamics of mean drug resistance, and the bottom panel shows the total 

biomarker in the population. Regions shaded in grey and red indicate peri-

ods of chemotherapy and targeted therapy. Green, black and yellow dashed 

lines correspond to the targeted therapy, no therapy and chemotherapy ESSs, 

respectively. Mean marker levels increase before therapy is administered. The 

population size (and thereby total marker) initially decreases when therapy 

is administered, the mean marker increases under chemotherapy, and the 

mean marker decreases under targeted therapy. Evolution of mean bio-

marker levels leads to an overestimation of targeted therapy efficacy and an 

underestimation of chemotherapy efficacy when total biomarker is used as a 

proxy for population size.

D
ow

nloaded from
 https://academ

ic.oup.com
/em

ph/article/11/1/264/7180362 by guest on 16 April 2026



Evolution, Medicine, and Public Health270  |  Bukkuri and Adler

above this threshold and chemotherapy is given when biomarker 
levels fall below the threshold, cells will always be maximally 
suppressed.

Panels A–C show adaptive therapy based on total biomarker 
levels and panels D–F show adaptive therapy based on mean 
biomarker levels. For both cases, when therapy switches near the 
chemotherapy-targeted therapy balance (the strategy at which 
both therapies are equally effective), more frequent switching 
occurs. As a result, tighter bounds on ecological and evolution-
ary dynamics are observed. Although these modest fluctuations 
and relatively stable dynamics may be beneficial for long-term 
control, it does not allow for an effective evolutionary trap.

When therapy switches further from the chemotherapy-tar-
geted therapy balance, therapies switch less frequently. This 
allows for more time to set an effective evolutionary trap and 
results in more drastic fluctuations in population size and 
biomarker production levels, leading to lower minima of the 
cancer cell population. To investigate this in more detail, we 
simulate adaptive therapy protocols for a range of total and 
mean marker thresholds and plot the minimum of the cancer 
cell population in Fig. 6. We restrict the range of thresholds 
to those that result in at least one therapeutic switch. This 

Figure 3. Impact of (A) competition intensity, (B) evolvability, (C) chemotherapy resistance and (D) targeted therapy sensitivity on total biomarker versus population 

size measures of therapeutic efficacy. For almost all parameter combinations, chemotherapy efficacy is underestimated and targeted therapy efficacy is overestimated.

Figure 4. Sequential therapy: the top panel captures the population dynamics 

of the cancer cells, the middle panel shows the evolutionary dynamics of 

mean marker levels and the bottom panel shows the total biomarker in the 

population. Regions shaded in grey and red indicate periods of chemother-

apy and targeted therapy. Green, black and yellow dashed lines correspond 

to the targeted therapy, no therapy and chemotherapy ESSs, respectively. The 

initial chemotherapy phase reduces the population considerably and selects 

for higher mean marker levels. This sets up the evolutionary trap: When tar-

geted therapy is administered, the population crashes. If it manages to avoid 

extinction, the population evolves low mean marker levels.
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range is larger when therapy is based on the mean marker 
than when therapy is based on total marker levels. For the 
former, this includes both chemotherapy-first protocols 

(chemotherapy sets up a targeted therapy sucker trap) and 
targeted therapy-first protocols (targeted therapy sets up a 
chemotherapy sucker trap). For the latter, this includes only 

Figure 5. Adaptive therapies based on total and mean marker for low (T = 0.4, M = 0.8), medium (T = 0.5, M = 1.2) and high (T = 0.6, M = 1.6) thresholds. 

Panels A–C represent adaptive therapy based on total marker, whereas panels D–F represent adaptive therapy based on mean marker. Panels A/D, B/E and C/F 

represent low, medium and high thresholds for switching therapies. The top, middle and bottom panels in each figure capture the population dynamics, mean 

biomarker levels and total biomarker levels in the population. Regions shaded in grey and red indicate periods of chemotherapy and targeted therapy. The yel-

low and cyan dashed lines correspond to the threshold used for switching therapy on and off and the biomarker strategy for which chemotherapy and targeted 

therapy are equally effective (the chemotherapy-targeted therapy balance). The most effective therapeutic strategies are not those frequently switch between tar-

geted and chemotherapy to use whichever is most effective at any given time. Instead, the most potent strategies result from using thresholds further away from 

the chemotherapy-targeted therapy balance. This gives enough time for an effective evolutionary trap to be set and drives the population closer to extinction.
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chemotherapy-first protocols. This difference is reflected in 
the shape of the curves in Fig. 6: Low and high mean marker 
thresholds correspond to effective evolutionary traps via tar-
geted therapy-first or chemotherapy-first protocols, respec-
tively, whereas levels closer to the chemotherapy-targeted 
therapy balance correspond to control strategies that are 
ineffective at extinction with frequent therapeutic switches 
and tighter ecological and evolutionary bounds. As we can 
see from Fig. 6B, the further the threshold is set from the che-
motherapy-targeted therapy balance, the lower the resulting 
population minimum. On the other hand, low total marker 
thresholds correspond to these ineffective extinction strate-
gies (left side of Fig. 6A), whereas high total marker thresh-
olds give enough time for effective traps to be set (right side 
of Fig. 6A). Contrary to our prediction, the most effective 
therapeutic strategies for extinction are not those that use 

the most effective therapy for the current situation but are 
those that use a currently suboptimal therapy to set up effec-
tive evolutionary traps for the future.

3.5  Parameter sensitivity

Several properties of the cancer and therapy can impact ther-
apeutic efficacy. In this section, we explore how the cancer’s 
evolvability (k), competitive benefit of biomarker production 
(βa) and therapeutic intensity (ζC and ζT) impact the mini-
mum cancer cell population size under sequential therapy 
(the evolutionary trap). For high (ζC = 0.12 and ζT = 0.04) 
and low (ζC = 0.03 and ζT = 0.01) intensities of therapy, we 
simulate ecoevolutionary dynamics using the same sequen-
tial therapy protocol as in Section 3.3 and plot the minima of 
the cancer population for a range of parameter values of βa 
and k (Fig. 7).

High competitive benefit of the biomarker generally pushes 
the population to a lower minimum than low competition 
because it promotes the evolution of higher biomarker lev-
els, setting a more effective evolutionary trap for the targeted 
therapy. Increasing competition among cells by modifying the 
microenvironmental landscape [33] could favor higher biomarker 
production that primes cells for the evolutionary trap. For very 
low levels of βa, an increase leads to higher minima as it allows 
the population to evolve higher biomarker levels to buffer the 
initial chemotherapy onslaught. This trend is more pronounced 
in the low intensity case than the high intensity case.

Evolvability, the rate at which the cancer generates herita-
ble variation (e.g. through mutation) and thus responds to 
natural selection, has a double-edged impact. Although can-
cers with higher evolvability may be lured more quickly into 
the evolutionary trap, they can also more rapidly evolve the 
resistance needed to escape. An increase in evolvability at low 
levels leads to lower minima as the more potent evolutionary 
trap faced by the more evolvable cancer outweighs the ben-
efits of slightly improved evolutionary rescue. However, as 
evolvability continues to increase, the tables turn: The bene-
fits of rapid evolutionary rescue overcome the downsides of 
effective evolutionary traps. These trends are more extreme 
in the high intensity case, where the selection pressure on 
cells is strong and evolutionary rescue is critical. Thus, for 
a given therapeutic dosage, there seems to be an optimal 
level of evolvability (e.g. minima of Fig. 7C and D) to min-
imize the nadir of the population based on this trade-off of 
evolutionary rescue and evolutionary trap efficacy. Generally, 
higher intensity therapies work relatively better for cancers 
with low evolvability, whereas low intensity therapies are rela-
tively more effective for cancers with higher evolvability (Fig. 
7C and D).

Figure 6. Adaptive therapy experiments: impacts of (A) total and (B) mean 

marker thresholds. Plotted on log scales. The cyan dashed line corresponds 

to the biomarker strategy for which chemotherapy and targeted therapy are 

equally effective (the chemotherapy-targeted therapy balance). Mean marker 

thresholds further away from the chemotherapy-targeted therapy balance 

result in lower minima of the population, by allowing for effective evolution-

ary traps to be set. Similarly, high total marker thresholds give enough time 

for the population to evolve itself into an evolutionary trap, thereby leading 

to lower population minima.
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4  DISCUSSION

Biomarkers are often used in medicine, and particularly in oncol-
ogy, to determine the status of underlying disease. However, the 
information that biomarkers provide may be corrupted by their 
functional roles in cells [58] and by their consequent evolution. 
We use mathematical models to investigate the consequences 
of this complexity, assuming that high biomarker production 
increases cancer cell growth, competitive ability and resistance 
to therapy at the cost of a higher death rate, and that we have 
a targeted therapy that attacks cells with high biomarker levels.

Our modeling study shows that using total biomarker as a 
measure of population size can lead to incorrect predictions of 
therapeutic efficacy. Namely, the efficacy of chemotherapy will 
be underestimated, and the efficacy of targeted therapy will be 
overestimated (Section 3.2, Figs 2 and 3). We hope that these 
results inspire physicians to consider the biases that may be 
introduced when solely using total biomarker as a benchmark 
for clinical decision-making. Nevertheless, we may be able to 

take advantage of functional biomarkers to control or even eradi-
cate cancer when chemotherapy and targeted therapy drugs that 
influence biomarker production are available. Indeed, functional 
biomarkers have recently been demonstrated to be viable tar-
gets for cancer therapy, e.g. CA-125 in ovarian cancer [77, 78]. 
Chemotherapy can be used to select high biomarker cells, which 
can then be attacked with targeted therapy. Targeted therapy then 
favors low biomarker cells that are once more susceptible to che-
motherapy (Section 3.3, Fig. 4). We show that these evolutionary 
traps are more effective at promoting cancer eradication than 
simply using the most effective therapy at a given moment, even 
when information about the cancer cell’s population and mean 
marker levels is available to the physician (Section 3.4, Figs 5 and 
6). These traps could be made more effective by promoting bio-
marker-influenced cell–cell competition. Although these strate-
gies are robust to the evolvability of the cancer, we show that 
low intensity therapies perform relatively better on highly evolv-
able cancers whereas high intensity therapies perform better on 

Figure 7. Effects of (A,B) competition intensity and (C,D) evolvability on minimum of cancer cell population for low and high intensity therapy. High competitive 

benefit pushes the population closer to extinction as it promotes the evolution of higher biomarker levels, setting an effective evolutionary trap for targeted 

therapy. Evolvability is a double-edged sword: faster evolving species set up more extreme evolutionary traps but are also able to undergo evolutionary rescue 

more effectively.
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cancers with low evolvability (Section 3.5, Fig. 7). We hope that 
our work prompts physicians and researchers to consider evo-
lutionary trap strategies when appropriate drugs are available 
rather than simply using the most effective therapy at each given 
time, and devise strategies to improve the efficacy of such traps.

This study has several limitations. First, we make the strong 
assumption that the biomarker controls a multitude of aspects 
influencing a cancer cell’s fitness: proliferation, death, resis-
tance and competitive ability. In reality, this assumption is not 
true for most biomarkers. However, even if biomarker levels only 
impact cancer resistance (resulting in a classic double bind [53, 
74–76]), our notable results surrounding the bias of using solely 
total biomarker levels and the effectiveness of evolutionary traps 
still hold. The parameter choices for this theoretical investiga-
tion were not estimated from patient data. Future work could 
calibrate models with time series and single-cell sequencing 
data. Our evolutionary models are mutation based; if cancer bio-
markers change through phenotypic plasticity, responses would 
be much more rapid and the effectiveness of the therapeutic 
strategies proposed here would be much less effective [79, 80]. 
Understanding the mechanisms of biomarker production and 
the resulting costs and benefits is needed to obtain the accu-
rate eco-evolutionary dynamics that would underlie design and 
assessment of novel therapeutic strategies.

In addition to the effects on replication, death, competition 
and resistance considered here, biomarkers play many other 
functional roles in cancer. For example, PSA activates VEGF-C 
and VEGF-D, which are involved in angiogenesis and lymphatic 
metastasis [27]. This creates a public goods game quite different 
from the competitive models and might require spatial models 
to capture. Incorporating the role of biomarkers in metasta-
sis, perhaps with lottery, metapopulation or hybrid models, is 
needed to develop evolutionarily enlightened strategies to con-
trol the deadliest cancers.

Medicine has transformed some of the chemicals produced by 
cancer cells into biomarkers, signals that determine the course 
of treatment. This transition from accidental by-product of a 
functional chemical to a signal is ubiquitous in biology. Plants 
damaged by herbivores create chemicals that have become sig-
nals to parasitoids and predators that use them to locate their 
herbivore hosts [81]. These plants can then manipulate the sig-
nal to attract more parasitoids, perhaps even in the absence of 
herbivore attack. And herbivores can manipulate these signals 
to reduce attraction of the own enemies [82]. Heterogeneity in 
signaling among plants creates a signaling game not unlike that 
of cancer cells. We can think of the body as a plant, herbivores 
as the cancer, the signals as biomarkers, and the parasitoid as 
a physician. A judicious combination of general treatment (che-
motherapy or pesticide) with something that targets the signal 
itself might be best at protecting plants and ourselves.
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