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Growth rate-driven modelling suggests
that phenotypic adaptation drives drug
resistance in BRAFV600E-mutant
melanoma
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Phenotypic adaptation, the ability of cells to change phenotype in response to external pressures, has
been identified as a driver of drug resistance in cancer. To quantify phenotypic adaptation in
BRAFV600E-mutant melanoma, we develop a theoretical model informed by growth-rate data of
WM239A-BRAFV600E cells challenged with the BRAF-inhibitor encorafenib. We use an individual-
based model (IBM) in which each cell is described by one of multiple discrete and plastic phenotype
states that are directly linked to drug-dependent net growth rates and, by extension, drug resistance.
To describe how cells transition between phenotype states, we explore a gamut of candidate models
common in the mathematical biology literature. Comparing these on their ability to reproduce in vitro
growth curves, data-matched simulations suggest that phenotypic adaptation is directed towards
statesof highnet growth rates, enabling theevasionof drug-effects. Themodel subsequently provides
an explanation for when and why intermittent treatments outperform continuous treatments in the
studied system, and demonstrates the benefits of not only targeting, but also leveraging, phenotypic
adaptation in treatment protocols. Building on the IBM, we present a flexible mathematical
methodology based on ordinary differential equations to compare responses to continuous and
intermittent treatments through long-term effective net growth rates.

Over 50%ofmelanoma cases presentwithBRAFV600mutations that result
in constitutive activation of the Mitogen Activated Protein Kinase
(MAPK)1,2. Consequently, targeted small molecule therapies that selectively
inhibit mutant BRAF signalling have been developed over the last decades
and are now part of the standard of care for BRAF-mutant melanoma.
While these targeted therapies have led to a remarkable increase in pro-
gression free survival, treatment resistance inevitably develops and limits
long-term survival3. This drug resistance in BRAF-mutant melanoma, and
other solid tumours, is increasingly understood as a result of intratumoural
heterogeneity, which has long been viewed through the lens of inter-clonal
differences4–6. However, a growing body of work implicates cell plasticity,
i.e., phenotypic adaptation without associated genetic mutations, as a key
component of therapy resistance in melanoma1,7,8.

Advances in transcriptomics and multi-omics have led to the identi-
fication of reversible and adaptive phenotype changes that confer treatment
resistance and are mediated by a number of complex physiological factors
on the single-cell level9–11. As systems-level experiments of the complex
interactions driving these adaptations are currently intractable, computa-
tional models have become increasingly important to our understanding of
how therapeutic selection pressure shapes the epigenetic evolution of
malignant tumours12–14. Such evolution is driven by epigenetic changes in
cancer cells, i.e., changes in gene expression that do not involve changes in
the cells’ DNA sequence15.

Phosphorylated, i.e., activated, ERK is often considered to be the main
output of interest in pathway-level studies of BRAF-mutated melanoma.
This follows from the fact that activated ERK phosphorylates multiple
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proliferation-promoting substrates in the nucleus and cytoplasm,which can
drive uncontrolled cell growth and division16. Consequently, many existing
computational approaches informedby extensive perturbation experiments
leverage precise mechanistic representations of the MAPK pathway to
describe signalling dynamics culminating in phosphorylated ERK13,17. With
this ERK-endpoint, such models are not explicitly linked with the cellular
response. Further, due to the large number of chemical reactions being
modelled, thesemodels are computationally expensive to train and simulate.
Here, we present a novel approach to understanding cell plasticity that is
computationally inexpensive and directly bridges cellular phenotype with
net growth rates. Specifically, we develop a computational model that is
directly informed by growth rate analysis of BRAFV600E-WM239A mel-
anoma cells exposed to the BRAF-inhibitor encorafenib (LGX818) in a
recent study by Kavran et al.9.

In our model, each individual cell is described by a plastic phenotype
state that can take one of S discrete values, where S is an arbitrary integer
larger than 0. Further, each phenotype state is directly related to drug dose-
dependent growth rates. Modelled phenotype states are thus mathematical
abstractions that link cells to drug resistance. To investigate phenotypic
adaptation in response to drug exposure and removal, we study four can-
didate cell-level adaptation strategies that are commonly used in the
mathematical modelling literature. Subsequent comparisons of model-
generated cell populations and in vitro cell count data reveal that phenotypic
adaptation is directed towards phenotype states with high net growth rates
in the regarded cell system. As such, our individual-based model demon-
strates the emergence of drug resistance at the population-level as a result of
directed phenotypic adaptation on the individual cell-level. Further, our
modelling captures the experimental observation that intermittent treat-
ment strategies can outperform their continuous counterparts in vitro,
despite halved cumulative drug doses9. Based on multiple-dose growth rate
data from untreated and treated cells, our framework thus provides a
mechanistic explanation (on the phenotype classification level) for when
and why intermittent treatments may be more effective than continuous
treatments. Building on these results, we perform further simulation
experiments andmathematical analysis to quantitatively assess the potential
of not only targeting, but also leveraging, cell plasticity inmelanoma towards
improved clinical outcomes.

Results
Empirical growth rates aremapped to phenotype states and give
rise to a theoretical model
Our theoreticalmodel formulation emerges fromdata analysis of drugdose-
dependent net growth rates of BRAFV600E-mutant melanoma cells
exposed to the BRAF-inhibitor encorafenib. The growth rates are shown in
Fig. 1a and are extracted from a recent experimental study by Kavran et al.9

in which cell count numbers of WM239A-BRAFV600E melanoma cells
were measured at 0 and 72 h in response to drug challenge following
0–4 weeks of 500 nM encorafenib incubation. Cell populations that have
been continuously incubated with drug for 1–4 weeks present dose-
dependent net growth rates that are not significantly different from each
other. We therefore assume that cells reach a drug-adapted state within
1 week of encorafenib incubation and stratify the observed growth rates as
belonging to one of two extreme phenotypes: drug-naive cells and drug-
adapted cells, i.e, cells that have been incubated in 500 nM encorafenib for 0
and 1–4 weeks, respectively (Fig. 1b). Further, upon drug removal, drug-
adapted cells in the regarded in vitro experiment resumed growth rates
similar to those of drug-naive cells9 (results not shown) hence we allow for
bi-directional phenotype updates in the model.

Building on our growth rate stratification, we formulate a discrete
adaptive phenotypemodel in which each individual cell in a cell population
is described by a discrete and plastic phenotype state that can be updated in
response to phenotypic instability or external pressures, here encorafenib
presence or absence.Weuse the variable xi to describe thephenotype state of
cell i, where a cell’s phenotype state corresponds to its sensitivity to the
BRAF-inhibitor such that, arbitrarily, cells in state x = 0 are the most drug-

sensitive and cells in state x = 1 are the most drug-resistant. In our model,
growth rates for these phenotypes correspond to those for drug-naive and
drug-adapted cells in Fig. 1b, respectively. We further assume that the cells
can exist in n intermittent phenotype states between the extrema x = 0 and
x = 1, where each state is associated with drug dose-dependent net growth
rates that are estimated through linear interpolation of growth rate data and
are mapped onto a fitness matrix (Fig. 1c, d). The multi-step phenotypic
adaptation model is based on the observation that protein expression for
L1CAM, a marker for drug resistance in melanoma, changes gradually in
response to external pressures in the regarded experiments9. In the main
body of this article, we arbitrarily use n = 9, but key results are shown in the
SupplementaryMaterial (SM1) for other choices of n, includingn= 0which
results in a single-step adaptation model.

In our discrete adaptive phenotypemodel, positive values in the fitness
matrix correspond to daily probabilities that cells divide, whereas negative
values correspond to daily probabilities that cells die. Note that the fitness
matrix approximates net growth rates from the three-day drug-challenge
assay for drug-naive cells (x = 0), cells pre-incubated at 500 nM encorafenib
(x = 1), and intermediate phenotype states x ∈ (0, 1). In Fig. 1d, the yellow
line separates doses above and below the pre-incubation dose of 500 nM,
highlighting that drug-resistant phenotypes may continue to increase their
resistance beyond the three-day assay period at doses above 500 nM.
Likewise, cells exposed to doses below 500 nM encorafenibmay continue to
adapt their net growth rates after the three first days. The absence of longer-
term growth rate measurements is a limitation of our study, and in the
Discussionwe outline how future experiments could be designed to address
this and yield more informative fitness matrices.

As is discussed in the next sections, our presented growth rate-to-
phenotype state mapping enables growth rate-driven phenotype char-
acterisation of cells, which we use to elucidate the directionality of pheno-
typic adaptation, predict treatment responses, and investigate the possibility
of both targeting and leveraging cell plasticity in treatments.

Phenotypic adaptation in BRAFV600E-mutant melanoma is direc-
ted towards high fitness. Recently, it was observed that four weeks of
intermittent (one week on/one week off) treatments with 500 nM
encorafenib are more effective at suppressing WM239A-BRAFV600E
cell counts than four weeks of continuous treatments with the same dose
in vitro9. In this work, we set out to elucidate the cell-level behaviour
related to phenotypic adaptation that gives rise to this macroscopic,
population-level result. To investigate the directionality of phenotypic
adaptation in the regarded melanoma cells in response to encorafenib
exposure and removal, we present four candidate phenotype update
strategies for describing cell-level dynamics. These are illustrated in
Fig. 2a and are mathematically defined in the Methods section.

With the no update strategy, cells never update their phenotype states.
With the unbiased strategy, cells propose to update their phenotype states to
adjacent states with equal probability, unless at a boundary, and subse-
quently move to the proposed state. With the semi-biased strategy, cells
propose to update their phenotype states to adjacent states with equal
probability, but only accept the move if it results in a higher fitness, i.e., net
growthrate. This corresponds to the cells having anoisymeasurementof the
fitness gradient. Finally, with the biased strategy, cells update their pheno-
type states to states of higher fitness whenever possible. As such, phenotypic
adaptation is non-directed in the first two (no update and unbiased) stra-
tegies, but directed in the last two (semi-biased and biased) strategies.
Biologically, the unbiased PU strategy could correspond to phenotypic
instability, while the biased PU strategy corresponds to stress-induced
phenotypic adaptation, in accordance with work by Chisholm et al.18 Ulti-
mately, the mechanisms responsible for the development of resistance are
not yet fully known, and we therefore also explore the more general semi-
biased PU strategy than encompasses both phenotypic instability and
adaptation. This gamut of phenotype progression is highly studied in seg-
ments of themathematical literature19 but, to the best of our knowledge, has
not been applied in the interpretation of experimental data to select between
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candidate phenotype updatemodels.Note that, while the noupdate strategy
suggests that the presence of drug-resistant cells that exist post treatment
arise purely from pre-exisiting phenotypic heterogeneity, the other three
strategies allow drug-resistant cells to arise through phenotypic plasticity
during treatment.

The four update strategies are implemented through a simple com-
putational algorithm (Fig. 2b) and produce significantly different dynamic
phenotype density distributions (see the Methods section for a visual
demonstration of this). In the code implementation, the same update rule
applies both on and off treatments, but the directionality of the updates in
the semi-biased and biased phenotype update strategies is drug dose
dependent.

In Fig. 2c, simulated cell counts are shown over time in response to
continuous and intermittent treatments with doses 300 and 500 nM. In this
figure,ρ, whichdenotes theprobability that a cell changes its phenotype state

at a programmed update time, is fixed at ρ = 1 and simulated cells have a
chance to update their phenotype state ηoff and ηon times per day in drug
absence and presence, respectively. In the 300 nM treatment simulations,
ηon = ηoff = 2, ensuring that cells can traverse phenotype spacewithin aweek
(following observations in Fig. 1a) and dose-dependent net growth rates
from thefitnessmatrix have beenused.Comparing simulated cell counts for
the two 300 nM scheduling options, our model predicts a distinct benefit in
using 300 nM encorafenib intermittent over continuous treatments for the
directedphenotypeupdate strategies, but not for thenon-directed strategies.
For the 500 nM treatment responses in Fig. 2, phenotype-dependent net
growth rates and ηon = ηoff are simultaneously fit to data through a least-
squares parameter estimation for each update strategy. In the fitting, net
growth rates are bounded by those for the adjacent drug doses for which
data is available i.e., 300 nM and 1000 nM (details about the parameter
fitting are available in the Methods section). The simulation results with

Fig. 1 | Empirical growth rates are mapped to phenotype states and give rise to a
theoretical model. a Growth rates for BRAFV600E-mutant melanoma cells from
theWM239A cell-line are shown in response to various doses of the BRAF-inhibitor
encorafenib, as measured over 72 h. The rates are extracted from quadruplicate cell
count assays by Kavran et al.9 Prior to drug challenge, the cells are incubated in
500 nMencorafenib for 0,1, 2, 3, or 4weeks (wks), with four replicates per incubation
time. bMean growth rates for drug-naive phenotypes (0wks in a), and drug-adapted
phenotypes (1–4 wks in a) are plotted over drug doses. Between the two extreme
phenotype states, n intermediate states are introduced (here, n = 9). Marker colours
and sizes correspond to phenotype state values and drug doses, respectively. c Net

growth rates in (b) are mapped onto a discrete phenotype-dose space, as is indicated
by marker colours and sizes. d Points in phenotype-dose space in (c) are mapped
onto a fitness matrix (FM). The values in the left-most and right-most columns
correspond to three-day growth rates in drug-naive (x = 0) and drug-adapted (x = 1)
phenotype states, respectively resulting after encorafenib pre-incubation at 0 and
500 nM (b). Other values in the fitness matrix are obtained via linear interpolation
between FM(x = 0, dj) and FM(x = 1, dj) for each of the j doses. The yellow line
separates doses above and below the pre-incubation dose of 500 nM. Negative net
growth rates are underlined.
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500 nM demonstrate that only the directed strategies are able to match
in vitro data9 and reproduce cell population dynamics such that 500 nM
encorafenib intermittent treatments outperform continuous treatments, in
terms of suppressing cell counts (Fig. 2d).

For all update models, with the exception of the biased update model,
cell counts in response to continuous and intermittent treatments are
similar in response to 300 nMand500 nMencorafenib. This result is further
discussed and visualised in the Supplementary Material (SM1). The Sup-
plementary Material (SM1) also includes simulated cell counts in response
treatments for different choices of phenotype granularity, i.e., n, showing
that if we consider the cell population to be phenotypically non-binary, then
the directed strategies better explain the observed data than do the non-
directed strategies.

Taken together, our results suggest that phenotypic adaptation in the
regarded WM239A-BRAFV600E cells is directed towards phenotype states
of highfitness through semi-biased or biasedupdate strategies (Fig. 2d).With

the used model and available data, we can not distinguish which of the two
directed strategies best describe the model system. However, the conclusion
that phenotypic adaptation is directed provides a growth rate data-driven
explanation for why intermittent treatments here outperform continuous
treatments at 500 nMencorafenibover fourweeks: the intermittent treatment
allows the cells to traverse phenotype space to drug-sensitive states during
drug-off periods, and back to drug-resistant states during drug-on periods.
Meanwhile, the continuous treatment traps the cells in highly drug-resistant
states. Thus, for the cells, the dynamic adaptation induced by intermittent
treatment confers a long-term proliferation disadvantage compared to con-
tinuous treatment in the regarded BRAF-mutated melanoma system, with
cells pre-incubated at 500 nM encorafenib. This follows from the empirical
observation that net growth rates are higher for drug-naive cells when the
drug is off, but higher for drug-adapted cells when the drug is on.

Moreover, with directed phenotypic adaptation, our model predicts
that death events spike once treatments resume after a drug holiday, when

Fig. 2 | Phenotypic adaptation inBRAFV600E-mutantmelanoma cells is directed
towards states of high fitness. aWe propose four phenotype update strategies. The
figure shows probabilities that a cell in state x0 at time t updates to states x−, x0 and x+
at time t + 1 whenever possible, i.e., ensuring that the phenotype states lie between
the extrema x= 0 and x= 1. Net growth rates increase with decreasing x-values in the
top row, andwith increasing x-values in the bottom row. The directionality of the net
growth rates, i.e., whether the top or bottom row applies, depends on the applied
drug dose and is inferred from growth rate data. b A simple algorithm is used to
implement our discrete adaptive phenotype model with the update strategies in (a).
Each simulated day, cells update their phenotype states η times either before (with
probability 0.5) or after (with probability 0.5) the resolution of cell division and
death. Probabilistic path branching is implemented to minimise numerical bias
arising from the ordering of birth-death and phenotype-update events. c The plots
show normalised cell counts over time in response to 300 and 500 nM continuous
and intermittent treatments. Simulations start with 100 cells at day 1, with update-

rule specific initial phenotype distributionsmatching day 1 in Fig. 4. Simulatedmean
counts (solid lines) and standard deviations (shaded bands) are shown for
100 simulation runs. Mean (triangles) and standard errors (bars) for 6 experimental
in vitro replicates are shown. The yellow box highlights that only the directed
strategies (semi-biased and biased updates) are able to capture in vitro cell count
dynamics. d The highlighted result in (c), together with (a), suggest that phenotypic
adaptation is directed towards states of high fitness, where this direction depends on
the applied drug dose. The schematic shows how cells can adapt from more being
drug-sensitive phenotypes (blue) to more drug-resistant phenotypes (red). Drug
doses included in the top and bottom arrows respectively induce phenotypic
adaptation in the direction of increasing and decreasing x-values. e The plots show
the number of death events normalised over the number of cells over time for the
simulation experiments in (c) with directed update strategies in response to 500 nM
encorafenib. Simulatedmean counts (dashed lines) and standard deviations (shaded
bands) are shown for 100 simulation runs.
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the cells have acquired drug-sensitive phenotype states, in the intermittent
treatments (Fig. 2e). This simulation result is in qualitative agreement with
Kavran et al.9 experimental observation that the percentage of propidium
iodide (PI) positive cells peak during drug re-challenge, where PI is used as a
cell deathmarker, giving further credence to ourmodel formulation andour
simplifying model assumption that positive and negative net growth rates,
respectively, can be approximated to yield birth and death events on the
cell-level.

Computational and mathematical modelling demonstrates the
benefits of targeting and leveraging cell plasticity in treatments
Our results raise the question: Given directed phenotypic adaptation, when
do intermittent treatments outperform their continuous counterparts
in vitro? As a step to address this question computationally and mathe-
matically for the studied melanoma system, we perform a series of simu-
lation experiments in which output dynamics are quantified in response to
variations of two model-inputs: the number of times per day that a cell can
update its phenotype state (η), and the duration of treatment on/off intervals
(ton/toff). Varying these parameters allows us to investigate the impact that
they have on simulated treatment responses. To enable biologically inter-
pretable and mathematically tractable comparisons of continuous and
intermittent treatments,we also introduce the effectivenet growthrateλeff as
the average (per cell and day) net growth rate that cells experience over the
course of a simulated treatment. Using the biased update strategy, we derive
analytical approximations, formulated through an ordinary differential
equation (ODE)model, of effective net growth rates λeff obtained in the limit
of large total treatment times (see the Methods section for details). By
comparing the λeff values resulting from continuous and intermittent
treatments, we can evaluatewhich treatment ismore effective at keeping λeff
low, and thus impeding cell population growth.While we, in Fig. 3, focus on
intermittent treatments with 1:1 scheduling such that ton=toff = T, the
developed ODE formulation and methodology can be adapted to study
systems with arbitrary schedules and net growth rates.

Using both the simulation and the ODE approach with instanta-
neous drug on/off switches, we here identify (η, T) pairings for which 1:1
intermittent treatments yield lower effective growth rates than their
continuous counterparts. For these (η, T) pairings only, simulated
intermittent treatments thus outperform continuous ones long-term,
despite resulting in approximately half of the accumulated applied drug.
Demonstrating this in Fig. 3b, e, (η, T) pairings for which intermittent
treatments outperform continuous ones are highlighted in yellow-
coloured heatmap regions, whereas such pairings for which the opposite
is true are highlighted in black-coloured regions. In the heatmaps, the
two regions are separated by overlaid ODE-derived curves that show
when the two treatment strategies yield the same effective growth rate.
Note that in the 300 nM heatmaps, all visualised (η, T) pairings out-
perform the continuous treatment strategy, hence no separating curve is
shown. Note further that throughout Fig. 3, we have used phenotype-
dependent net growth rates for 500 nM that are obtained through log-
linear interpolation between net growth rates for 300 and 1000 nM in the
fitness matrix (Fig. 1a). This interpolation is used due to three-day
growth rates in 500 nM being missing in the data, and likely does not
capture the full drug-adaptation of the cells which contributes to the
visual differences between the 300 and 500 nM heatmaps in Fig. 3.

From Fig. 3a–c, we see that when all cells start in the most drug-
sensitive phenotype state, the effective net growth rates increase with the
number of cell updates per day for the regardeddoses and simulation inputs.
In other words, intermittent treatments become more effective when η is
decreased in these cases. As such, our simulations highlight the therapeutic
benefit of targeting phenotypic adaptation by slowing it down. Next,
motivated by clinical studies in which drug re-challenge shows anti-tumour
activity in patients who have previously been treated with BRAF-
inhibitors3,20,21, we investigate the impact of drug-holidays on treatment
responses. We do this by performing a simulation experiment in which all
cells start in the most drug-resistant phenotype state (Fig. 3d–f), as would

follow from a period of continuous treatment. In an effort to push drug-
resistant cells to drug-sensitive states in such cases, we can schedule a drug
holiday and delay the treatment restart time. The benefits of delaying
intermittent treatments are shown in Fig. 3e, where the most effective
treatment schedules are those that allow time for cells to traverse phenotype
space to reach drug-susceptible states. Our simulation results thereby
highlight the benefit of leveraging phenotypic adaptation in treatments.

In Fig. 3e, f, it is clear that our model produces non-monotonic rela-
tionships between effective net growth rates and the number of daily cell
updates. For instance,we see that if the treatment interval length isT=1day,
and the first drug-on period starts after day 1 or 10, then cells with η = 1 are
more treatment-sensitive than cells with η= 4.However, the opposite is true
when the drug-on period starts after day 4. These quantitative specifics
follow from the chosen data andmodel; in particular, whether cells have (or
do not have) time to traverse phenotype space in a way that makes them
sensitive to sudden changes in drug exposure and removal strongly influ-
ences which T and treatment-delay values best suppresses cell proliferation
from a human perspective, or equivalently, which η value best promotes
survival for the cells. Although the quantitative results presented in Fig. 3 are
problem-specific, the qualitative demonstration that treatment scheduling
together with phenotypic adaptation shapes optimal strategies has broader
relevance beyond this study and motivates treatment designs that includes
monitoring if and how phenotypic expression changes during treatment.

Discussion
Cell plasticity is not listed as one of the originalHallmarks of Cancer which
were famously collated in 200022. However, based on the last two decades’
research advances, an updated version of the work identifies cancer cells’
ability to unlock phenotypic adaptation as an emerging hallmark, intended
to stimulate debate amongst researchers and inspire investigations that will
improve our understanding of cancer8. The work presented in this article
directly contributes to this understanding by evidencing that phenotypic
adaptation in BRAFV600E-mutant melanoma is directed to states of high
fitness, and demonstrating that this adaptation enables evasion of drug
effects.

Our model emerges from growth rate data analysis of BRAFV600E-
mutant melanoma cells exposed to the BRAF-inhibitor encorafenib. Our
conclusion that phenotypic adaptation in the regarded cells is directed
towards states of high fitness is obtained through a model-selection pro-
cedure, inwhich a gamut of phenotype update strategies on the cell-level are
evaluated against dynamic cell count data in response to intermittent and
continuous encorafenib treatments. One notable consequence of our results
is that dynamic phenotypic adaptation alone suffices to explain why
intermittent treatments can outperform continuous treatments. This
explanation offers an alternative to variations of the more common inter-
clonal competition-models inwhich two ormore distinct subpopulations of
cells, such as a drug-resistant and drug-sensitive clones, interact with each
other and compete for resources23. This ecological perspective has served as
the theoretical underpinning of adaptive therapy, where treatment is
designed to maintain a drug-sensitive cancer cell population that compe-
titively excludes drug-resistant clones24,25. This existing framework has
historically relied on an assumed cost-of-resistance, where drug-resistant
clones are less fit than drug-sensitive clones in the absence of treatment.
However, recent theoretical work has demonstrated that this assumption is
not necessary for adaptive therapies to outperformconventionalmaximum-
tolerated dose strategies26,27. Here, in contrast with much of the adaptive
therapy literature28,29, we use a simplemodel to capture improved treatment
responses to intermittent therapy without explicitly modelling competition
between clones.

The model developed in this study was intentionally kept simple to
enable direct mapping between phenotype states and growth rates. While
this simplicity facilitates interpretability and has yielded informative results,
it also highlights directions for more sophisticated model-experiment
integration that could provide deeper quantitative insight into phenotypic
adaptation. Future experimental designs could explicitly separate
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measurements of cell division and death events, enabling models to incor-
porate growth and death rates independently rather than relying on net
growth rates alone. Further, our current approach of linearly interpolating
between drug-naive and drug-adapted growth rates to assign fitness to
intermediate phenotype states could be refined by systematic drug-
challenge assays. Specifically, measuring cell counts at multiple time
points after pre-assay incubation across a range of drug doses would allow

the mapping of growth rates in the phenotype-dose parameter space. It
would also be informative to test whether, and under which conditions,
drug-adapted cells can fully regain the growth rates of drug-naive cells. Such
data would permit estimation of dose-dependent adaptation velocities and
directly inform ongoing debates on whether cell-level drug resistance is
reversible in different cancer types30. Incorporating sequencing alongside
these assays would further aid in evaluating underlying molecular changes,
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thereby simultaneously linking phenotypic adaptation to both growth rates
and genetic/transcriptomic mechanisms.

Whilst our results clearly indicate that phenotypic adaptation is
directed towards states ofhighfitness in the regarded invitro experiment,we
cannot determine if the semi-biased or biasedupdate strategy best describes
the regarded cells. This follows from the fact that we only consider mean
growth rates in the model and do not have access to data that reveal
population-level phenotype distributions. The observation that cell count
data alone can not be used to distinguish between semi-biased and biased
phenotypic adaptation opens up for a broader question: what type of
experimental data is needed to identify phenotypic heterogeneity in cell
populations and quantify how biased phenotypic adaptation is?We address
this question in a subsequent study31, where we have moved from a discrete
to a continuous phenotype population model in order to allow for more
rigorousmathematical analysis revealing that although cell count data alone
is not sufficient to distinguish between the semi-biased and biased PU
models, cell count data supplemented with information about birth and
death events are. While we build our model on 3-day growth rates and (up
to) four week treatment data, Russo et al.32 combined long-term (over ten
weeks) monitoring of experimental growth rates with an ordinary differ-
ential equation model to demonstrate that clinically approved targeted
therapies induce drug-sensitive-to-tolerant adaptations in colorectal cancer
cells. Further evidence of drug-induced cell plasticity was found by other
recent studies combining mathematical modelling and in vitro
experiments33,34. Beyond growth curve focussed studies, methods to quan-
tify phenotype adaptation have been developed for data sets in which
individual cells canbe experimentally categorised into phenotype groups by,
e.g., fluorescent markers35,36.

Mathematical models, analysis and simulations, especially those inte-
grated with data, havemade significant contributions to our understanding
of cancer dynamics and treatment responses37,38. To highlight a few con-
tributions pertaining to BRAFV600E-mutant melanoma, Gerosa et al.17

integrated proteomics and modelling to show that exposure to drugs that
target the BRAFV600E-MEK-ERK pathway can cause non-genetic drug
resistance by signal rewiring in the targeted pathway. Such rewiringwas also
identified as a mechanism of drug resistance by Fröhlich et al.13, in an
extension of the Gerosa et al. model, together with proteomic, tran-
scriptomic and imaging data, to uncover that drug resistance can be
mediated by the co-existence of two functionally distinct channels upstream
of ERK, one initiated BRAFV600Emonomers and the other byRAS.Whilst
these models describe subcellular mechanisms that drive phenotypic
adaptation, ourmodel describes how cell-level phenotype traits, in the form
of drug-dependent growth rates, change in response to BRAF-inhibitor
exposure and removal. Comparing all three models, which complement
each other, ours reveals less detailed subcellular information but is, on the
other hand, considerably less data-intensive and therefore more accessible.
Other data-integratedmathematicalmodels ofmelanomahave beenused to

identify dose combinations of BRAFV600E, MEK, and ERK inhibitors that
yield synergistic treatment responses39,40, predict initial treatment responses
to BRAFV600E-inhibitors in xenografts41, and demonstrate phenotypic
plasticity and multi-stability42. Beyond melanoma, cell plasticity, and its
impact on treatment responses and the evolution of therapy resistance, has
been studied mathematically12,43,44 through ordinary differential equation
models32 and partial integro-differential equation models18,45–48 which,
notably, can be used to suggest model-informed treatment strategies that
impede the evolution of resistance.

Treatment scheduling and responses were also investigated in our
current study. Our model-generated simulation results suggest that phe-
notypic adaptation can be both targeted and leveraged in an effort to sup-
press in vitro cell counts. These results support the development of
molecular inhibitors that target mechanisms that drive cell plasticity49.
Furthermore, strategies that leverage phenotypic adaptation, and, in other
words, use cancers’ ability to adapt against itself, can implicitly or explicitly
be implemented through intermittent treatments and adaptive
treatments28,50. In addition to these treatment strategies to combat adaptive
resistance, there has been recent interest in epigenetic treatments that
directly target phenotypic adaptation in the context of BRAF-inhi-
bitor resistant melanoma51,52. A recent proof-of-concept clinical trial of
combination epigenetic and MAPK inhibitors demonstrated durable clin-
ical responses in a minority of participants53. We emphasise that the
treatment-related results presented in this study are based on data-driven
models of in vitro systems, and that appropriatemodel extensions, aswell as
in vivo or clinical data, are needed to draw any conclusions about the role of
phenotypic adaptation in xenografts or clinical tumours. However, one of
themajor benefits of modelling in vitro systems to study cell plasticity is the
access to temporal and easy-to-interpret data that reveal howcancer systems
change over time. Such data are paramount to understanding dynamical
aspects of cancer. Importantly, our limited understanding of cancer
dynamics has been proposed as one of the main factors that hinder the
development of efficient targeted therapy protocols54,55 and whilst most
cancer treatments target genomic cancer aberrations without consideration
for evolutionary tumour aspects, clinical trials that are informed by math-
ematicalmodels and account for tumour dynamics have started to emerge56.

The growth rate-to-phenotype modelling pipeline presented in this
work can be used to quantify phenotypic adaptation velocities, i.e., direc-
tions and rates, in any cell lines for which cell counts can be measured. Our
pipeline can thus be used to estimate such velocities in cancerous, non-
cancerous and mutated cell lines, and thereby quantitatively assess to what
extent phenotypic adaptation stratifies cancer cells, mutated or not, from
other cells. This functionality of our pipeline is of significant value to con-
temporary cancer research, as an emerging body ofwork has identifiednon-
genetic resistance as a reason for drug resistance in multiple cancer types,
includingmelanoma7, neuroblastoma57 and lung cancer58. One well-studied
example mechanism of non-genetic resistance is the Epithelial-

Fig. 3 | Simulations demonstrate the benefits of targeting and leveraging cell
plasticity in treatments. aWe consider an initial condition in which all cells are in
the most drug-sensitive phenotype state (x = 0) in (a–c). b Effective growth rates in
response to 8 week intermittent treatments with 300 nM (left) and 500 nM (right)
encorafenib are obtained through simulations with the biased phenotype update
strategy. Based on mean values from 100 simulations, heatmap bins show effective
growth rates in response to different phenotype updates per day (η), and on/off
treatment intervals (T). Effective growth rates for 300 nM (left) and 500 nM (right)
continuous treatments are highlighted in the colour legends. In the yellow-coloured
bins, intermittent treatments produce long-term effective growth rates lower than
those from continuous treatments, and in the black-coloured bins the opposite is
true. In the white bins, intermittent and continuous treatments yield approximately
equal effective growth rates. From theODEmodel approximating these simulations,
analytically derived (η, T) pairings where this equivalence holds are shown as neon-
dashed curves overlaid on the heatmaps; along these curves, the effective growth rate
corresponds to the value indicated by green-dashed frames on the colour bar. Note
that the colour scales differ between heatmaps to clearly illustrate the impact of η and

T for a fixed dose and initial condition. Note further that in the 300 nM heatmap, all
shown (η, T) pairings yield lower effective growth rates than the continuous treat-
ment and thus no neon-dashed curves are seen. c The plots show simulated cell
count dynamics in response to 1 and 4 cell updates per day, and treatment intervals
of 1 and 4 days. Simulatedmean counts (solid/dashed lines) and standard deviations
(shaded bands) are shown for 100 simulation runs. These results demonstrate the
benefit of targeting phenotypic adaptation in treatments by decreasing the number
of cell updates per day. dWe consider an initial condition in which all cells are in the
most drug-resistant phenotype state (x = 1) in (d, e). e The experiments in (b) are
repeated with the initial condition in (d). f The plots show simulated cell count
dynamics in response to 1 and 4 cell updates per day, and treatment intervals of
1 day. Treatments commence after a delay period of 1 (left), 4 (middle), or 10 (right)
days. Simulated mean counts (solid/dashed lines) and standard deviations (shaded
bands) are shown for 100 simulation runs. The results demonstrate the benefit of
leveraging phenotypic adaptation in treatments by delaying treatments and allowing
drug-resistant cells to resensitize by traversing phenotype space.
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Mesenchymal Transition (EMT)8,49,59, although a multitude of other
mechanisms have been reported1,9,60–63. Our growth rate-driven methodol-
ogy is agnostic to these subcellularmechanisms and can therefore be used to
directly examine phenotypic adaptation in its role as an emerging hallmark
of cancer in melanoma and beyond.

Methods
Extracting growth rates from cell count data
The growth rate data used to map out the fitness matrix (Fig. 1) are extra-
polated from cell count assays performed by Kavran et al.9 who challenge
WM239A-BRAFV600E melanoma cells with the BRAF-inhibitor encor-
afenib (LGX818) in vitro. In their experiments, cells are incubated with
500 nM encorafenib prior to a drug challengewith an encorafenib dose of 0,
0.1, 0.3, 1, 3, 10, 30, 100, 300, 1000, 3000, or 10000 nM. The data from the
assays are reported in relative fold changes in cell counts. As such, for each
drug concentration d, we have data for FCrel;d

72 which describes ‘the fold
change in cell counts after 72 h in response to dose d’ relative to ‘the fold
change in cell counts after 72 h in response todose500 nM’.Weuse this data
to extract λd, the effective growth rate for dose d (in nM) between hours 0
and 72, through Eq. (1),

λd ¼
logðFCrel;d

72 Þ
3

þ λ500; ð1Þ

where we have assumed exponential population growth over the 72 h
period. The term λ500 ≈ 0.1059 day−1 is estimated using reported cell count
data following a 7 day period of 500 nM treatment, applying linear
regression on the log-scale under the assumption that growth is
approximately exponential. The growth rate data are obtained using the
code file ProcessData.m in our project’s GitHub repository.

Designing the fitness matrix
In this study, we model the net growth rate of a cell as a function of two
variables: (1) the cell’s phenotype state, and (2) the applied drug dose. The
growth rates for cells in themelanoma system9 thatwe study in thiswork are
shown in the fitness matrix (Fig. 1d), in which matrix element FM(x, d)
describes thenetgrowth rate for cells inphenotype statex that are exposed to
drug dose d. In this subsection, we describe how the fitness matrix is
designed.

Based on the growth rate data, we say that drug-naive cells (0 wks in
Fig. 1a) are in a drug-sensitive phenotype state that we arbitrarily denote by
x = 0. Similarly, we say that cells that have been continuously exposed to
500 nMencorafenib for 1–4weeks (1–4wks inFig. 1a) are in a drug-adapted
phenotype statex=1.Basedon thedata,we assume that cells canmove from
state x = 0 to state x = 1 within one week when exposed to 500 nM of the
BRAF-inhibitor. We further make the simplifying modelling assumption
that cells can revert from state x = 1 to state x = 0 following a drug holiday.
This is an approximation that is based on experimental results for the
studied melanoma system9.

Assumption 1. Cells can revert from phenotype state x = 1 to phenotype
state x = 0 and, by doing so, recover the growth rates of drug-naive cells.

Assumption 1means that we can study phenotypic adaptation along a
one-dimensional phenotype axis x when modelling how cells adapt to
exposure and removal of drug at dose d. We note that Assumption 1 may
not be appropriate for all cell systems, as cell-level drug resistance in cancer
ranges from reversible to irreversible30. Next, we make the simplifying
modelling assumption that phenotype adaptation in directions of both
increasing and decreasing x-values occurs in n+ 1 discrete steps, where n is
the number of intermediate phenotype states between the extrema x = 0
and x = 1.

Assumption 2.Cellsmove betweenphenotype states x=0 to x=1, and back,
in n + 1 discrete steps.

In themain body of our article, we choose to work with n = 9, in order
to allow us to study density distributions of phenotype states, such as the
ones depicted in Fig. 2c.However, ourmodel could, for example, be reduced
to study two-phenotype systems (with n = 0), or be extended to model
continuous x-values, so that the phenotype density distributions would be
described by partial differential equations. In the Supplementary Material
(SM1), we include simulation results for a range of different n.

The growth rates FM(x,d) for cells in states x = 0 and x = 1 are directly
assigned from the growth rate data extrapolation described in the previous
subsection. The process of assigning growth rates to intermediate states
x ∈ (0, 1) is described in the next subsection. Note that the net growth rate
values FM(x, d) in the right-most column of the fitness matrix (x = 1) are
based on pre-incubation with 500 nM encorafenib, followed by 3 days of
incubation in dose d. As such, the net growth rates of cells that have adapted
to concentrations higher than 500 nM may have higher values than what
our fitness matrix suggests. Experimental designs in which growth rates are
measured following incubation with more than one dose (here 500 nM)
would allow for a more detailed mapping of the fitness matrix.

Modelling cell-level phenotypic adaptation with different update
strategies
The four phenotype update (PU) strategies in Fig. 2a are formalised in this
subsection. In order, these are the no, unbiased, semi-biased and biased PU
strategies. We let x0 denote the current phenotype state of an arbitrary cell.
The probabilities of updating to higher (x+) and lower (x−) states, if possible
with the restriction x ∈ [0, 1], are given below.

PU1 : pðxþÞ :¼ 0;

pðx�Þ :¼ 0:
ð2aÞ

PU2 : pðxþÞ :¼
ρ

2
;

pðx�Þ :¼
ρ

2
:

ð2bÞ

PU3 : pðxþÞ :¼
ρ

2
H FMðxþ; dÞ � FM ðx0; dÞ
� �

;

pðx�Þ :¼
ρ

2
H FMðx�; dÞ � FM ðx0; dÞ
� �

:
ð2cÞ

PU4 : pðxþÞ :¼ H FMðxþ; dÞ � FM ðx0; dÞ
� �

;

pðx�Þ :¼ H FMðx�; dÞ � FM ðx0; dÞ
� �

:
ð2dÞ

Probabilities to remain at the current state x0 are implied from the
above equations through the relationship p(x+) + p(x0) + p(x−) = 1. The
valueFM(x,d) canbe read from thefitnessmatrix inFig. 1d, anddenotes the
net growth rate of a cell inphenotype statex that is exposed todrugdosed. In
Eqs. 2a–d, H( ⋅ ) is the Heaviside function, and ρ/2 denotes the probability
that a cell updates its phenotype state in a given direction at an update time
(Fig. 2a).Note that the noupdate rule (PU1) can be considered a special case
of both the unbiased (PU2) and semi-biased (PU3) update rule with ρ = 0.
Furthermore, the biased update rule (PU4) can be regarded as the deter-
ministic counterpart of the semi-biased update rule (PU3), in which the
probabilistic pre-factor ρ/2 is omitted. That is, at each time step, PU3 per-
mits fitness-improving transitions only with probability ρ/2, whereas PU4
enforces such transitions with probability one.

The four update strategies result in different phenotype density dis-
tributions. To demonstrate this visually, we plot these in response to 300 nM
encorafenib exposure and removal following continuous and intermittent
treatments (Fig. 4). While the non-directed strategies yield phenotype
density distributions that only moderately change over time in response to
intermittent treatments, the directed strategies yield phenotype distribu-
tions that markedly move between the drug-sensitive (x = 0) and drug-
resistant (x = 1) extrema. Here, the simulation results have been produced
with dose-dependent net growth rates from the fitness matrix (Fig. 1d), and
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ρ = 1. The cells have a chance to update their phenotype state ηoff = 2 and
ηon=2 times per day in drug absence and presence, respectively, where these
parameter values are used to ensure that cells can traverse phenotype space
within a week (following observations in Fig. 1a).

Implementing cell division, cell death and phenotype updates
The algorithm used to implement phenotype updates, cell division and cell
death is illustrated in Fig. 2b and is outlined in Algorithm 1. After an initial
cell seeding, we loop over all simulated time points bt and cells j. At every
simulated time point, the drug dose is set according to a treatment schedule.
Next, it is decided whether cell division and death events should be resolved
before (with probability 0.5) or after (with probability 0.5) the phenotype
state update events. If a cell has a positive net growth rate, the rate corre-
sponds to the probability per day that the cell divides and produces an
identical daughter cell. If a cell has a negative net growth rate, the rate
corresponds to the probability per day that the cell dies.Within a simulated
time unit (in our case, day), all phenotype updates are performed
consecutively.

Algorithm 1. Implementation of cell division, cell death and phenotype
updates.

1: Seed cells
2: forbt = 1 to Tdo
3: set the drug dose dðbtÞ
4: randomise a value v between 0 and 1
5: if v < 0.5 then
6: call function A
7: call function B
8: else
9: call function B
10: call function A
11: end if
12: end for

function A: resolve cell division and cell death
13: for j = 1 to Jdo
14: g(xðjÞ; dðbtÞ) ← FM(x, d)
15: if g(xðjÞ; dðbtÞ) > 0 then

16: produce a daughter cell with a probability corresponding
to g(xðjÞ; dðbtÞ)

17: else
18: kill the cell with a probability corresponding

to abs(g(xðjÞ; dðbtÞ))
19: end if
20: end for

function B: resolve phenotype updates
21: for j = 1 to Jdo
22: for update = 1 to η do
23: update x(j) according to the applied phenotype update rule
24: end for
25: end for

Using growth rates to parameterise phenotype and drug dose-
dependent fitnesses
We linearly interpolate between the extrema x = 0 and x = 1 to assign dose-
dependent growth rate values to intermediate phenotypes x ∈ (0, 1) for all
doses included in the fitnessmatrix (Fig. 1d). Sincewe do not have access to
three-day fold changes in cell counts for 500 nM encorafenib, growth rates
at this dose are instead estimated through a least-squares parameter fit (Eq.
(3)) evaluated against fold change data for 500 nM continuous and inter-
mittent treatments (Fig. 2d). In the fit, four free model parameters are
estimated:

• FM(0, 500 nM): the growth rate for drug-naive cells in 500 nM
encorafenib.

• FM(1, 500 nM): the growth rate for drug-adapted cells in 500 nM
encorafenib.

• ηon: the number of times per day that cells have a chance to phenotype
updates their phenotype when the drug is on.

• ηoff: thenumber of times per day that cells have a chance to update their
phenotype when the drug is off.

Inbiasedupdatemodels, thedirectionality of thephenotype adaptation
is dependent on the applied drug dose, as determined by the data. As such,
cells move towards states of higher proliferative net fitness (Fig. 2a, c). To fit
the free parameters, we further assume that the same phenotype update
strategy applies both on and off drugs, although the phenotype update
frequency may vary between drug-on and drug-off days36.

Assumption 3. The same phenotype update strategy applies both on and off
drugs, and the update rates may differ between drug-on and drug-off days.

The parameter combination C�
‘ that minimises the sum of squared

distances between mean data values and model simulations (for 100 simu-
lation runs) for continuous and intermittent treatments, simultaneously, are
obtained for all phenotype update strategies ℓ.

Thus, for each update rule ℓ, the four selected parameter values

C�
‘ ¼ FMð0; 500 nMÞ; FMð1; 500 nMÞ; ηon; ηoff

� �
that simultaneously minimise the squared distance between the mean
model predictionsMs,t and in vitro data Ds,t are obtained through

C�
‘ ¼ argminC‘

X
s2f cont ; intg

X4
t¼1

Ms;tðC‘Þ � Ds;t

� �2
; ð3Þ

implemented in MATLAB. In Eq. 2, the model-to-data distances are
evaluated for the settings continuous and intermittent 500 nM treatments
(s∈ {cont, int}) at four time points t (excluding the initial condition). The fit
is bounded by growth rates for the fitness matrix-adjacent drug doses 300
and 1000 nM between which 10 linearly interpolated values are tested.
Further, ηon and ηoff can take values 1/h and k, for integers h between 2 and
10, and k between 0 and 10. An update frequency of 1/h means that

Fig. 4 | The four candidate update strategies result in different dynamic phe-
notype density distributions. The histograms show how cell population phenotype
density distributions change over time in response to no, continuous and inter-
mittent 300 nM BRAF-inhibitor treatments for the four update strategies described
in Eqs. 2a–d. Densities are shown with 100 simulations layered over each other
(shaded regions) andmeans (solid bars). 28 days before the experiments start (at day
-28), cells are seeded with uniformly distributed phenotype states.
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phenotypeupdates occur everyhthday, andanupdate frequencyofkmeans
that phenotype updates occur k times a day.

The parameter combinations C�
‘ inferred through Eq. (3) are used to

produce the simulation results in Fig. 2d, f for the 500 nMsub-panels, where

C�
1 ¼ �0:202 day�1; 0:171 day�1; 0 updates day�1; 0 updates day�1� �

;

C�
2 ¼ �0:202 day�1; 0:171 day�1; 1updates day�1; 3 updates day�1;

� �
;

C�
3 ¼ �0:335 day�1; 0:146 day�1; 3 updates day�1; 4 updates day�1;

� �
;

C�
4 ¼ �0:268 day�1; 0:171 day�1; 1 updates day�1; 3 updates day�1;

� �
:

As is shown in the Supplementary Material (SM1), fitting ηon and ηoff
only, using M(0, 500 nM) and FM(1, 500 nM) obtained from log-linear
interpolation between 300 and 1000 nM growth rates, does not result in
simultaneously data-matched simulations for continuous and intermittent
treatments. For all simulations in the main part of this article, ρ is fixed at
ρ = 1 and thus the values of ηon and ηoff determine the speed of phenotype
adaptation, given a specified n. In the Supplementary Material (SM1), we
have re-fittedC?

‘ for variations ofρ. As expected, these supplementary results
demonstrate a non-linear trade-off relation between ρ, n, and ηon,off; if the
probability to accept update propositions (i.e., ρ) decreases, then similar
macroscopic system behaviour can be recovered by altering the number of
times that the cells can update their phenotype states per day, or the number
of phenotype states n between the extrema x = 0 and x = 1. The observation
that thedirectedphenotypeupdatemodels better capturedynamic cell count
data than the undirected models for n > 0 is robust to the investigated
variations of ρ ∈ {0.25, 0.50, 0.75, 1} and n ∈ {0, 1, 3, 5, 7, 9}.

Deriving analytical expressions to identify simulated intermittent
treatment regimes that outperform their continuous
counterparts
To predict when intermittent treatment schedules outperform continuous
schedules, we derive analytical expressions for long-term effective growth
rates under the biased phenotype update strategy. We let ton denote the
duration (per cycle) that the drug is on, and toff denote the duration (per
cycle) that the drug is off. ω is the phenotype adaptation velocity (in both
directions) such that η = ω/Δ gives the number of phenotype updates
per day. In theFig. 1d example,Δ=0.1 is the step size arising from the choice
n = 9. Implicit to the biased update rule is that, at any time in a simulation,
there is no phenotypic heterogeneity between cells (Fig. 2c). As such, all cells
have an identical phenotype, denoted by x(t), the dynamics of which are
governed by

dx
dt

¼
ω; x < 1 and the drug is on ;

�ω; x > 0 and the drug is off ;

0 otherwise ;

8><>: ð4Þ

for drug doses 300 and 500 nM, and any other doses listed inside the
top arrow of Fig. 2e. Now, let’s assume that we have a cell population in
equilibrium such that x(s) = x(0). Then, over a time period τ = ton+ toff, the
cell count N(s+ τ) for cells on intermittent treatment is given by

Nðsþ τÞ ¼ NðsÞeλeff �τ ; ð5Þ

where the effective growth rate, λeff, is

λeff ¼
1
τ

Z ton

0
FMðxðtÞ; dÞ dt þ

Z τ

ton

FMðxðtÞ; 0Þ dt
 !

: ð6Þ

Solving Eq. (6) yields the effective growth rate for cells on intermittent
treatment to be

λeff ¼

ΔFMð0Þ�ΔFMðDÞ
2τω þ tonFMð1;DÞþtoff FMð0;0Þ

τ ; if ton; toff >
1
ω ;

ωt2onðΔFMð0ÞþΔFMðDÞÞ
2τ þ tonFMð0;DÞþtoff FMð0;0Þ

τ ; if ton < toff ≤
1
ω ;

�ωt2off ðΔFMð0ÞþΔFMð1ÞÞ
2τ þ tonFMð1;DÞþtoff FMð1;0Þ

τ ; if toff < ton ≤
1
ω ;

FMð0;0ÞþFMð0;DÞþFMð1;0ÞþFMð1;DÞ
4 ; if ton ¼ toff ¼ 1

ω ;

ωtonðΔFMð0ÞþΔFMðDÞÞ
4 þ FMð0;0ÞþFMð0;DÞ

2 ; if ton ¼ toff <
1
ω ;

ΔFMð0Þ�ΔFMðDÞ
4tonω

þ FMð0;0ÞþFMð1;DÞ
2 ; if ton ¼ toff >

1
ω ;

8>>>>>>>>>>><>>>>>>>>>>>:
ð7Þ

where

ΔFMðdÞ ¼ FMð1; dÞ � FMð0; dÞ; ð8Þ

andD is a chosen drug dose such that Eq. (4) holds. The expressions in Eq.
(7) are derived as shown in the SupplementaryMaterial (SM2), and allow a
user to find λeff for customised values of D, ton, toff, ω. To, next, draw fair
comparisons between cells on continuous and intermittent treatments, we
can compare the long-termeffective growth rate of cells under both regimes.
To avoid effects of the initial drug desensitisation for cells undergoing
continuous treatments, we consider the effective growth rates under
continuous treatment to be given by FM(1,D). Thus, we expect intermittent
treatment to outperform continuous treatment if λeff(D, ton, toff, ω) is lower
than FM(1,D). In Fig. 3, we consider a treatment regime with equal on and
off drug intervals, such that ton = toff = τ/2 =T. Results are producedwithnet
growth rates obtained through log-linear interpolation between FM(x,
300 nM) and FM(x, 1000 nM) so that FM(0,500 nM) =− 0.287 day−1 and
FM(1,500 nM) = 0.074 day−1 (see SupplementaryMaterial, SM1). Inserting
this choice into Eq. (7) for Tω ≥ 1, we find that intermittent treatment will
outperform continuous treatment if Tω < 6.75245 or, equivalently,
Tη < 67.5245.

We remark that Eq. 4 can be modified to investigate scenarios where
phenotype adaptation occurs at different rates during drug-on and drug-off
periods, by allowing the drug-off rate to differ from the negative of the drug-
on rate (further, these rates need not be constants). Similarly, Eq. 6 can be
modified tomodel intermittent treatment scheduleswithon/off proportions
other than 1:1, by altering the integration limits. Thus, the ODE framework
presented in Eqs. 4–6 can be readily adapted to study a broad range of
phenotype adaptation and treatment settings. For such modifications,
deriving new effective growth rates λeff is straightforward using the proce-
dure outlined in the Supplementary Material (SM2).

Statistics and reproducibility
The simulation result summary statistics presented in this article are mean
values and standarddeviations from100 simulation runs, as indicatedby the
figure legends. The simulation and analysis results presented in this study
are reproducible using the code files available on the public GitHub repo-
sitory https://github.com/SJHamis/phenotype_adaptation.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability
The simulation data produced in this study, as well as the in vitro data used
in this study, are available on the public GitHub repository https://github.
com/SJHamis/phenotype_adaptation.

Code availability
Themodel is implemented inMATLAB. Information on how to access, run
and modify the code files is available on the public GitHub repository
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https://github.com/SJHamis/phenotype_adaptation. The parameter values
used to generate the simulation results presented in this article are tabulated
in the Supplementary Material (SM3).
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