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Abstract

Cancer is a significant global health issue, with treatment challenges arising from intratumor
heterogeneity. This heterogeneity stems mainly from somatic evolution, causing genetic
diversity within the tumor, and phenotypic plasticity of tumor cells leading to reversible phe-
notypic changes. However, the interplay of both factors has not been rigorously investi-
gated. Here, we examine the complex relationship between somatic evolution and
phenotypic plasticity, explicitly focusing on the interplay between cell migration and prolifera-
tion. This type of phenotypic plasticity is essential in glioblastoma, the most aggressive form
of brain tumor. We propose that somatic evolution alters the regulation of phenotypic plastic-
ity in tumor cells, specifically the reaction to changes in the microenvironment. We study this
hypothesis using a novel, spatially explicit model that tracks individual cells’ phenotypic and
genetic states. We assume cells change between migratory and proliferative states con-
trolled by inherited and mutation-driven genotypes and the cells’ microenvironment. We
observe that cells at the tumor edge evolve to favor migration over proliferation and vice
versa in the tumor bulk. Notably, different genetic configurations can result in this pattern of
phenotypic heterogeneity. We analytically predict the outcome of the evolutionary process,
showing that it depends on the tumor microenvironment. Synthetic tumors display varying
levels of genetic and phenotypic heterogeneity, which we show are predictors of tumor
recurrence time after treatment. Interestingly, higher phenotypic heterogeneity predicts poor
treatment outcomes, unlike genetic heterogeneity. Our research offers a novel explanation
for heterogeneous patterns of tumor recurrence in glioblastoma patients.

Author summary

Intratumor heterogeneity presents a significant barrier to effective cancer therapy. This
heterogeneity stems from the evolution of cancer cells and their capability for phenotypic
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plasticity. However, the interplay between these two factors still needs to be fully under-
stood. This study examines the interaction between cancer cell evolution and phenotypic
plasticity, focusing on the phenotypic switch between migration and proliferation. Such
plasticity is particularly relevant to glioblastoma, the most aggressive form of brain tumor.
By employing a novel model, we explore how tumor cell evolution, influenced by both
genotype and microenvironment, contributes to tumor heterogeneity. We observe that
cells at the tumor periphery tend to migrate, while those within the tumor are more
inclined to proliferate. Interestingly, our analysis reveals that distinct genetic configura-
tions of the tumor can lead to this observed pattern. Further, we delve into the implica-
tions for cancer treatment and discover that it is phenotypic, rather than genetic,
heterogeneity that more accurately predicts tumor recurrence following therapy. Our
findings offer insights into the significant variability observed in glioblastoma recurrence
times post-treatment.

Introduction

Cancer remains a significant challenge in public health despite improvements in clinical treat-
ment. One of the leading causes of treatment failure is the emergence of therapy resistance,
enabled by tumor heterogeneity [1]. Tumor heterogeneity can refer to the existence of geneti-
cally distinct tumor subclones or the existence of cancer cells with different phenotypic charac-
teristics, including gene expression, metabolism, motility, proliferation, metastatic potential,
and resistance to treatment [2, 3]. It results from genome instability and mutations, and non-
genetic mechanisms of cancer progression and adaptation [4, 5]. Due to its heterogeneous
nature, tumor growth is increasingly viewed as an evolutionary and ecological process in
which abnormal cells compete for space and resources with each other and with healthy cells
in the surrounding tissue [6, 7]. Lately, the ability of cancer cells to develop phenotypic plastic-
ity has been proposed as a new hallmark of cancer [8]. Important examples include the epithe-
lial to mesenchymal transition [9] and the change of metabolism from oxidative
phosphorylation to anaerobic glycolytic metabolism (Warburg effect) [10]. Understanding
phenotypic states and transitions, mechanisms driving plasticity, and how to measure and
model these behaviors are significant challenges in the study of cancer plasticity [11].

One particularly interesting example of phenotypic plasticity is the migration-proliferation
dichotomy, which has been observed for non-neoplastic cells [12] as well as during tumor
development [13, 14]. This phenotypic switch is especially relevant in the context of glioblas-
toma, the most lethal form of brain cancer, with important implications for treatment [15].
The precise molecular mechanisms underlying this dichotomy remain poorly understood. The
switch between migrating and proliferating phenotypes has been suggested to depend on the
microenvironment of cells, such as growth factor gradients, extracellular matrix properties, or
altered nutrient availability [9]. Because tumor cells secrete relevant factors, produce toxic
metabolites, and consume oxygen and nutrients, their local cell density correlates with those
chemicals’ concentration [16, 17]. Therefore, the local cell density can be considered a proxy
for analyzing the dependence of the switch on the tumor microenvironment.

Several mathematical models have shown that the migration-proliferation plasticity has a
significant impact on tumor spread [18-22]. Bottger et al. [23] investigated the effect of a den-
sity-dependent switch between migrating and proliferating phenotypes on tumor persistence.
They assumed that migration and proliferation are mutually exclusive and that cells switch
between phenotypes according to a switching probability that depends on local cell density.
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This approach led to the notion of attractive and repulsive go-or-grow strategies, meaning
cells that tend to proliferate more or less with increasing cell density, respectively. They also
showed that the attractive strategy could lead to a strong Allee effect, a situation in which the
effective growth rate of a population can become negative for low cell densities [24]. Gallaher
etal. [25] investigated the phenotypic evolution of cancer cells under proliferation-migration
trade-offs. The authors assumed that the cellular phenotype is characterized by migration
speed and proliferation rate and studied the effect of different trade-off conditions on the evo-
lutionary dynamics. They showed that a higher migration rate is generally favored over prolif-
eration at the tumor’s edge and vice-versa in the tumor bulk. In a similar setting, the
spatiotemporal phenotype distribution could be predicted by mean-field theory [26].

However, previous studies investigating the evolutionary dynamics of migration and prolif-
eration traits did not explicitly consider the cell decision-making process governing the pheno-
typic switch between migration and proliferation. In these studies, all cells had an identical
phenotypic switch regulation in response to microenvironmental changes, and the phenotypic
selection was based solely on volume exclusion effects. This strongly simplified the biological
complexity of cell decision-making. Cancer cells are phenotypically plastic and can adapt in
response to their microenvironment according to their genotype, see Fig 1A. However, it is
unknown how this phenotypic plasticity influences the evolutionary dynamics in general and
in the context of the migration/proliferation switch in particular.

It remains to be determined whether there is an optimal regulation of the phenotypic switch
between migration and proliferation and how the microenvironment might influence this. It is
also uncertain why cells adopt an attractive go-or-grow strategy, particularly as this increases
the risk of extinction due to the strong Allee effect [23]. Furthermore, the effects of go-or-grow
plasticity on therapy outcomes have yet to be fully understood.

To tackle these questions, we propose a novel cellular automaton model for the emergence
and subsequent natural selection of cells with different go-or-grow strategies. Cells switch
between migratory and proliferative phenotypes as dictated by a phenotypic switch function
that depends on their individual (fixed) genotype and the (variable) local microenvironment
in the form of the local cell density relative to a cell density threshold (switch threshold), see
Fig 1B. Consequently, the probability of either phenotype is not given by its genotype alone
but by the combination of its genotype and microenvironment. The cells’ genotypes can be

A B
Hierarchy of cell decision-making Representation in mathematical model

Genotype Phenotypic switch regulation
Phenotype "Go" or "grow"
Microenvironment Cell density

Fig 1. Hierarchical representation of cell decision-making. (A) The cell’s genotype dictates the regulation of the
phenotypic switch. This switch determines the cell’s reaction to its microenvironment. Subsequently, the cell interacts
and shapes its microenvironment according to its phenotype. (B) In the mathematical model and the context of the go-
or-grow dichotomy, the genotype is represented by the parameter x which controls the phenotypic switch between the
migratory and proliferating phenotypes dependent on the local cell density. After assuming either phenotype the cell
influences the local microenvironment by either reducing the cell density (by migration) or increasing it (by
proliferation). We neglect possible epigenetic changes by a persistent microenvironment on long time scales.

https://doi.org/10.1371/journal.pchi.1012003.9001
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inherited or acquired via mutations. We study the cellular automaton model by extensive com-
puter simulations and a mathematical analysis based on a mean-field approximation. We per-
form a parameter scan varying the death rate and the cell density threshold while recording
the evolutionary dynamics. We quantify the phenotypic and genetic heterogeneity that arises
from these dynamics. Furthermore, our study extends to the implications of this heterogeneity
for cancer therapy. We simulate cancer treatments and monitor the time until recurrence,
which we correlate with the observed phenotypic and genetic tumor heterogeneity. Lastly, we
discuss how medical evidence from glioblastoma patients supports the predictions made by
our model.

Methods
Model definition

We define a stochastic, spatiotemporal, cell-based model to study the co-evolution of different
go-or-grow strategies. This allows us to describe the cell decision-making of individual cells
that each possess a unique go-or-grow strategy, which we associate with its genotype, see

Fig 1B. We assume that a cell’s decision-making depends on the local microenvironment. We
use a cellular automaton model with a state space accounting for cell velocity (represented by
channels). This class of cellular automata is called lattice-gas cellular automaton (LGCA) and
originates in fluid dynamics simulations [27]. It was later extended to model biological phe-
nomena such as excitable media, collective migration, and tumor growth [28-31].

In the LGCA, individual cells reside in channels on nodes of a regular lattice r € L. Every
node has b nearest-neighbor nodes, where b depends on the lattice geometry, e. g., for a one-
dimensional lattice b = 2. Nodes are connected to their nearest neighbors by unit vectors c;,
i=0,...,b- 1, which we call velocity channels. We have ¢, = 1, ¢; = —1 on a one-dimensional
lattice. Each node has one rest channel (channels with zero velocity), ¢, = 0. The state of each
node is updated independently and simultaneously in discrete time steps k = 1, 2, 3, .. .. First,
each state is updated in the interaction step using a stochastic update rule R : s — ', incorpo-
rating all relevant biological mechanisms. Subsequently, cells residing in velocity channels are
deterministically transported to nearest-neighbor nodes in the direction of the respective
velocity channel, i. e.,

s(r+c,k+1) =s(r k). (1)

The rules of our model are designed to implement the following assumptions about cellular
behavior, see Fig 2.

o Death. All cells die with a constant probability 6 in each time step.

« Phenotypes. Cells in the proliferating phenotype do not migrate, while cells with the migra-
tory phenotype do not proliferate. Cells with the proliferative phenotype divide with fixed
probability a(1 — n(r)/K), where n(r) is the number of cells on the node and K > 0 is the car-
rying capacity, a free parameter.

o Phenotypic switch. Cells switch between a proliferating and a migratory phenotype depend-
ing on the local microenvironment and their unique phenotypic switch regulation x € R.
The probability for the proliferative phenotype is given by a function r,(p,,) € (0, 1) that is
determined by the cell’s genotype x and depends on the local microenvironment p,.. We
define its exact form below.

« Mutations. During proliferation, the regulation of the phenotypic switch of the daughter cell
d, k4 representing the cell’s genotype, is drawn from a Gaussian distribution centered on the
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Fig 2. The lattice-gas cellular automaton (LGCA) model. (A) Left: The LGCA model is implemented on a one-dimensional
lattice, where each node comprises two velocity channels for movement to the nearest-neighbor nodes and one rest channel
for no movement. Each channel can be occupied by any number of cells. Cells in velocity channels (marked red) have the
migratory phenotype, and cells in rest channels have the proliferative phenotype (blue). White channels denote the absence of
tumor cells. Right: Schematic illustration of model dynamics: Cells switch between phenotypes depending on their genotype
x and the local tumor cell density. Proliferative cells divide with a constant rate ¢.. Migratory cells randomly choose a new
direction of movement. All cells die with a constant rate 6. (B) Cell migration. Each migratory cell (red) moves in the
direction of its respective velocity channel. (C and D) Phenotypic plasticity. The phenotypic switch probability r, depends on
the tumor cell density in the microenvironment p,, and the cell’s genotype . The sign of x determines the switch regulation.
(C) x> O results in attractive behavior (proliferating phenotype triggered by high cell density), and k < 0 (D) leads to
repulsive behavior (cells switch to migratory phenotype if the local cell density becomes too high). The parameter 6 indicates
the cell density threshold, where the probability for either phenotype is 1/2.

https://doi.org/10.1371/journal.pcbi.1012003.9002

respective parameter of the mother cell «,,, and has a fixed standard deviation Ax. This
ensures that daughter cells inherit x values similar to those of the mother cells.

» Migration. Migratory cells perform an unbiased random walk.

Due to the variable proliferation behavior caused by the phenotypic switch between migra-
tion and proliferation, a constant cell death rate, and a steady influx of variation caused by the
mutations, cells are subjected to Darwinian evolution, potentially leading to a complex spatial
distribution of & values. This is the key novelty in this paper compared to [23], where all cells
during one simulation followed the same phenotypic switch function r,(p), i. e., had the same
K value.

In the model, we divide the stochastic update rule R into several steps: First, a death opera-
tor removes dying cells. Next, all cells switch their phenotype according to the phenotypic
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switch function, which depends on their regulation of the switch x and the average density in
their microenvironment p,/(r) == m S0, n(s(r + ¢,)). Then, proliferative cells divide
according to the probability mentioned above. Newly born cells are also placed in the rest
channel, i. e., start out in the proliferative state. The switch parameter of the daughter cells is
sampled from a Gaussian distribution centered on the switch parameters of the mother cells
Km» 1€, K, ~ N (k,,, Ak?). For a detailed definition of the mathematical model including a
table of parameters, see S1 Text.

We propose that the transition between proliferative and migratory cellular behavior relies
on the local cell density. We regard the cell density as a proxy for tumor cell interactions with
extracellular matrix components, chemical signals, and stromal cells. These effects are modeled
based on their correlation with cell density. Instead of reproducing the phenotypic switch pro-
cess’ intricacies involving signaling networks, we simplify the intracellular details into stochas-
tic cell-based rules, yielding an analytically tractable model. This increases our understanding
of the underlying dynamics.

Although the precise dependence of the phenotypic switch on cell density is uncertain, we
opt for the simplest form: a monotonous dependence. This choice enables the discrimination
of two complementary types of plasticity: attraction to or repulsion from densely populated
regions. In the attraction scenario, cell motility decreases with local cell density, promoting
proliferation in crowded areas, as shown in Fig 2C. Conversely, in the repulsion scenario, cells
avoid densely populated areas by switching to the migratory phenotype and moving away
while increasing proliferation in sparsely populated regions, as depicted in Fig 2D. An inde-
pendent strategy is also possible where the phenotypic switch does not depend on cell density,
i. e, k & 0. Corresponding cells adopt either phenotype with equal probability irrespective of
their microenvironment.

We assume that transitions between migrating and proliferating phenotypes, i. e., velocity
and rest channels, are dictated by the phenotypic switch function

()= 5 (1 + tanh(x(p — 0))) ©)

where p(r) == m Zf:o n(r + ;) represents the average density of tumor cells in the neigh-

borhood, « is the unique regulation parameter of the switch and 6 is a constant threshold
parameter. The intensity of the dependence of the switch on the cell density is determined by
the absolute value of k. The sign of x indicates whether the cell applies the attractive (x > 0) or
the repulsive strategy (x < 0) [23]. The cell density threshold at which the switching probabili-
ties between phenotypes are equal is denoted by the parameter 6. The functional form of the
switching function was first suggested in a study that examined tumor invasion [20].

Analysis of growth dynamics

We simulate the LGCA model on a one-dimensional lattice with L = 1001 nodes, correspond-
ing to a maximum tumor diameter of 5 cm (see S1 Text), which is large enough that no cells
reach the lattice boundary. We place K cells in the central node’s rest channel, i. e., these cells
are in the proliferative phenotype, as an initial condition and choose their switch parameters «;
from a uniform distribution in the interval [—4, 4]. We investigate the impact of the death
probability 6 and the phenotypic switch threshold 6 on evolutionary dynamics. To this end, we
perform a parameter scan, systematically varying these parameters in the intervals 0 < § <
0.25 and 0 < 0 < 1. We fix the proliferation probability and capacity at & = 1, K = 100 and the
standard deviation Ax = 0.2. For an overview of mathematical symbols and parameter values
see Tables A and B in S1 Text.
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We simulate the system for 1000 time steps, corresponding to about four years (see S1
Text), avoiding synthetic tumors reaching the lattice boundary at the end of the simulation. As
observable, we record the spatial distributions of resting/migrating cells and the genotype dis-
tribution y(r, ).

We also perform simulations on two-dimensional hexagonal lattices to ensure that our
results do not depend on the one-dimensional lattice. We choose a hexagonal lattice over a
square lattice to reduce artificial patterns that can occur in spatially discrete models [32]. To
this end, we place K = 50 cells in the middle of a hexagonal lattice of sidelength L = 250 and
monitor the temporal dynamics for 300 time steps. Other parameters and observables are
unchanged compared to the one-dimensional simulations. Due to the computational costs
involved, we do not perform a systematic parameter scan but simulate the system for selected
parameter sets to ensure that the observed dynamics in two dimensions match those in one
dimension qualitatively.

Characterization of therapy response

Starting from simulation endpoints of the growth dynamics simulations, we remove 99.9% of
cells to simulate cancer therapy. This value was previously used to estimate the effect of the
resection of a glioblastoma tumor [19]. We then let the tumor grow again until the number of
cells has reached the level before treatment and record the required time as recurrence time.

Quantification of heterogeneity

To quantify the heterogeneity in our synthetic tumors, we calculate the Shannon entropy of
the observed distributions of phenotypes and genotypes. This information-theoretic score is
maximal if every tumor cell subpopulation is equally probable and minimal if all cells are iden-
tical [33]. For the phenotype distribution, we can directly compute the entropy as

Spheno == pmigr logZ pmigr - ppmlif logZ Pprolif7 (3)

where prigr Pprolif are the frequencies of migrating and proliferating cells, respectively. As the
distribution of genotypes is continuous in our model, we apply a histogram-based estimator.
We first bin our genotype values k; using the method histogram of the Python package
numpy 1.24.2 with automatic bin estimation. Next, we can estimate the genotype entropy
as

n;
Sgeno = Z ni logz K7 (4)

where n; is the number of cells in bin i and A; is the width of bin i.

Results
Emergence of phenotypic and genetic heterogeneity

We first aim to characterize the emergent growth dynamics, starting with a small number of
cells. Figs 3A-3F and S1-S3 show snapshots of representative examples of the observed evolu-
tionary dynamics. S1-S6 Videos show representative growth dynamics in two dimensions.
The population expands, invading the surrounding tissue reminiscent of a traveling wave.
Interestingly, the spatial distribution of the switch parameter x shows a bimodal behavior for
most combinations of parameters (see Fig 3E). In this case, a small subpopulation of cells with
negative switch parameters x < 0 leads to population growth at the edge, while most cells in
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Fig 3. Phenotypic and genetic heterogeneity emergence. Example realizations (A-F) and ensemble averages (G-L) for three
parameter sets. Evolution of cell density profiles (A-C) and local switch parameter (D-F). (G-I) Distribution of proliferating (blue)
and migrating (orange) cells at the endpoint. (J-L) Switch parameter x distribution at the endpoint. Shaded regions represent one
standard deviation. Negligible cell death (first column) results in attractive type cells (x > 0) around the initial lattice node at x = L/2,
with migrating phenotype cells outgrowing due to quick spread across the lattice (regime 1, Fig 4). High cell death and low switch
threshold (second column) lead to predominantly proliferative phenotypes with attractive-type cells (x > 0) dominating the tumor
bulk and repulsive-type cells (x < 0) invading the edge (regime 2, Fig 4). High cell death and high switch threshold (third column)
result in a majority of proliferative cells but with a significant fraction of migrating cells throughout the tumor. Repulsive-type cells
dominate the tumor, and weaker phenotype switch cells (x = 0) are more likely at the tumor edge (regime 3, Fig 4).

https://doi.org/10.1371/journal.pchi.1012003.9003
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the tumor bulk have a positive switch parameter x > 0. Systematic variation of the threshold
parameter 6 and the death probability & reveals distinct evolutionary regimes of the system.

Negligible apoptosis rates favor the migratory phenotype. If there is negligible cell
death (6 = 0), the evolutionary pressure is low, and the relative cost of switching to the migra-
tory phenotype is small. This situation could apply to the early stage of tumor growth, where
resources are abundant, and there is only a minimal immune response. In this case, cells that
spend more time migrating have an advantage because the best chance to outgrow competing
cells is to migrate to empty space and start growing there. Therefore, in this regime, the frac-
tion of cells in the migratory phenotype is the highest, see Figs 3G and S1B. For a small thresh-
old parameter 6, the evolutionary process favors cells of the repulsive type (x < 0) because
these cells start to migrate as soon as the local cell density exceeds the low threshold, see Fig
3D and 3J. For higher values of the threshold parameter 6, the independent type (x =~ 0) domi-
nates, see S1D Fig and S2 Video. These cells switch between migrating and resting states irre-
spective of the local cell density. They have an advantage over the repulsive cells because the
latter would only start moving at very high local cell densities p,, > 0 when the independent
cells have already populated the local microenvironment. They also outgrow the attractive type
(x> 0) as these cells are predominantly in the migratory phenotypic state, can only grow in
high-density environments, and can, therefore, not populate low-density areas.

Low switch threshold favors repulsive strategies at the tumor edge and attractive strate-
gies in the tumor bulk. The situation changes dramatically for higher values of the death rate
and low switch threshold. This regime could apply to larger tumors with weak blood perfusion
where nutrients and oxygen are scarce in the tumor bulk, see the discussion of clinical evi-
dence below. The migratory phenotype now offers an advantage only if the cell is located near
the tumor boundary so that low-density/high-oxygen areas are easily reachable, see Figs 3H
and S2B and S2C. Therefore, cells adapt to their local environment: On the one hand, within
the tumor, where the local cell density is high, cells evolve to favor the attractive strategy
(x > 0). As cell density is high and cell proliferation is low due to space restrictions, even if
many cells switch to the proliferative phenotype, this resembles a dormant state, where cells
wait for neighboring cells to die and to fill new gaps quickly. On the other hand, cells at the
edge of the tumor evolve towards the repulsive genotype (x < 0), which favors the migratory
phenotype when the local cell density becomes too large, see Figs 3E, 3K, S2B and S2D, and 54
Video. Therefore, these cells can consistently grow at the edge of the tumor, although they
would likely die out in the high-density tumor bulk on the search for a low-density
environment.

High switch threshold leads to repulsive strategies throughout the tumor. For high val-
ues of the switch threshold 6, the situation resembles a well-perfused tumor, and the dynamics
change again (see Clinical Evidence Section). In this case, the repulsive go-or-grow strategy
(k < 0) has a clear evolutionary advantage over all other strategies and is adopted throughout
the tumor, see Figs 3F, 3L and S3D, and S6 Video. Cells with this strategy focus on growth
while the local cell density is lower than the switch threshold 0 and only switch to the migra-
tory phenotype when the cell density becomes very high. However, significant heterogeneity
persists in this regime; specifically, cells at the tumor periphery tend to exhibit elevated x val-
ues, predisposing them to a migratory phenotypic state more frequently than cells residing in
the central mass of the tumor, see Figs 31, S3B and S3D.

A mean-field approximation can predict the evolutionary regimes

We derive a mean-field description of our model to elucidate the role and interactions between
the different involved scales (genotype, phenotype, and microenvironment) following the
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procedure in [23]. Here, mean-field refers to an approximation, where the expected value of a
function f of any stochastic variable X is replaced by the function evaluated at the expected
value of the stochastic variable, i. e., (f(x)) = f((x)). Using this approximation, we can derive
the effective per-capita growth rate F, (p, p,,) of cells of genotype « at a lattice node with cell
density p surrounded by a microenvironment of average cell density p,,

F(p,py) = a(l = p)r.(py) — 6. (5)

See S1 Text for a derivation. We interpret this function as a context-dependent fitness func-
tion, 1. e., a fitness function which depends not only on a cell’s genotype « but also on its
microenvironment p, p,.. To predict the outcome of the evolutionary dynamics, we look for
its maxima in dependence on the local cell density and the switch threshold. The effective
growth rate is maximal if cells spend most of the time in the proliferative state, i. e.,

rrc(p/\/) — L

for kK—oo if py—0>0

rpy) — 1{ (6)

for k — —oo if p,—0<0.

For the tumor bulk, we can estimate an upper limit for the average cell density in the neigh-
borhood. To do this, we assume that the densities in the node of interest and its neighbors are
at the maximum equilibrium density. The maximal equilibrium density can be reached if all
cells in the respective nodes have the proliferative phenotype (r, = 1). Assuming this extreme
case, we end up with the following upper limit to the local density

5
Epipn) =0=py S 1=— = ppe (7)

By setting p,, = p,... in Eq 6, we can define two distinct regimes of the evolutionary
dynamics in the tumor bulk, see black dashed line in Fig 4A. In the heatmap plot, we show the
mean switch parameter x of all cells in the tumor at the end of the simulation for each parame-
ter combination (6, 8). For pp.x = 1 — 6/a > 0, we predict the evolutionary dynamics to drive
the cells toward the attractive strategy (x > 0, region 2 in Fig 4). Conversely, for high 6 and
high &, we predict that the repulsive strategy (x < 0) is favored (region 3 in Fig 4). Finally, the
situation without cell death (6 = 0) represents a special case, see region 1 in Fig 4. Since there is
no cell death, the evolutionary process is not determined by the slow dynamics in the tumor
bulk. Instead, the tumor cells invade the surrounding tissue like a traveling wave, and the cells
that do this the fastest initially will also dominate in the long term. Due to the phenotypic
switch, we can describe the movement of tumor cells by a cell density-dependent diffusion
constant and proliferation rate [23]. However, at the tumor front, we can make a low-density
approximation, neglecting the cell density-dependence of proliferation and migration, i. e.,
t.(py) = 1,.(0). In this case, we obtain an effective proliferation rate proportional to the proba-
bility of being in the proliferative phenotype o o r,(0). The diffusion constant, on the other
hand, is proportional to the probability of being in the migratory phenotype Dy o (1 — 1,.(0)).
With this approximately constant proliferation rate and diffusion constant, we recover the
classical Fisher-KPP equation of population growth in a homogeneous environment [34]. This
traveling wave has a minimum wave speed that is proportional to the square root of the prod-
uct of the diffusion constant and the proliferation rate, i. e.,

¢ o< \/2,Dy = /1, (0)(1 — ,(0)). (8)
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Fig 4. Emerging heterogeneity and treatment responses depend on death rate and switch threshold as predicted by mean-field theory. (A)
Average switch parameter k in the cell population. We can distinguish three different regimes. (1) If there is no cell death, the population is dominated
by cells that can invade the surrounding tissue the fastest, which are cells with a switch parameter at zero or slightly below. (2) For a low switch
threshold and non-zero death rate, the tumor is dominated by cells with an attractive go-or-grow strategy (x > 0). However, there is considerable
genetic heterogeneity, with repulsive cells at the tumor front, see Fig 3, second column. (3) With increasing switch threshold 6 and death rate 6, there is
a transition to the repulsive regime, where all cells in the tumor use the repulsive strategy (k < 0). This transition can be predicted by mean-field theory
(black dashed line, given by Eqs 6 and 7. (B) The phenotypic heterogeneity is largest near the transition line between evolutionary regimes. (C) The
genetic heterogeneity shows a bimodal behavior, with a minimum at the transition line surrounded by local maxima. (D) The recurrence time is longest
in regime (2) and minimal near the transition line as well as for low values of the switch threshold 6.

https://doi.org/10.1371/journal.pchi.1012003.g004

We are now looking for the switch parameter k, which maximizes this wave speed, as the
corresponding cancer cell population populates the tumor microenvironment fastest and
dominates the tumor for the rest of its existence if there is no cell death. By calculating the

maximum of Eq 8 we find that

¢, 0max<r (0)=1/2=Kk=0 9)

maximizes the wave speed. This prediction agrees relatively well with numerical simulations,
see Fig 4, regime 1. However, we observe a bias towards the repulsive strategy in numerical
simulations. Describing this effect requires a more sophisticated mathematical analysis
accounting for the density-dependence of the phenotypic switch, which is beyond the scope of
this work.

Phenotypic and genetic heterogeneity are predictors of treatment success

Next, we investigate the implications of the observed emergent heterogeneity on cancer treat-
ment prospects. To do this, we simulate a simplified treatment scenario, which we apply to the
synthetic tumors, see Methods. In short, starting from the simulation end points of the tumor
growth simulations, we remove a large portion of tumor cells and record the recurrence
dynamics. Most importantly, we record the recurrence time, which we define as the time until
the tumor reaches the same cell number as before the treatment. The recurrence time shows
considerable variability, ranging from below 100 time steps to more than 500 time steps or
even complete tumor extinction. This corresponds to recurrence times of around one hundred
days to more than two years, see S1 Text, which agrees well with empirical data on tumor pro-
gression of high-grade glioma [35]. We removed tumor extinction cases when performing the
recurrence time statistical analysis. The recurrence time depends on the input parameters in a
complex non-linear fashion, but we distinguish the following qualitative trends (Fig 4D):
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Fig 5. Genetic and phenotypic heterogeneity predict treatment success. Shown is the time to recurrence of synthetic
tumors versus the genetic entropy (A) and phenotypic entropy (B). Higher phenotypic entropy is associated with lower
recurrence times, while higher genetic entropy is associated with higher recurrence time, corresponding to better
prognosis. Black dashed lines are linear regressions.

https://doi.org/10.1371/journal.pchi.1012003.g005

Recurrence is fastest for very low death rates and very low or very high switch thresholds as
well as near the transition line between evolutionary regimes (black dotted line in Fig 4D). It is
longest, even allowing for total tumor extinction in rare cases (n = 4 out of 660 simulations), in
the attractive regime (2) in Fig 4, because these cells start migrating at low densities instead of
growing. The tumor extinction is a consequence of the strong Allee effect affecting cells with
the attractive go-or-grow strategy, as predicted previously [23]. Finally, the repulsive regime
(3) in Fig 4 shows a medium recurrence time but no extinction.

So far, we described our results in dependence on model parameters, specifically the death
rate and the density threshold. However, these parameters cannot be measured in a clinical set-
ting. Therefore, we also quantify our synthetic tumors” phenotypic and genetic heterogeneity,
as described in Methods. These observables can be recorded in a clinical setting and potentially
hold prognostic value [33]. We find that the phenotypic heterogeneity, estimated as the
entropy of the distribution of migrating and resting cells, was maximal near the transition line
of evolutionary regimes and for very low death rates (Fig 4B). Conversely, the genetic entropy
has a local minimum near the transition between evolutionary regimes (Fig 4C).

To mimic a medical scenario, we now treat our synthetic tumors as black boxes, i. e., we
pretend that we do not know any cell-specific parameters. Instead, we assume that we can only
measure the phenotypic and genetic heterogeneity and ask whether these observables hold
prognostic value for the therapy outcome. Thus, we plot the recurrence time depending on
genetic and phenotypic entropy (Fig 5). Interestingly, we find that a higher genetic entropy is
associated with a longer recurrence time, i. e., a better prognosis (Fig 5A). On the other hand,
high phenotypic entropy is correlated with poor treatment outcome, i. e., short recurrence
times (Fig 5B).

Clinical evidence of evolutionary regimes

As mentioned, the go-or-grow dichotomy is particularly relevant for glioblastoma tumors.
Therefore, we turn to medical data of glioblastoma patients to collect evidence of distinct evo-
lutionary regimes. One prognostic marker for glioblastoma patients is the relative cerebral
blood volume (rCBV), which can be measured using magnetic resonance imaging (MRI). The
rCBYV indicates the blood perfusion of the tumor relative to healthy tissue. Patients can be
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associated with one of two groups, depending on the rCBV value: An increased rCBV (> 1.75
[36]) is associated with a more aggressive tumor [37] with a worse prognosis and a short recur-
rence time after treatment [35]. Conversely, patients with low rCBV (< 1.75) have a better
prognosis, i. e., longer recurrence times. In the context of our model, we argue that increased
rCBYV corresponds to a higher switch threshold 0, i. e., increased cell density threshold, because
nutrients and oxygen are more readily available in well-perfused tumors. In this case, tumor
cells only experience a lack of nutrients when the cell density approaches the carrying capacity,
i.e.,, p = 0~ K. Consequently, we associate high-rCBV tumors with the evolutionary regime
(3), in Fig 4, i. e., evolving to a predominantly repulsive strategy with a shorter recurrence
time. Patients with weak perfusion (rCBV < 1.75), on the other hand, are in regime (2), where
most cells evolve to an attractive strategy, and only cells at the tumor periphery have the repul-
sive strategy.

Moreover, several studies have found that postoperative hypoxia and infarction (death of
brain tissue due to insufficient blood supply after surgery) trigger invasive tumor growth cor-
related with multifocal and distant recurrence patterns, associated with shorter overall survival
and post-progression survival, without a change of the recurrence time [38-40]. These findings
agree with our model, assuming that postoperative hypoxia corresponds to decreased cell den-
sity threshold 6. This, in turn, leads to increased cell migration of cells with the repulsive go-
or-grow strategy, see Fig 2D, which are present in all tumors irrespective of the evolutionary
regime, and can ultimately lead to multifocal/distant recurrence.

In summary, tumor recurrence patterns of glioblastoma patients hint at the existence of
two evolutionary regimes defined by tumor perfusion, as predicted by our mathematical
model.

Discussion

Describing, reconstructing, or even predicting the evolutionary dynamics in tumors using
mathematical models can potentially improve cancer therapy. However, this remains a formi-
dable challenge due to the multiscale interplay of genetic, phenotypic, and microenvironmen-
tal heterogeneity. This study investigated the interplay of evolutionary dynamics and the
phenotypic plasticity between migration and proliferation, which is especially relevant for glio-
blastoma cells. Specifically, we asked if an optimal regulation of the phenotypic switch exists
and how it depends on environmental parameters. Moreover, we studied the clinical implica-
tions of this phenotypic plasticity. To this end, we applied a novel cellular automaton model
for cells that switch between a migratory and proliferating phenotype depending on their
microenvironment. Here, we used the local cell density as a proxy for other environmental fac-
tors. Cell density is compared to the switch threshold 6. We enabled each cell to employ its
unique go-or-grow strategy determined by the cell-specific phenotypic switch parameter «,
which we envision as a simplified representation of a cell’s genotype. By doing so, we could dis-
tinguish three qualitatively different strategies: The independent strategy (x = 0), where cells
switch between the two phenotypes independent from the local microenvironment and both
phenotypes are always equally likely; the attractive strategy (x > 0), where cells are increasingly
likely to be in the proliferative phenotype with increasing cell density; and finally, the repulsive
strategy (x < 0), with which cells are more and more likely to be in the migratory phenotype
with increasing cell density. Both phenotypes have equal probability at the cell density thresh-
old 6, irrespective of k. The switch parameter 0 is fixed and assumed to be a function of the
tumor microenvironment. Assuming that the phenotypic switch is triggered by low resource
availability, we proposed that a large switch threshold « corresponds to a well-perfused tumor
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in which nutrients and oxygen are readily available. Conversely, a low switch threshold indi-
cates a low resource availability.

We then investigated the evolutionary dynamics in a growing tumor for varying death
probability 6 and switch threshold 6 and observed the emergence of phenotypic and genetic
heterogeneity. Notably, we found that for a low cell density threshold (resource scarcity), the
attractive strategy is favored in the tumor bulk, while the repulsive strategy dominates at the
tumor border. This situation is reversed in the case of a high switch threshold, which we could
predict by a mean-field analysis. In both situations, cells are preferably in the proliferating phe-
notype in the tumor bulk and the migratory phenotype at the tumor border. However, the
tumor’s genetic makeup is fundamentally different in both cases and depends on the microen-
vironment, i. e., the apoptosis rate § and the switch threshold 6.

We also investigated a treatment scenario and recorded the response of synthetic tumors,
specifically the recurrence time. We found that the recurrence time varies significantly, like for
many cancers in medical practice [35, 41, 42]. Interestingly, high phenotypic heterogeneity
was associated with a poor clinical outcome, while moderate genetic heterogeneity is corre-
lated with better therapy success.

The evolution of phenotypic heterogeneity with more migratory cells at the tumor front
and cells with higher proliferation rate in the tumor bulk had been observed in several previous
modeling studies [20, 25, 26, 43]. However, so far, theoretical studies typically either study the
effects of phenotypic plasticity or the evolution of genetic traits. They do not consider the cel-
lular phenotype as the consequence of a cell decision-making process involving both the geno-
type and the cellular microenvironment. Here, we filled this gap by implicitly modeling the
cell decision-making process in the context of the so-called go-or-grow dichotomy using a
phenotypic switch function depending on cell density. This implies that we do not distinguish
cancer cell clones that are inherently more migratory or have a higher proliferation rate.
Instead, each cell switches between these two phenotypes as a response to its microenviron-
ment and according to its genotype.

Experimentally identifying the phenotypic switch function would require studying the
respective tumor cell lines in varying microenvironmental contexts.

While we did not focus on specific tumor cell lines here, it has been hypothesized before
that the attractive strategy (k > 0) corresponds to a low-grade tumor, and the repulsive strat-
egy (x < 0) to a high-grade tumor [23]. This aligns with clinical evidence on the effect of blood
perfusion and postoperative infarction in glioblastoma tumors.

Our model also predicted that increased phenotypic heterogeneity correlates with a worse
prognosis, in contrast to high genetic heterogeneity that can be associated with longer recur-
rence times. This agrees with results by Sharma et al. [44], who found that in non-small-cell
lung cancer, genetic heterogeneity alone was insufficient to capture the heterogeneity observed
at the transcriptomic level. They showed that phenotypic heterogeneity results from various
intra- and extracellular sources. For example, the proliferation rates of cells of the same sub-
clone varied depending on the tumor microenvironment. They concluded that tumor hetero-
geneity should be assessed at multiple levels to find the sources of phenotypic heterogeneity
affecting clinical outcomes.

In our proposed model, we integrate the impact of the microenvironment on the pheno-
typic transition between motile and proliferative cellular behaviors through a dependency on
local cell density. This assumption is reasonable, as other potential environmental factors, such
as nutrient and oxygen availability, molecular signaling gradients, or additional cell-cell inter-
actions, are also mediated by and correlated with local cell density. Simplifying the inherent
complexity allows a more tractable exploration of fundamental organizational principles. We
anticipate that significant population characteristics, such as the emergence of phenotypic and
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genetic spatial heterogeneity, are still observable even if the reliance of plasticity on local den-
sity is refined into a more accurate dependency on specific cell-microenvironment interac-
tions. Future research can build on this foundation by exploring additional aspects of tumor
evolution and therapy response. For instance, incorporating explicit dependencies on specific
cell-microenvironment interactions and additional environmental factors, such as diffusing
nutrients and oxygen, could provide a more comprehensive understanding of tumor growth’s
complex dynamics. This would lead to a more complex, nonlinear, non-monotonic, pheno-
typic switch function with multiple inputs, potentially resulting in even richer dynamics result-
ing from the dynamic and heterogeneous tumor microenvironment.

In conclusion, we showed that the interplay of phenotypic plasticity and Darwinian evolu-
tion leads to multi-scale heterogeneity, i. e., heterogeneous spatial distributions of cancer geno-
types and phenotypes, affecting cancer treatment outcomes. The therapy response of synthetic
tumors showed considerable variability and depended on biological parameters in a complex,
non-linear manner, reminiscent of clinical practice. Associating the recurrence time with
genetic and phenotypic heterogeneity revealed that phenotypic heterogeneity is the more
important prognostic marker associated with worse treatment outcomes.

Supporting information

S1 Text. Supplementary information. The supplementary text contains 1) a list of mathemat-
ical symbols; 2) a table of the parameter values used; 3) a detailed mathematical LGCA model
description; 4) a derivation of the average per-capita growth rate, i. e., the fitness function; 5)
an estimation of the physical units of the LGCA time step length and lattice spacing.

(PDF)

S1 Fig. 2-D growth dynamics without cell death. Snapshot of an exemplary simulation on a
hexagonal lattice without cell death corresponding to regime 1 in Fig 4. (A) Total cell density,
(B) migratory cells, (C) proliferating cells and (D) average local switch parameter «. Cells with
the independent strategy (x = 0) grow the fastest and dominate the tumor, leading to a mix of
migratory and proliferative cells throughout the tumor. Parameters: k = 300, K = 50, L = 250,
0=0.5,6=0.

(PNG)

S$2 Fig. 2-D dynamics with cell death and low phenotypic switch threshold. Snapshot of an
exemplary simulation on a hexagonal lattice with cell death and low phenotypic switch thresh-
old corresponding to regime 2 in Fig 4. (A) Total cell density, (B) migratory cells, (C) prolifer-
ating cells and (D) average local switch parameter x. Spatial heterogeneity of genotypes (x
values), phenotypes, and density emerges, with a high-density tumor core of proliferating cells
with an attractive strategy (k > 0) surrounded by a low-density tumor rim of migratory cells
with a repulsive strategy (x < 0). Parameters: k = 300, K= 50, L =250, 0=0.2,56=0.2.

(PNG)

$3 Fig. 2-D dynamics with cell death and high phenotypic switch threshold. Snapshot of an
exemplary simulation on a hexagonal lattice with cell death and low phenotypic switch thresh-
old correponsing to regime 3 in Fig 4. (A) Total cell density, (B) migratory cells, (C) proliferat-
ing cells and (D) average local switch parameter k. The whole tumor evolves towards the
repulsive strategy, resulting in a homogeneous tumor of high density with migratory and pro-
liferating cells throughout the tumor. Parameters: k = 300, K = 50, L = 250, 0 = 0.9, 6 = 0.2.
(PNG)
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S$1 Video. Cell density in 2-D growth dynamics without cell death.
(MP4)

$2 Video. Distribution of switch threshold in 2-D growth dynamics without cell death.
(MP4)

$3 Video. Cell density in 2-D growth dynamics with cell death and low switch threshold.
(MP4)

$4 Video. Distribution of switch threshold in 2-D growth dynamics with cell death and
low switch threshold.
(MP4)

§5 Video. Cell density in 2-D growth dynamics with cell death and high switch threshold.
(MP4)

$6 Video. Distribution of switch threshold in 2-D growth dynamics with cell death and
high switch threshold.
(MP4)
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