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Abstract
Intratumoral heterogeneity can exist along multiple axes: Cancer Stem Cells (CSCs)/non-CSCs, drugsensitive/drug-tolerant states and a spectrum of epithelial-hybrid-mesenchymal phenotypes. Further, these
diverse cell-states can switch reversibly among one another, thereby posing a major challenge to therapeutic
efficacy. Therefore, understanding the origins of phenotypic plasticity and heterogeneity remains an active area of
investigation. While genomic components (mutations, chromosomal instability) driving heterogeneity have been
well-studied, recent reports highlight the role of non-genetic mechanisms in enabling both phenotypic plasticity
and heterogeneity. Here, we discuss various processes underlying phenotypic plasticity such as stochastic gene
expression, chromatin reprogramming, asymmetric cell division and the presence of multiple “attractors”. These
processes can facilitate a dynamically evolving cell population such that a subpopulation of (drug-tolerant) cells
can survive lethal drug exposure and recapitulate population heterogeneity on drug withdrawal, leading to relapse.
These drug-tolerant cells can be both pre-existing and also induced by the drug itself through cell-state
reprogramming. The dynamics of cell-state transitions both in absence and presence of the drug can be quantified
through mathematical models. Such a dynamical systems approach to elucidating patterns of intratumoral
heterogeneity by integrating longitudinal experimental data with mathematical models can help design effective
combinatorial and/or sequential therapies for better clinical outcomes.
Keywords: Cell-state transitions; Phenotypic plasticity; Cancer Stem Cells; Intratumoral heterogeneity; Lamarckian Induction; Drug
resistance

Introduction
Intratumor heterogeneity has emerged as an Achilles’ heel in cancer treatment. It is a multifaceted phenomenon
with inputs from genetic, epigenetic and other environmental axes, including the selection pressure applied by
various therapeutic assaults (1). Most attempts to longitudinally track this heterogeneity have been from a clonal
evolution perspective or developmental hierarchy of tumor-initiating cells, by mapping the corresponding
mutational profiles (2). However, increasing evidence indicates that cancer progression can also evolve in a
mutation-independent manner (3). These non-genetic changes can drive cancer cell adaptation to various stresses
such as therapy, hypoxia etc. and enable cells to reversibly and rapidly change their phenotypes during metastasis
(4). Thus, elucidating population dynamics of phenotypic plasticity and non-genetic (phenotypic) heterogeneity is
crucial to understand and eventually target cancer cell survival and adaptation.
Phenotypic plasticity and heterogeneity has been well-investigated in microbial cell populations surviving in
dynamic environments (5), and is being identified extensively in cancer cell populations in the past 15 years (6–
10). The sources for cell-to-cell heterogeneity can include, but not limited to, stochastic gene expression (11),
asymmetric cell division (12), cell cycle phase (7), and epigenetic alterations (8) (Fig 1). These sources contribute
to intercellular differences in protein abundance that can lead to heterogeneous cellular response to a uniform
environment (6).
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Fig 1. Sources of non-genetic heterogeneity. Cells with distinct colours (green, blue, and purple) represents genetic
variants (A) and non-genetic heterogeneity shown by shades of the same colour (B). The inset depicts schematic for
sources of cell-to-cell variability – i. Differences in cell-cycle phase among cells, ii. Stochastic gene expression, iii.
Epigenetic differences (at histone or DNA level) among cells, and iv. Asymmetric cell division – asymmetric distribution
of molecular content to daughter cells.

Besides the abovementioned factors, phenotypic heterogeneity can also emerge from the complex dynamics of
interactions among many bio-molecules (proteins, microRNAs, epigenetic factors, metabolites etc.) that allow for
(co-)existence of multiple “attractors”, i.e. specific molecular patterns that correspond to different cell phenotypes.
Under specific perturbations, including those driven by stochastic intracellular fluctuations, cells can switch from
one attractor to another reversibly, thereby achieving phenotypic plasticity (13). Such plasticity can promote bethedging – an evolutionary strategy through which an isogenic population can maximize its fitness in dynamic
environments by giving rise to many subpopulations (phenotypic heterogeneity) (14). This strategy is wellillustrated through ‘drug-tolerant persisters’ (DTPs) – a subpopulation of cancer cells that survive drug treatment
without de novo genetic mutations but by manifesting a slow-growth phenotype in the presence of drug and
resuming the initial behavior upon drug removal (15). DTPs have been observed across cancer types – breast
cancer, liver cancer, melanoma, lung cancer, prostate cancer – in response to chemotherapy and targeted therapy,
and remains an insuperable obstacle to durable anticancer treatment (15).
Besides drug-induced transitions exemplified by DTPs, spontaneous transitions among many cell phenotypes
have been observed. For instance, Cancer Stem Cells (CSCs) – a subpopulation of tumor cells that can self-renew
and differentiate into other phenotypes – were earlier thought to seated at the apex in the hierarchy of cellular
differentiation (16). However, recent evidence across cancer types has shown that a) non-CSCs can acquire the
traits of CSCs stochastically (17,18), and b) CSCs include many subpopulations that may reversibly switch among
one another (19,20). The transition rates among different cellular phenotypes can, of course, be influenced by
external conditions such as drug treatment (20,21). Thus, combinatorial and/or sequential strategies that can
overcome the adaptive strategies of cancer cell subpopulations by specifically targeting the vulnerabilities of a
drug-induced transition are gaining increasing attention (22,23). For instance, exposure to taxanes induces a
phenotypic transition to CD24hi CD44hi chemotherapy-tolerant state with activated Src Family Kinase (SFK). Thus,
pharmacological inhibitors of SFK, given after the treatment with taxanes but not by co-administration, can improve
the antitumor drug outcome (23).
Here, we review various reports on population dynamics of stochastic phenotypic switching and drug-induced
transitions in multiple cancers, while drawing parallels with developmental contexts. Finally, we discuss how
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mathematical modelling at intracellular and population dynamics levels have helped in decoding these transitions
and make further experimentally testable predictions.
Spontaneous state transition in development and cancer
An iconic metaphorical representation of phenotypic plasticity, particularly in context of embryonic development,
is given by Waddington’s landscape. A ball that rolls down this landscape made of branching valleys denotes the
differentiation trajectory of a cell (24). This diagram conveys the idea of lineage segregation and commitment
towards specific fates, as the ball crosses successive branching or bifurcation points. But cellular identities
assigned “at birth” during development can change during the lifespan of an organism, through de-differentiation
(conversion of a mature cell into a progenitor-like state) or trans-differentiation (conversion of one mature cell type
to another) (24). These mechanisms constitute normal injury response and are important for regeneration (25).
However, phenotypic plasticity is not restricted to being an injury response or an outcome of cellular
reprogramming cocktails alone; it can be seen spontaneously as well. Such spontaneous cell-state transitions can
maintain a dynamic equilibrium in a population (Fig 2A). For instance, when the three subpopulations of clonal
hematopoietic progenitor cells with varying Sca-1 levels were segregated and cultured separately, they
reconstituted the parental distribution after a week, indicating cell-state transitions among the Sca-1low, Sca-1medium
and Sca-1high fractions (26). Similar observations showing return towards equilibrium proportions were reported in
CD44hi CD24neg EpCAMlo (stem-like), CD44hi CD24neg EpCAMneg (basal) and CD44lo CD24hi EpCAMhi (luminal)
subpopulations in SUM149 and SUM159 breast cancer cells (17) (Fig 2B). The relative abundance of these
subpopulations can be altered by treatment with drugs; for instance, paclitaxel increased the frequency of luminal
state (17). In another case, EpCAMhi (epithelial) and EpCAMlo (mesenchymal) subpopulations in PMC42-LA breast
cancer cells returned to a 80:20 parental distribution, after being segregated (27). However, the return towards
parental distribution is not always observed. For instance, in prostate cancer PKV cells, when the subpopulations
– epithelial (E), mesenchymal (M) and hybrid E/M – were sorted and cultured independently, they all switched
among one another but gave rise to different population distributions after two weeks, depending on initial
conditions.
While individual
E
and
M
subpopulations
switched to a
80% E and 80%
M
population
distribution
respectively,
only 20% hybrid
E/M
cells
maintained their
phenotype (28).
Further,
in
MCF7
and
SUM149 breast
cancer
cells,
hi
lo
hi
two subpopulations of CSCs (CD44 CD24 – mesenchymal, ALDH1 – hybrid E/M) were reported in specific
ratios. When sorted and cultured for 10 days, they did interconvert among one another and gave rise to non-CSCs
as well, but did not recapitulate the parental distribution ratio at the mentioned timepoint (19). These examples
highlight a dire need to quantify population dynamics at multiple and extended time points to infer the underlying
principles of population dynamics and plasticity.
Fig. 2 Spontaneous cell-state transition shaping phenotypic heterogeneity. A) A population of cells, inside
square boxes, that maintain a fixed ratio between two distinct phenotypes (coloured green and blue) over time, despite
stochastic cell-state transitions, showcasing a dynamic equilibrium. Histogram on the left of each square box represents

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 July 2022

doi:10.20944/preprints202207.0031.v1

4 of 11

the composition of the population. B) Regaining of original population distribution of phenotypes upon a perturbation
(drug treatment, subpopulation segregation etc.). On enriching green phenotype in a population which is otherwise blue
phenotype dominated (left plots in panels A, B), the population regains blue phenotype dominance over time (B).

Phenotypic plasticity is not restricted to in vitro observations, but also vividly seen in vivo. Luminal and basal breast
cancer SUM159 subpopulations were observed to regenerate functional stem-like cells in vivo (17). Similarly,
among the multiple single-cell clones established from SUM149, tumors formed by hybrid E/M clones were the
most heterogeneous ones (29), reminiscent of higher plasticity seen for hybrid E/M phenotypes as compared to
the extreme E and M ones in vitro (28). Consistently, in squamous cell carcinoma, subcutaneous transplantation
of tumor subpopulations – each with a varied epithelial-mesenchymal status – led to a distinct proportion of each
subpopulation in tumors at both early (3-4 weeks) and late (7-8 weeks) time points (30).
Multiple factors can influence these transition rates from one phenotype to another. First, relative depth of different
“attractors” – each corresponding to a specific phenotype – can govern this dynamics. The deeper an attractor (or
a Waddington landscape’s valley), the more difficult it gets to transition out from that phenotype. Multiple
mathematical attempts to construct such landscapes for intracellular transcriptional networks driving E-M plasticity
have shown that the “attractors” corresponding to hybrid E/M states are relatively shallow as compared to those
corresponding to E and M states (31,32). This salient feature of hybrid E/M cells can help explain their higher
plasticity (28–30). Second, underlying chromatin marks can influence the depth of an “attractor” in a landscape,
thus contributing to “resistance” to a state-transition. For instance, upregulating miR-200 levels drove a
Mesenchymal-Epithelial Transition (MET) in MDA-MB-231 breast cancer cells, but failed to do so in RD sarcoma
cells, unless the chromatin remodelling protein BRG1 was inhibited (33). Third, transition rates can depend on the
previous “history” of a cellular population. For instance, when MCF10A cells were pushed to undergo Epithelial
Mesenchymal Transition (EMT) through induction with TGFβ for short durations (3-6 days), most of them returned
to their initial phenotypes upon TGFβ withdrawal. But, upon long term treatment (9-12 days), reversibility was
significantly constrained (34). The authors, using a phenomenological model, postulated that time-dependent
epigenetic changes caused the lack of reversibility (34). However, longitudinal ChIP-Seq and/or ATAC-seq data,
concurrent with RNA-seq data, would be important to investigate this hypothesis further. Fourth, besides intracellular dynamics, growth media composition can alter transition rates among the phenotypes (35). For instance,
re-equilibration dynamics of phenotypic heterogeneity in cancer cells is affected by choice of growth medium, as
seen for CD24neg (non-stem-like) and CD24pos (stem-like) phenotypes in basal breast cancer MCF10CA1a cells
(21).
Overall, these observations illustrate that spontaneous phenotypic plasticity and heterogeneity can perpetually
exist in both normal and cancer cell populations, and is governed by many intertwined stochastic regulatory
mechanisms.
Drug-induced state-transitions (Lamarckian induction): hallmarks of phenotypic plasticity
Phenotypic plasticity and heterogeneity can help cancer cells evade multiple therapies, leading to a significant
bottleneck in cancer treatment (Fig 3A-B). The ubiquitous presence of cell-to-cell heterogeneity in protein
concentrations in many pro- and anti-apoptotic cascade molecules can allow for one or more subpopulations in
isogenic cells to survive drug insults, a phenomenon known as fractional killing (36). The kinetics and extent of
fractional killing depends on the drug used and its dosage as well as the genetic background of cancer cells (37).
On long-term exposure of cells to drugs, a residual population of slow cycling cells, termed as drug-tolerant
persisters (DTPs), emerges. These DTPs can subsequently repopulate to the prior heterogeneous population with
varying drug sensitivities upon drug removal (38), indicating reversible phenotypic transitions. Investigated in
bacterial populations in 1940s (39), DTPs were first reported in cancer in non-small cell lung cancer (NSCLC) cells
PC9 which have an oncogenic EGFR exon 19 deletion. Upon treatment of PC9 cells with a lethal dose of EGFR
inhibitor erlotinib for 9 days, a small fraction (~0.3%) of the original population survived as slow-cycling DTPs,
reflecting existing phenotypic heterogeneity in a population (38). Persistence was observed in other cancer types
and in response to other drugs; and single-cell clones established from PC9 cells contained DTPs at a similar
frequency as that of parental population, suggesting that DTPs can emerge de novo. Importantly, DTPs can
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behave as a reservoir through which heterogeneous (genetic) drug-resistance mechanisms could evolve by
allowing cells the opportunity to acquire multiple genetic mutations and/or epigenetic changes (40). Thus, DTPs
are canonical examples of phenotypic heterogeneity facilitating a long-term survival. However, many research
questions remain mostly unanswered currently: a) what cell-intrinsic and population-level factors control the
percentage of DTPs in an isogenic cancer cell population, b) what are some salient molecular attributes of DTPs,
c) do DTPs comprise heterogenous subsets, and d) how to effectively target DTPs in the clinic.
Besides DTPs, drug-induced phenotypic plasticity is another trajectory by which cancer cell populations adapt in
response to therapeutic stress, as observed by a dynamic transcriptome, metabolome, and epigenome of the
surviving cells, independent of additional genomic changes. This evolution follows Lamarckian induction, where
the drug itself causes a cell-state change toward a more drug-tolerant state through rewiring of signaling and/or
transcriptional networks (41). Importantly, Lamarckian induction is different than Darwinian selection path that is
focused on the selection of pre-existing resistant and/or tolerant cells. For instance, treatment of BRAFV600 mutant
melanoma cells with BRAF inhibitor (vemurafenib) induced a transition of melanocytic (MRAT-1pos NGFRneg) cells
towards neural crest-like (MRAT-1neg NGFRpos) and mesenchymal-like (MRAT-1neg NGFRneg) phenotypes in a
sequential time-dependent manner. This switch helped some cells to escape the cytotoxic response of the drug,
as neural crest-like and mesenchymal-like cell states have relatively higher intrinsic IC50 values for vemurafenib.
Thus, BRAF inhibitors can influence cell-state inter-conversion rates among the phenotypes, enriching for a drugtolerant cell population (41–43). Similarly, treatment of HCC1143 breast cancer cells with either MEK inhibitors or
PI3K/mTOR inhibitors enabled cell-state switching to a cell state with reduced proliferation activity and distinct
differentiation markers. Despite persisting for weeks under high therapy doses, no specific genomic selection was
evident in these residual cells (44). This enrichment of slow-cycling state was shown to be not dependent on
selective outgrowth or death of specific subpopulations, by measuring the proliferative tendencies of
subpopulations over time. Moreover, the cells that emerged from treatment with PI3K/mTOR and MEK pathways
inhibitors were reversible – they regained their sensitivity to the drug, and reconstituted the parental population
heterogeneity within 17 days (44), further supporting a mutation-independent evolution. However, the rate of
recurrence of slow-cycling cells on next round of drug exposure was not determined, thus, how conserved these
dynamics are over multiple treatment cycles remains to the investigated. In another example of Lamarckian
induction observed in acute myeloid leukemia (HL60) cells upon treatment with vincristine (10), the frequency of
cells exhibiting a drug-tolerant (MDR1high) state increased in a dose-dependent manner – from < 2 % in parental
to > 25% in treated population. Within a week after drug removal, the MDR1high cell frequency returned to parental
distribution, but the global transcriptome remained relatively unaltered even after 17 days of withdrawal. Together,
these observations indicate a drug-induced adaptive and slowly reversible cellular reprogramming.
Single-cell barcoding technologies have further helped delineate the modes of Darwinian selection vs. Lamarckian
induction (45,46). In a recent study, barcoded colorectal cancer (CRC) POP66 and CSC28 cells were used to form
patient-derived xenograft (PDX) mice models (46). After treatment with irinotecan (CPT-11) once the tumor
reached a critical volume, some tumor cells entered a DTP state with reduced proliferation rates (slow cycling).
However, the emergence of DTPs did not mark any significant differences in barcode heterogeneity between naïve
and drug-treated samples. Instead, the most abundant lineages were random in each drug response study.
Similarly, genomic heterogeneity remained conserved during treatment, suggesting a Lamarckian induction in the
population instead of selection based on subpopulations/clones fitness differences. The DTPs transcriptome were
similar to an embryonic diapause-like state, characterized by slow-cycling and an autophagic response. Thus, an
in vitro combination treatment of CPT-11 and autophagy inhibitor (ULK1 inhibitor SBI-0206965) showed maximal
cellular growth suppression with negligible recovery after drug treatment (46). Other combinatorial treatments that
can counteract drug-induced plasticity have been proposed as well by leveraging information about the stability of
different phenotypes, their interconversion rates and consequently their population share (47,48). Thus, mapping
the longitudinal dynamics of drug-induced plasticity at individual and population levels can help pinpoint actionable
therapeutic vulnerabilities.
However, addition of drug can also sometimes drive a transiently resistant transcriptomic state into a stably
resistant one through epigenetic reprogramming (9). Therefore, it is important to note that transient and stable
modes of drug resistance – and thus, non-genetic and genetic mechanisms – are not mutually exclusive, rather
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semi-dependent phenomenon operating at different timescales (49). Consequently, evading drug response can
be a multi-step process mediated through one or more transiently stable drug-tolerant states that can associate
with chromatin alterations and can also harbour additional genomic changes under extended periods of therapyinduced stress (38,40,50). What interconnected factors control the extent of reversibility in terms of drug-induced
changes remains to be further investigated? The drug-induced changes in population distribution can be
envisaged as a new dynamic equilibrium (51); for instance, the population can enter an “idling” state such that the
number of cell division and cell death events are equal, thus maintaining a population size (Fig 3C-E). Upon
withdrawal of drug, population heterogeneity can increase again, as drug-sensitive states are repopulated,
reminiscent of observations seen in DTPs (Fig 3F).
Overall, an interplay among the emergent dynamics of intra-cellular regulatory networks (52), therapy-induced
plasticity (41), and group behavior among the diverse phenotypes in a cell population (35), can shape population
heterogeneity patterns.

Fig. 3. Drug induced cell-state transition. A) Heterogeneous cell population with cells spontaneously switching
between drug sensitive (purple, and pink) and resistant (green, orange and blue) states. B) When the population
encounters drug treatment, pre-existing resistant cells or those that can switch to a resistant state survive. C-E) the
survivor cells enter an idling population state where the population size remains constant with number of cell divisions
equalling cell deaths. F) Upon drug release, the population’s cell-cell variability enhances as some cells may re-enter
drug sensitive states.

Mathematical models as a tool to understand cell-state transitions in cancer
Several above-mentioned studies have incorporated a mathematical modelling approach to better understand the
dynamics of cell-state transitions at individual cell as well as at population levels. These models have been
instrumental to quantify cell-state transition rates from one subpopulation to another (17,20), explain population
dynamics behavior in the absence and presence of drug (10,42,51), and to predict sequential therapies that can
be helpful in overcoming the drug-induced plasticity in a cell population (23).
At a cell population level, Markov Chain (MC) model is an extensively employed approach to study
spontaneous/drug induced cell-state transitions (17,20,41). Using the population fraction of cellular states over
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time, MC model can determines the transition probabilities between each pair of states (Fig 4A). These transition
probabilities are considered to be independent of time, and therefore, depend only on current state distribution of
the population, and not on its previous history. These inferred transition probabilities can then be used to predict
long-term behavior of a cell population with a known initial phenotypic distribution. These predictions can be
directly tested experimentally. For instance, MC model inferred the rates of self-renewal and interconversion
among the luminal, basal and stem-like subpopulations in SUM159. A striking prediction of this model was that
both the luminal and basal cell-states had a non-zero probability of switching to stem-like states; in other words,
non-CSCs could stochastically switch to CSCs de novo. This prediction was validated in vivo where both the
luminal and basal sub-populations could regenerate functional stem-like cells (17). Similarly, the transition rates
inferred for MC model applied to repopulation dynamics data from four different subsets of CSC (CD24high
ALDHhigh, CD24high ALDH1low, CD24lowALDHhigh and CD24low ALDHlow) indicated that not all CSC subpopulations
could regenerate one another. While the CD24high sub-populations could not generate CD24low cells, ALDHhigh and
ALDHlow ones could interconvert, highlighting a possible hierarchy within the diverse CSCs. Drug treatment can
alter the transition rates between ALDHhigh and ALDHlow to drive enrichment of ALDHhigh cells (20). Further, MC
models can be modified to include additional factors such as cell growth (21) or differential viabilities of cell
populations to specific drugs. For instance, such a modified MC model revealed that the ~5-fold increase in stemlike and basal cells upon paclitaxel treatment was not due to selection of basal cells, but increased viability of
stem-like cells that could then switch to basal cell state (17). Such dynamic insights can be valuable in deciding
therapeutic strategies to reduce phenotypic plasticity and/or heterogeneity in a cancer cell population.
Ordinary Differential Equation (ODE) based models represent another general class of approaches to track
population dynamics (10,53). Similar to MC models, they often capture the mean behaviour of a population. For
instance, an ODE-based model for population dynamics of sensitive and resistant cells in MDA-MB-231 cells was
calibrated using clonally resolved single-cell RNA-seq data and bulk longitudinal population growth data during
treatment with doxorubicin (53). This calibration helped the model to predict population dynamics at several drug
concentrations (Fig 4B). Also, ODE-based models can be crucial in unravelling the intracellular dynamics of
signaling molecules; for instance, different ODE-based models for EMT regulatory networks predicted that EMT
was not a binary process, instead cells can attain one or more hybrid E/M states (54–56). These hybrid E/M states
have been since identified in vitro and in vivo across multiple cancer types (57–59). Similar models also predicted
the association of hybrid E/M phenotypes with enhanced tumor-initiation potential and immune-evasive traits
(60,61), predictions that have been experimentally validated (30,62). Further, mechanism-based ODE models for
EMT networks have suggested the existence of hysteretic dynamics, i.e. cells take a different path for undergoing
EMT vs. MET (Fig 4C) (63). Such dynamics have been experimentally observed at transcriptomic and proteomic
levels (64,65). These examples showcase how mathematical models can contribute toward identifying relevant
cell-state capable of accelerating disease aggressiveness, and demonstrate the salient dynamical hallmarks of
cellular transitions.
Besides MC and ODE-based models, stochastic simulations at intracellular and/or population level have been
instrumental in unravelling regulatory mechanisms driving cancer cell behavior. For instance, stochastic multiscale models incorporating asymmetric partitioning of molecules during cell division (66,67) could reproduce
experimentally observed temporal dynamics of switching among epithelial, mesenchymal and hybrid E/M
phenotypes in prostate cancer PKV cells (28)and breast cancer PMC42-LA cells (27). Similarly, a stochastic model
for the emergence of DTPs was used to understand the clone size distribution data obtained by longitudinal
barcoding (tracking of individual cancer cells) from both the untreated (control) and chemotherapy-treated groups
(46). This model predicted that each cancer cell was equipotent in reversibly switch to being a DTP, thus endorsing
observations from population dynamical models demonstrating that non-genetic factors such as stochastic gene
expression and associated phenotypic switching can drive long-term resistance to many drugs even in absence
of any bona fide resistance modes (68,69). Last but certainly not the least, stochastic models can also help identify
the trajectories cells take as they transition among different phenotypes, and suggest effective “state-gating”
strategies to restrict exploration in phenotypic plasticity landscape (47,48). Overall, stochastic models have been
instrumental in deciphering the underlying fundamental dynamical principles of cancer cell population behavior,
and can help leverage this better understanding to design smarter therapies.
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Fig 4. Depiction of modelling strategies to capture spontaneous and drug-induced state switching. A)
Markov chain state transition models – accounts for transition between states by quantifying transition probabilities
at each simulation step. Possible transitions between states are depicted by an arrow from one cell state to
another with p1, p2...p10 as transition probabilities. B) ODE-based population models – defines a phenotype
abundance as dependent variable of time and the rate equations accounts for increase or decrease in the
phenotype’s abundance due to proliferation, death, and state switching. C) Mechanism-based models – bifurcation
diagram resulting from interaction between regulatory players. The two stable expression states, low (purple curve)
and high (blue curve), of a regulatory player (along y-axis) are based on levels of signal (along x-axis). The red
arrows depict state switching when signal crosses a threshold level and highlight hysteretic behaviour.
Summary
• Phenotypic plasticity and heterogeneity in tumors can exist along multiple interconnected axes: CSCs/nonCSCs, epithelial-mesenchymal plasticity, drug-tolerant/drug-sensitive cell-states.
•

Intratumor heterogeneity can emerge from non-mutational mechanisms too – stochastic gene expression,
chromatin reprogramming, asymmetric cell division and the presence of multiple “attractors” – that can drive
spontaneous and/or externally induced cell-state transitions.

•

The rates of transition among cell-states, and consequently reversibility of a phenotypic switch, depends on
many factors: dose and duration of inducing signal, initial population distribution, and relative stability of different “attractors” corresponding to distinct cellular phenotypes.

•

Both Darwinian selection (selection of the pre-existing ‘fitter’ cells) and Lamarckian induction (drug-induced
changes in cellular phenotypes) can impact the evolution of a heterogeneous cell population under stress.

•

Mathematical models can infer cell-state transition rates and predict long-term population-level behavior under
varied conditions, such as therapeutic stress.

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 July 2022

doi:10.20944/preprints202207.0031.v1

9 of 11

Competing Interests
The authors declare no conflict of interest.
Funding
MKJ was supported by Ramanujan Fellowship (SB/S2/RJN-049/2018) awarded by Science and Education
Research Board (SERB), Department of Science and Technology, Government of India. ASD received support by
the Prime Ministers’ Research Fellowship (PMRF), Government of India.
Author contributions
All authors contributed in writing and editing the manuscript.

References
1.
2.
3.
4.
5.

6.
7.
8.

9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.

Marusyk A, Janiszewska M, Polyak K. Intratumor Heterogeneity: The Rosetta Stone of Therapy Resistance.
Cancer Cell. 2020;37(4):471–84.
Biswas A, De S. Drivers of dynamic intratumor heterogeneity and phenotypic plasticity. Am J Physiol - Cell
Physiol. 2021;320(5):C750–60.
Shlyakhtina Y, Moran KL, Portal MM. Genetic and Non-Genetic Mechanisms Underlying Cancer Evolution.
Cancers (Basel). 2021;13(6):1380.
Bell CC, Gilan O. Principles and mechanisms of non-genetic resistance in cancer. Br J Cancer. 2020;122:465–
72.
van Boxtel C, van Heerden JH, Nordholt N, Schmidt P, Bruggeman FJ. Taking chances and making mistakes :
non-genetic phenotypic heterogeneity and its consequences for surviving in dynamic environments. J R Soc
Interface. 2017;14(132):20170141.
Spencer SL, Gaudet S, Albeck JG, Burke JM, Sorger PK. Non-genetic origins of cell-to-cell variability in TRAILinduced apoptosis. Nature. 2009;459:428–32.
Inde Z, Dixon SJ. The impact of non-genetic heterogeneity on cancer cell death. Crit Rev Biochem Mol Biol.
2018;53(1):99–114.
Hayford CE, Tyson DR, Jack Robbins C, Frick PL, Quaranta V, Harris LA. An in vitro model of tumor
heterogeneity resolves genetic, epigenetic, and stochastic sources of cell state variability. Vol. 19, PLoS Biology.
2021. e3000797 p.
Shaffer SM, Dunagin MC, Torborg SR, Torre EA, Emert B, Krepler C, et al. Rare cell variability and drug-induced
reprogramming as a mode of cancer drug resistance. Nature. 2017;546:431–5.
Pisco AO, Brock A, Zhou J, Moor A, Mojtahedi M, Jackson D, et al. Non-Darwinian dynamics in therapy-induced
cancer drug resistance. Nat Commun. 2013;4:2467.
Newman JRS, Ghaemmaghami S, Ihmels J, Breslow DK, Noble M, DeRisi JL, et al. Single-cell proteomic
analysis of S. cerevisiae reveals the architecture of biological noise. Nature. 2006;441(7095):840–6.
Huh D, Paulsson J. Non-genetic heterogeneity from stochastic partitioning at cell division. Nat Genet. 2011
Feb;43(2):95–100.
Jia D, Jolly MK, Kulkarni P, Levine H. Phenotypic plasticity and cell fate decisions in cancer: Insights from
dynamical systems theory. Cancers (Basel). 2017;9(7):E70.
Jolly MK, Kulkarni P, Weninger K, Orban J, Levine H. Phenotypic Plasticity, Bet-Hedging, and Androgen
Independence in Prostate Cancer: Role of Non-Genetic Heterogeneity. Front Oncol. 2018;8:50.
Shen S, Vagner S, Robert C. Persistent Cancer Cells: The Deadly Survivors. Cell. 2020;183(4):860–74.
Cole AJ, Fayomi AP, Anyaeche VI, Bai S, Buckanovich RJ. An evolving paradigm of cancer stem cell hierarchies:
Therapeutic implications. Theranostics. 2020;10(7):3083–98.
Gupta PB, Fillmore CM, Jiang G, Shapira SD, Tao K, Kuperwasser C, et al. Stochastic state transitions give rise
to phenotypic equilibrium in populations of cancer cells. Cell. 2011;146(4):633–44.
Yang G, Quan Y, Wang W, Fu Q, Wu J, Mei T, et al. Dynamic equilibrium between cancer stem cells and nonstem cancer cells in human SW620 and MCF-7 cancer cell populations. Br J Cancer. 2012;106(9):1512–9.
Liu S, Cong Y, Wang D, Sun Y, Deng L, Liu Y, et al. Breast cancer stem cells transition between epithelial and
mesenchymal states reflective of their normal counterparts. Stem Cell Reports. 2014;2(1):78–91.
Vipparthi K, Hari K, Chakraborty P, Ghosh S, Patel AK, Ghosh A, et al. Emergence of hybrid states of stem-like
cancer cells correlates with poor prognosis in oral cancer. iScience. 2022;25(5):104317.

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 July 2022

doi:10.20944/preprints202207.0031.v1

10 of 11

21.

22.

23.

24.
25.
26.
27.
28.

29.

30.
31.
32.
33.

34.
35.
36.
37.
38.
39.
40.
41.

42.
43.
44.
45.
46.
47.

Suhas Jagannathan N, Ihsan MO, Ihsan MO, Kin XX, Welsch RE, Clément MV, et al. Transcompp:
Understanding phenotypic plasticity by estimating Markov transition rates for cell state transitions. Bioinformatics.
2020;36(9):2813–20.
Sahoo S, Mishra A, Kaur H, Hari K, Muralidharan S, Mandal S, et al. A mechanistic model captures the
emergence and implications of non-genetic heterogeneity and reversible drug resistance in ER+ breast cancer
cells. NAR Cancer. 2021 Mar;3(3):zcab027.
Goldman A, Majumder B, Dhawan A, Ravi S, Goldman D, Kohandel M, et al. Temporally sequenced anticancer
drugs overcome adaptive resistance by targeting a vulnerable chemotherapy-induced phenotypic transition. Nat
Commun. 2015;6:6139.
Rajagopal J, Stanger BZ. Plasticity in the Adult: How Should the Waddington Diagram Be Applied to
Regenerating Tissues? Dev Cell. 2016;36(2):133–7.
Merrell AJ, Stanger BZ. Adult cell plasticity in vivo: De-differentiation and transdifferentiation are back in style.
Nat Rev Mol Cell Biol. 2016;17(7):413–25.
Chang HH, Hemberg M, Barahona M, Ingber DE, Huang S. Transcriptome-wide noise controls lineage choice in
mammalian progenitor cells. Nature. 2008;453(7194):544–7.
Bhatia S, Monkman J, Blick T, Pinto C, Waltham A, Nagaraj SH, et al. Interrogation of Phenotypic Plasticity
between Epithelial and Mesenchymal States in Breast Cancer. J Clin Med. 2019 Jun;8(6):893.
Ruscetti M, Dadashian EL, Guo W, Quach B, Mulholland DJ, Park JW, et al. HDAC inhibition impedes epithelialmesenchymal plasticity and suppresses metastatic, castration-resistant prostate cancer. Oncogene.
2016;35(29):3781–95.
Brown MS, Abdollahi B, Wilkins OM, Chakraborty P, Ognjenovic NB, Muller KE, et al. Dynamic plasticity within
the EMT spectrum, rather than static mesenchymal traits, drives tumor heterogeneity and metastatic progression
of breast cancers. bioRxiv. 2021;434993.
Pastushenko I, Brisebarre A, Sifrim A, Fioramonti M, Revenco T, Boumahdi S, et al. Identification of the tumour
transition states occurring during EMT. Nature. 2018;556(7702):463–8.
Hari K, Ullanat V, Balasubramanian A, Gopalan A, Jolly MK. Landscape of Epithelial Mesenchymal Plasticity as
an emergent property of coordinated teams in regulatory networks. bioRxiv. 2021;472090.
Font-Clos F, Zapperi S, La Porta CAM. Topography of epithelial–mesenchymal plasticity. Proc Natl Acad Sci.
2018;115(23):5902–7.
Somarelli JA, Shetler S, Jolly MK, Wang X, Bartholf Dewitt S, Hish AJ, et al. Mesenchymal-epithelial transition
in sarcomas is controlled by the combinatorial expression of microRNA 200s and GRHL2. Mol Cell Biol.
2016;36(19):2503–13.
Jia W, Deshmukh A, Mani SA, Jolly MK, Levine H. A possible role for epigenetic feedback regulation in the
dynamics of the Epithelial-Mesenchymal Transition (EMT). Phys Biol. 2019;16(6):066004.
Yamamoto M, Sakane K, Tominaga K, Gotoh N, Niwa T, Kikuchi Y, et al. Intratumoral bidirectional transitions
between epithelial and mesenchymal cells in triple-negative breast cancer. Cancer Sci. 2017;108(6):1210–22.
Roux J, Hafner M, Bandara S, Sims JJ, Hudson H, Chai D, et al. Fractional killing arises from cell‐to‐cell variability
in overcoming a caspase activity threshold. Mol Syst Biol. 2015;11(5):803.
Inde Z, Forcina GC, Denton K, Dixon SJ. Kinetic Heterogeneity of Cancer Cell Fractional Killing. Cell Rep.
2020;32(1):107845.
Sharma S V., Lee DY, Li B, Quinlan MP, Takahashi F, Maheswaran S, et al. A Chromatin-Mediated Reversible
Drug-Tolerant State in Cancer Cell Subpopulations. Cell. 2010;141(1):69–80.
Balaban NQ, Merrin J, Chait R, Kowalik L, Leibler S. Bacterial Persistence as a Phenotypic Switch. Science.
2004;305(5690):1622–5.
Ramirez M, Rajaram S, Steininger RJ, Osipchuk D, Roth MA, Morinishi LS, et al. Diverse drug-resistance
mechanisms can emerge from drug-tolerant cancer persister cells. Nat Commun. 2016;7:10690.
Su Y, Wei W, Robert L, Xue M, Tsoi J, Garcia-diaz A, et al. Single-cell analysis resolves the cell state transition
and signaling dynamics associated with melanoma drug-induced resistance. Proc Natl Acad Sci U S A.
2017;114(52):13679–84.
Pillai M, Jolly MK. Systems-level network modeling deciphers the master regulators of phenotypic plasticity and
heterogeneity in melanoma. iScience. 2021;24:103111.
Fallahi-sichani M, Becker V, Izar B, Baker GJ, Lin J, Boswell SA, et al. Adaptive resistance of melanoma cells to
RAF inhibition via reversible induction of a slowly dividing de-differentiated state. Mol Syst Biol. 2017;13:905.
Risom T, Langer EM, Chapman MP, Rantala J, Fields AJ, Boniface C, et al. Differentiation-state plasticity is a
targetable resistance mechanism in basal-like breast cancer. Nat Commun. 2018;9:3815.
Goyal Y, Dardani IP, Busch GT, Emert B, Fingerman D, Kaur A, et al. Pre-determined diversity in resistant fates
emerges from homogenous cells after anti-cancer drug treatment. bioRxiv. 2021;471833.
Rehman SK, Haynes J, Collignon E, Brown KR, Wang Y, Nixon AML, et al. Colorectal Cancer Cells Enter a
Diapause-like DTP State to Survive Chemotherapy. Cell. 2021;184(1):226-242.e21.
Burkhardt DB, Juan BPS, Lock JG, Krishnaswamy S, Chaffer CL. Mapping Phenotypic Plasticity upon the Cancer

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 4 July 2022

doi:10.20944/preprints202207.0031.v1

11 of 11

48.
49.
50.

51.
52.
53.

54.
55.
56.

57.

58.

59.
60.
61.
62.

63.
64.
65.

66.
67.
68.
69.

Cell State Landscape Using Manifold Learning. Cancer Discov. 2022;in press.
Pillai M, Chen Z, Jolly MK, Li C. Quantitative landscapes reveal trajectories of cell-state transitions associated
with drug resistance in melanoma. bioRxiv. 2022;488373.
Salgia R, Kulkarni P. The genetic/non-genetic duality of drug “resistance.” Trends in Cancer. 2018;4(2):110–8.
Vander Velde R, Yoon N, Marusyk V, Durmaz A, Dhawan A, Miroshnychenko D, et al. Resistance to targeted
therapies as a multifactorial, gradual adaptation to inhibitor specific selective pressures. Nat Commun.
2020;11:2393.
Paudel BB, Harris LA, Hardeman KN, Abugable AA, Hayford CE, Tyson DR, et al. A Nonquiescent “Idling”
Population State in Drug-Treated, BRAF-Mutated Melanoma. Biophys J. 2018;114(6):1499–511.
Chauhan L, Ram U, Hari K, Jolly MK. Topological signatures in regulatory network enable phenotypic
heterogeneity in small cell lung cancer. Elife. 2021;10:e64522.
Johnson KE, Howard GR, Morgan D, Brenner EA, Gardner AL, Durrett RE, et al. Integrating transcriptomics and
bulk time course data into a mathematical framework to describe and predict therapeutic resistance in cancer.
Phys Biol. 2020;18:016001.
Lu M, Jolly MK, Levine H, Onuchic JN, Ben-Jacob E. MicroRNA-based regulation of epithelial-hybridmesenchymal fate determination. Proc Natl Acad Sci USA. 2013 Nov;110(45):18144–9.
Tian X-J, Zhang H, Xing J. Coupled Reversible and Irreversible Bistable Switches Underlying TGFβ-induced
Epithelial to Mesenchymal Transition. Biophys J. 2013;105:1079–89.
Hong T, Watanabe K, Ta CH, Villarreal-Ponce A, Nie Q, Dai X. An Ovol2-Zeb1 Mutual Inhibitory Circuit Governs
Bidirectional and Multi-step Transition between Epithelial and Mesenchymal States. PLOS Comput Biol.
2015;11(11):e1004569.
Carstens JL, Yang S, Correa de Sampaio P, Zheng X, Barua S, McAndrews KM, et al. Stabilized epithelial
phenotype of cancer cells in primary tumors leads to increased colonization of liver metastasis in pancreatic
cancer. Cell Rep. 2021;35(2):108990.
Deshmukh AP, Vasaikar S V., Tomczak K, Tripathi S, Den Hollander P, Arslan E, et al. Identification of EMT
signaling cross-talk and gene regulatory networks by single-cell RNA sequencing. Proc Natl Acad Sci U S A.
2021;118(19):e2102050118.
Pastushenko I, Brisebarre A, Sifrim A, Fioramonti M, Revenco T, Boumahdi S, et al. Identification of the tumour
transition states occurring during EMT. Nature. 2018 Apr;556(7702):463–8.
Jolly MK, Huang B, Lu M, Mani SA, Levine H, Ben-Jacob E. Towards elucidating the connection between
epithelial-mesenchymal transitions and stemness. J R Soc Interface. 2014;11(101):20140962.
Sahoo S, Nayak SP, Hari K, Purkait P, Mandal S, Kishore A, et al. Immunosuppressive traits of the hybrid
epithelial/mesenchymal phenotype. Front Immunol. 2021;12:797261.
Dongre A, Rashidian M, Eaton EN, Reinhardt F, Thiru P, Zagorulya M, et al. Direct and indirect regulators of
epithelial–mesenchymal transition– mediated immunosuppression in breast carcinomas. Cancer Discov.
2021;11(5):1286–305.
Celià-Terrassa T, Bastian C, Liu DD, Ell B, Aiello NM, Wei Y, et al. Hysteresis control of epithelial-mesenchymal
transition dynamics conveys a distinct program with enhanced metastatic ability. Nat Commun. 2018;9:5005.
Stylianou N, Lehman ML, Wang C, Fard AT, Rockstroh A, Fazli L, et al. A molecular portrait of epithelial–
mesenchymal plasticity in prostate cancer associated with clinical outcome. Oncogene. 2019;38(7):913–34.
Karacosta LG, Anchang B, Ignatiadis N, Kimmey SC, Benson JA, Shrager JB, et al. Mapping Lung Cancer
Epithelial-Mesenchymal Transition States and Trajectories with Single-Cell Resolution. Nat Commun.
2019;10:5587.
Jain P, Bhatia S, Thompson EW, Jolly MK. Population Dynamics of Epithelial‐Mesenchymal Heterogeneity in
Cancer Cells. Biomolecules. 2022;12(3):348.
Tripathi S, Chakraborty P, Levine H, Jolly MK. A mechanism for epithelial-mesenchymal heterogeneity in a
population of cancer cells. PLoS Comput Biol. 2020;16(2):e1007619.
Gunnarssson EB, De S, Leder K, Foo J. Understanding the role of phenotypic switching in cancer drug
resistance. J Theor Biol. 2020;490:110162.
Chisholm RH, Lorenzi T, Lorz A, Larsen AK, De Almeida LN, Escargueil A, et al. Emergence of Drug Tolerance
in Cancer Cell Populations: An Evolutionary Outcome of Selection, Nongenetic Instability, and Stress-Induced
Adaptation. Cancer Res. 2015;75(6):930–9.

