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The role of cell-cell interactions in population level dynamics of 

partial EMT states 

Amanda Paulson 

Abstract 

The epithelial-mesenchymal transition (EMT) plays a key role in invasion and metastasis. Recent 

studies have demonstrated that many discrete states exist along the EMT spectrum, with partial 

or hybrid EMT phenotypes as the most metastatic. These states have variable plasticity, must 

compete for the proliferative niche, and also remodel their microenvironment which can alter other 

states’ behavior. How the steady state distributions of these populations can be maintained, and 

how different EMT states compete and cooperate to define population-level phenotypes, has not 

been explored. In order to understand the contribution of this spectrum of states to the behavior 

of an entire heterogeneous population, we use a model transformed cell line that exhibits partial 

EMT cell states. In this cell line, an early EMT state spontaneously gives rise to a later EMT state 

with no evidence for reversion. The early EMT cell population dominates the mixture while late 

EMT cells exist in smaller fractions. We refer to this as a “top-heavy” lineage hierarchy to contrast 

it with healthy stem cell lineages where the population is dominated by more differentiated 

progeny. A mathematical model suggests that in the top-heavy regime, differential proliferation 

limits the emergence of slower growing late EMT cells or further differentiated progeny. The model 

also predicts perturbations that destabilize the top-heavy regime, and we validate the predictions 

experimentally. Intriguingly, we find that fully mesenchymal states emerge after destabilization of 

the top-heavy regime. These fully mesenchymal cells are more drug resistant, exhibit differential 

motility, and grow in soft agar. Further, these cells dramatically modify their microenvironment 

which promotes a more mesenchymal and migratory phenotype in the more abundant, 

neighboring early EMT cells. These findings highlight the importance of studying the population-
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level dynamics that regulate cell-state proportions as well as the interactions among states that 

determine their collective behaviors. 
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Chapter 1: Introduction 

1.1 EMT in metastasis as a source of lineage heterogeneity 

Phenotypic heterogeneity among populations of tumor cells is well documented. It can provide an 

evolutionary advantage to a tumor by allowing new characteristics to emerge such as the ability 

to invade, colonize distant sites, or resist drug treatment, and therefore presents a challenge to 

treatment and cure of disease (Rosenbloom et al. 2017). Heterogeneity can arise through multiple 

mechanisms like genomic instability and mutations or stochastic fluctuation in transcription and 

protein expression. Additionally, heterogeneity can arise through more regimented concepts like 

stem cell lineage hierarchies and processes such as the epithelial-mesenchymal transition (EMT) 

(da Silva-Diz et al. 2018). Heterogeneity among EMT states has been underappreciated until 

recently, when several groups demonstrated the existence of one or more stable, “partial” EMT 

states in which cells simultaneously exhibit various degrees of epithelial and mesenchymal 

characteristics (Pastushenko et al. 2018; Grosse-Wilde et al. 2015; Shamir et al. 2016; George 

et al. 2017). This partial EMT phenotype has been implicated as a primary contributor to 

metastasis. For example, Pastushenko et al. demonstrated the superiority of partial EMT 

phenotypes over fully epithelial or fully mesenchymal states for performing several key steps of 

the metastatic cascade, including acquiring stemness and plasticity, intravasation, colonization of 

a metastatic site, and undergoing the reverse mesenchymal-epithelial transition (MET) 

(Pastushenko et al. 2018).  

A critical step in the metastatic cascade is survival and travel through the circulatory system en 

route to a new site of colonization. Recent technological advances have made it possible to find 

and analyze circulating tumor cells (CTCs) in both animal models and human patients. 

Intriguingly, CTC clusters have been estimated to have a 25-100 fold higher metastatic potential 
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than single CTCs (Jolly et al. 2018; Cheung et al. 2016; Aceto et al. 2014). Clusters of tumor cells 

have several advantages over single cells for successful metastasis: higher resistance to anoikis 

in the bloodstream, increased margination, and easier clearance from circulation due to the larger 

size and higher propensity to get stuck in smaller vessels (Hong et al. 2016). Additionally, the 

same evolutionary advantages of primary tumor heterogeneity apply to CTC clusters. Division of 

labor through specialization could allow some cells in the cluster to be invasive while others 

maintain higher proliferation, drug resistance, or immune evasion phenotypes (Hong et al. 2016). 

Partial EMT cells have the ability to maintain adhesions with more proliferative epithelial cells, yet 

still increase their own motility and invasiveness (Jolly et al. 2018). This ability has prompted 

several observational studies on the composition and identity of circulating tumor clusters. Studies 

in breast and lung cancer have shown that clusters and metastases are polyclonal, and several 

groups have shown that cells in clusters display a variety of EMT phenotypes, including hybrid 

states (Aceto et al. 2014; Hou et al. 2011; Yu et al. 2013).  

An important tenet of the multi-state EMT model is the stability of partial EMT states. Levine and 

colleagues have extensively modeled and analyzed the core gene regulatory circuits governing a 

3-step EMT, from E->E/M->M phenotypes. They demonstrate that the partial EMT state is 

stabilized by a balance between classic EMT transcription factor expression (namely ZEB1) and 

simultaneous expression of any of several epithelial-promoting transcription factors (GRHL2, 

ESRP, OVOL) that act as brakes (Lu et al. 2013; Jia et al. 2015; Jolly et al. 2016; Mooney et al. 

2017). Interestingly, they and others make the prediction that the hybrid EMT state only exists 

during the forward process, and that cells jump from M to E without going through the hybrid state 

(Ruscetti et al. 2016; He et al. 2018; Lu et al. 2013). Aside from the genetic circuitry, stability of 

the partial EMT state can also be influenced by its environment. The effect of fibroblasts, immune 

cells and endothelial cells on EMT is mediated through cell-cell adhesion, cell-ECM cues, and 

juxtacrine or paracrine signaling via secreted molecules (Pietilä et al. 2016). Inflammatory 

molecules like TGF-beta or IL6 can drive EMT forward, while ECM proteins like laminins and 
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fibronectin can support the epithelial or mesenchymal state, respectively (Mandal et al. 2016). 

These molecules are also differentially expressed in partial EMT cells themselves, leading to the 

notion that they could act as mediators of EMT status in neighboring tumor cells (Cheung and 

Ewald 2014). Altogether, these data hint at an important role for homotypic cell-cell interactions 

in influencing the behavior of heterogeneous cell communities. There is a need for formal 

experiments to unravel the relative contributions of each kind of partial EMT cell state in these 

interactions. 

1.2 Modeling cellular population dynamics 

When multiple cells states coexist, their steady state distributions are governed by their relative 

growth and transition rates. An important tool for understanding how these rates give rise to a 

particular steady state distribution is mathematical modeling. Both stochastic models and systems 

of ordinary differential equations (ODEs) have been applied to cellular population dynamics with 

success. A common use case for these models is to understand the implications of the cancer 

stem cell (CSC) theory on tumor growth and maintenance. Cancer cell populations have been 

shown to maintain a steady state equilibrium proportion of CSCs and progeny, much like steady 

state proportions of EMT states have been described (Zhou et al. 2013; Yamamoto et al. 2017). 

One model predicts that any sorted cell population will revert back to the steady state equilibrium 

of CSCs:progeny over time, via bidirectional transitions between cell states (Gupta et al. 2011). 

Similarly, another model predicts that the timing of the reversion to steady state from a purified 

progeny population requires bidirectional transitions, because it happens too fast to be attributed 

to cell division alone (Zhou et al. 2013). A third model shows that addition of the progeny-to-CSC 

(‘reverse’) transition into a ‘forward’ model can shift tumor growth from an attenuated to 

exponential regime (MacLean et al. 2014).  
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Importantly, these models all rely on similar assumptions: the stem cell compartment is small 

compared to the differentiated cell compartment, and transitions in both directions are necessary 

for physiologically relevant observations. EMT has been shown to violate both these assumptions. 

First, the epithelial cell compartment, which gives rise to mesenchymal cells and can be thought 

of as the ‘stem cell’ of an EMT lineage hierarchy, often dominates the system with the proportion 

of epithelial-like cells being much higher than mesenchymal-like cells (Yu et al. 2013). Second, a 

fully mesenchymal state can be epigenetically locked in and irreversible (Jia et al. 2017). 

Therefore, these population models must be modified for use in assessing EMT-driven population 

dynamics. 

1.3 Understanding individual cellular contributions to the behavior of a 

heterogeneous cell population using novel 3D culture methods 

In vitro culture of epithelial cells can facilitate the study of cell-to-cell variability by providing tight 

control of the cellular microenvironment. However, three-dimensional culture (3D) in laminin-rich 

extracellular matrix (lrECM) is required to reveal the consequences of cell-to-cell variability on 

collective cell behaviors such as epithelial morphogenesis. Under these 3D culture conditions, 

single MCF10A breast epithelial cells proliferate to form polarized microtissues that ultimately 

growth-arrest as multicellular acini. These small tissues recapitulate important structural and 

functional features of the organ from which they were derived (Streuli et al. 1991) and even exhibit 

cell-to-cell variability in the activation level of kinases downstream of Ras, such as Akt, Erk and 

MLCK (Debnath et al. 2002; Pearson and Hunter 2009; Yuan et al. 2011). Unfortunately, directly 

analyzing the consequences of such cell-to-cell variability within 3D cultured tissues is 

challenging, due in part to the difficulty of efficiently and selectively specific cells, within a growing 

microtissue, with both high temporal and spatial precision. 
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Several methods are suitable for preparing tissues mosaic for various properties. Optogenetic 

techniques offer exceptional precision but are generally low throughput and require significant 

engineering of the protein or process of interest (Wen et al. 2010). Currently, the best general 

solutions involve mixing two or more cell populations (Mori et al. 2009) or infection of tissues by 

low titer virus (Leung and Brugge 2012). However, the resulting mosaic tissues span a distribution 

of compositions, where only a fraction of the microtissues possess the desired numbers of each 

cell type for subsequent analysis. These configurational inconsistencies complicate the 

quantification of rare events and processes that occur rapidly upon the initiation of cell-cell 

interactions. We therefore developed an alternative method for preparing mosaic epithelial 

microtissues that provides additional control over initial aggregate composition and cell-to-cell 

connectivity, thereby facilitating quantitative analysis and increasing the time resolution of 

experiments involving dynamic cellular interactions during the early stages of epithelial 

morphogenesis. This programmed assembly of cells is generalizable to any cell type of interest, 

and therefore can be used to probe interactions between epithelial and mesenchymal cells as 

well. Figure 1.1 outlines the method, which involves labeling the cell types of interest with single 

stranded DNA oligos and taking advantage of the rapid and selective hybridization character of 

complementary DNA strands to ‘velcro’ two cell types together. 
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Figure 1.1 DNA Programmed Assembly of Cells. 
A) DPAC workflow. Cells are mixed at >1:50 ratios to form clusters (B) which can be purified via 
FACS (C) and then cultured in a 3D environment (D).  



7 

Chapter 2: Lineage competition regulates the emergence of minority EMT 

cell states in a heterogeneous population 

2.1 The MCF10AneoT cell line exhibits partial EMT states 

The MCF10AneoT cell line is a derivative of the MCF10A cell line that expresses low levels of 

HRasGV12 (Santner et al. 2001). MCF10AneoT cells exhibit heterogeneous levels of E-cadherin 

and vimentin staining that were previously shown to correlate with EMT status (Fig 2.1A). Based 

on the categories defined by Pastushenko et al. and others (Pastushenko and Blanpain 2019; 

Jolly et al. 2018), we classify these cells into two general bins: early EMT cells which express a 

medium level of E-cadherin and vimentin, and late EMT cells which express increased vimentin 

and reduced levels of E-cadherin (Fig 2.1A, arrows). Early EMT cells exhibit a cobblestone 

morphology while late EMT cells look more elongated and spindle-like (Fig 2.1B, phase images). 

We find that MCF10AneoT morphological heterogeneity is reflected in integrin alpha-6 (CD49f) 

expression heterogeneity. Therefore, this marker can be used to sort for early and late EMT cells 

by gating on CD49f-Hi and CD49f-Lo (Fig 2.1B). We refer to early cells as CD49f-Hi and late cells 

as CD49f-Lo throughout this work. The proportions of the two populations are stable across 

multiple passages. Clonal populations having one of two distinct phenotypes can also be isolated 

from culture of single parental cells. The first exhibits an exaggerated mesenchymal morphology, 

lower levels of E-cadherin, and higher levels of vimentin (Fig 2.1C, ‘Mesenchymal Clone’). The 

second has a more epithelial morphology, typically resembling the initial population (Fig 2.1C, 

Epithelial Clone’). Critically, subcloning of the epithelial-like clones leads to isolation of both more 

epithelial-like and also mesenchymal subclones, while subcloning of the mesenchymal clones 

generates only more mesenchymal subclones (Fig 2.1C). Importantly, these experiments firmly 

establish that the observed heterogeneity is phenotypic/epigenetic, and not genetic (see also 

Appendix 1). 
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To verify that the sorted and clonal populations exhibit epithelial and mesenchymal identities, we 

performed RNA-seq to examine the transcriptome differences between subtypes, then validated 

key proteins by immunofluorescence staining. Hierarchical clustering of expression profiles 

clusters the late EMT and clonal mesenchymal cells together. These cells express classic 

mesenchymal markers like vimentin, fibronectin, decreased E-cadherin and Zeb1/2. Early EMT 

and clonal epithelial populations expressed increased E-cadherin, EpCAM and laminins (Fig 

2.1D, Fig S1). We verified this data by staining both CD49f sorted populations and clonal lines for 

several markers (Fig S2). We also examined the expression of several EMT genes implicated in 

maintenance or establishment of hybrid EMT states (Jolly et al. 2018; Pastushenko and Blanpain 

2019). These genes indicate progressively further differentiation towards a mesenchymal status 

in each cell type (Fig S3).  

2.2 A unidirectional lineage hierarchy describes the MCF10AneoT population 

dynamics 

We examined proliferation, cell death and cell state transitions of the cell types in order to 

understand the population level dynamics of the system. In agreement with the literature (Hugo 

et al. 2017), the clonal mesenchymal cell type grows significantly more slowly than the other cell 

types, while the late-partial CD49-Lo cell type exhibits a median doubling time (Fig 2.2A). Cell 

death from regular culture or experimental perturbations was minimal and not significantly 

different between FACS sorted cell types (Fig 2.2B). Since direct real-time tracking of state 

transitions was not feasible, we assayed for evidence of forward and reverse transitions in several 

ways. Our first observation was that clonal mesenchymal populations maintained their phenotype 

and never gave rise to epithelial outgrowths, and that further subcloning of this population resulted 

in only mesenchymal colonies while subcloning epithelial cells could give rise to both cell states 

(Fig 2.1D). To observe this dynamic without using isolated clones, we sorted CD49f-Hi and Lo 
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populations and tracked their CD49f expression over time. In concordance with the clonal 

observations, we saw that CD49f-Hi cells give rise to CD49f-Lo cells, while CD49f-Lo cells stayed 

low unless they had a contaminating CD49f-Hi population to start (Fig 2.2D). To further establish 

a hierarchical link between the CD49f sorted populations and the clonal populations, we 

performed single cell cloning on CD49f-Hi and Lo cells. Sorting for CD49f-Hi cells biased the 

phenotypes from the cloning assay toward epithelial, while sorting for CD49f-Lo cells biased the 

outgrowing clones toward a mesenchymal phenotype (Fig 2.1D).  

Since clonal populations have grown on their own for many doublings before being assayed, we 

hypothesize that time and/or isolation is required for differentiation to the fully mesenchymal state. 

Thus, we performed co-culture experiments of GFP and RFP labeled cells in order to determine 

whether CD49f-Lo cells can be maintained in the population long enough to differentiate into fully 

mesenchymal cells. We mixed CD49f-Hi and Lo cells expressing different fluorescent proteins at 

starting ratios of 90:10 to mimic the steady state conditions of the parental MCF10AneoT cells. 

We found that the CD49f-Lo cells are depleted from the population in an exponential manner over 

30 days (Fig 2.2C), indicating that even if isolation is not required for differentiation, fully 

mesenchymal cells only exist at extremely low frequencies in the parental population due to 

lineage competition. Taken together, we conclude that the steady state mixture of cell types in 

the parental line represents a unidirectional lineage hierarchy, where early-partial EMT cells 

consistently give rise to late-partial EMT cells with no reverse transition. These late-partial EMT 

cells may continue down the differentiation pathway toward fully mesenchymal cells, but due to 

the higher proliferation rate of the epithelial-like populations, these cells are outcompeted and 

never arise or dominate the population. This model is summarized in Fig 2.2E. 
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2.3 A simple ODE model accurately captures lineage hierarchy dynamics 

To explore the consequences of these EMT dynamics in a heterogeneous population, we 

developed a simple mathematical model describing the transitions and proportions of cell states 

within the population based on the model developed by Zhou et al (Zhou et al. 2013; Zhou et al. 

2014). We chose a two-compartment ODE model for simplicity as well as to represent the two 

main populations we see within the parental cell line. We denote cell states as E and L (early and 

late EMT) and consider cell division, cell state transitions, and cell death for each cell state (Fig 

2E). The rate of division of E cells, α, is defined as the ratio of E:L doubling times, and thus each 

time step is defined as a single doubling time for L cells. The rate of conversion of E to L cells, 

βEL, and the rate of conversion from L to E, βLE, can be thought of as the proportion of cells that 

transition from one type to the other in a given time step. The rates of cell death, γE and γL, are 

the proportion of each cell type that die in a given time step. Equations 1 and 2 describe the 

system.  

                        !!" #(%) = (#(%) − *+,#(%) + *,+.(%) − /+#(%)                (Eqn 1) 

                         !!" .(%) = .(%) + *+,#(%) − *,+.(%) − /,.(%)                   (Eqn 2) 

Based on our analysis of proliferation, cell death and cell state transitions, we explored the 

following parameter space of this model:  

1 ≤ ( ≤ 2    /+ = /, 

			0 ≤ *+, ≤ 1   0 ≤ *,+ ≤ 1  

We displayed results as the proportion of epithelial cells in the population and plotted them as a 

function of time or as heatmaps of the steady state proportions. 
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2.4 The EMT steady state is robust to loss of either cell type 

We first asked what steady states could occur in the model after starting from various initial 

conditions. Depending on the values of α and βEL, we could obtain steady state proportions of cell 

types between 0 and 100% early-partial. Changing α had the biggest effect on the time it takes 

for the populations to converge to the steady state and some effect on the value of the steady 

state itself (Appendix 3.1). βEL affected the value of the steady state by setting an upper bound 

on the proportion of early-partial cells that could be maintained in the population (Appendix 3.1). 

Importantly, our analysis of cell state transitions defines our model as unidirectional and indicates 

that βLE is 0. With this constraint, all initial conditions converged to the same steady state, except 

when the population started out with 0% early-partial cells. In this case a new steady state of 

100% late-partial/mesenchymal cells was established (Fig 2.3A, pink line). However, when we 

changed the value of βLE to be greater than zero, even the 0% early-partial initial condition 

converged to the original steady state (Appendix 3.2). Thus, our model indicates that a purely 

mesenchymal population can only establish when two conditions are satisfied: 1) the epithelial 

compartment is completely eliminated, and 2) there are no backward transitions. 

Next, we replicated the basic behavior of the model in vitro by sorting epithelial and mesenchymal 

subpopulations to different levels of purity and tracked their CD49f composition over time. 

Observed temporal dynamics of the system fit well with modeling results when we set α to 1.3 

and βEL to 0.018 (Fig 2.3A). Namely, a binomial growth curve fitted to the almost-pure CD49f-Lo 

sorted population data predicts recovery to 50% epithelial and 50% mesenchymal proportions at 

25 days. We found that the steady state proportions of CD49f-Hi and CD49f-Lo cells were 93.5% 

and 7.5%, respectively, and that nearly every sorted cell population converged to this steady state 

within 50 days. Indeed, we found that even in CD49f-Lo populations sorted to 99.96% purity 

(<1/2500 contaminating CD49f-Hi cells), only 1 of 9 samples was sorted purely enough to stay 
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mesenchymal over time while the rest exhibited recovery of a CD49f-Hi population (Fig 2.2D, 

bottom panels and Fig 2.3B).  

We attribute the recovery of a CD49f-Hi compartment in sorted mesenchymal populations to 

impurities in the sort, and not from a reverse transition for two reasons. First, single cell cloning 

resulted in pure mesenchymal populations with no reversion. Second, we were able to isolate 4/9 

pure mesenchymal populations by plating similarly sorted CD49f-Lo cells at lower density and 

with fewer cells per sample in a second experiment (data not shown), indicating that stochastic 

distribution of contaminating CD49f-Hi cells within the 9 samples allowed some replicates to 

remain purely CD49f-Lo. Thus, we conclude that the system is very robust to partial losses of 

either cell type but can exhibit a complete shift to a new state under extreme conditions. 

2.5 Perturbations of hierarchy dynamics lead to population-level state 

changes 

We explored which factors could lead to the establishment of a pure late-partial/ mesenchymal 

population within this framework by varying several parameters within our model. We found that 

increasing the E death rate or lowering the E proliferation rate relative to L cells can lead to a 

population-level switch to a pure late-partial mesenchymal steady state (Fig 2.3C, Appendix 3.1 

and 3.3). Additionally, increasing the rate of transition from E to L also led to a pure late-partial 

mesenchymal steady state (Fig 2.3E, Appendix 3.4).  

We mimicked these in silico conditions in several ways. In addition to complete removal of the 

early EMT compartment via FACS or single cell cloning, we also treated the cells with a cytotoxic 

chemotherapy drug, 5-fluorouracil (5FU). This class of drugs targets replicating cells, and as a 

result the epithelial compartment is theoretically more susceptible than the mesenchymal 

compartment due to differential proliferation rates. This represents the case where we increase 

the death rate of the E cells relative to L cells (Fig 2.3C). We treated cells with 5FU for 15 days 
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and examined their CD49f expression over time. CD49f expression exhibited a dose-response 

relationship for changes in composition at 15 and 40 days, and after washout and recovery we 

found that the highest dose of 5FU was sufficient to drive the population into a stable, pure 

mesenchymal state (Fig 2.3D). Similarly, we utilized TGFβ treatment to increase the rate of 

transition from E to L states. We were able to drive the population to a fully mesenchymal state 

within 60 days of treatment (Fig 2.3F). Importantly, cessation of TGFβ treatment after this point 

did not lead to a reversion in cell composition (Fig 2.3F, red line). These data demonstrate that in 

a unidirectional model, there are several ways to achieve a pure mesenchymal population, but 

this is mutually exclusive with existence of a reverse transition. 

2.6 Discussion 

We establish a model system representing a range of partial and full EMT states. Even our most 

epithelial subpopulations still express low levels of vimentin and other EMT markers, indicating 

that early EMT events can begin while cells appear phenotypically epithelial. According to the 

markers for hybrid EMT states laid out by Pastushenko et al. and Jolly et al., our cell types 

represent early and late hybrid EMT populations while our clonal mesenchymal cells represent 

an irreversibly differentiated EMT population. 

In this system, our early hybrid cell state appears very stable. We see little evidence of a fully 

epithelial population since all cell types express vimentin. Our mathematical model provides the 

best fit at low levels of E to L transition rates, another marker of the stability of the early hybrid 

EMT state. This correlates with observations that tumors maintain their general composition from 

primary to metastatic lesions or throughout serial transplantation experiments where they go 

through a bottleneck but still reestablish the steady state (Ginestier et al. 2007). However, we 

conclude that our late EMT state is only metastable: in isolation it becomes clear that the cells are 

already committed to becoming a fully mesenchymal cell with time or feedback and exhibit no 
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evidence of reversion. The metastable nature of the late EMT state represents early time points 

along a late EMT-to-irreversible mesenchymal differentiation trajectory. At any given snapshot in 

time, most late partial cells are most likely in the early stages of the trajectory, but over time the 

most differentiated cells are depleted from the system due to higher proliferation rates of the 

earlier hybrid states. 

Importantly, establishment of a population-level phenotypic switch to the mesenchymal state 

seems to happen after engagement of irreversibility. There is evidence of outgrowths of purely 

mesenchymal populations within epithelial tumors, and it is intriguing to question whether these 

pockets of mesenchymal cells also have the requirement of irreversibility in order to establish 

themselves (Rios et al. 2019). Alternatively the spatial separation of such mesenchymal 

outgrowths could be explained by the constant presence of an EMT driver niche, such as stromal 

cells in a certain location secreting TGFbeta or hypoxia, necrosis, or immune infiltration in one 

area and not another (Cheung and Ewald 2014). Irreversible mesenchymal clones are less 

proliferative, so they could represent a novel diagnostic tool in determining how aggressive a 

tumor is. On the other hand, mesenchymal cells also provide drug resistance, a unique secretory 

profile, and migration and invasion capabilities, so even if they are themselves irreversible and 

non proliferative, they could cooperate with nearby epithelial clones to drive tumor progression. 

Lastly, the irreversible nature of mesenchymal populations may not permanent. Further work is 

needed to suss out the importance of an irreversible EMT population in tumors. 

Our system shows that since epithelial cells are so much more competent for proliferation, even 

irreversible transitions don’t significantly alter the robustness or dynamics of the population. 

However, we cannot rule out unobservable reverse transitions in mixed culture. Our work mirrors 

that of Gupta et al. in showing reversion to equilibrium for most cell states, but instead of state 

transitions, proliferation of competing subpopulations dominates the equilibrium (Gupta et al. 

2011). Our model extends this idea by allowing this robust equilibrium to exist simultaneously with 

the ability to globally state-shift to a mesenchymal status.   
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Figure 2.1 The MCF10AneoT cell line spans a range of partial EMT phenotypes.  
A) MCF10AT cells are heterogeneous with respect to EMT markers. Yellow arrows point to early 
EMT cells and white arrows point to late EMT cells. B) CD49f can be used as a marker to separate 
Hi and Lo populations. C) Single cell clones derived from MCF10AT cells represent an extreme 
version of CD49f-Hi and Lo populations, which are biased to produce the respective clone type. 
D) EMT genes show a gradual shift across subpopulations. 
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Figure 2.2 MCF10AneoT cells display a lineage hierarchy relationship among EMT subtypes. 
A) Doubling times of various EMT subpopulations. B) Proportion of dead cells in various FACS 
experiments among different sorted subpopulations. C) CD49f-Lo cells in mixed cultures exhibit 
exponential depletion over time. D)Representative FACS data of a CD49f sort time course 
experiment. E) Outline of interactions summarized in model equations (1) and (2).  



17 

 
Figure 2.3 Pure late/mesenchymal populations can be derived from MCF10AneoT cells in a 
variety of ways. 
A) Modeling of different starting ratios of CD49f-Hi and Lo cells. B) FACS sorting of extremely 
pure CD49f-Lo cells results in a stably pure mesenchymal phenotype (pink line, bottom), but 
otherwise cells recover to steady state. C) Modeling and experimental results (D) for increasing 
E cell death via cytotoxic chemotherapy. E) Modeling and experimental results (F) for increasing 
E→L transition rates by induction of EMT with TGF-β treatment. Arrows represent when the drug 
or treatment was washed out.  
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2.6 Methods 

Cell culture and materials 

MCF10AneoT cells were obtained from the Karmanos Cancer Institute (Detroit, MI) and cultured 

as previously described (Dawson et al., 1996; Debnath et al., 2003). Cells were grown in 

DMEM/F12 media base with 5% horse serum (Invitrogen), 20 ng/mL EGF (Peprotech), 2 μg/mL 

hydrocortisone (Sigma), 10 μg/mL insulin (Sigma or Cell Applications), and 1 ng/mL cholera toxin 

(Sigma). Cell lines expressing H2B-RFP proteins were prepared by transduction with lentivirus 

derived from pHIV-H2BmRFP (Addgene plasmid 18982) (Welm et al., 2008). H2B-eGFP was 

cloned from Addgene plasmid 11680 and ligated into pHIV to produce pHIV-eGFP (Kanda et al., 

1998). Lentivirus was produced at the UCSF Sandler Lentiviral Core.  

Antibodies, growth factors and drugs 

The following antibodies were used for immunofluorescence staining: E-cadherin and CD49f 

(BioLegend), vimentin, laminin 5, pan-laminin and fibronectin (Abcam). CD49f-APC was also used 

for FACS analysis. TGFβ (R&D systems) was used at a final concentration of 5ng/mL in regular 

growth media. 5-Fluorouracil, carboplatin and paclitaxel (Sigma Aldrich) were used at various 

concentrations in regular growth media as described in the text. 

Immunofluorescence staining and confocal imaging 

Immunofluorescence was carried out as described in the Abcam IF Protocol, with the following 

notes: cells were fixed in 4% paraformaldehyde, not permeabilized, and all antibodies were 

primary conjugated. Counterstaining was not performed because nuclei were GFP- or RFP-

labeled. Confocal images were acquired on a Zeiss Axio Observer using ZEN software. Channel 

intensities were adjusted linearly and equally across all images in each experiment using ImageJ. 
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For display purposes when comparison is not necessary, gamma was adjusted to account for 

differences in brightness between GFP nuclei and FITC staining. 

Flow cytometry, FACS, CD49f time courses and cell death analysis 

All analysis and sorting was carried out on a BD FACSAriaII or FACSAriaIII (UCSF Laboratory for 

Cell Analysis). For cell death, nuclei were labeled with DAPI and the proportion of DAPI-negative 

events was calculated for each population. For DAPI and CD49f expression, automatic gating 

was performed using the openCyto package in R. Data from each experiment and condition was 

collapsed, the flowClust.1D method was used for DAPI-negative gating, and the tailgate method 

was used to determine the boundary between CD49f-Hi and -Lo populations. For time course 

analysis, curve fits were estimated using a generalized linear model with a binomial link in ggplot2. 

Single cell cloning 

Cells were sorted as above using single cell purity at a rate of 1 cell per well into 96- or 384-well 

plates. Initial experiments were verified for single cell purity. Wells were additionally discarded 

that grew more than one colony. Media was changed every 5-7 days and after 3 weeks colonies 

were scored as E or M according to their morphologies. For cloning experiments with different 

conditions, scorers were blinded to the experimental condition. Representative clones were 

expanded over several passages in regular growth media and these populations were used in 

subsequent experiments. 

Proliferation assay 

Cells were plated at a density of 5000 cells / cm2 and initial time points were taken 12-24 hours 

after plating. RFP-, mCherry or GFP- labeled nuclei were imaged every 8-12 hours for at least 5 

timepoints. Nuclei were segmented and counted using ImageJ. Doubling times were obtained by 
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manually selecting logarithmic growth phase time points and fitting a semi logarithmic linear 

regression to the count data in R. 

RNA sequencing library preparation 

3’ RNA seq was performed on bulk samples of >10,000 cells using a modified Smart-Seq2 library 

preparation protocol. Briefly, cells were lysed in RLT+1%BME stored at -80 until all samples were 

ready to be processed. RNA-SPRI beads were used to isolate and wash RNA, and sample 

barcodes were incorporated on the 3’ end of poly-A mRNAs during first strand synthesis 

(SuperScript RT). A template switching oligo incorporated a 5’ primer sequence, after which RT 

and PCR amplification was performed to get a cDNA library. Tagmentation and a second round 

of amplification was performed to isolate the 3’ poly-A tail including the 3’UTR. Sequencing was 

performed on a MiSeq (V2 or V3 kits) according to the manufacturer’s directions. 

RNA sequencing analysis pipeline   

Samples were demultiplexed using the 1_Flexible_UMI_Demultiplexing.pl script from Tallulah 

Andrews (tallulandrews on Github) from the Hemberg lab (MIT) and quality control was done 

using FastQC and MultiQC. Reads were aligned to hg19 using Bowtie2 and a count matrix was 

created using a custom script courtesy of Paul Rivaud from the Thompson lab (UCSF). Differential 

expression analysis was performed in R using the DESeq2 package. Counts plots and PCA plots 

were created with ggplot2 and pcaExplorer packages. 

Mathematical modeling of population dynamics 

All modeling was performed with Matlab R2017A and solved numerically using the ode15i solver. 

Several initial conditions were selected to reflect experimental setups and the model parameters 

were explored as outlined in the text. The model was manually fitted to the experimental data to 

obtain the best fit parameter values. Code is available in Appendix 3 and supplemental file 
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‘ModelExploration.zip’ in this work (see Table 1). Results were plotted in Matlab and in R using 

ggplot2. 
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Chapter 3: Cell-cell interactions amongst hybrid EMT states mediate 

population level behaviors in heterogeneous groups of cells 

3.1 Isolated mesenchymal cell populations exhibit enhanced malignant 

properties, while isolated epithelial cells exhibit reduced malignant 

properties 

Principal component analysis of gene expression profiling of cell states shows a clear distinction 

between epithelial-like early EMT populations and late EMT mesenchymal-like populations along 

PC1, and a further distinction between the CD49f-Lo, late EMT population and the fully 

mesenchymal clonal populations (Figure 3.1A). This implies that time or isolation of the late EMT 

cells allows them to further differentiate down the mesenchymal axis. We explored whether these 

cells exhibit functional differences as well as transcriptional ones by performing classical EMT 

assays. As expected, we found that the clonal mesenchymal cells that had been isolated for a 

period of time exhibit differential motility, increased drug resistance, and increased soft agar 

colony formation (Fig 3.1B-E). We found that while there is no significant difference in transwell 

migration ability, epithelial and mesenchymal clonal lines exhibit markedly different motility in 2D 

(Fig 3.1 C and D). Epithelial clones show persistent, biased motion with p=0.0027 from a 

Hotelling’s t-test for unbiased motion, while mesenchymal clones move in an unbiased manner 

(p=0.201). Both of these kinds of movement are apparent in the bulk population (Supplemental 

Movies M1, M2 and M3). We hypothesized that the CD49-Hi and CD49-Lo compartments of the 

parental line are held back from differentiating further down their respective identity trajectories 

due to the presence of signals and interactions from the other cell type. This led us to perform co-

culture experiments in order to further explore cell-cell interactions within the heterogeneous 

population. 
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3.2 Co-culture of different cell states can induce increased malignant 

behaviors in neighboring cells 

Even though there was no difference in migration ability alone, we wondered whether migration 

ability of parental cells would change as a function of neighboring cell type. We found that clonal 

epithelial neighbors significantly decreased the number of bulk cells that migrated in a transwell 

assay, while clonal mesenchymal neighbors had no further effect (Fig 3.2A). We next explored 

the ability of epithelial or mesenchymal microenvironments to influence cell state transitions and 

EMT status by co-culturing clonal epithelial cells or clonal mesenchymal cells with CD49f-Hi or Lo 

populations and tracking the change in CD49f expression over time. We found that clonal 

epithelial cell neighbors slowed the rate of transition from CD49f-Hi to CD49f-Lo (Fig 3.2C, upper 

left panel). These data support our hypothesis that epithelial environmental cues could inhibit 

transition from E to L, or conversely that not only time but isolation away from E cells is necessary 

for full mesenchymal differentiation.  

On the other hand, clonal mesenchymal cell neighbors caused CD49f-Lo cells to assume an 

enhanced mesenchymal state, as evidenced by even lower expression levels of CD49f in the 

population (Fig 3.2C, lower right panel). To further explore how mesenchymal cells change over 

time as a result of a purified mesenchymal microenvironment, we also looked at colony-forming 

ability in soft agar. We found that CD49f-Lo cells freshly isolated from the parental population only 

create a modest number of colonies in soft agar. However, CD49f-Lo cells that have been cultured 

alone for 70+ days exhibit a significant increase in colony forming ability (Fig 3.2D), suggesting 

that a mesenchymal microenvironment drives further differentiation to a mesenchymal state. This 

directly relates observations from clonal cells, which are by default “aged” for many population 

doublings, with our sorted, non-clonal populations.  

The most interesting observation would be to see an influence of mesenchymal cells on 

neighboring epithelial-like cells, so next we sought to understand whether this occurred in a 
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unique 3D co-culture system. Using DPAC, a technique previously developed in our lab 

(Todhunter et al. 2015), we built custom microtissues consisting of either one clonal epithelial or 

one clonal mesenchymal cell surrounded by 6-10 parental cells. We plated these microtissues on 

a bed of matrigel and observed their behaviors using time lapse microscopy. We found that 

addition of a single epithelial cell into a group of parental cells had no significant effect on 

behaviors of the microtissues, which generally condense into a spherical organoid and begin to 

polarize and create a lumen within 24 hours, which are signs of a well-behaved and differentiated 

epithelial cell (Liu et al. 2012). However, when we added a single mesenchymal cell into the mix, 

we observed a significant increase in scattering behaviors of the parental cells in each microtissue 

(Fig 3.2D-E). Interestingly, we observed increased motility in the neighboring parental cells, not 

just the single mesenchymal cell, that otherwise was not observed. These results underscore the 

importance of considering how a minority of cells could influence the behavior of the entire whole 

in unpredictable but important ways. 

3.3 An epithelial microenvironment creates a positive feedback loop that 

slows the E to M transition rate 

We observed that while cells in bulk maintained an approximate 93:7 ratio of E to L cells, single 

cell cloning experiments yielded a 60:40 ratio of epithelial to mesenchymal clones (Fig 2.1B and 

C). This discrepancy indicated that something about isolation of a single cell could drive a 

transition to a mesenchymal phenotype. To further explore determinants of the E to L transition 

rate, we looked for microenvironmental cues that might drive an E to L transition or, conversely, 

support an epithelial phenotype by slowing the E to L transition. In our sequencing data, we found 

that our cells express both soluble factors and ECM proteins that could contribute to a neighbor’s 

phenotype (Fig 3.3A). We saw some cytokines expressed more highly in mesenchymal cells, 

including IL-1 and IL-8. We performed a cytokine array and confirmed a general upregulation of 
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secreted factors in mesenchymal cells compared to epithelial cells, reminiscent of the 

senescence-associated secretory profile (Ortiz-Montero et al. 2017). Although not significant, we 

saw increased secretion of IL-1 and IL-8 in our mesenchymal cells.  

We also found an ECM signature in our RNA seq data in the form of laminin-3 being expressed 

in epithelial cells while fibronectin is expressed in mesenchymal cells. We stained for fibronectin 

and pan-laminin and observed evidence of laminin and fibronectin being anticorrelated at the 

protein level as well (Fig 3.3B). Clonal epithelial cells exhibit the lowest staining for fibronectin 

while clonal mesenchymal cells express the most (Figure S2). We also found that mesenchymal 

cells express higher levels of integrin alpha 8 and integrin alpha 5, which bind to fibronectin, and 

epithelial cells express higher levels of integrin alpha 2 and 4, which bind to laminin (data not 

shown). We hypothesized that an integrin-matrix feedback loop influences the transition from 

epithelial to mesenchymal phenotype. In our single cell cloning experiments, we found that plating 

single cells on laminin increased the proportion of clones that had an epithelial phenotype, while 

plating single cells on fibronectin led to a modest increase in the proportion of mesenchymal 

clones as compared to plating on BSA (Fig 3.3D). 

3.4 Discussion 

The fully mesenchymal populations that emerge in our system exhibit more malignant properties 

than the other cell types, including differential gene expression, differential motility, increased 

ability to grow colonies in soft agar, and increased drug resistance. These findings are 

corroborated throughout the literature on EMT (Nieto et al. 2016). Altogether, our data support a 

model in which cells freely transition from epithelial to mesenchymal states, but this transition is 

hindered by cues from an epithelial microenvironment. Once released from that epithelial 

microenvironment, cells can engage in a time-dependent feedback loop that pushes them further 
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into a mesenchymal cell state. These fully mesenchymal cells can, in turn, influence the behavior 

of nearby cells, even causing well-behaved cells to act more malignant.  

Most of the literature on EMT in cancer focuses on the single ‘worst’ bad actor. Recently, the 

hybrid EMT state has been highlighted as the cell that can not only migrate but also proliferate. 

Unspoken is the implication that with such a cell type, only a single cell needs to get to a new 

location, and its plasticity will allow it and its progeny to efficiently colonize a new metastatic site. 

However, this world view neglects to incorporate other major advances in the field such as the 

study of circulating tumor clusters. Clusters have been found to be highly metastatic and 

phenotypically heterogeneous (Cheung et al. 2016). Additionally, more and more studies are 

finding that metastases are often polyclonal in nature (Aceto et al. 2014), indicating that a single 

cell is not necessarily the worst offender in cancer. Also neglected is a consideration that even 

cells without proliferative capability such as irreversible mesenchymal cells could still play a role 

in supporting a metastatic phenotype through cell-cell interactions and signaling through secreted 

factors. Our 3D experiments show that co-culture of a minority of clonal mesenchymal cells elicits 

a drastic change in the migratory behavior of the cells from the parental population. 

Outstanding questions in the field remain as to how well-mixed early and late EMT cells are in a 

tumor, and whether they can influence each other’s behavior in vivo. These interactions could be 

exploited to enhance a tumor’s epithelial nature in order to make it more susceptible to treatments. 

Understanding of these interactions could also be harnessed to disrupt potential feedback loops 

that promote invasion and metastasis. Our 3D coculture system is a novel method for 

interrogating cell-cell interactions in a more physiologically relevant setting. Future work could 

also include adapting the system for in vivo examination of the metastatic potential of 

heterogeneous circulating tumor clusters.  

Our results demonstrate that population dynamics of EMT phenotypes can remain robust while 

allowing for irreversibility, and that microenvironmental feedback from heterotypic cell states can 

influence the behavior and EMT status of the overall population. These findings have important 
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implications for consideration of not only cell-intrinsic properties but cell-cell interactions to gain a 

comprehensive understanding of the behavior of heterogeneous cell populations.  
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Figure 3.1 Isolated mesenchymal cells exhibit enhanced malignant properties.  
A) PCA of gene expression signatures confirms the enhanced EMT nature of clonal populations 
vs CD49f-Lo sorted populations. B) Clonal epithelial and mesenchymal cell lines exhibit 
differential migration abilities. C) Mesenchymal clones are more resistant to cytotoxic 
chemotherapies than epithelial clones or parental cells. D) Mesenchymal clones grow more 
colonies in soft agar than epithelial clones or parental cells (mes vs ep: p=0.0002, mes vs bulk: 
p=0.045, post-hoc Tukey’s test).  
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Figure 3.2 Clonal cell populations induce non-autonomous behaviors in neighboring cells. 
A) Co-culture transwell migration assays show a decrease in parental migration when grown with 
nearby epithelial clones (p=0.085) B) ‘Aged’ CD49f-Lo populations grow more colonies in soft 
agar than freshly sorted CD49f-Lo cells. C) CD49f expression changes over time depending on 
co-culture neighbor. D) 3D assembly assay quantification and (E) images show that mesenchymal 
cells induce a scattering motility phenotype in neighboring parental cells (p=0.0001, 2-tailed 
Student’s T-test)  
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Figure 3.3 Secreted factors and ECM molecules are differentially expressed in EMT 
subpopulations.  
A) Normalized gene expression for ECM and secreted molecules. B) Cytokines are differentially 
expressed in clonal conditioned media. C) ECM molecules fibronectin and laminin are 
heterogeneously expressed in parental MCF10AneoT cells. D) Coating plates with different ECM 
molecules biases the phenotypic outcomes of the single cell cloning assay.  
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3.5 Methods 

Cell culture, immunofluorescence, confocal imaging, and FACS analyses were all performed as 

outlined in section 2.6 of this work. 

Transwell migration assays 

Migration assays were performed as previously described using 96-well BD fluoroblok plates (BD 

Biosciences). For co-culture migration assays, GFP-labeled clonal cell lines were mixed 50:50 

with RFP-labeled parental cells. All assays were quantified by fixing the membranes with 4% 

paraformaldehyde for 15 minutes at room temperature and counterstained with DAPI. Membranes 

were imaged on a confocal microscope and nuclei were segmented and counted in the DAPI 

channel using ImageJ, then those spots were evaluated for RFP or GFP expression in ImageJ to 

get final counts for each population.  

Motility assays 

Subclonal cell lines were isolated from a mixed-phenotype clone transfected with LifeAct-GFP to 

aid visualization. Cells were plated at 5,000-10,000 cells / cm2 and allowed to adhere overnight 

24-hour time lapses were performed. Cells were imaged every 20 minutes and subsequent tracks 

were hand-annotated using ImageJ. Statistical analysis and graphing was performed in R using 

the MotilityLab and ggplot2 packages. 

Drug resistance assays 

Parental or clonal cells were plated at 5,000 cells / cm2 and allowed to adhere overnight before 

changing to media containing vehicle control or increasing concentrations of carboplatin, 

paclitaxel or 5-FU. After 48 hours of treatment cells were stained with AF647-conjugated Annexin 

V (Thermo Fisher) and images were acquired on an IN Cell Analyzer 6000 (GE Life Sciences). 
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Fluorescence was quantified in ImageJ and relative proportions of live vs dead signals were 

obtained. ED50 values were calculated using the drc package in R. 

Soft agar assays 

Soft agar assays were performed as previously published (Partridge and Flaherty 2009). After 

staining, images of partial wells were acquired on a dissecting microscope and aligned in Adobe 

Photoshop. Colonies were counted using ImageJ and analyzed and plotted using Python. 

CD49f co-culture time course 

RFP-labeled parental cells were sorted for the top or bottom 10% of CD49f expression using 

FACS and plated 50:50 with GFP-labeled clonal cell lines (pure epithelial or pure mesenchymal), 

or plated alone at equal cell densities. After 3 passages, cells were again analyzed by flow 

cytometry for CD49f expression. RFP-positive cells were gated and the CD49f-Hi and -Lo 

proportions were compared for cells grown alone or with neighboring clones. Data were analyzed 

using the Cytobank community platform and plotted in GraphPad Prism. 

3D DPAC Assemblies 

Cell surface labelling was performed as previously described. RFP- and GFP-labeled cells were 

lifted by an incubation in 0.04% EDTA until cells rounded, followed by a 0.05% trypsin pulse. Cells 

were washed 3 times with base medium and then labeled with dialkylphosphoglyceride-DNA for 

5 minutes at room temperature followed by 3 washes with base medium. DNA-labeled cells were 

filtered through a 40 μm mesh, counted, mixed at greater than 1-to-50 ratios in polypropylene 

tubes, centrifuged, and gently resuspended. Aggregates were purified directly into 8-chamber 

slides coated with a thin layer of matrigel and containing 3D assay media using a FACSAriaII or 

FACSAriaIII (UCSF Laboratory for Cell Analysis) equipped with a 130 μm nozzle and a sheath 

pressure of 10 PSI.  
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Time lapse microscopy 

Time-lapse images of aggregates were acquired on either a Zeiss 200M inverted fluorescence 

microscope equipped with an XCite argon light source and a Hamamatsu camera, a Zeiss 

AxioVert or a Zeiss Cell Observer. Field positions were programmed into Slidebook 5.0 or Zen 

software and images were acquired at 30-minute intervals. Samples were maintained in a 

humidified chamber at 37°C and 5% CO2. Phenotypes were scored using NEP software after 

acquisition. Microtissues that merged with other microtissues or single cells were not scored due 

to confounding effects on cell motility.  

Secreted factor assay 

Cells were plated at 10,000 cells / cm2 and media was changed after cells adhered to plate. 

Conditioned media was collected after 24 hours on the cells and a Proteome Profiler Human XL 

Cytokine Array (R&D Systems) was probed for each cell subtype according to manufacturer 

directions. Membranes were imaged on a LI-COR system and spots were measured with ImageJ. 

Data was analyzed using Excel. 

Cell culture on ECM functionalized surfaces 

96-well plates were coated with a BSA, fibronectin (EMD Millipore), laminin (Sigma 

Aldrich) or laminin-332 (Kerafast) solution at 10 ug/mL for 1hr at room temperature or 

overnight at 4C. Plates were rinsed once with PBS and used within 2 weeks of coating. 

Cells were then subjected to the same single cell cloning assay as outlined in section 2.6 

of this work.  
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Appendix 1: Supplemental Discussion 

EMT heterogeneity is non-genetic 

Mutation rates for cell lines undergoing clonal expansion have been measured at 3.0 × 10−8 SNV 

per bp per cell division for HT115 cells which are ‘hypermutators’, and 4.3 × 10−9 SNV/bp/division 

for RPE1 cells which are not considered to be hypermutated. Somatic cells in vivo have been 

estimated to accumulate 5 × 10−10 SNV/bp/division (Brody et al. 2018). Protein coding genes 

take up 1.22% of the human genome, which is 3,096,649,726 bases for a total of 37,779,127 

protein coding bases (ENCODE Project Consortium 2012; Zerbino et al. 2018). 

In a single experiment, we grew an average of 71 colonies, 34 of which were classified as 

mesenchymal. A liberal assumption would be that the switch from epithelial to mesenchymal is 

controlled by a single point mutation in a protein coding gene. Since mesenchymal clone cells 

have a uniform phenotype, a mutation controlling the EMT switch would have to happen in the 

first division based on our observations about the recovery of an epithelial compartment from 

contaminating epithelial cells in mesenchymal populations. At the rate of the hypermutated cell 

line, the approximate number of protein coding bases mutated per cell division is 1.13, while the 

number of protein coding bases mutated in non-hypermutators is 0.16, and for somatic cells the 

value is 0.019 bases.  

MCF10AneoT cell line has a minimal number of genomic changes compared to its parental line 

MCF10A (Kadota et al. 2010). While h-RasG12V expression is linked to increased proliferation and 

transcription, which has been correlated with increased mutational frequency (Domcke et al. 

2013; Liu et al. 2012), it is unlikely that low levels of h-RasG12V expression has resulted in a 

hypermutator phenotype for MCF10AneoT cells. Accordingly, at a rate of 0.16 mutated bases per 

division, the odds of a full SNV mutation happening in 34/71 wells in a single experiment are 
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8.7x10-28. Additionally, putative driver genes of EMT number in the 10’s to 100’s, lowering the 

odds of the correct mutation happening in the correct spot even further (Nieto et al. 2016). Thus, 

we conclude that the EMT events we observe in our system are not driven by mutations but rather 

epigenetic and transcriptional regulatory circuits that exhibit a constant dynamic reciprocity with 

their surroundings. 
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Appendix 2: Supplemental Data 

 
Figure S1 Hierarchical clustering of gene expression profiles of EMT subpopulations.  
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Figure S2 Staining panel of MCF10AneoT cells and clones.  
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Figure S3 A panel of selected hybrid EMT markers shows a progressive differentiation from 
epithelial to mesenchymal.  
From top to bottom, genes progress from enhancing an epithelial character to enhancing a 
mesenchymal character.  
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Table 1 List of external supplemental files 

M1. Epithelial clone 2D motility 

M2. Mesenchymal clone 2D motility 

M3. Parental-like clone 2D motility 

M4. MCF10AneoT + Epithelial clone heterotypic assemblies 

M5. MCF10AneoT + Mesenchymal clone heterotypic assemblies 

M6. MCF10AneoT + MCF10AneoT homotypic assemblies 

F1. ModelExploration.zip (includes ModelExploration.m, example1.m, example1modDeath.m, 
and example3.m) 
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Appendix 3: Further exploration of the mathematical model 

The following code and output looks at the proliferation and conversion of epithelial and 

mesenchymal cells using Equations 1 and 2. In the model, α is represented by p, βEL is 

represented by r, βLE is represented by q, and γ is represented by z. The full code with additional 

exploration is available in the supplemental files listed in Table 1. 

A3.1 Effect of proliferation, transitions and initial conditions on steady states 

We first asked where the steady states were when varying the relative proliferation rate of E to L 

cells. We varied p from 1-2 and r from 0-1. Next we asked whether the starting amounts of E and 

L cells affected the steady states by keeping p set to 1.7 and varying r. Then we kept r at 0.2 and 

varied p from 0 to 2. These dynamics are summarized in a heatmap of steady states. 

%% Effect of p and r - where are steady states? 
% p is ratio of proliferation rates, Rate(E)/Rate(L). Ranges from 1 to 2. 
% r is rate of conversion from E to M. Ranges from 0 to 0.1. 
% q is zero. 
set(0,'defaultfigureposition',[1300 10 800 800]) 
figure('Name', 'Effect of p and r on steady states'); 
hold off; 
ststs1=zeros(21,21); 
fifties1=zeros(21,21); 
pvec=linspace(1,2,21); 
rvec=linspace(0,1,21); 
for i=1:1:length(pvec) 
    subplot(3,7,i); 
    xlabel('days','FontSize',14) 
    ylabel('E/(E+L)','FontSize',14) 
    p=pvec(i); 
    title(['p=' num2str(p)]) 
    axis([0,100,0,1]) 
    hold on; 
    for k=1:1:length(rvec) 
        r=rvec(k); 
        E0=0;         %(initial rate of change of 
        M0=-0.5;           %E and M don't appear to matter) 
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        tspan=[0 100]; 
        y0=[0.002547602,1-0.002547602];      %don’t use zero 
        yp0=[E0;M0]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1', tspan, y0, yp0, option, r, p,0); 
        prop=[y(:,1)]./([y(:,1)]+[y(:,2)]); 
        days=t*(p*23/24); 
        [prop, pindex]=unique(prop); 
        semilogy(days(pindex),prop) 
        ststs1(i,k)=prop(end); 
        fifties1(i,k)=interp1(prop, days(pindex), .5); 
    end 
    hold off; 
end 

 

%% Effect of starting ratio of E and L with different r 
% Does the starting amounts of E and L affect steady states? 
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figure('Name', 'Effect of starting ratio of E:L with different r'); 
hold off; 
test=[0.918599209 0.976960149 0.994231879 0.193203198 0.002547602 0]; 
ststs2=zeros(21,length(test)); 
p=1.7; 
for k=1:1:20 
    r=.044+.0001*k; 
    h=subplot(5,4,k); 
    for i=1:1:length(test) 
        title(['r=' num2str(r)]) 
        axis([0,50,0,1]) 
        xlabel('days','FontSize', 14) 
        ylabel('E/(E+L)','FontSize',14) 
        E0=test(i); 
        M0=1-test(i); 
        tspan=[0 50]; 
        y0=[E0;M0]; 
        yp0=[0;-.5]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1', tspan, y0, yp0, option, r, p,0); 
        prop=[y(:,1)]./([y(:,1)]+[y(:,2)]); 
        ststs2(k,i)=prop(end); 
        days=t*(p*23/24); 
        plot(days,prop) 
        hold on; 
    end 
    hold off; 
end 
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%% Effect of starting ratio of E and L with different p 
% Does the starting amounts of E and L affect steady states? 
figure('Name', 'Effect of starting ratio of E:L with different p'); 
hold off; 
ststs3=zeros(21,21); 
for k=1:1:21 
    p=.1*k-.1; 
    h=subplot(3,7,k); 
    for i=1:1:21 
        title(['p=' num2str(p)]) 
        axis([0,50,0,1]) 
        xlabel('time','FontSize', 14) 
        ylabel('E/(E+L)','FontSize',14) 
        E0=i-1; 
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        M0=21-i; 
        r=.2; 
        tspan=[0 50]; 
        y0=[E0;M0]; 
        yp0=[.5;-.5]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1', tspan, y0, yp0, option, r, p,0); 
        prop=[y(:,1)]./([y(:,1)]+[y(:,2)]); 
        days=t*(p*23/24); 
        plot(days,prop) 
        ststs3(i,k)=prop(end); 
        hold on; 
    end 
    hold off; 
end 
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%% Summary of proliferation and conversion from E to L 
% generate heat map of steady states 
figure('Name', 'Heatmap of steady state proportions of early hybrid 
cells'); 
hold off; 
imagesc(rvec,pvec,ststs1); 
colormap jet 
set(gca,'YDir','normal') 
xlabel('Probability of conversion','FontSize',14) 
ylabel('Ratio of proliferation rates','FontSize',14) 
g=colorbar('FontSize', 14); 
ylabel(g, 'Proportion of Early hybrid cells','FontSize',14) 
title('Heatmap of steady state proportion of early hybrid 
cells','FontSize',14) 

 



52 

A3.2 Example case 1: With or without reverse transition 

Our system shows no sign of a reverse transition. Keeping q at zero allows us to accurately model 

the dynamics observed in CD49f sorting experiments. We found that p=1.3 and r=0.018 are the 

best fitting model parameters. In the case of adding a reverse transition, we see that even an 

initial condition with zero E cells eventually recovers to steady state. We set the reverse transition 

to be 1000x smaller than the forward transition. 

%% Example Case 1 - no reverse transition 
% When p=1.7 and r=0.0451, steady state is 0.9375 
% Average value of CD49-Hi is 0.9355434 
% but steady states don't get back to 50% at d~25 unless P=1.3 and r=0.018 
figure('Name', 'No Reverse Transition'); 
hold off; 
r=.018; 
p=1.3; 
q=0; 
test=[0.918599209 0.976960149 0.994231879 0.193203198 0.002547602 0]; 
plots=zeros(0,2); 
for i=1:1:length(test) 
        title(['r=' num2str(r) ', p=' num2str(p)]) 
        axis([0,50,0,1]) 
        xlabel('Days','FontSize', 14) 
        ylabel('E/(E+L)','FontSize',14) 
        E0=test(i); 
        M0=1-test(i); 
        tspan=[0 50]; 
        y0=[E0;M0]; 
        yp0=[0;-.5]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1', tspan, y0, yp0, option, r, p, q); 
        prop=y(:,1)./(y(:,1)+y(:,2)); 
        days=t*(p*23/24); 
        plot(days, prop, 'LineWidth', 2); 
        if i == 4 || i==5 
            interp1(prop, days, .5); 
            prop(end); 
        end 
        plots=[plots; days prop]; 
        hold on; 
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end 
hold off; 

 

%% Example Case 1 - with reverse transition 
% set reverse transition to 1000x smaller than forward 
figure('Name', 'With Reverse Transition'); 
hold off; 
r=.018; 
p=1.3; 
q=.000018; 
test=[0.918599209 0.976960149 0.994231879 0.193203198 0.002547602 0]; 
plots=zeros(0,2); 
for i=1:1:length(test) 
        title(['r=' num2str(r) ', p=' num2str(p)]) 
        axis([0,50,0,1]) 
        xlabel('Days','FontSize', 14) 
        ylabel('E/(E+L)','FontSize',14) 
        E0=test(i); 
        M0=1-test(i); 
        tspan=[0 50]; 
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        y0=[E0;M0]; 
        yp0=[0;-.5]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1', tspan, y0, yp0, option, r, p, q); 
        prop=y(:,1)./(y(:,1)+y(:,2)); 
        days=t*(p*23/24); 
        plot(days, prop, 'LineWidth', 2); 
        if i == 4 || i==5 
            interp1(prop, days, .5); 
            prop(end); 
        end 
        plots=[plots; days prop]; 
        hold on; 
end 
hold off; 
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A3.3 Example case 2: increasing E cell death relative to L 

We hypothesized that cytotoxic chemotherapy could selectively kill E cells while sparing L cells. 

To model this we increased the E cell death rate z relative to the L cell death rate, which was kept 

at zero. Then we modified the findings to represent a washout of the drug. Due to the discrete 

nature of cells and the continuous nature of the model, the model exhibits a recovery even at the 

highest amount of drug modeled. Therefore, to mimic the model in Figure 2.3 we set the 

acceptable limit of “zero E cells” at a proportion of 0.00052 which is 1/1994 cells. We saw similar 

numbers in our sort experiments. Thus we did not graph a recovery curve for the highest case. 

Similarly, we saw a complete conversion of cell types in vitro. 

%% Example Case 2 - increased E cell death 
% set E cell death to various values relative to L cell death 
figure('Name', 'Increasing E cell death'); 
hold off; 
r=.018; 
p=1.3; 
q=0; 
death=[0, 0.01125, 0.1125, 0.225, 0.45, 0.9]; 
test=[0.918599209 0.976960149 0.994231879 0.193203198 0.002547602 0]; 
for j=1:1:length(death) 
    subplot(2,3,j); 
    xlabel('days','FontSize',14) 
    ylabel('E/(E+L)','FontSize',14) 
    z=death(j); 
    plots=zeros(0,2); 
    hold on; 
    for i=1:1:length(test) 
        title(['death factor=' num2str(z)]); 
        E0=test(i); 
        M0=1-test(i); 
        tspan=[0 50]; 
        y0=[E0;M0]; 
        yp0=[0;-.5]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1modDeath', tspan, y0,yp0,option,r,p,q,z); 
        prop=y(:,1)./(y(:,1)+y(:,2)); 
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        days=t*(p*23/24); 
        plot(days, prop, 'LineWidth', 2); 
        if i == 4 || i==5 
            interp1(prop, days, .5); 
            prop(end); 
        end 
        plots=[plots; days prop]; 
        hold on; 
    end 
    hold off; 
end 
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%% Drug+washout modeling 
% Drug is washed out after 15 days in experimental cases 
% We see recovery ~5 days after washout 
figure('Name', 'Washout of drug'); 
hold off; 
r=.018; 
p=1.3; 
q=0; 
E0=0.9355434; 
M0=1-E0; 
death=[0, 0.01125, 0.1125, 0.225, 0.45, 0.9]; 
ststs3=zeros(21,2); 
plots=zeros(0,2); 
for i=1:1:length(death) 
    title('increase amount of E death') 
    axis([0,50,0,1]) 
    xlabel('Days','FontSize', 14) 
    ylabel('E/(E+L)','FontSize',14) 
    d=death(i); 
    tspan=[0 50]; 
    y0=[E0;M0]; 
    yp0=[0;-.5]; 
    option = odeset('RelTol', 10^-4); 
    [t,y]=ode15i('example1modDeath', tspan, y0, yp0, option, r, p,q, d); 
    prop=y(:,1)./(y(:,1)+y(:,2)); 
    ststs3(k,1)=prop(end); 
    ststs3(k,2)=k; 
    days=t*(p*23/24); 
    tspan2=[0 50]; 
    E20=interp1(days, prop, 20, 'spline'); 
    y20=[E20, 1-E20]; 
    [t2,y2]=ode15i('example1', tspan, y20, yp0, option, r, p, q); 
    prop2=y2(:,1)./(y2(:,1)+y2(:,2)); 
    end1=round(interp1(days, 1:length(days), 20,'spline')); 
    end2=length(days)-end1; 
    propall=cat(1, prop(1:end1), prop2(1:end2)); 
    plot(days, propall, 'LineWidth', 2); 
    if i == 4 || i==5 
        interp1(prop, days, .5) 
        prop(end) 
    end 
    plots=[plots; days propall]; 
    hold on; 
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end 
hold off; 

 

A3.4 Example case 3: increasing transition rate from E to L 

We hypothesized that treating the cells with TGFβ would drive the cells to a pure mesenchymal 

population, and modeled this by increasing the forward transition rate r.  

%% Example Case 3 - increased E->L transition 
% set E -> L transition to an increasing values 
 figure('Name', 'Increasing E -> L Transition'); 
hold off; 



59 

txn=[.018 .036 .072 .144 .288 .576]; 
p=1.3; 
q=0; 
test=[0.918599209 0.976960149 0.994231879 0.193203198 0.002547602 0]; 
for j=1:1:length(txn) 
    subplot(2,3,j); 
    xlabel('days','FontSize',14) 
    ylabel('E/(E+L)','FontSize',14) 
    r=txn(j); 
    plots=zeros(0,2); 
    hold on; 
    for i=1:1:length(test) 
        title(['Transition rate=' num2str(r)]); 
        E0=test(i); 
        M0=1-test(i); 
        tspan=[0 50]; 
        y0=[E0;M0]; 
        yp0=[0;-.5]; 
        option = odeset('RelTol', 10^-4); 
        [t,y]=ode15i('example1', tspan, y0, yp0, option, r, p, q); 
        prop=y(:,1)./(y(:,1)+y(:,2)); 
        days=t*(p*23/24); 
        plot(days, prop, 'LineWidth', 2); 
        if i == 4 || i==5 
            interp1(prop, days, .5); 
            prop(end); 
        end 
        plots=[plots; days prop]; 
        hold on; 
    end 
    hold off; 
end 
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