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Epithelial-mesenchymal transition (EMT), the process by which epithelial cells can con-
vert into motile mesenchymal cells, plays an important role in development and wound
healing but is also involved in cancer progression. It is increasingly recognized that EMT
is a dynamic process involving multiple intermediate or “hybrid” phenotypes rather than
an “all-or-none” process. However, the role of EMT in various cancer hallmarks, including
metastasis, is debated. Given the complexity of EMT regulation, computational modeling
has proven to be an invaluable tool for cancer research, i.e., to resolve apparent conflicts
in experimental data and to guide experiments by generating testable hypotheses. In
this review, we provide an overview of computational modeling efforts that have been
applied to regulation of EMT in the context of cancer progression and its associated
tumor characteristics. Moreover, we identify possibilities to bridge different modeling
approaches and point out outstanding questions in which computational modeling can
contribute to advance our understanding of pathological EMT.

Keywords: epithelial-mesenchymal transition, computational modeling, cancer progression, cell migration,
stemness, cell metabolism

INTRODUCTION

Epithelial-mesenchymal transition (EMT) is the transition from an epithelial to a mesenchymal
phenotype of a cell. During this transition, cells lose their epithelial properties, such as strong cell-
cell adhesion, and gain mesenchymal properties, such as spindle-like morphology and enhanced
migratory capacity. Together with its reverse process, mesenchymal-epithelial transition (MET),
EMT plays an important role in development (type 1 EMT), wound healing and fibrosis (type 2
EMT), and cancer (type 3 EMT) (1).

Because of the increased migratory and invasive capacity of cells with a mesenchymal phenotype,
it was thought that EMT at the tumor site and subsequent MET at the metastatic site were required for
metastasis (2). Nevertheless, despite the observation of EMT in vitro, lack of evidence for EMT in vivo

Abbreviations: ACT, amoeboid collective transition; AMT, amoeboid-mesenchymal transition; BCSC, breast cancer stem cell;
CAT, collective amoeboid transition; CBS model, cascading bistable switches model; CFL, coupled feedback loop; CSC, cancer
stem cell; CTC, circulating tumor cell; E/M, epithelial/mesenchymal (hybrid); ECM, extracellular matrix; EMT, epithelial
mesenchymal transition; GoF, gain-of-function; HCC, hepatocellular carcinoma; LoF, loss-of-function; MAT, mesenchymal-
amoeboid transition; MET, mesenchymal-epithelial transition; MMPs, matrix metalloproteinases; ODE, ordinary differential
equation; POET, Pareto optimal ensemble technique; PSE, phenotypic stability factor; TAM, tumor-associated macrophage;
TCS model, ternary chimera switch model; TF, transcription factor.
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caused skepticism about its proposed role in tumor progression
(3). Recently, evidence for in vivo EMT has been provided by iso-
lation of tumor cells that have undergone EMT (4) and intravital
microscopy of such cells in epithelial breast tumors (5). However,
the importance of EMT in tumor progression remains a source
of debate, as other studies have shown that inhibition of EMT,
either by deletion of SNAIL1 (SNAI1) or TWIST1 (6), key EMT
transcription factors (EMT-TFs), or overexpression of miR-200
(7), a microRNA that represses EMT, did not affect metastasis
in, respectively, pancreatic and lung cancer. Rather, these studies
show that inhibition of EMT and induction of MET (re)sensi-
tized cells to chemotherapy, suggesting that EMT contributes to
chemoresistance rather than to metastasis (6, 7). Interestingly, a
recent study shows that deletion of the EMT-TF ZEB1 in the same
pancreatic cancer model does affect metastasis (8). This finding
points to the existence of complementary subprograms of EMT
driving cancer cell dissemination, i.e., individual EMT-TFs have
distinct effects (8, 9).

Whereas the recent findings by Krebs et al. (8) partly resolve
the controversy around the contribution of EMT to metastasis,
another confounding factor is the existence of plasticity-
dependent and plasticity-independent metastatic pathways (10).
Yet another factor that plays a role is the frequent assumption that
EMT is an “all-or-none” process, in which a cell is either fully
epithelial or fully mesenchymal. In contrast to this notion, recent
studies have revealed a large flexibility in the EMT process, lead-
ing to the recognition of intermediate or “hybrid” phenotypes,
in which cells show both epithelial and mesenchymal properties
(11, 12). Cells with such hybrid phenotypes have the ability to
migrate while remaining attached to other tumor cells, potentially
dragging along epithelial tumor cells that cannot migrate on their
own. Indeed, genes associated with a mesenchymal phenotype
were found to be upregulated in circulating tumor cell (CTC)
clusters detected in the blood of breast cancer patients (13), yet the
tight adhesion of cells in a cluster suggests they are not fully mes-
enchymal. Moreover, clusters of melanoma cells can intravasate
into blood vessels (14) and clusters of CTCs in breast and prostate
cancer patients have a much higher (up to 50-fold) metastatic
potential compared to single CTCs (15). Hence, partial EMT
rather than complete EMT might be associated with metastasis.

Apart from the immense progress in our understanding of
EMT owing to experimental studies, in recent years also com-
putational and mathematical modeling approaches have made a
significant contribution to this understanding (16, 17). Here, we
review such modeling approaches on (partial) EMT and how they
have helped to elucidate regulation and implications of EMT in
tumor progression.

UNRAVELING THE EMT REGULATORY
NETWORK

Epithelial-mesenchymal transition is regulated by a complex
network of interconnected pathways such as the transform-
ing growth factor-f (TGFp), epidermal growth factor (EGF),
insulin-like growth factor, Wnt, Hedgehog, and Notch pathway
(18). Of these pathways, the TGFp pathway is studied the most

extensively in the context of EMT. TGF is dysregulated in many
types of cancer and acts both as a tumor suppressor at early stages
of tumor development (by inhibiting proliferation and inducing
apoptosis) and as a tumor promoter at late stages (by inducing
EMT or by suppressing immune responses against the tumor)
(19). As a result of this multifunctional, context dependent [e.g.,
influenced by tumor extracellular matrix (ECM) rigidity (20)]
behavior, there has been considerable interest in understanding
the TGFP pathway mechanistically, and various models of the
canonical (Smad-dependent) pathway [reviewed in Ref. (21)]
and non-canonical (Smad-independent) pathway (22) have been
developed.

Eventually, to induce EMT the signals from the various EMT-
activating pathways converge on a network of EMT-TFs that
repress epithelial characteristics, such as E-cadherin expression
[the loss of which is an important hallmark of EMT (23)], and
induce mesenchymal characteristics, such as Vimentin expres-
sion. Thus, TFs that support epithelial characteristics are inacti-
vated (24) and those that support mesenchymal characteristics
are activated. In this section, we will discuss the modeling efforts
that researchers have undertaken to unravel the EMT regulatory
network, starting with an EMT “core” regulatory network and
working our way up to systems-level approaches.

Core Regulatory Network
Obvious candidates for inclusion in the EMT core regulatory
network are EMT-TFs such as ZEB1/2, SNAIL, SLUG (SNAI2),
TWIST1, and PRRX1 (11, 18). Two independently developed
ordinary differential equation (ODE) models describe a part of
this core regulatory network by combining two double-negative
feedback loops: one between SNAIL1 and miR-34 and one
between ZEB1 and miR-200 (Figures 1A,B). These models were
termed the cascading bistable switches (CBS) model [(25); later
revised by Zhang et al. (26)], and the ternary chimera switch
(TCS) model (27). Both models confirm key experimental
findings on EMT: first, the occurrence of three stable equilibria
representing the epithelial, mesenchymal, and intermediate phe-
notype (referred to as E state, M state, and E/M state, respectively;
see Figures 1C,D), thus allowing for a multistep EMT process.
Second, the conditional irreversibility of a complete EMT due to
permanent entrapment in the mesenchymal phenotype (26, 27).
The key differences between the competing models are (a)
that the CBS model includes an autocrine TGFp/ZEB/miR-200
feedback loop and (b) that the TCS model includes self-activation
of ZEB1 (Figures 1A,B). There is experimental evidence both for
the autocrine feedback loop (28) and for a ZEB1 positive-feed-
back loop via splicing factor ESRP1 and stem cell marker CD44
(29, 30). The two model assumptions result in qualitatively differ-
ent model predictions. First, although both models predict that a
complete EMT occurs in two steps, they predict different roles for
the SNAIL1/miR-34 and ZEB1/miR-200 modules. Specifically, in
the CBS model, the SNAIL1/miR-34 module causes the transi-
tion from the epithelial (E) to the hybrid (E/M) state when the
inducing signals are weak, whereas for strong signals, the ZEB1/
miR-200 module causes the subsequent transition from the E/M
to the mesenchymal (M) state (25, 26). In the TCS model, the
SNAIL1/miR-34 module acts as a noise-buffering integrator
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FIGURE 1 | Models of the epithelia-mesenchymal transition core regulatory network and their behavior. (A,B) Network graphs of the cascading bistable switches
(CBS) model by Tian et al. (25) and Zhang et al. (26) (A) and of the ternary chimera switch (TCS) model by Lu et al. (27) (B). (C,D) Bifurcation diagrams
corresponding to the CBS model (C) and TCS model (D) [(B,D) based on Ref. (27); (A,C) based on Ref. (26)].
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(i.e., it makes the system less sensitive to noise in the inducing
signal), and the ZEB1/miR-200 module acts as a ternary switch
causing all of the E, E/M, and M states (27). Second, the models
predict different mechanisms for the conditional irreversibility
of a complete EMT. In the CBS model, the irreversibility of the
transition from the E/M to the M state is caused by the autocrine
TGFP/ZEB/miR-200 feedback loop (Figure 1B), which is well
established (28) yet not included in the TCS model (26). In the
TCS model, the existence of such irreversibility depends on the
strength of the inhibition of miR-34 by ZEB1 (27).

Zhang et al. (26) supported their CBS model with data from
the human breast epithelial cell ine MCF10A. mRNA and protein
measurements of SNAIL1, ZEBI, E-cadherin, and Vimentin
showed that SNAIL1 abundance is low in the E state and high in
the E/M and M state, whereas ZEB1 abundance is high only for
the M state. These results are consistent with the CBS model but
not with the TCS model because the latter predicts intermedi-
ate ZEBI levels in the hybrid state. Additional flow cytometry
analysis indeed failed to show intermediate levels of ZEB1 for
cells in the E and E/M states (26). However, since phenotypic
heterogeneity can distort population-based measurements, it is
hard to distinguish between the two core regulatory models based
on the experimental evidence currently available. One way to
resolve this is by the acquisition of single-cell, time-course meas-
urements. This could be achieved through time-lapse imaging
of reporter cell lines exposed to various stimuli, thus providing
detailed insight into the dynamics of EMT regulation.

Extending the Core Regulatory Network
The core regulatory network models discussed above include
only a limited number of regulatory components and even leave
out well-established EMT-TFs. For example, PRRX1 cooperates
with TWIST1 to induce EMT in a SNAIL-independent manner
(31), and it is unclear how PRRX1 and TWIST1 connect to the
proposed core regulatory network centered around SNAIL and
ZEB. These network elements are thought to have different roles,
i.e, PRRX1 and TWIST are strong mesenchymal inducers and
weak epithelial repressors, whereas SNAIL and ZEB are strong epi-
thelial repressors and weak mesenchymal inducers (11). Another
omission is that of EMT-TF paralogs, which can induce differ-
ent EMT programs. For example, SNAIL and its paralog SLUG
(SNAI2) both have a mutually inhibiting loop with miR-200 (32)
and can bind to the ZEB1 promoter; however, ZEB1 expression is
controlled by SNAIL and not by SLUG (33). Additionally, TWIST2
expression, and not TWIST1 expression, leads to upregulation
of AKRIBI that promotes basal-like breast cancer progression.
AKRIBI also activates NF-kB which in turn upregulates TWIST2,
constituting an EMT-inducing positive-feedback loop (34). By
contrast, TWIST1 needs SLUG mediation to induce EMT (35),
further illustrating the complexity of EMT-TF interplay, and the
need to include this in regulatory models.

Although the abovementioned core regulatory network
models have provided insight into EMT regulation, their con-
tinued value depends on their ability to explain and predict the
effect of newly added regulators. One class of such regulators
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has been termed “phenotypic stability factors” (PSFs) (36)
because they can stabilize the cells in a particular (e.g., a hybrid)
phenotype. These PSFs can be, but are not necessarily TFs. In
this section, we will discuss extensions of the core regulatory
network models with the PSFs OVOL, Grainyhead-like tran-
scription factor 2 (GRHL2), and miR-145.

OvOoL

OVOL, a TF that regulates embryogenesis, has been reported as
a master PSF since it suppresses several known EMT-TFs (36)
and can drive MET (37). Moreover, its absence changes TGFf
from growth suppressor to EMT inducer (38). To elucidate the
dynamics of OVOL in regulating EMT, Hong et al. (39) extended
the CBS model with OVOL (Figure 2A). Because OVOL inhibits
TGFp (38), Hong and coworkers add an additional autocrine
TGFB/ZEB/OVOL feedback loop, strengthening the autocrine

TGEFp signaling already present in the CBS model. An interest-
ing prediction from this extended model is the existence of two
intermediate phenotypes (Figure 2B). These phenotypes could
correspond to the “intermediate epithelial” and “intermediate
mesenchymal” phenotypes identified in experiments by Huang
etal. (40) and are consistent with a generalized view of EMT as a
continuum where cells transition sequentially through multiple
intermediate states (11, 41). Hong and coworkers speculate
that the MCF10A cell line [used by Zhang et al. (26)] may be
“intermediate epithelial” rather than epithelial. This would be
consistent with the collective migration displayed by MCF10A
cells, a feature associated with an intermediate phenotype (42).
Moreover, because the cells hardly express mesenchymal mark-
ers, they are more likely “intermediate epithelial” than “inter-
mediate mesenchymal” (39). Overexpressing OVOL in MCF10A
cells indeed induced an even more epithelial state, in which
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FIGURE 2 | Extensions of the core regulatory models and their behavior. (A-H) Model schemes (A,C,E,F) and corresponding bifurcation diagrams (B,D,G,H) of
various extensions of the ternary chimera switch (TCS) and cascading bistable switches (CBS) models: the CBS-OVOL model (A,B), the TCS-OVOL model [(C,D);
dashed line in panel (C) indicates inhibition of MiR-200 by OVOL which occurs in prostate cancer but not in breast cancer], the TCS-Grainyhead-like transcription
factor 2 model (E,G), and the TCS-miR145 model (F,H). Bifurcation diagrams of the unmodified TCS model are shown in orange and of modified TCS models in
blue. TGF ranges are highlighted for which there exists a stable hybrid E/M state (light yellow) and for which this is the only stable state (dark yellow). Note that in
the extensions of the TCS model, this model is first simplified by considering SNAIL as input, which can be done because the tristability in that model is fully
determined by the miR-200/ZEB module [(A,B) based on Ref. (39); (C-H) based on Ref. (43, 44)].
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E-cadherin expression was similar to the well-characterized
epithelial MCF7 cell line (39). Another prediction by Hong
et al’s extended CBS model is that OVOL can induce a complete
MET irrespective of high TGFp levels. Finally, to determine the
importance of the three mutual inhibition loops in the system
(miR-34/SNAIL, miR-200/ZEB, and OVOL/ZEB), Hong et al.
varied the strength of these inhibitions. Although in their model
all three loops enable and stabilize the intermediate phenotypes,
the OVOL/ZEB loop provides the most pronounced stability,
consistent with OVOLSs proposed role as “master PSE” (36, 39).

The role of OVOL was also investigated by Jia et al. (43) who
extended the TCS model with OVOL and applied this to prostate
andbreast cancer (Figure 2C). This extended model predicted that
the presence of OVOL has various effects on the EMT dynamics
(Figure 2D): first, a much higher inducing signal is required to
initiate and complete EMT, which is due to the inhibition of ZEB1
by OVOL. Second, the range of the inducing signal for which
the hybrid E/M phenotype exists is larger. Third, the hybrid E/M
phenotype becomes the only possible phenotype for a certain
range of model parameters (43). In contrast to the CBS-OVOL
model, OVOL could not always induce a complete MET in the
TCS-OVOL model, which is likely caused by the absence of TGFf
inhibition by OVOL. Nevertheless, these findings together do
confirm the suggested role of OVOL as “critical molecular brake
on EMT” (38).

GRHL2 and miR-145

Jolly and coworkers also studied the role of two other proposed
PSFs in extended TCS models: GRHL2, a well-known regulator
of morphogenesis, and miR-145 (44). These factors couple to the
miR-200/ZEB loop (Figures 2E,F) and the models predict they
affect the EMT process in a way similar to OVOL (Figures 2G,H).
Confirming these model predictions, they showed that knock-
down of GRHL2 in the lung adenocarcinoma cell line H1975, a
stable hybrid E/M cell line, led to complete EMT. Additionally,
analysis of the NCI-60 panel revealed that both OVOL and
GRHL2 positively correlated with CDH3 (P-Cadherin), a pro-
posed marker of the hybrid E/M phenotype (45). High levels of
OVOL, GRHL2, and CHD?3 predict a poor prognosis in patient
data across multiple tissue types, emphasizing the aggressiveness
of the hybrid E/M phenotype (44).

Although most studies investigating EMT and MET focus on
carcinomas that are of epithelial origin, there is also evidence of
an “MET-like phenomenon” in sarcomas that arise from mesen-
chymal cells. MET in sarcomas likely involves the same factors as
those controlling EMT in carcinomas (46). To test whether PSFs
can also drive MET in sarcomas, Somarelli et al. investigated the
effect of GRHL2 in RD (rhabdomyosarcoma) and 143B (osteosar-
coma) cells. Unexpectedly, GRHL2 overexpression did not have
an effect on ZEB1 or E-cadherin levels in these cells. By contrast,
miR-200 transfection led to a significant increase in E-cadherin,
but without any effect on cell morphology. However, the combi-
nation of GRHL2 overexpression and miR-200 transfection had
a synergistic effect on E-cadherin and led to a morphological
change consistent with MET. Modification of the TCS model
such that ZEB1 inhibited GRHL2 activity yielded model results
consistent with the experimental data. This model-predicted

inhibition of GRHL2 activity by ZEB1 could be caused by the
ZEB1 cofactor BRG1: knockdown of BRG1 while GRHL2 was
expressed led to a significant increase in E-cadherin (46).

Systems-Level Modeling of EMT

Although ODE models such as the core regulatory models
presented above help in the quantitative understanding of the
network, they require detailed knowledge of which regulators
are connected and of the kinetic parameters that govern those
interactions. This is problematic for system-level models of EMT
that contain a large number of regulators implicated in EMT,
including the connection to upstream and downstream signal-
ing events. To deal with these issues, researchers have employed
several computational approaches: first, by studying classes of
ODE models rather than single ODE models. Second, by studying
ODE models with very different parameter combinations yet with
similar dynamic behavior. Third, by studying Boolean models
which need no parameter estimates. Below we discuss how these
approaches have been applied to EMT.

Classes of ODE Models

The ERK and Wnt pathways induce EMT via activation of SNAIL
and SLUG and are thought to be highly connected via coupled
feedback loops (CFLs) (47). To investigate the functional roles
in regulating EMT, Shin et al. (47) combined established, basic
ODE models for the ERK and Wnt pathway using six established
CFLs as connections between these pathway models. These
connections can be turned ON (included) and OFF (excluded),
which resulted in 2° = 64 different ODE models (for example, in
model F1 F2 F4, CFLs 1, 2, and 4 are ON and CFLs 3, 5, and 6 are
OFF). Since CFL F6 had only a minor effect on the response of
the system, it was excluded from the analysis, so only 32 models
were considered further. The behavior of these models was greatly
affected by the exact CFL combination employed, and this shows
that combination of a limited number of components can encode
“biological specificity” (47), similar to Hanahan and Weinberg’s
notion of signaling pathways as “electronic integrated circuits”
(48). Simulations with these models predicted an important role
for Raf kinase inhibiting protein (RKIP) in shaping the dynam-
ics of ERK activity and E-cadherin expression in response to
activation of ERK and/or Wnt signaling. This result may explain
why RKIP expression is inversely related to metastasis in many
cancers (47).

The view of gene regulatory networks as “integrated circuits” is
further illustrated by identification of basic building blocks with
specific functional roles, the so-called “network motifs” (49). The
two-component miRNA-TF modules of the EMT core regulatory
network discussed earlier represent examples of such network
motifs and have been studied in-depth to determine their func-
tional role (50, 51). Recently, this approach of determining the
functional role of a circuit from its topology has been applied to
larger regulatory networks (52). This new computational method
of random circuit perturbation suggested that the topology rather
than detailed parameter knowledge of a network determines its
dynamics. By deriving a 22-component EMT network from
literature and interaction databases, their approach predicted
four possible network states: epithelial, intermediate epithelial,
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intermediate mesenchymal, and mesenchymal. Additionally,
their analysis suggested that SNAIL and SLUG expression is
high in the intermediate epithelial state, whereas ZEB expression
is high in both intermediate and full mesenchymal states (52).
However, the most probable function of a circuit topology may
not be its true function.

Parameter Combinations in ODE Models

Another approach to deal with unknown parameters in ODE
models of gene regulatory networks is to exploit the “sloppiness”
of a system. Sloppiness refers to the observation that predictions
from multi-parameter models often mainly depend on a few
combinations of key parameters (53). In fact, consideration of a
“core regulatory network” for EMT presupposes such sloppiness
in EMT regulation. Recently, Gould et al. applied the “sloppy”
Pareto optimal ensemble technique (POET) to study TGFf-
induced EMT in the presence and absence of vascular endothelial
growth factor A (VEGF-A) (54). Their literature-derived EMT
network consists of 97 nodes and 169 edges and has 251 unknown
model parameters. Forty-one data sets from DLD1 colon carci-
noma, MDCKII, and A375 melanoma cells were used to estimate
these parameters. Using these data sets to fit a single model would
result in a highly uncertain model, especially because the data sets
are obtained from different cell lines. Instead, POETs estimate
parameters by generating an ensemble (i.e., population) of prob-
able signaling models that can then together be used to predict
the system’s behavior [for details, see Ref. (55)].

It has been suggested that such an ensemble can be used to
describe heterogeneous populations (55), i.e., by considering
that the variability in the behavior of individual cells stems
from parameter variability as estimated within the ensemble.
Gould et al. tested this hypothesis by measuring the response
of E-cadherin and vimentin to stimulation with TGFp and/or
VEGEF-A within their model ensemble (approximately 1,400
models). After TGFP stimulation, the majority (>80%) of the
models showed the expected switch from the epithelial to the
mesenchymal phenotype. Surprisingly, concurrent VEGF-A and
TGFp stimulation resulted in a large subset of models achieving
a hybrid phenotype with simultaneous E-cadherin and vimentin
expression. This subset of models displayed upregulated NFATc
activity and inhibition of NFATc in these models “restored” full
EMT. Experimental stimulation with VEGF-A and TGFf in
MCF10A and DLDI1 cell lines confirmed this prediction, i.e.,
the absence of an NFATc inhibitor led to high levels of both
E-cadherin and vimentin (hybrid phenotype), and its presence
led to a full EMT (54).

Boolean Models

A completely parameter-free approach is Boolean modeling. In
Boolean models, genes or other regulators are either ON or OFFE,
and Boolean models aim to give a qualitative description of the
system (56). One such Boolean model of EMT was developed
by Steinway et al. (57). Based on an extensive literature study,
they constructed a TGFp-driven EMT network in the context
of hepatocellular carcinoma (HCC) with 70 nodes and 135
edges (Figure 3A). This model was able to describe the known
TGEp-induced EMT processes (Figure 3B): TGFp activates

the canonical (SMAD) and non-canonical MAPK and AKT
pathways, leading to induction of EMT-TFs and ultimately to
E-cadherin loss (which is how the occurrence of EMT was defined
in this model). Additionally, this model predicted that continued
activation of TGFp activates both the Wnt and Sonic hedgehog
(SHH) pathways. This prediction was confirmed in the murine
epithelial HCC P2E cell line and in the human epithelial-like
HCC cell lines Huh7 and PLC/PRF/5: upon exposure to TGF,
GLI2 mRNA (indicative of SHH signaling) and AXIN2 protein
levels (indicative of Wnt signaling) were both increased to similar
levels as in related mesenchymal cell lines (57).

In afollow-up study, Steinway etal. used their model to predict
how knocking out various genes would inhibit TGFp-induced
EMT (27, 58). For single-gene knockouts, only manipulation
of direct E-cadherin repressors suppressed EMT. For double
knockouts involving non-E-cadherin repressors, six two-node
combinations fully suppressed EMT (i.e., EMT was OFF in all
simulations) and three combinations partly suppressed EMT
(i.e., EMT was still ON in some simulations). Interestingly, these
nine two-node combinations all involved SMAD as one of the
nodes. An experimental test of this prediction by monitoring
E-cadherin expression and migration behavior upon siRNA
knockdown of these combinations in the human HCC cell line
Huh?7 revealed that almost all predicted combinations indeed
inhibited EMT.

Given the important role of SMAD, Steinway et al. studied
the attractor landscape of the EMT network after in silico SMAD
inhibition. Interestingly, in addition to the mesenchymal steady
state observed in the unperturbed model, they found two new
stable states: an intermediate epithelial and an intermediate
mesenchymal state. The intermediate epithelial state still had
epithelial properties such as E-cadherin expression, membrane-
localized B-catenin, and inactive SHH, AKT, and Wnt signaling,
but also included mesenchymal features such as activated MEK,
ERK, and SNAIL. The intermediate mesenchymal state shared this
mix of epithelial and mesenchymal features, yet E-cadherin was
not expressed, and there was no membrane localized p-catenin.

Steady-state analysis of other single node perturbations
of the EMT network revealed a “putative spectrum” of EMT
phenotypes. One such perturbation is knockout of ZEB, which
induced hybrid steady states (58). Comparing this finding to the
earlier discussed core regulatory network ODE models (TCS
and CBS) at first sight suggests that this is only consistent with
the CBS model because the TCS model predicts an epithelial
phenotype upon ZEB knockdown. However, it is an unresolved
question how the hybrid phenotypes in Boolean models relate
to those in ODE models because in the latter case three different
levels of, e.g., E-cadherin can be achieved (low, intermediate, and
high). Moreover, the TCS model predicts a hybrid phenotype
with intermediate ZEB expression (27). Such intermediate states
can thus by definition not be achieved with a two-state Boolean
model. An interesting question is therefore whether the use of
many-state logic models (59) or qualitative ODE models (60)
can reconcile the findings of these models. Another unresolved
question concerns the robustness of the results with respect to
the EMT regulators included in Steinways model. Although
the number of regulators substantially exceeds that of the core
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regulatory network presented earlier, the Boolean model neither
includes the identified PSFs OVOL and GRHL2 nor several
miRNA families (e.g., miR34) which have also been implicated
in EMT (61). Finally, since the model includes multiple signaling
pathways, it would be interesting to test if the model can also
reproduce EMT induction by other pathways, such as the EGFR
pathway (62).

EMT IN RELATION TO OTHER TUMOR
CHARACTERISTICS

Despite considerable experimental and computational mod-
eling effort, the role of EMT in cancer is still not fully under-
stood (11). In particular, the connection of EMT to various
properties of cancer cells such as stemness, metabolism, and
metastasis (Figure 4) is heavily debated. In many studies, EMT
is considered an all-or-nothing event, whereas partial rather
than full EMT may be linked to these properties (42). In this
section, we will discuss modeling approaches that have been
applied to obtain a better understanding of the link between
EMT and cancer cell properties related to cancer progression.

EMT and Stemness

The cancer stem cell (CSC) hypothesis states that only the small
portion of tumor cells that has stem cell properties drives tumor
growth in the long run because differentiated cells have a limited
growth potential. The observation that immortalized human
mammary epithelial cell (HMLE) populations undergoing EMT
start expressing stem cell markers was reported independently by
two groups in 2008 (63, 64). There are two potential explanations
for these observations: first, EMT allows differentiated cells to
de-differentiate into CSCs. Second, EMT leads to upregulation
of self-renewal of preexisting CSCs. To distinguish between
these hypotheses, Turner and Kohandel developed compartment
models for both scenarios to study which best fitted the available
experimental data. Because of the limited resolution and limited

number of data points, Turner and Kohandel could not distin-
guish between the two scenarios but offered testable predictions
that would distinguish the two (65).

The model by Turner and Kohandel (65) did not explicitly
include EMT but merely its assumed effects (either dediffer-
entiation or upregulated self-renewal). By contrast, Jolly et al.
attempted to elucidate the EMT-stemness interplay by combin-
ing the decision-making modules of stemness (66) and EMT
(27) into a single model (67). They conclude that the position
of the “stemness window” on the “EMT axis” (i.e., which EMT
phenotypes allow cells to gain stemness) is not universal but
can be fine-tuned by PSFs such as OVOL and GRHL2 (44). An
important observation from the model is that PSFs such as OVOL
can preclude association of stemness with the mesenchymal
phenotype and can associate stemness exclusively to the hybrid
E/M phenotype (67).

In a recent study, Sehl et al. developed a stochastic population
model of the breast cancer stem cell (BCSC) niche to investigate
CSC-eradication strategies for use in the clinic (68). Apart from
the stem cell environment, they also took the existence of different
CSC states into account, i.e., an epithelial BCSC that is prolifera-
tive and marked by ALDH expression, and a mesenchymal BCSC
that is quiescent yet capable of tissue invasion and metastasis,
marked by CD44+/CD24— surface marker expression. Next, they
studied the effect of inhibition of various environmental EMT-
inducing (e.g., IL-6 and TGFp) and MET-inducing (e.g., BMPs,
HER?2, and miR-93) signals on tumor composition in the model.
Inhibition of IL-6 caused an increase in the number of epithelial
BCSCs because of their proliferative nature. Moreover, inhibition
of BMP and miR-93 caused a decrease in total BCSCs yet also a
high proportion of invasive mesenchymal BCSCs. Combinatorial
treatment in the model predicted that concurrent inhibition of
HER?2 and IL-6 would strongly reduce the total number of BCSCs,
which is in agreement with earlier experimental findings. This
treatment will be further examined in a planned clinical trial (68).
An interesting extension of this model would be the inclusion of

Tumor cell
interactions

04050Y0

Migration, invasion,
metastasis

S

Evasion of immune
destruction

Tumor metabolism
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a hybrid E/M BCSC phenotype given the potential association of
stemness with hybrid EMT.

These studies taken together, and in particular the potential
association of stemness with hybrid EMT, may explain observa-
tions of stemness not being linked to EMT (5, 69). However, it
would be useful to study additional regulators in such models,
which will help to elucidate the difference in tumor-initiating
capacity following EMT induction by different EMT-TFs, such as
SLUG and SNAIL (33), and PRRX1 (31).

EMT and Tumor Metabolism

Another EMT-associated hallmark of cancer is altered tumor
metabolism, of which the Warburg effect is the most well-
known example. The increased glucose uptake of many cancer
cells compared to normal cells has been extensively studied in
the context of proliferation, but there is increasing evidence for
its role in cancer cell migration (70) and EMT (71). Examples
include lactate-induced EMT via TGEp (72, 73), Twist-induced
metabolic changes through the PI3K/AKT pathway (74), and
involvement of key EMT suppressor miR-200 (75), either by
miR-200 suppression upon the loss of fumarate hydratase (76) or
by miR200¢-SIRT?2 regulation of metabolic reprogramming (77).
These examples illustrate the complexity of the interplay between
EMT and metabolic reprogramming, which is why gaining new
biological insight from the vast amount of omics data is a major
challenge.

Computational approaches can help in integrating these
omics data to unravel the relation between EMT and metabo-
lism. In a genome-scale metabolic model, a metabolic network
is constructed of all biochemical transformations of the cell or
organism of interest. This metabolic network is represented by a
stoichiometric matrix, which contains the coefficients of meta-
bolic reactions, supplemented by a mapping of reactions to the
involved genes and proteins. These models can be analyzed using
constraint-based modeling and flux balance analysis (78, 79).

Choudhary et al. (80) used a genome-scale metabolic model to
study the metabolic cross talk as a result of dysregulation of the
EGFR pathway during EMT. A stoichiometric model of the EGFR
signaling network was generated from the EGFR pathway map in
the Reactome database (81). To generate EMT-specific models,
Choudhary and coworkers constrained the stoichiometric model
with microarray gene expression data of the human breast epithe-
lial cell line D492 and its mesenchymal-like counterpart D492M,
resulting in a separate epithelial and mesenchymal model. Flux
balance analysis predicted decreased signaling in the AKT
pathway in the mesenchymal cell line, and since AKT activation
increases glucose uptake and glycolysis (74), this suggested an
EMT-related decrease in glycolysis. Measurements of glucose
uptake and lactate secretion in vitro confirmed this decrease in
glycolysis (80). In addition, they identified genes responsible
for EMT suppression or reversion in D492 cells by studying
how the flux through the “mesenchymal” model could be made
more similar to the flux in the “epithelial” model, illustrating the
model’s usefulness in understanding both cancer metabolism and
EMT, and their combination (80).

Interestingly, these results are cell line specific: constraining
the stoichiometric model with gene expression data from HMLE,

MCF7, and MCF10A cells and their mesenchymal counterparts
(i.e., after EMT induction), and repeating the flux-based analysis
predicted that mesenchymal HMLE cells had less signaling in the
AKT pathway compared to their epithelial counterpart, such as
the D492 cells. However, the mesenchymal MCF7 and MCF10A
cells had increased AKT signaling, which is in agreement with
the increased glucose uptake and glycolysis reported in earlier
studies (74, 82).

EMT and Migration, Invasion, and
Metastasis

Enhanced migratory and invasive capacities are well-known
properties of mesenchymal cells and therefore a key aspect
of EMT. By secreting matrix metalloproteinases (MMPs),
mesenchymal cells remodel and degrade the ECM and migrate
as “path generators” By contrast, amoeboid cells, another
individually migrating phenotype, do not secrete MMPs but
have a high morphological plasticity, allowing them to squeeze
into ECM gaps, acting as “path finders” (83). Tumor cells can
switch between these phenotypes in a process known as the
amoeboid-mesenchymal transition (AMT) and its reverse
mesenchymal-amoeboid transition (MAT). First, Huang et al.
identified and modeled the GTPase-based Rac/Rho circuit as a
three-way switch of AMT, allowing for partial AMT with a hybrid
A/M phenotype (83). Next, they combined this AMT decision
model with their previously developed EMT decision model (27)
to offer a more detailed understanding of the observed migratory
phenotypes and the transitions between them (84). One possible
transition concerns the collective (hybrid E/M) to amoeboid
transition (CAT) and its reverse ACT, observed in melanoma
(85) and fibrosarcoma (86) cells. In general, the five phenotypes
(E,E/M, A, A/M,and M) and the three types of transitions between
them (EMT/MET, AMT/MAT, and CAT/ACT) illustrate the rich
plasticity in migratory phenotypes tumor cells can employ during
metastasis (84). For a better understanding of the dynamics of
these transitions, specifically the spatiotemporal interplay of the
proposed regulatory model with both cell shape and migration,
the model could be combined with the model by Holmes et al.
(87), who showed how the combination of intracellular Rac/Rho
and ECM signaling regulates lamellipodial dynamics.

Although the increased migratory and invasive capacity of the
mesenchymal phenotype suggest a role for EMT in metastasis
(2), the prerequisites for metastasis are not yet fully understood
regarding the role of full or partial EMT (11). This lack of under-
standing limits the applicability of computational modeling
to the use of phenomenological models. One such model was
developed by Cohen et al. (88), who constructed an extensive,
literature-derived Boolean model to predict metastasis. The out-
put of this model consists of the broad, descriptive phenomena
“Cell Cycle Arrest,” “Apoptosis,” and “Metastasis” “Metastasis”
was considered to depend on the states of “EMT,” “Invasion,”
and “Migration,” each of which connects to the gene regulatory
network part of the model.

Using gain-of-function (GoF) and loss-of-function (LoF) per-
turbations (forcing genes in the model to be either ON or OFF),
the model could reproduce the phenotypic results of various
published mutations (88). Additionally, Cohen and coworkers
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explored the model by testing single and double permutations
and their influence on the occurrence of metastasis. One double
mutation that always resulted in metastasis in the model was the
synergistic notch intracellular domain GoF and p53 LoF (88),
which indeed led to metastasis in experimental work (89). An
unanswered question is how the results of the model depend on
the assumption that EMT is required for metastasis, as that may
be context dependent (6-10). Therefore, the true role of EMT in
metastasis remains a topic for further research, especially because
some parts of the metastatic cascade, such as intravasation, have
received little attention (11).

EMT and Tumor Cell Interactions

Because pathogenic EMT, and cancer in general, can be viewed
as a disease of tissue development, we must ultimately also take
into account cellular interactions and interactions with the
environment (90, 91). This can be done by employing hybrid or
multiscale models that include both cell-autonomous processes
(often an ODE or stochastic model) and spatial interactions [for
a general review of spatial models, see Ref. (92)]. These models
can be useful to help understand spatial aspects of EMT, such as
collective migration or tumor budding (the invasion of malig-
nant cells into the supporting stroma) (93), and spatiotemporal
regulation of EMT taking into account different conditions in the
primary tumor and at distant sites (94).

An example of a spatial model of EMT, albeit not on its role
in cancer but its role in cardiac cushion formation during heart
development (95) employed the Cellular Potts Model. This is a
lattice-based model where each cell is represented by a collection
of lattice sites (96, 97). This type of model is driven by differential
adhesion properties between the epithelial and mesenchymal
cells and the ECM, i.e., the fibrous structures within tissues that
provide support to cells and that contain various growth factors.
EMT was simulated by each cell having a constant probability of
transitioning from the epithelial to the mesenchymal phenotype.
Despite the simplicity of the model, it was able to produce struc-
tures resembling cardiac cushions.

Other studies have looked into the expected impact of signal-
ing processes between neighboring cells on pattern formation.
One example of such a multiscale model is the individual-based
model by Ramis-Conde et al. (98), who showed how E-cadherin-
f-catenin dynamics could lead to spatial configuration changes
in epithelial layers. In their model, reorganization is driven by
free p-catenin levels in the nucleus: a cell with high nuclear free
f-catenin is prone to start migrating, after which it exerts physical
forces on the E-cadherin--catenin bonds with neighboring cells.
When these bonds break, the p-catenin in the neighboring cells
used in the intercellular bonds becomes free f-catenin and trans-
locates to the nucleus. Repetition of this process sends a “wave”
of detachment through the epithelial cell layer (98).

Another example of a multiscale model of EMT is the exten-
sion of the TCS model with Notch signaling by Boareto et al. (99).
Notch signaling can cause neighboring cells to adopt a different
fate (when the Notch receptor receives signals from the Delta
ligand expressed in neighboring cells) or a similar fate (when the
Notch receptor receives signals from the Jagged ligand). Because
the Notchand EMT circuits are highly connected, Notch signaling

can cause neighboring cells to adopt a different or similar EMT
phenotype. Boareto and coworkers employed a hexagonal-lattice
model in which each lattice site is a single cell and showed that
Notch-Jagged signaling could act as a PSF because it induces
neighbors to adopt the same phenotype. They showed that both
types of Notch signaling could induce EMT, yet Notch-Jagged
signaling allows for the formation of clusters of hybrid E/M cells.
Because these CTC clusters have a high metastatic potential (15),
this work predicts that Jagged might be an interesting therapeutic
target to mitigate this potential (99). However, it is unknown if
Notch-Jagged signaling indeed has a role in the formation and
maintenance of CTC clusters.

Spatial simulations can also be employed at the scale of an
entire tumor. Such an approach was employed by Waclaw et al.
(100) to investigate how tumor cell dispersal assisted by EMT
and cell turnover affect lesion growth and regrowth after targeted
therapy. The cells in this model replicated stochastically with a
probability proportional to the empty space around them. After
targeted therapy, which causes sensitive cells in the lesion to die,
the resistant cells could disperse to the area previously occupied
by the sensitive cells, thereby accelerating regrowth of the lesion
(100). Although EMT was included in the model only implicitly
as a source for the short-range dispersal, these simulations sug-
gest that EMT may play a role not only in metastasis but also in
tumor growth and regrowth.

In summary, these recent computational EMT models
show how including spatial aspects into simulations helps in
the understanding of tumor progression. In most cases, the
spatial dimension was limited to cell-cell interactions within a
“monoculture” of tumor cells. An open question is how tumor
cells interact with other recruited cells within the tumor micro-
environment (90). These interactions are critical in invasion into
the ECM and immune cell activity. For example, macrophages
can take up half the mass of breast tumors, and their presence at
the tumor site correlates with poor prognosis (101). Knutsdottir
et al. (102, 103) used a three-dimensional individual cell-based
model to show how EGF/CSF-1 paracrine signaling causes
tumor cells and macrophages to comigrate (103), which leads to
macrophage-assisted invasion and intravasation (104). Because
CCL18 from tumor-associated macrophages (TAMs) can induce
EMT in breast cancer cells, and mesenchymal breast cancer cells
can activate macrophages to a TAM-like phenotype by CSF2
(105), it would be important to include the effect of EMT on
the macrophage-assisted migration of tumor cells within similar
spatial models.

PERSPECTIVE

Epithelial-mesenchymal transition has been implicated to play
a role in various changes in tumor characteristics, and some
of these changes have received very little modeling attention
(Figure 4). One of these is the evasion of immune destruction,
which is considered a hallmark of cancer (90). An indication
that this hallmark is related to EMT is the role of TGFp, which
is not only a potent EMT inducer but also a critical regulator of
T-cell development and homeostasis (106). Recent reports have
strengthened this relation by showing that hypoxia-induced
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EMT is linked to immune resistance (107), and that miR-200
and ZEBI, both part of the EMT core regulatory network, are
involved in upregulation of the immune checkpoint programmed
death ligand-1 (108). Apart from Tripathi et al. (109), who
developed an ODE model to study the involvement of miR-200
in immunoproteasome regulation, the relation between EMT
and immune evasion has received no modeling attention. Future
computational modeling of this relation might prove useful to
elucidate underlying mechanisms, e.g., with respect to optimiza-
tion of immune checkpoint therapies. Another EMT-related
tumor characteristic is resistance to chemotherapy. Radiation
and chemotherapy can cause a phenotypic transition of cells to
a resistant state (110, 111) while undergoing a partial EMT (42).
Moreover, suppression of EMT in pancreatic (6) and lung cancer
(7) (re)sensitizes cells to chemotherapy. Unraveling the underly-
ing mechanisms of EMT-related chemoresistance awaits future
experimental and computational studies.

Over the last decade, computational biology has become
increasingly recognized as a valuable tool in the biologists™ tool-
box. As discussed in this review, its interplay with experimental
biology has advanced our understanding of the role of EMT in
tumor progression in a synergistic fashion. Given the ongoing
increase in publically available, high-quality experimental data

REFERENCES

1. Kalluri R, Weinberg RA. The basics of epithelial-mesenchymal transition.
] Clin Invest (2009) 119:1420-8. doi:10.1172/JCI39104

2. Thiery JP. Epithelial-mesenchymal transitions in tumour progression. Nat
Rev Cancer (2002) 2:442-54. doi:10.1038/nrc822

3. Tarin D, Thompson EW, Newgreen DEF. The fallacy of epithelial mesenchy-
mal transition in neoplasia. Cancer Res (2005) 65:5996-6000; discussion
6000-1. doi:10.1158/0008-5472.CAN-05-0699

4. Ruscetti M, Quach B, Dadashian EL, Mulholland DJ, Wu H. Tracking and
functional characterization of epithelial-mesenchymal transition and mes-
enchymal tumor cells during prostate cancer metastasis. Cancer Res (2015)
75:2749-59. doi:10.1158/0008-5472.CAN-14-3476

5. Beerling E, Seinstra D, de Wit E, Kester L, van der Velden D, Maynard C,
et al. Plasticity between epithelial and mesenchymal states unlinks EMT
from metastasis-enhancing stem cell capacity. Cell Rep (2016) 14:2281-8.
doi:10.1016/j.celrep.2016.02.034

6. ZhengX, Carstens JL, Kim J, Scheible M, Kaye J, Sugimoto H, et al. Epithelial-
to-mesenchymal transition is dispensable for metastasis but induces che-
moresistance in pancreatic cancer. Nature (2015) 527:525-30. doi:10.1038/
naturel6064

7. Fischer KR, Durrans A, Lee S, Sheng J, Li E, Wong STC, et al. Epithelial-to-
mesenchymal transition is not required for lung metastasis but contributes to
chemoresistance. Nature (2015) 527:472-6. doi:10.1038/nature15748

8. Krebs AM, Mitschke J, Losada ML, Schmalhofer O, Boerries M, Busch H, et al.
The EMT-activator Zebl is a key factor for cell plasticity and promotes metas-
tasis in pancreatic cancer. Nat Cell Biol (2017) 19:518-29. d0i:10.1038/ncb3513

9. Nieto MA. Context-specific roles of EMT programmes in cancer cell

dissemination. Nat Cell Biol (2017) 19:416-8. d0i:10.1038/ncb3520

Somarelli JA, Schaeffer D, Marengo MS, Bepler T, Rouse D, Ware KE,

et al. Distinct routes to metastasis: plasticity-dependent and plasticity-

independent pathways. Oncogene (2016) 35:4302-11. doi:10.1038/

onc.2015.497

Nieto MA, Huang RY-J, Jackson RA, Thiery JP. EMT: 2016. Cell (2016)

166:21-45. doi:10.1016/j.cell.2016.06.028

Ye X, Weinberg RA. Epithelial-mesenchymal plasticity: a central regulator

of cancer progression. Trends Cell Biol (2015) 25:675-86. d0i:10.1016/j.

tcb.2015.07.012

10.

11.

12.

sets as well as in computational tools, such multidisciplinary
approaches are key to achieve a quantitative understanding of
cancer biology. Thus, as foreseen by Hanahan and Weinberg
(48), cancer research will indeed become a logical science, in
which the complexities of the disease, such as the role of EMT,
are understood in terms of their underlying principles.

AUTHOR CONTRIBUTIONS

GB and JB conceived the manuscript and its structure; GB drafted
the manuscript and composed the figures; ED and JB critically
revised the manuscript. All authors read and approved the final
manuscript.

ACKNOWLEDGMENTS

We would like to thank Sylvia Le Dévédec and Mohit Kumar Jolly
for useful discussions.

FUNDING

This work was supported by a Vidi grant from NWO (864.12.013,
to JB).

13. Yu M, Bardia A, Wittner BS, Stott SL, Smas ME, Ting DT, et al. Circulating
breast tumor cells exhibit dynamic changes in epithelial and mesenchymal
composition. Science (2013) 339:580-4. doi:10.1126/science.1228522

Au SH, Storey BD, Moore JC, Tang Q, Chen Y-L, Javaid S, et al. Clusters
of circulating tumor cells traverse capillary-sized vessels. Proc Natl Acad Sci
U S A (2016) 113:4947-52. d0i:10.1073/pnas.1524448113

Aceto N, Bardia A, Miyamoto DT, Donaldson MC, Wittner BS,
Spencer JA, et al. Circulating tumor cell clusters are oligoclonal precursors of
breast cancer metastasis. Cell (2014) 158:1110-22.d0i:10.1016/j.cell.2014.07.013
Jolly MK, Tripathi SC, Somarelli JA, Hanash SM, Levine H. Epithelial/
mesenchymal plasticity: how have quantitative mathematical models helped
improve our understanding? Mol Oncol (2017) 11(7):739-54. doi:10.1002/
1878-0261.12084

Jolly MK, Levine H. Computational systems biology of epithelial-hybrid-
mesenchymal transitions. Curr Opin Syst Biol (2017) 3:1-6. doi:10.1016/j.
coisb.2017.02.004

De Craene B, Berx G. Regulatory networks defining EMT during cancer
initiation and progression. Nat Rev Cancer (2013) 13:97-110. doi:10.1038/
nrc3447

Marcucci E Stassi G, De Maria R. Epithelial-mesenchymal transition: a new
target in anticancer drug discovery. Nat Rev Drug Discov (2016) 15:311-25.
doi:10.1038/nrd.2015.13

Leight JL, Wozniak MA, Chen S, Lynch ML, Chen CS. Matrix rigidity
regulates a switch between TGF-p1-induced apoptosis and epithelial-mes-
enchymal transition. Mol Biol Cell (2012) 23:781-91. do0i:10.1091/mbc.
E11-06-0537

Chung S-W, Miles FL, Sikes RA, Cooper CR, Farach-Carson MC,
Ogunnaike BA. Quantitative modeling and analysis of the transforming
growth factor beta signaling pathway. Biophys ] (2009) 96:1733-50.
doi:10.1016/j.bpj.2008.11.050

Andrieux G, Le Borgne M, Théret N. An integrative modeling frame-
work reveals plasticity of TGF-p signaling. BMC Syst Biol (2014) 8:30.
doi:10.1186/1752-0509-8-30

Yang ], Weinberg RA. Epithelial-mesenchymal transition: at the cross-
roads of development and tumor metastasis. Dev Cell (2008) 14:818-29.
doi:10.1016/j.devcel.2008.05.009

Mlacki M, Kikulska A, Krzywinska E, Pawlak M, Wilanowski T. Recent
discoveries concerning the involvement of transcription factors from the

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Frontiers in Oncology | www.frontiersin.org

11

August 2017 | Volume 7 | Article 162


http://www.frontiersin.org/Oncology/
http://www.frontiersin.org
http://www.frontiersin.org/oncology/archive
https://doi.org/10.1172/JCI39104
https://doi.org/10.1038/nrc822
https://doi.org/10.1158/0008-5472.CAN-05-0699
https://doi.org/10.1158/0008-5472.CAN-14-3476
https://doi.org/10.1016/j.celrep.2016.02.034
https://doi.org/10.1038/nature16064
https://doi.org/10.1038/nature16064
https://doi.org/10.1038/nature15748
https://doi.org/10.1038/ncb3513
https://doi.org/10.1038/ncb3520
https://doi.org/10.1038/onc.2015.497
https://doi.org/10.1038/onc.2015.497
https://doi.org/10.1016/j.cell.2016.06.028
https://doi.org/10.1016/j.tcb.2015.07.012
https://doi.org/10.1016/j.tcb.2015.07.012
https://doi.org/10.1126/science.1228522
https://doi.org/10.1073/pnas.1524448113
https://doi.org/10.1016/j.cell.2014.07.013
https://doi.org/10.1002/
1878-0261.12084
https://doi.org/10.1002/
1878-0261.12084
https://doi.org/10.1016/j.coisb.2017.02.004
https://doi.org/10.1016/j.coisb.2017.02.004
https://doi.org/10.1038/nrc3447
https://doi.org/10.1038/nrc3447
https://doi.org/10.1038/nrd.2015.13
https://doi.org/10.1091/mbc.E11-06-0537
https://doi.org/10.1091/mbc.E11-06-0537
https://doi.org/10.1016/j.bpj.2008.11.050
https://doi.org/10.1186/1752-0509-8-30
https://doi.org/10.1016/j.devcel.2008.05.009

Burger et al.

Deciphering EMT through Computational Approaches

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Grainyhead-like family in cancer. Exp Biol Med (2015) 240:1396-401.
doi:10.1177/1535370215588924

Tian X-J, Zhang H, Xing J. Coupled reversible and irreversible bistable
switches underlying TGFp-induced epithelial to mesenchymal transition.
Biophys J (2013) 105:1079-89. doi:10.1016/.bpj.2013.07.011

Zhang J, Tian X-J, Zhang H, Teng Y, Li R, Bai E et al. TGF-p-induced epithe-
lial-to-mesenchymal transition proceeds through stepwise activation of mul-
tiple feedback loops. Sci Signal (2014) 7:ra91. doi:10.1126/scisignal.2005304
Lu M, Jolly MK, Levine H, Onuchic JN, Ben-Jacob E. MicroRNA-based
regulation of epithelial-hybrid-mesenchymal fate determination. Proc Natl
Acad Sci US A (2013) 110:18144-9. doi:10.1073/pnas.1318192110

Gregory PA, Bracken CP, Smith E, Bert AG, Wright JA, Roslan S, et al. An
autocrine TGF-beta/ZEB/miR-200 signaling network regulates establish-
ment and maintenance of epithelial-mesenchymal transition. Mol Biol Cell
(2011) 22:1686-98. doi:10.1091/mbc.E11-02-0103

Brown RL, Reinke LM, Damerow MS, Perez D, Chodosh LA, Yang J, et al.
CD44 splice isoform switching in human and mouse epithelium is essential
for epithelial-mesenchymal transition and breast cancer progression. J Clin
Invest (2011) 121:1064-74. doi:10.1172/JCI44540

Preca B-T, Bajdak K, Mock K, Sundararajan V, Pfannstiel J, Maurer J, et al.
A self-enforcing CD44s/ZEB1 feedback loop maintains EMT and stemness
properties in cancer cells. Int ] Cancer (2015) 137:2566-77. doi:10.1002/
ijc.29642

Ocana OH, Coércoles R, Fabra A, Moreno-Bueno G, Acloque H, Vega S,
et al. Metastatic colonization requires the repression of the epithelial-
mesenchymal transition inducer Prrxl. Cancer Cell (2012) 22:709-24.
doi:10.1016/j.ccr.2012.10.012

Liu Y-N, Yin JJ, Abou-Kheir W, Hynes PG, Casey OM, Fang L, et al. MiR-1
and miR-200 inhibit EMT via slug-dependent and tumorigenesis via
slug-independent mechanisms. Oncogene (2013) 32:296-306. doi:10.1038/
onc.2012.58

Ye X, Tam WL, Shibue T, Kaygusuz Y, Reinhardt F, Ng Eaton E, et al. Distinct
EMT programs control normal mammary stem cells and tumour-initiating
cells. Nature (2015) 525:256-60. d0i:10.1038/nature14897

Wu X, Li X, Fu Q Cao Q, Chen X, Wang M, et al. AKR1B1 promotes
basal-like breast cancer progression by a positive feedback loop that
activates the EMT program. ] Exp Med (2017) 214:1065-79. doi:10.1084/
jem.20160903

Casas E, Kim J, Bendesky A, Ohno-Machado L, Wolfe CJ, Yang J. Snail2 is
an essential mediator of Twistl-induced epithelial mesenchymal transition
and metastasis. Cancer Res (2011) 71:245-54. doi:10.1158/0008-5472.
CAN-10-2330

Yaswen P. Reinforcing targeted therapeutics with phenotypic stability
factors. Cell Cycle (2014) 13:3818-22. d0i:10.4161/15384101.2014.985071
Roca H, Hernandez J, Weidner S, McEachin RC, Fuller D, Sud S, et al.
Transcription factors OVOLI and OVOL2 induce the mesenchymal to epi-
thelial transition in human cancer. PLoS One (2013) 8:¢76773. doi:10.1371/
journal.pone.0076773

Watanabe K, Villarreal-Ponce A, Sun P, Salmans ML, Fallahi M,
Andersen B, et al. Mammary morphogenesis and regeneration require the
inhibition of EMT at terminal end buds by Ovol2 transcriptional repressor.
Dev Cell (2014) 29:59-74. doi:10.1016/j.devcel.2014.03.006

Hong T, Watanabe K, Ta CH, Villarreal-Ponce A, Nie Q, Dai X. An Ovol2-
Zebl mutual inhibitory circuit governs bidirectional and multi-step transi-
tion between epithelial and mesenchymal states. PLoS Comput Biol (2015)
11:€1004569. doi:10.1371/journal.pcbi. 1004569

Huang RY-J, Wong MK, Tan TZ, Kuay KT, Ng AHC, Chung VY, et al.
An EMT spectrum defines an anoikis-resistant and spheroidogenic inter-
mediate mesenchymal state that is sensitive to e-cadherin restoration by a
src-kinase inhibitor, saracatinib (AZD0530). Cell Death Dis (2013) 4:e915.
do0i:10.1038/cddis.2013.442

Tam WL, Weinberg RA. The epigenetics of epithelial-mesenchymal plas-
ticity in cancer. Nat Med (2013) 19:1438-49. d0i:10.1038/nm.3336

Jolly MK, Boareto M, Huang B, Jia D, Lu M, Ben-Jacob E, et al. Implications
of the hybrid epithelial/mesenchymal phenotype in metastasis. Front Oncol
(2015) 5:155. doi:10.3389/fonc.2015.00155

Jia D, Jolly MK, Boareto M, Parsana P, Mooney SM, Pienta K]J, et al. OVOL
guides the epithelial-hybrid-mesenchymal transition. Oncotarget (2015)
6:15436-48. doi:10.18632/oncotarget.3623

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Jolly MK, Tripathi SC, Jia D, Mooney SM, Celiktas M, Hanash SM, et al.
Stability of the hybrid epithelial/mesenchymal phenotype. Oncotarget
(2016) 7:27067-84. doi:10.18632/oncotarget.8166

Ribeiro AS, Paredes J. P-cadherin linking breast cancer stem cells and inva-
sion: a promising marker to identify an “intermediate/metastable” EMT state.
Front Oncol (2015) 4:371. d0i:10.3389/fonc.2014.00371

Somarelli JA, Shetler S, Jolly MK, Wang X, Bartholf Dewitt S, Hish AJ, et al.
Mesenchymal-epithelial transition in sarcomas is controlled by the combi-
natorial expression of MicroRNA 200s and GRHL2. Mol Cell Biol (2016)
36:2503-13. doi:10.1128/MCB.00373-16

Shin S-Y, Rath O, Zebisch A, Choo S-M, Kolch W, Cho K-H. Functional roles
of multiple feedback loops in extracellular signal-regulated kinase and Wnt
signaling pathways that regulate epithelial-mesenchymal transition. Cancer
Res (2010) 70:6715-24. doi:10.1158/0008-5472.CAN-10-1377

Hanahan D, Weinberg RA. The hallmarks of cancer. Cell (2000) 100:57-70.
doi:10.1016/50092-8674(00)81683-9

Milo R, Shen-Orr §, Itzkovitz S, Kashtan N, Chklovskii D, Alon U. Network
motifs: simple building blocks of complex networks. Science (2002)
298:824-7. doi:10.1126/science.298.5594.824

Lu M, Jolly MK, Gomoto R, Huang B, Onuchic J, Ben-Jacob E. Tristability
in cancer-associated microRNA-TF chimera toggle switch. J Phys Chem B
(2013) 117:13164-74. doi:10.1021/jp403156m

Tian X-J, Zhang H, Zhang ], Xing J. Reciprocal regulation between mRNA
and microRNA enables a bistable switch that directs cell fate decisions.
FEBS Lett (2016) 590:3443-55. d0i:10.1002/1873-3468.12379

Huang B, Lu M, Jia D, Ben-Jacob E, Levine H, Onuchic JN. Interrogating the
topological robustness of gene regulatory circuits by randomization. PLoS
Comput Biol (2017) 13:€1005456. doi:10.1371/journal.pcbi.1005456

Machta BB, Chachra R, Transtrum MK, Sethna JP. Parameter space com-
pression underlies emergent theories and predictive models. Science (2013)
342:604-7. doi:10.1126/science.1238723

Gould R, Bassen DM, Chakrabarti A, Varner JD, Butcher J. Population
heterogeneity in the epithelial to mesenchymal transition is controlled by
NFAT and phosphorylated Spl. PLoS Comput Biol (2016) 12:¢1005251.
doi:10.1371/journal.pcbi.1005251

Song SO, Chakrabarti A, Varner JD. Ensembles of signal transduction models
using Pareto optimal ensemble techniques (POETs). Biotechnol ] (2010)
5:768-80. doi:10.1002/biot.201000059

Wang R-S, Saadatpour A, Albert R. Boolean modeling in systems biology:
an overview of methodology and applications. Phys Biol (2012) 9:055001.
doi:10.1088/1478-3975/9/5/055001

Steinway SN, Zanudo JGT, Ding W, Rountree CB, Feith DJ, Loughran TP Jr,
et al. Network modeling of TGFp signaling in hepatocellular carcinoma
epithelial-to-mesenchymal transition reveals joint Sonic hedgehog and Wnt
pathway activation. Cancer Res (2014) 74:5963-77. d0i:10.1158/0008-5472.
CAN-14-0225

Steinway SN, Zafiudo JGT, Michel PJ, Feith DJ, Loughran TP, Albert R.
Combinatorial  interventions  inhibit =~ TGFp-driven epithelial-to-
mesenchymal transition and support hybrid cellular phenotypes. NPJ Syst
Biol Appl (2015) 1:15014. doi:10.1038/npjsba.2015.14

Morris MK, Saez-Rodriguez J, Sorger PK, Lauffenburger DA. Logic-based
models for the analysis of cell signaling networks. Biochemistry (2010)
49:3216-24. doi:10.1021/bi902202q

Samaga R, Klamt S. Modeling approaches for qualitative and semi-
quantitative analysis of cellular signaling networks. Cell Commun Signal
(2013) 11:43. doi:10.1186/1478-811X-11-43

Lamouille S, Xu J, Derynck R. Molecular mechanisms of epithelial-
mesenchymal transition. Nat Rev Mol Cell Biol (2014) 15:178-96.d0i:10.1038/
nrm3758

Kim ], Kong J, Chang H, Kim H, Kim A. EGF induces epithelial-
mesenchymal transition through phospho-Smad2/3-Snail signaling pathway
inbreast cancer cells. Oncotarget (2016) 7:85021-32. doi:10.18632/oncotarget.
13116

Mani SA, Guo W, Liao M-J, Eaton EN, Ayyanan A, Zhou AY, et al.
The epithelial-mesenchymal transition generates cells with properties of stem
cells. Cell (2008) 133:704-15. doi:10.1016/j.cell.2008.03.027

Morel A-P, Liévre M, Thomas C, Hinkal G, Ansieau S, Puisieux A. Generation
of breast cancer stem cells through epithelial-mesenchymal transition. PLoS
One (2008) 3:¢2888. doi:10.1371/journal.pone.0002888

Frontiers in Oncology | www.frontiersin.org

12

August 2017 | Volume 7 | Article 162


http://www.frontiersin.org/Oncology/
http://www.frontiersin.org
http://www.frontiersin.org/oncology/archive
https://doi.org/10.1177/1535370215588924
https://doi.org/10.1016/j.bpj.2013.07.011
https://doi.org/10.1126/scisignal.2005304
https://doi.org/10.1073/pnas.1318192110
https://doi.org/10.1091/mbc.E11-02-0103
https://doi.org/10.1172/JCI44540
https://doi.org/10.1002/ijc.29642
https://doi.org/10.1002/ijc.29642
https://doi.org/10.1016/j.ccr.2012.10.012
https://doi.org/10.1038/onc.2012.58
https://doi.org/10.1038/onc.2012.58
https://doi.org/10.1038/nature14897
https://doi.org/10.1084/jem.20160903
https://doi.org/10.1084/jem.20160903
https://doi.org/10.1158/0008-5472.CAN-10-2330
https://doi.org/10.1158/0008-5472.CAN-10-2330
https://doi.org/10.4161/15384101.2014.985071
https://doi.org/10.1371/journal.pone.0076773
https://doi.org/10.1371/journal.pone.0076773
https://doi.org/10.1016/j.devcel.2014.03.006
https://doi.org/10.1371/journal.pcbi.1004569
https://doi.org/10.1038/cddis.2013.442
https://doi.org/10.1038/nm.3336
https://doi.org/10.3389/fonc.2015.00155
https://doi.org/10.18632/oncotarget.3623
https://doi.org/10.18632/oncotarget.8166
https://doi.org/10.3389/fonc.2014.00371
https://doi.org/10.1128/MCB.00373-16
https://doi.org/10.1158/0008-5472.CAN-10-1377
https://doi.org/10.1016/S0092-8674(00)81683-9
https://doi.org/10.1126/science.298.5594.824
https://doi.org/10.1021/jp403156m
https://doi.org/10.1002/1873-3468.12379
https://doi.org/10.1371/journal.pcbi.1005456
https://doi.org/10.1126/science.1238723
https://doi.org/10.1371/journal.pcbi.1005251
https://doi.org/10.1002/biot.201000059
https://doi.org/10.1088/1478-3975/9/5/055001
https://doi.org/10.1158/0008-5472.CAN-14-0225
https://doi.org/10.1158/0008-5472.CAN-14-0225
https://doi.org/10.1038/npjsba.2015.14
https://doi.org/10.1021/bi902202q
https://doi.org/10.1186/1478-811X-11-43
https://doi.org/10.1038/nrm3758
https://doi.org/10.1038/nrm3758
https://doi.org/10.18632/oncotarget.
13116
https://doi.org/10.18632/oncotarget.
13116
https://doi.org/10.1016/j.cell.2008.03.027
https://doi.org/10.1371/journal.pone.0002888

Burger et al.

Deciphering EMT through Computational Approaches

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

Turner C, Kohandel M. Investigating the link between epithelial-
mesenchymal transition and the cancer stem cell phenotype: a mathematical
approach. ] Theor Biol (2010) 265:329-35. doi:10.1016/j.jtbi.2010.05.024
Jolly MK, Huang B, Lu M, Mani SA, Levine H, Ben-Jacob E. Towards
elucidating the connection between epithelial-mesenchymal transitions
and stemness. JR Soc Interface (2014) 11:20140962. doi:10.1098/rsif.
2014.0962

Jolly MK, Jia D, Boareto M, Mani SA, Pienta KJ, Ben-Jacob E, et al. Coupling
the modules of EMT and stemness: a tunable “stemness window” model.
Oncotarget (2015) 6:25161-74. doi:10.18632/oncotarget.4629

Sehl ME, Shimada M, Landeros A, Lange K, Wicha MS. Modeling of cancer
stem cell state transitions predicts therapeutic response. PLoS One (2015)
10:¢0135797. doi:10.1371/journal.pone.0135797

Brabletz T. EMT and MET in metastasis: where are the cancer stem cells?
Cancer Cell (2012) 22:699-701. doi:10.1016/j.ccr.2012.11.009

Yizhak K, Le Dévédec SE, Rogkoti VM, Baenke F, de Boer VC, Frezza C,
et al. A computational study of the Warburg effect identifies metabolic
targets inhibiting cancer migration. Mol Syst Biol (2014) 10:744.
doi:10.15252/msb.20134993

Li L, Li W. Epithelial-mesenchymal transition in human cancer: compre-
hensive reprogramming of metabolism, epigenetics, and differentiation.
Pharmacol Ther (2015) 150:33-46. doi:10.1016/j.pharmthera.2015.01.004
Baumann E Leukel P, Doerfelt A, Beier CP, Dettmer K, Oefner PJ,
et al. Lactate promotes glioma migration by TGF-beta2-dependent
regulation of matrix metalloproteinase-2. Neuro Oncol (2009) 11:368-80.
doi:10.1215/15228517-2008-106

Seliger C, Leukel P, Moeckel S, Jachnik B, Lottaz C, Kreutz M, et al
Lactate-modulated induction of THBS-1 activates transforming growth
factor (TGF)-beta2 and migration of glioma cells in vitro. PLoS One (2013)
8:¢78935. doi:10.1371/journal.pone.0078935

Yang L, Hou Y, Yuan J, Tang S, Zhang H, Zhu Q, et al. Twist promotes repro-
gramming of glucose metabolism in breast cancer cells through PI3K/AKT
and p53 signaling pathways. Oncotarget (2015) 6:25755-69. doi:10.18632/
oncotarget.4697

Feng X, Wang Z, Fillmore R, Xi Y. MiR-200, a new star miRNA in human
cancer. Cancer Lett (2014) 344:166-73. d0i:10.1016/j.canlet.2013.11.004
Sciacovelli M, Gongalves E, Johnson TI, Zecchini VR, da Costa ASH,
Gaude E, et al. Fumarate is an epigenetic modifier that elicits epithelial-
to-mesenchymal transition. (2016) 537:544-7. doi:10.1038/
naturel9353

Cha Y, Han M-], Cha H-J, Zoldan J, Burkart A, Jung JH, et al. Metabolic
control of primed human pluripotent stem cell fate and function by the
miR-200c¢-SIRT?2 axis. Nat Cell Biol (2017) 19:445-56. doi:10.1038/ncb3517
Ghaffari P, Mardinoglu A, Nielsen J. Cancer metabolism: a modeling per-
spective. Front Physiol (2015) 6:382. doi:10.3389/fphys.2015.00382

Yizhak K, Chaneton B, Gottlieb E, Ruppin E. Modeling cancer metabolism
on a genome scale. Mol Syst Biol (2015) 11:817. doi:10.15252/msb.20145307
Choudhary KS, Rohatgi N, Halldorsson S, Briem E, Gudjonsson T,
Gudmundsson S, et al. EGFR signal-network reconstruction demonstrates
metabolic crosstalk in EMT. PLoS Comput Biol (2016) 12:e1004924.
doi:10.1371/journal.pcbi. 1004924

Croft D, Mundo AF, Haw R, Milacic M, Weiser ], Wu G, et al. The Reactome
pathway knowledgebase. Nucleic Acids Res (2014) 42:D472-7. doi:10.1093/
nar/gkt1102

Kondaveeti Y, Guttilla Reed IK, White BA. Epithelial-mesenchymal transi-
tion induces similar metabolic alterations in two independent breast cancer
cell lines. Cancer Lett (2015) 364:44-58. doi:10.1016/j.canlet.2015.04.025
Huang B, Lu M, Jolly MK, Tsarfaty I, Onuchic J, Ben-Jacob E. The three-
way switch operation of Racl/RhoA GTPase-based circuit controlling
amoeboid-hybrid-mesenchymal transition. Sci Rep (2014) 4:6449.
doi:10.1038/srep06449

Huang B, Jolly MK, Lu M, Tsarfaty I, Ben-Jacob E, Onuchic JN. Modeling the
transitions between collective and solitary migration phenotypes in cancer
metastasis. Sci Rep (2015) 5:17379. doi:10.1038/srep17379

Hegerfeldt Y, Tusch M, Brocker E-B, Friedl P. Collective cell movement in
primary melanoma explants. Cancer Res (2002) 62:2125-30.

Wolf K, Wu YI, Liu Y, Geiger J, Tam E, Overall C, et al. Multi-step pericellular
proteolysis controls the transition from individual to collective cancer cell
invasion. Nat Cell Biol (2007) 9:893-904. doi:10.1038/ncb1616

Nature

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

Holmes WR, Park J, Levchenko A, Edelstein-Keshet L. A mathematical
model coupling polarity signaling to cell adhesion explains diverse cell
migration patterns. PLoS Comput Biol (2017) 13:e1005524. doi:10.1371/
journal.pcbi.1005524

Cohen DPA, Martignetti L, Robine S, Barillot E, Zinovyev A, Calzone L.
Mathematical modelling of molecular pathways enabling tumour cell
invasion and migration. PLoS Comput Biol (2015) 11:e1004571. d0i:10.1371/
journal.pcbi.1004571

Chanrion M, Kuperstein I, Barriere C, El Marjou F Cohen D,
Vignjevic D, et al. Concomitant notch activation and p53 deletion trigger
epithelial-to-mesenchymal transition and metastasis in mouse gut. Nat
Commun (2014) 5:5005. doi:10.1038/ncomms6005

Hanahan D, Weinberg RA. Hallmarks of cancer: the next generation. Cell
(2011) 144:646-74. doi:10.1016/j.cell.2011.02.013

Ingber DE. Cancer as a disease of epithelial-mesenchymal interactions
and extracellular matrix regulation. Differentiation (2002) 70:547-60.
doi:10.1046/j.1432-0436.2002.700908.x

Osborne JM, Fletcher AG, Pitt-Francis JM, Maini PK, Gavaghan DJ.
Comparing individual-based approaches to modelling the self-organization
of multicellular tissues. PLoS Comput Biol (2017) 13:e1005387. doi:10.1371/
journal.pcbi.1005387

Grigore AD, Jolly MK, Jia D, Farach-Carson MC, Levine H. Tumor bud-
ding: the name is EMT. Partial EMT. J Clin Med (2016) 5:51. doi:10.3390/
jem5050051

Tsai JH, Donaher JL, Murphy DA, Chau S, Yang J. Spatiotemporal regulation
of epithelial-mesenchymal transition is essential for squamous cell carcinoma
metastasis. Cancer Cell (2012) 22:725-36. doi:10.1016/j.ccr.2012.09.022
Neagu A, Mironov V, Kosztin I, Barz B, Neagu M, Moreno-Rodriguez RA,
et al. Computational modeling of epithelial-mesenchymal transfor-
mations. Biosystems (2010) 100:23-30. doi:10.1016/j.biosystems.2009.
12.004

Glazier JA, Graner E Simulation of the differential adhesion driven rear-
rangement of biological cells. Phys Rev E Stat Phys Plasmas Fluids Relat
Interdiscip Topics (1993) 47:2128-54. doi:10.1103/PhysRevE.47.2128
Graner E Glazier JA. Simulation of biological cell sorting using a
two-dimensional extended Potts model. Phys Rev Lett (1992) 69:2013-6.
doi:10.1103/PhysRevLett.69.2013

Ramis-Conde I, Drasdo D, Anderson ARA, Chaplain MA]J. Modeling
the influence of the E-cadherin-beta-catenin pathway in cancer cell
invasion: a multiscale approach. Biophys J (2008) 95:155-65. doi:10.1529/
biophysj.107.114678

Boareto M, Jolly MK, Goldman A, Pietild M, Mani SA, Sengupta S, et al.
Notch-jagged signalling can give rise to clusters of cells exhibiting a hybrid
epithelial/mesenchymal phenotype. JR Soc Interface (2016) 13:20151106.
doi:10.1098/rsif.2015.1106

Waclaw B, Bozic I, Pittman ME, Hruban RH, Vogelstein B, Nowak MA. A
spatial model predicts that dispersal and cell turnover limit intratumour
heterogeneity. Nature (2015) 525:261-4. doi:10.1038/nature14971

Lin EY, Gouon-Evans V, Nguyen AV, Pollard JW. The macrophage growth
factor CSF-1 in mammary gland development and tumor progres-
sion. ] Mammary Gland Biol Neoplasia (2002) 7:147-62. doi:10.1023/
A:1020399802795

Knutsdéttir H, Palsson E, Edelstein-Keshet L. Mathematical model of
macrophage-facilitated breast cancer cells invasion. J Theor Biol (2014)
357:184-99. doi:10.1016/j.jtbi.2014.04.031

Knutsdéttir H, Condeelis JS, Palsson E. 3-D individual cell based computa-
tional modeling of tumor cell-macrophage paracrine signaling mediated by
EGF and CSF-1 gradients. Integr Biol (2016) 8:104-19. d0i:10.1039/c5ib00201j
Condeelis J, Pollard JW. Macrophages: obligate partners for tumor cell
migration, invasion, and metastasis. Cell (2006) 124:263-6. doi:10.1016/j.
cell.2006.01.007

Su S, Liu Q, Chen J, Chen ], Chen E He C, et al. A positive feedback loop
between mesenchymal-like cancer cells and macrophages is essential to
breast cancer metastasis. Cancer Cell (2014) 25:605-20. doi:10.1016/j.
ccr.2014.03.021

Li MO, Flavell RA. TGF-beta: a master of all T cell trades. Cell (2008)
134:392-404. doi:10.1016/j.cell.2008.07.025

Terry S, Buart S, Tan TZ, Gros G, Noman MZ, Lorens JB, et al. Acquisition
of tumor cell phenotypic diversity along the EMT spectrum under hypoxic

Frontiers in Oncology | www.frontiersin.org

13

August 2017 | Volume 7 | Article 162


http://www.frontiersin.org/Oncology/
http://www.frontiersin.org
http://www.frontiersin.org/oncology/archive
https://doi.org/10.1016/j.jtbi.2010.05.024
https://doi.org/10.1098/rsif.
2014.0962
https://doi.org/10.1098/rsif.
2014.0962
https://doi.org/10.18632/oncotarget.4629
https://doi.org/10.1371/journal.pone.0135797
https://doi.org/10.1016/j.ccr.2012.11.009
https://doi.org/10.15252/msb.20134993
https://doi.org/10.1016/j.pharmthera.2015.01.004
https://doi.org/10.1215/15228517-2008-106
https://doi.org/10.1371/journal.pone.0078935
https://doi.org/10.18632/oncotarget.4697
https://doi.org/10.18632/oncotarget.4697
https://doi.org/10.1016/j.canlet.2013.11.004
https://doi.org/10.1038/nature19353
https://doi.org/10.1038/nature19353
https://doi.org/10.1038/ncb3517
https://doi.org/10.3389/fphys.2015.00382
https://doi.org/10.15252/msb.20145307
https://doi.org/10.1371/journal.pcbi.1004924
https://doi.org/10.1093/nar/gkt1102
https://doi.org/10.1093/nar/gkt1102
https://doi.org/10.1016/j.canlet.2015.04.025
https://doi.org/10.1038/srep06449
https://doi.org/10.1038/srep17379
https://doi.org/10.1038/ncb1616
https://doi.org/10.1371/journal.pcbi.1005524
https://doi.org/10.1371/journal.pcbi.1005524
https://doi.org/10.1371/journal.pcbi.1004571
https://doi.org/10.1371/journal.pcbi.1004571
https://doi.org/10.1038/ncomms6005
https://doi.org/10.1016/j.cell.2011.02.013
https://doi.org/10.1046/j.1432-0436.2002.700908.x
https://doi.org/10.1371/journal.pcbi.1005387
https://doi.org/10.1371/journal.pcbi.1005387
https://doi.org/10.3390/jcm5050051
https://doi.org/10.3390/jcm5050051
https://doi.org/10.1016/j.ccr.2012.
09.022
https://doi.org/10.1016/j.biosystems.2009.
12.004
https://doi.org/10.1016/j.biosystems.2009.
12.004
https://doi.org/10.1103/PhysRevE.47.2128
https://doi.org/10.1103/PhysRevLett.69.2013
https://doi.org/10.1529/biophysj.107.114678
https://doi.org/10.1529/biophysj.107.114678
https://doi.org/10.1098/rsif.2015.1106
https://doi.org/10.1038/nature14971
https://doi.org/10.1023/A:1020399802795
https://doi.org/10.1023/A:1020399802795
https://doi.org/10.1016/j.jtbi.2014.04.031
https://doi.org/10.1039/c5ib00201j
https://doi.org/10.1016/j.cell.2006.01.007
https://doi.org/10.1016/j.cell.2006.01.007
https://doi.org/10.1016/j.ccr.2014.03.021
https://doi.org/10.1016/j.ccr.2014.03.021
https://doi.org/10.1016/j.cell.2008.07.025

Burger et al.

Deciphering EMT through Computational Approaches

pressure: consequences on susceptibility to cell-mediated cytotoxicity.
Oncoimmunology(2017)6(2):e1271858.d0i:10.1080/2162402X.2016.1271858
Noman MZ, Janji B, Abdou A, Hasmim M, Terry S, Tan TZ, et al.
The immune checkpoint ligand PD-L1 is upregulated in EMT-activated
human breast cancer cells by a mechanism involving ZEB-1 and miR-200.
Oncoimmunology (2017) 6:€1263412. doi:10.1080/2162402X.2016.1263412
Tripathi SC, Peters HL, Taguchi A, Katayama H, Wang H, Momin A, et al.
Immunoproteasome deficiency is a feature of non-small cell lung cancer with
a mesenchymal phenotype and is associated with a poor outcome. Proc Natl
Acad Sci US A (2016) 113:E1555-64. doi:10.1073/pnas.1521812113
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. doi:10.1038/ncomms7139

108.

109.

110.

111. Sharma SV, Lee DY, Li B, Quinlan MP, Takahashi E Maheswaran S, et al.
A chromatin-mediated reversible drug-tolerant state in cancer cell subpopu-

lations. Cell (2010) 141:69-80. doi:10.1016/j.cell.2010.02.027

Conflict of Interest Statement: The authors declare that the research was con-
ducted in the absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Copyright © 2017 Burger, Danen and Beltman. This is an open-access article dis-
tributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) or licensor are credited and that the original publication in this
journal is cited, in accordance with accepted academic practice. No use, distribution
or reproduction is permitted which does not comply with these terms.

Frontiers in Oncology | www.frontiersin.org

14

August 2017 | Volume 7 | Article 162


http://www.frontiersin.org/Oncology/
http://www.frontiersin.org
http://www.frontiersin.org/oncology/archive
https://doi.org/10.1080/2162402X.2016.1271858
https://doi.org/10.1080/2162402X.2016.1263412
https://doi.org/10.1073/pnas.1521812113
https://doi.org/10.1038/ncomms7139
https://doi.org/10.1016/j.cell.2010.02.027
http://creativecommons.org/licenses/by/4.0/

	Deciphering Epithelial–Mesenchymal Transition Regulatory Networks in Cancer through Computational Approaches
	Introduction
	Unraveling the EMT Regulatory Network
	Core Regulatory Network
	Extending the Core Regulatory Network
	OVOL
	GRHL2 and miR-145

	Systems-Level Modeling of EMT
	Classes of ODE Models
	Parameter Combinations in ODE Models
	Boolean Models


	EMT in Relation to Other Tumor Characteristics
	EMT and Stemness
	EMT and Tumor Metabolism
	EMT and Migration, Invasion, and Metastasis
	EMT and Tumor Cell Interactions

	Perspective
	Author Contributions
	Acknowledgments
	Funding
	References


