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C A N C E R

Transcriptional census of epithelial-mesenchymal 
plasticity in cancer
David P. Cook1,2* and Barbara C. Vanderhyden1,2

Epithelial-mesenchymal plasticity (EMP) contributes to tumor progression, promoting therapy resistance and 
immune cell evasion. Definitive molecular features of this plasticity have largely remained elusive due to the limited 
scale of most studies. Leveraging single-cell RNA sequencing data from 266 tumors spanning eight different cancer 
types, we identify expression patterns associated with intratumoral EMP. Integrative analysis of these programs 
confirmed a high degree of diversity among tumors. These diverse programs are associated with combinations of 
various common regulatory mechanisms initiated from cues within the tumor microenvironment. We show that 
inferring regulatory features can inform effective therapeutics to restrict EMP.

INTRODUCTION
Epithelial-mesenchymal plasticity (EMP) refers to the ability of cells 
to interconvert between epithelial and mesenchymal phenotypes, 
dynamically adopting mixed features of these states in response to 
signals in the cells’ microenvironment (1). Throughout a tissue, 
cells with phenotypes spanning an epithelial/mesenchymal (E/M) 
continuum can be observed, emerging in response to specific fea-
tures of their local environment. At the leading edge of tumors, for 
example, epithelial architecture becomes progressively disorganized, 
and the cancer cells express higher levels of mesenchymal-associated 
genes (2, 3). In cancer, this plasticity has been broadly associated with 
promoting metastasis, chemoresistance, and immunosuppression (4).

Given its supposed impact on tumor progression and treatment, 
understanding the molecular mechanisms that drive EMP and de-
veloping therapeutic strategies to modulate it have been a priority 
for years (1, 5–7). Identifying molecular determinants of EMP has 
largely focused on studying dynamics associated with the epithelial-
mesenchymal transition (EMT) induced in experimental settings, 
through the addition of exogenous cytokines [e.g., transforming 
growth factor– (TGF-1)] or genetic manipulation. Over the past 
two decades, however, it has become increasingly clear that molecular 
features of the EMT are highly context specific (1, 8–12). The reli-
ability of even the most canonical EMT genes (e.g., SNAI1, SNAI2, 
CDH1, CDH2, and VIM) has become unclear, and the reliance on 
specific genes as molecular markers of EMP has led to controversy 
(13–17). As a result, recent guidelines from “the EMT International 
Association” suggest that the primary criteria for defining EMP 
should focus on changes to cellular properties (e.g., loss of cell-cell 
junctions and enhanced migratory capacity) (1). Given the increasing 
number of genes becoming associated with EMP in the literature, 
this recommendation will be helpful in avoiding erroneous conclu-
sions based on the expression of a small number of genes. In certain 
settings, however, assessing cellular properties is not particularly 
reasonable. Many studies depend on retrospective analysis of sam-
ples (e.g., data generated from tumor samples), and it may not be 
feasible to faithfully recapitulate EMP ex vivo. Comprehensive in-
terrogation into the molecular properties of EMP and, importantly, 

the diversity of features across contexts is critical to enabling reli-
able interpretation of data from samples that are not amenable to 
phenotypic assessment. Also, embracing the diversity of EMP gene 
expression programs will allow for an updated conceptual model that 
may help explain its involvement in tumor progression and how it 
may be addressed therapeutically.

The advent of single-cell transcriptomics (scRNA-seq) has en-
abled the identification of coordinated gene expression patterns 
within individual cells. Developments to increase the throughput of 
these assays have allowed for the parallel measurement of gene 
expression in thousands of single cells, sampling the phenotypic di-
versity among a population within a tissue (18, 19). Under the as-
sumption that intratumoral EMP is reasonably prevalent, single-cell 
genomics holds the promise of revealing its intrinsic molecular 
characteristics. Supporting this assumption, studies applying these 
methods have independently identified heterogeneous expression 
of EMT-associated genes in a variety of cancers, including squamous 
cell carcinoma (SCC) (3, 20, 21), pancreatic ductal adenocarcinoma 
(PDAC) (22), colorectal (23), and lung (24). Detailed exploration of 
these programs has been limited, however, and little has been done 
to compare features of these programs between individual tumors 
and cancers. Kinker et al. (25) recently assessed sources of heteroge-
neity in the expression profiles of monolayer-cultured cancer cell 
lines and identified three recurrent programs consistent with EMP, 
but the similarity of these programs to those that emerge in solid 
tumors is unclear.

Here, we leveraged scRNA-seq data from 266 tumor samples 
spanning eight cancer types to identify coordinated expression pro-
grams consistent with intratumoral EMP. While the overall compo-
sition of these programs was highly variable, we derived a set of 
well-conserved genes from these programs that can serve as a gen-
eral EMP signature. We used this signature to query the pan-cancer 
data from The Cancer Genome Atlas (TCGA) and found that EMP 
was associated with reduced progression-free intervals (PFIs) and 
changes in immune cell proportions within the tumor microenvi-
ronment (TME). Inferences of regulatory mechanisms contributing 
to these EMP programs suggest that the diversity of these programs 
can arise from common underlying regulatory mechanisms, in-
cluding ubiquitous activation of TGF-1/nuclear factor B (NFB)/
tumor necrosis factor (TNF) signaling but that some programs have 
notably high mitogen-activated protein kinase (MAPK) or signal 
transducers and activators of transcription (STAT)/hypoxia signaling 
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activity. We integrated transcriptomic data from kinase inhibitor 
screens to demonstrate that these common regulatory mechanisms 
present promising targets for therapeutic restriction of EMP.

RESULTS
A pan-cancer census of EMT-associated gene expression
We first collected droplet-based scRNA-seq data from 17 studies of 
eight different cancer types, including colorectal (26–28), gastric (29), 
lung (24, 28, 30–32), nasopharyngeal (33), SCC (20), ovarian (28, 34), 
PDAC (35), and breast (28, 36, 37). After removing samples with 
fewer than 100 malignant cells, the data comprise expression pro-
files of 223,501 cancer cells from 266 tumor samples (Fig. 1A and 
figs. S1 and S2).

To assess intratumoral heterogeneity of EMT-associated gene 
expression, we used rank-based scoring of each cell for its relative 
expression of genes contained in 11 different EMT gene sets, in-
cluding several curated sets [the “Epithelial-mesenchymal transi-
tion” Gene Ontology (GO) Term, MSigDB Hallmark gene set (38), 
CancerSEA (39), dbEMT1.0 (40), and Tan cancer-specific EMT gene 
set (41)] and others derived from individual studies [Taube (9), Puram 
(3), Cook (8), and Kinker I, II, III (25)]. The composition of these 
gene sets is highly variable, with more than two-thirds of the genes 
being present in only a single gene set (fig. S3A). While it is possible 
that these diverse gene sets could represent different subsets of a 
common underlying biological process, we correlated the gene set 
scores across all cells and found that this is not uniformly true. Several 
gene sets were poorly correlated with the others, suggesting that they 
may only reflect EMT programs under specific contexts. Other gene 
sets were well correlated despite differences in their composition, 

suggesting that they likely reflect a common expression program 
(fig. S3B).

Gene set scores can provide biological insight into gene expres-
sion patterns, but they can be influenced by uninteresting features 
of the data. Specifically, they can be inflated by high expression of a 
small proportion of the set’s genes that are not necessarily determi-
nants of the queried biological process. Variation in scores across a 
population of cells may also reflect random fluctuations of the set’s 
genes and not necessarily a coordinated activation of the process. 
Matrix factorization approaches have been applied to scRNA-seq 
data to learn coordinated expression programs heterogeneously 
expressed across a population. By learning these programs from the 
data itself, reliance on previously defined gene sets is restricted to 
only the interpretation of the programs.

We next sought to explore heterogeneously expressed programs 
from malignant populations from each of the 266 tumors inde-
pendently. To identify these gene expression programs contribut-
ing to intratumoral heterogeneity, we performed multiresolution 
archetypal analysis on each tumor sample using the ACTIONet 
algorithm (42). This method identifies a set of extremal phenotypes 
(archetypes) from the distribution of gene expression profiles and 
represents each cell as a mixture of these archetype programs 
(Fig. 1B). This revealed multiple programs in each sample, includ-
ing expected sources of variation, such as cell cycle activity. To 
identify those associated with EMP, we correlated the cellular activity 
of each archetype program learned by ACTIONet with the previous 
EMT gene set scores. We defined EMP programs by hierarchically 
clustering the archetype programs to identify those well correlated 
with EMT gene set scores (Fig. 1, C and D, and fig. S4A). Of the 
266 tumors, 245 had identifiable EMP programs, suggesting that 
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Fig. 1. Using archetypal analysis to learn EMP-associated gene expression programs. (A) UMAP embedding of malignant cell scRNA-seq data from 266 tumors and 
17 different studies. (B) Schematic representation of the analysis strategy to identify sample-specific EMP programs using archetypal analysis and correlating archetype 
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intratumoral EMP is a ubiquitous feature of solid tumors and read-
ily captured in scRNA-seq experiments.

Defining a conserved signature associated with EMP
To define the specific genes contributing to EMP in each tumor, we 
identified genes whose expression is associated with each archetype 
program learned from ACTIONet. We have previously shown that 
transcriptional responses of experimentally induced EMTs are highly 
context specific, but it was unclear whether the same diversity existed 
in vivo (8). Of the 4187 genes up-regulated in at least one EMP 
program, the vast majority were associated with a small number 
of samples. Assessing the frequency at which each gene was differ-
entially expressed, we assembled a general EMP signature from genes 
differentially expressed in 20 or more EMP programs (Fig. 2A). We 
further refined this signature by removing genes that were also 
down-regulated in more than 10 EMP programs, resulting in an 
EMP signature of 328 genes. We assessed these genes to deter-
mine whether the association of their expression with EMP was cancer 
type specific and found that the majority (251 of 329) showed no 
specific bias (analysis of variance, P > 0.05). Many of the 78 with 
cancer-specific patterns differed only in the magnitude of their 
association (fig. S4B).

Genes down-regulated upon the activation of EMP programs 
were even less consistent, with many down-regulated in only a 
small number of programs (fig. S4C). There was no overwhelming 
evidence of a suppressed epithelial phenotype, which may further 
support the growing evidence of hybrid E/M phenotypes being 
highly prevalent in cancer (3, 43–45). Several repressed genes were 

consistent, however, with activation of a mesenchymal phenotype, 
including suppression of STMN1 (46) and PGC (47), along with 
reduced expression of the proliferation markers TOP2A and 
MKI67 (48).

Of the 328 genes positively associated with EMP, no individual 
gene was a perfect indicator of its activity, and in many EMP pro-
grams, they show little-to-no activity (Fig. 2B). As a collective, how-
ever, the signature represents a set of the most consistent markers of 
intratumoral EMP. They also enrich for GO terms consistent with a 
mesenchymal phenotype, including cell motility, regulation of cell 
adhesion, and response to wounding (Fig. 2C). Many of the canon-
ical EMT genes are not included in this signature, including CDH2, 
VIM, SNAI1, SNAI2, and ZEB1, although these genes did have vari-
able associations with EMP programs (fig. S5). The signature did, 
however, include 38 of the 200 EMT Hallmark genes, and many that 
have previously been implicated in the EMT, including various 
transcription factors (SOX4, KLF4/5/6/10, and JUND), integrins 
(ITGB1/4 and ITGA2), secreted factors (VEGFA, IL32, CXCL1, and 
CXCL8), ECM components (FN1 and COL17A1), and membrane 
proteins (CD55 and CD59), and more (Fig. 2B and table S1).

The stability and distribution of phenotypes along an EM con-
tinuum has gained recent attention, with the relevance of hybrid 
phenotypes being contrasted to fully epithelial or mesenchymal 
cells (49). Using gene set scores of the conserved signature as a rel-
ative measure of the cells’ EMP, we found that average scores were 
heterogeneous between samples (Fig. 2D and fig. S6). Intratumoral 
heterogeneity of scores was higher than expected by chance in all 
samples (P < 0.01, permutation test with random gene sets) (fig. S6). 
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Fig. 2. Defining a conserved EMP gene signature. (A) Schematic showing the strategy for defining a signature of genes most frequently associated with the 428 iden-
tified EMP signatures. (B) EMP-associated GO terms significantly enriched in the 289 conserved EMP genes. P values were calculated using Fisher’s exact tests and adjusted 
using the Benjamini-Hochberg method. (C) Examples of EMP associated genes. Top plots show the distribution of effect sizes (model coefficients) for each gene with all 
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We also note that most tumors do not have clear multimodal distri-
butions that would be consistent with a model where various states 
along the phenotypic continuum have elevated stability. Rather, cells 
span the continuum, forming a distribution with most cells occupying 
intermediate states and tails spreading to more extreme phenotypes.

A refined, malignant cell–specific EMP signature is 
associated with poor patient prognosis
Because of their inherent similarities, the ability to distinguish fi-
broblast and EMP-specific expression patterns has been a challenge. 
Many EMT gene sets contain genes highly expressed in fibroblast 
populations, and as a result, “mesenchymal” features of tumors de-
fined from bulk RNA-seq data have been found to often be associ-
ated with fibroblast content of the tumor rather than cancer cell 
plasticity (3, 50, 51). The choice of specific markers used to assess 
EMP in studies has also led to controversy (1). This confusion has 
made it challenging to draw conclusions about the involvement of 
EMP in tumor progression and clinical outcomes. Recently, Tyler and 
Tirosh (52) identified malignant cell–specific EMP signatures by using 
scRNA-seq data to assess the specificity of EMT gene sets and genes 
that correlate with canonical EMT markers. As we have established 
a conserved EMP signature, we similarly used expression profiles 
from nonmalignant cells to refine a cancer cell–specific signature.

For each tumor sample, we calculated a cell type specificity score 
for each of the 328 conserved EMP genes and averaged these scores 
across tumors to get an overview of how specific the markers were 
to cancer cells (Fig. 3A). Of the 328 genes, 128 were highly specific 
to cancer cells, whereas the remaining 200 were also expressed in 

fibroblasts, macrophages, and/or T cells. A signature of cancer cell–
specific EMP genes could be valuable for generating EMP activity 
scores in scRNA-seq data, so we established a refined signature com-
prising the 128 genes highly specific to cancer cells (table S2). To 
confirm the specificity of this signature in data that were not used to 
generate the signature, we scored cells from 24 pancreatic tumors 
(53) and found heterogeneous activity among cancer cell popula-
tions, with minimal activity in nonmalignant cell types (Fig. 3B).

Given this relatively high specificity, the signature could be used as 
a measure of mesenchymal properties in bulk RNA-seq data without 
being confounded by expression from stromal cell types. We used the 
pan-cancer RNA-seq data from TCGA (54) to calculate a relative 
EMP score for all tumors. Modeling patients’ PFI as a function of this 
signature activity, tumor type, stage, age at diagnosis, and tumor puri-
ty, we found that EMP activity was associated with a reduced PFI (Cox 
hazard ratio: 2.65; P = 7.18 × 10−5) (Fig. 3, C and D). We then modeled 
estimates of immune cell proportions for all TCGA samples (55) as a 
function of this EMP score while controlling for the same covariates as 
above and found an association with not only higher proportions of 
inflammatory cell types (activated mast and dendritic cells) but also 
more immunosuppressive regulatory T cells and fewer effector cell 
types, including CD8 T cells and naive CD4 T cells (Fig. 3E).

Reconstructing EMP regulatory networks
While unifying molecular signatures are appealing, appreciating the 
diversity of EMP programs is critical as it likely contributes to 
functional nuances of the phenotype. These programs may also 
have varying regulatory dependencies that would warrant different 
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therapeutic approaches. Variation in cell state emerges from complex 
differences in the cells’ microenvironment that ultimately converge 
on signal transduction pathways and transcription factor networks. 
We next sought to use computational approaches to infer how regu-
lation at these levels contribute to the patient-specific EMP programs 
we learned from scRNA-seq data.

Since the datasets we have used included matched gene expres-
sion profiles of stromal cells for all tumors, we used NicheNet (56) 
to infer cell-cell communication to identify factors from the TME 
that could contribute to each tumor’s specific EMP program (Fig. 4A). 
Several cytokines were associated with EMP in many tumors, in-
cluding TGF-1, interleukin-6, posttranscriptional gene silencing 2 
(PTGS2), interferon- (IFN-), and others (Fig. 4B). Consistent with 
previous literature, macrophages and fibroblasts frequently expressed 
many factors contributing to EMP (Fig. 4C) (3, 4). The majority of 
stromal cell types contribute implicated factors, such as PDGFB 
(Platelet-derived growth factor) primarily from endothelial cells; INHBA, 
FN1, and FGF7 from fibroblasts; IFN- and XCL1 from natural killer 
(NK) cells; and TNF, matrix metallopeptidase 9, and PTGS2 from 
myeloid cells. Malignant cells also express various ligands predicted 
to promote EMP, such as VEGFA and bone morphogenetic protein 7, 
suggesting that they may establish self-regulatory signaling within 
the TME (Fig. 4C).

To assess intracellular signaling activity associated with EMP, we 
used PROGENy (57)—a model of consensus signatures of signaling 
pathways—to calculate a relative activity score for 14 different sig-
naling pathways in each cell. We then modeled EMP program activity 
as a function of these signaling activity scores (Fig. 4D). EMP pro-
grams were consistently associated with elevated TGF-, NFB, and 
TNF signaling, but some had distinctly high levels of either MAPK 
and VEGF signaling or hypoxia and p53 signaling (Fig. 4, E and F). 
This suggests that hypoxia-associated EMP may have distinct fea-
tures from plasticity coordinated by MAPK/extracellular signal–
regulated kinase (ERK) signaling. This is consistent with findings 
that treatment of breast cancer cells with epidermal growth factor 
(EGF) induces an EMT with distinct characteristics from those fol-
lowing a hypoxia-induced EMT (58). These programs likely emerge in 
response to different interactions with the TME, as we found several 
ligands preferentially associated with each, such the ERK-activating 
ITGA4 and HBEGF (Herapin-binding EGF-like growth factor) with 
MAPK/VEGF programs (Fig. 4G).

Last, as this regulatory signaling converges on transcription fac-
tor networks to modulate gene expression, we used SCENIC (59) to 
construct gene regulatory networks for each tumor sample and then 
assessed how transcription factor activity changes in each EMP pro-
gram. The most frequently associated transcription factors include 
many noncanonical factors, such as AP-1 (JUNB and FOSB), SOX4, 
KLF2/4/6, and STAT1 (Fig. 5A). Fewer transcription factors had con
sistent deactivation upon activation of EMP programs; however, 
several factors were repressed fairly commonly, including MYBL2, 
E2F1, and HES6 (Fig. 5A).

Pharmacologic restriction of EMP
EMP has been implicated in both chemoresistance and immune cell 
evasion (4). Given this, we predict that nonlethal restriction of EMP 
could be a promising therapeutic approach to sensitize tumors to 
orthogonal treatments and elicit immune cell killing. Diversity of 
EMP programs could introduce challenges for effectively prevent-
ing these cell dynamics, but the dependence of EMP on factors from 

the cells’ microenvironment suggests that the diversity likely arises 
from combinatorial effects from the relatively limited number of 
signal transduction pathways. Therefore, we suspect that diverse 
EMP programs may be susceptible to common pathway perturba-
tions, and rational treatments could be devised by inferring signal-
ing activity associated with EMP in a given tumor.

To begin to test this prediction, we first explored the MIX-Seq 
dataset comprising scRNA-seq profiles of more than 100 cancer cell 
lines treated with various drugs, including the MAPK kinase (MEK) 
inhibitor trametinib (60). We used ACTIONet to define cell line–
specific EMP programs from untreated expression profiles, identi-
fying high-confidence EMP programs in 46 of the 99 lines we 
assessed (lines with >100 cells; fig. S7). Many others had programs 
that correlated well with individual EMT gene sets and may repre-
sent EMP, but out of caution, we did not annotate them as such. We 
then inferred changes in signaling pathway activity associated with 
all archetype programs and found that, like in the tumor samples, 
TGF-/NFB/TNF activity was consistently higher in EMP pro-
grams, but programs could be distinguished by high MAPK or 
hypoxia/p53 signaling (Fig. 6A).

To determine whether MEK inhibition preferentially limits MAPK-
associated EMP, we used the MIX-Seq dataset to assess the effects of 
trametinib on all EMP programs. As expected, trametinib impaired 
EMP in the programs inferred to be associated with high MAPK 
signaling (Fig. 6, A and B). Kinase inhibition can promote a mesen-
chymal phenotype in breast cancer cells under hypoxic conditions 
(58), and we observe that this is generalizable across the diverse can-
cer lines included in the MIX-seq dataset, with trametinib enhanc-
ing EMP activity in programs associated with hypoxia/p53 signaling 
(Fig. 6, A and B). Given the consistent association of EMP with 
TGF-1 and NFB signaling, we would also predict that inhibition 
of these pathways could restrict EMP. While TGF-1 and NFB in-
hibitors were not included in the MIX-Seq dataset, we have previ-
ously published scRNA-seq data of four cancer cell lines (A549, 
DU145, MCF7, and OVCA420) treated with the TGF-R1 inhibitor 
LY364947. Performing the same analysis on these data, we found that 
inhibition of TGF-R1 in cells cultured in control conditions led to 
repression of most EMP programs, proportional to the inferred level 
of TGF-1 activity associated with each line’s intrinsic EMP (Fig. 6C 
and fig. S7B). Together, this supports that EMP programs with highly 
diverse molecular features may still have common dependencies, and 
effective strategies for restricting EMP can be found by inferring these 
regulatory mechanisms.

DISCUSSION
EMP has long been appreciated as a prominent source of intratu-
moral heterogeneity that ultimately promotes tumor progression and 
hinders effective treatment. While select molecular patterns associated 
with EMP have been known for decades, variability in their involve-
ment across contexts has raised confusion, and as a result, high-level 
conceptual models to understand the molecular basis of this plas-
ticity have been lacking. Here, we used scRNA-seq data of 266 tu-
mor samples to identify gene expression programs consistent with 
EMP, compared features of these programs between tumor samples, 
inferred regulatory networks driving them, and explored therapeu-
tic options to limit their activity. We have found that, consistent with 
experimental studies, intratumoral EMP–associated expression is 
highly variable. Unique genetic aberrations of each tumor likely 
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contribute to this diversity but are challenging to assess. Experi-
mental strategies to promote an EMT in both normal and cancer cell 
lines with distinct inducers can elicit unique EMT responses, sug-
gesting that the diversity cannot solely be due to genetic variation 
(8, 61). It is likely that this diversity is the product of multiple regu-
latory variables, including genetic variation, the epigenetic profile 
moulded by the cell’s developmental history, spatial proximity to 
stromal cell types, and physical properties of the TME.

EMP programs identified in each sample were consistently asso-
ciated with higher expression of genes associated with mesenchymal 
traits (e.g., motility and cellular rearrangement), yet there was no 
consistent reduction of epithelial genes upon activation of these 
programs. This supports studies demonstrating the presence of 
hybrid phenotypes in cancer with distinct functional traits (43–45). 
It is possible that reduction of epithelial traits is achieved through 
internalization of epithelial membrane proteins rather than transcrip-
tion repression, as has been seen with hybrid E/M phenotypes in 
pancreatic cancer (49). However, the generalizability of posttransla-
tional regulation to the broader scope of phenotypically relevant epi-
thelial proteins is still unclear. This could, however, reconcile the 
presence of various epithelial membrane proteins in EMP programs, 
perhaps acting as a feedback mechanism to counter this regulation.

We acknowledge that our ability to define EMP programs may 
be limited by the sparsity and sensitivity constraints of scRNA-seq 
assays. It is very possible that some phenotypically relevant expres-
sion patterns were not reliably detected in our analysis for technical 
reasons. For example, we found that some of the canonical EMT 
transcription factors (e.g., SNAI1, SNAI2, and ZEB1) were poorly 
detected, and it is unclear whether this is a feature of these samples 
or a technical limitation. However, other approaches have supported 
that the involvement of canonical transcription factors is inconsistent 
(11), and in some settings, their expression could be attributed to 
the presence of cancer-associated fibroblasts rather than EMP (52). 
Moreover, given the relevance of posttranscriptional regulation of 

EMP (49), it is feasible that some of the most conserved features of 
EMP reside beyond cells’ expression profiles. Advances in morpho-
logical and protein-based assays (e.g., high-content imaging, imag-
ing mass cytometry, etc.) will allow for the discovery of additional 
features of EMP.

A general observation worth noting is that the E/M phenotypes 
observed within a single sample seem to span a continuous, often 
monomodal distribution. There has been much speculation about 
the stability of phenotypes along an E/M continuum and the pres-
ence of discrete stable states (62). Modeling frameworks suggest 
their existence (63, 64), but it is not clear that they are compatible 
with the distributions of phenotypes observed in these samples: The 
dominant E/M state between tumors is variable, the extent of pheno-
typic variation within individual samples is highly variable, and very 
few samples show the multimodality that should coincide with 
varying stability along a phenotypic continuum. Although, consid-
ering these findings, it is intriguing to question whether it is more 
relevant to a tumor’s biology that its malignant cells are more mes-
enchymal on average or whether they span a wider range of E/M 
phenotypes.

We identified a signature of 328 genes that were commonly as-
sociated with EMP programs and a refined signature of 128 genes 
with high specificity to malignant cells, which could be useful for 
quantifying EMP in gene expression data, as we did here with 
TCGA data. In no way do we argue that this signature represents 
the most biologically relevant components of EMP gene expression 
programs. Enrichment of GO terms related to mesenchymal func-
tions suggests that they likely contribute to the phenotype, but we 
found a total of 4187 genes associated with EMP across the various 
samples. Even under highly controlled experimental conditions, EMT 
responses are vastly context specific (8, 10, 61). The phenotypic 
changes associated with EMP are likely an emergent property of 
these many changes, and variation in expression programs may 
provide phenotypic nuances that we are unaware of. Hence, rather 
than try to reduce EMP to some consistent phenomenon, we think it 
is important to recognize context specificity and begin building concep-
tual models and experimental designs to understand its importance.

The ability to therapeutically restrict plasticity in tumors could 
greatly improve the efficacy of existing treatment options. One could 
imagine several strategies for accomplishing this: interfering with the 
cues that initiate plasticity, therapeutically impairing transcriptional 
regulatory mechanisms (e.g., inhibiting histone modifying proteins), 
or targeting effector proteins associated with a given cell state (e.g., 
neutralizing immunosuppressive cytokines released from mesen-
chymal cells). The latter may be challenging due to the diversity of 
EMP phenotypes but is perhaps the most direct strategy for pre-
venting undesirable features of mesenchymal cells. In this study, we 
have begun to explore strategies for blocking stimulatory pathways, 
restricting diverse programs with common signaling cues. We com-
putationally inferred that EMP programs were consistently asso-
ciated with TGF- and NFB signaling, whereas some had notably 
high levels of either MAPK or hypoxia/p53 signaling. Leveraging 
transcriptomic data from various drug screens, we confirmed that 
targeting these active pathways led to reduced activity of sample-
specific EMP programs despite the diversity of the programs them-
selves. While this diversity introduces challenges for effective 
therapeutics, this observation suggests that these diverse programs 
may have common dependencies that can be inferred from their 
molecular features and exploited therapeutically.
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In summary, we have used scRNA-seq data from 266 tumors 
spanning eight cancer types to identify molecular features associated 
with EMP. We find that EMP is a ubiquitous source of intratumoral 
heterogeneity but—consistent with previous findings—is highly con-
text specific. We identify a cancer cell–specific signature of the most 
common genes positively associated with EMP and demonstrate its 
utility as a general-use gene set, using the TCGA pan-cancer RNA-
seq data to associate EMP with worse PFIs and a more immunosup-
pressive TME. We use computational approaches to infer regulatory 
features of EMP across hundreds of samples and highlight that diver-
sity may emerge from common regulatory mechanisms that can be 
inferred and used to rationalize therapeutic strategies.

METHODS
Processing and annotating scRNA-seq data
A summary of scRNA-seq datasets used in this study are described 
in table S3. To avoid comparing data collected from vastly different 
technologies, only droplet-based scRNA-seq data were used in the 

analysis. Raw UMI (Unique Molecular Identifier) count matrices and 
cell metadata were collected from the various sources (table S3). Several 
datasets included matched normal tissue samples. In these cases, we re-
moved the normal samples and only proceeded with the tumor samples.

Initial quality control was performed independently for each data-
set using the R package Seurat v4.0 (65). Cells with fewer than 200 
detected genes were removed, and only genes detected in more than 
three cells were included in the analysis. Data points representing 
potential cell doublets within individual samples were removed us-
ing scDblFinder v1.6.0 using default parameters (https://github.com/
plger/scDblFinder). Cells with a high percentage (>20%) of mito-
chondrial transcripts were also removed. However, for several data-
sets, the original authors prefiltered the data at a lower threshold, and 
for the breast cancer samples from Wu et al. (36), the original authors 
had filtered cells with >30% due to the higher average values, but 
data quality was not apparently affected. In these cases, the original 
filtering thresholds were used. Table S1 summarizes these thresholds.

UMI counts were normalized with standard library size scaling and 
log transformation. The data were then processed with principal 
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Fig. 6. Regulatory predictions can infer strategies to therapeutically restrict EMP. (A) PCA of signaling model coefficients for all archetype programs of the 99 cell 
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components analysis (PCA), a nearest neighbor graph was generated 
on the first 30 PCs, and the data were clustered at a fairly low resolution 
(FindClusters, resolution = 0.2) using the Louvain algorithm. For visual-
izations presented in the figures, UMAP (Uniform manifold approxima-
tion and projection) embeddings were generated from the first 30 PCs.

The identity of Individual cells for each sample was annotated 
using SingleR v1.6.1 (66) and the Human Primary Cell Atlas from 
the R package celldex v1.2.0. Only expected cell types from the TME 
were included as references in the annotation. This includes fibro-
blasts, monocytes, endothelial cells, T cells, NK cells, B cells, macro-
phages, smooth muscle cells, dendritic cells, platelets, and epithelial 
cells. Following automated annotation, malignant epithelial cells were 
identified by inferring copy number variations across the annotated 
cell types with inferCNV. Epithelial populations with copy number 
aberrations were considered malignant cells in downstream analy-
sis. While mesenchymal markers may be expressed in fibroblasts, we 
found that global gene expression profiles were sufficiently different 
such that cells annotated as fibroblasts formed distinct clusters, well 
separated from malignant cells.

To determine the quality of the annotation, we assessed the pu-
rity of annotations within clusters of cells with similar gene expression 
profiles. We found strong concordance between clustering patterns 
and annotations (fig. S1). Similarly, we find that annotations match 
expression patterns of canonical cell type markers. In some cases, 
clusters were annotated as two closely related cell types (e.g., fibro-
blasts and smooth muscle cells). We found that these mixed anno-
tations could be fairly uniformly distributed within a cluster and were 
not distributed among groups of cells that could be separated by 
higher-resolution clustering. Although we suspect that these cells 
are truly a single cell type/state, we used the automated annotations 
for downstream analysis to ensure consistency. This issue did not 
occur for epithelial populations, so it does not affect the majority of 
the analysis.

Identifying latent EMP expression programs 
with archetypal analysis
To ensure that we had a sufficient number of cells to identify hetero-
geneous expression patterns within samples, we removed samples 
with <100 annotated malignant cells from the analysis. Multiresolu-
tion archetypal analysis (42) was performed independently of the 
cancer cells from all 266 tumors using ACTIONet v2.1.7 (42) to de-
compose cells’ gene expression profiles into a small set of latent ex-
pression programs that are heterogeneously expressed throughout 
the population. Reduced kernel matrices were first computed with 
the reduce.ace() function implemented in the R package ACTIONet 
with the parameter reduced_dim=20. Given that each population 
represented a single cell type, ACTIONet was then run with the 
k_max=10 option to reduce the maximum depth of decompositions 
and with min_cells_per_arch=5 to prevent archetypes driven by a 
small number of cells.

Resulting archetype footprints (program activities) were cor-
related with gene set scores for 11 EMT gene sets. Clustering of the 
Pearson correlation coefficients allowed us to define EMP-associated 
programs as clusters with high correlation values. We then used 
linear models to identify genes whose expression is associated with 
all archetype programs. To only recover reliable changes, differen-
tial expression was limited to the top 2000 variable genes with a 
minimum detection frequency of 5% in each sample’s malignant cell 
population. Normalized (scaled and log-transformed) counts were 

used for differential expression, modeling each gene’s expression as 
a function of program activity, and program-associated genes were 
defined as those with a Benjamini-Hochberg–corrected P value of 
<0.05 and a model coefficient (effect size) of >1.

Gene set scoring
Gene set scoring was performed using the R package UCell v1.0.0 
(67). UCell scores are based on the Mann-Whitney U statistic, which 
evaluates the rank of each query genes’ expression level in individual 
cells. Because it is rank-based, the scores are independent of the cel-
lular composition of the dataset and are interpretable as the relative 
ranking of the gene set within the cell’s transcriptome. For gene set 
scoring of the EMP signature, we also performed 100 permutations 
of random gene sets of an equivalent size to define the distribution 
of scores expected chance.

Cell type specificity scoring
Specificity scores were calculated for EMP signature genes using the 
R package genesorteR v0.4.3 (68). Specificity scores represent the 
exclusivity of a gene to a given cluster and extent to which it is ex-
pressed (proportion of cells with detection greater than population 
median levels). Values range from 0 to 1, with 1 corresponding to 
genes that are exclusive to a given cluster and detected in all cells.

Pan-cancer TCGA analysis
Bulk RNA-seq profiles and clinical outcomes were accessed from 
https://gdc.cancer.gov/node/905, tumor purity estimates were ac-
quired from Aran et al. (69), and immune cell proportion estimates 
were accessed from Thorsson et al. (70).

RNA-seq count data for each sample were normalized to counts 
per million and log-transformed. EMP signature scores were calcu-
lated for each sample by computing the average gene-level Z score 
of the genes from the 128 cancer cell–specific genes. The association 
of EMP signature activity with PFI was assessed using a Cox pro-
portional hazards model, including tumor type, purity, stage, and 
age along with continuous EMP scores as covariates in the model. 
Changes in immune cell proportions were assessed by independently 
using linear models to model each immune cell type’s predicted 
proportion as a function EMP signature score, including tumor type 
as a covariate to account for differences simply attributable to cancer 
type. We used the Benjamini-Hochberg method to correct P values 
to account for multiple comparisons.

Inferring EMP-associated signaling activity
The R package PROGENy v1.11.2 (57, 71, 72) was used to infer the 
activity of 14 signaling pathways in each individual cell. For each 
tumor sample, normalized expression values were used to calculate 
pathway activity with the progeny() function with the top=500 pa-
rameter set to use the top 500 genes of each pathway in PROGENy’s 
model for the activity calculation. We used simple linear models to 
identify changes in signaling pathway activity with archetype pro-
gram activity.

Cell communication inference
The R package nichenetr (NicheNet; v1.0.0) (56) was used to infer cell 
communication within the TME that could contribute to a sample’s 
specific EMP program. Given the diversity of EMP programs, this 
was performed on all 266 tumors independently. For each sample, can-
cer cells annotated by ACTIONet as the EMP-associated archetype 

https://gdc.cancer.gov/node/905
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were defined as the “receiver” population, and all cell types were 
considered as potential “sender” cells. The “gene set of interest” was 
defined as that sample’s specific EMP program, and expressed genes 
were defined as those with a detection rate of at least 5%. For each 
sample, we considered top ligands as the top 10 ligands inferred to 
promote expression of the EMP-associated genes.

Assessing effects of small-molecule inhibitors on EMP
ScRNA-seq data from epithelial cancer cell lines in control and drug-
treated culture conditions were acquired from McFarland et al. (60) 
and Cook and Vanderhyden (8). Initial data processing was per-
formed identically to tumor samples, and cell lines with fewer than 
100 measured cells were removed. EMP programs were defined for 
each cell line using ACTIONet with only data from control cultured 
cells. Genes associated with each program were defined and used as 
a sample-specific EMP gene set for scoring both control and drug-
treated cells. We then used a linear model to compare the effects of 
MEK and TGF-R inhibition on EMP in each line.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abi7640

View/request a protocol for this paper from Bio-protocol.
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