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ABSTRACT

Rapid growth of single-cell transcriptomic data pro-
vides unprecedented opportunities for close scru-
tinizing of dynamical cellular processes. Through
investigating epithelial-to-mesenchymal transition
(EMT), we develop an integrative tool that combines
unsupervised learning of single-cell transcriptomic
data and multiscale mathematical modeling to an-
alyze transitions during cell fate decision. Our ap-
proach allows identification of individual cells mak-
ing transition between all cell states, and inference
of genes that drive transitions. Multiscale extrac-
tions of single-cell scale outputs naturally reveal in-
termediate cell states (ICS) and ICS-regulated tran-
sition trajectories, producing emergent population-
scale models to be explored for design principles.
Testing on the newly designed single-cell gene reg-
ulatory network model and applying to twelve pub-
lished single-cell EMT datasets in cancer and em-
bryogenesis, we uncover the roles of ICS on adap-
tation, noise attenuation, and transition efficiency in
EMT, and reveal their trade-off relations. Overall, our
unsupervised learning method is applicable to gen-
eral single-cell transcriptomic datasets, and our in-
tegrative approach at single-cell resolution may be
adopted for other cell fate transition systems beyond
EMT.

INTRODUCTION

The epithelial-to-mesenchymal transition (EMT) is an im-
portant process observed in many biological systems, in-
cluding embryogenesis, wound healing and malignant pro-
gression (1). Recently, several lines of in vitro and in vivo
evidence, along with computational modeling, suggest that
cells undergoing EMT is not a simple binary switch, and

during the transition some cells exhibit mixed features of
both epithelial and mesenchymal features (1,2). Those cells
characterized as intermediate cell state (ICS) have been im-
plicated in the potential roles of stemness, collective migra-
tion, drug resistance, metastasis, and noise control (1,3,4).
Key gene regulatory elements of EMT, such as EMT-

suppressing microRNAs and EMT-promoting transcrip-
tional factors, have been used for modeling and experimen-
tal analysis of ICS. Existence of multi-stable states of the
modeled gene regulatory networks has been used to imply
existence of ICS (5–7). Few regulators have been found to be
critical in formation of ICS, such as a transcriptional factor
Ovol for regulating growth and Notch signaling for cell-cell
communications (7–9), and few others have been suggested
in stabilizing ICS (10–12).
What are the functional advantages of ICS in state tran-

sitions? Cell population modeling suggests the increased
number of ICS attenuates the fluctuations in cell numbers
during transition (13) in addition to helpmaintain themean
of signal response (14). Experimental andmodeling analysis
shows ICS can also facilitate the robustness of population
dynamics (15). Signal adaptation has been found to tightly
constrain gene regulations (16), and however, could be im-
portant as a ‘survival strategy’ in growth and migration of
cells (17). At the level of gene regulations, achieving robust-
ness and signal adaptation, which both are important to cell
fate transition, often require different, sometimes competi-
tive, gene regulations (18). Comparisons of ICS across dif-
ferent EMT systems remain a major open problem (19).
Are the cells in ICS showing strong variability or tightly

controlled? Single-cell RNA sequencing (scRNA-seq) tech-
nology provides unprecedented opportunities to explore
cellular heterogeneity, distinct cell states, marker genes
and the accompanying functions (20–22). Expression lev-
els of epithelial and mesenchymal markers and transcrip-
tion factors of ICS have been recently analyzed in EMT
at single-cell resolution (23). EMT scoring metrics have
been developed by applying the best-fit model obtained
from a previously-developed iterative statistical procedure
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to quantify EMT status of cells in different cell lines (24–
26).More recently, a topographic map underlying EMT has
been constructed to explore ICS for its phenotypic plasticity
(27).
One major challenge is to analyze temporal dynamics

of cells in EMT from the snapshot transcriptomic data.
Pseudo-temporal ordering (pseudotime) of cells in scRNA-
seq data provides trajectories of cells that may recapitu-
late transition between cell states. However, such approach
is usually dependent on the cell-embedding in the low-
dimensional space via dimension reduction or structured
graphs (28–30). Recently, the single-cell method SOUP al-
lows classification of both pure and intermediate cells by
constructing the cell-cell similarity matrix and estimating a
membership matrix (28). Robust tools to quantify the tran-
sition trajectories and detect driving genes in EMT are still
in need.
What are the transitional properties of cells near or at

ICS? Is ICS simply another stable cell state between epithe-
lial andmesenchymal states? Canwe construct and quantify
the transition paths in EMT? Here, we first develop an un-
supervised learning method (QuanTC) to infer and quan-
tify transitional property of individual cells in scRNA-seq
data. After validating against our EMT multiscale single-
cell model, which combines several previously published
gene regulatory networks, we apply QuanTC to twelve pub-
lished EMT transcriptomic datasets in cancer and embryo-
genesis. By inspecting transition cells, ICS, and their rela-
tionship with epithelial and mesenchymal states, we con-
struct the ICS-regulated EMT trajectories. We then com-
pare the inferred transition trajectories, which are different
between cancer and embryogenesis, with another method
based on critical transition theory, and re-construct core
gene regulatory circuits for the published datasets to ana-
lyze the similarity and consistency in state transition.
To further investigate the inferred trajectories shared by

various EMT systems, we develop and analyze cell transi-
tion models by defining and measuring three metrics emer-
gent from EMT cell population dynamics. Differences be-
tween inferred EMT trajectories and their integrations with
scRNA-seq data are then analyzed. Our integrative ap-
proach, which fuses unsupervised learning of gene expres-
sion data at single-cell resolution along with principle-
guided cell population model, provides multiscale effective
connections between genes and cells in analyzing complex
cell fate decision that involves ICS,multiple trajectories, and
genes that mark transitions.

MATERIALS AND METHODS

Method details

Overview of QuanTC. QuanTC takes the scRNA-seq data
matrix as input to construct a cell-cell similarity matrix us-
ing a consensus clustering method (Figure 1) (20). Via non-
negative matrix factorization (31), a method of soft clus-
tering, QuanTC then calculates the probabilities of a given
cell belonging to the identified clusters (Figure 1C). To de-
tect transition cells (TC), the cell-to-cluster probabilities are
next used to measure the plasticity of each cell, i.e. the ex-
tent to which the cell may change its cluster identity. To

better visualize cells in transition, we project cells to a low-
dimensional space based on a probabilistic regularized em-
bedding (PRE) (Figure 1C). The transition trajectories are
then inferred by summing the cluster-to-cluster transition
probabilities that are calculated from cell-to-cluster prob-
abilities and TC between clusters. The clusters in the mid-
dle of the transition trajectories are denoted as ICS. The
transition genes and marker genes of clusters are obtained
through factorizing the gene expression matrix as prod-
uct of cell-to-cluster probabilities and likelihoods of genes
uniquely marking each cluster.

Feature selection and consensus matrix construction. We
start by removing the low-expressed cells (expressed < 5%
of the total number of genes), and the rare and ubiquitous
genes that are either expressed in less than 10%of cells or ex-
pressed with low variance (< 0.005) among all cells (Figure
1C). Then we fit expressions of each gene with a Gaussian
mixture model consisting of three distributions and use the
weights and means of the model to choose the most infor-
mative (bimodal distributed) genes. We remove the rarely
expressed genes for which the components of the mixture
models with mean 0 accounting for more than 90%weights.
To select the bimodal distributed genes, we rank the remain-
ing genes according to two criteria. We first sort the differ-
ence between means of the top two components in descend-
ing order. Then we sort the difference between weights of
the top two components in ascending order. By aggregating
the ranks of the two orders, we select the top 3000 informa-
tive genes for further analysis.

Quantifying transition cells via cell plasticity index (CPI).
QuanTC computes a cell-to-cell similarity matrix, M,
through the cluster-based similarity partitioning algorithm
to estimate the similarity between cells. A binary matrix is
constructed for each clustering outcome such that two cells
are classified within one cluster, the corresponding value in
the binary matrix is one, otherwise zero. A cell-to-cell simi-
larity matrix M is calculated as the mean of the binary ma-
trices constructed from clustering, leading to a symmetric
non-negative matrix.
Through symmetric non-negative matrix factorization

(31–34), the cell-cell similarity matrix M is decomposed
into a product of a non-negative low-rank matrix H and
its transpose (n is the number of cells, k is the number of
clusters) (Figure 1C):

min
H≥0

‖M− HHT‖2F , H ∈ Rn×k. (1)

Each column of H represents a cluster and each row of
H corresponds to the relative weights of a cell belonging to
all the clusters. In other words, H contains the clustering in-
formation of cells: the largest element in each row showing
the cluster identity of the corresponding cell and the like-
lihood of a cell belonging to each cluster. The number of
clusters k is estimated by analyzing the largest gap of the
sorted eigenvalues of symmetric normalized graph Lapla-
cian (Supplementary Figure S1A).
By normalizing each row of H, we obtain a probability-

like matrix P = [pi j ] where pi j represents the probability
of cell i belonging to cluster j. QuanTC uses an entropy ap-
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Figure 1. Outline of key components of the approach in analyzing transition cells and ICS. (A) Input single-cell transcriptomic datasets to an unsupervised
learning method (QuanTC) to explore the transition cells, transition genes and other transition properties. (B) Develop multi-scale agent-based of gene
regulatory network and cell-population dynamics models to validate and test outputs from QuanTC. (C) Overview of QuanTC: 1) feature selection and
consensus clustering, 2) calculation of cell-to-cell similarity matrix, 3) computing cell-to-cluster matrix via NMF, and 4) using probabilistic regularized
embedding (PRE) for two-dimensional visualization: Each solid circle represents one cell, colored by the value of Cell Plasticity Index (CPI) that quantifies
the transition capability of each cell, and each larger circle represents the center of a stable cell subpopulation.

proach to characterize the degree of plasticity of each cell
through a Cell Plasticity Index (CPI) (for cell i) defined as
(Figure 1C):

CPIi = − 1
log k

k∑

j = 1

Pi j log(Pi j ). (2)

A cell undergoing the transition between clusters has
higher entropy in contrast to cells located in one well-
defined cluster. A higher value of CPI for a cell implies the
cell is more plastic, making transition between clusters.

Visualization of transition trajectories. In order to faith-
fully capture both transition trajectories and discrete cell
states, the cells are visualized through a probabilistic regu-
larized embedding (PRE) approach using a probability-like
matrix P in a low-dimensional space (Figure 1C). We first
calculate the cluster-cluster relationship from HTH, where
each row of H denotes to what extend the cells belonging
to each cluster while each row of HT defines a distribution
of weights over all cells in the cluster. The locations of clus-
ter centers a j in the two-dimensional space are then com-
puted via the projection of the cluster-cluster relationship
(35). The projection of cells x is achieved by aligning each
cell to the cluster centers based on the probabilities while
keeping cells separate from each other through the follow-
ing constraint:

min
X

n∑

i = 1

k∑

j = 1

pi j‖xi − a j‖22 − λ1

n

n∑

i = 1

n∑

l = 1

‖xi − xl‖22. (3)

The cluster with possible transitions to all the other clus-
ters, which shows strong potential of high plasticity, is con-
sidered as a candidate for an ICS. The potential transition

trajectory among clusters are then inferred via selecting one
of the non-ICS (e.g. epithelial cells) as the initial cluster and
ordering the clusters according to transitions. Two clusters
are considered as neighbor if there are TC between them. By
aligning cells along the potential cluster transition via the
probability matrix P, QuanTC detects the transition tra-
jectories. A cell i is aligned between cluster k and j if the
two largest elements of i th row of the probability matrix P
are located at kth and j th columns. The cells aligned from
cluster k to j are then ordered in ascending CPI with the
largest element at kth location and in descending CPI with
the largest element at j th location. The starting cell is se-
lected as the cell with the largest probability belonging to
the chosen initial cluster. In the method, multiple transition
trajectories might exist, and the probabilities of occurrence
of different transition trajectories are calculated by the per-
centage of cells included in each trajectory over the entire
cell population size.
Furthermore, QuanTC calculates its own pseudotime of

cells in each transition trajectory. A cell’s pseudotime value
is calculated as the Euclidean distance in PRE from the
starting cell. In order to make the pseudotime value compa-
rable for cells from different trajectories, we scale the range
of pseudotime values between neighboring clusters to ob-
tain a global pseudotime value of each cell by using themin-
imum value along all possible transition trajectories.

Finding cluster marker genes and the transition genes that
mark transition. In order to identify the marker genes
of clusters, we calculate the probabilities for each gene to
uniquely mark a cluster. This is achieved by minimizing the
difference between the submatrix Ds , containing cells from
one inferred transition trajectory of the original feature se-
lected gene expression D,and the submatrix Hs , with such
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cells of the factorized matrix H (m is the number of genes):

min
H̄,W

‖Ds − H̄W‖2F − λ2Tr
(
H̄THs

)
, H̄ ∈ Rn×k+ ,W ∈ Rk×m+ .

(4)

The optimization solution leads to a gene-cluster matrix
W to ensure that the factor matrix H̄ is similar to Hs de-
rived from the consensus similarity matrix. Then the gene-
cluster matrix W can be used to infer transition genes and
marker genes. Each column of W, after normalization, de-
scribes likelihoods for the corresponding gene to uniquely
mark the clusters. Each row of W, describes how well the
genes delineate the corresponding cluster. Themarker genes
of cluster j are the genes with the largest values located at
j th row of the column-normalized W. The marker genes
of a specific cluster are then ordered based on their corre-
sponding elements in row j of the column-normalized W.
The difference of the top two elements of each gene is cho-
sen to be greater than a given value (default value is 0.03) to
ensure that the gene is differentially expressed in cluster j .
The default value of λ2 is 10, and howWdepends on the pa-
rameter is investigated, showing robustness of the method
(Supplementary Figure S1B).
In order to uncover genes thatmark the transition, that is,

the genes varying most among the transition (Figure 1A),
we select the marker genes of the two clusters involved in
the transition and calculate the Spearman’s rank correlation
coefficient between gene expression and the order of cells
by CPI undergoing transition. Genes with absolute value
of Spearman’s rank correlation coefficient above a specified
threshold (default value is 0.64) are considered as transition
genes for the transition of the two clusters. A positive coeffi-
cient implies the gene expression levels of aligned cells show
increasing changes while the negative coefficient implies de-
creasing in gene expressions during transition.

Multiscale agent-based single-cell model based on gene regu-
latory network

A multiscale model is constructed to track the gene expres-
sion values in each cell using an EMT regulatory circuit of
genes (7) that are stochastic in time. 18 ordinary differen-
tial equations are used to describe the expression levels over
time based on a previous study (7). With certain parame-
ters, the circuit has four distinct stable steady states. Each
cell is located at one of the four steady states or makes tran-
sition towards those steady states. The transition between
different steady states may be caused by external signals or
induced by stochastic influences over time. In the model, we
make the following assumption:

1. The initial population is composed of 200 cells: 50 ep-
ithelial cells (E), 50 first intermediate cells (I1), 50 second
intermediate cells (I2) and 50 mesenchymal cells (M).

2. All cells divide at a normally-distributed rate ∼
N (700, 200) (N refers to a normal distribution). The
time unit in the model is hour and the parameter values
of the model are chosen based on a previous study (7).
Every time a cell divides, its expression levels of all the
EMT factors are used as initial conditions to its daugh-
ter cells. The gene expression levels of each cell are com-

pared to the expression levels of different stable steady
states in the EMT spectrum to determine the cell’s phe-
notype. The E state is characterized by high Ecad expres-
sion, and M state is characterized by high Vim expres-
sion. I1 and I2 states are characterized by both relatively
high Ecad and Vim expression while I1 corresponds to
stronger Ecad expression and I2 corresponds to stronger
Vim expression among the stable steady states (Supple-
mentary Figure S2A). The cells not at any steady states
are considered as TC.

3. Stochastic effects are integrated into our model by
adding two types of noise (Supplementary Figure S2B).
(a) we first perturb the expression levels of the mother
cell upon its division into two daughter cells:

noisediv = Imotherexpr ∗N (0, 0.7)

Idaughter1expr = Imotherexpr + noisediv

Idaughter2expr = Imotherexpr − noisediv

In this case, the noise added at the division is the ex-
pression levels of mother cell multiplied by a normally-
distributed rate. The perturbed expressions serve as the
initial conditions for the daughter cells. (b) The multi-
plicative noise is applied to the parameters in the EMT
model:

d Iexpr = f
(
Iexpr

)
dt + σ Iexpr dWt

The function f represents the EMT regulatory circuit
dynamics and W stands for the Wiener process with
EWt = 0 and EWtWs = min(t, s). σ represents the
noise amplitude with default value 0.01. We use Euler-
Maruyama scheme to numerically solve the system.

4. The number of times a cell can divide is described by
a discrete uniform distribution ∼ U (2, 7) with an equal
probability chosen from a natural number between 2 and
7. Once the cell cannot divide any more, the cell dies at a
normally-distributed rate ∼ N (1000, 100).

Themultiscale model is simulated over a time span of five
cell division cycles.

Dynamical system modeling of transition trajectories and
three dynamic quantities. To reduce the parameter com-
plexity and increase model accountability, we simplify the
model to incorporate only three dimensionless parameters
α, β and γ (Supplementary Figure S3). For easy compari-
son, the direct transition rate (DTR) from E to M state is
used as a base for comparison (set to one). The parameter α
represents the dimensionless cell-state transition rate from
M state directly to the E state (i.e. the reverse DTR). We
assume that α > 1 to guarantee that E state is more stable
at equilibrium when there is no induced EMT by extrinsic
signal. It also incorporates the effects of other possible M-
to-E transitions (MET) that might not be revealed by the
trajectories in EMT datasets. The parameter γ depicts the
forward transition rate between adjacent cell states along
the ICS-regulated transition path, also denoted as the indi-
rect transition rate (IDR) of EMT. We use βγ to represent
the reverse cell-state transition rates along the indirect EMT
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routes with ICS. Based on the inferred transition paths (Re-
sults), we assume that γ � 1 and β 	 1 such that EMT is
mainly carried out through the ICS-regulated trajectories,
and the rate of EMT is significantly larger than the reverse
MET along these trajectories.
Then the prescribed ordinary differential equa-

tions (ODEs) that describe the population fraction
change of epithelial E(t), mesenchymal M(t) and ICS
Ik(t)(k = 1, 2, . . . , N) can be derived.

dE
dt

= αM + βγ I1 − (1 + γ ) E, (5)

dI1
dt

= γE + βγ I2 − γ (1 + β) I1, (6)

dIk
dt

= γ Ik−1 + βγ Ik+1 − γ (1 + β) Ik, 2 ≤ k ≤ N − 1,

(7)

dIN
dt

= γ IN−1 + βγM − γ (1 + β) IN, (8)

dM
dt

= E + γ IN − (α + βγ )M, (9)

The initial conditions of ODEs are set as E (0) =
1,M (0) = Ik (0) = 0 to assume only E cells initially. To
tackle the stiffness problem introduced by large N or γ , we
called ODE15s solver in Matlab to evolve the dynamical
systems.
To study noise attenuation, we add the persistent white

noise term to epithelial dynamics, Equation (5) to simu-
late the extrinsic fluctuation, i.e. we modify the dynamics
as stochastic differential equation (SDE)

dẼ (t) = [αM̃(t) + βγ Ĩ1(t) − (1 + γ )Ẽ(t)] dt + σdWt,

(10)

whereWt is the standardWiener process withEWt = 0 and
EWtWs = min(t, s) and σ represents the noise amplitude,
which is set as 1 in our simulation.We use Euler-Maruyama
scheme to simulate system described by Equations (6–10).
The mesenchymal population fraction M(t) potentially

measures how the EMT process adapts or responds to ex-
trinsic signals or fluctuations, as well as the efficiency of
transition from epithelial to mesenchymal cells. To quan-
tify the three properties, in a model with N intermediate
states we define adaptation sensitivity (AS), noise attenu-
ation (NA) and transition efficiency (TE) as

ASN =
max
t

M(t) − M(+∞)

max
t

M(t)
,

NAN = std[M̃(t)]

mean[M̃(t)]
,TEN = M(+∞)

where M̃(t) denotes the mesenchymal population in the
stochastic ODEs. The reliance of ASN, NAN and TEN onN
and γ are investigated to study different EMT lineage struc-
tures and role of ICS in population-survival. We explore the

AS, NA and TE as the functions of key parameters N and
γ (Supplementary Figure S3B-D). From the single-cell data
analysis, the embryonic EMT is associated with an increase
of γ , while in cancer EMT there is a simultaneous increase
of N and γ .

Roles of ICS in adaptation. When the ICS does not exist
in the system, the dynamics of M population can be solved
explicitly as M (t) = 1

1+α
(1 − e−(1+α)t), which is a mono-

tonic function of time. Therefore, the adaptation sensitiv-
ity is zero in the two-state system. Generally, in the linear
system Equations (5–9) with N ICS, the solution can be ex-

pressed as M(t) = C0 +
N+1∑
k = 1

Ckeλkt, Re(λk) < 0. When the

eigen-values λk are real and Ck have different signs, there
could exist local maximums of M(t) trajectory, resulting in
the non-zero adaptation sensitivity.Meanwhile, if the eigen-
values λk are complex, we even can have the oscillatory tra-
jectory of M(t) before it reaches stationary state. Through
numerical simulation, we validate that the adaptation sen-
sitivity will increase with N when keeping other parameters
as constant (Supplementary Figure S3B).

Quantification and statistical analysis

hESCs data. The single-cell qPCR data (36) was per-
formed with 48 selected genes during a sequential EMT-
MET from days 0 to 21. We start with 345 cells from day
0 to day 3. Based on the cell-cell similarity matrix result-
ing from consensus clustering (20), we use the largest gap
of consecutive eigenvalues of symmetric normalized graph
Laplacian to infer the number of cluster k = 3. The initial
cluster chosen to be the start of transition trajectory because
of including day 0 (epithelial) cells.

SCC data. We apply QuanTC to the SCC dataset (37) in-
cluding 382 cells. After removing the low-expressed cells
(expressed <5% of the total number of genes), 361 cells re-
main for further analysis. After feature selection, we use top
3000 genes for consensus clustering and inference of marker
genes and transition genes. The cluster having the smallest
number of TC around (i.e. low transition taking place) is
considered as the start or the end of the transition trajec-
tory. The initial cluster is named as E state based on the high
expression levels of Epcam. Other clusters are named based
on the inferred transition trajectories compared with the E-
I1-I2-M spectrum in EMT. The cell-cycle phase of each cell
is determined based on the computed cell cycle scores pro-
vided in Seurat (38,39).

Mouse embryonic development data. This scRNA-Seq
data (40) includes cells from skin (155 cells), lung (176 cells),
liver (123 cells), and intestine (173 cells) during E9.5 to
E11.5. After removing the low-expressed cells (expressed
<5% of the total number of genes), 155 skin cells, 176 lung
cells, 123 liver cells and 173 intestine cells remain for future
analysis as in SCC data.

HNSCC data. This dataset (41) has ∼6000 single cells
from 18 head and neck squamous cell carcinoma (HNSCC)
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patients. We focus on six tumors from which the largest
numbers ofmalignant cell transcriptomes and cells involved
in EMT were acquired. The six tumors include patient 5
(132 tumor cells), patient 6 (123 tumor cells), patient 17 (330
tumor cells), patient 18 (140 tumor cells), patient 25 (209
tumor cells) and patient 28 (138 tumor cells). For each pa-
tient, we first use all the tumor cells, based on the selected
features by QuanTC, for clustering. Similar to the original
study (41), we remove the clusters having high expression
levels of the cell cycle and stress markers because those cells
are known not involved in EMT. For the remaining tumor
cells, mostly similar to epithelial cells, we add 20 fibroblast
cells to each dataset to act as a reference of mesenchymal
cells. We then apply QuanTC to the mixed datasets of each
patient. We notice that all the six datasets have four clusters
including two ICS. The raw and filtered datasets are avail-
able on the package website (https://github.com/yutongo/
QuanTC).

Mouse hematopoietic progenitors data. This scRNA-Seq
data (42) includes 2018 cells. After removing the low-
expressed cells (expressed <5% of the total number of
genes), 1957 cells remain for further analysis. Twelve clus-
ters are identified byQuanTC (Supplementary Figure S4A).
The cells with high CPI values (>0.34) are considered as
TC (Supplementary Figure S4B). Cluster C6, C7 and C12
are considered as non-ICS or a potential start or end of the
transition trajectories because fewer TC exist in or around
them (Supplementary Figure S4C) with weak capability of
making transition. B cells and plasmacytoid dendritic cells
(pDC) share a common progenitor (42). Cluster C6, C7 are
B cells and pDC, respectively, based on the high expressions
of the known marker genes (Ebf1, Irf8 and Siglech). Based
on the relative number of TC between clusters (Supplemen-
tary Figure S4D), the transition trajectories C5–C8–C7 and
C5–C11–C6 indicate that B cells (C6) and pDC (C7) share a
common progenitor C5. The transition trajectories inferred
by QuanTC are consistent with the previous findings (42).
QuanTC identifies the maker genes and transition genes
involved in the two transition trajectories (Supplementary
Figure S4E). When ordering cells in the transition trajecto-
ries, the known lineage markers increase along the pseudo-
time (Supplementary Figure S4F).

Gene Ontology enrichment. The Gene Ontology enrich-
ment analysis (43–45) is performed on the top 100 mark-
ers genes (Supplementary Table S2) of each ICS selected by
QuanTC.

Comparison with Monocle 3. Monocle 3 (46) is applied to
the simulation and SCC datasets (Supplementary Figure
S5). While Monocle 3 separates Epcam+ tumor cells from
Epcam− tumor cells in SCC dataset, it is unable to obtain
the known epithelial to mesenchymal lineage (Supplemen-
tary Figure S5A). However, if only using the top 3000 genes
selected by QuanTC (Supplementary Figure S5B), Mono-
cle 3 is able to capture the previously observed epithelial
to mesenchymal lineage, suggesting usefulness of QuanTC
in feature selection. For the simulation dataset, Monocle
3 separates different cell states, however, it cannot iden-

tify TC, consequently cannot obtain the transitions between
clusters (Supplementary Figure S5C).

RESULTS

Our study consists of two major components: a) unsuper-
vised learning of scRNA-seq data and b) modeling the in-
ferred EMT dynamics (Figure 1). To scrutinize the transi-
tion of cells, we first proposeQuanTC (Figure 1C,Materials
and Methods), a method to quantify the transitional sta-
tus of individual cells and identify the transition genes that
mark the transition process and the marker genes that dis-
tinguish different cell states. The QuanTC is then validated
on a multiscale agent-based stochastic model based on a
core EMT gene regulatory network (Figure 1B). By apply-
ing QuanTC to twelve published single-cell datasets during
embryogenesis or cancer, we reveal the common cell lineage
structures mediated by the ICS. We finally model such cell
lineages (Figure 1B) to investigate similarity and difference
of identified cell lineages in terms of signal adaptation, noise
attenuation and EMT transition.

QuanTC faithfully captures cell plasticity and transition tra-
jectory in simulated datasets

To test capability of QuanTC in capturing transition cells
and intermediate cell states, we first constructed a multi-
scale single-cell model using a core EMT/MET gene reg-
ulatory network (Figure 2A) (5,7,10,13,47). The new agent-
based model dynamically describes the expression levels of
genes featured in the regulatory circuit within individual
cells, and explicitly includes cell division to track the indi-
vidual cells. The cell state transition may be caused by the
external signal (TGF-β) or stochastic effects in cell division
and/or gene regulatory dynamics (Supplementary Figure
S2B). The single-cell model outputs a group of single cells
along with the expression values of the 18 modeled regu-
latory components at each temporal point (Materials and
Methods) to mimic an EMT scRNA-seq dataset.
One typical model simulation exhibits four distinct stable

steady states corresponding to four cell phenotypes: epithe-
lial state (E), two intermediate cell states (I1 and I2) and
mesenchymal state (M) (Figure 2B). The intermediate state
closer to the E is denoted as I1, and the one closer to the
M as I2. The cells that have not reached any of the steady
states are considered as transition cells (TC). In this simu-
lated system, initially each state consists of 50 cells and af-
ter five cell cycles the system grows to 2030 cells. To detect
possible transitions between the different states, the cells at
the end of each cell cycle were tracked back to the previous
cell cycle to identify their mother cells (Figure 2C and Sup-
plementary Figure S6A). For example, E cells were found
to come from TC whereas M cells came from TC with few
from I1 and I2. The observed transitions among the four
states indicate that TC have the strongest capability to give
rise to all different EMT subpopulations with the cells in
ICS next in such transition capability. Interestingly, E and
Mcells show less potential tomake transitions directly (Fig-
ure 2C and Supplementary Figure S6A).
The simulation dataset provides the true label of each cell

and its transition details. Applying QuanTC to the data col-

https://github.com/yutongo/QuanTC
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Figure 2. Testing QuanTC on simulated EMT datasets and a qPCR dataset for hepatic differentiation of hESCs. (A) The EMT gene regulatory network
used in the multi-scale agent-based model; blue: epithelial promoting factor; purple: mesenchymal promoting factor. (B) Illustration of the modeling
output: each cell colored by its true state labels. (C) A simulation dataset: the proportion of each state induced by the previous cell states at the end of
each cell cycle. The size of the dot is proportional to the number of cells, and the color denotes the cell states of the mother cell. The arrows represent the
occurred state transitions and the circle represents the state of the daughter cell. It shows the transition dynamics of each state. (D, E) PRE visualization of
each cell at the end of first cell cycle (a circle) colored by its true state from the model (D) and the calculated CPI value (E). The percentage for each cell type
is the percentage of a given cell type over the entire cell population size. (F) Clustering and PRE visualization of the qPCR dataset. Each dot represents
one cell colored by the identified state, and its shape represents its real time. (G) Percentage of TC in each state relative to the total number of TC with
colors consistent with (F). Dashed box: the intermediate cell state. (H) Comparison of the inferred pseudotime and the day collected in the experiment of
each cell. The parameters are provided in Supplementary Table S1.

lected at the end of the first cell cycle, we identified four
cell states and TC between them (Figure 2D, Materials and
Methods). Principal component analysis (PCA) was unable
to separate different states at the end of later cell cycles
let alone detecting the potential transitions between states
(Supplementary Figure S6D, E). To quantify the transition
capability, we computed cell plasticity index (CPI) of all
cells (Figure 2E) and found that the TCmarked using mod-
eling data have relatively high CPI values while cells closer
to the primary states have lower CPI values. More TC with
higher CPI values were found to be around the two ICS

(Supplementary Figure S6B, D, E), suggesting high tran-
sition potential of ICS.
The transition genes that mark the transition processes

between states, and the marker genes of identified states
were uncovered using QuanTC (Supplementary Figure
S6C). Ecad and ZEB, along with other genes sharing the
similar expression behavior, were found to be marker genes
of E andMcells. As for ICS cells, while no clear statemarker
genes were identified, multiple transition genes are highly
expressed due to their strong potential to make transitions
(Supplementary Figure S6C).
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Through cell state identification, estimating cell plastic-
ity, and inferring marker and transition genes, QuanTC re-
capitulates the observed states and their transitions in the
single-cell model that can be explicitly delineated.

A near synchronous EMT though one ICS during embryonic
stem cell differentiation

Previous studies revealed a global epithelial–mesenchymal–
epithelial transition during the hepatic differentiation of hu-
man embryonic stem cells (hESCs) (48). Recently, a single-
cell qPCR analysis with 48 selected genes was performed
to study this process (36). In this dataset, cells from day
0 are all epithelial cells in a pluripotent state while cells
at day 3 are definitive endoderm (DE) cells in a typical
mesenchymal-like status. Cells fromday 0 to day 3 are found
to follow a near synchronous EMT.
We applied QuanTC to the dataset of 345 cells from day 0

to day 3, identifying three clusters (Figure 2F). Two clusters
are E (high expression of pluripotent marker gene SOX2)
and M (high expression of DE marker genes FOXA2 and
GATA6) whereas the other expresses both epithelial marker
gene CDH1 and DE marker gene FOXA2 (Supplementary
Figure S7), named as intermediate state I.
Next we quantified the transition dynamics of EMT

in embryonic stem cell differentiation using QuanTC. We
found that the cells located around the overlapping space
between clusters have higher CPI values, while cells closer to
cluster centers have lower CPI value (Supplementary Fig-
ure S7A). More TC with higher CPI values locate around
the identified state I, suggesting that the I state has high po-
tential to make transitions to both E and M (Figure 2G).
The transition trajectory from E to M via I state includes
99.7% of total cells, indicating that the ICS-mediated path
dominates the cell transitions during EMT.
The cells in early pseudotime were found to be the same

ones in early real time (Figure 2H), suggesting the transi-
tion from day 0 to day 3 follows a near synchronous EMT,
a result consistent with the experimental observations on
differentiation of hESCs to hepatic lineage (36).
Novel transition genes and marker genes of the three

states were identified (Supplementary Figure S7B-C).
MIXL1, the marker of DE, is identified as a transition
gene from E-I, because its expression level increases grad-
ually during E–I transition (Supplementary Figure S7D).
Two pluripotency markers, POU5F1 and NANOG, and
other genes sharing similar expression profiles are transi-
tion genes of I–M because of the observed gradual decrease
from I to M.
For this dataset, QuanTC not only captures the syn-

chronous EMTbut also detects ICS that express both E and
M markers. The ICS identified by QuanTC shows strong
transition dynamics and ICS-regulated path dominates the
cell transitions during EMT.

Multiple ICS found in mouse skin tumor dataset

To study epithelial-to-mesenchymal transition in cancer
(1,49), we applied QuanTC to a skin squamous cell carci-
noma (SCC) dataset, in which multiple tumor subpopula-

tions associated with different EMT stages were identified,
and some of them displayed hybrid phenotypes that likely
represent multiple distinct ICS in vivo (37). This dataset of
382 cells on skin tumors contains FACS-isolated epithe-
lial YFP+Epcam+ tumor cells, which are relatively homo-
geneous, and mesenchymal-like YFP+Epcam− tumor cells,
which are more heterogeneous (37).
Four clusters were identified by QuanTC, showing two

clusters are clearly E and quasi-mesenchymal (QM) states
(Figure 3A and Supplementary Figures S8–S9) and the two
other clusters, labeled as I1 and I2, express both epithe-
lial marker gene Dsp and mesenchymal marker gene Vim.
Nearly all epithelial YFP+Epcam+ cells were found in the
E state while most mesenchymal-like cells were clustered
into I1, I2 or the QM state. The remaining mesenchymal-
like cells were clustered into E but closer to I1, similar to
the I1 cells. The overall cell distributions in four different
states are very much consistent with the previous observed
Epcam+ and Epcam− cells in their levels of heterogeneity
(37).
Novel transition trajectories from E to QMwere revealed

according to the locations of TC (Figure 3B). There are
two main transition trajectories: E-I1-I2-QM and E-I1-
QM, which consist of 94% of cells (Figure 3C). This sug-
gests the two most probable transition trajectories from E
to QM both pass through ICS. The I1 and I2 states, con-
sisting of TC from all the other states around them (Figure
3D), show strong capability of making transition––a nature
property of cells in intermediate cell state. The transition be-
tween I1 and QM was found to have most TC (almost 30%
TC in total) followed by the transition between I1 and I2
(Figure 3E).
The identified marker genes of E (Figure 3F-I) have a

broad agreement with knownmarkers of epithelial cells (50)
(Supplementary Figure S9), with their levels of transition
genes varying significantly during transition. For example,
Lad1 decreases gradually and Pdgfrb increase gradually as
E cells transition to I1.
Using QuanTC we identified new marker genes for ICS,

with some of them shown to have special functions in EMT
via separating ICS from the mesenchymal-like states. For
example, Igf1 andMfap2, differentially expressed in I1 state,
have been shown to induce EMT in hepatocellular carci-
noma and in gastric cancer cells respectively (51,52). As a
result, ICS can be identified not only via co-expression of
epithelial and mesenchymal markers but also through spe-
cific ICS markers.
The two ICS, I1 and I2 states, are indeed distinct cell

states based on the Gene Ontology enrichment analysis of
the top marker genes of I1 and I2 states. Both I1 and I2
states share similar biological processes including cell mi-
gration and cell motility (mesenchymal features), in addi-
tion to proliferation and cell-to-cell communications (Sup-
plementary Table S2). The ability of regulating cell commu-
nication and signaling is uniquely found for ICS. I1 state not
only has all the biological processes included in I2 state but
also has the unique biological processes related to cell adhe-
sion that shares with the epithelial cells. This suggests that
the cells in ICS display hybrid epithelial/mesenchymal fea-
tures (11) as well as communicates with other cells through
cell signaling (9,53).
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Figure 3. Analyzing EMT in mouse skin squamous cell carcinoma (SCC) dataset using QuanTC. (A–C) Visualization of cells via PRE. (A) Each star or
solid circle colored by the corresponding cell state represents one of the 67 epithelial YFP+Epcam+ and 292 mesenchymal-like YFP+Epcam- tumor cells.
(B) Identification of TC. Each dot is colored by its CPI value. The cells outside circles with relatively high CPI values are considered as TC. The parameters
are given in Supplementary Table S1. (C) Transition trajectory inference. Arrowed solid and dashed lines show two main transition trajectories, with cells
colored based on their pseudotime. (D) Percentage of TC associated with each state relative to the total number of TC. (E) Percentage of TC between two
states relative to the total number of cells. (F) Visualization of marker genes and transition genes between states. Each triangle represents a gene colored
by its type and arrowed lines indicate the transition direction of EMT. (G) Expression levels of top transition genes with cells ordered along the two most
probable transition trajectories. Solid lines, smoothed expression curves for each gene in the transition trajectory. (H, I) Heat map of normalized expression
of marker genes and transition genes. Columns represent cells ordered along the transition trajectory and rows represent genes. Coloring represents the
normalized expression value of each gene. Transition genes are marked in the box. Top: CPI values of each cell along the transition trajectory.
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Figure 4. Comparison analysis of EMT during organogenesis in intestine, liver, lung and skin. (A–D) Top: the expression levels of E-I transition genes
(green) and I-M transition genes (blue) along the E–I–M transition colored by inferred state of cells. Solid lines are smoothed expression curves for each
gene in the transition trajectory. Bottom: Cells are ordered along a line according to their pseudotime values. Each dot represents a single cell shaped by the
cell states previously identified in the original study on the corresponding dataset and colored by the CPI value. The parameters are given in Supplementary
Table S1.

EMT via ICS during mouse embryonic development

scRNA-seq datasets were collected for four organs and tis-
sues of E9.5 to E11.5 mouse embryos: skin (155 cells), lung
(176 cells), liver (123 cells), and intestine (173 cells) (40). Ap-
plying QuanTC to the four datasets, three clusters were ob-
served for each dataset (Figure 4). Based on the known clus-
ter labels of epithelial and mesenchymal cells (40) and the
marker genes inferred by QuanTC, two clusters are clearly
E and M cells (Figure 4 and Supplementary Figures S10–
S11). The remaining cluster is located between E and M,
with more TC of higher CPI values around it, showing clear
characteristics of ICS. The cells close to the I state matches
the known labels well, exhibiting mixture of features of ep-
ithelial and mesenchymal cells (40).
In the four datasets,>86% cells were found to be involved

in the newly discoveredE-I-M transition trajectory, suggest-
ing most cells undergoing EMT via the intermediate cell
state instead of direct transition from E to M (Supplemen-
tary Figures S10–11A,G). Except for skin having only a few
more TC in E–I than I–M transition, the other three have
significantly more TC in I–M transition than E-I transition
(Supplementary Figures S10–11D, J). This observation sug-
gests that I andM states are potentiallymore similar to each
other whereas E could be a distinct state.
Gene Ontology enrichment analysis of the top marker

genes (Supplementary Table S2) indicates that the ICS from
intestine and liver share several biological processes, includ-
ing cellular component movement, cell motility and cell

migration (mesenchymal features), cell adhesion (epithelial
features), regulation of signal transduction and cell com-
munication. The ICS from lung and skin relate to the mes-
enchymal and epithelial cell differentiation. Interestingly,
the transition genes inferred from the four organs or tissues
are quite different (Supplementary Figures S10–11), indi-
cating that genes regulating EMT may vary under different
conditions at different developmental stages.

Comparisons with another state transition method and infer-
ence of gene regulatory networks

To further investigate the transition in EMT and validate
QuanTC, we next used a previously developed state tran-
sition index Ic to predict transitions based on a different
method that uses correlated information between cells and
genes (54). The index Ic serves as an early warning signal of
a critical transition that coincides with lineage commitment
(54). By evaluating Ic for all five datasets, we found nearly
all TC identified via QuanTC admit higher Ic than the cells
in the stable states (Figure 5A), consistent with the obser-
vation that TC are the cells involved in the transition pro-
cess. The relatively low cell–cell correlation and high gene-
gene correlation (Supplementary Figure S12A) during state
transitions correspond to the idea that the state transition
involves a decrease of cell–cell correlation and concomitant
increase of gene–gene correlation. One exception happens
for the E–I trajectory in lung, partly due to a very small
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Figure 5. State transition index and gene regulatory networks for five EMT datasets and their comparisons with QuanTC outputs. (A) State transition
index of relatively stable cells in each state and the TC between states. Dashed box: TC with high value of state transition index. (B) Gene regulatory
networks of top marker genes and transition genes using the PIDC algorithm from the SCC and mouse embryonic development datasets (the top ∼80%
of edges are shown). The parameters are given in Supplementary Table S1. Each dot represents a gene colored by its type. Each large dashed circle labels
marker genes of a particular cell state. Graph edges indicate the top interactions and the length of the edge is inversely proportional to the interaction
strength between genes.

number of TC cells (only three cells) identified between E
and I.
To investigate how transition genes may regulate state

marker genes in EMT, we inferred gene regulatory net-
works of both state marker genes and transition genes via
the PIDC algorithm (55). The inferred markers of different
states were projected into lower-dimensional space, with top
genes marked by their states or transition trajectories and
the edge length, which is inversely proportional to the inter-
action strength between genes (Figure 5B and Supplemen-
tary Figure S12B). Two genes that are close to each other
with a short edge indicate a strong regulatory interaction,
in contrast to genes located away from each other with a
longer edge between them.
For example, in the SCC dataset, E markers are mostly

linked to I1 markers through E-I1 transition genes, and
marker genes of I1 and I2 are linked directly or via I1-
I2 transition genes, showing a gene regulatory circuit con-
sistent with the inferred trajectory and CPI values using
QuanTC (Figure 3B, C). In addition, marker genes of I2
and QM are linked directly or via I2-QM transition genes
along with an edge linking markers of I1 and QM to I1-QM
transition genes nearby, suggesting that E-I1-QM is another
transition trajectory, consistent with the two previously in-
ferred trajectories (Figure 3C). Interestingly, markers of E
have longer edges linking to other marker genes, suggest-
ing the relative dissimilarity of E to I1, I2 and Q, consistent
with our findings directly using QuanTC (Figure 3). Simi-
lar structures in gene regulatory networks were seen among
the intestine, liver and lung. In particular, marker genes of
E, I andM form distinct groups and markers of E and I are
linked directly or via E–I transition genes, whilemarkers of I

andM are linked directly or via I-M transition genes. Inter-
estingly, for skin, different markers are much less separated
compared to other three embryonic development systems,
except for markers of E, suggesting the transitions and the
genes regulating the transition in developing skin could be
more intermingled and complicated.

Dynamical properties of inferred ICS-regulated EMT trajec-
tories

To explore the dynamics of the inferred transition trajec-
tories, we developed a cell population model that contains
multiple ICS and only relies on three effective dimension-
less parameters (Materials and Methods, Supplementary
Figure S3A). Subsequently, three emergent quantities were
then defined to measure the EMT population dynamics
(Figure 6A, Materials and Methods): (i) sensitivity of sig-
nal adaptation, (ii) coefficient of variance (CV) to quantify
noise attenuation and (iii) the efficiency of population tran-
sition from epithelial to mesenchymal states. We then inves-
tigated how the existence of ICS, as well as the transitions
via ICS, affect the robustness and efficacy of EMT dynam-
ics using these three quantities.
The signal adaptation property is demonstrated by the re-

set of output level after the response to stimulus in cell pop-
ulations (Figure 6A). In cancer EMT, adaptation with high
sensitivity permits the transient peak of the massive release
of malignant mesenchymal population, forming the effec-
tive metastasis strategy under the immune regulation. In the
two-state system with only pure epithelial or mesenchymal
states, we rigorously proved that no adaptation is allowed
(Materials andMethods). Themodeling results suggest that
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Figure 6. Dynamical properties of inferred ICS-regulated EMT trajectories. (A) The definitions and measurements of three quantities – adaptation, noise
attenuation and population transition properties of cell population dynamics. (B) The key parameters of model including ICS number N and ITR gamma
(see also Materials and Methods, Supplementary Figure S3). Increase of ICS number N can result in the multiple peaks in M population trajectory,
forming the oscillatory adaptation. (C) Effect of tuning N and gamma on the three quantities (see also Supplementary Figure S3). (top row) Changes in
three quantities by fixing N = 2 and tuning gamma from 5 to 80. The increase in ITR gamma lowers the noise coefficient of variance (CV) of output M
population, and increases the transition efficiency from E to M. The signal adaptation sensitivity is not a monotonic function of gamma, which reaches
the peak before a certain threshold and declines afterwards with further increase in gamma. (bottom row) Change of three quantities by fixing gamma and
tuning N from 1 to 18. The increase in N improves adaptation sensitivity and noise attenuation, however reducing the value of transition efficiency. (D)
Tuning parameter gamma and N separately cannot achieve all the desired properties (i.e. simultaneous increase of adaptation sensitivity, noise attenuation
and EMT efficiency, indicated by brown dashed line). The desired properties can be achieved by increasing ITR gamma (blue line, increase gamma from
5 to 80 and fix N as 1) first and increasing N subsequently (red line, increase N from 1 to 8 and fix gamma as 80). (E) EMT trajectories inferred from
SCC dataset, with node colors consistent with Figure 3. Other inferred trajectories are shown in Supplementary Figures S12–S13. The arrow represents
potential transition between states, and number represents the percentage of TC. The red arrows indicate the major transition trajectory mediated by ICS,
and the dashed arrow refers to the direct transition route from E to QM state.

both the increase in ICS number and the moderate increase
in indirect transition rate (ITR) via the ICS (Supplementary
Figure S3B,Materials andMethods) can increase the adap-
tation sensitivity (Figure 6C), however, further increase in
ITR (over a certain threshold) can instead decrease the sen-
sitivity. Interestingly, the increase in ICS number may result
in the oscillatory adaptation of cell population dynamics,
i.e. the M population goes through multiple peaks before
reaching a steady level (Figure 6B). This potentially pro-
vides a ‘hide-and-seek’ strategy for metastatic mesenchymal
cells battling with immune systems in cancer.
The noise attenuation property depicts the system’s capa-

bility to reduce fluctuations in population dynamics. Both

the increase in ICS number and ITR help reduce the CV of
M population trajectories (Figure 6C), stabilizing the dy-
namics in population transition. The property of population
transition is quantified by the final fraction of M popula-
tion that originates from pure E population. The increase in
ITR results in boosting of population transition efficiency
in EMT, while the increase in ICS number reduces such ef-
ficiency.
The trade-off between adaptation sensitivity and transi-

tion efficiency were observed in EMT (Figure 6C, D). Al-
though larger ICS numbers may increase adaptation sensi-
tivity, it also impairs the effective transition toward M state
(Figure 6C). On the other hand, increasing ITR can boost
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efficiency while the overly-large value results in a decrease
in adaptation sensitivity. Hence, an increase in one param-
eter only, either ICS number or ITR, fails to optimize all
the properties simultaneously (Figure 6D). The transition
trajectories may need a combined increase in both ICS and
ITR to achieve the desired property, as seen in the inferred
SCC transition trajectories (Figure 6E).
The derived relationships between three emergent quanti-

ties and EMTpopulation parameters shed light on our find-
ings obtained from single-cell EMT data mining. Based on
the percentages of TC between state transitions among all
the cells involved in EMT, we quantified the EMT trajecto-
ries in twelve single-cell datasets byQuanTC (Figure 6E and
Supplementary Figures S12C, S13B), which include six ad-
ditional head and neck squamous cell carcinoma (HNSCC)
datasets (Materials and Methods, Supplementary Figure
S13). For all the investigated mouse and human datasets
from both normal and tumor tissues, we found that the ma-
jority of transitions involve ICS while the direct transition
between epithelial and mesenchymal states is relatively rare
(Supplementary Figures S12C, S13B). This corresponds to
the increase in ITR in the model, resulting in the strength-
ening of noise attenuation property (Figure 6C), as well as
enhancement of adaptation sensitivity (provided that in-
crease in ITR does not over-exceed the observed thresh-
old in Figure 6C). Besides, compared to only one ICS in-
volved in EMT in embryo, cancer EMT has more numbers
of ICS. Therefore, in cancer EMT the adaptation sensitiv-
ity of population dynamics is further enforced by the pres-
ence of multiple ICS, with sacrifice of E-to-M transition ef-
ficiency. In comparison, in embryogenesis EMT fewer ICS
and the large ITR flux can lead to higher E-to-M transition
efficiency, however, at the cost of lower sensitivity of popu-
lation dynamics adaptation.

DISCUSSION

By unsupervised learning of transition trajectories in twelve
EMT single-cell datasets andmultiscalemathematical mod-
eling, we have analyzed transition cells and dynamics of
EMT that highlights the transition trajectories mediated by
ICS. By investigating several emergent dynamic quantities
of describing transitions, we have suggested that the inferred
transition trajectories not only attenuate the noise, but also
enhance the signal adaptation in EMT. Modeling analysis
has indicated cancer EMT trajectories strengthen the signal
adaptation, whereas trajectories in embryogenesis EMT is
in favor of effective population transition towardmesenchy-
mal states.
Compared with direct clustering (20,28) and pseudo-

time analysis (56–58) for scRNA-seq data, the unsupervised
learning algorithm QuanTC can simultaneously detect the
intermediate cell states, and construct transition trajecto-
ries via quantifying the cell plasticity. An attractive feature
of QuanTC is its soft clustering approach to identify cells
in mixed states or undergoing transition between states, a
ubiquitous property in many cell fate systems. The projec-
tion of cells in PRE marked by CPI for transitions offers
a parsimonious and meaningful alternative to analyzing a
large number of discrete cell states. To compare with other
methods, we have applied the popular pseudotime infer-

ence methodMonocle 3 to the simulation datasets and SCC
datasets (Materials and Methods, Supplementary Figure
S5). While Monocle 3 correctly depicts the overall progres-
sion of epithelial-mesenchymal transition, it lacks the reso-
lution to distinguish transition cells from other stable cells.
In addition, the trajectories inferred by Monocle 3 strongly
depends on input gene selections. Interestingly, the features
selected by QuanTC could improve the consistency of tra-
jectory inference byMonocle 3 in SCC dataset (Supplemen-
tary Figure S5), suggesting usefulness and its broader appli-
cation of the feature selection function in QuanTC.
Unlike other methods that can only infer marker genes

for cell subpopulations, such as a recent random coefficient
matrix-based regularization method on identifying transi-
tion cells (59), QuanTC can uncover key genes that mark
the state transitions. The projection of cells in PRE marked
by CPI for transition processes offers a parsimonious and
meaningful alternative to analyzing a large number of dis-
crete cell types. Besides, QuanTC is adaptive to the down-
stream analysis of other soft clustering methods and is ap-
plicable to systems beyond EMT. For instance, we applied
QuanTC to a single-cell RNA-seq dataset of ∼2,000 mouse
hematopoietic progenitors (Materials and Methods, Sup-
plementary Figure S4). We found two prominent non-ICS,
i.e. plasmacytoid dendritic cells (pDCs) and B cells, exactly
corresponding to the target states identified in the original
study (42). The transition cells along the trajectory indicates
that pDCs andB cells share the same progenitors, consistent
with the findings based on the FateID inference (42).
A multiscale agent-based model of EMT gene regula-

tory network has been developed to generate simulation
data with the ground truth, allowing easy validation of
our unsupervised learningmethodQuanTC. Previousmod-
els were mainly focused on the regulation mechanisms of
EMT by ODEs with feedback control to identify impor-
tant agents that are responsible for initiating or suppress-
ing EMT (3,5–7). In those models, cell activities or states
defined by changes in gene expressions are confined within
each individual cell. We have extended the modeling of
EMT to a heterogeneous population of cells, while still
incorporating gene regulatory networks, offering a conve-
nient framework to explore cell proliferation by monitor-
ing the changes in gene expressions prompted by interac-
tions between various EMT agents, which is important for
cancer studies (23,60,61). Our model explicitly incorporates
stochastic effects caused by each cell division (62,63) that
may affect cell fates. Our model can also easily incorporate
different assumptions on proliferative dynamics of each cell
state. For example, we have analyzed a case in which the
I1 cells are assumed to be non-proliferative (Supplementary
Figure S14) to investigate ICS under cell cycle arrest during
EMT (64,65).
Interesting trade-offs among signal adaptation, noise at-

tenuation and effective transition have been observed in
modeling analysis. Consistent with previous findings (13),
the increase in ICS number during EMT attenuates fluctua-
tions; in addition, boosting the transitions via ICS (i.e. ITR)
also plays the similar role in noise buffering. The concept
of adaptation sensitivity, previously mainly used for signal
transductions (16,18), was introduced in this study to quan-
tify the transient, adaptive dynamics in EMT populations.
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Such transient property were previously reported in breast
cancer cell lines (15), and theoretically studied in the con-
text of non-equilibrium statistical physics. Interestingly, the
increase of ITR alone cannot improve adaptation persis-
tently, and the robust adaptation in population dynamics re-
quires both large ITR and multiple ICS, a result consistent
with the learned single-cell trajectories in SCC. We reason
that the transient peaks in highly-adaptive trajectories en-
sure adequate release of mesenchymal cells, with the short-
lasting times impeding immune systems to efficiently cap-
ture and respond timely to metastasis. It is very interesting
to note that ICS in EMT are associated with poor prognosis
of cancer treatment according to clinical studies (23)– our
findings between ICS number and adaptation may serve as
the potential explanation from cell population dynamics.
In our study, more efficient algorithms to explore cell-cell

similarities will likely improve QuanTC significantly in its
speed and ability to learn transition trajectories. The agent-
based multiscale model can be further improved by adding
new interactions between genes and cell-cell communica-
tions over time, and the inclusion of other cell types, such as
immune cells, may gain further insights into the functional
role of ICS. Overall, our integrative approach provides an
initial attempt to bridge single-cell data mining and multi-
scale modeling to investigate transitions and role of inter-
mediate cell states in EMT.
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