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Introduction
Homeostasis with respect to the proportions of cells in differ-
ent states is crucial for the functioning of multicellular organ-
isms, and its regulation enables organisms to stay in a healthy 
state. Different types of tissues and organs need to maintain a 
stable composition of different cell types regardless of external 
conditions, injuries, and changing environmental conditions to 
function normally.1 Hence, finding mechanisms of homeosta-
sis regulation is a key aspect in understanding the emergence of 
diseases, such as cancer, that leads to disturbance and loss of 
cell state homeostasis.2

Remarkably, diseases such as cancer disturb healthy 
homeostatic states but can lead themselves to a characteristic 
composition with respect to the proportions of distinctive 
neoplastic cell states.3 The establishment and maintenance 
of such a characteristic composition has been experimentally 
shown using fluorescence-activated cell sorting (FACS) and 
flow cytometry experiments for many types of cancer, e.g., 
breast cancer4 and colon cancer.5-7 In these experiments, it 
has been observed that subpopulations of cells purified for a 

given cell state return to the composition of cell state propor-
tions of the original tumor over time.

The mechanisms for the maintenance of these characteris-
tic compositions are only poorly understood. Cell state pro-
portions could be maintained by regulated cell state–specific 
proliferation rates, e.g., due to intercellular signaling.4 However, 
in many cases, this possibility can be experimentally excluded 
by showing that the proliferation rates of all involved cell types 
are equal and constant over time. There is evidence that cell 
types stochastically transition between different states and 
that the transition rates do not depend on the current tissue 
composition or on intercellular signaling,4 i.e., the chances to 
transition into other cell states only depend on the current 
state of the cell. Quantifying the probabilities for transitions 
from one cell state to another would allow to predict the evo-
lution of cell state proportions. Such a quantification can 
potentially help to understand the differences in homeostasis 
regulation between healthy and diseased tissues.

One approach to model cell state transitions uses ordinary 
differential equations (ODEs). Typically, the dynamics between 
different cell states is described by formulating ODEs incorpo-
rating parameters which describe detailed cell properties such 
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as symmetrical/asymmetrical division rates and transition rates 
between cell states.5,7

Another possibility to model the evolution of cell state pro-
portions is discrete-time Markov models. Discrete-time 
Markov models are particular stochastic processes which can 
be understood as sequences of random variables indexed by 
discrete time points, where the next state only depends on the 
current state of the process but is independent of earlier states.8 
For instance, in Gupta et al,4 a Markov model describing the 
evolution of cell state proportions has been introduced and 
applied to breast cancer cell lines. However, a detailed discus-
sion of how the transition probabilities are derived from the 
experimental data and of potential analytical challenges is 
missing. The quantification of cell state transitions by estimat-
ing transition probabilities would allow to better understand 
characteristics of cell state proportions in both healthy and 
disease-related tissues. To our knowledge, there is no tool avail-
able that allows to automatically estimate cell state transition 
rates from FACS and flow cytometry experiments.

We develop such a general tool to estimate the transition 
probabilities between different cell states from appropriately pre-
pared data. The underlying model is based on a discrete-time 
Markov model and allows to quantify cell state transitions from 
data on the temporal evolution of cell state proportions. We use 
a discrete-time Markov model because it serves as a minimal 
model for the evolution of cell state proportions. In contrast, 
ODE models often require additional parameters which must be 
measured experimentally5 or obtained by fitting.7 Moreover, 
Markov models have already been successfully used to analyze 
dynamic cell compositions.4,9-11 Here, we generalize this 
approach and develop an automated tool for the analysis of cell 
state transitions. We demonstrate which analytical problems can 
occur in the estimation and in which way these problems are 
automatically solved by our tool. Furthermore, we provide a pub-
licly available R package called CellTrans which can be directly 
used by experimentalists to analyze cell state proportion data 
from FACS and flow cytometry cell line experiments.

We illustrate potential applications of CellTrans by analyz-
ing publicly available data on the evolution of cell state compo-
sitions in different cell lines. We show that the quantification 
of cell state transitions allows to predict the cell state composi-
tion at any time point of interest. In particular, our model is 
able to predict the long-term equilibrium composition of cell 
types. Furthermore, our model can reveal frequent and rare cell 
state transitions. Moreover, CellTrans can be used to estimate 
the time needed until perturbations of the characteristic cell 
state compositions level out. Such predictions have the poten-
tial to support experimentalists in planning the duration of 
FACS and flow cytometry cell line experiments.

Materials and Methods
Reference experiment

CellTrans is able to analyze data recording changes of cell state 
proportions over time. The identification of individual cell states 

from mixed cell populations is mainly based on cell type–specific 
gene markers which allow to experimentally separate the differ-
ent cell types, for instance, by FACS techniques.12 We assume 
that cell state proportions change in time due to stochastic tran-
sitions dependent only on the current state of the cell. A further 
prerequisite for the application of our model is the equality of 
proliferation and death rates of all cell types.

According to the number of different cell types distin-
guished in the experiments, an arbitrarily large, but finite inte-
ger m  is fixed, defining the number of distinct cell states in the 
model. Typically, all distinct cell states are purified and a large 
number of cells are separately cultured for each cell type. This 
experimental setup leads to m  experiments whose evolution of 
cell state proportions are simultaneously monitored at t  dif-
ferent time points n n nt1 2, , , . The time points are multiples 
of a unit time step of length τ  depending on the timescale of 
the experiment, e.g. τ  is 1 hour, 1 day, or 1 week. The time 
points of measurement are not necessarily integer multiples of 
τ . The data on cell state proportions at each time point 
n j tj , , ,=1  are the basis of the analysis with CellTrans as 
described in the next section.

Note that CellTrans also allows to analyze experiments with 
nonpure initial cell state proportions. Importantly, the number 
of experiments has to be the same as the number of defined cell 
states m . Furthermore, the vectors describing the initial cell 
state proportions have to be linearly independent, i.e., they 
cannot be represented as linear combinations of each other (see 
also the next section).

Detailed description and analysis of CellTrans

We denote the cell states distinguished in the experiments by 
1, ,… m . The experimental data on cell state proportions 
obtained for each time point n j tj , , ,=1  need to be arranged 
in matrices:

W wn
kl
n

k l m

j j( ) ( )

, , ,
= { }

= …1

Here, wkl
n j( )  describes the proportion of cell state k  in the l th 

experiment at time n j . These matrices can be stored into text 
files and read into the CellTrans R package. Figure 1 illus-
trates the experimental setup and the construction of the data 
matrices.

We assume that each cell transitions from state i  to state j  
during a time step of length τ  with probability 
p i j mij , , , , ,=1 2 . Note that the choice of the time step 
length has no substantial influence on the predictions which 
we discuss later. Furthermore, it is assumed that the transition 
probabilities are constant over time and do only depend on the 
state of the cell.4 These considerations lead to a discrete-time 
Markov process with transition matrix P pij i j m= =( ) , , ,1  for 
the random evolution of the state of individual cells. Our goal 
is to estimate P , i.e., all transition probabilities between the cell 
states, from the experimental data stored in the matrices 
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W W nt( ) ( ), ,n_1
 . The interaction graph of the underlying 

Markov model together with the transition probabilities is 
illustrated in Figure 5A.

Construction of data matrices

Let w w wk k km
( ) ( ) ( ), ,0

1
0 0= { }  denote the initial cell state propor-

tions in the kth experiment which is a row vector of length m  
with non-negative entries summing to one. As explained before, 
m  of those initial cell state proportions w w wm1

0
2
0 0( ) ( ) ( ), , ,

 are 
needed. The initial experimental matrix W (0)  is row-wise con-
structed from these cell state proportions, i.e.,
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An analytical requirement for the applicability of CellTrans 
is the existence of the inverse of W (0) . This can be assured by 
appropriate initial cell state proportions, e.g. by choosing puri-
fied initial cell cultures. Because this experimental setup is very 
common in FACS and flow cytometry experiments, it is imple-
mented as default option in CellTrans. However, also an indi-
vidually designed initial experimental matrix can be used.

In the experiments, the cell state proportions at each time 
point n n nt1 2, , ,  have to be assessed. Let wk

n j( )  denote the 
cell state proportions of experiment k m=1 2, , ,  after time 
n j  with j t=1 2, , , . For each of these time points, a cell state 
proportion matrix after time n j  is obtained by constructing the 
matrix as described above for W (0) :
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Because each row describes the cell state proportions in the 
corresponding experiment, all rows sum up to one with non-
negative entries. In total, t  of such matrices need to be con-
structed from the experiments, one for each time point of 
measurement.

Derivation of transition matrices Pn j

For each time point n j  with j t=1 2, , , , CellTrans derives a 
transition matrix Pn j

 as follows. This derivation is based on 
the theory of Markov models.8 We use that the distribution of 
a Markov chain after n j  time steps can be obtained by multi-
plying the initial distribution with the transition matrix raised 
to the power of n j ; hence,

W P Wn nj j(0) ( )=

Here, W (0)  denotes the initial experimental matrix and W n j( )  
the cell state proportion matrix after time n j . Because we are 
interested in the underlying transition matrix P , we solve this 
equation for P  by multiplying with the inverse of W (0)  and 
computing the n j th  matrix root, i.e.,

P W W P W Wn n
n

n nj j

j

j j= ( ) ⋅ = ( ) ⋅







− −( ) ( ) ( ) ( )0 1 0 1
1

and  (1)

Figure 1. CellTrans application workflow. To demonstrate the general 

workflow of CellTrans, we use a fictive experiment with 3 illustrative cell 

states: 1 (blue), 2 (green), and 3 (red). (A) Three different 

fluorescence-activated cell sorting experiments E1, E2, and E3 with pure 

initial cell states and fictional evolutions of these proportions are 

illustrated. (B) The measured cell state compositions at times nj  are 

used to construct the cell state proportion matrix W j tnj( ), , ,= …1 . Here, 

each row corresponds to the cell state proportions of one experiment. (C) 

CellTrans estimates a transition matrix Pnj
 based on the cell state 

proportion matrix W nj( )  for each time point of measurement j t= …1, , . 

(D) Finally, averaging the estimated transition matrices Pnj
 leads to the 

final transition matrix P .
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for j t=1 2, , , . Here, we compute the so-called principal 
matrix root because matrix roots are not necessarily unique. For 
an overview of the existence and computation of matrix roots 
see the work by Higham and Lin.13 Note that the existence of 
( )W (0) 1−  is assured by the appropriate choice of the initial cell 
state proportions described earlier. The matrix Pn j

 is the esti-
mated transition matrix derived from time point n j . Although 
this derivation looks straightforward, there are potential ana-
lytical problems which are described in the following section.

Regularizing matrix roots to stochastic matrix roots

Importantly, equation (1) should yield a transition matrix of a 
Markov chain, i.e., a stochastic matrix with non-negative entries 
and row sums equal to one. However, the root of a stochastic 
matrix is not necessarily stochastic again.13 CellTrans verifies 
whether the matrix roots are stochastic or not. If not, the 
matrix roots are regularized to be stochastic with the quasi-
optimization of the root matrix (QOM) algorithm which is 
sketched in the following section and described in detail in 
Kreinin and Sidelnikova.14

The QOM algorithm performs a row-wise Euclidean distance 
minimization by transforming each row of the matrix into a valid 
row of a transition matrix, i.e., a vector containing non-negative 
entries which sum to one. The result is a uniquely determined sto-
chastic matrix which closely approximates the original matrix. In 
the work by Kreinin and Sidelnikova,14 the effect of QOM regu-
larization on nonstochastic matrix roots is numerically investi-
gated. The authors calculated the infinity matrix norm and also 
the mean absolute deviation of the difference between the QOM 
result and the original transition matrix for 32 examples of matrix 
regulation. This numerical comparison demonstrates a low 
approximation error of the QOM regularization.

Computation of the transition matrix P

CellTrans estimates the transition matrix P  by averaging the 
transition matrices Pn j

 for each time point j t=1 2, , , , i.e.,

P
t

Pn
j

t

j
=

=
∑1

1

 (2)

This transition matrix is the final estimation of CellTrans 
quantifying the transition probabilities between all cell states. 
The overall workflow of CellTrans is summarized in Figure 1.

Note that the dynamics of the Markov chain model can also 
be described by a master equation, i.e., a set of first-order dif-
ferential equations. The master equation reads

d
dt

a t p a t p a t i mi ji j ij i
j i

( ) ( ) ( ) , ,= −( ) =
≠
∑ 1  (3)

with initial conditions a ci i( )0 = .15 Here, a ti ( )  describes the 
proportion of cells in state i  at time t , and P pij i j m= =( ) , , ,1  

represents the estimated transition matrix from CellTrans. 
Hence, these differential equations describe the temporal evo-
lution of the cell state proportions. We will use this master 
equation later to compare the results of CellTrans to those of 
ODE models.

Important functions in CellTrans

Here, we introduce the most important functions which are 
implemented in CellTrans. In the following sections, we will 
demonstrate the usage of these functions in several case 
studies.

readExperimentalData(). This function reads all necessary 
data. First, it opens a dialog box which asks for the number of 
cell types, the names of the cell types, the time step length τ , 
and the time points of measurement. Then, the files containing 
the cell state proportion matrices are read. First, the initial 
experimental setup matrix W (0)  can be chosen as identity 
matrix (for pure initial cell populations) or an individual initial 
matrix can be used. Then, the experimental cell proportion 
matrices are read for each time point of measurement. It is rec-
ommendable to save the input into a variable for further analy-
sis, e.g. input <-readExperimentalData().

celltransitions(input). This function derives and prints the esti-
mated transition probabilities and the predicted equilibrium 
distribution. The variable input contains the read data from the 
function readExperimentalData().

celltrans_plot(input), celltrans_plotPDF(input). These functions  
allow to create plots of the predictions of CellTrans and the 
experimental data. The variable input contains the read data 
from readExperimentalData().

timeToEquilibrium(input,initialDistribution,tol). This func-
tion estimates the time from any initial cell state proportions 
until the equilibrium proportions are reached. The variable 
input contains the read data from the function readExperi-
mentalData(). The variable initialDistribution is a vector of 
length m  which describes the initial cell state proportions, 
e.g. c(0.25,0.25,0.25,0.25) for equal proportions of m = 4  
cell types. The third parameter tol gives a tolerance deviation 
between the cell state proportions of the equilibrium distri-
bution and those of the predicted cell state proportions, as 
the exact equilibrium distribution is not reached, in general. 
For the parameter tol, we recommend values between 0.01  
and 0.02 .

For a comprehensive introduction demonstrating the appli-
cation of these functions, see the detailed vignette provided with 
the R package (Additional file 1—supplementary material).

Applications of CellTrans

CellTrans can be applied to analyze cell state proportion data 
from FACS and flow cytometry experiments with respect to 
several questions. The applications are based on the estimation 



Buder et al 5

of the transition probabilities of the underlying model as 
described above:

1. The estimated probabilities quantify the frequencies of 
state transitions and can be used to detect frequent, rare, 
or almost never occurring transitions. Such a prediction 
allows to hypothesize about biological mechanisms 
which are responsible for the observed transition struc-
ture, e.g. an underlying transition hierarchy.

2. Another application is the prediction of cell line compo-
sitions at any time point. Such an estimate can be used 
to predict cell line compositions even beyond the time 
periods of experiments which we will demonstrate in 
the “Results” section.

3. CellTrans can be used to estimate the equilibrium cell 
state proportions. This information can support experi-
mentalists to decide whether experimentally observed 
cell line compositions already reached equilibrium.

4. CellTrans allows the prediction of the time needed to reach 
equilibrium proportions from any initial cell state composi-
tion. The choice of the time period of FACS experiments 
and the time points at which cell state compositions are 
measured is often difficult. Here, the estimate of the time 
needed to reach equilibrium can be useful.

Table 1 summarizes the main applications and the corre-
sponding functions in CellTrans.

Results
In this section, we apply CellTrans to publicly available data on 
the evolution of cell state proportions obtained from FACS 
and flow cytometry experiments. We point out possible con-
clusions that can be drawn from the application of CellTrans. 
The used data are provided in Additional file 2 (supplementary 
material) so that the results of this section can be reproduced.

Dynamics between cancer cell subpopulations in 
colon cancer
Background. There is evidence that CD133+ cells represent a 
cancer stem cell (CSC) subpopulation within SW620 human 

colon cells.6 In the work by Yang et al,6 the dynamics between 
CSCs and nonstem cancer cells (NSCCs) has been experimen-
tally investigated. In detail, purified NSCCs and CSCs sorted 
from the SW620 cell line by FACS were cultured for 26 days, 
and the composition of these cultures was measured every sec-
ond day in both experiments. Here, we analyze the data from 
these experiments with CellTrans and compare the resulting 
predictions with those obtained from an ODE model which 
has been analyzed in the work by Wang et al.5

Application of CellTrans. The experimental setup in the work 
by Yang et  al 6 can be formulated within the framework of 
CellTrans as follows. There are m = 2  subpopulations consid-
ered in SW620 human colon cancer cells which are called CSC 
and NSCC. Note that the assumption that both of these cell 
types do not differ in their proliferation and death rates is justi-
fied.5 The initial experimental matrix representing purified ini-
tial cell cultures is as follows:

W ( )0
1 0
0 1=












where the first row corresponds to the experiment with sorted 
CSCs and the second row with sorted NSCCs. Hence, we choose 
the identity matrix in CellTrans as initial experimental matrix.

There are in total 12 time points of cell state proportion meas-
urements which are given by 2, 4, 6, 8, 10, 12, 14, 16, 18, 20, 22, and 
24 days. Thus, it is sensible to choose a time step length τ  of 1 day. 
The cell state proportion matrices for each of these time points 
can be derived from the experimental data provided in Tables S2 
and S3 in the work by Wang et al5 which leads to 12 correspond-
ing cell state proportion matrices. These matrices are provided in 
.TXT files in Additional file 1 (supplementary material). For 
example, the cell state proportion matrix after 8 days is as follows:

W ( )
. .
. .

8
0 7150 0 2850
0 5523 0 4477=












That is, the experiment starting with 100% CSCs evolved to 
71.5% CSCs and 28.5% NSCCs, and the experiment starting 

Table 1. Main applications of CellTrans and corresponding implemented functions.

ESTIMATION OF APPLICATION/INTERPRETATION CORRESPONDING FUNCTION(S)

Transition probabilities Quantification of cell state transitions
Transition hierarchies
Detect rare and frequent transitions and conclude 
responsible mechanisms

celltransitions()

Cell state compositions Predictions beyond time period of experiments
Validate experimental results

celltrans_plot()
celltrans_plotPDF()

Equilibrium compositions Predict equilibrium compositions
Validate experimental results

celltransitions()

Time to equilibrium Plan time periods of experiments
Choice of time points of measurement

timeToEquilibrium()
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with pure NSCCs evolved to 55.23% CSCs and 44.77% 
NSCCs after 8 days, respectively.

The function CellTransitions(input) allows to derive the 
transition probabilities between the cell states and the pre-
dicted equilibrium distribution. CellTrans derives a transition 
matrix for each of the 12 cell state proportion matrices. Note 
that none of these matrices require regularization by the QOM 
algorithm because the matrix roots are already stochastic 
matrices. For example, the transition matrix derived from the 
experimental data after 8 days W ( )8  is as follows:

P8
0 9309 0 0691
0 1339 0 8661=












. .

. .

Finally, the transition matrix P  is obtained by computing the 
average of the 12 transition matrices from each time point, i.e.,

P Pn
j

j
= =













=
∑112

0 9455 0 0545
0 1030 0 8970

1

12 . .
. .

which is an estimate of the transition probabilities between 
NSCC and CSC per day. For example, a CSC converts with 
probability 0.0545 to an NSCC or an NSCC converts with prob-
ability 0.1030 to a CSC within a day. The predicted long-term 
cell state proportions can be obtained by CellTrans from the 
steady state of the transition matrix P  and are also provided by 
the function CellTransitions(input) which yields the following:

w*
.
.=













0 654
0 346

That is, CellTrans predicts a proportion of 65.4% CSCs and 
of 34.6% NSCCs after sufficient time. The time from 100% 
CSCs to the equilibrium composition can be estimated with 
the command timetoEquilibrium(input,c(1,0),0.01) which 
yields 21 days. Similarly, the time from 100% NSCCs to the 
equilibrium composition can be estimated with the command 
timetoEquilibrium(input,c(0,1),0.01) which yields 25 days. 
Therefore, the time of the experiment was sufficient to reach 
the equilibrium in this case.

Model comparison. In the work by Wang et al,5 the dynamics 
between CSCs and NSCCs has been modeled by an ODE 
model with 8 parameters. Some of these parameters have 
been collected from in situ experiments (see Table 1). The 
predictions from our model show a much better accordance 
to the data than the predictions of the ODE model (root 
mean square deviation (RMSD) CellTrans vs ODE: 0.03737 
vs 0.09874 for the experiment starting with pure CSC cul-
tures, RMSD CellTrans vs ODE: 0.05326 vs 0.10484 for the 
experiment starting with pure NSCC cultures). A compari-
son between the original data from the work by Wang et al5 
and the predictions of the derived Markov chain is shown in 
Figure 2A illustrating that the estimated Markov model well 
describes the experimental data.

We can use the master equation (3) to equivalently describe 
the cell state dynamics with an ODE system

Figure 2. Comparison of model predictions for colon cancer cell lines. (A) We used CellTrans to analyze data about the evolution of cancer cell line 

compositions from Yang et al.6 The involved cell states are cancer stem cells (CSCs) and nonstem cancer cells (NSCCs), and the original data are 

plotted as colored dots including the experimental standard deviation. The red curve is the prediction of the cell state compositions of the experiment 

starting with pure CSCs and the blue curve represents the prediction starting with pure NSCCs. The gray line corresponds to the predictions of 

ordinary differential equation (ODE) models which have been proposed in the original study.6 (B) Analysis of colon cancer cell line data from Geng 

et al7 with the cell states adherent and suspended. The red curve is the prediction of CellTrans for the experiment starting with adherent cells only, 

and the blue curve is the corresponding prediction starting with suspended cells. The gray line is the prediction of the ODE model introduced in the 

work by Geng et al.7
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d
dt

CSC t CSC t NSCC t
d
dt

NSCC t CSC t

( ) = 0.0545 ( ) 0.103 ( )

( ) = 0.0545 (

− +

)) 0.1030 ( )− NSCC t

with appropriate initial conditions CSC(0) = 1, NSCC( )0 0=  
for the experiment with pure CSCs in the beginning. The 
solution

CSC t e
NSCC t e

t

t

( ) . .
( ) . .

.

.

= +

= − +

−

−

0 346 0 654

0 346 0 346

0 1575

0 1575

allows to obtain the steady state by letting t →∞ .

Summary. This case study demonstrates that the Markov 
model underlying CellTrans is potentially able to make better 
predictions than more complex ODE models with parameter 
calibration. The experimental data on the evolution of cell state 
proportions are sufficient to interpolate the data. Moreover, the 
equilibrium proportion is reliably predicted.

Dynamic switch between adhesive and suspended 
cell types in colon cancer
Background. In the work by Geng et al,7 the dynamic switch 
between 2 different adhesion phenotypes in colorectal cancer 
cells has been analyzed. The involved cell states in this study 
are adherent and suspended cells. Both of these cell types have 
been separated and replated. Subsequently, both initially pure 
cell cultures have been monitored for 8 hours, and the cell 
state proportions have been measured after 0.5 and 1 hours and 
subsequently in 2-hour intervals.

Application of CellTrans. The study can be integrated in the 
CellTrans framework in the following way. There are m = 2  
cell states: adherent and suspended. Although there is no 
explicit statement regarding the proliferation rates in the 
work by Geng et  al,7 we assume equal rates because the 
authors model the evolution of the cell state proportions 
without considering effects of proliferation. The initial exper-
imental matrix is given by the identity matrix because the 
experimental initial cell state proportions are pure cell cul-
tures of both phenotypes. Here, the first row corresponds to 
the experiment with 100% adherent cells and the second row 
with 100% suspended cells.

Subsequently, the cell state proportion matrices for t = 6  
time points (at 0.5, 1, 2, 4, 6, and 8 hours) can be deduced from 
the experiments. Here, the time step length τ  is chosen to be 
1 hour. The matrices are provided in Additional file 1 (supple-
mentary material).

Subsequently, CellTrans derives transition matrices for each 
of these cell state proportion matrices. This leads to 6 transi-
tion matrices P P P P P P0.5 1 2 4 6 8, , , , , and . All of these matrices 
do not require regularization in this case because all of them are 
already stochastic matrices.

Finally, the transition matrix P  is obtained as average:

P
P P P P P P

=
+ + + + +

=












0 5 1 2 4 6 8

6

0 8612 0 1388
0 2908 0 7092

.
. .
. .

The predicted cell state proportions based on the estimated 
transition matrix and the experimental data are plotted in 
Figure 2B.

The steady state of the derived transition matrix P  is given 
as follows:

w*
.
.=













0 6768
0 3232

That is, the long-term cell state proportions of adherent and 
suspended cells are predicted as 67.68% and 32.32%, respec-
tively. This prediction is in good accordance with the corre-
sponding experimentally observed equilibrium proportions 
described in the work by Geng et al.7

Model comparison. Geng et  al7 formulated a mathematical 
ODE model to describe the dynamics for the adherent and the 
suspended cells to reestablish the equilibrium ratio. Note that 
this approach requires to fit the analytical solution of the model 
to the experimental data. The fit in the work by Geng et al7 
yields the solution adh t e t( ) . ..= +−0 3 0 70 5 .

In contrast, we can derive an alternative ODE system with 
the same structure using the master equation (3) based on the 
predictions of CellTrans, i.e.,

d
dt

adh t adh t susp t
d
dt

susp t adh

( ) . ( ) . ( )

( ) . (

= − +

=

0 1388 0 2908

0 1388 tt susp t) . ( )− 0 2908

with initial conditions adh susp( ) , ( )0 1 0 0= = . The solution

adh t e
susp t e

t

t

( ) . .
( ) . .

.

.

= +

= − +

−

−

0 323 0 67

0 323 0 323

0 4296

0 4296

is close to the solution in the work by Geng et al7 and allows to 
predict the equilibrium distribution by letting t →∞ . This 
equilibrium solution well corresponds to the experimental 
findings.

The predictions of CellTrans and the ad hoc ODE in the 
work by Geng et al7 are in good accordance with the original 
data (RMSD CellTrans vs ODE: 0.0219 vs 0.0278 for the 
experiment starting with pure adherent cultures and RMSD 
CellTrans vs ODE: 0.02709 vs. 0.02407 for the experiment 
starting with pure suspended cultures) (see also Figure 2B).

Summary. It remains unclear in which way the “best-fit” solu-
tion in the introduced ODE approach in the work by Geng 



8 Bioinformatics and Biology Insights 

et  al7 has been obtained. Instead of fitting parameters, our 
approach offers a transparent estimation of the underlying 
transition matrix yielding good predictions. Moreover, espe-
cially from the point of view of an experimentalist, the auto-
mated estimation by CellTrans does not require a deeper 
engagement with mathematical modeling.

Proportions of stem-like, basal, and luminal 
phenotypes in breast cancer
Background. The dynamics of phenotypic proportions in 
human breast cancer cell lines is studied by Gupta et  al.4  
In detail, the authors used FACS analysis to isolate three 
mammary epithelial cell states (stem-like, basal, and luminal) 
from the SUM159 and SUM149 breast cancer cell lines. Pure 
subpopulations of the three cell states have been cultured for 
6 days, and cell state proportions have been measured at the 
end of the experiment.

Application of CellTrans. We apply CellTrans to both cell lines, 
SUM149 and SUM159. The proliferation rates of the involved 
cell types are equal.4 The initial experimental cell proportions 
in both cases can be described as follows:

W ( )0
1 0 0
0 1 0
0 0 1

=



















where the first line corresponds to the experiment with sorted 
stem-like cells, the second row to sorted basal cells, and the 
third row to sorted luminal cells.

The proportions of cell states have been obtained at a single 
time point after 6 days. The time step length τ  is 1 day in this 
case. For SUM149, the following cell state proportion matrix 
can be obtained from the work by Gupta et al4:

W ( )
. . .
. . .
. . .

6

0 053 0 168 0 78
0 026 0 504 0 47
0 013 0 007 0 98

=



















where the first row contains the cell state proportions of the 
experiment with sorted stem-like cells, the second row with 
sorted basal cells, and the third row with sorted luminal cells in 
the beginning, respectively.

Using the function celltransitions(input), CellTrans 
derives the following transition matrix from this time point:

P6

0 5814 0 1102 0 3084
0 0145 0 8887 0 0968
0 0058 0 0006 0 9936

=

 . . .
. . .
. . .

















which yields the final transition probabilities because there is 
only one time point of measurement in this case. For example, 
the second row indicates that basal cells transition to stem-like 
cells within a day with a probability of 1.45%, do not change 
their state with a probability of 88.87%, and convert to the 
luminal state with a probability of 9.68%. A similar derivation 
leads to the transition probabilities for SUM159 which exhib-
its different transition dynamics.

The predicted equilibrium distribution of our model for 
SUM149 is

w* . . .= ( )0 014 0 019 0 967

and for the SUM159 cell line

w* . . .= ( )0 0235 0 9734 0 0031

(first entry stem-like, second basal, and third luminal) (see Figure 
3A to F). These plots can be created in CellTrans with the com-
mand celltrans_plot(input). The predictions are in good accord-
ance with the original tumor compositions. In detail, the 
SUM149 tumor sample is composed of 3.9% stem, 3.3% basal, 
and 92.8% luminal cells. The proportions within the SUM159 
cell line is 1.9% stem, 97.3% basal, and 0.62% luminal cells.4

The time from 100% stem-like cells to the predicted equi-
librium composition can be estimated by CellTrans with the 
command timetoEquilibrium(input,c(1,0,0),0.01) which 
yields 31 days. In contrast, the command timeToEquilibrium(i
nput,c(0,0,1),0.01) gives an estimation of 8 days to reach the 
equilibrium from 100% luminal cells. These predictions reflect 
that purified luminal cells are much closer to the equilibrium 
composition than purified stem-like cells.

Comparison with previously used Markov model. Gupta et  al4 
introduced a Markov model of cell state transitions to explain 
the observed equilibrium. The predictions are based on a single 
time point, and no regularization of the matrix root is required. 
CellTrans is able to recover the transition matrices for both cell 
lines SUM149 and SUM159 presented in the work by Gupta 
et al4 (Table 1). Figure 3A to F illustrates the predicted evolu-
tion of cell fractions for both cell lines.

The master equation (3) can also be applied to derive an 
equivalent ODE system:

d
dt

stem t stem t bas t lum t
d
dt

bas

( ) . ( ) . ( ) . ( )

(

= − + +0 4186 0 0145 0 0058

tt stem t bas t lum t
d
dt

lum t

) . ( ) . ( ) . ( )

( ) .

= − +

=

0 1102 0 1113 0 0006

0 30844 0 0968 0 0064stem t bas t lum t( ) . ( ) . ( )+ −

The solution for the initial conditions stem(0) = 1, 
bas lum( ) , ( )0 0 0 0= =  reads
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stem t e e
bas t

t t( ) . . .
( ) .

. .= + +

=

− −0 0141 0 9771 0 0088

0 019

0 4274 0 1089

11 0 3394 0 3203

0 9668 0 6377

0 4274 0 1089

0

− +

= −

− −

−

. .
( ) . .

. .

.

e e
lum t e

t t

44274 0 10890 3291t te− −. .

Summary. Several applications of our model are demon-
strated here. First, CellTrans is able to analyze arbitrarily 
many cell states, not only 2. Second, the original tumor  
composition, which is not included in the analysis, is  
precisely predicted. Third, the estimation of the time to  

the equilibrium composition potentially helps experimen-
talists in planning the time periods of cell line experiments.

Epithelial-mesenchymal transition in breast cancer
Background. To investigate the epithelial-mesenchymal transi-
tion (EMT) and its implication on the development and pro-
gression of breast cancer, Mani et  al16 induced an EMT in 
nontumorigenic, immortalized human mammary epithelial 
cells (HMLEs). Subsequently, they used flow cytometry 

Figure 3. CellTrans model predictions and validations. (A) to (G) We used CellTrans to analyze data of the evolution of cell state proportions of publicly 

available data. The data are plotted by colored dots. (A) to (F) The data originate from the work by Gupta et al4 with 3 different cell states (stem, basal, and 

luminal) from SUM149 and SUM159 breast cancer cell lines. The predictions of our analysis are plotted by colored curves. The color indicates the state of the 

cells at the beginning of the corresponding experiment. (G) Analysis of composition data (dots) of human mammary epithelial cell lines16 with cell states 

CD44−/CD24+ and CD44+/CD24−. The corresponding predictions are plotted as colored curves. (H) to (I) We excluded several of the late data points from the 

data of the proportions of cancer stem cells (CSCs) and nonstem cancer cells from the work by Yang et al6 and the data with adherent and suspended cells 

from the work by Geng et al.7 The predictions based on the remaining data are plotted, compare also with Figure 2. This investigation indicates that CellTrans 

is able to predict cell state proportions even beyond the duration of experiments and that only a few data points are needed to reliably predict the equilibrium.
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analysis to sort the cells based on the expression of CD44 and 
CD24, 2 cell surface markers whose expression in the CD44+/
CD24− configuration is associated with both human breast 
CSCs and normal mammary epithelial stem cells. One of their 
aims was to determine whether the CD44+/CD24− cells iso-
lated from monolayer cultures of HMLE cells could generate 
CD44−/CD24+ cells in vitro.

To examine this question, the authors cultured purified cell 
phenotypes into monolayer cultures and assayed for the appear-
ance of other cell phenotypes during time. The results of these 
experiments are summarized in Table S1.16

Application of CellTrans. This experimental setup can be for-
mulated within the CellTrans framework as follows. There 
are m = 2  cell states which are named CD44+/CD24− and 
CD44−/CD24+. The initial experimental matrix is given by 
the identity matrix. This matrix is constructed such that the 
first row represents the pure CD44+/CD24− initial cell cul-
ture, and the second row corresponds to pure CD44−/CD24+ 
cell culture.

The cell state proportions have been experimentally deter-
mined for t = 4  time points (at 2, 4, 6, and 8 days). Here, the 
time step length τ  is 1 day. The cell state proportions matrices 
W W W W(2) (4) (6) (8), , , and  can be constructed from the data in 
Mani et al,16 e.g.

W ( )
. .
. .

4
0 70 0 30
0 01 0 99=












where the first row represents the experiments starting with 
pure cultures of cell phenotype CD44+/CD24− and the second 
row with cell phenotype CD44−/CD24+, respectively. The files 
containing these matrices are provided in Additional file 1 
(supplementary material).

CellTrans estimates transition matrices for each of the cell 
state proportion matrices. This approach leads to 4 matrices 
P P P P2 4 6 8, , , and . In this case, all of the derived matrices do 
not require regularization because all matrices are already sto-
chastic matrices. The transition matrix P  is obtained by aver-
aging over the derived transition matrices which yields the 
following:

P
P P P P

=
+ + +

=












2 4 6 8

4

0 8868 0 1132
0 0007 0 9993
. .
. .

The predicted cell state proportions of this transition matrix 
with the initial states from the experiments and the experimen-
tal data are plotted in Figure 3G.

The solution of the master equation (3) for the experiment 
with pure CD44+/CD24− cells in the beginning is as follows:

CD CD t e
CD CD t

t44 / 24 ( ) = 0.0006 0.9994

44 / 24 ( ) = 0.000

0.1133+ − −

− +

+

− 66 0.00060.1133e t− +

Summary. This case study demonstrates two potential appli-
cations of CellTrans. First, CellTrans can reveal rare cell tran-
sitions which are indicated by the estimated probability to 
convert from CD44−/CD24+ to CD44+/CD24− of 0.0007 per 
day. Hence, transitions from CD44−/CD24+ to CD44+/CD24− 
cells almost never occur suggesting a potential cell transition 
hierarchy.

Second, the experiments only cover the first 8 days after cul-
turing, but the time period until the equilibrium proportions 
are reached is not clear from the beginning. Here, the predicted 
equilibrium distribution is given as follows:

w* =
0.0063
0.9937












which corresponds to an equilibrium proportion of 0.63% of 
CD44+/CD24− and 99.37% of CD44−/CD24+. CellTrans can 
estimate the expected time until this equilibrium is reached. 
The command timetoEquilibrium(input,c(1,0),0.01) estimates 
the expected time to the equilibrium starting with a pure 
CD44+/CD24− cell line composition with a tolerance deviation 
of 1%. With these parameters, CellTrans predicts a time of 
39 days until the equilibrium proportions are reached.

Influence of the choice of the time step length τ

To demonstrate that the predictions and results of CellTrans 
are independent of the choice of the time step length τ , we 
varied τ  in the case studies with data from the works by Wang 
et al5 and Geng et al.7 We predicted the equilibrium distribu-
tion, the expected time to equilibrium, and the predicted cell 
state composition after an arbitrary time for different time step 
lengths. The results are summarized in Additional file 3 (sup-
plementary material) and indicate that the predictions are not 
influenced by τ .

Validation of the predicted equilibrium of CellTrans

One important application of CellTrans is the prediction of the 
equilibrium of cell state proportions and the time needed to 
reach this equilibrium. In some experiments, the equilibrium 
proportions are not reached at the end of the experiment, e.g. 
in the investigation of the EMT in breast cancer introduced 
above.16 Here, we show that CellTrans is able to make predic-
tions beyond the duration of the experiments. In detail, 
CellTrans is able to reliably predict both the equilibrium cell 
state proportions and the time needed to reach this proportion. 
To demonstrate this, we performed a validation analysis based 
on the 2 case studies dealing with colon cancer cells.6,7 We used 
only a subset of the available data points to create predictions 
of the cell state proportions over time with CellTrans. We 
excluded late data points to mimic an experimental situation in 
which the equilibrium is not reached yet. The results of this 
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Figure 4. Influence of nonpure initial cell state compositions. To obtain nonpure initial cell state proportions, we excluded several of the early data points, 

as indicated in the legends, from the case studies with data from the works by Yang et al6 and Geng et al.7 The plotted predictions in both figures are 

based on the analysis of the remaining data points with CellTrans. The starting point of each curve indicates the initial cell state composition. Data from 

the works by (A) Yang et al6 and (B) Geng et al.7 CSC indicates cancer stem cell.

Figure 5. Transitions in the model and regularization of the matrix root. (A) CellTrans estimates the transition matrix of the underlying discrete-time 

Markov model. This matrix contains the transition probabilities between all cell states. Here, these transitions are illustrated for 3 fictive cell states. (B) to 

(D) We simulated cell state proportion data for an experiment with 3 fictive cell states in which regularization of the matrix roots is necessary to obtain a 

stochastic matrix. The dots represent simulated data points, and the solid curves represent the prediction of CellTrans. For details on the required matrix 

root regularization, see the main text.
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validation study are illustrated in Figure 3H to I. It turns out 
that only a few data points are sufficient to reliably predict the 
equilibrium cell state proportions. Moreover, the predicted 
time to reach equilibrium proportions is very robust with 
respect to the choice of available data points. This investigation 
indicates that CellTrans is able to make predictions even 
beyond the time period of experiments and might therefore 
also support the planning of experimental time periods.

Influence of nonpure initial cell state compositions

As our case studies demonstrate, most FACS and flow cytom-
etry experiments are based on pure initial cell state composi-
tions. However, CellTrans can also be used to analyze 
experimental data with nonpure initial compositions. Here, we 
demonstrate this possibility and investigate whether the predic-
tions and results are influenced by such an initial composition. 
For this, we reused data from the works by Yang et al6 and Geng 
et al7 but excluded several of the first data points such that the 
initial cell state compositions are nonpure. We then used 
CellTrans to estimate a transition matrix based on these remain-
ing data and compare the corresponding predictions with the 
original estimates derived from all available data. It turns out 
that both the evolution of cell line compositions and the equi-
libria are reliably predicted with nonpure initial cell state com-
positions. The results of this analysis are illustrated in Figure 4.

A simulation study demonstrating matrix 
regularization

The presented case studies so far do not require matrix regu-
larization; ie, the matrix roots that CellTrans calculate are 
already stochastic matrices. To demonstrate that such a regu-
larization might be necessary, we introduce a simulation study 
and explain how the QOM algorithm performs the necessary 
regularization.

In the simulation study, we assume the existence of m = 3  
cell states. We simulate 3 experiments starting with pure cul-
tures of each cell state. Hence, the experimental initial matrix is 
as follows:

W ( )0
1 0 0
0 1 0
0 0 1

=



















As time points, we choose t = 2 4 6τ τ τ, , . Here, τ  is an 
arbitrary time step length.

We created an arbitrary transition matrix to describe the 
transition probabilities between the 3 cell states:

Psim =
0 7739 0 1762 0 0499
0 0006 0 8210 0 1784
0 0937 0 0712 0 835

. . .

. . .

. . . 11



















The Markov chain associated with this transition matrix has 
the steady-state distribution:

wsim
* = 0.1872 0.3632 0.4496( )

Then, we generated experimental data after times 
2 ,4 6τ τ τ, and  from the matrix powers P P P2 4 6, , and . We 
also added a normally distributed noise with mean 0 and a 
standard deviation of 0.01 to reflect unprecise measurements. 
This led to the following cell state proportion matrices:

W ( )
. . .
. . .
. . .

2

0 6028 0 2769 0 1203
0 0087 0 7003 0 2910
0 1526 0 1224 0 725

=
00

0 3934 0 3819 0 2247
0 0492 0 5175 0 4333
0

4



















=

,

. . .

. . .

.

( )W
11989 0 2465 0 5546

0 2824 0 4050 0 3126
0 1046

. .
,

. . .

.( )



















=W 44 0 4489 0 4467
0 2191 0 2862 0 4947

. .
. . .



















Applying formula (1) to derive the matrix roots does not 
yield a stochastic matrix for all of these 3 matrices. The fourth 
matrix root of W (4)  is as follows:

0.7822 0.1737 0.0441
0.0102 0.8205 0.1896
0.0943 0.0792 0.8265
−



















which is not a stochastic matrix due to the negative entry in the 
second row. The QOM algorithm transforms this matrix root 
into the stochastic matrix:

P4

0 7822 0 1737 0 0441
0 0000 0 8154 0 1846
0 0943 0 0792 0 8265

=

 . . .
. . .
. . .

















The further derivation is continued with this regularized 
matrix root.

Finally, CellTrans derives the transition matrix:

P =





0 7786 0 1708 0 0506
0 0000 0 8258 0 1742
0 0951 0 0694 0 8355

. . .

. . .

. . .

















Buder et al 13

which is close to the originally generated Psim . Furthermore, 
the steady state of the process associated with P  is as follows:

w* . . .= ( )0 191 0 3644 0 4446

The effect of the QOM regularization on the prediction of 
CellTrans in this case is visualized in Figure 5B to D.

Discussion
Characteristic equilibrium proportions of distinct cell states are 
commonly observed in vivo and in vitro. Normal and cancerous 
cell lines exhibit and are able to maintain such an equilib-
rium.4,5,7,16 Understanding the mechanisms which are respon-
sible for this observation is important to develop appropriate 
therapies against cancer. There is evidence that stochastic tran-
sitions between different cell states can lead to such an equilib-
rium. To infer the underlying transition dynamics and to 
quantify these transitions is a key to understand and control the 
origin of such an equilibrium.

We introduce CellTrans, an automated framework to 
deduce the transition probabilities between different cell states 
from FACS and flow cytometry experiments, in which no dif-
ferences in the proliferative properties between cell states are 
observed. The key assumption of the underlying mathematical 
model is that cells stochastically transition between different 
states and that the rates for these transitions only depend on 
the current state of the cell.

We point out that the transition probabilities can be derived 
on the basis of Markov chain theory by determining matrix 
roots from appropriately arranged data matrices and regulariz-
ing them to stochastic matrices if necessary. We discuss which 
mathematical challenges can occur and demonstrate how these 
challenges are handled by CellTrans. We use the QOM algo-
rithm 14 to achieve matrix regularization and provide a simula-
tion study which demonstrates that regularization might be 
necessary and how it can be achieved by the QOM algorithm.

To ensure a reliable estimation of cell state transitions, the cell 
state proportion data should be obtained on the basis of a large 
number of cells. This ensures the validity of the estimation based 
on the law of large numbers.15 We suggest to use at least 100 cells 
in each cell culture experiment to obtain the data for CellTrans.

Our stochastic approach on the basis of a Markov model 
can be translated into a system of first-order ODEs with the 
help of the master equation (3). The predictions of these ODEs 
are equivalent to those of the underlying Markov model of 
CellTrans. We demonstrate that CellTrans is able to predict 
the evolution of cell state proportions even more precisely 
compared with more complicated ODE models which use in 
situ parameter estimation, as, e.g. in the work by Wang et al.5

The analyzed case studies in this work demonstrate that 
CellTrans can be used to compare different cell types with 
respect to their ability to convert to other cell types, their fre-
quency within equilibrium proportions, and their position 

within an existing cell transition hierarchy. We showed that the 
main application of CellTrans is the quantitative inference of 
transitions between distinctive cell types. The resulting transi-
tion probabilities allow to estimate which transitions occur fre-
quently, rarely, or even almost never. Therefore, CellTrans 
might be able to reveal a hierarchy with respect to the impor-
tance of specific transitions for maintaining the observed equi-
librium distributions.

The steady state derived by CellTrans can be interpreted as 
prediction of the equilibrium cell state proportions. Moreover, 
CellTrans is able to predict the duration from any initial exper-
imental setup to such an equilibrium (see Figure 3H to I).

As demonstrated in Figure 3A to F, even patients classified 
to have the same type of tumor exhibit different equilibrium 
distributions. Hence, the dynamics of the cell state transitions 
is patient specific. CellTrans is able to predict these patient-
specific transitions and can therefore be used to reveal differ-
ences within the same tissue in different patients. These 
predictions might be a step toward individual therapies.

Although the presented case studies in this work deal with 
disease-related cell line experiments, CellTrans can also be 
used to analyze nondiseased cell lines, such as immunostained 
progenitor cells, as long as the underlying model prerequisites 
are fulfilled. Hence, CellTrans can be used to analyze all cell 
line experiments in which cell state transitions only depend on 
the current state of the cell, and cell proliferation and death 
rates are equal.

We focus here on the case in which cell states exhibit similar 
proliferation and death rates. In principle, it would be possible 
to apply a similar approach also if this prerequisite is not ful-
filled. This would first require to formulate an extended and 
more complicated mathematical model which is a challenging 
task for future work.

Our case studies demonstrate that CellTrans is a valuable 
tool to model and quantify cell state transitions. Experimentalists 
only have to validate the model assumptions. Then, the whole 
process of mathematical modeling and estimation is automa-
tized. CellTrans allows versatile experiments by being able to 
analyze also cell state data originating from nonpure initial cell 
state distributions. In summary, CellTrans is an automated tool 
that facilitates the analysis and interpretation of cell state pro-
portion data from these experiments on the basis of a Markov 
model for cell state transitions.
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