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Abstract

Cancer Stem Cells (CSC), a subset of cancer cells resembling normal stem cells with self-
renewal and asymmetric division capabilities, are present at various but low proportions in
many tumors and are thought to be responsible for tumor relapses following conventional
cancer therapies. In vitro, most intriguingly, isolated CSCs rapidly regenerate the original
population of stem and non-stem cells (non-CSCs) as shown by various investigators. This
phenomenon still remains to be explained. We propose a mathematical model of cancer cell
population dynamics, based on the main parameters of cell population growth, including the
proliferation rates, the rates of cell death and the frequency of symmetric and asymmetric
cell divisions both in CSCs and non-CSCs sub-populations, and taking into account the sta-
bilization phenomenon. The analysis of the model allows determination of time-varying corri-
dors of probabilities for different cell fates, given the particular dynamics of cancer cells
populations; and determination of a cell-cell communication factors influencing these time-
varying probabilities of cell behavior (division, transition) scenarios. Though the results of
the model have to be experimentally confirmed, we can anticipate the development of sev-
eral fundamental and practical applications based on the theoretical results of the model.

Introduction

Stem cells are undifferentiated cells present in very low numbers in most tissues. Stem cells are
responsible for tissue renewal and homeostasis, by giving rise to non-stem cells that proliferate
and further differentiate in specialized cells. Stem cells show very specific features, notably
regarding cell division: they are able to undergo asymmetrical division, dividing into a stem
cell and non-stem cell; moreover, the rate of stem cells division is very low as compared to that
of non-stem cells [1-3].

It has been demonstrated that in most malignant tumors, cancer cell populations appear to
include a rare stem cell-like subpopulation suspected to be responsible for the initiation and
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maintenance of tumors in animals [4-14]. This subpopulation can be detected and purified
using specific cellular probes or cell surface markers. In vitro, purified cancer stem cells (CSCs)
are able to reconstitute the population heterogeneity whereas, in contrast, purified non-stem
cells cannot. Also, CSCs were shown to be highly tumorigenic in xenografts experiments, and
to be responsible for cancer metastasis, i. e. colonization of various tissues by the primary
tumor. Because of these features, cancer stem cells are also called tumor-initiating cells [7].
However, not all cancer stem cells appear to have all the features of normal stem cells. For
example, CSCs may have a diminished capacity to undergo asymmetrical division compared
to normal stem cells [6,12,15-17].

CSCs have been demonstrated in most solid and hematologic tumors [8,10,16,18-28], with
very well described common functional features, i. e. an indefinite self-renewal capability and
the ability to undergo some asymmetric divisions. Importantly, CSCs are resistant to chemo-
and radio- therapies [4,5,9,10,29-31], suggesting that they may be responsible for tumor
relapses following chemo- or radio-therapy. This has important implications in therapeutic, as
most of the current treatments target a regression of the tumors mass without accounting for
the tumor functional heterogeneity.

Various mathematical models have been proposed for describing the dynamics of both nor-
mal [32-36] and cancer [30,31,37-47] stem cell populations behavior. These works suggest
two different concepts for description of stem cells population behavior. One concept is based
on the principle that stem cells act according to their intrinsic program, which may be deter-
ministic or stochastic [30,31,35,39-41,45,48]. Alternatively, a concept of self-organization of
stem cells suggests modeling of the entire system of cell-cell and cell-environment interactions,
for which some authors also consider a stochastic behavior [35,36,49-51]. Modeling of cancer
cell population behavior provides very important inferences as for understanding the nature of
cancer growth so for clinical prognosis and treatment strategies. In many cases it allows to
have evidence about factors that cannot be measured directly in clinical or in experimental
investigations. For example, due to the mathematical model it was shown that the role of leu-
kemia stem-like cells population on the course of disease is much greater than the one of leuke-
mia blast cells [42,43,47]. The model-based estimation of prognostic factors in clinical data
may help in designing treatment strategies [42-47]. Moreover, the quantitative information
about the cancer stem cells (CSC) or tumor-initiating cells (TIC) fraction dynamics can be
inferred by methods based on mathematical models. The method described in [44] identifies
two characteristic equilibrium TIC regimes during expansion and regression of chronic mye-
loid leukemia.

However, the possibility of dedifferentiation of non-stem cancer cell to stem cell is one of
the most important and yet unsolved question about CSC behavior, which has been, so far,
addressed in only few of these works [30,38,52]. These (stochastic) models base their principle
on the assumption that all possible transitions in subpopulations can occur spontaneously,
with some probabilities.

Also, only few modeling approaches were proposed to gain insight into the intriguing phe-
nomena of cancer stem cells population stability [38,44,53,54]. This phenomena detected in
many cancer cell lines harboring measurable levels of cells with CSC features, is that over sev-
eral years of cell passage the relative number of cancer stem cells fluctuates around a basal
level, characteristic for each specific cell line (as illustrated in Fig 1, dotted red curve). More-
over, it has been shown that isolated cancer stem cells can rapidly regenerate in culture the het-
erogeneity of the parental cell line with the characteristic relative percentage of cancer stem
cells (as illustrated in Fig 1, dark blue curve).
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Fig 1. Stabilization of Cancer Stem Cells population in cell culture. Schematic curves showing a percentage of CSC over time (summarized from numerous
published and unpublished data). Dotted red curve: a basal level of CSC percentage, constant over years of cell passages; dark blue curve: dynamics of isolated
cancer stem cell population up to stabilization at characteristic level of CSC percentage.

https://doi.org/10.1371/journal.pone.0224787.9001

One work discussing this phenomenon models the CSC behavior as a Markov process [38].
The model is based on stochasticity of single-cell behaviors and does not consider cell-to-cell
communications.

In our previous work [53,54] we constructed and analyzed a mathematical model that takes
into account this intriguing characteristic of CSC population behavior. We suggested an
instructive role of cell-to-cell signaling influencing the cell parameters and leading to CSC
population equilibrium. The mathematical model accounts for all possible cancer stem and
non-stem cell behaviors, i. e. type of division (symmetric or asymmetric), direct transition (dif-
ferentiation or dedifferentiation) and cell death. The analysis of the model helped to elucidate
some important characteristics of cancer stem cells evolution, in particular, a set of parameters
of cell growth implying the necessity of non-stem to stem cell transition.

In this work we expand this mathematical model and address the question of “instructive
signal(s)” underlying the phenomena of cancer cell population stability, aiming to provide
meaningful predictions on its dynamics and nature. In the presented work we continue analy-
sis of the model aiming to solve the following problems:
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- determination of time-varying corridors of probabilities of different cell fates, given the
dynamics of cancer cells populations;

- determination of a cell-to-cell communication factors, influencing time-varying probabili-
ties of cell behavior (division, direct transition) scenarios.

We demonstrate that using data measured in the context of CSC population stabilization,
our model is able to infer corridors of time-varying probabilities of cancer cell fates that pro-
vide significant insights into the cellular dynamics of heterogeneous tumors. Next we show
how the set of curves of probabilities can help identifying a set and kinetics of secreted factors
responsible for cell population behavior.

Methods

1. Algorithm for the solution of the system of Eqs (14-17).
The system can be rewritten in the form:

dp,  2,(s = D((aqu(@+ (5 = 2)5) = 28)3 +(5((7, — 74 + A — dy + (p, + 2p,)4,)$—5) + 2(3* +8))

= 2 2 2 , (A1)
dt (s —2)(425(1 —s)" + 24;s*(11 4 3s(s — 2)))

dp, _ 22,(s +3)((2,9y(2+ (s = 2)s) — 28)8 +5(s((vp =1 + 4 — 4 + (P, +2P,)4)8 —§) +2(8* +3))) (A2)

dt (s — 2)(472(1 — 5)* 4+ 2272(11 + 3s(s — 2))) ’
p, = S— A+ (=1 tA+4— ’“1}{318("; izciz) + (72 =71 — 2 + 4 (p, +Py))s)s (A3)
Py=1-p =P~ Py (A4)
Q@ =1-q, (A5)
% _ 4)“2(5 — 1)((;“2(12(2 + (S — 2)5) — 2é)é + S(S((Vz -t )“1 — ;“2 + (Pl + 2192)}“1)5" — 5) + 2(é2 +S))) (A6)

dt s(s — 2)(472(1 —s)” + 227s2(11 + 3s(s — 2)))

ds(t)
dt

d?s(t)

,and§ = 5

where s = s(t), s =

, are known functions, piqj (i=1.. .4, = 1,2), are unknown
variables.
A system (A1-A6) was approximated by a second order finite difference scheme

I =Pt 2,05 = 1) (@ (24 (s — 2)8) — 28)8 4 5(s((r, — 71 Ay — A+ (P17 2957208 — §) + 2(8° +9)))

= ‘ : , (A7
At (s — 2)(422(1 — 5)* + 227s2(11 4 3s(s — 2))) (A7)
P37 =Py 220(s +3)((Ags (2 4 (s — 2)8) — 28) + 8(s((1, — 7, + 4 — 2y + (P17 4 293" ) 2,)8 —§) +2(8* +9))) (A8)
At (s — 2)(422(1 — s)* + 222s2(11 4 3s(s — 2))) ’
TSI B 7 S Ve ot i eV Bt e TtV Wl M0) ) LA
’ 2,8(2 —s) ’
pitt =1-pi" —pyt —pit (A10)
Q' =1-q", (A1)
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1y n
172 pMhapr . 12 T, . . . .
where p!/ =25, (i=1...4),q P =33 (j=1,2), Atis a time step, n is a time

step number.
We consider that the initial conditions:

Py (t=0) = py, Po(t = 0)= py, q(t =0) = gy (A13)

are given.

Then, the initial values for p?, qu, (i=1...4,j=1,2)are set by (A13) and the calcula-
tions from (A3-A5), using (A13). By that, from numerical solution of the system (A7-A12) we
can obtain pi*!, ¢**! (i=1...4,j = 1,2) for any time step n = 1,2,... .. Accuracy of numerical
simulations is controlled by decreasing time step.

Thus a triple of parameters pi, P20, 420 allows obtaining p;’, g for any time step. If at some

time step the conditions

0<p'<li=1..40<q <1,j=1.2 (A14)

were violated, the corresponding triple of parameters pyg, P2o> 420 Was discarded and a new
one was selected from the interval [0,1]. The consequent repeating of this simulation for all
possible combinations of parameters p;o, P20, q20, starting from the triple (0,0,0) up to the tri-
ple (1,1,1) with a step 0,01 for each parameter p, p2o, Q20 allowed detecting the intervals of
initial conditions:

min max min max min max

Plo S Pio S Pr s Py S Pog S Pap s Aoy < Qg < Gy

which satisfy (A14) for all time period T and thus provide a desired corridors of all
probabilities.

A user interface is developed allowing to input the parameters of the model and to output
the results in the graphical form and in the form of numerical files.

The corresponding program code can be found at:

https://github.com/nickbessonov/CSC-article/blob/master/CSC%20(17.05.18).rar)

2. Algorithm for the solution of the system of Eq (25).

The system of Eq (25) was solved numerically by well known trick when the system of
steady equations was replaced by a system of simplest non-steady equations and the solution
of a steady problem is sought by solving the non-steady problem and finding its steady
solution.
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In our case, for determining bj,ag,ci, k= 1...K,i=1.. .6, the system Eq (25) was replaced
by a system of the next non-steady equations

aﬁ’] —

7=—2an< m (g, = )" Y b)Y (B >—ym>>
CH’l_

) ym C\(me 6 K
AL ( =) Y B e ) m) (B)
bi+l B bi N j jym K ; j
q Atb 1_9 Zn:] e %(th—cg) (Zk:] (inke—ak(tn ck ) ym)

where Atg, At,, At;, are pseudo time step, j is number of pseudo time step.

The system (B1) was solved with the help of iterations. Trial initial values ag, cg, and b?q
q=1...K,i=1...6 were set. Substituting these values into the right-hand side of the Eq (B1),
we determined the values of unknown parameters in the next pseudo time step a}l, cj[ ,and bilq.

Then this process was repeated until the required accuracy of the solution was reached. The
only one difficulty arises at the beginning of application of this trick when it is necessary to
determine the signs of time steps. This problem was solved easy by several numerical experi-
ments. The sign minus in right part of (B1) is a result of these computational experiments. The
corresponding program code can be found at:
https://github.com/nickbessonov/CSC-article/blob/master/CSC%20(17.05.18).rar)

3. Experimental part

The measurements of cell division rates were performed on several human cancer cell lines,
namely five NSCLC (non-small cell lung cancer) cell lines (A549,HCC827, H1299, H1650, H1975),
four ovarian cancer cell lines (A2780, HEY, OV2008, TOV-112D cells) and colon carcinoma HCT
116 cell line. The detected proliferation rates of non-stem cells were similar or considerably close in
all investigated cell lines, thus its averaged value was taken for the numerical simulations.

The percentage of cell death rates was measured by Fluorescence Activated Cell Sorting
(FACS) analysis in A549 cell line at every day during 10 days after passage. The dead cells were
stained by 7 AAD (7-AminoActinomycin D) and sorted accordingly. The analysis have shown
the rate of cell death around 0.1 (10% of all cells) for all days during the period of cultivation.
The second variant of death rate (0.5) was added to the numerical simulations to explore
another possibility of death rate, close to a critical one, which was noticed in another investi-
gated cell lines (see above), but without precise measurements.

Results and discussion
Mathematical model

Following our previous work [53] we suggest a model accounting for 4 scenarios of cell behav-
iors (different types of cell divisions and direct transition) for stem and non-stem cells, and
assumed that each scenario can occur with some probability (Table 1):

Though we include the scenarios D—S+S and D— S for daughter cells in Table 1 as theoret-
ically possible, for a time being we will consider in a model only two scenarios for daughter
cells, which discriminates two principal modes of their behavior: the regular one (D—D+D)
and the de-differentiation of daughter cells into S cells, which requires the activation of differ-
ent genetic program. For the representation of the last case we consider only one scenario
D—$8+D (for which we assume the transition D—S as a part of it, meaning that D cell should
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Table 1. Possible scenarios of cell behavior. S = Stem cell; D = Daughter cell.

Stem cell(S) Daughter cell (D)
scenario probability scenario probability
§S—S+D P D—D+D q
S—D+D )23 D—S$+D 9>
§—8+§ ps3 D—S+S q3
S—D Pa D—S q4

https://doi.org/10.1371/journal.pone.0224787.t001

undergo a transition D— S before the next asymmetric division). Thus, for the current model
the probabilities q; and q4 are taken to be equal to 0.
The probabilities should satisfy the usual restrictions on probabilities:

0<p,<1,i=1...4,0<q, <1, i=12, (1)
P: +P2+P3+P4:1a (2)
q +q, =1 (3)

We considered that cell divisions/transition occur with the rate A, in stem cells (S) and with
the rate 2, in daughter cells (D), and that death rates are y; and vy, in S and D cells respectively.
We need to comment that though it seems more plausible to consider that each mode of cell
divisions or transition occurs with its own rate (e.g., like in models [42,43], we will consider in
our model one constant rate of cell divisions (or direct transition) for stem cells, and another
constant rate of cell divisions for non-stem cells, independently from a scenario. Also, though
it was shown that in general cell division rates may change in time, for example, due to regula-
tion by signaling factors [55-57], we assume the possibility to consider them to be constant
during the short period of stabilization of cell population. The same assumption is made in
many mathematical models addressing the cancer cells population behavior [42-47].

The proposition (Table 1) gives a system of differential equations for the dynamics of S and
D cancer cells:

{ ds(t)/dt = o S(t) + B,D(t) (4)

dD(t)/dt = BS(t)+a,D(t)

with coefficients, depending on probabilities of scenarios p; and q;, and on parameters A, A,,
Y1, Y2 (growth and death rates):

ag = ((p, +2p; — DA, = 71), Bp = o/,

5
Bs = (py +2p, + p)AS(t), o = (4145 — 75). ®)

Using (5), the system (4) can be re-written as:

{ dS(t)/dt = ((py + 2py — 1) 2y = 71)S(¢) + 4,4,D(2)

dD(t)/dt = (p, + 2p, + p,) 2, S(t) + (9,4, — 7,)D(¢) . ©

In our previous work, using the system (6), we have analyzed the time-dependent evolution
and the asymptotic behavior of the percentage of cancer stem cells s(¢) in a cancer cell popula-
tion with the initial conditions:

S(t=0)=S§, D(t=0)=0 (7)
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corresponding to the dynamics of isolated cancer stem cells population up to stabilization, as
illustrated in Fig 1.
The fraction (percentage) of stem cells is calculated as:

s(t) = S(1)/(S(t) + D(¢))- (8)

Corridors of probabilities of cell fate scenarios

Here we continue analysis of the model aiming to determine the time-varying corridors of
probabilities of different cell fates, given the dynamics of cancer cells populations. We assume
that a curve s(t) of the percentage of CSC over time displaying a CSC stabilization after pertur-
bation (as shown at Fig 1), and proliferation and death rates of cells are given as a result of
experimental measurements in a particular cell line.

First, our numerical simulations show that a good fitting of model (6) to any reference
curve s(t) (determined by the least squares method, with an average deviation equal ~ 5% or
less) can be achieved in admission that the set of parameters A;,Y;,p;,q; changes over time. As
discussed in Section 1, we may admit for the following analysis that the parameters changing
with time should be the probabilities of scenarios p;(t),q,(t), while parameters A;, y;, may be
considered as constant.

This led us to Question I:

Given the dynamics of percentage of CSC s(t), is it possible to find functions p;(t), i = 1,2,3,4,
qi(1), i = 1,2 for a given constant set of \; and ;2

In order to solve this problem we first considered the following hypothesis: all changes in
cell behavior scenarios up to stabilization should be minimized (the sum of all changes of p,(t)
and q(t) should be the minimal possible ones). The underlying biological logic of this hypothe-
sis is that each type of scenario is implemented by different sets of biological mechanisms,
which require specific proteins and other compounds to be prepared in a cell. This means that
each time-step of cell population behavior towards stabilization should be more plausibly
achieved by minimal change in each scenario existing at the previous time-step than by inter-
mittent pattern of each of them.

This means that the function v:

v=(0)" + (02) + (5y) + (B + (4)" + (6), 9)
where p, = dp,(t)/dt, q, = dq,(t)/dt, should be minimized, i.e.:
. 2 . 2 . 2 . 2 . 2 . 2 .
v=(p,) +(Py) +(Ps) + (P,) +(q,)" +(q,)" — min. (10)
Next we rewrite the system (6) and the conditions (2) and (3) as:

S(t) = qz(t))hz + ((ps(t) - Pz(t) - P4(t)))“1 - (1 + qz(t))iQ TV = Vl)s(t)
+(Ay = (1 = py(8)) 4 = 95 +7,)8%(1),

Pl(t) + PQ(t> + ps(t) + p4(l‘) =1, (12)

@ () +q,(t) =1, (13)

where §(t) = ds(t)/dt.
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This gives us a system:

P3(t) = {s(t) - )qu(t) + [71 =7V, + /11 + ;“2 - ;“1P1(t) + /lqu(t)
T2 =71 = Ay + A (py(8) + po()))s(0)]s () }/ [As(£)(2 = s(1))],
p4(t) =1- Pl(t) - p2(l‘) - ps(t)7 (14)

ql(t) =1- qQ(t)

from which we can conclude that the function v depends only upon three variables, which are
(for example) p;(#),pa(1),q2(#). Thus, for minimizing it, we need to solve 3 equations:

ov
. (15)
ov
b, (16)
ov
A 17
94 (17)

Thus, for six variables p;(f) and q;(t) we have a system of 6 Eqs (14-17). For the solution of
that system we have to add three initial conditions:

P1(t = O) = Do Pz(t = 0): D2o» qQ(t = O) = {qo- (18)

All solutions for each p;(t), q;(f) corresponding to all possible sets of initial conditions (18),
which satisfy the condition (1) for all time period T will provide a set of six corridors (ranges)
of probabilities of scenarios p;(t), q;(¢) of cell behavior in a given experimental case.

This means that, given the measured s(t) and a constant set of \;,Y;, we can determine corri-
dors of all possible probabilities of scenarios pi(t), qi(t) varying with time.

The results of the calculations of all possible corridors of probabilities for the reference curve
s(t) (taken as the one in Fig 1), and different sets of biologically relevant parameters A;,A,,Y1,Y2
are presented in Fig 2; the corresponding algorithm and the program code are provided in
Methods section. The considered rates of non-stem cell division (),) were taken from experi-
mental measurements in different cancer cell lines, while the rate of stem cell division (\,),
which is difficult to measure, was chosen in order to vary the ratio of stem/non-stem division
rates (1:1; 1:5; 1:10), corresponding to a statement about slower rate of stem cells divisions. The
considered variants of cell death rates (0.1; 0.5) were taken from experimental measurements.

It is important to note, that the boundaries of each corridor can be (and usually are) com-
prised from the parts of different possible functions p;(t) (or g;(f)) existing inside a particular
corridor. However, these boundaries can help to evaluate the possibility or impossibility of a
scenario(s) in particular experimental systems.

For example, this simulation gives an answer to the question of the necessity of non-stem to
stem cell transition scenario in the course of CSC stabilization toward equilibrium. As it can be
seen from the Fig 2, for all considered biologically relevant sets of cell division and cell death
rates Aj,A5,Y1,Y2, the lowest boundary of the corridor of probability q,(¢) (corresponding to non-
stem to stem cell transition) appears to be higher than zero, at all or at least at some time points.
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Another important question is the existence of other types of stem cell behavior scenarios
in addition to asymmetrical division, which is postulated to be predominant at least in normal
stem cells. Results showed that for biologically relevant sets of parameters A;,A,,Y1,Y2, the high-
est level of possible probability p;(f) (the upper corridor boundary) is around 60%, being much
lower for some cases (Fig 2).

For many practical applications it is very important to be able to find a unique solution for
each probability p;(#), qi(#). To this end, we addressed Question 2:

Given a measured curve s(t), and parameters Ai,Y;, what additional data are necessary and
sufficient to get a unique solution for each p;(t) and q;()?

From the analysis done for the Question 1 it is clear that these additional data should be a
set of three initial conditions (18).

We have explored this possibility and present two examples of the determination of such a
set of unique functions p;(¢) and q;(¢) in Figs 3 and 4, considering two important biological
questions, mentioned above. In the first simulation (Fig 3) we chose the initial conditions (18)
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such that g, be the minimal one, thus exploring the possibility of an absence of D to S cell
transition the scenario for each particular case (six different cases (sets of parameters A;,y;,as in
Fig 2) are considered). As we can see from our results, this possibility does not occur in any of
these cases. In the second simulation (Fig 4) we search for the maximal probability of asym-
metric division of stem cells in each particular case, by setting the initial conditions to maxi-
mize p,o. The results show that for all six cases the probability p; can not exceed 63%.

Determination of underlying field factors involved in cancer cell
population dynamics

In our previous work [53] we have suggested that the coordinated dynamical change of the
parameters of cell behavior, resulting in cancer stem cells subpopulation stabilization, occurs in
response to a multiparametric biochemical signal produced in a system. In the simplest case, it
may be a set of secreted factors influencing cell behavior; although it can also be induced by cell-
to-cell contact, a hypothesis that is not taken into account here for the sake of simplification.

We noted this signal as an underlying field u(t), where u(t) is a set of biochemical com-
pounds (factors) in a media, capable to influence cell fate. Generally, in can be presented as a
matrix of factors uy(t), where each factor i may be produced by S or D cell at some time point
t, and have an influence j on the behavior of S or/and D cell, possibly with some time delay t+r.

Here we further explore this idea, assuming that a field of secreted factors u(#) influences
probabilities of cell fate scenarios, and thus that the structure of corridors of probabilities p;
and q; depends on a changing set of concentrations of secreted biochemical compounds.

This means that in the Eq (10) all probabilities of division scenarios of S and D cells (p;(¢)
and q;(#) are the functions of an underling field u(t), changing with time:

p(u(®), i=1...4, qu(t)), i=1,2. (19)

The task of identification of molecular factors involved in the underlying field formation
raises the Question 3:

Given a set of unique functions of probabilities p; and gq;, is it possible to find a set of factors u
(t) responsible for their dynamics?

First, for simplification, we will consider underlying field u(t) merely be a set of K biochemi-
cal compounds (factors) presenting in the media, i.e., as a set of functions u(t), k= 1,.. ,K.
Later, we may consider the possible dependence of each factor u,(f) on the amount of S and/or
D cells, as these factors may be produced by one and/or the other type of cells.

Next, in order to determine the factors uy(f) which influence the evolution of probabilities
pi(#) and q;(#), we will perform decomposition of given functions p;(¢) and q;(¢) over the func-
tions uy(t). We will use the following form for the function u(t):

u(t) = be 9", (20)

where a is the coefficient reflecting the width of a particular curve u(#), b is its height, c is the
position of the curve on the time axes, m is the shape (sharpness) of the curve (Fig 5).

This form, by varying the coefficients a,b,c,m, allows modeling various kinetics of factors,
e.g., linear with different parameters, constant, exponential, trapezoid, etc.

According to formula (20), the dependence of probabilities p;,q; on factors ui(¢) can be writ-
ten as:

K m
D(t) =37 (be o), (21)

where y;, i = 1.. .6, is the generalized variable for all six probabilities p;,p,,p3,P4.q1,q2
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Fig 3. The unique solutions for each function p;(f) and q;(f) determined by the choice of initial conditions (18) requesting an absence
(maximal possible minimization) of D—S$ scenario (g,o—min). Six different sets of parameters A;,y;, (as in Fig 2) are considered.

https://doi.org/10.1371/journal.pone.0224787.9003

K is the number of u(t) factors considered, n = 1,. . .N is the time-points. Coefficients ay,cy
reflect details of a nature of a particular factor k, while coefficients by reflect also the possibility
of different influence of each factor k on the dynamics of each probability y;. Thus, by coeffi-
cients b this variance of contribution of each factor uy(f) to each function of probability y; is
taken into account. We assume that the coefficient by,

b = |max;(by)|; (22)

may correspond to relative concentration of a biochemical compound (factor uy) in a media.
Therefore we may define function u(t) as

u,(t) = be e (23)

The test calculations and numerical simulation have shown that it is possible to set the
value of the coefficient m = 6 for all factors, while coefficients by.,ay,cx should be selected by
least-squares method. Thus, we will find such coefficients b;,ax,cx in the expression (21) that
provides a minimum of the total quadratic deviation:

f= 25:12?:1 :(t.) _yin)2 — min, (24)

where y(t,) are taken as in (21), while y;, correspond to a given set of unique functions of
probabilities p;(t) and q;(t), determined from biological experiment and subsequent computa-
tiOl’lS; Yin= pi(tn)ai =1...4, Ysn = ql(tn)ay6n = qZ(tn)-

For that it is necessary to ensure equality to zero of the expressions:

B a5 et = o) T b (5 (e ) y,) =
g —9 ZN ( —ag(ty—cy)™ (t _ )(’”*1) ZG b (ZK (b —ag(ty—ck) ) )) =0
3Cq = s4,m o1 \C n G i—1 i ko1 Vi€ Yin)) =1 (25)

ty—C,) K —a ¢
_—QZ *aq( q) (Zk:1<bike (tn—ck) ) ym)) 0

whereq=1...K.

By this we obtain a system of Eq (25) for determining by,ap.ci,k = 1...K, i=1...6, which
was solved by the gradient descent method, starting with test initial values and obtaining the
minimum of the function (24). The number of factors k is determined from the condition that
the mean deviation y(t,,) from y;, should not exceed a given value of permissible variation &,,:

= Zij:l Z?:l |yi(tn> _yin|
N 6N

100% < &, (26)

The search starts from suggested initial number of factors K, and in the case when condi-
tion (26) is not fulfilled for a given £,, should be repeated for K+1, and further on until the sat-
isfaction of (26).

Next a corresponding computer program, automatically performing all necessary computa-
tions for a chosen &, was developed and applied for the particular set of curves p;(£),p,(t),
D3(),p4(1),9:1(1),q2(t) presented on the Fig 3 (the corresponding algorithm and the program are

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 13/24


https://doi.org/10.1371/journal.pone.0224787.g003
https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

A1=1,A2=10,7;=0.1,7,=0.1

.\/

0.75 — Pq

J T 32

0.50 _ pi

0.25 — 9
% 1 2 3 4 5 day

;\.1=1, ?\.:2= 5;71=0.1,'Yz=0.1

1.00
0.75 -
0.50lw
0.253(
% 1/;—3 4 5 day

A=1,%2=1,y,=0.1,y,=0.1
1.00

1

0.75

0.50

0.25

A.1=1, 12=107'Yl= 0'13'Y2=0.5

1.00 ]
N | 7]
0.75 j
0.50
0.25
>§\
0o 1 2 3 4 5 day

AM=1L,A= 5,71=0.L,y,=0.5
1.00
/

0.75

/

w
LN

0

0 1 2 3 4 5 day

0.50
0.25
0 -
0 1 2 3 4 5 day
A1=1,42=10,7;=0.L,1,=0.5
Lo T—] ——
0.75
0.50
0.25
0 A
0 1 2 3 4 5 day

Fig 4. The unique solutions for each function p;(f) and q;(f) determined by the choice of initial conditions (18) requesting the
maximal probability of asymmetric division of stem cells (p;o—max). Six different sets of parameters A;,y;, (as in Fig 2) are

considered.

https://doi.org/10.1371/journal.pone.0224787.9004

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019

14/24


https://doi.org/10.1371/journal.pone.0224787.g004
https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

1.00

0.735
0.50

0.25

ol J \ .

0 1 2 3 4 5day

Fig 5. The function u(t) used to approximate the dynamics of underlying field factors.
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provided in Methods section). The results of computations, determining the number and pat-
tern of u,(f) factors, providing the satisfaction of the condition &€ < 1% for each experimental
case (the same sets of A;,y; considered before), are presented on Fig 6, where the height of each
factor by.

The search started from suggested initial number of factors K = 4, and has elucidated the
most plausible number of major u(#) factors for each experimental case (which varied from 3
to 6 factors depending on the case), together with their specific patterns (shape, height and
timing).

It was found that in 3 cases out of 6 explored, the starting number of factors K = 4 was
enough to determine a set of essential influencing field factors u(¢) with sufficiently good
value of variation €.

Moreover, in two cases, namely, for the set A; = 1,A, = 1,y; = 0,1,y, = 0,1 (€ = 0,49%; Fig
6A) and for the set A; = 1,A, = 10,y; = 0,1,y, = 0,1 (€ = 1%; not shown), the program has
detected only 3 factors as essential, thus showing the capability to find the minimal possible set
of factors u(t) for the best fitting, independent of the starting number of factors K. In one case
4 factors were determined: A; = 1,A, = 1,y; = 0,1,y, = 0,5 (¢ = 0,47%, Fig 6B). For the other 3
cases, for which with K = 4 unsatisfactory € value was obtained, the search was continued with
greater number of factors K up to optimal of fitting. Finally, for two cases the final number of
essential influencing factors was 5: A; = LA, = 5,y; = 0,1,y, = 0,1 (¢ = 0, 82%; Fig 6C) and A, =
LA, =5,y, =0,1,y, = 0,5 (€ = 1,0%; Fig 6D), while in one case, for which K = 5 gave € = 1,2, the
final number of factors K appeared to be equal to 6: A; = 1,A, = 10,y; = 0,1,y, = 0,5 (€ = 0, 75%;
not shown).

We expect that this model can give insight into a search for biochemical factors involved in
controlling cell behavior. For example, if in a course of measurement of CSC population

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 15/24


https://doi.org/10.1371/journal.pone.0224787.g005
https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

u

AM=1LAx=1y;=017,=01

0.5

u2

uy

0.5

0.5

A=1 A= 1,11=9.l, 1,=05

A1=1 A3=5,1; =0.1,72=0.1

A=12=517,=01,7,=05

1 1 1
0.5 0.5 \ 0.5
0 \ 0 0
0 2 4 6 0 2 4 6 0 2 4 6
1 1 L
0.5 0.5 ﬂ 0.5
o o oL/ A\
0 2 4 6 0 2 4 6 0 2 4 6
1 1 1
0.5 0.5 0.5
0 0 /~ N\ 0 ﬂ
0 2 4 6 0 2 4 6 0 2 4 6
1 1 1
0.5 0.5 0.5
0 0 0 ﬂ
0 2 4 6 0 2 4 6 0 2 4 6
1 1 1
0.5 0.5 0.5
0 0 0
0 2 4 6 0 2 4 6 0 2 4 6
t t t
b c d

Fig 6. Underlying field u,(t) functions for four considered sets of A;,y;. The height of each factor u,(f) corresponds to by.
https://doi.org/10.1371/journal.pone.0224787.g006

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019

16/24


https://doi.org/10.1371/journal.pone.0224787.g006
https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

kinetics, also the Metabolome (Secretome) profiles of the culture media can be obtained, the
secreted factors which appear, increase, decrease or disappear at each time point can be identi-
fied (Fig 7).

Next predictions on uy(f) factors obtained by mathematical model for a given case (s(t), A;,
v;) (Fig 6) should be compared with the results of the corresponding Secretome profile (Fig 7).
The biochemical factors having the kinetics and patterns coinciding with the predicted under-
lying field functions u(#) could be the good candidates for being involved in controlling cell
behavior.

It is probable that out of possibly several hundreds metabolites in Secretome, several will fit
to predicted u(#). In this case two variants may be envisioned: either a cumulative effect of all
(or several) indicated metabolites creates the u(t) signal, or only one among them has this spe-
cial effect.

Important Remark. Though the system of Eq (25) cannot be solved uniquely, our computa-
tional experiments have shown that by requesting € to be considerably small and by setting the
approximation time steps in the program to be 10~* arbitrary units, we get minimizing of the
area of all u(#) in such a way that the difference between the various solutions is negligible, as
it is below the sensitivity of experimental equipment used for monitoring the factors. For
example, for £/1%, the maximal variation of coefficient b reflecting a concentration of a factor
in a media, is 3%, and maximal variations of coefficients a and c reflecting the time of existing
of the factor in media are 3%.

This means that the model suggests an approach to determine the secreted factors influenc-
ing the time-dependent cells behaviors leading to the stabilization of CSC population.

Predictions of putative production of secreted factors u,(t) by S or D cells

The identification of the cell type, stem or non-stem, producing the factor(s) influencing CSC
behavior might be important for basic research as well as for potential medical applications. In
order to provide a tool for such a prediction, we assumed that some factors uy(t) can be pro-
duced (completely or mostly) by S cells, others by D cells, while some factors may be without
explicit belonging to any type of these cells.

To account for this possibility, we have considered a set of functions Uy (t) which provides
discriminatory dependence of a factor u,(t) on S or D cells kinetics:

U () =u ()M, k=1...K, c=1...3, (27)

where M, is a set of three functions: M, = {s(t),d(t),1}.

This means that having an optimal set of factors u,(f), found at the previous step (Fig 6) for
a given set of parameters A;,y; and given kinetics p;(¢), qi(f),we will consider all variants of mul-
tiplication of each function u,(f) on each of the functions s(t),d(t), and on the constant equal
to 1, with determining € value for each Uy (t) according to formula (26).

We can assume that the result of such a multiplication that gives the smallest £ value repre-
sents the possible dependence of the factors upon the types of cells (S or D cells). The variant
of multiplication on 1 means independence of a factor on S or D kinetic, which can reflect the
production of these factors evenly by both types of cells or their production by the
environment.

The results of the computation Uy(t) for two selected cases are presented in the Table 2.

Two chosen experimental cases (A) and (B) for different sets of parameters A;,A,,Y1,Y, are
presented, with four secreted factors uy for each of them. In Table 2, “S” or “D” means consid-
ering the dependence of a factor on S or D cells kinetics, while “1” means considering an inde-
pendence of a factor on any specific type of cells.
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The variant (1,1,1,1) marked in bold corresponds to the independence of all factors upon
any specific type of cells. All variants with better results (£ is smaller than in (1,1,1,1)) and
some chosen variants for the worse results (¢ is larger than in (1,1,1,1)) are shown.

It can be seen that for the case (A): A, = 1,A, = 5,y; = 0,1,y, = 0,1, for K = 4 and without dif-
ferentiating multiplication (corresponding to the variant 1,1,1,1) £ = 1.373% (Table 2A). The

computation has shown that all other variants of multiplication give worse results (some

selected ones are shown), except for only one variant (S,D,D,S), though decreasing the value of
£ not considerably (e = 1.298%). However, it still can be an indication of differential produc-
tion of the factors () by S or D cells.

Much stronger dependence on S and D kinetics is demonstrated in the other case (B): (A)
A =LA, =10,y, = 0,1,y, = 0,5, where for K = 4 and without differentiating multiplication the
lowest £ value was found as £ = 1.435%, while in the best variant with differentiating multipli-
cation (S,D,1,S), it decreases up to 1.013 (Table 2B). Also, the fact that in this case 25 variants
with differentiating multiplication give better results than the variant without considering the
dependence on S or D kinetics (1,1,1,1), can indirectly point on the necessity of concluding
this additional calculation in this concrete case. On the other hand, this fact can be an indicator
of instability of the found best variant of multiplication (for this case, all variants with better

Table 2. Possible dependence of the factors uy upon the type of producing cells (S or D cells).
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results (g is smaller than in (1,1,1,1)) and some chosen variants for the worse results (¢ is larger
than in (1,1,1,1)) are shown in Table 2B).

It is important to note, that in order to show a larger difference in multiplicative and non-
multiplicative outcome, we present in Table 2 the results of a differentiating multiplication,
which was started from the optimal sets of non-multiplied factors u.(t) obtained with the
requirement £<1.5% corresponding to K = 4. The program started from the best non-multipli-
cative set obtained in stricter requirement £<1% (presented on Fig 6, and corresponding to
K =5 factors in the case (A) and K = 6 in the case (B)), gives the same qualitative results, i.e.,
the same dependence of particular factors on S and D kinetics, but with less significant
decrease of € value for the resultant best multiplication.

This means that in order to obtain reliable results about the dependence of the underlying
field factors on S or D cells, one should apply the suggested computational program starting
with the optimal sets of non-multiplied factors u.(t) obtained for possibly high level of &,,.

Conclusions

Using a set of theoretical assumptions and basic knowledge of cancer cells population behav-
ior, we suggest a mathematical approach which may help experimentalists gain insight into a
broad array of cancer cell fates using a limited amount of experimental measurements. The
computational program based on our model allows determining several important characteris-
tics of CSC behavior in a cancer cell population.

First, on the basis of a minimal set of experimentally measured values (rates of cell division,
of cell death and CSC population kinetics s(t)), our model enables the prediction of probabili-
ties of cell-line specific modes of S and D cells divisions, including the unusual D— S transition.
Second, the model explores the dynamics of cell-cell interaction factors w.(t) influencing can-
cer cells behavior (namely, the time-dependent probability of cell division modes p;(t) and g;
(t)). Finally, the model allows to concern the likelihood of production of these factors u(t) by
S (stem) or D (non-stem) cells in the cancer cell population.

A potential drawbacks of the proposed model is that the key assumptions of the model are
pure theoretical and that the model is rather simple. For example, we do not take into the
account the effects of deterministic-stochastic interplay which was first considered for CSC
modeling in [37] and next developed in [58]. Another obvious limitation of the model is that
the suggested applications of it still have to be confirmed by biological experiments.

However, we can anticipate the development of several epistemological and practical appli-
cations regarding cancer cell behavior, which cannot be accomplished by using biological
methods only. As an example, the proposed work may give insight into evaluation of the risks
of cancer to relapse upon radio- or chemotherapy, based on the experimental measurement of
its CSC kinetics. Also, it may help to find the treatment achieving the most efficient suppres-
sion of cancer subpopulations, as well as the schedule achieving the best therapeutic results by
considering the predicted underlying field behavior. An essential part of this schedule may
depend on identifying the treatment time points at which elimination of specific underlying
field factors will be predicted as crucial for cancer population abolishment.

Acknowledgments

The work of N. Bessonov and A. Minarskiy was supported by IHES (Institut des Hautes Etudes
Scientiques, France) program on mathematical biology (Simons foundation), research by A.
Minarsky was supported by Ministry of Science and Higher Education of Russian Federation
(assignment 1.9788.2017/BCh).

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 20/24


https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

Author Contributions

Conceptualization: Annick Harel-Bellan, Nadya Morozova.

Data curation: Guillaume Pinna.

Formal analysis: Nikolay Bessonov, Andrey Minarsky.

Investigation: Guillaume Pinna.

Methodology: Guillaume Pinna, Andrey Minarsky.

Supervision: Annick Harel-Bellan, Nadya Morozova.

Writing - original draft: Guillaume Pinna, Nadya Morozova.

References

1.

10.

11.

12

13.

14.

15.

16.

Lutz C, Hoang VT, Ho AD. Identifying leukemia stem cells—is it feasible and does it matter? Cancer
Lett 2013; 338: pp.10—14. https://doi.org/10.1016/j.canlet.2012.07.014 PMID: 22820159

Chen SY, Huang YC, Liu SP, Tsai FJ, Shyu WC, Lin SZ. An overview of concepts. Cell Transplant
2011; 20: pp.113-120. https://doi.org/10.3727/096368910X532837 PMID: 20887682

Buss EC, Ho AD. Leukemia stem cells. Int. J. Cancer 2011; 129, pp.2328-2336. https://doi.org/10.
1002/ijc.26318 PMID: 21796620

Reya T., Morrison S.J., Clarke M.F., Weissman |.L. Stem cells, cancer, and cancer stem cells. Nature,
414 (2001), pp.105—111. https://doi.org/10.1038/35102167 PMID: 11689955

Dean M., Fojo T. and Bates S. Tumour stem cells and drug resistance. Nat. Rev. Cancer, 5(2005), pp.
275-284. https://doi.org/10.1038/nrc1590 PMID: 15803154

Clarke M.F., Dick J.E., Dirks P.B., Eaves C.J., Jamieson C.H., Jones D.L. et al. Cancer stem cells-Per-
spectives on current status and future directions: AACR workshop on cancer stem cells. Cancer Res.,
66(2006), pp.9339-9344. hitps://doi.org/10.1158/0008-5472.CAN-06-3126 PMID: 16990346

Bao S., Wu Q., McLendon R.E., Hao Y., Shi Q., Hjelmeland A.B. et al. Glioma stem cells promote radio-
resistance by preferential ac-tivation of the DNA damage response. Nature, 444 (2006), pp. 756—760.
https://doi.org/10.1038/nature05236 PMID: 17051156

O’Brien C.A., Pollett A., Gallinger S., Dick J.E. A human colon cancer cell capable of initiating tumour
growth in immunodeficient mice. Nature, 445 (2007), pp. 106—110. https://doi.org/10.1038/
nature05372 PMID: 17122772

Ricci-Vitiani L., Lombardi D.G., Pilozzi E., Biffoni M., Todaro M., Peschle C. et al. Identification and
expansion of human colon-cancer-initiating cells. Nature, 445 (2007), pp. 111-115. https://doi.org/10.
1038/nature05384 PMID: 17122771

Li C., Heidt D.G., Dalerba P., Burant C.F., Zhang L., Adsay V. et al. Identification of pancreatic cancer
stem cells. Cancer Res., 67 (2007), pp.1030-1037. https://doi.org/10.1158/0008-5472.CAN-06-2030
PMID: 17283135

Charafe-Jauffret E, Ginestier C, Bertucci F, Cabaud O, Wicinski J, Finetti P. et al. ALDH1-positive can-
cer stem cells predict engraftment of primary breast tumors and are governed by a common stem cell
program. Cancer Res. 2013 Dec 15; 73(24), pp.7290-7300. https://doi.org/10.1158/0008-5472.CAN-
12-4704 PMID: 24142344

Kreso A., Dick J.E. Evolution of the cancer stem cell model. Cell Stem Cell, 14 (2014), pp. 275-291.
https://doi.org/10.1016/j.stem.2014.02.006 PMID: 24607403

Visvader J.E., Lindeman G.J. Cancer stem cells: current status and evolving complexities. Cell Stem
Cell, 10 (2012), pp. 717-728. https://doi.org/10.1016/j.stem.2012.05.007 PMID: 22704512

Liu S., Wicha M.S. Targeting breast cancer stem cells. J. Clin. Oncol., 28 (2010), pp. 4006—4012.
https://doi.org/10.1200/JC0.2009.27.5388 PMID: 20498387

Mani S.A., Guo W., Liao M.J., Eaton E.N., Ayyanan A., Zhou A.Y. et al. The epithelial-mesenchymal
transition generates cells with properties of stem cells.Cell, 133 (2008), 704—715p. https://doi.org/10.
1016/j.cell.2008.03.027 PMID: 18485877

Ginestier C., Wicha M.S. Mammary stem cell number as a determinate of breast cancer risk. Breast
Cancer Res., 9 (2007), 109-126. https://doi.org/10.1186/bcr1741 PMID: 17688678

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 21/24


https://doi.org/10.1016/j.canlet.2012.07.014
http://www.ncbi.nlm.nih.gov/pubmed/22820159
https://doi.org/10.3727/096368910X532837
http://www.ncbi.nlm.nih.gov/pubmed/20887682
https://doi.org/10.1002/ijc.26318
https://doi.org/10.1002/ijc.26318
http://www.ncbi.nlm.nih.gov/pubmed/21796620
https://doi.org/10.1038/35102167
http://www.ncbi.nlm.nih.gov/pubmed/11689955
https://doi.org/10.1038/nrc1590
http://www.ncbi.nlm.nih.gov/pubmed/15803154
https://doi.org/10.1158/0008-5472.CAN-06-3126
http://www.ncbi.nlm.nih.gov/pubmed/16990346
https://doi.org/10.1038/nature05236
http://www.ncbi.nlm.nih.gov/pubmed/17051156
https://doi.org/10.1038/nature05372
https://doi.org/10.1038/nature05372
http://www.ncbi.nlm.nih.gov/pubmed/17122772
https://doi.org/10.1038/nature05384
https://doi.org/10.1038/nature05384
http://www.ncbi.nlm.nih.gov/pubmed/17122771
https://doi.org/10.1158/0008-5472.CAN-06-2030
http://www.ncbi.nlm.nih.gov/pubmed/17283135
https://doi.org/10.1158/0008-5472.CAN-12-4704
https://doi.org/10.1158/0008-5472.CAN-12-4704
http://www.ncbi.nlm.nih.gov/pubmed/24142344
https://doi.org/10.1016/j.stem.2014.02.006
http://www.ncbi.nlm.nih.gov/pubmed/24607403
https://doi.org/10.1016/j.stem.2012.05.007
http://www.ncbi.nlm.nih.gov/pubmed/22704512
https://doi.org/10.1200/JCO.2009.27.5388
http://www.ncbi.nlm.nih.gov/pubmed/20498387
https://doi.org/10.1016/j.cell.2008.03.027
https://doi.org/10.1016/j.cell.2008.03.027
http://www.ncbi.nlm.nih.gov/pubmed/18485877
https://doi.org/10.1186/bcr1741
http://www.ncbi.nlm.nih.gov/pubmed/17688678
https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Cicalese A., Bonizzi G., Pasi C.E., Faretta M., Ronzoni S., Giulini B. et al. The Tumor Suppressor p53
Regulates Polarity of Self-Renewing Divisions in Mammary Stem Cells. Cell, V. 138, Iss. 6,
2009, pp.1083—1095. https://doi.org/10.1016/j.cell.2009.06.048 PMID: 19766563

Zhang S., Balch C., Chan M.\W., Lai H.C., Matei D., Schilder J.M. et al. Identification and characteriza-
tion of ovarian cancer-initiating cells from human tumors. Cancer Res., 68 (2008), pp.4311-4320.
https://doi.org/10.1158/0008-5472.CAN-08-0364 PMID: 18519691

Maitland N.J. Collins A.T. Prostate cancer stem cells: a new target for therapy. J. Clin.Oncol., 26
(2008), pp.2862-2870. https://doi.org/10.1200/JC0O.2007.15.1472 PMID: 18539965

Gupta P.B., Onder T.T., Jiang G., Tao K., Kuperwasser C., Weinberg R.A. et al. Identification of selec-
tive inhibitors of cancer stem cells by high-throughput screening. Cell, 138 (2009), pp.645—-659. https://
doi.org/10.1016/j.cell.2009.06.034 PMID: 19682730

El Helou R, Pinna G, Cabaud O, Wicinski J, Bhajun R, Guyon L, et al. miR-600 Acts as a Bimodal
Switch that Regulates Breast Cancer Stem Cell Fate through WNT Signaling. Cell Rep. 2017 Feb 28;
18(9), pp.2256—2268. https://doi.org/10.1016/j.celrep.2017.02.016 PMID: 28249169

Polytarchou C., lliopoulos D., Struhl K. An integrated transcriptional regulatory circuit that reinforces the
breast cancer stem cell state. Proc. Natl. Acad. Sci. USA, 109 (2012), pp. 14470-14475. https://doi.
org/10.1073/pnas.1212811109 PMID: 22908280

Song S.J., lto K., AlaU., Kats L., Webster K., Sun S.M., et al. The oncogenic microRNA miR-22 targets
the TET2 tumor suppressor to promote hematopoietic stem cell self-renewal and transformation. Cell
Stem Cell, 13(2013), pp. 87—101. hitps://doi.org/10.1016/j.stem.2013.06.003 PMID: 23827711

Bu P., ChenK.Y., Chen J.H., Wang L., Walters J., Shin Y.J., et al J.P. A microRNA miR-34a-regulated
bimodal switch targets Notch in colon cancer stem cells. Cell Stem Cell, 12 (2013), pp. 602—615.
https://doi.org/10.1016/j.stem.2013.03.002 PMID: 23642368

Hwang W.L., Jiang J.K., Yang S.H., Huang T.S., Lan H.Y., Teng H.W., et al. MicroRNA-146a directs
the symmetric division of Snail-dominant colorectal cancer stem cells. Nat. Cell Biol., 16 (2014), pp.
268-280. https://doi.org/10.1038/ncb2910 PMID: 24561623

Liu C., Kelnar K., Liu B., Chen X., Calhoun-Davis T., Li H., et al. The microRNA miR-34a inhibits pros-
tate cancer stem cells and metastasis by directly repressing CD44. Nat. Med., 17 (2011), pp. 211-215.
https://doi.org/10.1038/nm.2284 PMID: 21240262

WangH., SunT., HudJ., Zhang R., Rao Y., Wang S., et al R. miR-33a promotes glioma-initiating cell
self-renewal via PKA and NOTCH pathways. J. Clin. Invest., 124 (2014), pp. 4489—-4502. https://doi.
org/10.1172/JC175284 PMID: 25202981

Taube J.H., Malouf G.G., Lu E., Sphyris N., Vijay V., Ramachandran P.P., et al. Epigenetic silencing of
microRNA-203 is required for EMT and cancer stem cell properties. Sci. Rep., 3 (2013), p. 2687.
https://doi.org/10.1038/srep02687 PMID: 24045437

Diehn M., Clarke M.F. Cancer stem cells and radiotherapy: new insights into tumor radioresistance. J.
Natl. Cancer Inst., 98 (2006), pp.1755—-1757. https://doi.org/10.1093/jnci/djj505 PMID: 17179471

Goldman A, Majumder B, Dhawan A, Ravi S, Goldman D, Kohandel M, et al. Temporally sequenced
anticancer drugs overcome adaptive resistance by targeting a vulnerable chemotherapy-induced phe-
notypic transition. Nature communications, 2015, 6:6139. https://doi.org/10.1038/ncomms7139 PMID:
25669750

Stiehl T, Baran N, Ho AD, Marciniak-Czochra A. Clonal selection and therapy resistance in acute leu-
kaemias: mathematical modelling explains different proliferation patterns at diagnosis and relapse.
Journal of The Royal Society Interface 11 (94), (2014), p.79.

Loeffler M., Roeder |. Conceptual models to understand tissue stem cell organization. Current Opinion
in Hematology 2004, 11, pp.81-87. PMID: 15257023

Roeder |., Herberg M., Horn M. An”Age” structured model of hemapoietic stem cell organization with
application to chronic myeloid leukemia. Bull. Math. Biol., 71 (2009), pp. 602—-626. https://doi.org/10.
1007/s11538-008-9373-7 PMID: 19101772

Yang J, Plikus MV, Komarova NL. The Role of Symmetric Stem Cell Divisions in Tissue Homeostasis.
PLoS Comput Biol. 2015 Dec 23; 11(12):e1004629. https://doi.org/10.1371/journal.pcbi.1004629
PMID: 26700130

Yang J, Axelrod DE, Komarova NL. Determining the control networks regulating stem cell lineages in
colonic crypts. J Theor Biol. 2017 Sep 21; 429,pp.190-203. https://doi.org/10.1016/j.jtbi.2017.06.033
PMID: 28669884

Komarova NL. Principles of regulation of self-renewing cell lineages. PLoS One. 2013 Sep 3; 8(9):
€72847. https://doi.org/10.1371/journal.pone.0072847 PMID: 24019882

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 22/24


https://doi.org/10.1016/j.cell.2009.06.048
http://www.ncbi.nlm.nih.gov/pubmed/19766563
https://doi.org/10.1158/0008-5472.CAN-08-0364
http://www.ncbi.nlm.nih.gov/pubmed/18519691
https://doi.org/10.1200/JCO.2007.15.1472
http://www.ncbi.nlm.nih.gov/pubmed/18539965
https://doi.org/10.1016/j.cell.2009.06.034
https://doi.org/10.1016/j.cell.2009.06.034
http://www.ncbi.nlm.nih.gov/pubmed/19682730
https://doi.org/10.1016/j.celrep.2017.02.016
http://www.ncbi.nlm.nih.gov/pubmed/28249169
https://doi.org/10.1073/pnas.1212811109
https://doi.org/10.1073/pnas.1212811109
http://www.ncbi.nlm.nih.gov/pubmed/22908280
https://doi.org/10.1016/j.stem.2013.06.003
http://www.ncbi.nlm.nih.gov/pubmed/23827711
https://doi.org/10.1016/j.stem.2013.03.002
http://www.ncbi.nlm.nih.gov/pubmed/23642368
https://doi.org/10.1038/ncb2910
http://www.ncbi.nlm.nih.gov/pubmed/24561623
https://doi.org/10.1038/nm.2284
http://www.ncbi.nlm.nih.gov/pubmed/21240262
https://doi.org/10.1172/JCI75284
https://doi.org/10.1172/JCI75284
http://www.ncbi.nlm.nih.gov/pubmed/25202981
https://doi.org/10.1038/srep02687
http://www.ncbi.nlm.nih.gov/pubmed/24045437
https://doi.org/10.1093/jnci/djj505
http://www.ncbi.nlm.nih.gov/pubmed/17179471
https://doi.org/10.1038/ncomms7139
http://www.ncbi.nlm.nih.gov/pubmed/25669750
http://www.ncbi.nlm.nih.gov/pubmed/15257023
https://doi.org/10.1007/s11538-008-9373-7
https://doi.org/10.1007/s11538-008-9373-7
http://www.ncbi.nlm.nih.gov/pubmed/19101772
https://doi.org/10.1371/journal.pcbi.1004629
http://www.ncbi.nlm.nih.gov/pubmed/26700130
https://doi.org/10.1016/j.jtbi.2017.06.033
http://www.ncbi.nlm.nih.gov/pubmed/28669884
https://doi.org/10.1371/journal.pone.0072847
http://www.ncbi.nlm.nih.gov/pubmed/24019882
https://doi.org/10.1371/journal.pone.0224787

@ PLOS|ONE

Cancer stem cells stabilization

37.

38.

39.

40.

M,

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

D’Onofrio A., Tomlison I.P.M. A nonlinear mathematical model of cell renewal, turnover and tumori-
genesys in colon crypts. J. Theor. Biol., 244 (2007), pp. 367—374. https://doi.org/10.1016/j.jtbi.2006.08.
022 PMID: 17049944

Gupta PB, Fillmore CM, Jiang G, Shapira SD, Tao K, Kuperwasser C, et al. Stochastic state transitions
give rise to phenotypic equilibrium in populations of cancer cells. Cell. (2011) Aug 19; 146(4), pp.633—
44, https://doi.org/10.1016/j.cell.2011.07.026 PMID: 21854987

Enderling H., Hlatky L., Hahnfeldt P. Cancer Stem Cells: A Minor Cancer Subpopulation that Redefines
Global Cancer Features. Front Oncol. 2013; 3: 76. https://doi.org/10.3389/fonc.2013.00076 PMID:
23596563

Stiehl T, Baran N, AD Ho, Marciniak-Czochra A. Cell division patterns in acute myeloid leukemia stem-
like cells determine clinical course: a model to predict patient survival. Cancer research 75 (6), (2015),
p.940-949. https://doi.org/10.1158/0008-5472.CAN-14-2508 PMID: 25614516

Marciniak-Czochra A, Stiehl T, Ho AD, Jager W, Wagner W. Modeling of asymmetric cell division in
hematopoietic stem cells—regulation of self-renewal is essential for efficient repopulation. Stem cells
and development, 2009, 18 (3), pp. 377-386. https://doi.org/10.1089/scd.2008.0143 PMID: 18752377

Stiehl T. and Marciniak-Czochra A. Mathematical Modeling of Leukemogenesis and Cancer Stem Cell
Dynamics. Math. Model. Nat. Phenom. Vol. 7,2012, pp. 166-202.

Stiehl T., Baran N., AD Ho and Marciniak-Czochra A. Cell division patterns in acute myeloid leukemia
stem-like cells determine clinical course: a model to predict patient survival. Cancer Res. 2015 Mar 15;
75(6), pp. 940-949. https://doi.org/10.1158/0008-5472.CAN-14-2508 PMID: 25614516

Werner B, Scott JG, Sottoriva A, Anderson AR, Traulsen A, Altrock PM. The Cancer Stem Cell Fraction
in Hierarchically Organized Tumors Can Be Estimated Using Mathematical Modeling and Patient-Spe-
cific Treatment Trajectories. Cancer Res. 2016 Apr 1; 76(7), pp. 1705—1713. https://doi.org/10.1158/
0008-5472.CAN-15-2069 PMID: 26833122

Poleszczuk J, Hahnfeldt P, Enderling H. Evolution and phenotypic selection of cancer stem cells. PLoS
Comput Biol. 2015 Mar 5; 11(3):€1004025. https://doi.org/10.1371/journal.pcbi. 1004025 PMID: 25742563

Craig M, Humphries AR, Mackey MC. A Mathematical Model of Granulopoiesis Incorporating the Nega-
tive Feedback Dynamics and Kinetics of G-CSF/Neutrophil Binding and Internalization. Bull Math Biol.
2016 Dec; 78(12), pp.2304—2357. https://doi.org/10.1007/s11538-016-0179-8 PMID: 27324993

Stiehl T., AD Ho and Marciniak-Czochra A.. Mathematical modeling of the impact of cytokine response
of acute myeloid leukemia cells on patient prognosis., Sci Rep. 2018 Feb 12; 8(1):2809. https://doi.org/
10.1038/s41598-018-21115-4 PMID: 29434256

Johnston M.D., Edwards C.M., Bodmer W.F., Maini P.K., Chapman S.J. Mathematical modelling of cell
population dynamics in the colonic crypt and in colorectal cancer. PNAS, 104 (2007), pp. 4008—4013.
https://doi.org/10.1073/pnas.0611179104 PMID: 17360468

Theise N.D., d’Inverno M. Understanding cell lineages as complex adaptive systems. Blood Cells Mol
Dis. 2004 Jan-Feb; 32(1), pp. 17-20. PMID: 14757407

Theise N.D. Perspective: stem cells react! Cell lineages as complex adaptivesystems. Exp Hematol
2004, 32, pp.25-27. https://doi.org/10.1016/j.exphem.2003.10.012 PMID: 14725897

Michor F., Mathematical models of cancer stem cells. J. Clin. Oncol., 26 (2008), pp.2854—2861. https:/
doi.org/10.1200/JC0.2007.15.2421 PMID: 18539964

Chaffer C.L., Brueckmann |., Scheel C., Kaestli A.J., Wiggins P.A., Rodrigues L.O., et al. Normal and
neoplastic nonstem cells can spontaneously convert to a stem-like state. Proc. Natl. Acad. Sci. 108,
(2011) pp.7950-7955. https://doi.org/10.1073/pnas.1102454108 PMID: 21498687

Beretta E, Capasso V, Harel-Bellan A, Morozova N. Mathematical Modelling of Cancer Stem Cells Pop-
ulation Behavior. Math Mod Nat Phen, V. 7, Is. 1, (2012), p.279 — 305.

Beretta E, Capasso V, Harel-Bellan A, Morozova N. Some Results on the Population Behavior of Can-
cer Stem Cells. In: New Challenges for Cancer Systems Biomedicine. d’Onofrio, Cerrai, Gandolfi (eds),
Simai Springer Series. 2012.

Fathi E, Farahzadi R, Valipour B, Sanaat Z. Cytokines secreted from bone marrow derived mesenchy-
mal stem cells promote apoptosis and change cell cycle distribution of K562 cell line as clinical agent in
cell transplantation. PLoS One. 2019 Apr 22; 14(4):e0215678. https://doi.org/10.1371/journal.pone.
0215678 PMID: 31009502

Akbarian V, Wang W, Audet J. Measurement of generation-dependent proliferation rates and death
rates during mouse erythroid progenitor cell differentiation. Cytometry A. 2012 May; 81(5), pp.382—-389.
https://doi.org/10.1002/cyto.a.22031 PMID: 22407926

Zhou F, Rasmussen A, Lee S, Agaisse H. The UPD3 cytokine couples environmental challenge and
intestinal stem cell division through modulation of JAK/STAT signaling in the stem cell

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 23/24


https://doi.org/10.1016/j.jtbi.2006.08.022
https://doi.org/10.1016/j.jtbi.2006.08.022
http://www.ncbi.nlm.nih.gov/pubmed/17049944
https://doi.org/10.1016/j.cell.2011.07.026
http://www.ncbi.nlm.nih.gov/pubmed/21854987
https://doi.org/10.3389/fonc.2013.00076
http://www.ncbi.nlm.nih.gov/pubmed/23596563
https://doi.org/10.1158/0008-5472.CAN-14-2508
http://www.ncbi.nlm.nih.gov/pubmed/25614516
https://doi.org/10.1089/scd.2008.0143
http://www.ncbi.nlm.nih.gov/pubmed/18752377
https://doi.org/10.1158/0008-5472.CAN-14-2508
http://www.ncbi.nlm.nih.gov/pubmed/25614516
https://doi.org/10.1158/0008-5472.CAN-15-2069
https://doi.org/10.1158/0008-5472.CAN-15-2069
http://www.ncbi.nlm.nih.gov/pubmed/26833122
https://doi.org/10.1371/journal.pcbi.1004025
http://www.ncbi.nlm.nih.gov/pubmed/25742563
https://doi.org/10.1007/s11538-016-0179-8
http://www.ncbi.nlm.nih.gov/pubmed/27324993
https://doi.org/10.1038/s41598-018-21115-4
https://doi.org/10.1038/s41598-018-21115-4
http://www.ncbi.nlm.nih.gov/pubmed/29434256
https://doi.org/10.1073/pnas.0611179104
http://www.ncbi.nlm.nih.gov/pubmed/17360468
http://www.ncbi.nlm.nih.gov/pubmed/14757407
https://doi.org/10.1016/j.exphem.2003.10.012
http://www.ncbi.nlm.nih.gov/pubmed/14725897
https://doi.org/10.1200/JCO.2007.15.2421
https://doi.org/10.1200/JCO.2007.15.2421
http://www.ncbi.nlm.nih.gov/pubmed/18539964
https://doi.org/10.1073/pnas.1102454108
http://www.ncbi.nlm.nih.gov/pubmed/21498687
https://doi.org/10.1371/journal.pone.0215678
https://doi.org/10.1371/journal.pone.0215678
http://www.ncbi.nlm.nih.gov/pubmed/31009502
https://doi.org/10.1002/cyto.a.22031
http://www.ncbi.nlm.nih.gov/pubmed/22407926
https://doi.org/10.1371/journal.pone.0224787

@ PLOS | O N E Cancer stem cells stabilization

microenvironment. Dev Biol. 2013 Jan 15; 373(2),pp.383—-393. https://doi.org/10.1016/].ydbio.2012.10.
023 PMID: 23110761

58. d'Onofrio A, Caravagna G, Franciscis S. Bounded noise induced first-order phase transitions in a base-
line non-spatial model of gene transcription. Physica A, 2018, v. 492, pp. 2056—2068.

PLOS ONE | https://doi.org/10.1371/journal.pone.0224787 November 11, 2019 24/24


https://doi.org/10.1016/j.ydbio.2012.10.023
https://doi.org/10.1016/j.ydbio.2012.10.023
http://www.ncbi.nlm.nih.gov/pubmed/23110761
https://doi.org/10.1371/journal.pone.0224787

