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Dynamic Rendering of the Heterogeneous Cell Response
to Anticancer Treatments
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Abstract

The antiproliferative response to anticancer treatment is the result of concurrent responses in all cell cycle phases,
extending over several cell generations, whose complexity is not captured by current methods. In the proposed
experimental/computational approach, the contemporary use of time-lapse live cell microscopy and flow cytometric data
supported the computer rendering of the proliferative process through the cell cycle and subsequent generations during/
after treatment. The effects of treatments were modelled with modules describing the functional activity of the main
pathways causing arrest, repair and cell death in each phase. A framework modelling environment was created, enabling us
to apply different types of modules in each phase and test models at the complexity level justified by the available data. We
challenged the method with time-course measures taken in parallel with flow cytometry and time-lapse live cell microscopy
in X-ray-treated human ovarian cancer cells, spanning a wide range of doses. The most suitable model of the treatment,
including the dose-response of each effect, was progressively built, combining modules with a rational strategy and fitting
simultaneously all data of different doses and platforms. The final model gave for the first time the complete rendering in
silico of the cycling process following X-ray exposure, providing separate and quantitative measures of the dose-
dependence of G;, S and G,M checkpoint activities in subsequent generations, reconciling known effects of ionizing
radiations and new insights in a unique scenario.

Citation: Falcetta F, Lupi M, Colombo V, Ubezio P (2013) Dynamic Rendering of the Heterogeneous Cell Response to Anticancer Treatments. PLoS Comput

Biol 9(10): €1003293. doi:10.1371/journal.pcbi.1003293
Editor: Greg Tucker-Kellogg, National University of Singapore, Singapore

manuscript.

* E-mail: paolo.ubezio@marionegri.it

Received March 27, 2013; Accepted September 5, 2013; Published October 17, 2013

Copyright: © 2013 Falcetta et al. This is an open-access article distributed under the terms of the Creative Commons Attribution License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original author and source are credited.

Funding: This work has been funded by Regione Lombardia under Institutional Agreement n. 14501A, the Italian Association for Cancer Reasearch (AIRC), Milan,
Italy and the Nerina and Mario Mattioli Foundation. The funders had no role in study design, data collection and analysis, decision to publish, or preparation of the

Competing Interests: The authors have declared that no competing interests exist.

Introduction

Anticancer research spans a wide range of scales, from the
microscopic/molecular up to the macroscopic level of clinical
assessment of treatment efficacy. On an intermediate scale of
preclinical testing i vitro and in vivo, cancer research maintains the
need to evaluate the antiproliferative activity of old and new
treatment options in cancer cell populations. In fact, even for new
drugs, assessment of activity against a molecular target does not
guarantee antiproliferative activity and control of expansion — if
not eradication — of cancer cells, which is clearly the primary goal
of any treatment. However, the impressive advances in the
molecular understanding of cancer(s) have not been accompanied
by a deeper comprehension of proliferation in treated samples,
often simplistically estimated with scores based on treated/control
ratios. These do not catch the complexity of the phenomena in
play, leaving unanswered several questions, from the contribution
of inter-cell heterogeneity to the origin of dose-dependence, from
the dynamics of the response of checkpoint controls to the
overlapping of cytostatic and cytotoxic phenomena [1-3]. In
particular, biomedical research is now acknowledging the impor-
tance of cell-to-cell diversity and dynamic variability for protein
levels [4-7] and response to environmental interactions [8] or
treatments [9], even within populations of genetically identical
cells. This calls for a probabilistic view of the single cell response
representing a change of perspective compared to exclusively
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molecularly-driven research, often dominated by a deterministic-
mechanistic view according to which a drug makes a given effect
or not, without specifying the probabilities of the events and their
dose-dependence.

Mathematical modelling is increasingly adopted to tackle
biological complexity, together with experimental procedures
producing appropriate quantitative data, for  silico rendering of
biological structures and processes in different fields and scales,
from X-ray crystallography to medical imaging [10-14]. The
question is normally tackled by adopting a computational model of
the biological phenomenon, whose inputs are meaningful biolog-
ical parameters and outputs are measurable quantities. For
instance, in the crystallography field a model of the diffraction
keeps the 3D structure of a molecule as input and gives as output
the data that a molecule’s crystal would produce when challenged
in X-ray diffraction experiments. The model can be used in two
ways: to infer the 3D structure from experimental data (optimi-
zation problem) or to simulate the expected data from hypothetical
3D structures (simulation) [15].

Adopting a conceptually similar approach, we present here a
mixed experimental/computational method (Figure 1) to render
the process of proliferation at the cell population level, using a
computational model whose input parameters are simple descrip-
tors of the functional activities of the main intracellular molecular
controls of the cell cycle and whose outputs can be directly fitted to
data obtained by time-lapse live cell microscopy (TL) and DNA
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Author Summary

The antiproliferative response to anticancer treatment is
the result of concurrent effects in all cell cycle phases,
where molecular control pathways (checkpoints) are
activated and cells may be arrested to repair DNA damage
or killed if not able to succeed in the repair process. The
complexity and inter-cell variability of these phenomena
are not captured by the available methods, and the origin
of the dose-dependence of the response remains elusive.
In this work, we present an experimental-computational
method that discloses and measures the individual
responses of cell cycle controls in each phase and
generation. We demonstrate that the method, exploiting
jointly data sets obtained by flow cytometry and time-
lapse in vivo imaging with a suitable experimental design,
is able to achieve a full reconstruction in silico of the actual
movement of cell cohorts following X-ray exposure,
providing separate and quantitative measures of the
dose-dependence of G;, S and G,M checkpoint activities
in subsequent generations. Best fit parameters values are
actual measures of the probability of activation of the
specific pathways of arrest, repair or death within the cell
population, linking the molecular scale to the “macro-
scopic” response, with full appreciation of its dynamics
and inter-cell heterogeneity.

flow cytometry (FC). The two platforms convey complementary
information, FC focusing on cell distributions in Gy, S, GoM cell
cycle phases, TL on lineage trees following cells in subsequent
generations.

Valuable examples of modelling proliferation over subsequent
generations can be found in the immunological field, were data
from cells labelled with suitable trackers are exploited to follow
lymphocyte expansion after introduction of stimuli triggering their
entry in cycle [16,17]. These models usually do not include cell
cycle phases. On the other hand, models based on cell cycle phases
were used [18,19] and adapted to model treatment [20] not
distinguishing generations, although effects of treatment were
observed not only in cells directly exposed but also to their
descendants [21,22].

In this paper we attempt to build a model deciphering the effects
of treatment including both cell cycle phases and subsequent
generations, exploiting together FC and TL data. By modelling
proliferation at the cell population level it was possible to
incorporate different kinds of heterogeneity in the structure of
the model, both for untreated and treated cell populations. For
untreated cells, intercell heterogeneity was included by distin-
guishing G;, S and Gy;M phases and introducing frequency
distributions of the duration of each phase. After treatment,
observations demonstrate that some cells die other survive, some
are blocked in a given phase, and among them some die and
others cycle and reach subsequent generations and so on. In this
case the heterogeneity is rendered by the model parameters
themselves, which are probabilities or rates of occurrence of each
phenomenon in play and were applied to the cell cohorts arriving
at each checkpoint at a given time.

A multi-phase and multi-generation model for proliferation in
the absence of treatment was already presented [23] showing the
feasibility to reproduce proliferation at a deeper level than models
explaining simply the time course of the overall cell number or
equivalent measures, or cell phase percentages alone or cell
generations alone. This model was here modified to include the
effects of a treatment. Our previous attempts in treatment
modelling were based on “single-cycle” models, where cells after
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division re-enter in the same cycle and generations were mixed,
and on FC data, alone or coupled with absolute cell counts, with
simplified descriptions of the time-dependence of checkpoint
activities, and trial-and-error simulations [24]. These treatment
models were revised and modules rendering the main effects of
treatments were included in each phase and generation of the
multi-phase and multi-generation model. This eventually enabled
us to explain most of time-dependences required in the previous
treatment models as different effects in subsequent generations.
Moreover, a non-linear fitting procedure was included and,
correspondingly, the experimental design was strongly enriched,
with the inclusion of TL data, for different treatment doses.

Setting the method obliged us to study and solve a number of
related subproblems, concerning the data structure, the cell cycle
model and the optimization (Figure 1). A robust rendering of the
proliferation process up to the fourth generation was achieved,
designing a formal workflow for model building and fitting,
considering contemporaneously data from treatments at different
doses and exploiting cross-validation between FC and TL datasets.

This approach was used here to disclose the details of the
proliferation of a cancer cell population after X-ray exposure,
leading to a measure of the dose- and time-dependence of the
main checkpoint activities and of the balance between recycling
and death over three cell generations after treatment. Recon-
struction of the process was then used for i silico experiments,
evaluating the consequences of default or potentiation of specific
checkpoints on the overall effect of treatment.

Results

Experimental plan and data structure

Human ovarian cancer cells IGROV-1) in exponential growth
were exposed to different doses of X-rays (0 h). The response to
the treatment was monitored over time using TL and FC
(Figure 2). Two FC techniques were applied (Figure 2A): i)
monoparametric cell cycle analysis, which gave FC DNA
histograms, ii) BrdU pulse-chase, which gave biparametric DNA-
BrdU histograms at different times after treatment. Through a
first-level analysis (supplementary Text S1), we obtained time-
courses of FC cell percentages in cell cycle phases and BrdU
subsets, which were collected in the FC database.

TL movies (see representative examples as supplementary
Videos 1 and 2) were analysed tracking all the cells in the fields
of view at 0 h, defined as “generation 0” (gen0), and their
descendants, constituting genl, gen?2 etc. Observations were
collected in a “lineage database” reporting for each cell: i) a cell
identification code, including information about treatment, field,
lineage and generation number; ii) time of birth; iii) time and kind
of outcome (mitosis (M), death (D), survival at 72 h (S), re-fusion of
two newborn cells to make a polyploid one (R) or loss from the
field of view (FL)) (Figure 2B). Other events, like anomalous
mitoses (resulting in three or four offspring), occurred with a
frequency lower than 1% and were neglected in this analysis.

Lineage data were then analysed, deriving cell population
statistics. For each dose we calculated: 1) the frequency distribution
of intermitotic times; ii) the time course of the number of cells in
each generation and of polyploid cells, relative to the number of
cells present at 0 h and corrected for FL cells; iii) the frequency of
the cell events in each generation. These data made up the three
sections of the TL database.

Qualitative visual inspection of FC and TL data after this first
level of analysis already enabled us to depict a preliminary view of
the effects of X-ray exposure (supplementary Text S2). TL data
(Figure S1) indicated the presence of cell cycle delays even at
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Figure 1. Outline of the experimental/computational method. (A) Individual cancer cells respond to the challenge of a treatment activating
molecular pathways that cause cell cycle arrest, damage repair or cell death. The response has complex time-dependence and the effects are still
detectable in the descendants of the cells exposed to the drugs. Cell outcomes are not homogeneous, and the overall antiproliferative response at
the cell population level is the sum of the different stories of all cells. (B) Different experimental techniques can be applied to interrogate the
biological system and retrieve information about cell proliferation during or after treatment. Flow cytometry gives percentages of cells in the various
cycle phases, while time-lapse live cell microscopy indicates the propagation of the effects through subsequent cell generations. A proper
experimental plan, including time course measures with both techniques on samples treated with different doses, can potentially give a complete
scenario of the effects in play, but is not easy to interpret. (C) A computer model renders in silico the dynamics of cell proliferation, based on
parameters associated with unperturbed growth and the activity of cell cycle checkpoints, producing outputs that mimic experimental data obtained
with both FC and TL platforms. A best fit rendering fully consistent with all experimental data discloses the details of the proliferation and of the

underlying checkpoint activities, with their dose-dependence.
doi:10.1371/journal.pcbi.1003293.g001

0.5 Gy, and cell death was detectable from 2.5 Gy, and up to
gen2; some sibling cells eventually re-fused, producing a subset of
polyploid cells within which mitosis was a rare event. FC data
provided complementary information, indicating the activation of
blocks/delays in all cell cycle phases, but without distinguishing
different generations (Figures S2, S3).

Cell cycling models

The overall process of proliferation of cancer cell populations
involves the passage of cell cohorts through cycle phases in
subsequent generations. Treatment changes the cycling (i.e. the
“unperturbed” cycling of untreated controls), imposing delays and
blocks and killing cells with different mechanisms in each phase.
This is reflected in the structure of the modelling framework
implemented i silico (Figure 3A). Response to treatment was
modelled with modules for G, S and GoM checkpoint response in
gen0, genl, gen?2 etc. superimposing and modifying the flow of the
cells through the cycle. An additional module governs polyploi-
dization at the end of each generation. The user interface of the
software enables the researcher to build the desired model,
including the modules of choice for G;, S and GoM in gen0, genl
etc. (see supplementary Dataset S2).

The rendering of the proliferation works on cohorts of cells
whose positions within Gy, S or GoM are tracked by their age
(time from entering) in that phase. Cells are grouped in each phase
within age compartments of length A and straightforward balance
equations connect the age distributions of cells at time t to those at

PLOS Computational Biology | www.ploscompbiol.org

time t+A (Figure S4). When a group of cells ends the cycle and
divides, their offspring enter the next generation at the beginning
of G;. This modelling of the cell flow through the cycle was
extensively tested in previous studies [24-27] and is consistent with
the general mathematical theory of age-structured cell populations
[24-30], with the simple assumption of the balance of the number
of cells entering, lost and exiting in each compartment. Recently,
we introduced a separate simulation for cell populations of
different generations, using this model to render the proliferation
of a cell population by fitting at once FC and TL data [23]. The
section “Modelling proliferation of untreated cells” recapitulates
the model, including a further generalization for future uses. Using
this model, cycling of the untreated IGROV-1 cell population was
simulated (Figure S5) on the basis of average and coeflicient of
variation of the time spent in each phase and refined including
quiescence characteristics for the cell line under study, calculated
in preliminary TL and FC experiments, during asynchronous
exponential growth. In addition to measuring cell cycle percent-
ages and the number of cells in each generation, these experiments
included the measure of intermitotic times, a detailed time course
after BrdU pulse labelling and evaluation of quiescent cells by
continuous BrdU labelling.

In order to render proliferation in the presence of an anticancer
treatment, the basic proliferation model was nested with a model
of the response to treatment, considering that the response can be
very different not only in each cell cycle phase but also in
subsequent generations. For this purpose, cycling of treated
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Figure 2. Experimental plan and first-level data analysis. For FC analysis, cells from replicated samples were collected, fixed and stained at 6,
24, 48 and 72 h. For TL, the same fields were snapped every 20 min up to 72 h in replicated wells. The same experimental protocol was adopted for
controls and 0.5, 2.5, 5 or 10 Gy exposures. (A) Representative FC data: i) monoparametric cell cycle analysis, from which we calculated %G,, %S,
%G,M, ii) biparametric DNA-BrdU analysis after BrdU pulse labeling, from which we calculated the percentages of BrdU-positive cells (%BrdU*), i.e.
cells which were in S phase at the time of labelling, and undivided BrdU™ cells (%Und™"). (B) Representative TL data: movies were collected and each
cell was tracked with its descendants. At least 300 lineages were analysed in each treatment group. Three representative lineages are shown, where
coloured squares indicate the outcome event of each cell. Analysis of lineage data gave population statistics like frequency distribution of

intermitotic times and number of cells in each generation (bottom).
doi:10.1371/journal.pcbi.1003293.9002

samples was simulated by perturbing the basic flow of untreated
cells with modules that can be applied to any phase. Module types
for G; phase are shown in Figure 3, panels B to D (see
Computational Methods for details). Modules render complex
biological phenomena, e.g. the operation of a checkpoint in a
specific cell cycle phase, with the minimum choice of parameters
that enables quantifying the main antiproliferative effects (block,
block recovery or death) occurring in that phase. The cycling cells
death module (Figure 3B) mimics an immediate cell loss, possibly
occurring at high doses with no detectable previous cell cycle
arrest. The mitosis/polyploidy module (Figure 3C) deviates
polyploid cells to a specific pool. Four different types of modules
render checkpoint activity with increasing levels of complexity
(Figure 3D). At the lowest level (type I), the effect is simply a delay
of the progression in the phase where it is located. Type II acts
permanently arresting a fraction of the cells transiting to the next
phase in a specific compartment of blocked cells, which then may
die or not, according to a “death probability” parameter. Type 11
can be applied together with a type I module, modelling a
situation where some cells are permanently arrested and eventu-
ally die, while the others are simply delayed. Type III aims at
rendering the competition between repair and cell death in
blocked cells, adding a new parameter describing recycling to the
type II module. Type IV adds further complexity to type III,
introducing time-dependence for the onset of one or more of the
effects (block, recycling or death). Parameters of each module are
probabilities (e.g. a “block probability”) or rates (e.g. a “death
rate”) of a specific event in the phase and generation where the
checkpoint is located.
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For any set of values of the input parameters of all modules, the
software (supplementary Text S4) gives the simulation of the entire
time course of the progression of the cell population within the
phases and in subsequent generations, of both BrdU™ and BrdU"
cycles, and plots the results. Outputs are simulated data equivalent
to those obtainable with different experiments, like cell cycle flow
cytometry, time lapse imaging, Coulter counter and potentially
any proliferation-based test (see Computational Methods).

Optimization

A rational workflow (Figure S6 and supplementary Text S4) was
devised to build progressively the most suitable model of X-ray
treatment, starting from the simplest and adding complexity when
required, reaching a balance between the desired detail of
rendering the process and the available data, avoiding over-
simplification on one hand and over-parameterization on the
other. Testing of tentative models was based on non-linear fitting
of individual doses first, then performing a multi-dose fitting
considering all data together. For multi-dose fitting, single dose
parameters were constrained to obey simple dose-response
relationships, using Hill or gamma functions. The workflow was
successfully applied to fit simultaneously all FC and TL data of all
doses in the experiment of X-ray exposure of IGROV-1 cells
(Figure 4). The resulting best fit with the final model gives a
dynamic (0-72 h) rendering of the flow of cells through the phases
of the cell cycle and through subsequent generations, for controls
and each X-ray dose (Videos S1 to S5). Figure 5 shows the cell
cycle distribution at representative times and doses taken from the
Movies 1 (control), 2 (0.5 Gy) and 4 (5 Gy). In particular the
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compartment. Then untreated cells progress through the subsequent age compartments of each phase, exiting at different ages as shown in Figure
S4 and detailed in supplementary Text S3. In treated samples this process is altered by perturbation modules, which can be applied to any phase,
providing a flexible framework to build proliferation models with the desired complexity. (B) Cycling cell death module, exemplified for G; phase. It
applies first-order death kinetics to all cycling cells in phase G; with a rate DRg;. (C) The mitosis/polyploid module acts on dividing cells, doubling the
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compartment, from which they die with a rate DRPol. (D) Checkpoint modules, exemplified for G; phase. A specific type of checkpoint module can be
selected, as described in Computational Methods, with parameters Delg; (producing a transit delay), pBLg; (block probability), DRBLs; (death rate of

blocked cells), Recg; (recycling rate of blocked cells).
doi:10.1371/journal.pcbi.1003293.g003

0.5 Gy panels show that cells arrested in genl at 24 h were no
longer there at 72 h, and most cells (85%) were cycling in gen3 at
72 h. Instead, at 72 h, 5 Gy-treated cells are distributed in the G,
and GyM blocks in genl and gen2 (40%) and in the polyploidy
compartments (17%), with few (10%) cycling cells in gen3. The
details of the dynamics of the process can be appreciated in the
respective  Supplementary Videos. Supplementary Dataset S3
includes FC and TL data of all X-rays doses and the user interface
to simulate the final model, together with the instructions to
download and run the simulation program as a Matlab standalone
executable file (PaoSim_MultiDose).

G, and G,;M block/repair/death in irradiated cells
Rendering the proliferation i silico enabled us to retrieve
information not available by direct observation and to quantify the
processes in play. In particular, the best fit provided a quantitative
evaluation of the activity of each checkpoint, separately in
irradiated cells (gen0) and their descendants (Figure 6).

PLOS Computational Biology | www.ploscompbiol.org

We found that the G; checkpoint was activated in cells
directly exposed to radiation at all doses (Figure 6A, gen0),
inducing a partial G; block immediately after exposure.
Blocking activity was relatively weak at 0.5 Gy and high at
2.5 Gy, with no further increase at 5 and 10 Gy. GoM block
probability was similar to that in G; at 2.5 Gy, but was stronger
and continued to increase at higher doses. Among cells reaching
G9M in gen0 (i.e. not only cells originally in GoM but also those
irradiated in G| and S that progressed in the cycle) >95% were
intercepted there at 10 Gy.

The fate of cells blocked in G; and GoM was different. All G-
blocked cells were able to recycle only with 0.5 Gy, then gradually
the recycling decreased and death increased, and at 10 Gy the
majority of these cells eventually died (Figure 6B, gen0). In
contrast, the balance between repair and death among GyM-
blocked cells in gen0 was completely on the side of repair, as at
least 95% of those cells eventually succeeded in dividing and
entering genl also at the highest dose.
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doi:10.1371/journal.pcbi.1003293.g004

G, and G;M block/repair/death among descendants of
irradiated cells

After the first division, cells irradiated with 0.5 Gy were
minimally perturbed in genl and gen2, 25% of them being
temporarily arrested or delayed in G, (Figure 6A, genl and gen?2).
At higher doses, cell cycling was strongly hampered in all phases.
50% of the cells traversing G| were intercepted and blocked there
with 2.5 Gy or higher doses (Figure 6A, genl and gen2). Most of
these G-blocked cells died or were still arrested at 72 h (Figure 6B,
genl and gen2). A dose-dependent GyoM block was detected,
reaching 0.8 probability at 10 Gy (Figure 6A, genl and gen?2), with
different outcome in genl and gen2. The majority of cells
recovered from GoM block up to 5 Gy in genl, while in gen2 most
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GoM-blocked cells died (Figure 6C, genl and gen2). At 10 Gy
mortality in the GoM block was high in both generations.

S checkpoint and polyploidization

The activity of S checkpoint is shown in Figure 6D, reporting
the reduction of the rate of DNA synthesis. GenO cells exposed to
X-rays while in S phase (BrdU") were only moderately delayed in
that phase and eventually reached GoM. The delay was stronger at
10 Gy for cells entering S after having overcome the G
checkpoint (BrdU ), requiring more than 20 h on average to
complete DNA synthesis. Cells in genl were then strongly delayed
while traversing S phase at 2.5 Gy and higher doses, and no S
checkpoint activity was observed in gen2.
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doi:10.1371/journal.pcbi.1003293.g005

Cell re-fusion was measured by the polyploidization module, recycling from that phase, possibly acting on one of the stages of
acting on cells entering genl and gen2. Polyploidization was dose- the repair process.
dependent (Figure 6E), with about one third of re-fusions among At 0.5 Gy the effect of drug B is irrelevant, in view of the limited

cells that divided after 10 Gy. Most polyploid cells survived importance of the GoM checkpoint at this dose, while drug A,
without dividing up to the end of observation, at 72 h, so that the acting on G|, would potentiate the X-ray effects. At 2.5 Gy drug B

fate of these cells remained unknown. would potentiate X-rays more than drug A in the short term, but
in a long term the differences tend to disappear and eventually re-
In silico experiments growth would be similar in both instances. At very high doses, the

effects of drug A would become irrelevant, because the G,
checkpoint is already strong with X-rays alone. Drug B would be
more effective in the short term, but less on a longer term, as it
would prevent cells reaching the G checkpoint in genl and gen2
where cytolethal activity was greater.

The results suggest that strengthening the G, block would
potentiate the effects of radiation, but only at intermediate doses.
A drug preventing the exit from GyM block would be more
effective in the short term, but less on a longer term.

The final model can be used for in silico experiments, addressing
specific questions.

In a first experiment i silico we explored the impact on the
overall proliferation of checkpoint activity in genl and gen2. We
ran the simulation assuming the effects of radiation would be
limited to the cells directly exposed to X-rays, with no effects on
their descendants. In this scenario, we found that cancer cell
expansion was not stopped even at the highest dose (Figure 7A),
demonstrating that the events in genl and gen2 are crucial for the
response to treatment.

At the lowest dose, in the absence of effects on descendants, the Discussion
growth curve almost overlaps the growth of untreated cells, so Mathematical modelling of biological or biomedical systems is
most of the modest growth inhibition has to be attributed to now facing the challenge of quantitative rendering of the biological
perturbations in genl and gen2. As the dose increases, the phenomena, taking into consideration the vast amounts of data
perturbations in gen0 become more obvious, but cell cycle produced by experimental biomedicine, with appreciation of the
checkpoint activities on the descendants of irradiated cells still biological complexity, with its dynamics, and the processes of
make a major contribution to the overall effect. measure, with their strengths and limitations.

Other in silico experiments were run strengthening the G, block Also in cancer research the demand for proper quantitative
or preventing the exit from GoM block, miming hypothetical co- interpretation of the processes in play is rising [31,32]. The
treatments with agents eliciting these specific effects in combina- method we propose enables a detailed study of the mechanisms
tion with X-rays. Figure 7B shows the effects of co-treatments with concurring to build the response to anticancer treatment at the
two hypothetical drugs: drug A acting in Gj, resulting in “cell population” level, where measures were made on single cells
potentiation of the G, block, drug B acting in GyM, inhibiting and on a statistically representative number of them, accounting
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percentages of cells that re-enter the cycle, die or remain blocked at 72 h in the indicated generations. (C) Outcome of G,M-blocked cells,
symbols as in panels B. (D) Dose-dependence of the delay in phase S (fractional reduction of DNA synthesis rate) in gen0 and gen1. Data fit
required a distinction between the delay of cells irradiated in S phase (BrdU™) and in G;/G,M (BrdU™) in gen0. No delay was found in gen2. (E)
Polyploidization rate, as the percentage of cells that re-fused in gen1 and gen2. Error bars indicate 95% confidence intervals for parameter and
derived quantities (e.g. fraction of blocked cells), calculated by fitting 1000 synthetic datasets generated by a Monte Carlo procedure (see

Uncertainty Analysis in supplementary Text S4).
doi:10.1371/journal.pcbi.1003293.g006

for inter-cell variability. This provides a different view respect to
that obtained with bulk measures on cell homogenates, represent-
ing “average” quantities, unpredictably weighted by the relative
numerosity of cell subsets with different amounts of the measured
quantity. At the cell population level, we may exploit a very rich
amount of information, coming from established or new
techniques. It remains a challenge to find the way to organize
all that we can measure, and possibly put together complementary
information from different techniques, in order to give sense to the
observed heterogeneity. This challenge must be addressed, if we
really aim to reach an unbiased picture of the behaviour of a
multicellular system, from in vitro cultures to i vwo organs or
tumours.

We demonstrated that it is possible to integrate FC and TL
platforms via i silico rendering of the dynamics of the underlying
cell cycle progression. This was achieved with a flexible model-
building environment, which enabled us to challenge a variety of
tentative models in a manageable time. Once the model of
unperturbed proliferation was established, we progressed to study
how the system responds to a hypothetical treatment. Different
types of modules were implemented in the model, miming the
activity of cell cycle controls at increasing levels of complexity. The
user can select a specific effect and look at its consequences in
simulated experiments.

Wishing to build a model for a real treatment, we strengthened
the parameter estimation by fitting data from different treatment
levels (four X-ray doses in our example) simultaneously and

optimizing the dose-response for each parameter, with simple
regularity assumptions. This combination of data from different
doses and platforms provided internal cross-validation to exclude
the existence of multiple solutions in models including several
variable parameters. Our optimization procedure initially estab-
lishes a relatively simple model with a unique best fit solution,
which was then cautiously refined, up to the definition of a final
model, by which the data of all doses were fitted with average
errors 1.6% (FC cell cycle percentages) and 3.6% (TL cell
generation numbers) (Figure 4). The final model provided a
unifying view of the effects of radiation that puts in order and
defines the relative importance at the different doses of the main
phenomena in play, which are described separately in the
literature [21,22,33,34] (supplementary Text S5).

Study of the final model disclosed the dynamics of checkpoint
activities and their dose-dependence, showing up basic differences
between G; and GoM checkpoint responses that were not
perceivable by simple data inspection. In particular, GoM-blocked
cells were eventually able to recover from the block and divide
even after treatment with 10 Gy, while at this dose the majority of
G-blocked cells eventually died there. The response was not
restricted to gen0 cells, but cell cycle progression was also
hampered in genl and gen2. Our results strongly support the
concept of a limited efficiency of a single checkpoint to process the
damage [35], suggesting that cycling of individual cells may be
subsequently hampered in different phases. The model was also
used as a basis to explore, with in silico experiments, the
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Figure 7. In silico experiments, exploring the consequences of default of specific checkpoints. (A) Simulated growth curve in the absence
of perturbations in descendants (red line) compared to the best fit final model (black line) and proliferation in untreated cells (green line). (B) Growth
curve in the final model (black line), in the presence of an additional agent (drug A) increasing the probability of G; block (p =0.8) (red line) and with
an additional agent (drug B) preventing exit from G,M block (green line).

doi:10.1371/journal.pcbi.1003293.g007
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consequences of default or potentiation of specific checkpoints,
which in principle could become feasible with new, molecularly
targeted co-treatments, or may occur tumours with
particular genetic defects. Obviously, the real response to
treatment is even more complex than the proposed model. It
does not include, for instance, possible correlations between
sibling cells for probabilities of specific outcomes, or signalling
between cells or spatial issues driving neighbour cells towards a
common fate. Still our model works at a quite high complexity
level, including details of the effects in each phase and
generation at different treatment doses. This was made possible
avoiding over-parametrization only through fitting of a very
rich and complex data set. Further details would require more
parameters and additional data, which are not precluded in
future studies.

in

Materials and Methods

Experimental methods

Cell culture and treatment. Cells from a human ovarian
carcinoma line IGROV-1) were grown in RPMI-1640 medium
(Biowest) as described before [36]. For these experiments,
IGROV-1 cells were seeded in six-well plates (Iwaki) and after
two days, while in exponential growth, they were irradiated with a
RadGil (Gilardoni) 200 kVp X-ray machine at a dose rate of
1.2 Gy/min. The experiments were conducted in parallel by time-
lapse microscopy and flow cytometry. The same experimental
protocol was adopted for controls and 0.5, 2.5, 5 or 10 Gy
exposures, spanning the range from low to high efficacy based on
preliminary tests.

Flow cytometry. For flow cytometry, cells from replicated
samples were collected at the specified times, pooled, fixed in cold
70% ethanol and stained. We applied two flow cytometric
techniques: (i) monoparametric cell cycle analysis and (i) 5'-
bromo-2'-deoxyuridine (BrdU) pulse labeling. For analysis of
DNA content a suspension of permeabilized cells was stained with
propidium iodide (PI) (Calbiochem) [36]. Short-term perturbations
were investigated by BrdU pulse-chase analysis. Pulse labelling was
obtained adding 30 uM BrdU (Sigma) to the cell cultures for
15 minutes. After thorough BrdU washout, the cells were
irradiated and incubated in BrdU-free medium for the indicated
times, then harvested, fixed and stained with PI and BrdU
monoclonal antibody (Becton Dickinson) [36]. Incorporation of
BrdU instead of thymidine during DNA replication enabled to
analyse separately cells in S-phase (BrdU™), from those in G,/GyM
(BrdU ) at the time of the pulse.

Time-lapse microscopy. By time-lapse microscopy we
snapped the same field of view at discrete time intervals. Cells
were seeded in six-well plates (Iwaki), irradiated while in
exponential growth, then placed on a time-lapse instrument to
capture transmission-phase images from multi-well plates. The
Imaging Station cell’'R (Olympus) used for these time-lapse
experiments consists of: a) X81 motorized inverted microscope
(Olympus) fitted with an incubator to maintain 37°C, 5% COy
and 60% humidity (OKOlab); b) ORCA-ER CCD camera
(Hamamatsu); ¢) X-Y positioning stage. All images were collected
with an UPlanFLN 10 x (Ph1) objective with 0.30 NA. Sequences
were captured every 20 minutes for 72 h, and for the same field in
each well.

Time-lapse microscopy movies were analysed using free Image]
software (W. Rasband, National Institute of Health), tracking all
cells in the fields of view (50-100 cells per field) and their
descendants, using a modified version of the “Manual Tracking”
plug-in distributed with Image].

PLOS Computational Biology | www.ploscompbiol.org

10

Generation-Wise Cell Cycle Modelling

Modelling proliferation of untreated cells

Asynchronous proliferation of untreated cell populations in the
biological system is achieved by a balance of the cell cycling process,
quiescence and cell death [37]. The multi-generation cell cycle
model, with variable phase durations but without quiescence and
death, 1s shown in Figure S4 and Supplementary Text S3. State
variables are Gj(k,tgen;), Sk,tgen), GoMk,tgen;), giving the
number of cells in generation gen;, with age k at time t in the
respective cell cycle phases. Model parameters are (TGI ,CVai, Ts,
CVs, Toam, CVgam), i.e. the average and coefficient of variation of
the phase durations, on which basis the exit probability for each
compartment (f8,,(k)) were calculated (see supplementary Text S3).
Because quiescence and spontaneous cell death are often not
negligible even in untreated cell populations growing w vitro in
optimal environmental situations, quiescence modules were includ-
ed in Gy, S and GyM to render these phenomena.

Quiescence module. Parameters: Quiescence probability
(pQp), Death rate (DRQ,).

Quiescent cells are localized in a distinct () compartment in
each phase, and their numbers G;Q(t), SQ(t) and GoMQ(t) add to
the list of the state variables of the basic model shown in Figure S4.
The probability that a cell entering Gy, S or GoM phase becomes
quiescent is represented by pQgy, pQs and pQgon respectively.
Cell death among quiescent cells due to spontaneous processes is
included in the model by parameters DRQg,;, DRQg, DRQgon.

The module can be used to render the approach to confluence,
a phenomenon that should be taken into account when the
observation lasts several days. During this process, the fraction of
quiescent cells and death events increase, progressively shifting the
distribution equilibrium, reducing the fraction of cycling cells. This
was modelled by increasing pQ, (specifically pQg; as %G,
increases approaching confluence) using a Hill function linked to
the overall cell number. The multi-generation model was adopted
in recent publications to fit both FC and TL data in untreated cell
cultures, including refinements describing the approach to
confluence [38]. More details of the procedure of fitting of
untreated cells are reported there.

Further generalization: The multi-cycle model. We
currently use as basis of treatment modelling a multi-cycle model
which is a generalisation of the multi-generation model of untreated
cell populations. In the multi-cycle model the connection between
subsequent cycles is not fixed, with a fraction of newborns
(parameter pOut) entering cycle “i+1” while the others (i.e. a
fraction 1-pOut;) re-enter in the same cycle “i”” of their mother cells
(“1” ranges from 0, representing the first cycle, to “f”, representing
the final or last cycle considered). This provides flexibility to the
user, who can be interested to model different situations:

1) by setting pOuty=0 cells continue to re-cycle in cycle 0,
obtaining a single-cycle model (cells after division re-enter in
the same cycle and generations were mixed);

by setting pOut;=1, for 1=0 to f—1, cells enter subsequent
cycles, intended as ‘‘generations”, obtaining the multi-
generation model. Then, for the last generation “f” pOut,= 0
would make the cells of “f” and subsequent generations to be
pooled together in the final cycle. Instead setting pOut/= 1,
cells of generation f+1 would not be considered;

iii) by setting pOut parameters to any value it becomes possible to
model differentiation chains, intending the cycles as “differ-
entitiation stages” and pOut; as the fraction of dividing stage
“1” cells that differentiate to the (more mature) stage “i+1”.
Although these situations may require additional features
(e.g. feedback controls between stages) the multi-cycle model
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could be a convenient framework, in which such features
could be implemented in the future.

The dynamics of the multi-cycle model is provided by the
following balance equations (the suffix “gen” is replaced by “cyc”,
cyc; referring to the cycle “1”) :

G,0(t,cyei)=(1—DRQ¢1) G1 O(t— At,cyc;)
kGyM

+pQ1pOut;i 12y ﬁGzM(kszM(k,t—Az,cyc,-,1)(1)
k=1

kGyM
+p0¢1*(1—pOut;)-2 Z Borne (k) Gy M (k,t—At,cyc;)
k=1

Gi(lgi,t.eye) =
kGyM

(1=pQc1)pOuti 12y e (k) GaM (k,t— At,cye; 1)
k=1

kGyM
+(1=pQa1) (1—pOuty)2 Y~ Beaps (k) GaM (ki — Atcye;)
k=1

Gi(k+1,t,cye;)=[1—Bg (k)] Gi(k,t—At,cye;) for 1 <k<Kg;—1

SQ(t,cyci)=(1—DRQs)-SO(t— At,cyc;)
kG,
+p0s E Be1 (k)G (k,t—At,cyci)
k=1

kG,
S(leteye))=(1—pQs)- > a1 (k) Gi(k,i—Atcye;)
=1

S(k+1,t,cye;) =[1—Bg (k)| S(k,t —At,cye;) for 1<k<Kg—1

G2Q(t,cyc;)=(1—DRQ¢) G2 Q(t — At,cyc;)

kS
+pQcr Y Bs(k) S(kt —At.cye;)
=

kS

GaM (1o teye)) = (1-pQca) > Bs(k)-S(k.t—At,cyci)
k=1

GoM (k+1,t,cpc;) =[1— B (k)] GaM (k,t — At,cyc;)

for 1 <k<Kgmm—1

where the terms containing cyc;—; should be omitted in the cyc,
equations.
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An additional feature already implemented in the model is the
GO sub-phase, that is a single-compartment phase set before Gy of
each cycle. Differently than definitively quiescent cells, modelled
with the above quiescence module, GO cells may leave GO, with
first order output kinetics, and enter G,. This enables the user to
include classical probability transition cell cycle models [39] within
our framework. The parameters associated to the GO phase are: y
(rate of exit from GO to G); 0 (probability to by-pass GO to enter
directly in G) [40] and DR (death rate of GO cells). The balance
equation for GO adds to egs. 1:

GO(t,cyc;) =(1—7)(1—DRgo) GO(t— At,cyc;)

szM
+(1—0)pOut;_-2 Z Bt (k) GaM (k,t — At,cyei_1)
k=1
kGy M
+(1=0)-(1=pOut;)2 > Beang (k)-GaM (.t — At,cycy)
k=1 (1bis)

With straightforwards corresponding changes in the entry in G,
and G0,

In this way, the user is free to build and compare various cell
cycle models, including GO and Gy, S and GyM phases with not
fixed duration.

Starting age distribution of cells

Simulation is intended to start at a laboratory time (0 h)
corresponding to the start of a treatment in the experimental
setting. Thus the model requires the input of the age
distributions at 0 h (G,(k,0,0), S(k,0,0) and G.M(k,0,0)) from
which the time evolution is simulated according to the previous
equations. The user can provide any starting distribution, but
we chose the asynchronous distribution in all our studies aiming
at rendering experiments with non-synchronised cell popula-
tions. Any cell population, under constant environmental
conditions, reaches asynchronous exponential growth, and good
laboratory practice requires that cells are in this condition (or as
near as possible) before an i vitro treatment, for data
reproducibility. In this condition the probability distribution of
cells in the cell cycle phases and ages is time-independent. A
desynchronization routine of our program automatically calcu-
lates the asynchronous distribution, by running the cell cycling
procedure from an approximated initial distribution until the
cell cycle percentages varied by less than the desired precision
(0.1% in the present study). Then the G;, S, and GyM age
distributions were normalized in order to start the cell cycle
simulation with a given number of cells at 0 h (e.g. 1000 cells),
providing G(k,0,0), S(k,0,0) and Gg(k,0,0). A program perform-
ing the desynchronization routine is freely available as specified
in supplementary Dataset S1 (see also the Software section in
Supplementary Text S4).

To simulate pulse-chase BrdU experiments, we run two cell
cycle simulations independently for BrdU™ cells and BrdU™ cells.
The effect of pulse labeling was reproduced by splitting the starting
distribution, assigning G(k,0,0) and Gg(k,0,0) (plus quiescent cells)
to the BrdU™ cycle and S(k,0,0) to the BrdU™ cycle. Thereafter the
two cell cycle simulations proceeded independently. The program
can also reproduce the effect of labeling of any duration (if
required for specific experiments, e.g. with continuous BrdU
labeling), transferring cells entering S phase from the BrdU" to the
BrdU" cycle up to the time when BrdU is removed. These features
guarantee maximum flexibility to the program, to simulate
different experimental plans.
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Connecting the model to experimental data

At the end of a simulation run, the program derives the time
courses of several kinds of simulated data with simple calculations
from the time courses of the state variables. First, the proportions
of cells in Gy, S and GyoM are trivially calculated by summing the
number of cells in all compartments of that phase and dividing by
the total number of cells. These predictions are compared with
experimental FC percentages at the measurement times. Then the
program calculates the time courses of the number of cells in each
generation (Ngen(t)), summing up the number of cells in all
compartments of all phases of the generation. Predicted Nyep(t)s
are directly compared with the corresponding TL data.

The time course of overall cell number (N(t)) is also calculated,
summing the number of cells in all generations, and can be
compared with experimental measures obtained by TL or other
techniques (e.g. Coulter counter). Similarly, simulated percentages
of cells in the BrdU™ and BrdU™ subsets are calculated summing
the number of cells in the appropriate subset compartments and
plotted with experimental counterparts. The time course of the
percentages of undivided BrdU" cells (%Und*(t)) is obtained by
summing the numbers of cells in all gen0 compartments of the
BrdU" cell cycle and dividing by the overall cell number.

Another valuable item is the the distribution of Tc, measurable
by TL. It comes from frequency measures of intermitotic times in a
sampling of the whole population (we had a total of 2480 cells),
which were normalized and assumed to be representative of the
distribution of Tc in the whole population (experimental F(Tc)).
While the simulated average Tc is easily calculated directly in our
model as Tg1 +Ts + Tgom, and compared with the corresponding
datum, a specific routine was designed to calculate the whole
F(Tc), on the basis of Fg,(k), Fs(k) and Fgop(k). Considering two
phases, e.g. S and GyM, the joint probability that a cell traverses S
and GoM with times kg and kgons 15 F(ks) X Foona(kong). Thus the
probability that the duration of S+GoM 1s kggons 1s given by the
formula: Flksgong) = ZF s(ks) X Fgori(keony) where the summation
includes all combinations of k¢ and kgos, such  that
kstkgorr = ksgoar. Then F(T'c) is calculated as Flkgrsgong) = Z
Fei(ker) X Flkscong) where the summation includes all combinations
of k; and kggons, such that kg tksconr= krsconr

Simulated data are derived in the same way when perturbation
modules are included except in the case of F(Tc), which was
calculated only for untreated cells.

Summarizing the simulation procedure, upon input of the
parameter values, the program: i) calculates F,(k) and B,,(k), i)
runs the subroutine to produce the asynchronous starting cell
distribution, iii) simulates the movement of the cells through the
cell cycle in subsequent generations, calculating the time course of
the state variables up to the desired end-time, and iv) calculates the
time course of all derived quantities (such as %G (t), %S(t) and
%GoM(t), %BrdU*(t), %Und+t), Tc, F(Tc), Ngens(t) etc.) and

updates their plots with the corresponding experimental data.

Modelling proliferation of treated cells

Perturbations of cell cycling induced by treatment are modelled
with modules for Gy, S and GoM response in the gen0, genl, gen2
etc., superimposing and modifying the “unperturbed” flow of the
cell through the cycle. An additional module governs polyploidiza-
tion at the end of each generation.

The user can choose among several modules types, emulating
different biological effects, and locate them in any phase and
generation, so that it is possible to deal with the different
antiproliferative effects of anticancer treatments without modifi-
cations of the software. Supplementary Dataset S2 includes the
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user interface to build a single-dose model, together with the
instructions to download and run the simulation program as a
Matlab standalone executable file (PaoSim_SingleDose). The
interested reader can also test the model for untreated cells using
the PaoSim_SingleDose program with no perturbation modules.

During the optimization procedure, the choice of the module
and module type for each phase was guided by the law of
parsimony: in general we applied the module type that satisfac-
torily reproduced the data with the smallest number of parame-
ters. The optimization procedure therefore involved several steps,
as described in supplementary Text S4.

Checkpoint modules. We implemented four types of
checkpoint modules, aiming to render the activity of a checkpoint
with increasing levels of complexity:

® Checkpoint Module Type I. Parameter: Delay (Del,;).

® Checkpoint Module Type II. Parameters: Block probability
(pBLyy), Death rate (DRBL,).

® Checkpoint Module Type III. Parameters: Block probability
(pBLy;), Death rate (DRBL,;), Recycling rate (Recyy,).

® Checkpoint Module Type IV. Parameters: pBLu(t)
(pBLnmax, pBL,,min), DRBL,,(t) (DRBL,,max,DRBL,,;min),

Rec,,i(t) (Recppmax, Rec,,min).

With checkpoint module type I, cell cycle progression is
hampered in the phase where the module is located, resulting in
a longer phase duration. Cell death is not considered and each
type I module has only one input parameter, rendering a
progression delay within a phase. Dely, is comprised between 0
(no effect) and 1, the latter indicating complete cell “freezing”
within that phase, and affects the average duration of a phase
according to the formula:

Tph
( 1—Del, p/,)

qDel __
ph —

where T If,)f/ 1s the average duration of a phase “ph” (either G, S or

GyM) in the presence of delay and Ty in its absence. The delay
parameter in phase S is equivalent to the fractional reduction of
average DNA synthesis rate in replication, so equation (2) can be
rewritten as

DN4,, DNA,,
et = (1= Dels) =
5 s

where DNA, is the total amount of DNA to be replicated.
Similarly, Del¢;; and Delg;o, emulate a lengthening of the respective
phases with a generic connection with the underlying molecular
events tracking the maturation within G, or GoM.

In the model, this checkpoint module acts on all age
compartments of a phase, keeping in the original compartments
a fraction (Del,;) of the cells that should have moved to the next
(ie. from k to k+1) in a given step-time. Thus, the ph(kt, gen;)
equations (1) of the number of cells in compartment k of the
generic phase “ph” are modified by this module as follows:

ph(1,1.gen;) = Delyyph(1,1—At.gen;) [1 — B, (1)]

ph(k+1,t,gen;) = (1 —Delph) ‘ph(k,t— At,gen;) [1 — ﬁph(k)]
+ Dely,ph(k+1,t—At,gen;)-[1 — ph(k+1)] k>1
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It is possible to demonstrate by simulation that this modelling
prolongs the phase duration specified by equation (2), dealing also
with the limit case Del,,= 1.

If only modules of this kind are applied in a given generation,
the average cell cycle can be calculated with the formula:

TGI
(1 — DelGl )

Ts
(1 — Dels)

TGZ
(1 — Dele)

A Del __
T =

)

T2 compares with the corresponding experimental datum
obtained in TL.

Checkpoint module type II emulates cell killing induced by
treatment assuming that part of the cells passing through a phase
are first arrested then possibly die. pBL,, represents the probability
that a cell does not exit a phase, becoming definitively blocked
there. The simulation diverts a corresponding fraction of cells,
among those completing a phase at a given time, into a separate
compartment of blocked cells. DRBL,, is the probability of dying,
among blocked cells, in a step-time. The model makes no
distinction between different death processes (apoptosis, necrosis,
etc.), and only considers the final loss of the dead cells from the
number of counted cells. Additional balance equations for the

number of blocked cells (Bpy(t, gen;)) were included as follows:

By (t.gen;)=(1—DRBL,,)

kph

+pBLph' th(k’t_Atageni)'ﬁph(k)
k=1

By (t—At.gen;)
(5)

with consequent modifications of the equations for quiescence and
the first compartment of the next phase, to take account of the
reduced entry due to the cells blocked in the previous phase.

Checkpoint module type II is compatible and can be joined with
type I, to describe the effect of treatment with three parameters
(Delyy, pBLyy,, DRBL,,).

Type II modules include the connections between block,
recycling and killing, assuming three alternative fates for cells
intercepted at the checkpoint: i) to repair the damage and recycle,
entering the next phase, ii) to die at the checkpoint, or iii) to
remain definitively blocked. Recyy, is the probability that a blocked
cell re-enters the cell cycle in a step-time. This parameter is
indicative of possible repair that can occur in cells blocked at each
checkpoint. pBL,, is the probability of being intercepted by the
checkpoint for cells passing through a phase, including cells
definitively or temporarily blocked in that phase; as such it is a
measure of the strength of the checkpoint itself (differently from
the block parameter in model II). In the i silico rendering of the
process, a fraction of cells corresponding to the Block probability is
deviated into the block compartment, where they may die,
according to the Death rate, or exit, according to the Recycling
rate. The corresponding equation for the compartment of blocked
cells was modified as follows:

B, (t.gen;) = (1 —Recph)~(1 fDRBLp;,)‘Bph(tht,genf)

kph

+pBLp/1' Zph(kvt_Atsgeni)'ﬁph(k)
k=1

(6)

and the pool of cells entering the next phase was accordingly
modified, to take into account blocked and recycled cells.

With type III the increase of Tc is the consequence of the
dynamics of entering/exiting the block, emulating the biological
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process of G| and GoM checkpoints in a more realistic way than
the Delay parameter used in type I modules, which are better to
render hampering DNA replication caused by the S checkpoint.
However, differently from type I, no simple relationship can be
drawn between the values of a type III and Tph.

Type IV is a refinement of type III. We considered time-
dependent parameters to render a delay between block and
subsequent recycling or death rate. We modelled the time
dependence with a Hill function, as

(end —start)-t"

t)=start
() =start+

where t is time, y is either pBL,p(t), DRBLp(t) or Recpy(t), start and
end are initial (t = 0) and final (asymptotic) values, IT50 the time when
half the maximum is reached and the sigmoidicity “m” measures the
steepness of the curve. In the present studies we kept the parameters
IT50 and m fixed, with values based on inspection of the data and on
simulation tests. In addition, to avoid over-parameterization, we
applied this module only in gen0, when the data provided
compelling evidence for time-dependence of recycling.

Cycling-cells death module. Parameters: Cycling cells
death rate (DR,).

An additional module was required to model immediate cell
death, possibly occurring at high doses with no detectable previous
cell cycle arrest. This was trivially obtained with a single death rate
parameter (DR_;), acting on all non-blocked cells in a phase.
Because this module was designed to model immediate cell death,
it was used only in gen0.

Mitosis module. Parameter: m =2 (fixed).

The mitotic module in the present study simply doubles the
number of cells that ends a cycle before they enter the next
generation. In general, m<2 would render cell death in mitosis.

Polyploid module. Parameters: Polyploidization probability
(pPol), Polyploid cells death rate (DRPol).

Polyploidization was modelled introducing the parameter pPol,
representing the probability that newborn cells re-fuse together,
and the corresponding death rate (DRPol). The polyploid module
assumes that a fraction (pPol) of newborns re-fuse, collecting re-
fused (polyploid) cells in a separate compartment, where they die
at a rate DRPol. Polyploid cells were localized in a new
compartment and the equation for the number of polyploid cells
(Pol(t, gen;), for genl and higher generations) was:

Pol(t,gen;) = Pol(t— At,gen;)-(1 — DRPol)
+pP0['RCCG2M‘(1 —DRBLGZM)-BGzM(t—At,gen[,l)

kG2

+pPol-(1—pBLg) Z Gy M (k,t—At,gen;_1) B (k)
k=1

with consequent changes of equations for G;Q(t, gen;) and G, (164, ¢,
gen;).

A refinement of this module led us to introduce a time-
dependence of pPol, with a Hill function as in checkpoint module
type IV.

Supporting Information

Dataset S1 User interface for the desynchronization
routine, including instructions to download and run the
Matlab standalone executable file (PaoSim_Desync) that
performs the simulation.

(XLS)
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Dataset S2 User interface for building a single-dose
model, including instructions to download and run the
Matlab standalone executable file (PaoSim_SingleDose)
that performs the simulation.

(XLS)

Dataset S3 User interface for the final multi-dose
model, including instructions to download and run the
Matlab standalone executable file (PaoSim_MultiDose)
that performs the simulation. This dataset includes FC and
TL data of IGROV-1 cells treated with X-rays as described in the
main text.

(XLS)

Figure S1 Main statistics of TL experiments. The
cumulative distribution of the time to division in gen0O (panel A)
and the average Tc in genl and gen2 (panel B) were indicative of
cell cycle delays, the percentage of dead cells in each generation in
the whole 0-72 h observation time (panel C) of the cytolethal
effect, the percentage of re-fused cells (panel D) of the
polyploidization. Columns and error bars in panels B, C and D
represent mean and standard deviation respectively, in at least five
independent culture wells. All wells were pooled in panel A.

(TIF)

Figure S2 Main results of FC experiments: DNA histo-
grams. Abscissa is proportional to cellular DNA content, with G,
and GyM cells in the positions indicated. Signals below the G
peak indicate the presence of cell debris, at doses and times
consistent with cell death observed with TL. Signals above the
GoM  peak indicate tetraploid cells, again confirming TL
observations.

(TIF)

Figure S3 Main results of pulse-chase BrdU experi-
ments. Representative dot plots for a pulse-chase BrdU
experiment, taken at 6 h (upper panels) or 24 h (lower panels).
Abscissa: cellular DNA content measured by PI fluorescence. The
positions of G; and GyM are indicated. Ordinate: cellular BrdU
content measured by Anti-BrdU and a secondary FITC-labeled
antibody. The lines mark the region of interest, separating BrdU*
from BrdU™ and divided from undivided BrdU" cell subpopula-
tions.

(TIF)

Figure S4 Basic cell cycle model with variable phase
durations. Cells enter the first age compartment (0-0.5 h) in a
phase “ph” (Gy, S or GyoM) then gradually progress through the
subsequent age compartments, while other cohorts enter the
phase. Because the time spent in a phase (Tpp) is variable for the
cells of the cohort, when the cohort reaches a given age, it has
been depleted of the cells that have already completed the phase
and a further fraction (B,) of the remaining is expected to exit the
phase at that age. The exit probability B, is a function of age that
univocally depends on the average (Tph) and coefficient of
variation (CV);) of the phase durations. At a given time, some
cells from all age cohorts complete the phase, collectively forming
the pool of exiting cells that will enter the next phase model at the
next time.

(TIF)

Figure S5 Model of IGROV-1 proliferation (asynchro-
nous growth). Data from preliminary experiments with
untreated IGROV-1 cells during exponential growth were fitted
with the model described in Computational Methods. Further
refinements were included when fitting departed from exponential
growth (e.g. the approach to confluence) as reported elsewhere
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[38] [23]. Left panels: best fit parameters. Main parameters were
the average phase durations and their CV (with the frequency
distributions of Tq;, Ts and Tgoy shown in the lower panel).
Additional parameters (probabilities of quiescence: pQgi, pQs,
PQgom and death rate: DRQ) were included to explain the small
percentage (4-8%) of quiescent cells observed by BrdU continuous
labelling or TL and spontanecous death (1-3% per generation)
observed by TL, as required to fit simultaneously all data shown in
the right panels. Right panels: experimental data (symbols) and
simulation (continuous lines) including: A) cell cycle percentages
from monoparametric FC, B) BrdU', Und+ and %Res*
(percentage undivided among initially labelled cells, see supple-
mentary Text S1) from FC BrdU pulse chase experiments, C) time
course of the number of cells in each generation (normalized
assuming N(0)=1000) from TL, D) frequency distribution of
intermitotic times from TL (2480 cells).

(TIF)

Figure S6 Flow chart of the optimization procedure.

(TIF)

Table S1 Qualitative inspection of TL data.
DOC)

Table S2 Modules and parameters of the single-dose
model A.
(DOC)

Table S3 Dose-dependence and variable coefficients in
multi-dose model A.

(DOC)

Table S4 Dose-dependence and variable coefficients in
the final model.
(DOC)

Table S5 Best fit values of variable parameters in the
final model, with 95% confidence intervals.

(DOC)

Text S1 First-level data analyses.
DOC)
Text S2
DOC)
Text S3
DOC)
Text S4
DOC)

Text S5
DOC)

Data inspection.

Modelling proliferation of untreated cells.

Optimization procedure and softwares.

Antiproliferative response to X-ray exposure.

Video S1 Movie of a representative control sample
obtained by TL microscopy. Only one frame per hour is
shown to reduce file size.

(AVI)

Video S2 Movie of a representative treated sample
(5 Gy) obtained by TL microscopy. Only one frame per hour
is shown to reduce file size.

(AVI)

Video 83 Computer rendering of cell cycle progression
in untreated cells.

(AVI)

Video S4 Computer rendering of cell cycle progression
after 0.5 Gy exposure.
(AVI)
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Video S5 Computer rendering of cell cycle progression
after 2.5 Gy exposure.
(AVI)

Video $6 Computer rendering of cell cycle progression
after 5 Gy exposure.

(AVI)

Video 87 Computer rendering of cell cycle progression
after 10 Gy exposure.
(AVI)

References

1. Cohen AA, Geva-Zatorsky N, Eden E, Frenkel-Morgenstern M, Issaeva I, et al.
(2008) Dynamic proteomics of individual cancer cells in response to a drug.
Science 322: 1511-1516.

2. Toettcher JE, Loewer A, Ostheimer GJ, Yaffe MB, Tidor B, et al. (2009) Distinct
mechanisms act in concert to mediate cell cycle arrest. Proc Natl Acad Sci U S A
106: 785-790.

3. Altschuler SJ, Wu LF (2010) Cellular heterogeneity: do differences make a
difference? Cell 141: 559-563.

4. Newman JR, Weissman JS (2006) Systems biology: many things from one.
Nature 444: 561-562.

5. Sigal A, Milo R, Cohen A, Geva-Zatorsky N, Klein Y, et al. (2006) Dynamic
proteomics in individual human cells uncovers widespread cell-cycle dependence
of nuclear proteins. Nat Methods 3: 525-531.

6. Walling MA, Shi H, Shepard JR (2012) Abrupt and dynamic changes in gene
expression revealed by live cell arrays. Anal Chem 84: 2737-2744.

7. Quaranta V, Garbett SP (2010) Not all noise is waste. Nat Methods 7: 269-272.

8. Duffy KR, Hodgkin PD (2012) Intracellular competition for fates in the immune
system. Trends Cell Biol 22: 457-464.

9. Gascoigne KE, Taylor SS (2008) Cancer cells display profound intra- and
interline variation following prolonged exposure to antimitotic drugs. Cancer
Cell 14: 111-122.

. Miao J, Hodgson KO, Ishikawa T, Larabell CA, LeGros MA, et al. (2003)
Imaging whole Escherichia coli bacteria by using single-particle x-ray diffraction.
Proc Natl Acad Sci U S A 100: 110-112.

11. Schneider G, Guttmann P, Heim S, Rehbein S, Mueller F, et al. (2010) Three-

dimensional cellular ultrastructure resolved by X-ray microscopy. Nat Methods

7: 985-987.

Shapiro D, Thibault P, Beetz T, Elser V, Howells M, et al. (2005) Biological

imaging by soft x-ray diffraction microscopy. Proc Natl Acad Sci U S A 102:

15343-15346.

. Laubenbacher R, Hower V, Jarrah A, Torti SV, Shulaev V, et al. (2009) A
systems biology view of cancer. Biochim Biophys Acta 1796: 129-139.

. Wooley JC, Lin HS (2005) Computational Modeling and Simulation as Enablers
for Biological Discovery. In: Wooley JC, Lin HS, editors. Catalyzing Inquiry at
the Interface of Computing and Biology. Washington (DC): National Academies
Press (US)

. Mertens HD, Svergun DI (2010) Structural characterization of proteins and
complexes using small-angle X-ray solution scattering. J Struct Biol 172: 128—
141.

. De Boer RJ, Perelson AS (2013) Quantifying T lymphocyte turnover. J Theor
Biol 327: 45-87.

. Hawkins ED, Turner ML, Dowling MR, van Gend C, Hodgkin PD (2007) A
model of immune regulation as a consequence of randomized lymphocyte
division and death times. Proc Natl Acad Sci U S A 104: 5032-5037.

. Brown MR, Summers HD, Rees P, Smith PJ, Chappell SC, et al. (2010) Flow-
based cytometric analysis of cell cycle via simulated cell populations. PLoS
Comput Biol 6: ¢1000741.

. Kafri R, Levy J, Ginzberg MB, Oh S, Lahav G, et al. (2013) Dynamics extracted

from fixed cells reveal feedback linking cell growth to cell cycle. Nature 494:

480-483.

Panetta JC, Evans WE, Cheok MH (2006) Mechanistic mathematical modelling

of mercaptopurine effects on cell cycle of human acute lymphoblastic leukaemia

cells. Br J Cancer 94: 93-100.

20.

PLOS Computational Biology | www.ploscompbiol.org

15

Generation-Wise Cell Cycle Modelling

Acknowledgments

The work was done within a collaboration with the User Support Unit of
the Italian Grid Initiative (IGI) and Istituto di Ricerche Farmacologiche
Mario Negri.

Author Contributions

Conceived and designed the experiments: FF PU. Performed the
experiments: ML, VC. Analyzed the data: FI* ML. VC PU. Contributed
reagents/materials/analysis tools: PU. Wrote the paper: FF ML PU.
Developed computational methods: FF. Conceived and supervised the
project: PU.

. Endlich B, Radford IR, Forrester HB, Dewey WC (2000) Computerized video
time-lapse microscopy studies of ionizing radiation-induced rapid-interphase and
mitosis-related apoptosis in lymphoid cells. Radiat Res 153: 36-48.

. Forrester HB, Vidair CA, Albright N, Ling CC, Dewey WC (1999) Using
computerized video time lapse for quantifying cell death of X-irradiated rat
embryo cells transfected with c-myc or c-Ha-ras. Cancer Res 59: 931-939.

. Khan IA, Lupi M, Campbell L, Chappell SC, Brown MR, et al. (2011)
Interoperability of time series cytometric data: a cross platform approach for
modeling tumor heterogeneity. Cytometry A 79: 214-226.

. Ubezio P, Lupi M, Branduardi D, Cappella P, Cavallini E, et al. (2009)
Quantitative assessment of the complex dynamics of GI1, S, and G2-M
checkpoint activities. Cancer Res 69: 5234-5240.

5. Lupi M, Cappella P, Matera G, Natoli C, Ubezio P (2006) Interpreting cell cycle
effects of drugs: the case of melphalan. Cancer Chemother Pharmacol 57: 443-457.

. Lupi M, Matera G, Natoli C, Colombo V, Ubezio P (2007) The contribution of
p53 in the dynamics of cell cycle response to DNA damage interpreted by a
mathematical model. Cell Cycle 6: 943-950.

. Ubezio P (2004) Unraveling the complexity of cell cycle effects of anticancer
drugs in cell populations. Discrete and Continuous Dynamical Systems -
Series B (DCDS-B) 4: 323-335.

. Arino O (1995) A survey of structured cell population dynamics. Acta Biotheor
43: 3-25.

. Basse B, Ubezio P (2007) A generalised age- and phase-structured model of

human tumour cell populations both unperturbed and exposed to a range of

cancer therapies. Bull Math Biol 69: 1673-1690.

Webb G (1985) Theory of Nonlinear Age-Dependent Population Dynamics.

New York: Marcel Dekker.

Araujo RP, Liotta LA, Petricoin EF (2007) Proteins, drug targets and the

mechanisms they control: the simple truth about complex networks. Nat Rev

Drug Discov 6: 871-880.

Komarova NL (2005) Mathematical modeling of tumorigenesis: mission

possible. Curr Opin Oncol 17: 39-43.

Bernhard EJ, Maity A, Muschel RJ, McKenna WG (1995) Effects of ionizing

radiation on cell cycle progression. A review. Radiat Environ Biophys 34: 79-83.

Wilson GD (2004) Radiation and the cell cycle, revisited. Cancer Metastasis Rev

23: 209-225.

. Deckbar D, Jeggo PA, Lobrich M (2011) Understanding the limitations of

radiation-induced cell cycle checkpoints. Crit Rev Biochem Mol Biol 46: 271~

283.

Lupi M, Matera G, Branduardi D, D’Incalci M, Ubezio P (2004) Cytostatic and

cytotoxic effects of topotecan decoded by a novel mathematical simulation

approach. Cancer Res 64: 2825-2832.

Spinelli L, Torricelli A, Ubezio P, Basse B (2006) Modelling the balance between

quiescence and cell death in normal and tumour cell populations. Math Biosci

202: 349-370.

. Ubezio P, Falcetta F, Lupi M (2012) Challenges in the integration of flow

cytometry and time-lapse live cell imaging data using a cell proliferation model.

In: D’Onofrio A, Agur Z, Cerrai P, Gandolfi A, editors. New Challenges for

Cancer Systems Biomedicine. Heidelberg: Springer Verlag pp. 381-402.

Smith JA, Martin L (1973) Do cells cycle? Proc Natl Acad Sci U S A 70: 1263

1267.

. Bertuzzi A, Gandolfi A, Sinisgalli C, Iacoviello D (1997) Steel’s potential
doubling time and its estimation in cell populations affected by nonuniform cell
loss. Math Biosci 143: 61-89.

30.

31.

32.
33.

34.

36.

37.

October 2013 | Volume 9 | Issue 10 | e1003293



