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Background: There is a relative paucity of research that integrates materials science and
bioengineering with computational simulations to decipher the intricate processes promoting
cancer progression. Therefore, a first-generation computational model, SpheroidSim, was devel-
oped that includes a biological data set derived from a bioengineered spheroid model to obtain
a quantitative description of cell kinetics.
Results: SpheroidSim is a 3D agent-based model simulating the growth of multicellular cancer
spheroids. Cell cycle time and phases mathematically motivated the population growth. Spheroid-
Sim simulated the growth dynamics of multiple spheroids by individually defining a collection of
specific phenotypic traits and characteristics for each cell. Experimental data derived from a
hydrogel-based spheroid model were fit to the predictions providing insight into the influence of
cell cycle time (CCT) and cell phase fraction (CPF) on the cell population. A comparison of the
number of active cells predicted for each analysis showed that the value and method used to
define CCT had a greater effect on the predicted cell population than CPF. The model predictions
were similar to the experimental results for the number of cells, with the predicted total number
of cells varying by 8% and 12%, respectively, compared to the experimental data.
Conclusions: SpheroidSim is a first step in developing a biologically based predictive tool
capable of revealing fundamental elements in cancer cell physiology. This computational
model may be applied to study the effect of the microenvironment on spheroid growth and
other cancer cell types that demonstrate a similar multicellular clustering behavior as the popu-
lation develops. © 2018 American Institute of Chemical Engineers Biotechnol. Prog.,
34:1335–1343, 2018
Keywords: Mathematical modeling, bioengineering, agent-based model, cancer spheroids,
cell growth

Background

A series of intricate cellular interactions are present in the
physiological context of cancer progression, and their complex
crosstalk spans multiple scales. To study these events across
spatiotemporal scales, the dimensionality and organization of
a tumor and its microenvironment is modeled experimentally
and computationally. The importance of the 3D architecture in
experimental tumor models has been extensively reviewed,
and physiological cell–cell and cell–matrix interactions are

better recapitulated using a collective cell population rather
than cell monolayers1–4 Hydrogel-based matrices are mimics
of the mechanical and biochemical properties of the extracel-
lular matrix (ECM) and provide a 3D cellular context.5 They
are excellent tools to promote the formation of multicellular
tumor spheroids for studying their physiology and for screen-
ing novel therapeutics.6 Our group established a bioengineered
3D tumor model to grow multicellular spheroids from single
ovarian cancer cells using a hydrogel-based matrix.7 This bio-
mimetic ECM scaffold integrates cell-integrin binding and
protease cleavage sites to support the formation and growth of
ovarian cancer spheroids and allows the independent analysis
of the cell population and ECM skeleton.7
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However, gaining a system level insight into the underlying
mechanisms associated with cancer progression requires the man-
agement of numerous parameters over multiple scales, which is
often technically and economically prohibitive to achieve
experimentally.8–10 Computational simulations provide a means
to improve our understanding of cell physiology, to study basic
hypotheses and to inform experimental design.11 A simulation
tool, which integrates experimental spheroid data into a single
framework, to represent a collective cell population, will aid the
discovery of key factors associated with the physiology of ovarian
cancer, the most lethal gynecological disease.12

Examples of multiscale simulation approaches are Compu-
Cell3D, a multiscale tissue model that considers the intracel-
lular and intercellular interactions in a molecular context.13

One of the integrated parts of the CompuCell3D simulation
package is a force-driven model for active cell intercala-
tion.14 Morpheus is a simulation platform that allows the
study of multicellular systems with an image-based modeling
tool to integrate spatial data from microscopic images of tis-
sues.15 CellSys is a modular software to model multicellular
growth and migration.16 Chaste is another simulation package
that permits the computational analysis of physiological and
biological networks, including cancer development.17 We
developed SpheroidSim as an evaluation tool to predict the
growth of multiple and multicellular spheroids in a defined
microenvironment. Agent-based modeling is used to generate
in silico spheroids that can be analyzed in terms of numbers,
size, and distribution as a function of cell cycle phase. The
unique feature of SpheroidSim is the targeted inclusion of
microenvironmental conditions represented in a bioengi-
neered hydrogel network, thus representing an interdisciplin-
ary simulation tool.

Herein, the first-generation of a 3D agent-based simulation
tool is described to simulate individual cell characteristics and

to predict the collective behavior of a population of ovarian
cancer cells. A key element of this simulation is the integra-
tion of experimental data derived from a hydrogel-based
spheroid model.7 This coherent approach using both experi-
mental and mathematical parameters provides potency and
validity to the model predictions.9 Upon integration of the
experimental spheroid data into the simulation, a quantitative
description of the cell kinetics is predicted, which includes
parameters associated with spheroid growth and the sensitivity
of both the individual cell and collective populations to varia-
tions in the cell cycle.
Non-malignant cells will go through the cell cycle several

times before they are no longer capable of proliferating, but
cancer cells have a greater propensity for undergoing cell rep-
lication and division.18 The cell cycle phases include cell
growth (G1 phase), DNA replication (S phase), distribution of
newly synthesized DNA to the daughter cells (G2 phase), and
finally cell division (M phase; Figure 1). The M phase repre-
sents the smallest fraction of time a cell spends in the cell
cycle. For human tumors, the duration of the cell cycle varies
for different cancer entities and individual patients.19 While
previous studies have taken into account the cell-to-cell vari-
ability of cell cycle times using stochastic modeling
methods,20–22 the variation in the characteristics of the devel-
oping cell population, depending on the stochastic model and
model parameters themselves, are rarely considered. The com-
putational model developed herein is a sensitivity analysis of
the influence of cell cycle time (CCT) and cell phase fractions
(CPF) on the predicted cell population traits. Cell cycle-
specific therapeutics only partially arrest cell phase activity,
and thus, disrupt the cell cycle.23 Therefore, the impact of the
CCT and CPF on ovarian cancer spheroid growth was simu-
lated to decipher the underlying mechanisms and potentially
improve therapeutic interventions.

Table 1. Individual Characteristics and Parameter Values Assigned to Each Cell in the Analysis. Arg-Gly-Asp (RGD) Cell Integrin Binding Motif,
Matrix Metalloproteinase (MMP) Cleavage Motif

Cell Characteristic Description Value

Physical location in the
solution domain

Cartesian coordinates within the spatial
computational domain

Initially, normally distributed. Updated during the analysis
using the cell velocity (i.e. only in G1 phase).

Velocity Vector defining cell motion when in G1 phase Normal distributed. Velocity is assigned when the cell is
“created.”

Phase Four phases of the cell cycle and G0 quiescent
phase

0 = G0;
1 = G1;
2 = S;
3 = G2;
4 = M.

Radius Changes over the duration of the cell cycle to
simulate physical cell growth during G1
phase

Initially 5 μm at the beginning of G1 phase.7 A 50% volume
increase over the course of the cell cycle in preparation for M
phase. Cell radius is reset to 5 μm once cell division has
taken place.

Cell Cycle Time (CCT) Total duration of the cell cycle Refer to Table 2.
Cell Phase Fraction (CPF) Fraction of cell cycle time that the cell spends

in each phase
Refer to Table 2.

Age Time spent in each phase of the cell cycle 0 < age < (CPF × CCT).
Alive Some cells will randomly undergo apoptosis Binary value:

1 = active in the analysis
0 = inactive in the analysis.

Microenvironmental
conditions

Represents the presence of a favorable
microenvironment for cell proliferation –

RGD and MMP

RGD and MMP are binary:
1 = ideal condition for proliferation.
0 = unfavorable condition for proliferation;
For both RGD and MMP there is a 1/2 chance of these binary
parameters having a value of 1 in the vicinity of cells
entering the G1 phase. Therefore, there is a 1/4 chance of a
cell having a favorable microenvironment (μE) for
proliferation (i.e. both RGD and MMP equal 1).
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Methods

SpheroidSim is a 3D agent-based model, simulating the
growth of multicellular spheroids from an initial population of
single cancer cells. Cancer cells exist within a spatial domain
with dimensions based on the geometry of the hydrogel-based
matrix (height 1 mm, length = width 5 mm). SpheroidSim sim-
ulates the growth dynamics of multiple spheroids by individu-
ally defining a collection of specific phenotypic traits and
characteristics for each cell. These characteristics are tracked,
and if necessary, varied during the analysis, to reproduce a
realistic spheroid growth observed within the bioengineered
hydrogel network. Details of the individual characteristics and
associated parameters assigned to each cell are shown in
Table 1. While the majority of parameters are generic values
representing cancer cell dynamics, the predictions focus on
realistic cell populations and spheroid growth dynamics for
ovarian cancer cells. These predictions are compared with
experimental spheroid data reported previously.7

Model details

Spheroid growth, cell cycle, and cycle phases are the pri-
mary factors for the computational model. Cells exist in one
of the five cell phases: G1, S, G2, and M phases, where they
undergo replication and division, and a quiescent G0 phase.
The model is temporally driven, with transition of the cell
between phases guided by the time it has spent in each spe-
cific phase (Table 2). The only exception is for the G0 phase,
as explained below.
While it is assumed that cancer cells have an enhanced pro-

liferative potential, not all cells have the ability to proliferate.
The initially seeded cells will be capable of undergoing unlim-
ited cell divisions and are evenly distributed between the five
cell cycle phases; however, the resulting daughter cells will
either continue through the cell cycle to divide or become
non-proliferative cells. These non-proliferative cells will
enter G0 phase and remain there indefinitely throughout
the analysis. Preliminary verification of the model against

Table 2. Analysis Details–Sensitivity Study of the Influence of CCT and CPF on Predicted Cell Population Characteristics. Cell Cycle Time (CCT),
Cell Phase Fraction (CPF)

CCT Normal Distribution Parameters Fraction of CCT in Each Phase/CPF

Analysis Mean, μ SD, σ G1 S G2 M

1A 40 10 0.4 0.3 0.23 0.07
1B 40 10 0.25 0.25 0.25 0.25
1C 40 10 μ = 0.5, δ = 0.1 0.13 1-G1-S-M 0.07
2A 28 5 0.4 0.3 0.23 0.07
2B 28 5 0.25 0.25 0.25 0.25
2C 28 5 μ = 0.5, δ = 0.1 0.13 1-G1-S-M 0.07
3A 0–7 days = 40; 0–7 days = 10; 0.4 0.3 0.23 0.07

8–14 days = 28 8–14 days = 5
3B 0–7 days = 40; 0–7 days = 10; 0.25 0.25 0.25 0.25

8–14 days = 28 8–14 days = 5
3C 0–7 days = 40; 0–7 days = 10; μ = 0.5, 0.13 1-G1-S- 0.07

8–14 days = 28 8–14 days = 5 δ = 0.1 M
4A 0–3 days = 28; 0–3 days = 5; 0.4 0.3 0.23 0.07

4–11 days = 23; 4–11 days = 1;
12–14 days = 12 12–14 days = 4

4B 0–3 days = 28; 0–3 days = 5; 0.25 0.25 0.25 0.25
4–11 days = 23; 4–11 days = 1;
12–14 days = 12 12–14 days = 4

4C 0–3 days = 28; 0–3 days = 5; μ = 0.5, 0.13 1-S1- 0.07
4–11 days = 23; 4–11 days = 1; δ = 0.1 S2-S4
12–14 days = 12 12–14 days = 4

Figure 1. (A) The five phases of the cell cycle leading to identical daughter cells following completion of the M phase at the end of each
cycle. In the absence of growth or signaling factors, cells may enter a quiescent G0 phase, in which they remain dormant for
extended periods of time. (B) Laser scanning confocal microscopy depicting each stage of the mitosis phase in ovarian cancer
cells. Cytoskeleton fluorescently visualized in red using rhodamine415-conjugated phalloidin, cell nuclei in blue using
40,6-diamidino-2-phenylindole, and integrins in green using anti-integrin β1 and Alexa488-conjugated antibodies. Scale
bars, 5 μm.
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experimentally observed cell populations showed that it was
essential for some cells to leave the cell cycle indefinitely; oth-
erwise the total cell population at completion of the analysis
was two orders of magnitude greater than those observed
experimentally.7 It is assumed that cells have a 15% probabil-
ity of remaining proliferative once M phase is completed, sug-
gesting approximately 85% of daughter cells will remain
indefinitely non-proliferative in G0 phase.22

The experimental spheroid data suggest that there is cell
loss as the result of migration and outgrowth of cells from the
hydrogel.7 The free motion of these cells is simulated to pro-
liferate outside the geometry of the physical domain (outside
the hydrogel); however, once cells leave these confines, they
enter a inactive state (lost cell), where they no longer contrib-
ute to the analysis. The total number of cells in the computa-
tional domain at completion of the analysis includes a count
of both active (proliferative) and inactive (non-proliferative)
cells. Physiologically, these cells continue to grow outside the
hydrogel borders but do not form part of the spheroids within
the hydrogel. Additionally, a random cell death function is
included, whereby at regular intervals during the analysis
(every 10 min) 0.1% of the cell population in G1 phase is ran-
domly removed from the analysis to enter a inactive state (lost
cell). This random cell death is observed experimentally, prob-
ably caused by the continuously expanding spheroid
population.24

Depending on the cell type and model used, cells are able to
migrate in different cell phases.25 In this study, G1 phase is the
only phase during which cells are capable of the mutually
exclusive activities of motility or growth, in preparation for

division during M phase. Physiologically, cells will base the
decision to either move or increase in size on the local microen-
vironmental conditions. Cells’ chemotactic behavior includes
movement toward a location with favorable conditions for
growth and synthesis. Once a favorable condition is located,
cells will remain stationary while they grow, mature, and syn-
thesize DNA to replicate during M Phase. As a first step toward
a more sophisticated migration paradigm, the chemotactic
response of cells in this preliminary model is assigned more dis-
cretely, with cells in G1 phase given a 50% probability of either
growth or migration. If cells are growing, the cell volume will
increase by 50% by the end of G1 phase based on our earlier
experimental observations.24 If cells are migrating, the cell
velocity vector is randomly assigned a value between −1 and
1 in the three directions of motion. Cells do not undergo any
specific modifications in S and G2 phases, and these phases do
not involve cell motility or growth. When cells enter S phase,
their volume has increased to the necessary size in preparation
for cell division. Over the course of both S and G2 phases, the
cell progression through the cell cycle is temporally controlled.

Simulating spheroid growth

The model is comprised of five key processes: initiation of
the cell population, including cell characteristics and pheno-
typic traits (Table 1); incremental cell population growth over
time; tracking of individual cell behavior within a phase; and
tracking of individual cell behavior as it leaves a phase to
enter the next cell cycle phase (Figure 2).

Figure 2. Conceptual flow chart representing the cell phase transitions represented in SpheroidSim. μE = microenvironment, S = synthesis,
M = Mitosis. Cells will transition from phase G1 to S, S to G2, and G2 to M once the time in the current phase equals the total
phase time for the individual cell (CPF × CCT); this time is monitored via the cell “Age” and shown as gray-shaded arrows.
Daughter cells have a 15% probability of being viable to reenter the cell cycle dependent on the presence of a favorable μE.
There is a 3/4 chance that both RGD and MMP will not be present in the vicinity of viable cells, in which case cells will enter
G0 phase awaiting a favorable μE.
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The initiation of the cell population defines the majority of
the cell characteristics listed in Table 1 for the seeded cell popu-
lation. The analyses are initialized with 7 × 103 cells to repli-
cate initial cell numbers in the experimental study,7 and these
cells are randomly distributed within the 3D spatial domain
hydrogel. The spatial unit is microns. At the start of the experi-
ment, cells are initially evenly distributed between the five cell
cycle phases. The analysis is temporally controlled to simulate
cell proliferation and the formation of multiple spheroids over a
time period of 2 weeks as investigated previously.7

Cell proliferation and creation of a daughter cell in M phase
is achieved by cloning the parent cell at the beginning of this
phase, with the daughter cell having the same phenotypic traits
and physical location as the parent. Over the duration of M
phase, the daughter cell gradually moves away from the parent
cell, such that at completion of this phase, the boundaries of
the daughter and parent cells are just touching, and the cen-
troids of the cells are one cell diameter apart.17 As described
above, the daughter cell has a 85% likelihood of indefinitely
entering G0 phase,22 remaining non-proliferative for the
remainder of the analysis. Alternatively, the daughter cell may
proliferate if the microenvironmental conditions are favorable
or will enter G0 phase, awaiting the microenvironmental con-
ditions to improve. The microenvironmental conditions are
modeled discretely in this preliminary analysis, and each indi-
vidual cell requires both cell-integrin Arg-Gly-Asp (RGD)
binding and matrix metalloproteinase (MMP) cleavage motifs
to be present. Both RGD and MMP motifs are short peptide
sequences simultaneously crosslinked into the hydrogel net-
work to stimulate cellular functions. Encapsulated human can-
cer cells mainly rely on RGD-dependent integrin binding
and MMP-mediated hydrogel degradation to remain viable,
proliferate and form multicellular spheroids as previously
demonstrated.7,26 For an individual cell, the state of its micro-
environment is based on a 25% likelihood of both RGD and
MMP being present (e.g. a 50% likelihood of RGD and MMP
individually). For each time increment, SpheroidSim will
assess whether any of the cells in G0 phase (but not cells
which are indefinitely quiescent) have an improved and there-
fore favorable condition for initiation of the cell cycle and to
begin G1 phase.

Model assumptions

The model does not include the contribution of necrotic
cells and for the purpose of this study, it is assumed that the
local variations in nutrient (e.g. oxygen, glucose) supply
within the growing spheroid do not affect the growth dynam-
ics over the modeled time frame.24 This assumption is based
on our previous findings, where a central region of hypoxic or
quiescent cells within the tumor spheroid was only observed
in 3D cultures longer than 2 weeks.24,26 Others have shown
that oxygen rather than glucose is the major factor that
impacts spheroid growth, with a spherical oxygen diffusion
distance of 232 � 22 μm and a spheroid size of >400 μm.27

This supports our assumption that oxygen supply within the
small spheroids in this study, ranging in size from 50 μm to
200 μm, is not limited and has no impact on the growth
dynamics over the modeled time frame of 2 weeks.

The model includes probabilistic functions sampled using
computer-generated random number sequences from a normal
distribution to replicate the likelihood of various cellular
events occurring. These events include first, the chemotactic

behavior of cells, which drives their movement, and propen-
sity to find a favorable microenvironment for proliferation.
Random number sequences control the likelihood of motile,
non-quiescent cells starting to proliferate or remain motile in
search of a favorable microenvironment, and the velocity with
which cells move throughout the domain when they are
motile. Second, the hydrogel-specific microenvironmental
parameters describing the presence of RGD and MMP, which
surround each cell, are randomly controlled.

Calculations

SpheroidSim has been developed using object-oriented cod-
ing with Matlab (Matlab R2012a, The MathWorks Inc., MA)
programming language. The algorithms are parametric, with
variation in each of the user-defined parameters representing
the individual cell characteristics (Table 1), providing insight
into the sensitivity of the cancer cell population to variations
in individual cell traits. This study is a sensitivity analysis of
the influence of variable CCT and CPF on the predicted
results for cell population, number of spheroids and number of
cells per spheroid (Table 2). CCT was varied over four levels
and CPF over three levels (Table 2). The analyses were
defined as follows:

Analysis 1: A mean CCT of 20–60 hours was used as
reported.22 A randomly generated CCT for each cell
was calculated using a normal distribution.

Analysis 2: CCT was based on a report28 that states a
median doubling time of 28 hours for the ovarian cancer
cells used for the experimental spheroid data.7 A ran-
domly generated CCT for each cell was calculated using
a normal distribution.

Analysis 3: CCT was randomly sampled from a normal
distribution, with the mean and standard deviation (SD) for
the distribution varied between two different stages (early
and late time points, 3.5 and 7 days7;) of the analysis.

Analysis 4: CCT was randomly sampled from a normal
distribution, with the mean and SD varied 3 times over the
duration of the analysis as per experimental spheroid data.7

Analysis A and B: CPF was constant over the analysis,
with previously reported percentages.7,22

Analysis C: CPF for S and M phases were constant for
these analyses, with reported values for the S phase28

and M phase22 fractions. CPF for G1 phase was ran-
domly sampled from a normal distribution (range 0–1, μ
= 0.5, δ = 0.1) and for G2 phase was calculated to
ensure all phase times added to the CCT.

Computationally derived predictions included the total number
of cells, total number of active cells, total number of spheroids
and the fraction of active cells in the G0, G1, S, G2, and M
phases. A spheroid was defined as a spatial cluster of cells
having at least four cells within a specified distance from one
another.7 Spheroids were identified using a custom-coded
algorithm (Matlab R2012a) that first, ordered cells according
to the norm of the vector joining the centroid of the cell and
the origin of the solution space (Figure 3). Once all cells were
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sorted in ascending order of distance from the origin, for each
cell in the solution space, neighboring cells were identified
using Euclidean distances. If there were four or more neigh-
boring cells for a particular cell of interest, these cells were
allocated to a spheroid and given an associated spheroid num-
ber. The maximum spheroid number at the end of the analysis
was equivalent to the total number of spheroids.

Results

Model sensitivity to CCT and CPF

A comparison of the final number of active cells predicted
for each analysis showed that the value and method used to
define the CCT had a greater effect on the predicted cell popu-
lation than the CPF defined for the cell cycle (Figure 4). The
exception was for Analyses 4A-C, which showed a 73%
increase in the predicted cell population, when a 25% CPF
was defined for all phases, in comparison to a CPF varying
from 40% for G1 phase to 7% for M phase. There was a 22%
increase in cell population between Analyses 4A and 4C, with
the latter including a CPF for G1 that was randomly sampled
from a normal distribution rather than constant as was the case
for Analysis 4A. In all cases, for a given CCT, the largest
number of cells was predicted when the CPF was 25% for G1
to M phases (Figure 4).

At the end of the analysis, the majority of cells were in G0
phase, with many of these cells being daughter cells that were
indefinitely quiescent immediately upon entering the analysis
(Table 3). Few cells were lost from the analysis, with a differ-
ence between the total number of cells and the number of
active cells <1%. Irrespective of CPF, the portion of cells in
each phase was similar between all analyses (Table 3).

When considering only the cells in G1 to M phases, the
mean fraction of cells in G1 phase was approximately 35%,
with an equivalent portion of cells in the remaining three
phases (0.22, 0.21, and 0.21 for G2, S, and M phases,

respectively; Figure 4). There was a trend for the predicted
cell population from Analysis B (Table 3) to show a larger rel-
ative portion of cells in M phase compared to Analyses
A and C.
The number of spheroids predicted for each analysis ranged

between 11 and 24 (Table 3). There was a general trend for
the number of spheroids to increase between Analyses A and
C for each of the CCT Analyses 1–4.

Comparison of predicted results with experimental data

Of the 12 analyses, the parameters defined for both analyses
4B and 4C are most comparable to the experimental 3D
model.7 The mean total number of cells observed in the exper-
imental study was 2 × 105 and the mean total number of
spheroids was 22. These values were comparable to the

Figure 3. (A) Example of growth of a simulated cell population showing an initially seeded cell population in the solution domain and a
progressive increase in the number of cells over 3.5 days. (B) Schematic demonstrating the method for defining cells which
form part of a spheroid, including a cell of interest = COI and neighboring cells. (C) Representative microscopic image using a
3D reconstruction from the experimental 3D cell culture. Cytoskeleton fluorescently visualized in red using
rhodamine415-conjugated phalloidin and cell nuclei in blue using 40,6-diamidino-2-phenylindole. Scale bar, 200 μm.

Figure 4. Portion of cells in the cell cycle phases G1 to M,
expressed as a fraction of the total number of cells in
these four phases. The mathematical mean indicates
the average distribution of cells in each cell cycle
phase for the four sensitivity analyses 1A-4C made
varying CCT and CPF.

Biotechnol. Prog.; 2018, Vol. 34, No. 61340



predicted results of 262,069 cells and 184,064 cells for the
total number of cells in analyses 4B and 4C, respectively, and
20 and 21 spheroids in each of these analyses, respectively
(Table 3). Using the reported spheroid size classifications,7 the
majority of spheroids in each analysis included <96 cells
or > 382 cells (Figure 5A) and were similar distributed to the
experimental data (Figure 5B).

Discussion

Using a bottom-up approach to represent the influence of cellu-
lar events on population level outcomes, this study presents find-
ings of a new computational model, which simulates growth of a
spheroid from a physiologically realistic cell population. Specific
focus has been placed on incorporating model parameters, which

are directly accessible and verifiable using biological profiling.
The model predictions were compared with experimental data
derived from a bioengineered spheroid model.7 Sensitivity ana-
lyses investigating the change in the predicted cell population
because of variations in CCT and CPFwere carried out.
In a different agent-based approach, a quantitative single

cell-based mathematical model has been developed to simulate
the growth of multicellular spheroids including physiological
gradients and cellular imaging data for cell growth, death, and
ECM production. However, this model does not integrate
experimental data based on a bioengineered hydrogel network;
spheroids were generated with a traditional hanging drop tech-
nique over 48 hours before transfer into agar-coated dishes
that do not provide cell-binding or proteolytic stimuli.29 In
agreement with the presented computational model herein is
the necessity to include experimentally derived data and

Table 3. Details of Predicted Cell Population at the End of Each Analysis

Analysis

Total
Number
of Cells

Cells in Each Phase as Percentage of Total Active Cells
Total

Number of
Active Cells

Number of
Spheroids

(Cell Clusters)
G0%

(Number)
G1%

(Number)
S %

(Number)
G2%

(Number)
M %

(Number)

1A 117,135 80.1 (93,695) 7.5 (8,802) 5.5 (6,484) 4.3 (5,010) 2.5 (2,964) 116,955 17
1B 122,388 77.2 (94,434) 4.7 (5,705) 4.9 (5,932) 4.1 (5,083) 9.1 (11,114) 122,268 15
1C 116,773 80.2 (93,410) 9.8 (11,398) 2.4 (2,785) 5.5 (6,353) 2.1 (2,602) 116,548 21
2A 201,140 82.2 (165,035) 7.6 (15,252) 4.8 (9,593) 4.3 (8,686) 1.2 (2,330) 200,896 11
2B 207,154 79.1 (163,803) 3.9 (7,981) 6.5 (13,487) 3.2 (6,527) 7.3 (15,204) 207,002 11
2C 194,049 81.4 (157,709) 9.9 (19,172) 2.3 (4,369) 4.9 (9,403) 1.6 (3,118) 193,771 14
3A 116,288 80.0 (92,856) 6.8 (7,851) 6.1 (7,109) 4.4 (5,155) 2.7 (3,135) 116,106 19
3B 129,947 77.5 (100,560) 6.3 (8,127) 4.6 (6,007) 4.9 (6,348) 6.8 (8,771) 129,813 23
3C 118,802 80.8 (95,756) 9.6 (11,431) 2.6 (3,092) 4.7 (5,582) 2.3 (2,715) 118,576 24
4A 151,148 79.0 (119,371) 7.1 (10,767) 3.7 (5,560) 5.1 (7,688) 5.0 (7,610) 150,996 18
4B 262,069 81.7 (213,984) 4.5 (11,780) 4.9 (12,705) 2.9 (7,641) 6.0 (15,767) 261,877 20
4C 184,064 80.1 (148,278) 7.5 (13,844) 2.6 (4,832) 5.3 (9,654) 3.9 (7,208) 183,816 21

Figure 5. (A) Distribution of simulated spheroids in each sensitivity analysis 1A-4C with the number of cells per spheroid indicated.
(B) Distribution of spheroids from a number of independent experimental 3D cell culture experiments (n = 3–77;), which is in
line with the simulated numbers and distribution pattern, with the formation of a dominant proportion of small (<5) and large
(>20) spheroids. While in the absence of RGD the distribution pattern was comparable to the presence of both RGD and
MMP, in the absence of MMP fewer small (<5) and medium-sized (10–15; 15–20) spheroids were formed.
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spatiotemporal parameters to study cancer cell physiology and
multicellular organization. Findings using a 3D colloidal gold
nanoprinting model that allows the spatiotemporal analysis of
cell deformability, proliferation and migration, indicate that
nuclear shape changes of malignant cells depend on the cell
cycle phase, with the greatest ability to deform immediately
after mitosis.25 Multiscale mathematical models of cancer cell
growth are suitable for the simulation of the dynamic interac-
tions of cell populations with the microenvironmental charac-
teristics. These approaches allow for example the prediction of
adaptive strategies of coexisting tumor subpopulations.30

The first-generation computational model does not include
mechano-biological influences on cell dynamics, such that a cell
which exists in direct contact with another cell is not physically
influenced by the presence of the neighboring cell. This pres-
sure may provide a mechano-biological stimulus, which is not
yet captured in this initial version of SpheroidSim. Future gen-
erations of SpheroidSim will consider the influence of additional
cell kinetics, such as a hybrid formulation to incorporate a con-
tinuum law representing the microenvironmental concentrations
of nutrients and toxins, cell loss from the active cell population
due to necrosis and/or apoptosis, and a chemotactic feedback to
augment the cell decision making process, whether cells will
actively enter the cell cycle or remain quiescent.

Simulation parameters for CCT were derived from the exper-
imental spheroid data based on hydrogels functionalized with
RGD and MMP motifs, totaling 2 × 105 cells and 22 spheroids
after 2 weeks of 3D culture.7 SpheroidSim predictions were in
agreement with the experimental spheroid data for the total
number of cells, with the predicted total number of cells vary-
ing by 8% and 12%, respectively. The predicted number of
spheroids was consistent with the experimental spheroid data,
with the majority of spheroids being <50 μm or >200 μm.7 The
similarity between the predicted cell population characteristics
and the experimental spheroid data provide evidence for the
validity of this agent-based simulation tool in predicting popula-
tion characteristics for ovarian cancer cells.

Different mathematical models of tumor spheroid growth
based on continuum or discrete cell population model
approaches have been reviewed elsewhere, and the close col-
laboration between experimentalists and mathematicians has
been acknowledged.31,32 Two decades ago, Ward and King
developed one of the first continuum mathematical models
linking tumor spheroid growth with the local nutrient concen-
tration in interacting phases, describing an early exponential
phase followed by linear phase and growth saturation.33 The
predictive power of SpheroidSim is given in the number of
cells and spheroids as well as spheroid size, which were in
agreement with our experimental results. Ovarian cancer
spheroids grown embedded within hydrogels reveal a typical
exponential phase before reaching a plateau phase.24 Quies-
cent cells and plateau phase spheroids might continue to pro-
liferate if microenvironmental conditions improve, which is
supported by our model predictions as the majority of cells
were in G0 phase at the end of the analysis.

For all analyses, the largest number of active cells were pre-
dicted when the phase fraction was 25% for G1 to M phases.
This observation was a result of the relative importance of G1
phase in the cell cycle. During this phase, cells will be motile
in an attempt to find a favorable microenvironmental condition
to grow and to synthesize DNA in preparation for cell divi-
sion. If the duration of G1 phase is comparatively short, as
was the case for Analysis B, any given cell will have less time
in this phase during the analysis, and thus, reach M phase and

ultimately cell division faster and more frequently over the
modeled time frame of 2 weeks. It has been reported that
many cancer cells are in the G0/G1 quiescent phases of the
cell cycle, which limits the efficacy of cell cycle phase-specific
therapeutics, such as paclitaxel.34

By reducing the CCT, as was the case for Analyses 1A-C
and 2A-C, cells reached M phase faster, and thus, created a
new generation of daughter cells in a shorter time frame.
Assuming the microenvironmental conditions were favorable,
this newly created generation of daughter cells will themselves
be capable of reaching M phase faster than for a similar popu-
lation of cells with a longer CCT, thus resulting in a final pre-
dicted cell population of greater magnitude. Therapeutics, for
example taxane-based agents, that target the cell cycle charac-
teristics, will have significant effects on the cell population by
disrupting the cell cycle process and altering CCT.

Conclusions

Gaining a mechanistic understanding of cell cycle dynamics
is an essential step, not only in the study of underlying cellular
interactions that govern spheroid growth but also in finding
cell cycle-specific therapies that arrest cell division. This com-
putational model is a first step in developing a biological-
based predictive tool capable of revealing fundamental ele-
ments in cancer cell physiology. SpheroidSim may be applied
to study the impact of the physical tumor microenvironment
on cell proliferation and spheroid formation as well as to study
other cancer cell types that demonstrate a similar multicellular
clustering behavior as the population develops. SpheroidSim
will help us to identify factors that regulate cancer cell kinetics
and tumor spheroid formation that can be targeted therapeuti-
cally. Future SpheroidSim predictions will include the efficacy
of therapeutics specifically interfering with the cell cycle of
cancer cells. The preclinical application of SpheroidSim will
require the incorporation of patient-derived malignant and
non-malignant cells to capture all cellular components of the
tumor microenvironment as seen in human tumors.
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Notation

CCT = cell cycle time
CPF = cell phase fraction
ECM = extracellular matrix
MMP = matrix metalloproteinase
RGD = Arg-Gly-Asp
SD = standard deviation
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