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Abstract

Multicellular development dependsin large part on the growth, patterning and morphogenesis of
epithelial sheets. How individual epithelial cells coordinate tissue-scale processes is still poorly
understood due to the inherent complexity of emergent systems-level behavior. Testing
hypothetical novel biophysical mechanisms across spatial scales requires computational models
that can span subcdlular to tissue levels. However, the task of including detailed descriptions
of interactions between the cytoplasm, corticaly enriched cytoskeleton and intercellular
adhesion is challenging due to the prohibitively high computational costs. Here, we introduce a
multi-scale modeling environment called Epi-Scale for ssimulating epithelial tissue dynamics
based on the Subcellular Element (SCE) modeling approach. Epi-Scale explicitly simulates the
separate  mechanical  contributions of multiple cellular  components. Computational
implementation of the model is based on an efficient paraldization algorithm that utilizes
clusters of Graphical Processing Units (GPUs) for simulating large numbers of cells within a
reasonable computational time. Epi-Scale naturally recapitulates cellular and tissue-scale
properties consistent with experimental data. As a demongtration of the predictive power of the
model, detailed smulations of increased cell-cell rearrangements as a function of tissue growth
rates are described. A particular advantage for the Epi-Scale environment is its extengbility
toward investigating complex biological processes of multiple cell types and interactions
between cells and extracellular matrix.
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1 Introduction

A fundamental question in biology is how cells are able to communicate and regulate cellular
processes to give rise to tissue-scale properties, including the final shape, size and mechanical
properties of an organ during development. As one of four basic tissue types in the body,
epithelial sheets are significant contributors to the shape and function of organs. Epithelia are
composed of tightly adherent cells and provide barriers between internal cells of organs and the
environment [1-3] (figure 1). Understanding the regulation of growth in epitheliais also of basic
relevance to obtaining a better understanding of the fundamental basis of cancer initiation and
progression as 90% of al human tumors are derived from epithelia [4]. The shape (geometry)
and cell-cell connectivity, or topological packing, of cells reflect the underlying physical forces
acting both at the cellular and tissue scales, which in turn impacts tissue architecture [5].
Interpretation of cell shape and topology promises to provide a quantitative basis for disease
identification based on cell morphology [6,7].

Computational modeling coupled with experimentation has become a powerful tool for studying
epithelial morphogenesis and homeostasis [8-12]. Multiple approaches have been utilized, each
with its own strengths, limitations and primary applications (reviewed in, among others, [13]).
The cdlular Potts modeling (CPM) approach has been used to study epithdia cells
rearrangements [14] and other aspects of morphogenesis [15]. In CPM model the dynamics of
each cell, represented by a cluster of lattice points, is determined by a Monte Carlo algorithm. In
particular, CPM was successfully used to study the role of cell adhesivity in cell sorting and
rearrangements. At the same time, incorporation of detailed representation of cell shapes and
mechanical properties into the CPM is computationally costly. As another model, Brodland and
colleagues have employed a finite element model to investigate epithelial cells behavior [16,17].
In such models, each cell is composed of multiple triangular shape elements that possess
properties such as adhesivity, viscosity and tension along their boundaries. Vertex based model
(VBM) is another approach where cells are defined by the number of vertices representing the
meeting points of shared cell-cell bonds (reviewed in, among others, [11]). Vertex displacement
is governed by minimizing an energy function representing target cell apical area, cell
contractility, and cortical tension. A very abbreviated list of applications of vertex based models

include: the analysis of the factors that influence the distributions of cell neighbor numbers and
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cell properties in cell populations [18], studying mechanical feedback as a possble size
regulation mechanism for tissues [19-21], and the role of cell contractility in determining tissue
curvature [22]. Finally, SCE modeling is another computational approach , developed initially by
Newman [23] for smulating multi-cellular systems, and later extended by Newman and
colleagues [24] for studying epithelial cells. In this model each cell consists of a set of nodes
representing coarse-grained approximations of subcellular components with node-node
interactions determined by energy functions. The main advantage of the SCE approach is the
ability to provide detailed representation of mechanical properties of individual cells. The SCE
model has been used to predict how cellular mechanical properties and activity give rise to
tissue-level properties [25]. The SCE mode has also been applied to the study of tissue rheology
[26], tissue fusion [27], thrombus formation [28,29], and cell signaling [30].

Despite a considerable variety of approaches, existing epithelial models generally make the
assumption that the apical surfaces of cells are polygonal, which is reasonable in some cases but
an imprecise approximation in general. For example, this assumption does not hold during
mitotic rounding [31-33] which occurs during cell divison. Modeling cell rearrangements,
known to be important in cell morphogenesis, are typically handled through an ad hoc rule that
forces cell connectivity changes when a cell bond length falls below a threshold. Furthermore,
there is currently no high-resolution, element-based model that completely distinguishes the
membrane and actomyosin cortex from the cytoplasm of epithelial cells, yet these are known to

have very different mechanical properties[34,35].

Here we describe and calibrate a novel multi-scale modeling environment called Epi-Scale,
based on SCE modeling approach, for simulating dynamics and mechanical properties of
epithelial tissues. Moving beyond the earlier very important one-component SCE study [24], the
key feature of Epi-Scale is that the mechanics of the actomyosin cortex and cytoplasm as well as
individual cell membranes are introduced separately as different types of elements in the
computational model. An efficient parallelized algorithm that utilizes clusters of GPUs was
developed to considerably decrease the computational runtime. Epi-Scale was calibrated using
values based on experimental observations of model epithelial systems, in particular relying on
literature-based data on the Drosophila wing imaginal disc pouch [10,36,37]. Smulation results
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show that the Epi-Scale model is capable of reproducing experimentally observed polygon class
and cell size distribution of epithelia. The model also predicts a monotonic increase of cell size
for cells located in the domain from the center to the edge of epithelia tissues due to the
mechanical interactions between cells under growth. Furthermore, the developed model predicts
that cell growth rates determine the number of cell rearrangement events. As an extensible
platform, the additional subcellular detail provided by the Epi-Scale model enables more redlistic
dynamical descriptions of epithelial cells, including mitotic rounding, and enables new studies

into the underlying biophysical principles of organ development.

This paper is organized as follows. In section 2, we develop and calibrate Epi-Scale for
simulating the biophysical interactions of individual epithelial cells at cellular and tissue scales.
The platform is implemented in Compute Unified Device Architecture (CUDA) to take
advantage of the computational efficiency of GPUs. In section 3, predictive properties of the Epi-
Scale are demonstrated by providing quantitative predictions of the distributions of cell areas and
cell neighbor satistics in the developing Drosophila wing disc. Also potential applications and
extensions of the developed model are described. In section 4, we summarize results and provide

conclusions.

2 Model development and calibration

21 General features

In the Epi-Scale model, individual cells are represented as a collections of subcellular nodes,
each with a potential field that describes viscodlastic mechanics [23,24,26,28-30,38]. Each cell
is represented by two classes of subcellular nodes: membrane nodes (membrane + actomyosin
cortex) and internal nodes (figure 2a). The membrane nodes represent both the plasma membrane
and associated contractile actomyosin cortex that provides the membran€'s structure
[34,35,39,40]. Internal nodes are used as a coarse-grain representation of cytoplasmic contents
and resulting bulk mechanical properties within the cell. Membrane and internal nodes are
coupled through Morse potentials (figure 2b and figure S.3) [23,30].
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Cadherin molecules — such as E-Cadherin — are critical for regulating apical cell-cell adhesion
in epithelia [41-44] and are important for organizing adherens junctions (AJ). Adapter proteins
connect E-cadherin molecules to cortical actin [45,46], and contribute to epithelial integrity
through homotypic binding of cadherin molecules between adjacent cells [43,47-49]. In the
model, adhesive interactions between membrane e ements on opposing cells are represented as a
spring force (figure 2b). This spring-like force provides a coarse grain description of adhesion
through homophilic E-cadherin interactions. It only operates when two opposing membrane
nodes belong to neighboring cells. Membrane nodes of a cell are connected by a chain of linear
and rotational springs forming a closed loop and are used to represent the lipid bilayer of the
epithelial cell membrane and associated actomyosin cortex, critical for maintaining the structural
integrity of the cdll (figure 2c).

Cedll growth is simulated by introducing new internal nodes (figure 2d). Internal nodes rearrange
through Morse potential interactions (figure 2e). Cell division (mitosis) is modeled by increasing
the Morse potential between internal nodes, followed by a division of the cell into two daughter
cells with new membrane elements between daughter cells (figure 2f). Specific details about cell

growth and division areincluded in SI.1.2.

2.2 Equationsof motion

A typical simulation in the developed mode is initialized with seven cells consisting of evenly
distributed membrane nodes along an outer ring and randomized seeding of internal elements
(figure 3a). After initialization, cellular components freely rearrange to an equilibrium state.
Cdll-cell adhesion drives the system to form a polygon network as the simulation evolves (figure
3b) through integration of equations of motion described in the following paragraph. The
epithelial sheet increases in size due to cell growth and division. The final stage of a smulation
is shown in figure 4c when the epithelial sheet reaches 2500 cells. The distribution of cell shapes
and sizes in the epithelia cell sheet, shown in figure 4d, is dependent on the balance of

mechanical interaction between the cdlls.

The equations of motion for Epi-Scale model are written by noticing that cell velocities are so

small that the inertial term can be ignored in comparison with damping term (overdamped
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regime [18,23,50]). Therefore, the membrane and internal nodes equations of motion are written

in the following form [51,52]:

Ny, = — (Z VEY' + z VENMS 4 z VEMMD 4 yEpadhy (2.1)
j k l

nx, = —( z VES + z VEQR) (2.2)
j k

wheren is damping coefficient, x,, is a position of an interna node, and x,,, is a position of a
membrane node. Ejj’ is the potential energy function representing mechanical interactions
between membrane and internal nodes of the same cell. EfM* is the potential energy function
describing mechanical interaction between membrane nodes of the same cell. E;/*” represents
interaction between two membrane nodes of different cells, Ef] is the potential energy function
for describing interactions between internal nodes of the same cell, and finally Ef%" represents

adhesion between two membrane nodes of the adjacent cells.

The potential energy functions between different nodes in the computational model are defined
by either springs or Morse potential function. Linear and rotational springs are used for modeling
E;™ and Ef*", while Morse potential functions are used for modeling E}’, Ejf, and Ej/P. Morse
potential in general contains components describing short-range repulsive force and longer range

attractive force [53]. Following expression shows Morse potential function for EJ{":

i [UM, oxp (_ u> Wy exp (_ u>] 2.3)

Emr Ymr

where Uy, Wy, €,,,, ady,,, are Morse parameters for Ef{' and calibrated during model testing
(Table 1 and figure S3). The same expression with different sets of parameters is used for £/}’

and EMMP.

Equations of motion of the internal and membrane nodes (Equations 2.1 and 2.2) are discretized
in time by an explicit method and positions of nodes x;, and xy, are incremented at discrete
times. For example, discretized form of the equation of motion of internal nodes (Equation 2.1)

isasfollows:


https://doi.org/10.1101/037820

bioRxiv preprint doi: https://doi.org/10.1101/037820; this version posted January 25, 2016. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

A
X = (Z v(E)" + > v (B! > ;t (2.4)

j k

where At is the time step of the simulation. The same discretization is used for the
equation of motion of the membrane nodes.

2.3 Modd Calibration

Model parameters are calibrated to simulate experimentally observed behavior of the normal and
mitotic cellsin the Drosophila wing disc system (Table 1; figure 4; model details are provided in
S1.1.2). Energy functions for normal cells are chosen to ensure that cells are adhesive enough to
attach to each other, while avoiding cell overlapping to satisfy physical boundary conditions. The
Epi-Scale model recapitulate physical properties of cells and tissue that are difficult or
impossible to obtain by using smpler computational approaches. For example, the initial stages
of the simulation capture the trangition from nonadherent cells to a colony of adherent epithelia
cells (figure 3a, 3b). Other epithelial cell models, such as vertex based models, cannot replicate
this physical transition because they enforce a defined connectivity in the form of polygonal
shapes.

Energy functions of the mitotic cells were calibrated by comparing simulations of the mitotic
rounding of cels during divison with experimental data. Mitotic rounding occurs when
epithelial cells extend the apical surface and become rounder during mitosis partially due to
increased stiffness [31,32,34]. Values and trends for the area and roundness in dividing cells
were shown to be consistent with the experimental data (figure 4).

The tissue growth rate in the computational model is assumed to decay exponentially as occurs
in real tissues. As described in SI.1.2, the growth rate of each individual cell is assigned
randomly based on the decaying growth rate. Values of constants were obtained by calibrating
model simulations to obtain the final number of cells observed in the experiments on growing
Drosophila wing disc pouch.
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24 CUDA implementation

The main advantage of the Epi-Scale modd is the ability to ssimulate a large number of cells
comprising tissues while simultaneously considering detailed cellular interactions. In order to
considerably reduce simulation times, an efficient computational framework based on two
separate essential features are implemented. First, the simulation is performed on clusters of
GPUs, which alows the smulations to run on thousands of nodes concurrently. The
computational model isimplemented using CUDA, a proprietary parallel computing platform for
GPUs. A single graphical card provides significantly higher total computing power compared
with a single CPU, but at the cost of increased complexity in code development [30]. Second, we
derived an efficient searching algorithm for applying intercellular forces. The most time
consuming computational step in the Epi-Scale model is searching for adjacent cells with
intercellular interactions ( E}/P). The search algorithm examines all the cdls in the
computational domain, which is computationally expensive. To optimize the searching
algorithm, a discretized rectangular domain is introduced to limit the search for neighbors to only
cells located on neighboring grids (Sl text, figure S1). This agorithm considerably reduces the
computational time compared to an earlier GPU implementation [30] and results in linear
increase in computational time with respect to number of cells. This algorithm is also extensible
to three dimensions (3D) since only the nearest neighboring grids are needed. Sl.1.1 provides
more details about the computational implementation.

3 Resaultsand discussion

3.1 Emergence of tissue size and polygon class distribution

For the selected values of basic parameters (Table 1), Epi-Scale simulation output demonstrates a
close approximation to several experimentally observed measurements of tissue organization
[5,54]. Approximate tissue-level parameters such as number of cells and growth duration are
based on the growth of the Drosophila wing imaginal disc pouch during larval growth. The
Drosophila system has long been used to study epithelial mechanics and consequently has arich
literature of values for constraining simulations. Based on cell cycle times, ssmulation time
corresponds to approximately 100 hours of developmental time in which the number of cells
increases from 7 to 2500 cells [55] (Video S1). The final stage of the simulation is shown in
figure 5a. One attribute of cells is the number of cell neighbors in contact with a cell. For
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instance, a cell with six adhering neighbors can be classified as belonging to the class of
hexagonal cells. The polygon class distribution of the same simulation is plotted as function of
time in figure 5b and shows the approach to steady state distribution after about 50 hours of
simulated tissue growth. Figure 5¢c shows the comparison of average polygon class distributions
of computational results with experimental data for multiple biological systems [24] showing
that simulations can be tuned to generally reproduces the experimental data. Both computational
and experimental results show that hexagonal cells predominate the shape distribution followed
by pentagonal and heptagonal cells respectively. The computational results also demonstrates
that increasing in the average cells growth rate will shift the cells polygon class distribution
toward cells with higher number of neighbors (sides). This polygon class distribution is an
emergent property of the computational model and occurs due to mechanical interactions

between cdlls.

To further verify the Epi-scale model, we have examined whether the simulation results satisfy
three relationships known to govern cellular packing distributions in growing and dividing
epithelial systems [5,54]. The first isknown as Euler’s law, stating that the average cell neighbor
number for a tissue with a large number of cells should equal to six. Averaging cell size in the
final stages of current smulated wing disc shows 5.969 + 0.002, in very good agreement with
Euler’ s law prediction. The second is known as the Lewis law, which states that the area of a cell
should increase linearly as the polygon class of the cell increases. In other word, larger cells
should have more sides. Figure 5d shows the numerical results of cell sizes distribution as a
function of cell sides, which is in very good agreement with the Lewis law. Finaly, Aboav-
Weaire law states that the average polygon class of each cell’ s neighbors decrease as the polygon
class of that cell increase. This law is also well satisfied by Epi-Scale as shown in figure 5d. By
satisfying these laws, the topology of Epi-Scale simulation output resembles multiple features of
biological epithelial topology.

3.2 Emergenceof tissue-level properties: cell-cell rearrangements

Epithelial cell-cell rearrangements (T1 transitions) occur as epithelial topology rearranges in
response to tissue-level or cell-generated forces [2,56]. During this process, the boundary
between two neighbors shrinks to form a 4-sided vertex node (figure 6). This property provides a

10
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measure of the fluidity of cells. T1 trangtions are extremely critical for many morphogenetic
processes such as convergent extension [14]. However little is known regarding how internal
mechanical effects of cells growth and divison influences cell rearrangements, even in the
absence of directed force generation or application. Figures 6a-c show an example of T1
trangition occurring in an experimentally observed developing Drosophila wing disc pouch. In
figure 6a, cell 3isaneghbor of cell 1. Figure 6b shows the reducing boundary length connecting
cells 1 and 3. Finally, the boundary between these two cells disappears (figure 6¢). Figure 6d-f
shows an example in the computational model where a similar T1 transition occurs with their
dynamics matching experimental observations. In the current model, T1 transitions occurs as an
emergent property without the need to define an ad hoc rule forcing cell neighbor changes
[11,16,18] because cell boundaries are individually defined and free to rearrange.

As the growth rate increases, the number of T1 transitions increase which can be possibly due to
the increase in the cells motion due to rapid growth of cells (figure 6g). The low standard
deviation of simulations confirms the reliability of the computational results. In these scenarios,
it is evident that the T1 transition frequency takes a parabolic shape over time due to a positive
contribution from initial increases in cell number and a negative contribution from later decay in
growth-rate. Therefore, a maximum value is expected when the number of cells is high enough
for expecting high chance of cells rearrangements (T1 transitions) and at the same time enough

sources of cells motion due to growth and division, are present in the tissue.

To decouple the effect of cell number and growth rate on T1 transition frequency, scenarios were
analyzed where growth rate was varied, but cell number was held constant by only considering
the 60 cells closest to the center of the domain (Videos S2-S6). These scenarios resulted in the
prediction that T1 transition frequency is correlated with growth rate in epithelial systems (figure
6h).

3.3 Emergenceof tissue-level properties: cell size distribution

Understanding how mechanical properties of cells evolve with tissue growth is critical in
developing models of cell and tissue size regulation [57]. In figure 7a-d, the cell size distribution
as afunction of distance from center of wing disc is shown for different smulation times. After a

11
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transitory period of epithelial colony formation, an increase of cell size is observed as the
distance from center of epithelial tissue is increased. Higher average radial forces on the cells
close to the epithelial disc center and lower average radial forces at the surrounding cells can
explain this result. The cells at the center of disc have less freedom and hence are under higher
compression from neighboring cells. Therefore, the average cell sizes are lower for cells close to
the center of wing disc. The same radial size distribution is also observed in the experimental
data for the Drosophila wing disc pouch [57,58]. This result strongly supports the interpretation
that cell-size gradients arise due to the mechanical interaction between cells independent of

chemical signaling.

3.4 Extensions and applications

As a highly extensible modeling platform, Epi-Scale can be expanded to include the third spatial
dimension, include multiple cell types, and multiple layers of cells for a large number of cells.
This model is designed to handle cell growth and cell division and can be applied to description
of morphogenesis and tissue growth dynamics for diverse model systems of epithelia. The effects
of external loading on epithelial sheets can be investigated by imposing different forces on the
boundary cells. A three-dimensional model would be useful for simulation of epithelial folding,
delamination, modeling parenchymal and stromal cell layers, and multi-layer epithelia. Previous
studies have predicted that cells grow faster when they are under higher tension, and grow slower
while compressed [18,19,59]. Morphogens are also known to regulate the growth rate of
epithelial cdls [36,60]. With future extension of Epi-Scale to incorporate morphogen signaling,
different hypotheses for proliferation regulation can be tested at higher levels of spatial
resolution. More generally, Epi-Scale can be modified to simulate general cases of multicellular
aggregates. We are also currently extending Epi-Scale to simulating interactions of platelets with
the fibrin network as well as contraction of platelet aggregates in blood clots.

4 Conclusions

Here we describe the development and validation of Epi-Scale—a multi-scale, subcellular SCE
modeling platform that extends previous subcellular element computational approaches to
explicitly model simulate multiple cellular components. Epi-Scale is implemented on clusters of

GPUs to handle large scale simulations of dynamics of developing and growing tissues. In Epi-
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Scale simulations, polygona cell-shapes arise from mechanical interactions between cells
without pre-defined geometric constraints on the individual cells. The computational moddl is
verified by confirming that the model simulations follows known biological packing behaviors.
The computational results show agreement with the Euler, Lewis, and Aboav-Weaire laws.
Furthermore, other emerging tissue-level simulation properties were analyzed including a radial
cell size distribution that is observed in growing tissues. The developed model was also used to
study how cell growth and divisions impact the occurrence of cell-cell rearrangements (T1
trangition). The mode predicts a strong correlation between the cell growth rate and number of
T1 trangtions. Increasing the cell growth-rate will increases cell motion with respect to each
other, hence leads to higher frequencies of T1 transitions in the tissue. In the future, this result
could be tested experimentally by investigating epithelial tissue growth, perhaps of cultured
epithelial cell colonies, while chemically or mechanically varying growth rates. Epi-Scale
provides extensibility and scalability to handle large-scale multi-scale simulations of tissue
growth and morphogenesis, with applications for to studying both development and, cancer

biology as well as many other applications such as blood clot formation.
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FIGURES
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Basal ' Actinomyosin | Membrane
Cortex

Figure 1. (a) Epitheial cells are polarized with apical and basal sides. (b) Apical surface of
epithelial cells, which are smulated in Epi-Scale modél. (c) At the molecular scale, the boundary
between cells consists of alipid bilayer membrane for each cell, E-cadherin molecules that bind
to each other through homophilic interactions, and adaptor proteins that connect the adhesion
complexes to an underlying actomyosin cortex that provides tensile forces along the rim of apical
areas of cells.
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Figure 2. Physics and cell logics in Epi-Scale. (a) An illustration of a cell in Epi-Scale model
and the relative potential field around each node. (b) Intracellular and intercellular interactions
between different elements of Epi-scale model. (C) Linear and rotational springs are used for
modeling cell membrane. (d-f) Cell growth in Epi-Scale model: (d) initial cell condition, (e) cell
growth through introduction of new internal nodes, (f) rearrangement of cellular nodes after node
introduction to balance the energy potential forces. (g-h) cell division in the Epi-Scale modd: (Q)
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mitotic cells are modeled by changing the Morse parameters for internal nodes interactions, (h)
divison of the elements and creation of a new cell boundary between daughter cells, (i)

rearrangement of internal nodes after division and return to interphase potential fields.
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Figure 3. Initial conditions and example simulation. (a) Initial condition of an Epi-Scae
simulation with seven circular cells. Each cdl starts with 100 membrane elements and 20
internal elements. (b) Epithelial sheet after cells adhere to each other. An equilibrium distribution
of internal nodes is reached for each cell. (c) Epithelial sheet near the conclusion of the
simulation. (d) Enlarged view of the selected region showing different cell shapes and sizes due

to mechanical interaction between cells.
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Figure 4. Mitotic rounding calibration. (a-d) Mitotic properties were calibrated to experimental
data from Drosophila wing discs. Time-lapse confocal images of cell undergoing mitosis in the
wing disc with E-Cadherin labeling cell boundaries. Scale bar is 5 um. Arrows indicate daughter
cells. (e) Areafor tracked cells before and during mitosis in Drosophila wing disc (ex vivo) and
Epi-Scale simulation (in silico). (f-i) Time series from Epi-Scale simulation of a cell undergoing
mitosis. * represents p < 0.05 by t-test, n = 1754 cells for in silico, 24 cdlls for ex vivo. All error
bars represent standard deviations.
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Figure 5. Polygon class distribution (a) Sample simulation output showing cells with different
numbers of neighbors as different colors. (b) Epi-Scale reaches steady-state polygon-class
distribution after approximately 50 simulated hours. (¢) Comparison of polygon class
distributions obtained by Epi-Scale model with various biological systems (data extracted from
[24]). (d) Average relative area (A,) and average polygon class of neighbors for cells of different
polygon classes verifying that Epi-Scale simulation results follow Lewis law and Aboav-Weaire

law [54]. Error bars represent standard deviation.
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Figure 6. Cél-cdl rearrangements (T1 transition) in epithelial cells. (a-c) Timelapse confocal
images of cells undergoing a T1 transition in the Drosophila wing disc, with E-Cadherin labeling
cell boundaries, scale bar represents 5 um. (d-f): Time series from Epi-Scale simulation of cells
undergoing T1 transition. (g) Computational results for average frequency of T1 transitions over

simulated time in the whole epithelial disc. (h) T1 transition frequency within an unchanging
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circular region of interest for computational simulations with varying levels of constant cell
growth rate. All error bars represent standard deviations.
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Figure 7. Spatiotemporal gradient of cell sizes. Spatial distribution of cell areas at different
time-points (a-d: 0, 25, 50, 100 hours) and relative positions. In the horizontal axis, O represents
the center, and 1 is the boundary of simulated epithelial tissue (n=seven simulations). Error bars

aresd. .
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Tables
Table 1: Model parameters

Parameter description Symboal Interphasecell (Mitotic cell )
Morse parameters for interna-interna Uy, 0.05(1.5)
interactions (describes contractility) w, 0.015 (0.6)

& 0.1(0.15)

Vi 0.4
Morse parameters for internal-membrane Uy 0.08 (0.3)
interactions Sl 0.04 (0.07)
Morse parameters for membrane repulsion Unmp 0.4

Evmp 0.04

Spring parameters for membrane adhesion kgan 1.25
between different cells Loan 0.2
Spring parameters for membrane (describes koem 50
membrane elasticity) Loom 0.02
Damping coefficient n 1
Min. and max of initial growth-rate G0 & G0mar 2x1073& 4 x 1073
Growth decay constant kg 4x 107*
Mitotic rounding critical value P 0.92

Notes: * Values of variables not written for mitotic cells are kept constant.

** Morse parameters not written are equal to zero.
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