Cell Shape Emerges from Motion

Gautham Gopinath!2,* Emmanuel Y. Mintah®2,* Aashrith Saraswathibhatla*, Jonah J. Spencer®5,

Shahar Nahum?, Lior Atia”, Jacob Notbohm?®%, Mark D. Shattuck®, and Corey S. O’Hern®!10:11,2
! Department of Physics, Yale University, New Haven, Connecticut 06520, USA
2 Integrated Graduate Program in Physical and Engineering Biology,
Yale University, New Haven, Connecticut 06520, USA
3 Department of Biomedical Engineering, Yale University, New Haven, Connecticut 06520, USA
4 Department of Biomedical Engineering, University of Minnesota, Minneapolis, Minnesota 55455, USA
5 Biophysics Program, University of Wisconsin-Madison,
1500 Engineering Drive, Madison, Wisconsin 53706, USA
8 Department of Mechanical Engineering, University of Wisconsin-Madison,
1500 Engineering Drive, Madison, Wisconsin 53706, USA
" Department of Mechanical Engineering, Ben Gurion University of the Negev, Be’er Sheve, Israel
8 Benjamin Levich Institute and Physics Department,
City College of New York, New York, New York 10031, USA
9 Department of Mechanical Engineering, Yale University, New Haven, Connecticut 06520, USA
0 Department of Applied Physics, Yale University, New Haven, Connecticut 06520, USA
Y Qraduate Program in Computational Biology and Biomedical Informatics,
Yale University, New Haven, Connecticut 06520, USA

We perform cell segmentation on images from experimental studies of confluent, mobile cells
in epithelial monolayers and show that these systems possess a broad, positively-skewed shape
parameter distribution P(A), where A = p®/4ma, p is the perimeter, and a is area of each cell. P(A)
is peaked at a value higher than the typical shape parameter A* ~ 1.15 that occurs for randomly
packed, static confluent cell monolayers. The distribution does not arise from a heterogeneous
population of cells with different fized A, nor can it arise from cell shape fluctuations from strains
below the elastic limit. Instead, we find that all cells in each monolayer sample 4 values that
span the full shape parameter distribution. We develop a deformable particle model that allows
cell perimeter to adapt to local forces during cell motion, and this model recovers P(A) to within
5% for both MDCK and HaCaT epithelial cell monolayers. These results emphasize that confluent
epithelial monolayers of mobile cells generate a well-defined broad shape parameter distribution that

is independent of the initial cell shapes.

I. INTRODUCTION

Packings of rigid particles, such as colloidal glasses [1]
and jammed granular materials [2], form solid-like states
at high packing fractions ¢ where the particles are un-
able to rearrange at long timescales since there is insuffi-
cient free volume and the particles have fixed shapes [3].
In contrast, epithelial cells in confluent monolayers with
¢ = 1.0 can be highly mobile since each cell can undergo
dynamic shape changes [4, 5]. The ability of epithelial
cells to adjust their shapes to enable motion raises several
important questions. Do epithelial cells select a preferred
set of shapes and their motion results from these pres-
elected shapes, or are the cell shapes an output of the
cell motion? Further, by analyzing the cell shape dis-
tributions from mobile, confluent epithelial monolayers,
can we determine whether cell shapes deform reversibly
or irreversibly?

Previous experimental studies of confluent epithelial
cell monolayers have performed Voronoi tessellations of
the cell nuclei and shown that the cell shape parameter
distributions are broad [6] with significant weight above
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the typical minimum value for static monolayers [7]. One
explanation is that all cells have the same preferred
shape, but the cells undergo significant elastic deforma-
tions during motion. However, previous experimental
studies have shown that even 10% strain can cause plastic
deformation in the cell cortex [8-10]. Another explana-
tion for this broad shape parameter distribution is that
epithelial cell monolayers are heterogeneous, composed
of elastic cells that each possess different preferred shape
parameters around which they fluctuate. Thus, in many
prior modeling studies, cell shape is viewed as an input
to the system from which the dynamics and mechanical
properties of the system emerge [11-13]. A shortcoming
of this description is that it does not explain why ep-
ithelial monolayers with different cell types have similar
cell shape parameter distributions [6, 14]. In this work,
we propose that well-defined broad cell shape parame-
ter distributions emerge in confluent, mobile epithelial
cell monolayers because the perimeters of individual cells
can deform irreversibly, which allows the cells to explore
a wide range of shapes while moving in confluent mono-
layers.

Several of us have performed prior experimental stud-
ies to measure cell shapes in confluent epithelial cell
monolayers from different cell lines and over a range
of cell densities. These prior studies include time-lapse



phase contrast imaging of (1) low- and (2) high-density
islands of MDCK cells [5, 15], (3) low-density islands of
human keratinocyte (HaCaT) cells, (4) time-lapse phase
contrast and GFP-tagged migratory MDCK epithelial
cell monolayers, and (5) asthmatic and (6) non-asthmatic
human bronchial (HB) epithelial cells that have been
chemically fixed at different air-liquid interface culturing
times [6]. (See Appendix A for experimental details.) We
characterize cell monolayers as low- (high-) density when
their number density p < po (p > po), where pg ~ 4,000~
7,000 cells/mm?. Above py, MDCK cell monolayers ex-
perience density-related growth inhibition [16] and Ha-
CaT cells form partial multilayers [17]. Similarly, even
at densities below pg, HB cell monolayers can exhibit
decreased cell motility due to matured cell-cell and cell-
substrate junctions [18]. We perform image analyses of
these six datasets using Cellpose [19, 20] augmented by
manual tracing, which allows us to identify curved cell
boundaries in contrast to Voronoi tessellation of the cell
nuclei [6]. We then quantify the cell shapes by calcu-
lating the shape parameter A = p?/4ma, where p and a
are the perimeter and area of each cell, respectively. We
find that highly mobile confluent epithelial cell mono-
layers exhibit a well-defined broad and positively-skewed
shape parameter distribution P(A) with mean shape pa-
rameters greater than the minimum Ap;, ~ 1.15 that
typically occurs for static confluent cell monolayers [7].
Each cell spans a wide range of shape parameters dur-
ing motion, and the time-averaged distribution of shape
parameters is similar to the spatially averaged distribu-
tion. To understand the shape parameter distribution,
we develop a deformable particle model (DPM) with an
adaptive preferred perimeter that can vary based on local
forces during cell motion. The DPM captures the shape
parameter distribution of mobile epithelial cell monolay-
ers to within 5% for both MDCK and HaCaT cells. These
results emphasize that the cell shape parameter distribu-
tion is not generated by small fluctuations around a fixed
cell shape parameter. Instead, the cell shape parameter
distribution is independent of the initial cell shapes and
reaches a broad, steady-state cell shape distribution that
is relatively insensitive to the cell mechanical properties.

This article is organized into three remaining sections.
Sec. II focuses on the experimental and computational
methods used in our studies and is divided into four
subsections. The first subsection describes the cell seg-
mentation pipeline. The next two subsections introduce
two computational models for modeling mobile epithelial
cells in confluent monolayers: (1) the deformable particle
model (DPM) with a harmonic energy penalty for devia-
tions in the cell perimeter from its preferred value [6, 11—
13] and (2) the DPM except with an adaptive preferred
perimeter. In the final subsection, we describe the values
of the model parameters that we choose. In Sec. III, we
describe the main results, including the characterization
of the cell shape parameter distributions obtained from
the experimental studies and the predicted cell shape pa-
rameter distributions from the two computational mod-

els. In Sec. IV, we discuss the possible biological mech-
anisms that can give rise to irreversible changes in cell
perimeter, including the folding and unfolding of mem-
brane reservoirs [8, 21] and membrane endocytosis and
exocytosis [22, 23]. Cells can also change their shapes
via area fluctuations generated by fluid flows through
gap junctions [24] and in this section we comment on
how cell shapes can be influenced by changes in the pre-
ferred area. We also describe several interesting future
directions, for example, identifying the key parameters
that control when cells in confluent monolayers are solid-
versus fluid-like and the connection between the rate of
cell neighbor exchanges and the cell shape parameter dis-
tribution.

II. METHODS

The methods section contains four subsections. In
Sec. ITA, we describe the methods used to segment the
cells, measure their perimeter and area, calculate the cell
shape parameter A, and track the centers of mass of mo-
bile epithelial cells as a function of time. In Sec. II B, we
introduce the deformable particle model (DPM) with a
harmonic energy penalty for deviations in the cell perime-
ter from a preferred value and simulations of the DPM
with active Brownian force fy and persistence time 7.
In Sec. IIC, we describe another model for mobile ep-
ithelial cells, the active Brownian DPM with an adaptive
preferred perimeter, where the preferred perimeter can
change over a time scale 7, in response to local forces
during cell motion. Finally in Sec. II D, we describe the
simulation parameters that we use for these two compu-
tational models. We fix four of the relevant dimensionless
parameters based on biophysical constraints. We then
vary a combination of the dimensionless active Brownian
force fp and persistence time 7, and the perimeter re-
laxation time scale 7, to investigate how these variables
affect the emergent cell shape parameter distributions.

A. Image Segmentation and Analysis

To determine the shapes of the cells from the experi-
mental images of the epithelial cell monolayers, we first
pass the images to Cellpose [19, 20] and use one of the
built-in segmentation algorithms (e.g. cyto2) to obtain a
baseline segmentation of the monolayer in two dimen-
sions, i.e. a list of pixels (or mask) that is assigned
to each cell. We then manually correct the segmenta-
tion by identifying cells missed by Cellpose and remov-
ing dead cells that were identified by Cellpose. (See
Fig. 1 (a).) The boundary pixels of each cell mask are
filtered so that each mask has N, ~ 25 evenly spaced
vertices located at the centers of the boundary pixels,
7; = (x;,y;) as shown in Fig. 1 (b). We calculate the
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FIG. 1. (a) A segmented section of a phase contrast image of a
low-density island of MDCK epithelial cells. The cyan borders
mark the cell boundaries. (b) The highlighted magenta cell
in (a), showing the pixels that make up the cell and the N,
boundary vertices (black points) that are used to calculate
the cell shape parameter A = p?/4wa = 1.22, where p is
the perimeter, a is the area, and [; is the distance between
consecutive vertices 7 and 7 + 1.

a=1 vazvl (2iYi+1 — ®ix1y;) to determine the shape pa-
rameter A = p?/(4mwa) of each cell. (We find that the
error from calculations of the cell shape parameter at the
pixel resolution from the images of MDCK and HaCaT
islands is nearly constant when 20 < N, < 40.)

Previous studies have characterized the sizes and
shapes of epithelial cells through Voronoi tessellations
of the cell nuclei [6, 25] and assigned the cell area and
perimeter to be the area and perimeter of the correspond-
ing Voronoi polygon that encloses the cell nucleus. How-
ever, Voronoi tessellation enforces straight edges between
cells and therefore cannot capture the curvature of ep-
ithelial cell boundaries. In Fig. 2, we compare the cell
shape parameter distributions P(A) from cell segmenta-
tion using Cellpose (black solid line) of the low-density
islands of MDCK epithelial cells to that from Voronoi
tessellations of the centers of mass of the cell masks
(red dashed line). We find that the true distribution
of MDCK epithelial cell shape parameters P(A) is broad
and positively-skewed with (A) ~ 1.4, while P(A) from
the Voronoi tessellation is much narrower and peaked
near (A) ~ 1.2. Similarly, we find that the true distribu-
tions P(A) from the cell segmentations of the other five
datasets are broader than the corresponding distributions
obtained from Voronoi tessellation. Thus, using Voronoi
tessellations does not accurately capture the cell shape
parameter distribution of epithelial cell monolayers.

The six datasets of images containing epithelial cell
monolayers are summarized in Table I. Most of the im-
ages were obtained from phase-contrast microscopy with
the exception of the GFP-labeled MDCK cells. From
these datasets, we segmented nearly 250,000 cells, about
half of which were from the time-lapse images (over three
hours) of the low-density MDCK epithelial cell islands.
With the time-lapse images, we can track the centers of
mass and shapes of individual cells within the monolay-
ers over time. Individual cell tracking is performed by
connecting the cell masks in the segmentation of an im-

= MDCK Segmentation
\ ==== MDCK Voronoi

2.5 3

FIG. 2. Probability distributions of the cell shape parameter
P(A) from the segmentation of low-density islands of MDCK
epithelial cells using Cellpose (black solid) and Voronoi tes-
sellations of the centers of mass of the cell masks from the
segmentation (red dashed).

age at a given time with the nearest centers of mass of
the cell masks in the image at the next time point. We
compare the distribution of cell shape parameters from
individual cells over time to the distributions of all cells
in a given system at fixed times. The rates of apoptosis
in the MDCK epithelial cell islands are small, i.e. < 1%.
When a cell dies, it is removed from the cell tracking
data set both before and after its death. Mitotic divi-
sions are treated as the addition of new daughter cells
in the monolayer at the time of the division. We did
not use the linear assignment problem for cell tracking
since the cells undergo large shape changes between time
points [26, 27].

B. Model 1: Deformable Particle Model with
Fixed Preferred Shape Parameter

The deformable particle model (DPM) can describe the
shapes of cells by modeling each cell as a polygon with
a discrete set of N, vertices on its surface [7]. Typically,
N, ~ 50 is large enough to capture the curved boundaries
of epithelial cells. Given the coordinates of the vertices
7, on polygon p, as shown in Fig. 3 (a), we can calculate
the perimeter and area of the polygon, which determines
its shape parameter A.

We can constrain the shape parameter of deformable
particle g using the shape-energy function:

€ N 2 e a 2
Uu,shape,O = m Z (lZZ) - ) +Ea (M - 1) ’ (1)
=1

a0

where [,; is the distance between adjacent vertices in
polygon p that are connected by a spring of rest length
luo- (See Fig. 3 (a).) a, and ayo represent the area
and preferred area of cell u, respectively. The area con-
straint with strength €,/ aio represents the incompress-
ibility of the fluid inside the cell. The preferred perimeter



Cell Line

Image Type

Number of Images

Total Number of
Cells

Average Cell Den-
sity [cells/mm?]

(1) Low-Density Phase-contrast; Time- |72 115,252 1,200
MDCK Cell Island lapse

(2) High-Density Phase-contrast; Time- |2 7,354 4,200
MDCK Cell Island lapse

(3) Low-Density Ha- Phase-contrast; Time- |18 14,089 1,485
CaT Cell Island Lapse

(4) High-Density GFP-channel; Time- 24 69,237 4,081
MDCK Migratory lapse

Monolayer

(5) Fixed, High-Density | Phase-contrast; Regions |34 6,070 5,315
Asthmatic HB Epithe- |of Interest

lial Cell Monolayer

(6) Fixed, High-Density | Phase-contrast; Regions | 127 35,471 7,610

Non-Asthmatic HB Ep-

of Interest

ithelial Cell Monolayer

TABLE I. Descriptions of the six datasets of epithelial cells including the cell line, imaging technique, number of images, total
number of segmented cells, and average cell density of the monolayer.

is puo = Nyluo, and the spring constant k; = el/lzo con-
trols the fluctuations about this preferred value. Thus,
the preferred shape parameter is Ay = pio /(4mayo).

One hypothesis for how cells sample their shape space
is that cells sample shapes at fixed shape parameter Ay.
Even at fixed preferred shape parameter, a cell can pos-
sess an ensemble of different shapes, each given by the
positions of the vertices of the polygon. We depict a few
example shapes out of the ensemble of configurations at
fixed shape parameter Ay = 1.15 for a deformable par-
ticle with N, = 8 vertices in Fig. 3 (a). All of these
configurations have U, shape,o = 0 and can possess in-
vaginations, like that for the rightmost polygon in Fig. 3
(a). We do not observe such concave shapes in epithelial
cell monolayers, which motivates us to add an additional
bending energy cost [28].

To penalize concave DPM shapes, we add a bending
energy to the shape-energy function [29]:

5Ny
b 2
Umshape = Up,shape,0 + 2 - Z 9;},1‘7 (2)

i=1

where 0,,; is the angle between lAm» = l_;“-/lm and lAﬂ(H_l),
and l;i connects vertex ¢ to ¢ + 1 as shown in Fig. 3
(a). Setting €, > 0 results in a single minimum energy
conformation with U, shape > 0 for a deformable par-
ticle at each Ag, in contrast to an ensemble of shapes
with U, shape,0 = 0. The ground state for U, shape is
a pill-shaped DPM for Ay < Aj(ep), which scales with
€p, whereas the dumbbell shape is the ground state for
Aop > Af(ep) as shown in Fig. 3 (b) [29].

We assume that neighboring deformable particles pu
and v interact via purely repulsive, pairwise forces be-
tween overlapping vertices:

SR 3 i (B (B e

where 7,,;; is the distance between vertex i (with di-
ameter ¢ = 2.5l,0) on cell p and vertex j on cell v
as shown in Fig. 4 (a). The spring constant e,/o?
controls the strength of the repulsion between overlap-
ping vertices, and the Heaviside step function © en-
sures that the vertices only interact when they over-
lap. The total energy for a system of N deformable
particles with fixed preferred shape parameter is U =

22[:1 (Uu,shape + Zu>,u Uiibllt’)’

To model confluent monolayers of mobile cells, we be-
gin by generating mechanically stable packings of de-
formable particles at packing fraction ¢ = 0.95. We will
then induce cell motion within these packings via active
Brownian forces applied to each cell. To generate the
cell packings, we initialize N = 50 deformable particles
at Ap and ¢ = 0.4 in a periodic square simulation box
with no overlaps between vertices on different cells. We
then increase the packing fraction in steps of A¢ = 1074,
relaxing the system after each step by integrating the fol-
lowing equation of motion:

2 —
d T

dry;
m
dt?

dt’

-V, U-5 (4)
where m is the vertex mass, 7,; is the vertex position, and
B/v/mk; = 0.4 is the dimensionless viscous drag such that
the system is in the overdamped regime. We integrate
Eq. 4 (and all other equations of motion) using a general-
ization of the BBK algorithm [30], which is second-order
accurate in At [31], using timestep At/\/m/k; = 1072.
After each increase in packing fraction, we relax the sys-
tem until [U(N;+1)—U(Ny)]/U(N;) < 1074, where N, is
the total number of time steps, and continue this process
until ¢ = 0.95.

After obtaining a mechanically stable packing of de-
formable particles at ¢ = 0.95, we drive the cells by
adding active Brownian forces with equal magnitude
fo/N, to each vertex. (See Fig. 4 (b).) The equation



FIG. 3.

(a) Three example shapes for a deformable par-
ticle with U shape,o = 0 with preferred shape parameter
Ao = 1.15, N, = 8 vertices, and bending energy ¢, = 0.
The rightmost shape has an invagination. The inset describes
the geometry of the particle surface, where 7,¢;_1), 7ui, and
Tu(i+1) are the positions of the vertices ¢ — 1, 4, and ¢ 4 1

and 6,; is the angle between the bond vectors lA,”- and lAu(i,l).
(b) The minimum energy configurations for single deformable
particles with ¢,/(k;0?) = 1073, where o is the vertex diam-
eter, N, = 50, and Ay = 1.15, 1.4, and 2 from left to right.

of motion for each vertex is then:

&7, fo . L di
dt2 N, B (5)

m = —?,«MU +
where the direction 7, = (cosa,,sina,,) and «, is the
angle that the active force makes with the z-axis. oy,

evolves randomly according to day,/dt = \/2/(TAt)w,,
where w,, is a Gaussian random variable with mean zero
and unit variance. As 7 — 0, a randomly oriented force
is applied at every timestep. In contrast, as 7 — oo,
each cell moves in a fixed direction for the duration of
the simulation.

Mechanically stable packings of deformable particles
(with bending energy in Eq. 2) in the zero-activity limit
possess mean shape parameters that are less than Ag
since the bending energy and interparticle contacts cause
rounding of the deformable particles. In Fig. 4 (c), we
show the mean shape parameter of deformable parti-
cle packings for Model 1, Aj, as a function of Ay and
ep/(ki0?). In general, the differences between A} and Ag
are small with (Ay — Aj)/ Ao < 10% for the values of
ep/(k10?) used in these studies.

1 1.5 2 2.5 3
Eb/(k10'2) %107
FIG. 4. (a) A close-up of the magenta cell p in (b). The

separation vector between two vertices on different cells is
Tuvij = Tui — Tuj, where 7, is the position of vertex i on
cell 1 (magenta) and 7,; is the position of vertex j on cell
v (cyan). (b) Schematic of a mechanically stable packing of
deformable particles, each with N, = 25 vertices. The arrows
indicate the active force (fo/Ny)n, that is applied to each
vertex of cell p. (c) The mean shape parameter of mechanical
stable packings Aj plotted as a function of the dimensionless
bending energy e,/(kio?) for Ag = 1.15, 1.4, 1.55, 1.7, and 2
from bottom to top.

C. Model 2: Deformable Particle Model with
Adaptive Preferred Perimeter

The shape-energy function Uy, shape for cell p and total
energy U for a collection of N cells using Model 2 will
have the same forms as those in Model 1. However, for
the second model of motile epithelial cells in confluent
monolayers, we will allow the preferred perimeter p,o of
each cell to vary based on the local forces it experiences.
We first generate a mechanically stable packing of cells
using the same protocol as that described in Sec. IIB.
We start with non-overlapping cells at a fixed Ay and
¢ = 0.4 and increase ¢ in small steps followed by energy
minimization until reaching ¢ = 0.95.

As for Model 1, we induce cell motion by adding an
external force fo/N, to each vertex, as well as a drag



force so that the monolayer can reach a steady state.
The key difference between Models 1 and 2 is that for
Model 2 we allow the preferred perimeter to adapt to
local forces:

d 1
i = a0, (6)
where 7, = n/k; is a timescale that controls the rate
of relaxation of p,o, and 7 is proportional to a damp-
ing coefficient with units of v/mk;. The cell can thus
release its stress via the relaxation of p,o. As 7, — oo,
we recover Model 1 with fixed p,o, while 7, — 0 allows
the preferred perimeter to change instantaneously to the
current perimeter.

In contrast to Model 1 for which there is a harmonic
restoring force for maintaining a given Ay, Model 2 al-
lows cells to deform to a new preferred perimeter (and
Ap) when they are strained. In Model 2, cells lose mem-
ory of their initial Ag as they are deformed, and their av-
erage shape parameter becomes an emergent property of
the cells’ collective motion. In Fig. 5, we illustrate these
points through simulations of single deformable particles
undergoing uniaxial compression for Models 1 and 2. For
Model 1, we compress a deformable particle with Ay = 1
until it has A = 1.75, and the ratio of the final distance
between the compression plates to the initial diameter
of the deformable particle is h/Dy = 0.47. We then re-
move the compression (i.e. set h/Dy = 1.0) and the
particle returns to its original shape. For Model 2, we
again compress the deformable particle to Ay = 1.75,
but now h/Dy = 0.49 since the particle can deform more
easily at a given h. After the compression is removed
(with h/Dy = 1.0), the deformable particle maintains
the compressed shape with A = 1.75 and a new value for
Ao = 1.75.

D. Selection of the Simulation Parameters

In this subsection, we describe the range of simula-
tion parameters that we investigate for the simulations
of epithelial cell monolayers using Models 1 and 2. These
models include seven dimensionless parameters; we con-
strain four of them to values from the experiments and
vary the remaining three to determine their effects on the
cell shape parameter distribution. For Models 1 and 2,
we sweep over the dimensionless active Brownian force
fo = fo/(kio) and persistence time T = 7/+/m/k;, which
vary the degree of activity of the cells. In Model 2, we
also sweep over the dimensionless perimeter relaxation
timescale 7,/+/m/k;. The ranges of the dimensionless
parameters are provided in Table II.

We fixed the dimensionless area energy €, =
€a/(k10?) = 2.5 x 10° for both models so that the area
fluctuations satisfy Aa, /a0 < 107%. We set the di-
mensionless overlap energy ¢, = ¢,/(kj0?) = 16 so that
the overlap between vertices is less than 10730. Pre-
vious experimental studies of isolated membranes and

Fixed Preferred Perimeter Adaptive Preferred Perimeter

<33 oy T SSITTITTISISIISISIe,
SAy=1 A=175¢% sAy =17 A=175%
% ge® % 2020200s 20°

| |

$A0 =175 A=1.75

L)
00000000000000000000

%000®

FIG. 5. (left column; Model 1) A deformable particle with
fixed preferred perimeter (undeformed diameter Do and shape
parameter Ag = 1.0) is compressed between two rigid parallel
plates so that they have separation h/Dgy = 0.47. The particle
deforms from A =1 to 1.75, and returns to A = 1 when the
applied compression is removed (h/Do = 1.0). (right column;
Model 2) A deformable particle with an adaptive preferred
perimeter (initial Ao = 1.0) is compressed between two rigid
parallel plates to A = 1.75 at h/Do = 0.49. As it is com-
pressed, the perimeter relaxes to a new value, causing the
preferred shape parameter to change from Ap = 1.0 to 1.75.
After the applied compression is removed, the deformable par-
ticle remains in the shape that it had during the compression.

mammalian cells have reported that the membrane bend-
ing modulus and cortical tension occur in the range
10721 < ¢, < 10719 J [32] and 107° < k; < 1072 N/m
[33-35]. The diameter of a vertex o in the simulations
corresponds to approximately one tenth of a cell diam-
eter, or ~ lum. Thus, we set ¢,/(kjo?) = 1072 for the
simulations, which falls within the experimental range
1077 <& < 1072,

III. RESULTS

In this section, we begin by describing the shape pa-
rameter distributions P(A) obtained from the cell seg-
mentation of datasets (1) and (3), i.e. the low-density
islands of MDCK and HaCaT epithelial cells. To calcu-
late P(A), we bin the shape parameters of all cells over all
frames in a dataset to generate a spatially and temporally
averaged distribution. We find that P(A) is broad and
positively skewed, in contrast to the narrow distribution
of shape parameters found for jammed, static packings
of epithelial cells. We focus on low-density cell islands
in which the cells are moving, i.e. the cell displacements
in the low-density islands are typically greater than a
cell diameter over the timescale of the experimental mea-
surements, in contrast to those for the high-density is-



Physical Quantity Dimensionless Parameter Values
Perimeter relaxation timescale To/ /M /K (Model 1) 7 — o0
(Model 2) 1072 < 7, < 10°
Active Brownian Force fo/(kio) (Model 1) 2 x 107° < fo < 1073
(Model 2) 1.6 x 107 < fo < 6.4 x 10~*
Persistence Time T/v/m/ki (Models 1 and 2) 25 < 7 < 1000
Bending Energy e/ (kio?) (Models 1 and 2) &, = 10~ ° [32-35]
Area Energy o/ (k10%) (Models 1 and 2) ¢, = 2.5 x 10°
Damping parameter B/vVmk; (Models 1 and 2) 8 = 0.4
Overlap Energy v/ (kio?) (Models 1 and 2) €, =16

TABLE II. Listing of the (left) physical quantities, (center) associated dimensionless parameters, and (right) the values that
were used in the deformable particle simulations of epithelial cell monolayers for Models 1 and 2.

lands [5, 36]. We show that P(A,t), the shape param-
eter distribution at time t for the low-density islands of

MDCK epithelial cells, reaches a steady-state after a few 6f
minutes into the experimental measurements (Appendix “
B). We then compare the spatially and temporally aver- A
aged P(A) to the shape parameter distribution obtained g
for a single cell p averaged over time. We seek to iden- 2r

tify the key biophysical mechanism that gives rise to the
broad, positively skewed shape parameter distribution by
studying two models for motile epithelial cell monolayers:
(1) the deformable particle model (DPM) for cells with
fixed preferred shape parameters and (2) the DPM model
for cells with an adaptive preferred perimeter. We deter-
mine the possible parameter regimes for both models for
which the predicted P(A) recapitulates the shape pa-
rameter distribution for the low-density islands of motile
epithelial cell monolayers.

In Fig. 6 (a), we show P(A) (averaged over cells and
time) for the low-density islands of MDCK and HaCaT
epithelial cells. We find that the distributions for MDCK
and HaCaT cells are similar with a normalized root-
mean-square error < 5%. P(A) for the MDCK and Ha-
CaT epithelial cells peaks at A = 1.2, which is above the
minimum A =~ 1.15 required for confluent cell monolay-
ers [7], and is positively skewed with a long tail that ex-
tends to A > 2. As shown in Appendix C, P(A) is well-fit
by a gamma distribution, whose origin has been shifted
to account for the fact that A,;n = 1. We characterize
the form of P(A) using its first three moments: the mean
(A) ~ 1.41, normalized variance V4 = 0% /(A)? ~ 0.043,
and skewness S4 = ((A — (A))%)/o% ~ 2.45, where
0% = (A= (A4))?).

We first describe the predictions for P(A) from de-
formable particle simulations of Model 1. In one extreme,
we can assume a heterogeneous collection of cells each
with distinct preferred shape parameters A,o and large
values for the perimeter stiffness k;. If the populations
of cells with A, match P(A), we can recover the shape
parameter distribution from the low-density islands of
MDCK and HaCaT epithelial cells. To test this hypoth-
esis, we analyzed the shape parameters for 500 individual
cells in low-density islands of MDCK cells as a function
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FIG. 6. (a) The distribution of shape parameters P(A)
from low-density islands of MDCK (blue squares) and HaCaT
(green solid line) cells and deformable particle model simula-
tions with fixed preferred shape parameter A4y = 1.4 and at
most 10% perimeter strain (Model 1, black dashed line) and
adaptive preferred perimeter (Model 2, red solid line). Inset:
Full segmented MDCK cell monolayer with cells colored by
A increasing from blue to red. (b) Each horizontal line and
associated points represent the range of shape parameters for
individual MDCK cells (labeled from 1 to 500) that were sam-
pled over the 180-minute experiments using the same horizon-
tal scale as (a). (c¢) (top) Region of a segmented MDCK cell
monolayer and (bottom) snapshot from the deformable par-
ticle simulations of Model 2 in (a) with cells colored by the
shape parameter.

of time. We find that each cell samples a wide range of
shape parameters with a variance that is comparable to
that of the full distribution P(A). (See Fig. 6 (b).) Thus,
epithelial cells do not strongly fix their shape parameter
to a preferred value.

In another extreme, we can consider deformable par-
ticle simulations of Model 1 using a single value for
the preferred shape parameter A,y = Ap, such that
A for each cell fluctuates about Ag from deformations
in the perimeter that occur during cell motion. We
carry out simulations of Model 1 as a function of activity
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FIG. 7. (a) The mean (A) and normalized variance V4 of the
shape parameter distribution from deformable particle simu-
lations of Model 1 with fixed A\ = 1.14, 1.33, 1.46, 1.6 and
1.88. The color of the data points indicates the degree of cell
activity f2r increasing from blue to yellow. The faded cir-
cles represent simulations whose maximum perimeter strain
v = |p —pol/po > 0.3. (b) v versus (A) from simulations
with fixed Ag for activity values that yield v < 0.3. (c¢) The
skewness S4 plotted versus o for the data in (a). (A) and
V4 for the low-density islands of MDCK and HaCaT cells are
also included (white square and diamond).

J/“gvr = f3r/(0*\/k}) and five values of Ay = 1.15, 1.4,
1.55, 1.7, and 2. The mean shape parameter of the de-
formable particle packings in the limit of zero activity is

6 = f(Ao, e/ (kio?)), where f is a decreasing function
of €,/(k;0?) as shown in Fig. 4 (c). For the simulations
that we carried out for Model 1, A{; = 1.14, 1.33, 1.46,
1.6 and 1.88, which are all within 10% of Ag. Using A},
as a reference allows us to isolate the effect of cell mo-
tion on the s@e parameter distribution. We use the

combination f37 to quantify the cell activity since it is
proportional to the effective temperature in the small-7
limit [37, 38] and V4 and S4 vary monotonically with
fer.

In Fig. 7 (a), we show that (A) ~ Ajf for small val-
ues of the activity, f3r <1074, but V4 and (A) increase
for large values of activity. Increases in activity yield in-
creases in the perimeter strain v = |p—po|/po as shown in
Fig. 7 (b). Note that at small strains (A) increases with
activity for Ay = 1.14, which emphasizes that cells with
small shape parameters must increase their perimeters
to move. However, (A) decreases with activity at small
strains for Aj = 1.3, which implies that cells with large
shape parameters can interlock during motion, and thus
they must decrease their perimeters to move efficiently.

To identify the biophysically realistic parameter range
for cell activity using Model 1, we fade the colors of the
data points in Fig. 7 that correspond to perimeter strains
greater than 30%, which is significantly above the > cells’

elastic strain limit [8-10]. When Aj = 1.14 and f37 ~
1072, (A) and V4 for Model 1 are closest (i.e. within 5%)
to the experimental values for the MDCK and HaCaT
cells. However, to achieve these values for (A) and V4,
the cells are strained well beyond their elastic limit. If we

choose values for Ay and f37 that yield realistic strains
v < 10%, P(A) is much narrower than the distributions
observed for the MDCK and HaCaT cells, as shown in
Fig. 6 (a).

We also calculate the skewness S 4 of the shape param-
eter distributions as a function of V4 for Model 1 in Fig.
7 (c). We find that the skewness plateaus at S4 < 2 in
the large activity limit, which is well below the skewness
of P(A) for MDCK and HaCaT cells. Moreover, when
v < 0.3, the skewness of P(A) for Model 1 is even smaller
with S4 < 1.2. In addition, the properties of P(A) ob-
tained from Model 1 depend strongly on the reference
shape parameter Aj,, while P(A) for the epithelial cell
monolayers are robust for different cell types and repli-
cates. (See Appendix B.) Thus, Model 1 with a fixed pre-
ferred shape parameter does not explain P(.A) observed
for epithelial cell monolayers.

We now describe the results from deformable particle
simulations of Model 2, where the preferred perimeter of
each cell p,o can evolve in response to local forces. In Fig.
8 (a), we show V4 as a function of (A4) for Model 2 while

varying fg/7 and the perimeter relaxation timescale 7,.
We find that there are several points (near 7, = 103)
where (A) and V4 are similar to those for the epithelial
cell monolayers. We select the parameters for the clos-
est data points to those for the MDCK and HaCaT cells
in Fig. 8 (a) and plot the corresponding shape param-
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FIG. 8. (a) The mean shape parameter (A) and normalized variance V4 for deformable particle simulations with an adaptive
preferred perimeter (Model 2). The color of each point represents the perimeter relaxation timescale 7, with increasing values
from blue to yellow. (b) The skewness S4 plotted versus V4 for the same data in (a). The squares and diamonds represent the
corresponding shape parameter moments for the MDCK and HaCaT cells, respectively.

eter distribution in Fig. 6 (a). P(A) from the Model
2 simulations and experiments have a normalized root-
mean-squared error of < 5%. This small error is reflected
in Fig. 6 (c), where we compare snapshots of the Model

2 simulations and a small region within a low-density
MDCK island.

In Fig. 8 (b), we show S, as a function of Vy for
the Model 2 simulations, and again S 4 is within 10% of
the values for epithelial cells when 7, ~ 103. Having an
adjustable p,o allows cells to deform to larger shape pa-
rameters and maintain their shapes, resulting in larger
values of S 4 that match those of epithelial cells. In ad-
dition, Model 2 captures the epithelial shape parameter
distributions at strains v that are within the elastic limit
(indicated by the lack of faded points in Figs. 8 (a) and
(b) with v > 30%).

All of the shape parameter distributions for Model 2
were generated from a single, initial configuration of cells
with A{ = 1.6. Thus, for Model 2, we find that there
is a well-defined steady state P(A) for a given 7, and

f27 that does not depend on the input parameter Aj.
We showed in Fig. 8 that the Model 2 simulations and
cell monolayers have similar values for (4), V4, and Sy
for 7, = 103. Are the moments of the shape parameter
distribution for the Model 2 simulations sensitive to 7,7
In Fig. 9, we show S4 as a function of Ay for Model 2
(circles) and find that when 7, < 10%, S4 remains within
20% of the MDCK and HaCaT cell values. In contrast,
when 7, > 102, S4 decreases to ~ 1.0, which represents
the fixed-Ap limit (Model 1; triangles).

IV. DISCUSSION

In low-density confluent monolayers, epithelial cells are
highly motile and dynamically adjust their shapes based
on the mechanical forces they experience in their local
environments. To quantify the shape fluctuations of ep-
ithelial cells, we calculate the shape parameter A of each
cell in MDCK and HaCaT epithelial cell monolayers as
a function of time. Averaging A of each cell over time

Tp
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FIG. 9. S4 plotted as a function of A for Model 1 (triangles,
bottom axis) and as a function of 7, for Model 2 (circles, top
axis). The red points indicate the simulations for which the
perimeter strain v > 30%. The labeled black horizontal lines
indicate S4 for MDCK and HaCaT cells and the dashed black
line indicates the skewness boundary above which Model 1
simulations have v > 30%.



and different monolayers, we find that the cell shape pa-
rameter distribution P(.A) is broad and positively-skewed
with mean (A) ~ 1.4. This shape parameter distribution
is robust, since the average over cells at a given time is
similar to the average of a single cell over time and the
distributions are the same for different cell lines.

To understand the underlying biophysical mechanisms
that give rise to the shape parameter distribution in con-
fluent epithelial cell monolayers, we analyze two compu-
tational models of dense packings of active deformable
particles. We find that deformable particle simulations
with fixed preferred shape parameter (Model 1) can-
not recapitulate the shape parameter distribution found
in low-density MDCK and HaCaT epithelial cell is-
lands without large perimeter strains beyond the elas-
tic limit. In addition, the shape parameter distributions
from Model 1 are highly sensitive to the input preferred
shape parameter, whereas confluent epithelial cell islands
reach the same shape parameter distributions for dif-
ferent cell lines and experimental set-ups (Appendix B,
Fig. 11). However, when we model epithelial cells as de-
formable particles with an adaptive preferred perimeter
(Model 2), we can recover the shape parameter distribu-
tion of the low-density MDCK and HaCaT epithelial cell
islands, and the properties of the distribution are insensi-
tive to the precise value of the perimeter relaxation time
scale T, as long as it is sufficiently small. The success of
Model 2 emphasizes that the shape parameter distribu-
tion of confluent, epithelial cell monolayers is an emergent
physical property of motile, confluent cell monolayers.

The conclusions of this study contrast with the pre-
vious paradigm that cells choose a specific value for the
preferred shape parameter Ag. In the previous paradigm,
Ag controls the cell monolayer pre-stress, and hence the
transition from solid- to fluid-like behavior [11, 12]. Our
work emphasizes that the cell shape parameter distri-
bution emerges from the cell motion in fluidized conflu-
ent monolayers. Thus, what variables determine whether
confluent cell monolayers are solid- or fluid-like? Another
important variable in confluent cell monolayers is the
cell number density [36]. Our image segmentation shows
that high-density epithelial cell islands (both MDCK and
HBEC) have much narrower shape parameter distribu-
tions compared to low-density islands. (See Appendix
D.) Previous work also shows that these high-density
cell islands are more solid-like with fewer cell rearrange-
ments and smaller cell displacements than the fluidized
low-density cell islands [5]. In addition, the result that
low-density MDCK and HaCaT epithelial cell islands ex-
hibit similar shape parameter distributions indicates that
the cell number density may serve as a control variable
that distinguishes the shape distributions for fluid- ver-
sus solid-like confluent cell monolayers. Prior work has
also shown that cell traction, and hence cell motility, de-
creases with density, which may explain why cells become
dynamically arrested [15]. In future work, we will carry
out deformable particle simulations of Model 2 with cou-
pling between the cell density and the mechanical and
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motility properties of the cells to evaluate the shape pa-
rameter distribution across the solid- to fluid-like transi-
tion.

There are several possible biological mechanisms for
the evolution of the preferred perimeter (or area) in
Model 2. One mechanism for perimeter relaxation in ep-
ithelial cells is the force-dependent folding and unfolding
of membrane reservoirs (or caveolae) [8, 21]. In addition,
variation in membrane tension can modulate the rates
of endocytosis and exocytosis, allowing vesicles to merge
with and be removed from the membrane [22, 23]. In-
creases in cell perimeter are also accompanied by remod-
eling of the cell cortex, and thus the timescale for this
remodeling may control the perimeter relaxation process
[39]. Our study focuses on perimeter relaxation; however,
if cells modulate their preferred area via a mechanism
similar to Eq. 6, we would obtain the same results. Ep-
ithelial cells can also exchange fluid via gap junctions [24],
such that the area of individual cells can change but the
total area of the cell monolayer remains constant. In fu-
ture work, we will calculate P(A) in deformable particle
systems that exchange cell area, but the total cell area is
held fixed. We conclude that cell shape parameter adap-
tation represents a general biophysical mechanism, which
gives rise to the broad, positively-skewed shape parame-
ter distribution observed in fluidized confluent epithelial
cell monolayers.
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APPENDIX A: EXPERIMENTAL CONDITIONS
FOR EPITHELIAL CELL MONOLAYERS

Madin-Darby Canine Kidney (MDCK) type II cells
and HaCaT cells (dataset 1-3 in Table I) were main-
tained in Dulbecco’s Modified Eagle’s Medium (DMEM)
with 10% Fetal Bovine Serum (FBS), and 1% penicillin-
streptomycin at 37°C with 5% COz in an incubator.
During the time-lapse imaging experiments, both the
HaCaT and MDCK cell islands were seeded in low-
glucose DMEM containing 1% FBS and 1% penicillin-
streptomycin. Cells were seeded onto polyacrylamide
substrates with a Young’s modulus of 6 kPa and a thick-
ness of 120 pm using published concentrations of acry-
lamide and bis-acrylamide [40]. Using micro-patterning
[5, 15], cells were seeded onto 1 mm diameter islands of



collagen I, which enables control of the cell density. Phase
contrast, time-lapse images of the prepared HaCaT and
MDCK cell islands were taken using the phase contrast
mode of an Eclipse Ti microscope (Nikon) using a 10X
magnification objective with a numerical aperture of 0.5
(Nikon) and an Orca Flash 4.0 camera (Hamamatsu).
Images of the HaCaT and MDCK cell islands were col-
lected every 10 min and the imaging environment was
maintained at 37°C and 5% CO, for all experiments.

Madin—Darby Canine Kidney (MDCK) type II epithe-
lial cells (dataset (4) in Table I) stably expressing ZO-
1-GFP [41] were maintained in DMEM supplemented
with 10% FBS and 1% penicillin-streptomycin at 37°C
and 5% COs. An ibidi Culture-Insert (-Dish 35 mm,
Cat. 81176) was placed in a 35 mm dish, and seeded
with 56,000 cells in 70 L. To prevent dehydration, 2 mL
of additional medium was added around the insert. Af-
ter 20 hours, the insert was removed to initiate collective
migration, generating a dense, actively migrating MDCK
monolayer. Imaging was performed on a ZEISS Axio
Vert.Al microscope using a 10X objective.

Primary human bronchial epithelial cells (HBECs,
datasets (5) and (6) in Table I) from asthmatic and non-
asthmatic donors were cultured under air-liquid inter-
face conditions [6]. At days 6,10, 14, and 20, monolay-
ers were fixed with 4% paraformaldehyde and stained
with Alexa-488 conjugated with phalloidin to visualize F-
actin. Wide-field fluorescence images of the apical plane
were acquired on a Leica DMI8 microscope using either
a 40X or 63X oil-immersion objective.

APPENDIX B: AVERAGING OF
EXPERIMENTAL SHAPE PARAMETER
DISTRIBUTIONS

In this appendix, we discuss the calculations of the
shape parameter distributions for epithelial cell monolay-
ers (MDCK and HaCaT) for which we have time-lapse
images. For the low-density islands of MDCK epithelial
cells, we have four time-lapse imaging datasets, each con-
taining 18 images of the islands taken 10 minutes apart.
The shape parameter of each cell within a single island
at a given time ¢ is calculated and averaged over cells to
generate P(A,t). We can also average P(A,t) across all
time frames and islands to generate P(A), as shown in
Fig. 6 (a).

In Fig. 6 (b), we showed that the shape parameter
distribution of individual epithelial cells as a function of
time is similar to that for P(.A), binned over cells, times,
and replicates. To assess the validity of averaging over
different times and datasets, we show in Fig. 10 that
the shape parameter distributions P(A,t) at each time
and for different low-density islands of MDCK cells are
similar. Thus, the time- and spatially-averaged shape
parameter distributions P(A) for each of the low-density
islands are also similar as shown in Fig. 11.
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FIG. 10. The shape parameter distributions P(.A,t) for four
MDCK (circles, squares, diamonds, and triangles) and one
HaCaT (stars) epithelial cell islands at 18 equally-spaced time
points t separated by 10 minutes.
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FIG. 11. The shape parameter distributions for four low-

density MDCK epithelial cell islands averaged over cells and
time. This data is averaged to generate P(A) for low-density
MDCK epithelial cell islands in Fig. 6.

APPENDIX C: FITTING THE EXPERIMENTAL
SHAPE PARAMETER DISTRIBUTION

In this appendix, we fit the shape distribution for the
low-density islands of epithelial cells to a shifted gamma
distribution. A shifted gamma distribution is necessary,
since the minimum shape parameter is A = 1.0, not zero.
The shifted gamma distribution is given by:

where k and 6 are the scale and shape parameters for
the distribution, T'(k) is the gamma function, and s is
the shift parameter. In Fig. 12 we compare the best fit
of P(A) for the low-density islands of MDCK epithelial
cells to Eq. 7 with a normalized root-mean-squared-error
of 2.5%.
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FIG. 12. The shape parameter distribution P(.A) (blue solid
line) from low-density islands of MDCK epithelial cells in
dataset (1). In addition, we show the fit of P(A) to a shifted
gamma distribution (Eq. 7) with & = 2.0, § = 0.16, and
s = 1.06.

APPENDIX D: COMPARISON OF SHAPE
PARAMETER DISTRIBUTIONS OF LOW- AND
HIGH-DENSITY EPITHELIAL CELL
MONOLAYERS

In this work, we measured the shape parameter distri-
butions P(A) of six types of epithelial cell monolayers:
(1) low- and (2) high-density islands of MDCK cells, (3)
a single low-density island of HaCaT cells, (4) a single
high-density MDCK migratory monolayer, and chemi-
cally fixed (5) asthmatic and (6) non-asthmatic human
bronchial (HB) epithelial cell monolayers. We focused on
P(A) for the low-density islands of MDCK and HaCaT
epithelial cells since cells in these systems are more motile
and undergo cell rearrangements with larger displace-
ments compared to cells in high-density monolayers. We
compare P(A) fox the six types of epithelial cell mono-
layers in Fig. 13. We show that low-density, fluidized ep-
ithelial cell monolayers possess broad positively-skewed
P(A), while high-density, more solid-like epithelial cell
monolayers are strongly peaked with much smaller val-
ues for (A), V4, and S4.
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FIG. 13. Shape parameter distributions P(A) for the six

epithelial cell monolayer datasets in Table I: (1) low- (blue
squares) and (2) high-density (red squares) islands of MDCK
cells, (3) a single low-density island of HaCaT cells (green),
(4) a single high-density MDCK migratory monolayer (sky-
blue circles), and (5) asthmatic (red dashed) and (6) non-
asthmatic (black dashed) human bronchial epithelial cell
(HBEC) monolayers.
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