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The motility of eukaryotic cells is strongly influenced by their environment, with confined cells often develop-
ing qualitatively different motility patterns from those migrating on simple two-dimensional substrates. Recent
experiments, coupled with data-driven methods to extract a cell’s equation of motion, showed that cancerous
MDA-MB-231 cells persistently hop in a limit cycle when placed on two-state adhesive micropatterns (two large
squares connected by a narrow bridge), while they remain stationary on average in rectangular confinements. In
contrast, healthy MCF10A cells migrating on the two-state micropattern are bistable, i.e., they settle into either
basin on average with only noise-induced hops between the two states. We can capture all these behaviors with
a single computational phase field model of a crawling cell, under the assumption that contact with nonadhesive
substrate inhibits the cell front. Our model predicts that larger and softer cells are more likely to persistently
hop, while smaller and stiffer cells are more likely to be bistable. Other key factors controlling cell migration are
the frequency of protrusions and their magnitude of noise. Our results show that relatively simple assumptions
about how cells sense their geometry can explain a wide variety of different cell behaviors, and show the power

of data-driven approaches to characterize both experiment and simulation.
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I. INTRODUCTION

Living cells navigate intricate spatial constraints and
complex environments and respond to them by changing
their motility and behavior [1,2]. This can range from
developing biased migration in response to asymmetric mi-
cropatterns [3-5] to altering mechanisms of migration [6-8]
or developing completely different migration patterns such as
rotations and oscillations [9-12]. How can we characterize
all of these complex types of migration and determine how
they arise from the influence of confinement? One promising
recent approach is the use of data-driven models [13-18], in
which equations of motion are learned directly from experi-
mental data. In particular, we focus on a recent study on the
migration of cancerous MDA-MB-231 and healthy MCF10A
cells [14], which summarized experimental observations into
a data-driven representation of the dynamics of the cell po-
sition x and velocity v. Using this representation, cells were
characterized with the language of nonlinear dynamics. For
instance, cancerous MDA-MB-231 cells were well described
by a limit cycle in x and v when placed on a “two-state
geometry,” consisting of two square basins connected by a
narrow bridge (Fig. 1). This limit cycle characterizes cells
persistently hopping from basin to basin. This is strongly
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dependent on the presence of the narrow constriction: when
MDA-MB-231 were placed on a rectangular substrate, they
remained stationary on average. By contrast, MCF10A cells
were bistable on the two-state micropattern, settling into
either basin on average and only executing noise-induced
hops [14].

Why does the two-state geometry break the symmetric
migration of cancerous cells and cause them to limit-cycle?
Why do MDA-MB-231 and MCF10A cells behave differ-
ently? To what extent does the experimental measurement of
these nonlinear dynamics constrain more complicated models
of cell motility? We attempt to construct a single model of a
cell that can capture the rich landscape of behaviors observed
by [14]. We use the phase field framework to describe our
cell motion, with a simple assumption that a cell’s polarity
is inhibited when the cell leaves the micropattern. We apply
the data-driven approach of [14] to determine the equation of
motion for the cell’s velocity and position. We show that our
model can successfully recapitulate limit-cycle, bistable, and
stationary behaviors depending on cell attributes and geom-
etry of the micropattern. Our model suggests that larger and
softer cells tend to limit-cycle on two-state micropatterns,
while smaller and stiffer ones are more likely to be bistable.
We also study the role of other perturbations of our cell po-
larity model and characterize the variability in the predictions
of the data-driven model due to finite sampling. Our results
suggest that the qualitative difference between bistable and
limit-cycle behavior can be achieved by relatively small quan-
titative changes in mechanical, physical, or polarity properties
of the cell, including cell size and cell tension. These results
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highlight the power of data-driven approaches to detect fine
changes in cell motility.

II. MODEL

We model a single cell within the phase field frame-
work [9,19-23], which describes objects with arbitrary and
continuously deforming shapes. Because the experiments
of [14] confine the cell on two-dimensional adhesive mi-
cropatterns, we simplify our model to two dimensions and
adopt a “top view” of the cell [see Fig. 3(a)]. The cell
shape is set by a field ¢(r, 1), which smoothly varies from
zero outside the cell to one inside it, implicitly defining the
boundary at ¢ = 1/2. The evolution of the cell boundary is
governed by energy minimization and advection of the inter-
face [10,20,24],
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where M is a transport coefficient, and v(r, t) is the velocity

field of the cell driving its interface. The free energy is F =
FcH + Farea- The Cahn-Hilliard energy is [20]
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which is minimal at ¢ = 0, 1 and penalizes deformations of
the interface. A has units of length and sets the phase field
interfacial thickness, while in two dimensions, y sets the line
tension of the cell with units of energy/length. The term F,
models cell incompressibility by penalizing deviations of the
cell area from its target nR(z) [20],
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In the absence of cell motility, these energy terms equilibrate
the cell to a circle with radius Ry.

We introduce cell motility through the velocity field v(r, ).
Modeling the cell as an overdamped system, we locally bal-
ance forces per unit area and write [20]
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The left-hand side represents the friction force per unit area,
while the first term on the right denotes the force density
arising from energy minimization. The last term is the active
motility force per unit area, which depends on cell polarity
and drives the cell front.
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A. Micropattern geometries

The experiments of [14] use an adhesive fibronectin mi-
cropattern to effectively confine the cells—cells can only
adhere to the substrate on the micropattern. We incorporate
these micropatterns in our phase field framework using a
static field x (r). We set x to be zero in the interior and one
in the exterior of the micropattern, transitioning smoothly
at the boundary (Fig. 1). We assume that the cell interacts
with the substrate through its polarity, which controls cell
motility. This neglects any adhesive energy to the micropat-
tern [21,25,26].

Two-state

Rectangular
i
T

FIG. 1. A representation of the two substrate geometries by a
phase field x (r), which is 0 (black) in the interior and 1 (white)
in the exterior. The two-state geometry has two basins measuring
38 x 38 um that are connected by a 10 x 35 um bridge. The rectan-
gular substrate measures 111 x 38 um.
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B. Defining cell polarity and motility

Migrating cells have an underlying chemical polarization,
indicating the areas of the cell that are likely to protrude
(“frontlike”) and those likely to contract (“rearlike™) [27].
This can include asymmetric distribution of Rho GTPases,
with Racl activity driving the cell front through lamellipodial
extensions, and RhoA promoting myosin contractility in the
rear [28]. Rather than explicitly modeling the dynamics of
one or more Rho GTPases [9,22,29-32], we summarize cell
polarity with a single spatiotemporal field P (r, ¢), whose sign
determines whether the cell boundary protrudes (P > 0) or
contracts (P < 0). This leads us to write the motility force as

S oty = @P(r, (1 — ¢)*(1 — x)h. (5)

Here, o is a constant, i = —V¢/|V¢| is the unit vector
normal to the cell interface, and the phase field terms en-
sure that motility forces exist only where the cell interface
li.e., #*(1 — ¢)* > 0] is in contact with the micropattern (i.e.,
1—x > 0)[21,28,33].

There is no single established approach for modeling the
complex dynamics of cell polarity [34]. Here, we evolve
P(r,t) using stochastic fluctuations in polarity at random
locations on the cell boundary, inhibition of polarity in the
absence of the micropattern, inhibition of polarity when the
cell’s tension surpasses a certain threshold, and a basal decay
of polarity. Mathematically, we write
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The first term introduces radially symmetric patches f[|r —
0(t)|;0] = e Ir0MF/29” that activate polarity at locations 6
on the cell boundary. The amplitude of the patch is a random
variable 8 ~ Gaussian (ug, o). We choose g > 0 so these
patches locally increase the polarity on average, but B(r)
can experience large fluctuations, including negative values.
Lastly, we write 8(t mod 77)¢, where 6(¢) is the Dirac delta,
which lets us introduce these noisy activity patches at a con-
trolled frequency T, ! and ensure they are confined within the
cell interior. To complete this description, we must specify
a location @ for the polarity patch every 7. The polarity
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Most likely site for
next patch of activity.

p(6) ~ [1 - x(6)] X P(0)

0 1

FIG. 2. A cartoon of how polarity at contour points and their
proximity to the micropattern edge combine to define the probability
p(0). The presence of the micropattern is measured at 8, which is
obtained by projecting each contour point normally outward a dis-
tance £ (red dots). In this sketch, the highest probability is associated
with the contour point that measures the highest polarity and amount
of micropattern ahead of it.

only drives protrusion and retraction at the interface, so we
choose 6 to be a contour point along the boundary of the
cell (¢ = 1/2). We assume cells choose these locations with
two important factors: (1) a generic positive feedback, where
existing polarity promotes new polarity, akin to other polarity
models [27,35], and (2) feedback from successful adhesion,
where new cell-substrate adhesion promotes polarity [36]. We
choose the locations of polarity patches according to these
principles by sampling 6 from a probability p(f) every 1y,
where

p(0) ~ [1 — x(8)] x P(6), (N

and 0’ = 0 + £i(0) is a point a distance £ normally outward
from the contour (Fig. 2). In the [1 — x(6')] term, the cell is
essentially measuring to discover if the adhesive micropattern
is present (indicated by regions where 1 — x > 0) at the point
0" and, if so, enhancing polarity at . The idea behind this
“filopodial probability” is that small stochastic protrusions
(filopodia) that are not explicitly represented in our model of
the cell boundary test the region near the cell edge, and upon
contact with the adhesive micropattern, mature and reinforce
polarity [5,28]. Lastly, our assumption that the probability to
pick a contour point p(#) is proportional to the polarity at that
contour point IP(6) is a simple positive feedback mechanism,
where higher polarity at # means higher likelihood of sam-
pling it for subsequent addition of an activity patch. Taken
together, sampling from the probability of Eq. (7) generates
more activity patches at points that have a reasonable amount
of substrate in front of them and currently higher polarity
values (Fig. 2).

The second term in Eq. (6) says that cells decrease their po-
larity in regions where they lose contact with the micropattern
(places where x¢ # 0). This term, along with the filopodial
probability in Eq. (7), are the only two mechanisms by which
the cell interacts with the micropattern. This inhibition term
reflects a signaling interaction between the cell and the ad-
hesive substrate. Contact between the cell and an adhesive

TABLE I. A list of simulation parameters along with the values
that define our default cell, which is calibrated to behave similarly
to the MDA-MB-231 cells in [14]. See Appendix A for parameters
relevant to the numerical integration scheme.

Parameter Value Units

Y 0.8 )

A 4.8 um

K 6000 Yo um
Ry 18 um

n 0.67 Yo min pm >
M 0.75 um (y min)~!
g 7.5 unitless
op 375 unitless

o 6.7 um

S0 2w (1.5Ry) um

11 2.2 s

Ty 9.6 s

T 8 min

T 4 min

L 6 um

a 1.4 Yo um ™2

substrate can up-regulate and localize Rac activity via focal
adhesions and focal adhesion kinase (FAK) [36,37]. We treat
the absence of this activation as an effective inhibition—so
we would expect the strength of the x ¢ term to decrease if the
adhesivity of the substrate decreases or FAK is inhibited.

The third term in Eq. (6) uniformly inhibits polarity when
the cell perimeter s exceeds a threshold sy, using the Heav-
iside function H(s — s9). This assumption is motivated by
experiments where membrane tension was observed acting
as a global, long-range inhibitor of actin polymerization in
neutrophils [38] (though, also see [39,40]).

The last term in Eq. (6) decays the polarity over a timescale
7, setting the characteristic time over which the cell can main-
tain a given polarity.

We note that Eq. (6) does not have a term advecting the
polarity to match the cell boundary motion. This equation thus
assumes that the cell’s polarity does not move significantly
with respect to the substrate. We often implicitly think of
polarity as localized to the basal membrane, making this an
assumption that the membrane is relatively strongly linked to
the substrate. This is a useful simplifying assumption, often
used in models coupling cell shape and polarity [41-43].
Generalizations are possible, but require mechanical modeling
of the cell interior [10,44] or assumptions relating interior flow
to boundary flow [45].

C. Parameter setting

The numerical values listed in Table I define our default
simulation cell, which is calibrated to behave similarly to can-
cerous MDA-MB-231 cells in [14]. We take the values of A, «,
n, and M from our earlier work [25], where we calibrated to a
different experimental study of Madin-Darby Canine Kidney
(MDCK) cells migrating on narrow micropatterns [46]. As
in our earlier work [25], we define many of our parameters
relative to an arbitrary line tension scale yy—the results are
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not sensitive to the true value of the line tension, only how
these different parameters relate to yy.

Many parameters in the model are set fairly roughly to
represent large penalty terms. For instance, the constraint pe-
nalizing deviations from the preferred area, «, is a large value,
which ensures the area of the default cell varies less than 0.5%
from its target—we do not think of this as a relevant biological
parameter, but primarily as a simple way to set a constraint.
Similarly, the timescale over which cell polarity decays to
zero in regions where the cell is near substrate edges, 7,, is
set so that when the cell boundary leaves the micropattern, the
polarity rapidly becomes negative, leading to the membrane
contracting away from the micropattern edge, preventing the
cell from leaving the pattern entirely. The perimeter-induced
degradation in polarity prevents the cell from becoming too
elongated. Since we do observe that cells in [14] can be quite
elongated, we cannot set the timescale of this process 7, too
short, or it will prevent cell stretching. We choose 7, to be of
the order of the global decay 7. We set the magnitude of the
motility force « so that our simulated cells achieve speeds and
accelerations that roughly match the experiments. The rest of
the parameters in Table I will be discussed in Sec. III as we
consider their variations and effect on cell behavior.

The phenomenological parameters describing cell polarity
dynamics such as 77, the frequency of polarity patches, and
the magnitude and variability g and og of patch polarity
are largely set to recapitulate the core limit-cycle behavior
for the default cell. Matching these values to other experi-
ments is not straightforward, but the value of 7, =2.2 s is,
at least, plausible—the Rho GTPase cdc42, a key element of
mammalian cell polarity, is pulsatile with a timescale of ~ a
few seconds [47]. However, the lifetime of protrusions may
be quite different than this value (~ minutes, on our rough
scale of 1), both in experiment (see, e.g., [48]) and in our
simulation, given the feedback mechanisms that we include.
Future work to more precisely calibrate the model would re-
quire measurements of protrusion statistics on MDA-MB-231
in the absence of a geometric signal.

We also note that although some of the values shown in
Table I are not round numbers, the model is not too carefully
tuned—these numbers are essentially historical artifacts of the
original fitting process and were set as some percentage of an
original value. Other awkward values arise because of scaling
between simulation parameters and physical units. We address
the sensitivity of the model in Sec. III E below.

D. Inferring motility patterns from simulations

We begin each simulation by either positioning the cell
randomly in one of the two basins of the two-state substrate or
uniformly distributing it across the rectangular micropattern.
Upon initialization, we numerically evolve the phase field
equations of motion for 48 hours (see Appendix A). Unlike the
experiments, which recorded the position of the cell nucleus,
we track the x position of the cell center of mass. While nu-
clear dynamics could be modeled with another phase field [9],
we neglect it here for simplicity and claim that the cell center
of mass is a fair approximation of the cell nucleus for most of
the morphologies we observe.

We adapt the approach of Briickner et al. [14] to our
simulations by representing the dynamics of the cell center-

of-mass position and velocity with the stochastic equation of
motion,

v =F(x,v)+ox vn), ®

where 7(¢) is a Gaussian white noise with (n(¢z)) =0 and
(n(®)n(t")) = 8(t — t’). Here, we focus only on F'(x, v), which
denotes the average center-of-mass acceleration of the cell
when it has position x and velocity v. Since cell motility is
stochastic, we perform N = 4800 simulations of 48 hours for
every cell-micropattern pair. Mirroring the approach of [14],
we compute the velocities and accelerations as numerical
derivatives, construct the stochastic acceleration field v(x, v)
from each simulation, and define the deterministic footprint
by computing the average acceleration v conditional on the
value of x and v, i.e., F (x, v) = (v|x, v) (refer to Appendix B
for details on this inference scheme).

Similar to [14], we interpret F(x, v) as the blueprint that
defines the deterministic migration of the cell on a given mi-
cropattern geometry. One way to visualize the motility pattern
encoded by F' is to trace its streamlines—trajectories that
outline the instantaneous direction of motion in phase-space.
For instance, we can begin with a point in the xv phase-
space, say (xp, v9), and integrate it one time step forward
to [xo + vodt, vg+ dtF (xg, vg)]. Repeating this procedure
will eventually reveal the phase-space trajectory, i.e., the
streamline, dictated by F(x, v) when starting at (xp, vo). A
streamline will terminate once it reaches a point at which both
acceleration and speed are zero, i.e., the point (xr, vs) such
that F(Xf, Uf) =0and vy = 0.

We generally see streamline plots that have one of three
typical forms: (1) a single limit cycle, where streamlines con-
verge onto a closed loop, (2) “stationary” behavior, where
streamlines all converge to v = 0 but do not have a strong
dependence on x, and (3) bistability, where two sets of discon-
nected streamlines converge to zero speed at either basin, x =
+xpasin- When a streamline terminates, we mark its end point
with an x and interpret it as the point to which the cell would
relax to if its equation of motion were to evolve without any
noise. When multiple terminal points occur, we group trajec-
tories with common endpoints and represent each group with
distinct colors. We then draw the corresponding separatrices
with solid lines to delineate the boundaries between regions
of phase-space that are attracted to different terminal points.

The blueprints F'(x, v) are inferred from a finite number
of observations, leading to some uncertainty in the values of
F (x, v). This can lead to notable uncertainty in some terminal
points and separatrices. We use a bootstrapping technique to
show the scale of expected variations in our streamline plots,
terminal points, and separatrices in Appendix G.

III. RESULTS

A. Model predicts limit-cycles on two-state and stationary
behavior on rectangular micropatterns

Can our proposed model of the cell simultaneously cap-
ture limit-cycles on two-state and stationary behavior on
rectangular geometries, as observed for cancerous MDA-MB-
231 cells by [14]?

Figure 3(a) plots one hopping cycle of the cell as it
navigates the two-state geometry in our simulations (see
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Case 1: Default cell limit-cycles on two-state geometry
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Case 2: Default cell is stationary on rectangular geometry
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Case 3: Decreasing cell size (Ro = 15um) causes bistability on two-state geometry
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FIG. 3. Overview of (a)-(d) limit-cycle, (e)—(h) stationary, and (i)—(1) bistable behavior. Each case shows sample snapshots (a),(e),(i)
separated by time A, = 10 min of typical morphologies and polarity (red: high; blue: low), (b),(f),(j) outlines center-of-mass trajectories,
(c),(g),(k) plots F(x, v) inferred from simulations, and (d),(h),(1) reprints the experimental footprints of [14] with permission, for comparison.
Streamlines are colored by equilibrium point; x indicates equilibrium points where streamlines terminate. Solid black lines are separatrices—
crossing this line changes the long-run behavior of the cell. See Sec. II D for details.
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Movie 1 in the Supplemental Material [49] for a longer tra-
jectory). The cell adopts a singly polarized morphology with
a clear cell front that is rich in polarity and elongates to
travel across the bridge between the two square micropat-
terns. We plot trajectories of the cell center of mass from a
few simulations in Fig. 3(b). Our default cell, calibrated to
MDA-MB-231 cells, is persistently hopping between basins,
as MDA-MB-231 cells in [14] do. We then infer the determin-
istic acceleration footprint F (x, v), which is a concise way of
summarizing the migration of the cell observed across 4800
simulations. Figure 3(c) plots this footprint in the xv space
using a color map. When we compute the streamlines (as
described in Sec. IID), we find that the motion of the cell
described by F(x,v) forms a closed loop in the xv space.
This means that our model, at its default parameters, creates
a limit-cycle behavior, where cells hop persistently between
basins. This finding is consistent with the limit-cycle behavior
reported in [14], which we have reprinted in Fig. 3(d).

Our default cell behaves entirely differently on the rectan-
gular geometry. Figure 3(e) plots a few snapshots of the cell as
it migrates on the rectangular substrate, where we observe the
cell adopting a bipolar shape and undergoing a “tug of war”
with competition between two protrusions, similar to that of
MDA-MB-231 cells in experiments [14]. The center-of-mass
trajectories in Fig. 3(f) show that the cell is not persistently mi-
grating, but has small fluctuations and occasional larger steps.
Note that unlike migration in the two-state geometry, cells can
remain near x = 0 on the rectangular micropattern for long
periods of time, not just transiently while hopping. Mirroring
the above analysis, we infer F'(x, v) from simulations and plot
it in Fig. 3(g). This time, tracing the streamlines of F(x, v)
reveals trajectories that bring the cell quickly to the v =0
line, with termination points distributed along x, suggesting
that our model on the rectangular geometry, at its default
parameters, generates an F'(x, v) where cells quickly relax to
become stationary with a position near its initial position. We
call this sort of streamline plot “stationary” throughout the
paper. This finding is consistent with the similar stationary
behavior of cancerous MDA-MB-231 cells observed in [14],
which we have reprinted in Fig. 3(h).

As a side note, we should mention that the specific lo-
cations of the terminal points in Fig. 3(g) are somewhat
uninformative. For this stationary case, the cell will have near-
zero F (x, v) near v = 0 for a broad range of values of x; small
sampling error can change the positions of the x-labeled
termination points. In later plots that show this “stationary”
dynamics, we do not label putative termination points.

1. Geometry sensing and the origin of limit-cycles

Let us consider migration in the two-state geometry. When
the cell is inside a basin and large enough to fill it up, most of
its interface lies near the edges of the confinement, except the
part facing the bridge. Since we degrade polarity in regions
where the cell escapes the micropattern [Eq. (6)] and suppress
the generation of activity in regions that are near to the end of
the micropattern [filopodial probability of Eq. (7)], sustained
polarity can only develop in regions facing the bridge. This
region further experiences a targeted increase in average cell
polarity due to the positive feedback assumption of Eq. (7).

The tendency to polarize toward free micropattern space and
positive feedback work cooperatively to yield a persistent,
singly polarized cell that migrates through the bridge and into
the other basin. Once on the other side, the cell reverses in
polarity as the bridge now faces the opposite direction and re-
peats the cycle above. The result is a persistently polarized cell
that limit-cycles on the two-state geometry. Interestingly, we
find that the filopodial probability of Eq. (7) is dispensable—
the assumption that leaving the micropattern decreases cell
polarity is sufficient for reproducing limit-cycles in the two-
state micropattern (see Sec. III F for details).

2. Origin of stationary behavior on rectangular substrates

Let us now consider the evolution of cell polarity on the
rectangular substrate. Suppose polarity is initially constant
in space. Since the cell is confined at its top and bottom,
sustained polarity can only develop at the sides, yielding
elongation in *x. Given the stochastic evolution of cell po-
larity and our assumption of positive feedback, which favors
a one-side-wins-all configuration, we would initially expect
the cell to be singly polarized and have one clear front, just
like it is on the two-state substrate. Instead, we observe the
average cell shape is bipolar (see Fig. 3(e) and Movie 2 in the
Supplemental Material [49]). This bipolarity arises because
of a coupling between the cell polarity and the evolution of
cell shape. When we numerically solve the polarity model of
Egs. (6) and (7) on a static phase field (see Appendix D), we
consistently arrive at singly polarized cells. What is different
about a cell whose boundary dynamically moves? The polarity
field P(r, ¢) is confined within the body of the cell, and while
it responds to motion of the cell boundary, it does not do so
instantaneously. When a high-amplitude patch of activity hits
the contour 6, it increases the polarity in that region and leads
to a protrusion of the cell membrane. This protrusion moves
0, normally outward and away from its previous location.
Because P does not instantly migrate with the cell boundary,
the polarity measured at the same contour point shortly after
protrusion is not nearly as high as before—i.e., polarity can
be implicitly suppressed by protrusion. We hypothesize that
this negative feedback, combined with the stochasticity of the
protrusion dynamics, can prevent our positive feedback terms
in Eq. (7) from leading to a singly polarized cell. Earlier work
has also found that simple Rho GTPase polarity models can
have coexisting peaks over relevant timescales, though there
is a tendency of peak merger, but the timescale of coexistence
is strongly parameter dependent [50]. It may thus be possible
to reproduce this coexistence by tuning parameters even in a
stationary cell. Nevertheless, our discovery that cell-shape dy-
namics can qualitatively change polarization dynamics is part
of a broader realization that complex behaviors can emerge
from the coupling of cell polarization to cell shape [10,51,52].

B. Cell size modulates bistability on two-state substrates

Thus far, we have demonstrated our model’s ability to
recapitulate limit cycles on two-state and stationary behavior
on rectangular substrates. Now, we ask which properties of the
cell might dictate whether it shows limit cycles or bistability
on the two-state micropattern. These are potential candidates
for being key differences between MDA-MB-231 cells and
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MCF-10A cells. In this section, we focus on perturbing cell
size, which we control through the target radius Ry, leaving
all other parameters the same as those in Table 1.

Figure 3(i) presents a few simulation snapshots of a smaller
cell with Ry = 15 um on the two-state geometry. Accord-
ing to these snapshots, the smaller cell experiences difficulty
hopping between the basins and appears more likely to re-
polarize back into either state of the micropattern. Note that
while the snapshots we highlighted do not include a hopping
event, smaller cells can indeed hop between the basins of the
micropattern, and when they do, their morphology is highly
similar to that of the default cell in Fig. 3(a) (see Movie
3 in the Supplemental Material [49] for a simulation that
includes hopping). The lack of persistent hopping in smaller
cells is readily apparent from the center-of-mass trajectories
of Fig. 3(j), where we observe smaller cells to remain in a
given basin for much longer times with infrequent hopping to
the other side. When we infer F' (x, v) and trace its streamlines,
we find, in contrast with the limit-cycle dynamics of Fig. 3(c),
trajectories that terminate either at the left or right basin. We
color trajectories that terminate in the left basin as red and
those that terminate in the right basin as blue. The two stable
steady states of F'(x, v) show that our model predicts smaller
cells to be bistable [Fig. 3(k)], with streamlines similar to the
bistability reported in [14] [reprinted in Fig. 3(1)].

If we decrease the cell size significantly below Ry =
15 wm, we find that the cells essentially migrate freely within
the basins—very small cells rarely interact with the edges of
the micropattern and almost never enter the bridge or success-
fully hop. Lastly, making cells larger than our default values
does not affect their migration pattern: cells larger than the
default Ry = 18 pm still limit-cycle with morphologies and
streamlines that are highly similar to the default cell shown in
Figs. 3(a)-3(c).

Why are smaller cells bistable in our model? When the
cell is relatively small, its body does not overlap with the
edges of the basin as much, so polarity is not as strongly sup-
pressed near the micropattern edges. This leads to increased
chances of developing a cell front anywhere along the cell
periphery, not just in regions pointing at the bridge. This, in
turn, increases the rate of repolarizations. Since smaller cells
have lower chances of consistently polarizing into the bridge,
they do not hop persistently, but rather stochastically, and are
bistable. On the other hand, larger cells fill up the basin nearly
entirely, leading to a consistent dampening of polarity along
the cell periphery, except around the regions pointing toward
the bridge. This promotes persistent elongation into the bridge
and thus limit cycles. The underlying mechanism is just that
cells with larger spread area are forced to have more contact
with the micropattern edges—so we expect that larger cells
are more likely than small ones to limit-cycle in any model
that drives cells to repolarize away from the edges of the
micropattern. We expect this result would be fairly robust to
changes in our detailed model assumptions.

Although the experiments of [14] do not monitor cell size
quantitatively, their example movies show that MDA-MB-
231 cells are typically spread over a larger area compared
to MCF10A cells. There is also evidence that cancer cells
have increased lamellipodial activity compared to their
healthy counterparts [53]. Additionally, the absence of the
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FIG. 4. Motility patterns of soft (y = 0.8yy) and stiff (y =
1.8yp) cells on the two-state micropattern. (a) Under the default
simulation parameters, stiff cells mostly exhibit limit cycles, but
(b) they can transition to bistable behavior when accompanied by
a reduction in the intensity of cell polarity. Streamlines are colored
by equilibrium point; x indicates equilibrium points where stream-
lines terminate. Solid black lines are separatrices—crossing this line
changes the long-run behavior of the cell. See Sec. II D for details.

tumor-suppressing micro RNA family miR-200 has been
shown to result in increased sizes of gastric cancer cells [54].
Collectively, these findings support the notion that cancer
cells tend to have larger spread areas, rendering our model’s
nomination of cell size as a predictor of motility behavior in
two-state confinement plausible.

C. Cell tension could modulate bistability
on two-state substrates

To hop between the basins, cells must elongate into the
narrow bridge and tolerate a great deal of shape deformations
[see the snapshots in Fig. 3(a)]. When y, which sets the cell
membrane tension, is low, i.e., the cell is soft, deformations
are not very costly and can occur more easily. At high y, the
cell is stiff and shape deformations are costly. Therefore, we
would expect soft cells to hop readily and stiff cells to resist
hopping. To test this hypothesis, we first perturb our default
cell by increasing its membrane tension to y = 1.8y and then
simulate its migration on the two-state micropattern. Contrary
to our intuition, we observe that the stiff cell still limit-cycles
[Fig. 4(a)], albeit with a small subset of the phase-space that
originates, and gets stuck oscillating inside the bridge (yellow
region near x = 0, v = 0). When we look at the migration of
stiff cells (y = 1.8yy) on two-state substrates, we see an un-
expected behavior: stiff cells round up when passing through
the bridge, which causes parts of the cell body to temporarily
escape the micropattern (see Movie 4 in the Supplemental
Material [49]). Further increasing stiffness does not dampen
limit cycles—we simply observe a greater fraction of cells
escaping the micropattern. Why does this happen? While
higher tension naturally tends to make the cell round up, the
active forces will still push the cell across the bridge. In the
lower-y simulations [Fig. 3(a)], the cell’s boundary contracts
to within the micropattern because the polarity quickly be-
comes negative when the cell leaves the micropattern, leading
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to an inward-pointing force. However, once the cell boundary
manages to leave the micropattern region, e.g., because the
membrane tension resisting increasing the cell perimeter in
the inward contraction is too large to overcome, no force is
locally generated to bring it back [Eq. (5)]. As a result, the cell
will round up and migrate across the bridge. We are not con-
fident if this behavior is likely to be observed in experiment;
it certainly would be strongly altered if we explicitly modeled
an adhesive energy between the cell and the micropattern or
altered our assumptions about where the cell could generate
force.

Based on our above analysis, we think we can avoid
the suspect behavior of the cell leaving the micropattern if
we decrease the strength of active motility in some way.
We can dampen the intensity of cell polarity by increasing
the timescale 7, over which new stochastic activity is added.
We repeat the above numerical experiments with 7, = 3.6 s
(compared to the default value 7, = 2.2 s). Under this alter-
nate parameter regime, where cell polarity is less intense, we
observe stiff cells (y = 1.8yp) to be bistable [Fig. 4(b)] and
softer cells (y = 0.8yp) to limit-cycle.

Our analysis shows that cell tension—or, more gen-
erally, factors controlling cell deformability—can control
whether the cell shows a bistable or limit-cycle behavior.
In [14], cancerous cells limit-cycled and healthy cells were
bistable. Evidence suggests that cell stiffness is a potential
biomarker for cell malignancy, with cancer cells tending to
be softer [55-58]. Taken together, this lends confidence to our
model’s nomination of cell stiffness as a potential predictor of
bistability on the two-state micropattern.

D. Model recapitulates “negative friction’ on two-state
and normal friction on rectangular geometries

Following [14], we take a cut through the acceleration
footprint near x = 0, which denotes the symmetry axis of
the micropattern, and ask how the center-of-mass acceleration
at x = 0 varies as a function of velocity, F(x — 0, v). For
typical cell migration on a two-dimensional (2D) substrate,
which can often be captured by an Ornstein-Uhlenbeck-type
model v = —&v + n(t) [13,18,59,60], we would expect that
the average acceleration F(x — 0, v) would be linear, i.e.,
F (0, v) = —&w, akin to a normal friction. Instead, our model
predicts a nonlinear relationship for cells migrating on the
two-state micropattern, with cells with small velocities tend-
ing to accelerate. This “negative friction” regime is consistent
with the experimental measurements of [14] (Fig. 5). F(x —
0, v) is the average acceleration of cells whose center of mass
is in the middle of the bridge. When the center of mass is
in the bridge middle, the cell is in a dumbbell-like shape: its
front is about to enter the new basin and the rear is about
to retract [see Fig. 3(a)]. Both of these features mean that
the cell will likely accelerate, as once the rear enters the
bridge, it is no longer blocking forward motion, and once the
front enters the new basin, it can generate protrusive force
over a broader range. We thus think that the negative friction
seen here requires the constriction of the cell as it enters the
bridge.

This negative friction is entirely due to the narrow con-
striction in the two-state micropattern. For cells migrating
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FIG. 5. Top: Simulation. Center-of-mass acceleration near the
micropattern center exhibits a nonlinear (nearly linear) velocity
dependence in two-state (rectangular) geometries. Bottom: Ex-
perimental acceleration-velocity relationships for the cell nucleus
from [14], reprinted with permission.

on rectangular micropatterns, we observe a nearly linear
acceleration-velocity relationship, which is also consistent
with the experiments of [14] (Fig. 5). We also see a similar
near-linear behavior in F(x — 0, v) in unconstrained cells
on two-dimensional substrates fully coated with fibronectin
(“free 2D” curve of Fig. 5). Our observation that the rectan-
gular and two-dimensional geometries have nearly identical,
nearly linear curves is also consistent with the experimental
results of [14]. A movie of a cell in an unconfined geometry
is shown in Movie 5 in the Supplemental Material [49].

E. Perturbing the polarization patch model

A key assumption of our model is characterizing the
stochastic behavior of cell polarity by generating patches
of activity every t, seconds, with a profile of B(t)f[|r —
0(t)|; o], with amplitude 8 and location @ chosen randomly.
In this section, we perturb this activity module away from its
default state and gauge how sensitive our predictions are to its
various components. Figure 6 outlines all the variations that
are considered. As discussed below, our predictions are robust
against certain aspects of the activity module, while other pa-
rameters are tightly constrained to recapitulate experimental
observations.

1. Perturbing B, the magnitude of noisy activity

B(t) ~ Gaussian (g, og) is a random variable that sets
the magnitude of the stochastic patches that we add to cell
polarity. We find that our model predicts limit cycles on two-
state and stationary behavior on rectangular micropatterns
relatively robustly against variations in both 4 [Fig. 6(a)] and
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FIG. 6. An overview of how various perturbations in the spatially correlated activity patch that we add to cell polarity affect the
deterministic migration of the default cell on the two-state (left column) and rectangular (right column) micropatterns. In each column,
the middle figure illustrates the behavior of the default cell, except in the last row, where the left figure (z; = 2.2 s) is the default cell.
The perturbations considered are in the (a) mean and (b) standard deviation of the magnitude of the noisy activity patch, (c) spatial extent
of the correlated activity patch, and (d) frequency of adding noisy activity to cell polarity. Streamlines are colored by equilibrium point; x
indicates equilibrium points where streamlines terminate. Solid black lines are separatrices—crossing this line changes the long-run behavior
of the cell. See Sec. II D for details. Results are obtained from 2400 simulations.

op [Fig. 6(b)]. However, there are a few interesting features
that can appear within the larger limit-cycle dynamics. For
the two cases where g = 10 and og = 22.5, a new behavior
emerges—in addition to the limit cycles—that is confined to
the interior of the bridge. This suggests that cells that happen
to enter the bridge of the two-state micropattern with near-
zero velocity may become trapped there, and either perform a
small limit-cycle or reach a stationary state. These behaviors
at the bridge are ones that we are slightly skeptical about
observing in experiments akin to [14], in part because our
model does not have an explicit representation of the nucleus,
while [14] use the cell’s nucleus to parametrize x. We would
expect the nucleus to not be stably trapped exactly in the
middle of the micropattern.

Lastly, we note that for o3 = 52.5, the limit cycles do not
reach from the left basin to the right basin, but instead the
streamlines loop around a narrower region. This corresponds
to an oscillation of the cell center of mass around the bridge
in our plot of F(x, v). When we inspect our movies of cell
trajectories, we see that in this case, cells quickly reenter the

bridge once they have entered a basin (see Movie 6 in the
Supplemental Material [49]).

We varied ug and o over a range set by monitoring the
behavior of the cell. For values lower than ug =5 and op =
22.5, there is not a sufficient buildup of polarity and we do not
observe the cells to hop. Similarly, for higher values, we see
many cell-body ruptures as polarity becomes large enough to
split one cell into many. The perturbations in this section show
that our predictions are not overly sensitive to the magnitude
of the activity patch as long as B(¢) is within a reasonable
range.

2. Perturbing o, the spatial extent of correlated activity

When we add a patch of activity to the cell, it is spread over
aregion f|r — 0(1)|;0] = e~ "0®I/20% the parameter o sets
the spatial extent over which one stochastic event affects the
polarity.

Figure 6(c) summarizes the motility of cells with differ-
ent values of o. At the low value of o = 3.4 um, we still
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observe the cells to limit-cycle on the two-state micropat-
tern. However, a new behavior is observed on the rectangular
geometry—cells are now bistable, settling deterministically
into the left and right sides of the micropattern with two dis-
tinct terminal points. We do not have a strong intuition for why
cells prefer the sides of the rectangular micropattern when
their activity patches are tightly localized. At the large value
of o = 12 um, we recover the original stationary behavior on
the rectangular geometry, but we observe cells to be mostly
bistable on the two-state substrate [note the small fraction
of lattice sites terminating near (x = 0, v = 0) in Fig. 6(c)].
While we do not know with certainty why disperse patches
lead to nearly bistable behavior in our model, we think it has
to do with how spatially extended patches activate a broader
set of contour points. This, in turn, may increase the likeli-
hood of activity occurring elsewhere on the cell boundary,
thereby reducing the probability of persistent singly polar-
ized morphology. We conclude that o significantly impacts
the migration of the cell in our model, leading to a tight
range of values within which we can recapitulate experimental
observations.

3. Perturbing vy, the frequency of noisy activity

The last parameter in our stochastic patch model is ty,
the frequency with which we add noisy patches to cell po-
larity. We find that our model robustly predicts limit cycles
on two-state micropatterns and stationary behavior on rectan-
gular micropatterns when changes in this timescale are small
[Fig. 6(d)]. When we nearly double 7, from its default value,
we observe limit cycles not only on the two-state substrate, but
also on the rectangular micropattern. This may occur because
as Ty increases, the time between stochastic protrusion events
becomes large enough for the cell to develop a robust singly
polarized state, which then leads to a cell migrating persis-
tently along the rectangular micropattern. This result shows
that even the seemingly simple and intuitive result that cells
on the rectangular pattern have near-stationary dynamics can
be constraining to a detailed model.

Balance is required between some pairs of parameters to
generate successful migration We also study the variation of
pairs of model parameters simultaneously. We find that there
is a balance required between terms that tend to promote cell
polarization, and those that degrade it. For instance, if the
generation of protrusion pulses is made significantly slower,
increasing 7y, cells will not be able to generate enough force
to actually cross from one basin to the other, and streamlines
will be disconnected (Fig. 10.) However, if the polarity degra-
dation time t is also increased, the limit-cycle behavior can
be recovered. Similarly, decreasing 7y can be compensated by
increasing the amplitude of polarity patches ug (Fig. 11).

F. Can we simplify our model assumptions?

Having confirmed our model’s ability to recapitulate the
findings of [14], we now investigate whether a simplified
version of it can achieve the same success. We do this by
knocking out various aspects of the model and observing how
each affects the migration dynamics of our default cell on the
two-state and rectangular micropatterns.

I default model
filopodia knockout

density

0.05 10 20

thopping [hr]

FIG. 7. Distribution of “hopping times” predicted by the default
model vs one with the filopodial mechanism absent.

We begin by asking if the two mechanisms by which the
cell integrates information about substrate geometry, i.e., the
filopodial probability in Eq. (7) and the coupling to x in
Eq. (6), are both needed. We knock out the filopodial sensing
mechanism by simplifying the probability of Eq. (7) to p(6) ~
IP(6). Upon this knockout, we observe no significant change in
the motility pattern or the velocity dynamics of the default cell
on either the two-state or rectangular micropatterns (Fig. 13).
However, we observe a notable change in the distribution
of “hopping times,” defined as the duration of time spent in
a basin of the two-state geometry before hopping (Fig. 7).
While our default model predicts a tightly peaked distribution,
consistent with the findings of [14], this perturbation leads
to a broader density. The broadening is expected; without
the filopodial probability, cells have reduced ability to aim
their protrusive activity toward the bridge, which naturally
delays the hopping process and extends the hopping time.
Considering the hopping time distribution, we opt to retain the
filopodial probability to ensure a more faithful reproduction of
the observations of [14].

Next we knock out the coupling of cell polarity to the sub-
strate by taking 7, to infinity [Fig. 8(a)]. In this case, the cell is
still largely confined within the substrate due to the filopodial
sensing mechanism disfavoring any polarization that would
cause the cell to escape. While motility in the rectangular
substrate remains unaffected (Fig. 14), migration in the two-
state micropattern develops multiple equilibrium points: while
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FIG. 8. (a) Sample simulation snapshots of our default cell mi-
grating on the two-state micropattern, along with (b) a summary of
its motility dynamics when cell-confinement coupling is turned off,
ie., 7, — oo.
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the two points at either basin are robust to sampling uncer-
tainties, the putative equilibrium points near the origin are not
(see Fig. 16). We thus interpret the streamlines of Fig. 8(b)
as effectively suggesting a bistable behavior. Additionally,
the acceleration at x — 0 no longer displays the pronounced
negative friction [F(x — 0, v) ~ 4v] that is characteristic of
migration in the two-state micropattern [compare Fig. 8(b)
to the blue and green curves in Fig. 5]. Both the filopodial
probability and the cell-micropattern coupling sense spatial
cues, altering polarity in response to the presence of the mi-
cropattern, yet only the latter disrupts the motility dynamics of
the cell. Why is that? The key difference between each sensory
input is likely how they affect cell polarity. The filopodial
sensing mechanism changes the distribution of polarity acti-
vation patches. Because the average effect of these activation
patches is positive, redistributing these activity patches will
not generally create a negative polarity at any point in the
cell. By contrast, the micropattern coupling term —t7,° Iy
can make the polarity negative and lead to the membrane
retracting away from the micropattern edge. When the cell is
about to enter the bridge and the cell-micropattern coupling
is present, the constant decrease in polarity pinches the mem-
brane near the corners of the constriction and facilitates the
formation of tubular protrusive fronts, while holding back the
cell body [Fig. 3(a)]. Without this coupling, the cell does not
contract its membrane at the pinch points of the constriction;
it fails to grow tubular fronts and adopts a morphology that
is unfazed by the micropattern constriction (see Fig. 8(a) and
Movie 7 in the Supplemental Material [49]). Considering this
morphological change, the absence of a clear negative friction
dynamic with this knockout is not surprising given we think
that squeezing through the bridge is necessary for exhibiting
nonlinear dynamics (see our argument in Sec. III D).

Lastly, we knock out the perimeter-induced degradation of
cell polarity by taking so — oo and observe no significant
change in the motility pattern or the velocity dynamics of
the default cell on either micropatterned geometry (Fig. 15).
Although we could safely eliminate this assumption and still
recapitulate the experimental observations, we choose to keep
it because it leads to a cell morphology that is closer to that
of MDA-MB-231 cells in [14]. Without it, there is a higher
chance for cells to become bipolar midway through the bridge
or for one bipolar cell to break apart into two (see Movie 8 in
the Supplemental Material [49]). Given the clear experimental
rationale for this sort of term [38], we keep the perimeter-
dependent global inhibition in our default model.

We could also consider other potential model variants.
For instance, it would be natural to consider eliminating
our micropattern-sensing terms in Eq. (6) and replacing
them with, e.g., an energy of adhesion to the micropat-
tern [21,25,26]. This would then create an energy barrier for
the cell leaving the micropattern. This energy barrier would
successfully confine the cell and prevent it from escaping
the micropattern, but this variant of the model would not
suffice to repolarize the cell—there would be no inhibition of
polarity when the cell hit the micropattern edge, preventing it
from turning around. Within our model, this would lead to an
absence of limit cycles. We believe the role of cell-substrate
adhesion to have both an important mechanical effect as
well as a signaling (repolarization) effect. Adhesive energy,

in combination with alternate models of polarity, might be
sufficient to create limit cycles, though this is speculative.
Within the context of our current work, we do not treat this
adhesive energy since it is not necessary to recapitulate our
core results.

G. Generalization to other micropattern geometries

In a follow-up to [14], Fink et al. studied the effect of vary-
ing micropattern shape and size, quantifying the distributions
of occupancies of MDA-MB-231 cells in each micropatterned
“basin” [61]. We originally tuned our model to reproduce
the qualitative features of MDA-MB-231 observed in [14].
How successful is our model at predicting these experiments?
We show simulations of cell motility in analogous geome-
tries in Fig. 9. We have not quite matched the experimental
geometries—as with our earlier simulations, we find that our
cells struggle to move through the absolute narrowest bridges
without breaking, so we have chosen bridges to be wide
enough for cell to travel through easily. We find in Fig. 9
that our model correctly predicts the side of the micropattern
which the cell spends the most time on in eight out of the
nine tested geometries. This includes both relatively trivial
cases—we find that the cell will spend more time in the larger-
area basin as the basin size is increased [Fig. 9(a)]—but also
less intuitive results. For instance, we correctly predict that
cells will spend more time in the vertically oriented rectan-
gular basin, and less in the horizontally oriented rectangular
basin [Fig. 9(b)]. This deviation is smaller than found in the
experiment, though it is larger than the presumably statistical
asymmetry for the symmetric rectangle-rectangle geometry.
We also see that the histograms for the vertical-rectangular vs
horizontal-rectangular case are notably asymmetric, as found
in the experiment. Cells also spend more time in the triangular
basin than a square basin [Fig. 9(c)] when normalized by
area. The only distinct failure is the square-diamond geom-
etry [Fig. 9(c)], in which we predict more localization to the
square, but experiments observe slightly more localization to
the diamond.

Overall, we view this as a relatively good performance in
generalization. We have a few possible hypotheses for the
failure in the square-diamond micropattern. First, this discrep-
ancy with experiment may simply reflect that we have only
roughly fit our parameters—we originally sought to qualita-
tively reproduce the key features of [14] and did not tune
most of our parameters beyond that necessary to reproduce
the key features. We note, in particular, that in this square-
diamond micropattern, cells can develop three independent
fronts (see Fig. 4 A of [61]). Our model does not commonly
do this—perhaps unsurprisingly, since as we discussed earlier,
the coexistence of multiple fronts is an emergent property
of our model and one that may require some degree of pa-
rameter tuning, based on previous work [50]. We suspect
this behavior is not constrained by the requirement that our
model reproduces the results of [14]. Another possibility is
that the asymmetry in the square-diamond pattern just arises
from statistical fluctuations in the experiment. The experimen-
tal square-diamond asymmetry is one of the smallest effects
observed in [61] (asymmetry of ~2 times the standard error).
Given the multiple comparisons made here and in [61], it is
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not too surprising that one of these many comparisons would
vary by this magnitude.

While [61] did not show streamline plots, we can easily
compute F'(x, v) and its streamlines (Fig. 16); these predic-
tions could be compared with the data generated by [61].
However, we do not see immediate qualitative changes in
the streamline plots between the symmetric and asymmetric
streamline plots—the changes are primarily quantitative.

IV. DISCUSSION

Briickner et al. revealed the distinct migratory dynamics of
cancerous MDA-MB-231 and healthy MCF10A cells crawl-
ing on two-state and rectangular micropatterned substrates
by inferring the cell’s equation of motion from observations.
Here, we have proposed a single model of the cell and show-
cased its successful recapitulation of observations in [14]. Our
model correctly predicts limit-cycle, stationary, and bistable
behavior depending on cell properties and the geometry of
the micropattern. It also successfully predicts the nonlinear
(nearly linear) dynamics of cells on the two-state (rectangular)
substrate, consistent with [14] (Fig. 5).

The behavior of MDA-MB-231 cells on rectangular and
two-state micropatterns is radically different, with cells
switching from a weakly polarized fluctuating state to a highly
persistent oscillation [Figs. 3(b) and 3(f)]. We have been
able to recapitulate this shape sensing with a very minimal
assumption—that the cell’s polarity is locally inhibited by ab-
sence of cell-fibronectin contact. This assumption seems well
supported by the existing literature showing strong effects of
fibronectin on Rho GTPase polarity [36]. Our simple assump-
tion may provide a mechanistic view of what could drive the
geometrically adaptable polarity hypothesized by [62].

Within our model, we can switch cells between show-
ing limit-cycle dynamics and bistability, either by changing

(time in left) /Ajfe+(time in right) /Arigh

,asin [61].

physical parameters such as cell size or tension, or by
changing polarity dynamics such as the size of protrusion
fluctuations. Our results indicate that these distinct motility
patterns can reflect quantitative changes in the cell, rather
than requiring fundamentally different assumptions in how
we model MCF10A and MDA-MB-231 cells. Consistent with
this idea, it was later found that subpopulations of cancerous
cells, derived from their inherent cell-to-cell variability, can
also exhibit distinct motility behaviors [63]. These findings
complement our predictions that dramatic, qualitative changes
in cell behavior can possibly be explained by simple, quantita-
tive changes in the cell. Expression of the tumor-suppressing
micro-RNA miR-200c in MDA-MB-231 cells has recently
been shown to induce a switch in their motility behavior on
the two-state micropattern, with cells expressing miR-200c
becoming bistable [64]. While miR-200c has many targets
and its impact on cell migration is complex, it does modify
both cell stiffness and size. However, the dynamics here are
somewhat complex—its expression can lead to decreased cell
stiffness [65] and, in different assays, miR-200c induction
increased cell spread [65] but miR-200 family knockout in-
creased cell size and decreased polarity [54]. If miR-200c
induction decreased spread in [64], that could lead to bistabil-
ity, according to our model. However, perturbations of polarity
can also lead to switches between bistability and limit cycles
within our model.

To what extent can the parameter variations we have stud-
ied be realized in experiment? Past experiments have studied
drug perturbations including inhibiting the Rho/ROCK path-
way, preventing actin polymerization with latrunculin, and
inhibiting myosin contractility with blebbistatin [62], finding
that these can disrupt the nonlinear dynamics as visualized
in F(x — 0, v). Within our model, we would expect the ap-
plication of blebbistatin—decreasing myosin contractility—to
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decrease our value of y, which we see can induce significant
perturbations to nonlinear dynamics [Fig. 4(b)]. Latrunculin,
disrupting actin polymerization, would definitely alter our
protrusion strength or. We have not seen particularly interest-
ing effects from changing «, other than changing the scale
of cell speeds, etc. However, F-actin also has roles in cell
polarity and can feed back on Rho GTPases [66]—so la-
trunculin treatment may also alter our polarity parameters
such as 77, ug, etc. Another natural approach would be to
try to eliminate filopodia, as we studied in Fig. 13. This
could be done with, e.g., knockdown of myosin X [67] or
formins. However, we caution against overinterpretation of
these drug assays—off-target effects [68] and feedback loops
can confound the apparent results. Another possibility would
be to change the concentration of fibronectin on the mi-
cropattern. Within our model, this would change the contrast
between the micropattern and the region outside—essentially
lowering our value of x. We have performed simulations
lowering x and find that there are relatively few new non-
linear features until x is small enough that the cell is not
well confined to the micropattern. This intervention, too, may
not be straightforward to interpret. The effect of substrate
adhesiveness on cell speed is nonmonotonic [69,70], and this
nonmonotonicity depends on actomyosin contractility [69]
and may be complicated to model [71]. In addition, as we
are primarily modeling the signaling effect of cell-substrate
adhesion, we are not as confident in predicting a dose response
between fibronectin concentration and cell polarization. We
view changes in micropattern shape as the intervention most
likely to yield agreement between simulation and experiment
without the need to introduce additional mechanisms.

If the key difference between MCF10A and MDA-MB-231
cells were the cell spread area, which we have shown is suf-
ficient to explain a transition between limit-cycle and bistable
behaviors, this could be easily tested through both quantifica-
tion of cell spread areas and variation of the micropattern size.
Within our model, simulated cells with similar Acey/Apasin
have similar dynamics, assuming all other parameters are held
constant, and cells will transition to a bistable state as the
basin size is increased (Fig. 17).

In our application of the data-driven approach of [14],
we discovered that uncertainties in the inferred nonlinear
dynamics—driven by finite sampling—can be significant.
This is despite our large dataset of 4800 simulations of 48
hours in length, providing roughly 24 x as much trajectory
time as observed experimentally. This means a single stream-
line plot should be taken with some skepticism. For instance,
the bistable dynamics seen in Fig. 6(c) with o = 12 um gener-
ates a streamline plot that is slightly asymmetric at the center,
and has a small domain of attraction at the center. These
features, though, are not robust to sampling (see Appendix G).
We suggest that the bootstrap approach we take in Appendix G
should be used as an essential robustness check.

How does our model relate to other models of two-state
motility and can it be discriminated from them? Recent work
from the Broedersz group and collaborators [62,72] has hy-
pothesized that cells may be able to polarize while in the
constricted region of the micropattern, while being unpolar-
ized in the basins. In [62], this assumption was built into
the model, while [72] provided a mechanism based on the

alignment of actin filaments. Our model agrees that cells
are often polarized while traveling through the constricted
region and not as strongly polarized in the basins, though this
emerges from our model’s coupling between the cell polarity
and the micropattern via sensing the micropattern boundary.
In this sense, we expect that our model is in the same broad
class as the assumptions of [62], but has a different specific
set of assumptions than that of [72]. To distinguish between
the two, the most natural test would be to attempt to design
a micropattern that created confinement but disrupted actin
alignment—possibly by having curved edges on the bridge
between basins.
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APPENDIX A: NUMERICALLY EVOLVING THE PHASE
FIELD EQUATIONS OF MOTION

The phase field equations of motion are

990r.1) Y
T+v(r,t)-V¢— M(g(f)’

SF
= £V¢ + fmotility»
where the total free energy of the cell is F = Fcy + Farea-
Given the definitions in Egs. (2) and (3), the functional deriva-
tives are

nv (AD)

8.7:(:1-1 . Z _ _ _ 2
56 36=0Q2¢ — 1)(¢ — 1) =20y V4 (A2)
and
8Fuea o [ 1 M2

With % worked out, we numerically evolve Eq. (Al) on a
200 x 200 grid with a spatial resolution of Ax = 1.5 wm and
simulation time step of Ar = 0.36 s [25]. We also leverage the
SCIKIT-IMAGE’s measure function [74] to find contour points
at the 1/2 level and MATPLOTLIB’s streamplot [75] to trace
out streamlines.

APPENDIX B: CONSTRUCTING ACCELERATION
FOOTPRINTS FROM SIMULATED TRAJECTORY DATA

We record the x position of the cell center of mass
every At =3 min in our simulations and, at the end of
each run, we calculate the velocity and acceleration from
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FIG. 10. Simultaneous perturbation of the timescales t and 7, shows that limit-cycle behavior requires that the ratio of these two rates not
get too far from our default value. Results are obtained from 2400 simulations.

this time series,

x(t + At) — x(t)

v(t) = A (B1)
a(t) = x(t+At)—2:§t2)+x(t—At). B2)

Note that Ar here is not the time step of the previous section,
but the time resolution with which we measure the cell’s cen-
ter of mass. With the above equations, we compute the tuples

(x, v, a) for all center-of-mass trajectories observed across all
4800 simulations, which amounts to roughly 2.3 M records.
We construct the xv phase-space by discretizing the domain
of each coordinate with n = 32 bins, where each bin has
dimensions dx = (Xmax — Xmin)/7 and dv = (Vmax — Vmin )/ 7.
Considering the spatial and velocity domains typical to our
simulations, our bins are approximately 3 x 11 um/hr. To
populate this phase-space, we group together the set of all
tuples (x, v, @) that fall into the (x, v) bin and assign that bin
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at each patch is necessary to gain limit-cycle behavior. Results are obtained from 2400 simulations.

IO NION

FIG. 12. A sample of the steady-state distribution of cell polarity as evolved according to Egs. (6) and (7) on a static phase field initialized
on the rectangular micropattern. Although each sample starts with a random initial distribution and evolves stochastically, all of them equilibrate

to a singly polarized configuration.
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FIG. 13. Predicted motility dynamics of our default cell on (a)
mechanism absent, i.e., p(0) = P(0).

the average acceleration of the set. Repeating this procedure
for all the n x n bins that are present yields the acceleration
footprint F (x, v) = (a(x, v)|x, v).

We note that the conditional averaging method that we
use here, adapted from [14], can have systematic errors due
to finite observation time, etc. [18]. These can be corrected
if the conditional averaging is done using a basis function
approach—but the methods do not generalize well to the
straightforward binning of [14]. We have chosen to use the
binning approach so that our results are as comparable as
possible with the original experiments of [14].

APPENDIX C: VARYING TWO PARAMETERS
SIMULTANEOUSLY

Figures 10 and 11 show the simultaneous variation of two
parameters for 2400 simulations.

APPENDIX D: A DYNAMICALLY EVOLVING CELL
BOUNDARY IS REQUIRED FOR BIPOLAR
MORPHOLOGY

In Sec. Il A, we outlined our model’s ability to recapit-
ulate limit cycles on two-state and stationary behavior on
rectangular substrates. The emergence of persistently hopping
cells is plausible considering our assumption of positive feed-
back for cell polarity [see Eq. (6)]—this mechanism amplifies
small differences in polarity into one hot spot of activity,
thus promoting singly polarized cells that can persistently
migrate. The same principle underlies the migration of the
cell on the rectangular micropattern, yet the cell adopts a
bipolar morphology on average, leading to near-zero speeds
and the observed stationary states (compare Movies 1 and 2
in the Supplemental Material [49]). To investigate how our
assumptions for cell polarity can lead to bipolar cells on the
rectangular micropattern, we decided to study the evolution
of cell polarity in isolation. This simplified version of the
model represented the cell with a static, circular phase field
initialized in the center of the rectangular geometry. Here, we
did not update the cell interface itself, i.e., %(ﬁsmﬁc =0, but
did evolve the polarity according to Egs. (6) and (7) on the
static cell boundary. Surprisingly, we observed the stochastic
evolution of cell polarity to always localize into a single hot
spot of activity, consistently yielding a singly polarized cell
(Fig. 12). Since the only change we made was making the
phase field static, we conclude that the emergence of bipolar

the

100 i I ]

= .
IS3 \
g 0 - 1
= [
&

—100 i S

=50 0 50
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two-state and (b) the rectangular micropatterns with the filopodial

cell morphologies in our model requires the cell interface to
be dynamic.

APPENDIX E: PREDICTED MOTILITY DYNAMICS
IN RESPONSE TO SIMPLIFYING MODEL
KNOCKOUTS

Figures 13-15 show the predicted motility dynamics in
response to simplifying model knockouts.

APPENDIX F: STREAMLINE PLOTS FOR DIFFERENT
GEOMETRIES

In Fig. 16, we show streamline plots for alternate geome-
tries, including those showcased in Fig. 9. Figure 17 displays
the default cell switches between limit cycle and bistable as
the micropattern size is increased.

APPENDIX G: SHOWCASING THE UNCERTAINTY
OF PHASE-SPACE SEPARATRICES

Our deterministic acceleration footprints F(x, v) have
associated uncertainties since we infer them from a finite num-
ber of simulations. Here, we focus on footprints that exhibit
multiple phases and seek to demonstrate the typical variability
we can expect when interpreting the motility patterns encoded
by them. Note that we specifically highlight the uncertainty of
these acceleration footprints because we characterize them by
their separatrices and want to better understand the stability
of these boundaries. To assess variability, we employ boot-
strapping on our original set of simulations. Each bootstrap
involves sampling 4800 times from the set of independent

100
= 5001 1
&
—100 —5001 ]
—100 0 100
z (um) v (jm/hr)

FIG. 14. Predicted motility dynamics of our default cell on the
rectangular micropattern with the degradation of polarity outside the
micropattern absent, i.e., Ty — 00.
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FIG. 15. Predicted motility dynamics of our default cell on (a) the two-state and (b) the rectangular micropatterns with the perimeter-

induced degradation of polarity absent, i.e., s) — 00.

phase field simulations with replacement, allowing us to infer
Fi (x, v) for each bootstrapped ensemble k. We generate a total
of 48 such bootstrapped ensembles, i.e., k =[1,2,...,48].
Figures 18-25 showcase the variability of their respective
acceleration footprint, each consisting of three panels:

(a) This is the original F'(x, v) inferred from our phase field
simulations. A copy of this is in the main text.

(b) This is a heat map showing the number of distinct cat-
egories each phase-space lattice site has ever been a member
of across the entire set of bootstrapped ensembles. There is a
maximum of three phases that a lattice site can be classified
as based on whether it terminates at the left, center, or right
of the micropattern. In this view, lattice sites that fluctuate
are colored darker and serve as a visual representation of the
variability we can expect when delineating the boundary of
distinct phases.

(c) This is an exemplary view of 9 out of the 48
bootstrapped acceleration maps. It is a useful way to

explicitly demonstrate the variability we can expect in sepa-
ratrix boundaries.

APPENDIX H: LEGEND FOR THE SIMULATION MOVIES
PROVIDED IN THE SUPPLEMENTAL MATERIAL

Below is a legend for the simulation movies provided in
the Supplemental Material [49]. All simulations are run for
24 hours.

(1) Movie 1: Default cell limit cycling on the two-state
micropattern.

(2) Movie 2: Default cell migrating on the rectangular
micropattern.

(3) Movie 3: Default, small cell with Ry = 15 ym migrat-
ing on the two-state micropattern.

(4) Movie 4: Default, stiff cell with y = 1.8y, migrating
on the two-state micropattern.

(5) Movie 5: Default cell freely migrating on an uncon-
strained micropattern (axes are in um).

(6) Movie 6: Default, noisy cell with o = 52.5 migrating
on the two-state micropattern.

- 05 (7) Movie 7: Default cell with 7,, — oo migrating on the
g " two-state micropattern.
E ok (8) Movie 8: Default cell with so — oo migrating on the
3 i two-state micropattern.
= —100f
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FIG. 16. Predicted streamlines for two alternate two-state ge-
ometries, which are similar to those studied in [61]. Results are
obtained from 2400 simulations.

FIG. 17. The default cell switches between limit cycle and
bistable as the micropattern size is increased.
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FIG. 18. Overview of variability in motility for the cell-micropattern pair presented in Fig. 3(k).
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FIG. 20. Overview of variability in motility for the cell-micropattern pair presented in Fig. 4(b).
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FIG. 21. Overview of variability in motility for stz = 10 perturbation on the two-state geometry presented in Fig. 6(a).
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FIG. 22. Overview of variability in motility for o3 = 22.5 perturbation on the two-state geometry presented in Fig. 6(b).
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FIG. 23. Overview of variability in motility for o = 12 um perturbation on the two-state geometry presented in Fig. 6(c).
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FIG. 24. Overview of variability in motility for o = 3.4 pm perturbation on the rectangular geometry presented in Fig. 6(c).
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