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Data-Driven Theory Reveals Protrusion and Polarity Interactions Governing Collision
Behavior of Distinct Motile Cells
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The migration behavior of colliding cells is critically determined by transient contact interactions. During
these interactions, the motility machinery, including the front-rear polarization of the cell, dynamically responds
to surface protein-mediated transmission of forces and biochemical signals between cells. While biomolecular
details of such contact interactions are increasingly well understood, it remains unclear what biophysical
interaction mechanisms govern the cell-level dynamics of colliding cells and how these mechanisms vary across
cell types. Here we develop a phenomenological theory based on 14 candidate contact-interaction mechanisms
coupling cell position, protrusion, and polarity. Using high-throughput micropattern experiments, we detect
which of these phenomenological contact interactions captures the interaction behaviors of cells. We find that
various cell types—ranging from mesenchymal to epithelial cells—are accurately captured by a single model
with only two interaction mechanisms: polarity-protrusion coupling and polarity-polarity coupling. Remarkably,
the qualitatively different interaction behaviors of distinct cells, as well as cells subject to molecular perturbations
of surface protein-mediated signaling, can all be quantitatively captured by varying the strength and sign of
the polarity-polarity coupling mechanism. Altogether, our data-driven phenomenological theory of cell-cell
interactions reveals polarity-polarity coupling as a versatile and general contact-interaction mechanism, which
may underlie diverse collective migration behaviors of motile cells.

DOI: 10.1103/3hhj-rt1n

I. INTRODUCTION

Contact interactions between cells control the coordinated
migration of tissues during fundamental physiological pro-
cesses [1] in development, health, and disease [2–4]. Already
at the level of two motile cells, contact interactions can lead to
dramatic changes in the trajectories of cells after they collide
[5–8]. Such interaction behavior is not merely the result of
physical forces arising, for example, from membrane adhe-
sion or deformations of the colliding cells. Instead, contact
interactions trigger a dynamical response in the intracellular
biomolecular motility machinery [9–11]. This machinery in-
volves establishing a front-rear polarization [12,13], as well
as active cytoskeleton contraction and protrusion formation,
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enabling cells to self-propel [14]. Contact-interactions can
modify cell polarity via biochemical signaling between cells
[9,15], reflecting the active, responsive, and adaptive nature of
cell motility and cell-cell interactions. Revealing the dominant
interaction mechanisms that steer cell polarity and cell migra-
tion in response to cell-cell contacts is critical for a general
understanding of the dynamics of interacting cells.

The interaction behavior of migrating cells in various
processes is highly diverse. During wound healing [3], for
instance, motile epithelial cells follow each other after making
contact [16,17]. By contrast, several developmental pro-
cesses rely on cells retreating from each other after forming
cell-cell contacts [18–21], termed contact inhibition of lo-
comotion (CIL) [6,22]. Many details of the biomolecular
machinery underlying these and other interaction behaviors
[23,24] are now becoming increasingly clear. For instance,
force transmission between epithelial cells is enabled by E-
cadherin-mediated junctions [25,26], while receptor-ligand
Eph-ephrin interactions [15,21,27–29] enable cell-cell recog-
nition during CIL. Both of these surface proteins enable cells
to regulate their polarity machinery in response to cell-cell
contacts [11,29,30]. Such molecular pathways vary between
different cell types and can change, for instance, during the
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FIG. 1. Schematic of our data-driven theoretical approach. (a)
Phenomenological interaction mechanisms coupling the nuclei, pro-
trusions, and polarities of two interacting cells. We show a detailed
analysis of these mechanisms in Fig. 2. (b) Statistical inference of
our theory using the experimental trajectory data of each cell type.
We quantify the experimental dynamics by inferring effective inter-
action terms that describe the nucleus dynamics of our experimental
data (red points) and the phenomenological model (curves) [8]. In
addition, we quantify collision behavior. The heatmap shows the
best-fit performance of each interaction mechanism for the nucleus
dynamics and collision behavior of each cell type. (c) We experi-
mentally observe and predict the trajectories of the nuclei of the two
cells, which quantifies cell-level interaction behavior. (d)–(f) Our
experimental setup consists of cell-collider experiments, which we
perform on dumbbell-shaped micropatterns. Scale bar: 25 µm, nuclei
are stained in blue, actin is stained in green (e). In addition to consid-
ering different motile cells ranging from mesenchymal cancer cells to
epithelial cells (d), we also consider various molecular perturbations
of the surface protein-driven interaction machinery (f).

epithelial-to-mesenchymal transition (EMT) [31,32]. How-
ever, it remains a major challenge to understand how contact
interactions are controlled by the molecular machinery in
various cells types.

The complexity of the motility and cell-cell interaction ma-
chinery makes it difficult to gain mechanistic understanding
of contact interactions. Nevertheless, biophysical models can
give mechanistic insight into single-cell motility [14,33–36]
and how force transmission and cell-cell recognition give rise
to the dynamics of interacting cells [5,17,23,37–48]. However,
these bottom-up models are commonly tailored to understand
specific cell types in concrete settings, making it difficult
to achieve a unifying conceptual understanding of contact
interactions. Furthermore, biophysical models for contact
interactions are rarely systematically constrained on quanti-
tative experimental data [49]. High-throughput experimental
micropattern assays [7,8,40,48] enabled the application of

data-driven inference approaches to learn dynamical descrip-
tions of migrating and interacting cells directly from large
datasets of experimental cell trajectories [8,49–51]. In pre-
vious work, we inferred the dynamics of the cell nuclei
of interacting motile cells on micropatterns. The interac-
tion behaviors of these cells could be captured by effective
cohesion and friction interactions between the cell nucleus po-
sitions and velocities [8]. Importantly however, this approach
considered neither the protrusion nor the polarity dynam-
ics, which both play central biophysical roles in cell-cell
interactions. Thus, it remains unclear what interaction mech-
anisms involving cell shape and the polarity-driven motility
and interaction machinery govern the cell-level dynamics of
interacting cells and how such mechanisms vary across cell
types.

Here we develop a theory for contact-interaction mecha-
nisms for a range of motile mesenchymal and epithelial cell
types (Fig. 1). Using phenomenology based on symmetry and
simplicity arguments, we derive 14 possible interaction mech-
anisms coupling the nucleus, protrusion, cell deformation, and
polarity of pairs of cells [Fig. 1(a)]. We determine which
of these mechanisms control interaction behavior of cells by
analyzing roughly 50 000 hours of cell nucleus trajectories
[Fig. 1(c)], which is a substantially larger dataset compared
to our previous work [8]. To make use of the information
contained within interacting cell trajectories, we develop a sta-
tistical inference framework accounting for both the long-time
collision behavior and short-time accelerations of interact-
ing cells [Fig. 1(b)]. In phenomenological approaches, it is
common that many terms that are allowed by symmetry are
necessary to capture experimental observations [52,53]. Re-
markably, we discover here that, from the 14 possible mecha-
nisms, the interaction behavior of all our cell types and various
molecular perturbations [Figs. 1(d)–1(f)] are governed by
only two interaction mechanisms controlling cell polarity dy-
namics. Additionally, only a single interaction strength needs
to be varied to capture the various interaction behaviors of
the different cell types. Thus, our results reveal a surprisingly
simple, yet general quantitative theory of contact interactions,
extending the general understanding of biophysical mecha-
nisms of single-cell migration [14] to interacting cells.

II. RESULTS

A. Theory of contact-interaction mechanisms

To develop a dynamical theory of contact interactions, we
employ a minimal large-scale description where the position
of the cell’s nucleus xn(t ) and the position of the geometric
center of newly formed protrusions xp(t ) are the relevant po-
sitional degrees of freedom of a migrating cell [Fig. 2(a)]. In
a coarse-grained sense, this simple choice faithfully captures
the cell’s position, as well as the elongated and dynamic
shape of migrating cells as tested in single-cell migration
experiments [33,55,56] and as observed more broadly during
cell-cell interactions [5–8]. To complete our description, we
include an internal degree of freedom P(t ) to capture cell
polarity. The polarity describes the cell’s anisotropic organi-
zation of the cytoskeletal motility machinery, distinguishing
front and rear [12]. This minimal level of description has
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FIG. 2. Phenomenological contact-interaction mechanisms. (a) To describe the interaction behavior of a whole cell, we include three
dynamical degrees of freedom in our model: the position of the nucleus xn, the position of the protrusion xp, and the polarity of a cell P. The
polarity determines a self-propulsion force, giving rise to cell migration (Appendix B 1). (b) Schematic representation of all linear vectorial
quantities in our model for both cell 1 and cell 2. �P = Pi − Pj is the difference between polarities and Ui = xp,i − xn,i is the deformation
vector of the cells. (c)–(e) Possible candidate cell-cell interaction mechanisms acting on the nucleus (c), on the protrusion (d) and on the
polarity of cells (e). In all panels (c)–(e) the upper row of the table shows for each mechanism the corresponding interaction term and to
what linear vectorial coupling this term is proportional. The middle row shows a schematic representation of that coupling at the associated
interaction strength ε being positive. In these schematics, the green arrows always indicate the dynamics arising from the mechanisms for the
“blue” cell in panel (b). The lower row of the tables shows then a schematic of the expected long-time scale interaction behaviors of both cells
for one specific collision scenario. The different shapes of the cells indicate whether cells are elongated (nuclei and protrusions are sufficiently
separated), and the green color gradient indicates the polarity of the cells. All mechanisms are described in detail in Sec. 4.1 in [54].

proven adequate to describe single-cell migration [33,34],
thereby providing a foundation to develop a general theory for
how contact interactions determine cell protrusions, polarity,
and the dynamics of migrating cells.

We define the dynamics of interacting cells by equations of
motion for the positional degrees of freedom together with
a stochastic description of cell polarity. For simplicity, we
consider interaction behavior of cells in one dimension, and
write for cell i

ζnẋn,i = Fn(xn,i, xp,i ) + Gn(�x,U, P,�P), (1)

ζpẋp,i = Fp(xn,i, xp,i ) + Pi(t ) + Gp(�x,U, P,�P), (2)

Ṗi = FP(xp,i, Pi ) + GP(�x,U, P,�P) + σηi(t ). (3)

Here ζn and ζp are friction coefficients effectively capturing
the dissipative dynamics of the nucleus and the protrusion
due to the binding-unbinding dynamics of adhesions with the
substrate [57,58]. Furthermore, the polarity directly drives
the protrusion [59], and the functions Fn, Fp, and FP are
one-body terms describing the single-cell behavior including
a mechanical coupling between nucleus and protrusion, as
well as a response of the cells to their microenvironment
[33] (Appendix B 1). These single-cell terms can be derived

from a microscopic theory of cell migration [13,34,36] and
are constrained by experimental data of single migrating cells
[33] (Appendix B 2). In this model, stochasticity arises in the
polarity dynamics. For simplicity, we model this stochasticity
by Gaussian white noise ηi(t ) with amplitude σ , which is
sufficient to capture single-cell behavior on the dumbbell-
shaped micropattern [33]. Taken together, by including both
protrusion, cell deformation, and polarity in our description
of a migrating cell, we go beyond previous models [8,39] of
the dynamics of the cell as a whole, allowing us to investigate
how contact-interaction mechanisms couple to the protrusion
and polarity.

The central goal of our data-driven theoretical approach
is to determine whether the description in Eqs. (1)–(3) is
adequate for interacting cell behavior and to learn the two-
body terms Gn, Gp, and GP. These terms encode nucleus,
protrusion, and polarity interaction mechanisms and thus may
depend on the distances �x between nucleus and protru-
sion, cell deformation U = xp − xn, polarity P, and polarity
differences �P = Pi − Pj [Fig. 2(b)]. Deriving these terms
rigorously from detailed biophysical and biochemical sig-
naling processes and mechanical couplings between cells is
currently unfeasible due to the large number of possibly in-
volved molecular mechanisms.
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FIG. 3. Studying transient cell collisions on a minimal cell collider. (a) Brightfield microscopy images of (i) MDA-MB-231 cells, (ii)
MDA-MB-436 cells, (iii) HT1080 cells, (iv) A549 cells, and (v) MCF10A cells. Left panels show multicellular tissues, scale bar: 200 µm
throughout. Right panels show time series of brightfield images of two cells colliding repeatedly while hopping between the islands. Scale
bar: 25 µm. (b) Small selection of nucleus trajectories for the five different cell lines. For all panels (i)–(v), horizontal time axis ranges from
0 h to 25 h and vertical position axis ranges from 0 µm to 60 µm. In total, for MDA-MB-231 cells, we consider N = 185, for MDA-MB-436
cells N = 102, for HT1080 cells N = 87, for A549 cells N = 100, and for MCF10A cells N = 251 cell pairs. Refer to Table 2 in [54] for
a full overview of the data. (c) Quantitative western blot analysis of protein expression levels of E-cadherin and N-cadherin in the different
cell lines. We show one blot for each protein with its corresponding loading control (β-actin) (Appendix A 6). Error bars indicate the error
of the mean (s.e.m.) of triplicate measurements. (d) Two migrating MCF10A cells (F-actin stained in green, nucleus in blue) are confined
on a dumbbell-shaped micropattern (white outline), which consists of two islands connected by a bridge. The micropattern is coated with
fibronectin and is surrounded by a nonadhesive PLL-PEG layer. Scale bar: 25 µm.

Here we propose a phenomenological approach to con-
struct possible interactions: In an unbiased way, we determine
possible candidate cell-cell interaction mechanisms arising
from the lowest-order linear couplings of the degrees of
freedom that behave like vectors in arbitrary dimensions,
obeying rotational and translational symmetry [Fig. 2(b);
Appendix B 3]. Specifically, we construct each interaction
mechanism as a single term proportional to one of the nine
possible linear vectorial couplings [Fig. 2(b)], which con-
tributes to either of the three interaction terms Gn, Gp, or GP.
In this way we derive in total 27 phenomenological cell-cell
interaction mechanisms. However, by requiring that interac-
tion mechanisms cannot introduce couplings of the degrees
of freedom of the same cell that are already introduced by
the single-cell terms (Appendix B 3), we further reduce the
set of interactions to 14 candidate mechanisms, providing a
broader class of possible mechanisms than those previously
considered [37].

Each interaction mechanism is characterized by an in-
teraction strength ε, setting the sign and magnitude of the
interaction. In addition, we assume that each interaction de-
cays exponentially with the intercellular distances |�x| on a
characteristic interaction range r. Thus, while the direction
of the interaction mechanism is determined by the linear
vectorial couplings, the spatial structure is nonlinear in the

intercellular distances |�x| to limit the interaction range.
Altogether, these assumptions lead us to a set of interac-
tion mechanisms ranging from couplings of the nuclei and
protrusions via repulsion or attraction to various interactions
affecting cell polarity such as alignment and antialignment
[Figs. 2(c)–2(e)].

Phenomenologically, all 14 candidate cell-cell interaction
mechanisms may contribute to the behavior of interacting
cells. Additionally, distinct cell types may exhibit different
cell-cell interactions, further exacerbating the challenge to re-
veal the cell-cell interaction mechanisms underlying behavior.
Therefore, we require strong quantitative model constraints
from experiments to discover what interaction mechanisms
are relevant to describe interaction behavior across a broad
range of cell types.

B. Cell-cell collision experiments reveal diversity
of interaction behaviors

To detect contact interactions in experiments, we use a
high-throughput assay to study the dynamics of homotypic
pairs of interacting motile cells. Specifically, we employ a
dumbbell-shaped micropattern as a minimal cell collider [8]
[Fig. 3(d); Appendix A]. This geometry effectively confines
cells in one dimension, isolates cell pairs, and generates
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FIG. 4. Quantifying interaction behavior using data-driven inference. (a) Instantaneous velocity cross-correlation CV (|t − t ′| = 0) =
〈v1v2〉same between the two cells when they occupy the same island. Solid bars show experimental results; dotted bars show the prediction
of the inferred underdamped description. For panels (a)–(c), error bars show the error of the mean (s.e.m.) obtained from bootstrapping the
experimental data. (b) Instantaneous position cross-correlation CX (|t − t ′| = 0) = 〈x1x2〉. x = 0 is defined as the center of the dumbbell-shaped
micropattern [Fig. 2(a)]. Consequently, negative values indicate cells being on average separated on the two different islands. (c) Percentages of
the different collision events for the different cell lines. For all cell lines, differences between inferred model and experiment are usually of the
order of the experimental error bars. (d) Inferred cohesion interactions f (�x)�x for the five different cell lines. (e) Inferred friction interactions
γ (�x)�v of the various cell lines. (f) Interaction behavior space spanned by the amplitudes of the inferred cohesion and friction interactions,
f0 and γ0. Colors show the dominant collision event predicted by numerical simulations of Eq. (4) with varying f0 and γ0 (Appendix B 6).
Throughout this figure, results for MCF10A and MDA-MB-231 cells have been obtained from data adapted from [8]. Number of cell pairs
used is given in the caption of Fig. 3.

many cell-cell collision events. To capture a variety of cell-
cell interactions across cell types in parallel, we consider a
range of distinct motile cells from human tissue. We study
the two metastatic breast cancer cell lines MDA-MB-231
and MDA-MB-436, the fibrosarcoma cell line HT-1080, the
nonmetastatic lung cancer cell line A549, and the epithelial
noncancerous breast cell line MCF10A [Fig. 3(a)]. These
cell lines express different levels of adhesion proteins and
exhibit distinct collective behaviors in vitro: MDA-MB-231
cells express neither the cell adhesion molecule E-cadherin
nor N-cadherin [Fig. 3(c)] and do not form confluent mono-
layers. Instead, there are large gaps between individual cells
[Fig. 3(a) (i)][60]. The breast cancer cells MDA-MB-436 and
fibrosarcoma cells express N-cadherin [Fig. 3(c) (ii)] and also
do not form monolayers [Fig. 3(a) (ii), (iii)]. These features
are characteristic of a mesenchymal phenotype [61]. In con-
trast, MCF10A and A549 cells express E-cadherin [Fig. 3(c)
(i)] and form confluent monolayers [Fig. 3(a) (iv), (v)], char-
acteristic of an epithelial phenotype [61].

All tested cell lines are motile on our micropattern and
repeatedly collide with each other [Fig. 3(a); Movie 1 [54]].
However, the collision behavior of cells is variable with
marked differences across the five cell lines. To quantify the
behavior of pairs of colliding cells in our experiments, we use

a low-dimensional representation of these interaction dynam-
ics by tracking the 1D motion of the nucleus of both cells
over time [Fig. 3(b)]. This approach yields a large ensemble of
experimental trajectory data reflecting the cell-level dynamics
of interacting cells.

To characterize the interaction dynamics of distinct cell
types, we use various interaction behavior statistics, com-
puted from the tracked nucleus positions x and numerically
estimated nucleus velocities v [8]. First, we quantify how
cells coordinate their behaviors in close proximity using a
velocity cross-correlation function of two cells occupying the
same island: CV (|t − t ′|) = 〈v1(t )v2(t ′)〉same (Appendix B 4).
The breast cancer and fibrosarcoma cell lines exhibit nega-
tive or very small instantaneous velocity correlations, while
the epithelial cells exhibit positive instantaneous velocity
correlations [Fig. 4(a)]. Furthermore, we determine a po-
sition correlation function CX (|t − t ′|) = 〈x1(t )x2(t ′)〉. All
cell types exhibit negative instantaneous position correlations
[Fig. 4(b)], indicating mutual exclusion behavior. To gain in-
sight into how cells navigate each other on longer timescales,
we analyze cell-cell collisions [8]. We detect sliding events
(two cells interchange positions), reversal events (at least
one cell retracts), and following events (both cells transition
simultaneously) (Appendix B 4). The two breast cancer cell
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lines mostly exhibit sliding behavior, while the epithelial and
fibrosarcoma cells mostly exhibit reversal behavior [solid bars
in Fig. 4(c)]. Altogether, these results show different dominant
interaction behaviors across our cell types with marked differ-
ences between epithelial and cancer cell lines.

C. Data-driven inference additionally constrains
cell-cell interactions

In addition to the long-time scale interaction behavior of
colliding cells, we can constrain our theory for contact in-
teractions on the detailed short-time scale dynamics of the
nucleus, which are readily obtained from our experiments [8].
In this way we capitalize on the information contained in the
experimental trajectory data over a broad range of timescales.
Importantly, the order of the differential equation used to
describe the dynamics of interacting cells depends on which
degrees of freedom are explicitly included. In contrast to the
general overdamped (first-order) model for the coupled dy-
namics of the nucleus, protrusion, and polarity in Eqs. (1)–(3),
a more coarse-grained dynamical description where only the
nucleus position xi and velocity vi appear explicitly as dy-
namical degrees of freedom are underdamped (second-order)
[49,55,62]. Because a mapping between the overdamped
and underdamped descriptions exists by rewriting multiple
coupled first-order equations in terms of a higher-order equa-
tion (Appendix C 1), we can make progress in constraining
our theory of contact interactions by studying the experimen-
tally more accessible underdamped nucleus dynamics.

To capture the motion of the cell nuclei of interacting cells,
we assume coupled differential equations of the form [8]

dvi

dt
= F (xi, vi ) + f (�x)�x + γ (�x)�v + σηi(t ). (4)

Here F (xi, vi ) describes single-cell behavior within the con-
fining geometry, and σηi(t ) represents a Gaussian white noise
with amplitude σ . Of particular importance here are the cohe-
sion interaction term f (�x)�x and friction interaction term
γ (�x)�v, which capture how the cell nuclei deterministically
accelerate depending on the cells’ relative separation �x and
velocity �v. The functions f (�x) and γ (�x) encode the sign
and spatial structure of the interaction terms and are not a
priori specified, and f (�x) > 0 implies effective repulsion,
while negative values indicate effective attraction. In contrast,
γ (�x) < 0 indicates effective cell-cell friction, while positive
values indicate effective antifriction. The latter case describes
cells accelerating to increase their relative velocity in contrast
to slowing down as expected from friction interactions.

To infer the underdamped interaction terms f (�x)�x and
γ (�x)�v directly from our experimental data, we employ a
stochastic inference framework called underdamped Langevin
inference (ULI) [50] (Appendix B 5). In fact, our overdamped
interaction mechanisms can be mapped onto these under-
damped nucleus interaction terms by the aforementioned
mapping between overdamped and underdamped descriptions
(Appendix C 1). Thus, learning the underdamped interaction
terms f (�x)�x and γ (�x)�v partially constrains the over-
damped interaction terms Gn, Gp, GP.

Interestingly, we infer qualitatively similar single-cell
terms, F (xi, vi ), across our cell types (Fig. 3 in [54]). By

contrast, inferred interaction terms vary strongly: The nu-
clei of breast cancer cells exhibit short-range attraction and
pronounced antifriction dynamics [8] [Figs. 4(d) and 4(e)].
The nuclei of fibrosarcoma cells show repulsive dynamics,
but exhibit no detectable friction interaction terms. For the
epithelial cell lines, we find repulsion and friction nucleus
dynamics. For all cell lines, the learned equations of motion
accurately predict long-time scale behavior statistics [dotted
bars in Figs. 4(a)–4(c) and Fig. 6 in [54]].

To visualize the inferred dynamics, we plot the inferred
amplitudes f0 and γ0 of the cohesion and friction interaction
terms of the various cells [Fig. 4(f)]. These amplitudes are
defined via low-dimensional approximations of the full un-
derdamped interaction terms in Figs. 4(d) and 4(e): f (�x) ∼
f0e−|�x|/r and γ (�x) ∼ γ0e−|�x|/r inferred from the experi-
mental trajectory data (Appendix B 6). The five different cell
lines occupy different regions in this interaction behavior
space (IBS) with an apparent correlation between inferred ef-
fective cohesion and friction interaction terms for the various
cell types. Together, this inference procedure reveals a variety
of different dynamics ranging from attraction and antifriction
of breast cancer cells to repulsion and friction of epithelial
cells. This brings us to our key question: How do the diverse
dynamics of pairs of motile cells relate to the candidate inter-
action mechanisms in our overdamped model [Eqs. (1)–(3)]?

D. Connecting cell-cell interaction mechanisms
to whole cell-level dynamics

To address this question, we analyze the underdamped nu-
cleus dynamics of colliding cells emerging from our nucleus,
protrusion, and polarity interaction mechanisms in our over-
damped model. In other words we will numerically perform
the aforementioned mapping of the overdamped interaction
mechanisms onto the underdamped interactions visualized in
the IBS [Fig. 4(f)]. To this end, we numerically simulate
cell trajectories using our overdamped model [Fig. 5(a)] and
infer the underdamped effective interactions arising from each
individual candidate interaction mechanism. Specifically, fix-
ing the interaction range r, varying the amplitude ε of each
interaction mechanism, and employing our inference proce-
dure yields a numerically calculated mapping f0(ε) and γ0(ε),
which we depict in the IBS [Fig. 5(b)].

Intuitively, varying the nucleus coupling strength εNC

and thus tuning between nucleus attraction and repulsion
corresponds mainly to varying the underdamped cohesion
parameter f0 [red curve in Fig. 5(b)]. By contrast, inter-
actions between cell protrusions and polarities give rise to
more complicated underdamped dynamics, including fric-
tion or antifriction [gray curves in Fig. 5(b)]. Interestingly,
polarity-polarity coupling (PPC) can qualitatively predict
the experimentally observed correlations between inferred
cohesion and friction interactions when tuning between an-
tialignment (εPPC < 0) and alignment (εPPC > 0) [blue curve
in Fig. 5(b)]. Furthermore, with PPC, we can capture a switch
from anticorrelated sliding to correlated reversal behavior
when tuning the interaction strength [Figs. 5(c) and 5(e)
and Figs. 9(c) and 9(e); Movie 5 in [54]], as experimentally
observed [Figs. 4(a) and 4(c)]. These results show that infer-
ring the underdamped nucleus dynamics can provide strong
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FIG. 5. Visualization of underdamped dynamics of cell-cell interaction mechanisms. (a) Nucleus and protrusion trajectories obtained from
simulating our model for contact interactions [Eqs. (1)–(3)] with polarity-polarity coupling interactions for two values of the interaction
strength εPPC. (b) Colored and gray lines show a mapping [ f0(ε), γ0(ε)] predicted by the 14 candidate cell-cell interactions while varying
the associated interaction strength ε and fixing the interaction range to a value of r = 15 µm. The choice of r does not greatly affect these
curves (Fig. 11 in [54]). We highlight four different candidate models by colored lines and refer to Fig. 10 in [54] for a complete overview
of the mappings of all candidate interactions. Little arrowheads are located at ε < 0 and show the direction in which we increase ε. For all
curves, ε ≈ 0 is located at the coordinate center of the IBS. Note that these curves are not used in the overdamped inference procedure but
only visualize the different dynamics of different interaction mechanisms. Black curve shows the model prediction of PPC + PPrC that best
fits the experimental data of the five different cell lines. Shaded black region around that curve indicates the spread of the model result for 20
best parameter combinations (Appendix B 8). Red symbols indicate experimental result. Error bars show the bootstrapped error of the mean
of the inferred cohesion and friction coefficients. Number of cell pairs used to obtain these points is given in the caption of Fig. 2. (c)–(e)
Behavior statistics predicted by our mechanistic model with the candidate cell-cell interaction PPC. Panel (c) shows the instantaneous velocity
correlations, panel (d) shows instantaneous position cross-correlation between the two cells, and panel (e) shows the collision statistics. Curves
in panels (b)–(e) are slightly smoothed by fitting splines.

quantitative constraints on our phenomenological nucleus,
protrusion, and polarity interaction mechanisms. However,
in general, this simple low-dimensional description does not
uniquely map back onto the overdamped cell-interaction
mechanisms. Thus, to fully constrain the interaction mecha-
nisms, we need to take both the detailed underdamped nucleus
dynamics [Figs. 4(d) and 4(e)] and the full behavior statistics
[Figs. 4(a)–4(c)] into account.

E. Polarity-polarity coupling tunes between
the behavior of various cell types

To quantitatively detect and determine cell-cell interaction
mechanisms, we next conduct statistical inference of our com-
plete overdamped phenomenological model [Eqs. (1)–(3)].
The main idea of this inference procedure is to learn which
interaction mechanism best captures the experimental under-
damped interaction terms [Eq. (4); Figs. 4(d) and 4(e)] and the
various long-time scale interaction behavior statistics of each
cell type [Figs. 4(a)–4(c)]. To quantify how well each interac-
tion mechanism captures the experimental data, we perform
a fit. In this fit, we vary the interaction strength ε and range
r of the individual interaction mechanisms, summarizing the
set of parameters as 	. The goal of the fit is to quantify and
minimize the difference between the inferred underdamped
interactions, as well as between the nucleus velocity corre-
lations and collision statistics of model and experiment using
an R2 value (Appendix B 7). Afterwards, we validate this fit

by predicting the position correlation function not used in
the fit (Appendix C 4). Finally, we select the best-performing
interaction mechanisms based on their fit performance and
their predictive power.

Initially, we take a minimal approach and allow only a
single possible interaction mechanism. Furthermore, we first
consider an individual fit, allowing the interaction mechanism
and all parameters to vary between cell types. This inference
procedure shows that we can confidently rule out many inter-
action mechanisms for all cell types [Fig. 6(a)]. Further, we
find that epithelial and breast cancer cells are best captured
by mechanisms like PPC, PUC, PC, or PrUC that allow either
antialignment or alignment between the polarities or deforma-
tion vectors of the cells [Figs. 2(d) and 2(e)]. Fibrosarcoma
(HT1080) cells are best described by mechanisms that couple
either the polarity or the protrusion to the position of the other
cell, reminiscent of CIL [Fig. 6(a)].

Next, we consider a global fit, where we use the same
interaction mechanism for all cell types, allowing only the
interaction strength ε to vary (Appendix B 7). Interestingly,
the global fit reveals that both PPC and PUC best capture the
dynamics of all cell types, while only varying their coupling
strength ε between cells [Fig. 6(b); Figs. 17 and 18 in [54]].
However, both PPC and PUC alone do not quantitatively
reproduce the mutual exclusion behavior, the percentage of
following events, and the effective repulsion interactions of
epithelial and breast cancer cells [Figs. 5(b), 5(d), and 5(e);
Figs. 17 and 18 in [54]].
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FIG. 6. Overdamped statistical inference of interaction mechanisms from experimental data. (a) Maximum fit performance as quantified
by the maximum coefficient of determination (COD) R̂2

k for each interaction mechanism and each cell type (index k) at the best parameter
combination 	̂ (Appendix B 7). R2

k is equal to 1 when the model perfectly fits the data and can be negative, indicating bad model performance
[Eq. (B10)]. The shown R2

k is an average over the R2 values of the differences between model and experiment calculated for the inferred
underdamped interactions, the velocity correlation function and the collision statistics, and is then maximized in the fit. After this fit, we
predict the position correlation function in panel (c) to validate the fit. Gold, silver, and bronze stars indicate the three best-fitting interaction
mechanisms for each cell type. We show multiple combinations of PPC and PUC with mechanisms that well fit the fibrosarcoma HT1080 cells.
(b) Maximum fit performance R̂2 of the global fit (Appendix B 7). The three models giving the highest R̂2 for all cell types are highlighted
in gold, silver, and bronze. (c) Quantification of the goodness of the prediction of the position correlation function of all models. We take the
best-fitting parameter combination 	̂ for each candidate interaction and average R2 of the position correlation over all cell types to obtain
〈R2

x,k (	̂)〉k . Again the best performing models are marked with gold, silver, and bronze. (d) Inferred underdamped cohesion and friction
interactions for both experiment (black) and best-fitting model (red) for all the various cell lines. Model result is obtained from the best-fitting
candidate interaction PPC + PPrC. Thin red lines indicate model results for the 20 best-fitting parameter combinations. (e)–(g) Comparison
of behavior statistics between experiment (symbols) and model (curves). Experimental results are plotted at the best-fitting coupling strength
εPPC for each cell type to facilitate comparison between model and experiment. Panels (e) and (f) show the instantaneous velocity and position
correlations, respectively. Panel (g) shows percentages of sliding (blue), reversal (red), and following (green) events. Curves in panels (e) and
(g) are fits; the gray curve in panel (f) is a prediction as quantified by the gold bar in panel (c). Number of experimental cell pairs used in the
fitting procedure is given in the caption of Fig. 3.

To fully capture the dynamics of epithelial and breast
cancer cells, additional interaction mechanisms are required.
Indeed, combining PPC and PUC with mechanisms that cou-
ple the polarity or protrusion to the position of the other
cell provides an improved individual and global fit to these
cells. From these combinations, PPC and PUC both together
with PPrC best capture the experimental interaction behavior
across cells [Fig. 6(a)]. However, PPC together with PPrC
better captures both the underdamped interactions and the ex-
perimental behavior statistics of all cell types [Figs. 6(d)–6(g)
and Fig. 10; Movie 6 in [54]]. In particular, PPC + PPrC best
predicts the position correlation function, which we have not
used in the fit [Fig. 6(c), and Fig. 12]. PPrC with εPPrC > 0
adds an additional repulsive component to the dynamics, in-
duces mutual exclusion behavior, and suppresses following
behavior [Fig. 13 in [54]]. Remarkably, the combined fit of
PPC and PPrC is successful even if we allow only the strength
of the polarity coupling εPPC to vary between different cell
types [Fig. 6(b), and Fig. 9].

Taken together, we find that the two breast cancer cell
lines exhibit antialignment with εPPC < 0. By contrast, the
fibrosarcoma cell line exhibits very weak alignment interac-
tions and its dynamics are dominated by PPrC. Finally, the

epithelial cells exhibit alignment interactions with εPPC > 0,
yielding correlated velocities and dominant reversal behavior
(Fig. 12 in [54]). These results do not depend sensitively on
the details of the overdamped statistical inference procedure
(Fig. 16 in [54]), on the single-cell behavior (Fig. 11), or
the chosen dumbbell-shaped geometry (Fig. 13). Furthermore,
considering examples of different pairs of interactions
[Fig. 6(a)] or more than two (Fig. 19 in [54]) does not provide
a better description of the dynamics of these cell lines. Taken
together, PPC and PPrC enable cells to adapt their polarity
relative to both polarity and position of the other cell, provid-
ing a large range of possible behavioral responses to cell-cell
collisions. Thus, with these interaction mechanisms, we can
quantitatively capture a wide variety of interaction behaviors
across a broad range of distinct cell types.

F. Modeling molecular perturbations
of cell-cell interaction pathways

We hypothesize that the varying polarity-polarity cou-
pling strength across our cell types originates in different
molecular expression profiles of several relevant proteins
[Fig. 3(c)]. To test this, we disrupt specific cell-cell interaction
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FIG. 7. Capturing molecular perturbations with interaction mechanisms. (a), (b) Fluorescence images of E-cadherin expression (a) and
ephrin A1 expression (b) in MCF10A cells. (c) E-cadherin expression in transfected MDA-MB-231 cells while confined on the dumbbell-
shaped micropattern. Nuclei stained in blue and scale bar for all panels (a)–(c): 20 µm. (d), (g) Instantaneous velocity cross-correlation
between two cells when they occupy the same island. Throughout, the solid lines indicates our model result obtained from simulating the
phenomenological model with PPC and PPrC varying only εPPC but using the parameters obtained from the global fit to the various cell lines
as shown in Fig. 6. Symbols show experimental results of the various perturbed cell lines plotted at the best-fitting interaction strength εPPC.
(e), (h) Percentages of the three different collision events for the five different cell lines. Again, symbols show experimental results and solid
line shows model result. (f) Interaction behavior space shows the change of the dynamics of the MCF10A and MDA-MB-231 cell lines due to
various molecular perturbations. Solid black curve indicates model result from the best global fit of the experimental dynamics of the various
cell lines as presented in Fig. 5(c). In total, for wild-type MDA-MB-231 cells, we consider N = 185, for MDA-MB-231 + Ecad cells, N = 63,
for MCF10A-Ecad cells N = 89, for MCF10A-ephrin A1 cells N = 103, for MCF10A TGFβ cells N = 101, and for wild-type MCF10A cells
N = 251 cell pairs.

pathways through molecular perturbations, which we would
then expect to tune the polarity-polarity coupling strength.
Specifically, we use antibodies to block E-cadherin bonds that
are established upon contact between two epithelial MCF10A
cells [Fig. 7(a)]. These bonds are known to be adhesive and
are crucial for collective cell migration of epithelial tissues
[17]. In addition, we consider perturbations of Eph-ephrin
interactions, which directly regulate cell polarity through up-
or downregulation of polarity cues such as Cdc42 or RhoA
[29]. Epithelial MCF10A cells express the ligand ephrinA1
[Fig. 7(b)], which we block using antibodies. Furthermore, we
investigate the behavioral shift in MCF10A cells undergoing
an epithelial-mesenchymal transition (EMT). This transition
changes the coordinated interaction behavior of epithelial
cells to that of more individually migrating cells [16,31,63].
Finally, we induce E-Cadherin in the breast cancer cell line
MDA-MB-231 via mRNA transfection [Fig. 7(c); Secs. 2.4
and 3.2 in [54]]. Importantly, all perturbations do not greatly
affect single-cell behavior (Fig. 4 in [54]), and the resulting
interaction dynamics are insensitive to the used transfection
protocol (Fig. 5 in [54]).

In all these perturbation experiments (Movies 3 and 4
in [54]), we can capture the changing interaction dynamics
with our phenomenological model and the combination of
polarity-polarity coupling and polarity-protrusion repulsion.

Specifically, we observe that blocking of E-cadherin and
Eph-ephrin pathways, as well as EMT in epithelial MCF10A
cells, reduces the polarity-polarity coupling strength εPPC,
thereby inhibiting polarity alignment interactions between
MCF10A cells. Consequently, these perturbations reduce pos-
itive velocity correlations [Fig. 7(d)], the number of reversal
events observed in MCF10A cells [Fig. 7(e)], and the am-
plitudes of the inferred underdamped cohesion and friction
interactions [Fig. 7(f)]. Similarly, our model captures the
changing dynamics upon transfecting MDA-MB-231 breast
cancer cells with E-cadherin by a reduction of polarity-
polarity coupling [Fig. 7(f)], indicating that E-cadherin
can inhibit anti-alignment interactions in these cells. The
E-cadherin transfected cells no longer exhibit significant
velocity correlations [Fig. 7(g)] and fewer sliding events
[Fig. 7(h)]. Taken together, our overdamped model Eqs. (1)–
(3) captures the changing dynamics of cell-cell interactions
upon molecular perturbations of the underlying interaction
pathways by tuning the strength of the polarity-polarity cou-
pling mechanism.

III. DISCUSSION

Our data-driven theoretical approach reveals that from a set
of 14 phenomenologically possible interaction mechanisms
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only polarity-polarity coupling (PPC) and polarity-protrusion
coupling (PPrC) dominate, suggesting that these mechanisms
are conserved mechanisms underlying contact interactions
of a broad range of cell types. This insight provides a step
towards extending the successful generalization of the bio-
physical principles of single-cell migration [14,33–36] to
interacting cells. We speculate that evolution has selected
from the many possibilities couplings of cell polarity dynam-
ics to both the position and polarity of other cells as versatile,
effective, and sufficient interaction modes for a cell to sense
the location and the motility of other cells.

With our approach, we identify several interaction modes
underlying the collision behavior of mesenchymal and epithe-
lial cells. First, we identify antialignment interactions between
cell polarity as a novel interaction mode, which promotes slid-
ing behavior of breast cancer cells. This interaction appears
to be reminiscent of contact enhancement of locomotion [23]
and has been associated with doublet rotations of MDCK cells
[37,64]. We show that activating expression of E-cadherin
in breast cancer cells inhibits antialignment in cancerous
MDA-MB-231 cells, which may be interpreted as a partial
reversion of their mesenchymal phenotype [65]. However,
further experimental work is needed to uncover the underlying
biomolecular interaction mechanisms.

Second, we find polarity alignment, which promotes cor-
related reversal behavior of epithelial cells. This interaction
mode may be effectively capturing mechanisms of epithelial
tissue migration [17,40,66–68], where so-called E-cadherin
fingers have been associated with signaling the state of po-
larity to other cells [11]. Polar order between neighbors could
arise from such signaling or may be a consequence of cou-
plings of mechanical stress to cell polarity [17,66,69]. Such
mechanotransduction [70] has been observed in epithelial
cells [71,72] and blocking the function of the key epithelial
cell-cell adhesion molecule E-cadherin [30,63,73] reveals that
mechanical coupling between cells is indeed critical to estab-
lish polarity alignment.

Finally, we find PPrC, which causes polarities to grow
away from the other cell, similar to contact inhibition of
locomotion [9,27]. We show that this interaction mode is
essential for capturing the mutual exclusion behavior of all
our cells, which also exhibit similar levels of this interaction.
This observation may be related to CIL being observed in a
wide range of different cell types [18,28,44,63].

Polarity-polarity coupling has been invoked in phe-
nomenological models for active matter [74] and captures the
tissue-scale flocking behavior of epithelial MDCK cells on 1D
tracks [40,48,68]. We showed in an unbiased way that such
polarity interactions accurately capture the collision dynamics
of epithelial and breast cancer cells on a two-cell level. In fact,
in Appendix C 6, we demonstrate that our model for contact
interactions constrained on data from pairs of colliding cells
can be readily generalized to an unconstrained 2D collec-
tive setting: Polarity-polarity coupling in combination with
polarity-protrusion coupling with similar parameters as those
learned from two colliding cells can qualitatively capture the
ordered collective front migration behavior of epithelial cells
[Figs. 14(e) and 14(f)], as observed in experiments [60]. We
qualitatively capture that cell speeds are highest at the leading
edge of the spreading epithelial monolayer [Fig. 14(h)], as

measured in experiments [39]. With small adjustments to the
parameters, necessary possibly due to different experimental
conditions, we even quantitatively capture the distribution of
velocities of collectively moving epithelial cells [Figs. 14(e),
14(f), and 14(h)]. These results indicate that although model
parameters may vary between experiments, cell-cell inter-
actions learned from transient pairwise collisions can be
generalized to collective settings and thus may underlie col-
lective cell migration in small migrating epithelial cell clusters
[40–42,48], 2D epithelial tissues [3,66,75,76], or collective
rotations of 3D organoids [77].

In contrast to the ordered collective behavior of epithelial
cells, the loss of polar order is associated with cancer progres-
sion and cancer cells exhibit nonaligned disordered motion
in 2D sheets [32,60]. In Appendix C 6, we show that the
absence of large-scale order in collective front migration ex-
periments with breast cancer cells [60] can be captured by the
combination of polarity antialignment and polarity-protrusion
coupling, which we infer from the two-cell collision dynamics
of these cells [Figs. 14(d) and 14(f)]. These results indicate
that polarity antialignment could potentially lead to disor-
dered cell spreading [23] or fluid-like disordered collective
behavior [78–80]. Taken together, our phenomenological the-
ory could give insight into how contact interactions at the
cellular level control collective cell migration of epithelial and
mesenchymal cells.
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APPENDIX A: EXPERIMENTAL METHODS

1. Micropatterning and sample preparation

For the cell collision experiments, we employ a micropat-
tern structure with a dumbbell-shaped design with two 35 ×
35 µm squares connected by a 40 × 7 µm bridge [8]. For mi-
cropatterning, we employ a photopatterning technique using
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the PRIMO module (Alvéole). For background passivation
of the μ-dish (ibidi), a drop of 0.01% (w/v) PLL (Sigma-
Aldrich) is added and incubated for 30 min. Afterwards, the
sample is rinsed with HEPES buffer (Sigma-Aldrich) and
100 mg/ml PEG-SVA (LaysanBio) is incubated for 1 h at
room temperature. The passivated dish is photopatterned by
employing the PRIMO module mounted on an automated
inverted microscope (Nikon Ti Eclipse). The photoinitiator
PLPP (Alvéole) is added to the dish. The dumbbell-shaped
pattern was placed on top of the dish via the Leonardo
software (Alvéole) and illuminated with UV light with a
dose of 15 mJ/mm2. The dish is washed with milliQ wa-
ter and rehydrated with PBS for 5 min followed by an
incubation with 20 µg/ml of labeled Fibronectin-Alexa647
(YO-protein, ThermoFisher) for 15 min at room temperature.
For the antibody-blocking experiment fibronectin micropat-
terns are made by microplasma-initiated protein patterning as
described in [55].

2. Cell culture

In this study we analyzed the behavior of the cell
lines MDA-MB-231, MDA-MB436, HT-1080, A549, and
MCF10A. The individual culture condition are shown in
Table 1 in [54]. Cells are grown at 37 ◦C in an atmosphere
containing 5% CO2. For passaging, cells are being washed
and treated with accutase for 5 min. The cell solution is cen-
trifuged at 800 r.c.f. for 3 min, and the cells are resuspended
in medium. Approximately 10 000 cells are added into the
micropatterned μ-dish and left to adhere for up to 4 h in
the incubator. After this incubation period, the medium is
exchanged for phenol-red-free medium, and 25 nmol Hoechst
33342 (Invitrogen) is added to stain the nuclei when needed.

3. Inhibitors and antibody blocking

In order to block the function of E-cadherin or ephrin-
A1, blocking antibody CD324 (functional grade, Invitrogen)
or anti-ephrin-A1 antibody (Invitrogen, ThermoFisher) was
added to the dish after cells adhered to the pattern at a
concentration of 5 µg/ml and 1 µg/ml, respectively. After an
incubation period of 1 h, time-lapse measurements were
started. EMT was induced by 10 ng/ml treatment with TGFβ

(ThermoFisher) for up to 7 days.

4. Transfection

Prior to the transfection, cells were seeded in an μ-dish
(ibidi) without patterning. At 90% confluency the cells were
transfected with LipofectamineTM 2000 (Invitrogen, Ger-
many) complexes containing E-cadherin mRNA (Sec. 2.4
in [54]). First, 2 µl Lipofectamine 2000 reagent is mixed
with 398 µl OptiMEM (Invitrogen, Germany) and incubated
for 5 min at room temperature. Simultaneously, 2 µl mRNA
(173 ng/µl) is diluted in 198 µl OptiMEM. The mRNA mix
is added onto 200 µl of the Lipofectamine 2000 dilution and
incubated for 20 min at room temperature. Cells are washed
once with OptiMEM, and then the lipoplexes are added to the
dish. After 1 h, cells are washed again and reincubated with
normal medium. For control experiments, lipoplexes were
created with either GFP-mRNA or substituted with milliQ

water at the same ratio. For more details see Sec. 2.4 in
[54]. Note that we consider the control experiments with only
GFP transfection and show that our results do not depend
sensitively on the transfection protocol (Fig. 5 in [54]).

5. Microscopy and cell tracking

All measurements are performed in time-lapse mode for
48 h on a Nikon Eclipse Ti microscope or on a Nikon Eclipse
Ti2 microscope using a 10× objective. The samples are kept
in a heated chamber (Okolab) at 37 ◦C at 5% CO2 throughout
the measurements. Every 10 min a bright-field image and a
fluorescence image of the stained nuclei are acquired. Cell
tracking of the Nuclei is performed using TrackPy. Track
length varied between 8 h and 48 h. For more details see
Sec. 2.3 in [54]. To track MCF10A cells on the unconfined
2D pattern (Sec. 2.5 in [54]), we use LIM tracker [81].

6. Western blots

Cells were harvested and lysed in RIPA lysis buffer sup-
plemented with 1M PMSF and a protease inhibitor cocktail
(ThermoFisher). Lysates were centrifuged at 14 000 g for
20min at 4 ◦C. Supernatant was transferred and stored at
−80 ◦C. Protein concentration were determined by Bradford
assay, and an equal amount of protein was loaded onto the
precast SDS-gel (BioRad). Proteins were separated by gel
electrophoresis. The transfer was performed on Immuno-
Blot polyvinylidene difluoride (PVDF) membranes (BioRad)
with the Transblot turbo transfer system (BioRad) for 7 min.
After blocking for 1 h with 5% nonfat dried milk (Ther-
moFisher) in PBS 0.1% Tween 20 (Roth) the membranes were
probed with primary antibodies mouse anti-ECAD (Ther-
moFisher) (1:1000) and rabbit anti-NCAD (ThermoFisher)
(1:2000) overnight at 4 ◦C. Secondary antibodies HRP-anti-
mouse IgG (1:10 000) and HRP-anti-rabbit IgG (1:10 000)
were incubated on the membrane for 1 h at room tempera-
ture. Development was performed using Pierce western ECL
substrate (ThermoFisher) and the ChemiDoc Imaging System
(BioRad). The intensity of the band was quantified via densit-
ometry using ImageJ, and the protein amount was normalized
to a β-actin loading control on the same membrane.

7. Immunohistochemistry

The cells were fixed after the experiment with 4% PFA for
10 min. Cells were washed three times with PBS. Afterwards
the cells were permeabilized for 5 min in 0.1% Triton-X-
100 solution (Sigma) and blocked for 1 h in cold 4% BSA
(ThermoFisher). The cells were rinsed once with cold 1%
BSA. The excess liquid was removed, and the cells were
subjected to primary antibodies mouse anti-ECAD (Ther-
moFisher) (1:100) and rabbit anti-ephrinA1 (ThermoFisher)
(1:100) diluted in 1% BSA overnight at 4 ◦C. Three washes
with 1% BSA were carried out before the adding of
the secondary antibody AlexaFluor 488 goat antimouse
(ThermoFisher) (1:1000) or Alexa 647 goat antirabbit (Ther-
moFisher) (1:1000) for 1 h in the dark. The solution was then
removed and washed three times with PBS. F-actin staining
was done with rhodamine-phalloidin (ThermoFisher, 1:1000).
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Cells were imaged on a Confocal LSM980 microscope using
the airy scan mode with a 40× water immersion objective.

APPENDIX B: THEORETICAL METHODS

1. Model development

Based on previous work [38,39,46,82,83], we employ a
generalized active particle model to describe pairs of interact-
ing cells. This model aims to describe the large scale cell-level
dynamics in terms of three minimal key degrees of freedom.
First, we describe the nucleus, marking the COM of the cells.
Second, we include the position of the leading protrusion,
allowing us to capture the dynamic and elongated shape of
cells. Third, we capture cell polarity as an internal stochastic
degree of freedom, providing the active pushing force onto
the leading protrusion. To this end, we generalize a previously
employed mechanistic model for single migrating cells in
confinement [33]:

ζnẋn,i = − k

γ (xn,i )
(xn,i − xp,i ) + Gn(�x,U, P,�P), (B1)

ζpẋp,i = k(xn,i − xp,i ) + Pi(t ) + Gp(�x,U, P,�P)

+ Fboundary(xp,i ), (B2)

Ṗi = −α(xp,i )Pi − βP3
i + GP(�x,U, P,�P) + σηi(t ).

(B3)

The first terms on the right-hand side of Eqs. (B1) and (B2)
are defined as Fn and Fp in Eqs. (1) and (2). These single-cell
terms describe how the nucleus and the protrusion of the same
cell are coupled by a linear spring. Furthermore, γ (xn,i ) is a di-
mensionless rescaling factor of the friction coefficient ζn that
depends on the position of the cell nucleus with a minimum
when the cell nucleus is on the bridge [Fig. 8(a)]. This models
the reduced adhesive area accessible to the cell on the bridge.
These two features have been shown to faithfully capture
confined cell migration on our dumbbell-shaped micropattern
[33]. In agreement with previous work [33], we choose

γ (xn,i ) = 1 − γmin

2

[
1 − cos

(
xn,iπ

Lsystem

)]
+ γmin, (B4)

where Lsystem is half of the size of the dumbbell-shaped mi-
cropattern and γmin is the minimum rescaling factor reached
while the nucleus is on the bridge [Fig. 8(a)]. The cell’s
protrusion is confined on the micropattern by a boundary force
Fboundary(xp,i ), which represents a soft repulsive force at the
boundaries of the micropattern. In this model, the polarity
of the cell is guided by the geometry of the micropattern
[33,34]. Specifically, the first terms on the right-hand side
of Eq. (B3) is defined as FP in Eq. (3). It describes that the
polarity switches from a negative feedback loop on the island
to a positive feedback loop on the bridge of the micropattern,
causing the polarity to grow into the bridge as cells transitions
between the islands [33]. This is implemented by the function
α(xp,i ), which switches sign dependent on xp,i:

α(xp,i ) = −α0 − αmin

2
cos

(
xp,iπ

Lsys

)
+ αmin + α0

2
, (B5)

where α(xp,i ) = α0 on the island and α(xp,i ) = αmin < 0
on the bridge [Fig. 8(b)]. The higher order term −βP3

i

FIG. 8. Model details (a) Rescaling factor γ (xn ) used in the
model. Vertical dashed lines indicate the boundary of the two islands
and the bridge of the dumbbell-shaped micropattern. (b) Geometry-
dependent growth rate of the polarity α(xp). (c)–(e) Schematic of all
couplings between the nucleus of cell i and cell j (c), between the
protrusion of cell i and cell j (d), and between the polarity of cell i
and DOFs of cell j (e). With gold color we highlight the degree of
freedom of cell 1 that gets coupled to the other cell.

prevents unbound growth of the polarity and gives rise to a
preferred polarity when α(xp,i ) is negative. The interaction
terms Gn, Gp, and GP encode phenomenological interaction
mechanisms, which we derive in an unbiased way. The term
σηi(t ) encodes uncorrelated Gaussian white noise, modeling
the inherent stochasticity of cell polarity and cell migration.
For details of the numerical implementation refer to Sec. 4.2
in [54].

2. Single-cell parameters

Throughout, we make use of a set of parameters (σ =
100 µm h− 1

2 , kn = k/ζn = 0.6 h−1, kp = k/ζp = 1.2 h−1, β =
0.0001 µm−2 h, α0 = 10 h−1, αmin = −6 h−1, γmin ≈ 0.25,
Lsystem = 52.5 µm) which has been constrained for MDA-
MB-231 cells using a data-driven inference approach and best
describes the detailed dynamics of the hopping behavior of
single MDA-MB-231 cells on the dumbbell-shaped micropat-
tern used here [33]. In Appendix C 3 we describe how these
parameters vary across cell types and investigate the role of
single-cell aspects on the interaction dynamics of cells.

3. Phenomenological derivation of interaction mechanisms

To construct phenomenological interaction mechanisms,
we first assume that our model obeys rotational and trans-
lational symmetry. Thus, cell-cell interactions in our model
can not depend on the absolute position of cells and can
depend only on quantities in our model that behave as vectors
in arbitrary dimensions. These quantities are the intercellular
distances �xn = xn,i − xn, j , �xnp = xn,i − xp, j , �xp = xp,i −
xp, j , �xpn = xp,i − xn, j , the two deformation vectors of the
cells Ui = xp,i − xn,i, Uj = xp, j − xn, j , and the polarities Pi,
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Pj [Fig. 2(b)]. We further consider differences between these
vectorial quantities only if the vectorial quantities themselves
are not already differences of the degrees of freedom. This
adds the potentially biophysically relevant polarity differ-
ence �P = Pi − Pj . Further, we employ a minimal approach
and propose that interaction terms are linear in the vectorial
quantities and impose a characteristic interaction range by as-
suming that interactions exponentially decay on a length scale
r. Thus, we can use the following functional dependencies to
construct interaction mechanisms:

εe−|�x|/r�x, (B6)

εe−|�x|/rU, (B7)

εe−|�x|/rP, (B8)

εe−|�x|/r�P. (B9)

Here ε is the interaction strength in our phenomenological
model and �x is either �xn, �xnp, �xp or �xpn. Also P and
U are either equal to Pi or Pj and Ui or Uj , respectively. To
construct interaction mechanisms and encode them in Gn, Gp,
and GP, we need to specify the allowed couplings and thus
the allowed dependencies of the interaction terms. We assume
that interactions acting on the positional degrees of freedom
(Gn, Gp) do not introduce additional couplings between the
degrees of freedom of the same cells that are not already
introduced by the single-cell terms. In practice, this means
that Gn can depend only on �xn, �xnp, Uj , or Pj (and not
on the vectorial quantities that involve the protrusion position
or polarity of cell i). Thus, we couple the nucleus of cell i
to the nucleus, protrusion, deformation, and polarity of cell j
[Fig. 8(c)]. Likewise, Gp depends only on �xp, �xpn, Uj , or
Pj coupling the protrusion of cell i to the nucleus, protrusion,
deformation, and polarity of cell j [Fig. 8(d)]. For the polarity
couplings encoded in GP we do not make assumption (iv).
This is because the polarity is an internal degree of freedom.
Thus, in order to fulfill the assumption that interactions decay
in space, we have to allow GP to depend on the relative
position of cells even though this makes GP dependent on
the DOFs of cell i. This means that GP may depend on �xp

or �xpn, Uj , Pi, Pj , �P, coupling the polarity of cell i to
the nucleus, protrusion, deformation, and polarity of cell j as
well as to its own polarity [Fig. 8(e)]. These assumptions give
rise to 14 different interaction mechanisms, which we show
in (Fig. 2) and describe in detail in Sec. 4.1 in [54]. Note that
for each candidate mechanism, we consider only one of the
three interaction terms Gn, Gp, GP to be nonzero. Only when
combining the mechanisms can two of the terms be nonzero.

4. Behavior statistics

To quantify interaction behavior of pairs of motile cells,
we compute several behavior statistics introduced in the lit-
erature [8]. First, we find the correlation functions CV (|t −
t ′|) = 〈v1(t )v2(t ′)〉same and CX (|t − t ′|) = 〈x1(t )x2(t ′)〉. For
both these correlation functions, we define t ′ = t + � and
then average the products of the velocities or positions of
the two cells over time t and all pairs of cells. For CV , we
condition our averaging on both cells being located on the

same island. For easy visualization, we show in the main
text figures the instantaneous correlations (|t − t ′| = 0) and
show the full result in Fig. 6 in [54]. Furthermore, we detect
collision events in our cell trajectories by defining a threshold
�x < �xc, where �x is the intercellular distance. Then we
analyze the trajectories within a time frame of dT following
the first time when �x < �xc. If cells simultaneously tran-
sition from one island to the other, we detect a following
event. If cells switch positions at least once during dT , we
detect a sliding event. Finally, if cells do not switch positions
during dT , we detect a reversal event. The collision statistics
is robust against the choice of parameters of the detection
algorithm [8].

5. Data-driven inference

We perform a data-driven inference approach called
underdamped Langevin inference (ULI) to learn effective dy-
namical interaction terms that govern the short time scale
dynamics of the nuclei of interacting cells [8,49,50]. These
dynamics implicitly capture the dynamics of protrusion and
polarity [49]. This approach involves proposing coupled un-
derdamped Langevin equations for the nucleus trajectories
x(t ) of the two cells [8] [Eq. (4)]. The key idea of this
approach is to estimate from the experimentally measured nu-
cleus trajectory x(t ) both the instantaneous velocity v̂(t ) and
the instantaneous acceleration â(t ), while considering errors
introduced by the discrete sampling and possible measure-
ment errors. Then, assuming that the Langevin equation can
capture the dynamics of these cells, we can rigorously infer
the deterministic single-cell term F (xi, vi ) and the interac-
tion terms f (�x)�x and γ (�x)�v on the right-hand side
of Eq. (4) using stochastic estimators [50]. Briefly, this is
done by fitting the experimental accelerations, measured over
the phase space of our system, by the deterministic terms
expanded in sets of basis functions. Throughout, we expand
the interaction terms into exponentials of the form bn(|�x|) =
e−|�x|/nr , where n = 1, . . . , N . Thus, for instance f (�x) ≈∑

n unbn(|�x|) and the coefficients un get estimated rigor-
ously from the trajectory data [50]. This procedure is robust
against the choice of basis function [8], but the experimental
data are best captured at certain values of N . For MCF10A,
MDA231, and MDA436 cells, we use N = 3 and r = 20 µm.
For A549 cells we use N = 2 and r = 25 µm, and for HT1080
cells, we use N = 1 and r = 30 µm. Note that for HT1080
cells, we found that the best Langevin equation is one without
the term γ (�x)�v.

6. Interaction behavior space

For the position of the experimental cell lines in the in-
teraction behavior space (IBS), we perform underdamped
Langevin inference defined in Appendix B 5 with N = 1 and
r = 30 µm. Thus, we define f (�x) = f0e−�x/r and γ (�x) =
γ0e−�x/r and infer the amplitudes f0 and γ0 using ULI. Fi-
nally, to predict the interaction behavior space (IBS), we fix
N = 1 and r = 30 µm and vary manually f0 and γ0 for f (�x)
and γ (�x), respectively. For each parameter combination, we
simulate trajectories and find the dominant collision behavior,
which we depict as color map in [Fig. 4(g)].
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7. Overdamped statistical inference procedure

To perform our statistical inference procedure of our
overdamped model to the experimental data, we perform a
fitting procedure. Specifically, we sweep over the interaction
strength ε and interaction range r of each candidate interaction
mechanism as well as for each pair of mechanisms. We call
the set of parameters 	. For each parameter combination, we
predict the velocity cross correlation CV (|t − t ′|), the position
cross-correlation CX (|t − t ′|), and find the collision distribu-
tion. Note that in the fitting procedure, we consider only |t −
t ′| < τ to avoid fitting the correlations that are close to zero in
the experiment. For CV , we choose τ = 0.5 h and for CX we
choose τ = 10 h. This choice does not greatly influence the
final results of the inference procedure described in Figs. 6(a)
and 6(b) as shown in Fig. 16 in [54]. Furthermore, we perform
our data-driven inference method to find the underdamped
cohesion f (�x)�x and friction interactions γ (�x)�v from
the simulated data. For each of these five statistics, we
compute the so-called coefficient of determination (COD)
defined by

R2 = 1 − SSres/SStot, (B10)

where SSres is the sum of squared deviations between model
and experiment, SSres = ∑

i(yi − ŷi )2, with yi being the ex-
perimental result and ŷi being the model result for the five
different statistics. The index i runs over the discrete values
of the numerically computed statistics. SStot = ∑

i(yi − y)2 is
proportional to the variance of the experimental data as y is the
mean of the experimental data. Consequently, R2 is equal to 1
if the model perfectly captures the experimental data but equal
to 0 if the model merely captures the mean of the experimental
data. R2 is negative when the model performs even worse than
that. Varying all parameters 	 in the model gives the COD as
a function of the model parameters for each candidate cell-cell
interaction, for each cell type and for each statistics, R2

j,k (	).
Here j indicates the statistics of which we want to assess
the goodness of fit. Thus, R2

d,k (	) indicates the COD of the
model fit to the underdamped interactions, while R2

v,k (	) and
R2

x,k (	) are the COD of capturing the correlation functions of
the velocities and positions, respectively. R2

c,k (	) is the COD
of the collision statistics. The index k indicates different cell
types.

A simultaneous fit to all five statistics is challenging given
that our models do not well predict the position correlation
function CX (|t − t ′|). Thus, the COD of the position corre-
lation is strongly negative, rendering an average of the R2

values over all statistics biased (Fig. 12). Thus, throughout,
we average R2 over the underdamped interactions, the velocity
correlation function and the collision statistics, excluding the
position correlation:

R2
k (	) = 1

2 R2
d,k (	) + 1

4 R2
v,k (	) + 1

4 R2
c,k (	). (B11)

However, we later predict this position correlation using the
model coming out of the fitting procedure (Fig. 12). Further,
the weight we put on each statistics in this average does not
greatly affect the final results described in the main text as
shown in Fig. 16 in [54]. Note that the inferred dynamics
and behavior statistics act effectively as independent degrees
of freedom given our overdamped model Fig. 15 in [54],

making it possible to constrain our overdamped model using
the underdamped dynamics. For the individual fit, we maxi-
mize the average R2

k (	) for each cell type individually. This
gives us optimal parameters 	̂k for each cell type with maxi-
mum COD R̂2

k . We show the maximum COD R̂2
k for each cell

type and each candidate interaction mechanism in Fig. 6(a).
For the global fit, we only allow the interaction strength ε

to vary between cell types, while fixing all other parameters.
Thus, we maximize R2 averaged over all statistics and cell
types, giving us a single optimal value r̂, but varying inter-
action strengths for each cell type ε̂. We show the maximum
global COD R̂2 for each candidate interaction in Fig. 6(b).
Throughout, we adjust the bounds of the parameters ε and
r such that we at least include a local maximum of R2(	)
(Fig. 14 in [54]). For more details on the global fit, refer to
Sec. 5.1 in [54].

8. Statistical analysis

Throughout, error bars indicate the standard error of the
mean (s.e.m.) which we obtain for experimental data by boot-
strapping. For the error bars of the statistics predicted by
the inferred Langevin equation as shown by dotted bars in
Figs. 4(a)–4(c), we again bootstrap the experimental data,
perform the inference procedure and resimulate the inferred
equation to predict these statistics. The error bars then again
represent the error of the mean across these bootstrapped sub-
sets of the data. For the phenomenological model, we indicate
the variability of the predicted behavior statistics and inferred
underdamped interaction terms by showing the spread of the
20 best-fitting parameter combinations. For model results,
we typically simulate N = 300 trajectories. The number of
experimental trajectories is given in Table 2 in [54].

APPENDIX C: SUPPLEMENTAL THEORY RESULTS

1. Mapping overdamped to underdamped interaction dynamics

A key challenge of our approach is to constrain the dy-
namics of nucleus, protrusion, and polarity using stochastic
trajectories of the cell positions. On the one hand, we do this
by comparing various long-time scale interaction behavior
statistics computed from the trajectories of the cells. In addi-
tion, we consider an underdamped level of description of the
cells, which takes into account the detailed short-time scale
dynamics of the position x and velocity v of interacting cells.
We do this for several reasons: (1) The dynamics of interacting
cells on such a level of description has been studied before [8],
and we aim to connect our overdamped model to these under-
damped dynamics. (2) The underdamped dynamics provides
additional constraints on the short-time scale dynamics of our
overdamped model (Fig. 15 in [54]). (3) We can visualize
the dynamics of our model in a low-dimensional way. In this
section we theoretically show that our overdamped model
can be mapped to such an underdamped level of description,
providing further insight and justification of using the under-
damped dynamics of the cell as a model constraint and as a
visualization tool.

We consider our overdamped model in the follow-
ing general form with friction coefficients set to 1 for
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simplicity:

ẋn,i = Fn(xn,i, xp,i ) + Gn(�x,U, P), (C1)

ẋp,i = Fp(xn,i, xp,i ) + Pi(t ) + Gp(�x,U, P), (C2)

Ṗi = FP(xp,i, Pi ) + GP(�x,U, P,�P) + σηi(t ). (C3)

To map these dynamics to an underdamped level of descrip-
tion, we need to take a time derivative of Eq. (C1) and
eliminate the protrusion coordinate of cells. This way, we
introduce the velocity of the nucleus as a degree of freedom,
effectively capturing the dynamics of the cell protrusion. We
write vn,i = ẋn,i and find

v̇n,i = ∂Fn

∂xn,i
vn,i + ∂Fn

∂xp,i
ẋp,i + d

dt
Gn(�x,U, P), (C4)

v̇n,i = ∂Fn

∂xn,i
vn,i + ∂Fn

∂xp,i
[Fp(xn,i, xp,i ) + Pi(t ) + Gp(�x,U, P)] + d

dt
Gn(�x,U, P). (C5)

Here xp,i has to be found through inverting Eq. (C1), which can give complicated functions xp,i(xn,i, vn,i,�xn,�vn) as xp,i

depends on U = xp − xn and the intercellular distances �x through Eq. (C1). In addition, we are still left with the “unobserved”
polarity:

Ṗi = FP(xp,i, Pi ) + GP(�x,U, P,�P) + σηi(t ). (C6)

The fact that the polarity remains unobserved makes an analytic mapping only possible if we could solve Eq. (C6) and
analytically find the time evolution of the conditional probability distribution of P. In general, this is not possible and beyond the
scope of this study. Nevertheless, we can define a mapping to the underdamped level of description through numerical methods.
Consider the underdamped equation of motion of the form

dvi

dt
= F (xi, vi ) + G(�x,�v) + σηi(t ). (C7)

Then we define the single-cell term as a conditional average F (xi, vi ) = 〈v̇n,i|xn,i, vn,i〉 and get [33]

F (xi, vi ) = ∂Fn

∂xn,i
vn,i|�xn=0,�vn=0 + ∂Fn

∂xp,i
Fp(xn,i, xp,i )|�xn=0,�vn=0 + ∂Fn

∂xp,i
|�xn=0,�vn=0〈Pi(t )|xn,i, vn,i〉. (C8)

Here 〈Pi(t )|xn,i, vn,i〉 is a conditional average and needs to be numerically estimated. Furthermore, note that xp,i needs to be
eliminated but depends on the intercellular distances and relative velocities. Thus, when eliminating xp,i in Eq. (C8), terms that
depend on �xn or �vn need to be ignored, which we indicate by ...|�xn=0,�vn=0. For the interactions, we define G(�x,�v) =
〈v̇n,i|�xn,�vn〉. A deterministic form for G(�x,�v) can be written down in a simple way when Gn and Gp do not depend on
the unobserved polarity (which is true for 12/14 interaction mechanisms). We find the expression

G(�x,�v) = d

dt
Gn(�x,U ) + ∂Fn

∂xp,i
Gp(�x,U ) + 〈Pi(t )|�xn,�vn〉 + ∂Fn

∂xp,i
Fp(xn,i, xp,i )|�xn �=0,�vn �=0, (C9)

where again xp,i needs to be expressed in terms of
xn,i, vn,i,�xn, and �vn. The term 〈Pi(t )|�xn,�vn〉 represents
a conditional average and captures effectively the polarity
interactions GP. The last term arises due to xp,i being a func-
tion of the intercellular distance and relative velocities. Thus,
terms that depend on �xn or �vn may arise when eliminating
xp,i in Fp in Eq. (C8) and have to be considered in Eq. (C9)
instead, which we indicate by ...|�xn �=0,�vn �=0. Taken together,
these calculations demonstrate that a mapping through numer-
ically solving Eqs. (C8) and (C9) from the overdamped to an
underdamped level of description is generally possible. This
implies that the underdamped dynamics of the nucleus coor-
dinate can provide additional strong constraints on the form of
the overdamped equations. Implicitly, we perform such a map-
ping when numerically simulating our overdamped (1)–(3)
and inferring the underdamped nucleus interactions (Fig. 5).
Finally, note that even though such a mapping is possible,
the two levels of description are not equivalent given that the
overdamped model has an additional degree of freedom. To
fully capture these overdamped dynamics, a third degree of
freedom in the underdamped description such as a derivative

of the acceleration or a memory term would be needed. This
additional complexity is beyond the scope of our approach
given that such an equation cannot be currently inferred from
experimental data. In the following, we give two examples
where even analytic mapping is possible, illustrating how
overdamped interaction terms can be mapped to underdamped
interaction terms.

a. Example: Linear spring and nucleus repulsion

To illustrate the presented mapping, we consider a simple
example model where the nucleus and protrusion are coupled
by a linear spring and cell nuclei are coupled through repul-
sion or attraction interactions with strength ε (Sec. B 3).

ẋn,i = −k(xn,i − xp,i ) + εe−|�xn|/r�xn, (C10)

ẋp,i = −k(xp,i − xn,i ) + Pi(t ), (C11)

Ṗi = − 1

τ
Pi + σηi(t ). (C12)
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For illustrative purposes, we enable an analytic mapping and
consider that polarity exhibits an Ornstein-Uhlenbeck process
with 〈P〉 = 0 and 〈P(t )P(t ′)〉 = δ(t − t ′). Inverting Eq. (C10)
yields

xp,i = 1

k
(vn,i + kxn,i − εe−|�xn|/r�xn). (C13)

Computing the single-cell term, we find

F (xi, vi ) = −2kvn,i. (C14)

Here we ignored a term kεe−|�xn|/r�xn, illustrating that in-
teraction terms may arise from Eq. (C8) as discussed above.
Computing interaction terms through Eq. (C9), we find

G(�x,�v) = d

dt
εe−|�xn|/r�xn + kεe−|�xn|/r�xn, (C15)

where the latter term comes from the fourth term in Eq. (C9).
If we write G(�x,�v) = f (�x)�x + γ (�x)�v, this map-
ping gives

f (�x) = kεe−|�xn|/r, (C16)

γ (�x) = ε

(
1 − |�xn|

r

)
e−|�xn|/r, (C17)

where we evaluated the total time derivative of the nucleus
coupling term. Thus, on an underdamped level of description,
overdamped nucleus coupling interactions give rise to both
a rescaled underdamped repulsion term and an underdamped
friction term. The sign of the latter depends on the intercellular
distance compared to the interaction range of the overdamped
nucleus repulsion interaction.

b. Example: Polarity-polarity coupling interactions

A key interaction mechanism in our overdamped model is
polarity-polarity coupling (PPC). This interaction captures the
dynamics of all cell types (Fig. 6). Thus, in a second example,
we show how overdamped PPC gives rise to underdamped
interaction dynamics of the cell nucleus. Because polarity is
an unobserved degree of freedom in the mapping outlined
above, we consider our model in a limit where nucleus and
protrusion positions are equal and polarity directly drives the
nucleus position of the cell. In this limit an analytic mapping
becomes possible. In this model, we consider both nucleus
coupling and polarity-polarity coupling. Thus, we write two
coupled stochastic equations of motion:

ẋn,i = Pi(t ) + g(|�xn|)�xn, (C18)

Ṗi = − 1

τ
Pi + h(|�xn|)�P + σηi(t ). (C19)

Here the functions g(|�xn|) and h(|�xn|) encode the spatial
structure of the overdamped interactions and could be simple
exponential decays as in the previous example. Again, for
simplicity, we consider that the polarity exhibits an Ornstein-
Uhlenbeck process with 〈P〉 = 0 and 〈P(t )P(t ′)〉 = δ(t − t ′)
in the absence of interactions. First, inverting Eq. (C18) gives

Pi = vn,i − g(|�xn|)�xn, (C20)

from which we find

�P = Pi − Pj = �vn − 2g(|�xn|)�xn. (C21)

TABLE I. Optimal parameters 	̂ for the various different cell
types obtained from a global fit (first four rows) and individual fit
(last four rows). For the global fit, all parameters except εPPC are
constant across cell types (Appendix B 7).

MDA-MB-231 MDA-MB-436 HT1080 A549 MCF10A

εPPC −5.9 h−1 −3.1 h−1 1 h−1 5.5 h−1 5.5 h−1

rPPC 5 µm 5 µm 5 µm 5 µm 5 µm
εPPrC 3.3 h−2 3.3 h−2 3.3 h−2 3.3 h−2 3.3h−2

rPPrC 31.4 µm 31.4 µm 31.4 µm 31.4 µm 31.4 µm
εPPC −6.8 h−1 −3.9 h−1 1 h−1 1.4 h−1 2.3 h−1

rPPC 5 µm 5 µm 5 µm 20 µm 12.8 µm
εPPrC 5 h−2 8.3 h−2 3.3 h−2 3.3 h−2 3.3h−2

rPPrC 27.1 µm 22.8 µm 31.4 µm 27.1 µm 31.4 µm

The factor 2 comes from a necessary flip of the sign of �xn

if we consider two different cells i and j. Then taking a time
derivative of Eq. (C18), we find

v̇n,i = Ṗi(t ) + d

dt
[g(|�xn|)�xn] (C22)

= − 1

τ
Pi + h(|�xn|)�P + d

dt
[g(|�xn|)�xn] + σηi(t ).

(C23)

Eliminating P from the equation, we can write

v̇n,i = − 1

τ
vi + f (|�x|)�x + γ (|�x|)�v + σηi(t ) (C24)

with f (|�x|) and γ (|�x|) both depending on combinations of
g(|�xn|) and h(|�xn|). Both previous examples illustrate how
overdamped interactions such as NC or PPC can be mapped
to both underdamped cohesion and friction interactions. How-
ever, to enable the analytic mapping in these examples, we
simplified our system by eliminating one of the three degrees
of freedom. In general, the mapping is more complicated and
requires numerically solving Eqs. (C8) and (C9).

2. Overdamped inference results

In this section, we show the full results of the overdamped
inference procedure of which we have shown a summary in
Fig. 6. Specifically, for the best-fitting candidate interaction
mechanisms PPC + PPrC, we show a full comparison of the
fitted model to the experimental data using the global fit
(Fig. 9) and the individual fit (Fig. 10). Both these fits provide
a good description of the underdamped interactions, collision
statistics, and position and velocity correlation functions of
the experimental data, also at longer timescales [Figs. 9(b) and
9(c); Figs. 10(b) and 10(c)]. Note that the individual fit yields
a slightly better model for MDA-MB-231 cells, better cap-
turing the underdamped interaction terms. Table I shows the
parameters that our global and individual fitting procedures
yield for the combination of PPC + PPrC. These parameters
exhibit great similarities between global and individual fits,
confirming the validity of the global fit.
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FIG. 9. Results of the global fit of PPC + PPrC to the experimental data. (a) Underdamped cell-cell interactions for both experiment
(black) and best-fitting model (red). Upper row shows the underdamped cohesion interactions, while lower row shows the inferred friction
interactions. (b)–(d) All behavior statistics for both experiment (black, solid bars) and model (red, empty bars). (b) The velocity correlation
function 〈v1(t )v2(t ′)〉same when cells are on the same island. (c) The position correlation function 〈x1(t )x2(t ′)〉. (d) The collision statistics for
all different cell types.

3. The role of single-cell behavior

In the absence of cell-cell interactions, our model is con-
sistent with the mechanistic model for single-cell migration
of MDA-MB-231 cells used in [33]. Given that we here study
multiple different cell lines, it is a key question whether the
single-cell dynamics of our model has a significant impact
on the results about cell-cell interactions presented in the
main text. To answer this question, we first determine the
range of single-cell parameters that is relevant to describe
single-cell behavior of a cell type other than MDA-MB-231
cells. MCF10A cells are a prime candidate as they show a
lower probability to be on the bridge and a significantly higher
survival probability during their stochastic hopping process
[Fig. 3(d) in [54]]. Additionally, we find that MCF10A cells
have the greatest differences in their behavior statistics com-
pared to MDA-MB-231 cells [Figs. 4(a)–4(c)]. To capture

the different single-cell features of MCF10A cells, we vary
key single-cell parameters in our overdamped model. Specif-
ically, the reduced spring constant kp = k/ζp [Eqs. (2) and
(B2)] determines how the protrusion of a cell responds to the
nucleus position. We find that kp influences the probability
distribution of the nucleus positions and sets the survival
probability of single cells [Figs. 11(a) and 11(b)]. Decreas-
ing kp from 1.2 h−1 for MDA-MB-231 cells to a value of
around 0.1 h−1 allows us to capture the reduced probability
of cells being on the bridge and enables us to capture the
higher survival probabilities of MCF10A cells. Importantly,
this different single-cell behavior does not greatly influence
the inferred underdamped cell-cell interactions and behavior
statistics predicted by our overdamped model [Figs. 11(c) and
11(g)]. Nevertheless, we repeat our quantitative fitting pro-
cedure with the different single-cell parameters for MCF10A
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FIG. 10. Results of individual fit of PPC + PPrC to the experimental data. (a) Underdamped cell-cell interactions for both experiment
(black) and best-fitting model (red). Upper row shows the underdamped cohesion interactions, while lower row shows the inferred friction
interactions. (b)–(d) All behavior statistics for both experiment (black, solid bars) and model (red, empty bars). (b) The velocity correlation
function 〈v1(t )v2(t ′)〉same when cells are on the same island. (c) The position correlation function 〈x1(t )x2(t ′)〉. (d) The collision statistics for
all different cell types.

cells instead of the single-cell parameters of the MDA-MB-
231 cells. We find that the best-fitting interaction parameters
in our overdamped model with PPC + PPrC are only mildly
affected by the different single-cell behavior (Tables I and II).

TABLE II. Optimal parameters 	̂ for the various different cell
types obtained from a global fit with single-cell parameters of
MCF10A.

MDA-MB-231 MDA-MB-436 HT1080 A549 MCF10A

εPPC −5.9 h−1 −3.1 h−1 1 h−1 5.5 h−1 5.5 h−1

rPPC 8.8 µm 8.8 µm 8.8 µm 8.8 µm 8.8 µm
εPPrC 8.3 h−2 8.3 h−2 8.3 h−2 8.3 h−2 8.3h−2

rPPrC 22.9 µm 22.9 µm 22.9 µm 22.9 µm 22.9 µm

Thus, for simplicity, we keep the single-cell behavior constant
throughout this study, knowing that the single-cell behavior
does not qualitatively influence the dynamics emerging from
cell-cell interactions.

4. Prediction of position correlations

In this section we describe to what extend our candidate
cell-cell interactions are able to correctly predict the po-
sition correlation function CX (|t − t ′|) which has not been
used in the fitting procedure to constrain our candidate
interactions. To this end, we investigate R2

x,k (	), which quan-
tifies how well our model captures the position correlation
function CX (|t − t ′|) for a specific cell type, a specific
candidate cell-cell interaction, and a specific parameter com-
bination 	. Thus, of particular interest is the quantity
R2

x,k (	 = 	̂), where 	̂ is the best-fitting parameter combina-
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FIG. 11. Influence of single-cell dynamics on two cell dynamics. (a) Distribution of nucleus positions for both model and experiment (red)
for model and experiments of a single cell on the dumbbell-shaped micropattern. Red solid line shows the experimental result of MDA-MB-231
cells, and red dashed line indicates MCF10A cells. Colored lines indicate model results and color bar for varying kp is located next to panel
(b). (b) Survival probability of both model (colored) and experiment (red) for single cells on the pattern. Legend of panel (a) applies also here.
(c)-(g) Model predictions for the two-cell dynamics dependent on the single-cell parameter kp. (c) The underdamped repulsion interactions;
(d) the underdamped friction interactions; (e) the velocity cross-correlation of two cells on the same island; (f) the position correlations of the
two cells. Colorbar in panel (f) applies to panels (c)–(f). Panel (g) shows the percentage of each type of collision event dependent on kp.

tion of the individual fit as described in Appendix B 7. We
find that the best-fitting models for each candidate interac-
tion in general do not well capture the position correlation
function [Figs. 12(a) and 12(b)]. In fact, R2

x,k (	 = 	̂) is
consistently negative showing that our models struggle to
capture these correlations. However, note that combining
candidate interactions in general does improve the predic-
tion of the position correlation functions. Specifically, the
best working candidate interactions coming out of our infer-
ence procedure PPC + PPrC do provide the best prediction
of the position correlation function at its optimal individual
and global interaction parameters [Figs. 12(b) and 12(c)],
outperforming PUC + PPrC [Figs. 12(d) and 12(e)]. These
results show that we can use the predicted position corre-
lation function to further constrain our candidate interaction
mechanisms.

5. Polarity-polarity coupling on rectangular patterns

To test whether insights of our overdamped model sen-
sitively depend on the chosen dumbbell-shaped geometry of
our micropattern, we investigate cell-cell interactions on rect-
angular micropatterns [Fig. 13(e)]. Specifically, we consider
the epithelial cell line MCF10A and the breast cancer cell
line MDA-MB-231 and track cell nuclei [Fig. 13(f)]. We first
infer the underdamped cell-cell interactions for these two
cell types on the rectangular pattern and compare our re-
sults to the inferred underdamped cell-cell interactions on the
dumbbell-shaped micropattern. For MCF10A cells, we find

that these cells obey qualitatively similar underdamped cell-
cell interactions on both geometries [black and gray curves in
Figs. 13(h) and 13(i)]. However, the underdamped cohesion
interactions are weaker on the rectangular pattern. Further-
more, in agreement with previous work [8], MDA-MB-231
cells exhibit quantitatively similar underdamped cell-cell in-
teractions [black and gray curves in Figs. 13(k) and 13(l)].
These results show that the geometry of the micropattern has
only a minor impact on the inferred underdamped cell-cell
interactions.

To further test whether our overdamped model can also
capture the two-cell dynamics on a rectangular pattern, we
perform numerical simulations of our overdamped model on
this alternative geometry. Specifically, we consider the best-
fitting candidate cell-cell interaction PPC + PPrC and use for
both MCF10A and MDA-MB-231 cells the best interaction
parameters obtained from our global fit on the dumbbell
pattern. Importantly, in order to capture the dynamics on a
different geometry, we have to adjust the single-cell aspects of
our overdamped model: We remove the geometry dependence
of the single-cell terms in our overdamped model, which
implemented the adaptation of the cell’s migratory machin-
ery to the confinement of the bridge in our dumbbell-shaped
micropattern [Eq. (B2)]. Specifically, we set γ (xn) = 1 and
α(xp) = α0. We analyze single cells migrating on rectangu-
lar pattern to constrain single-cell parameters in our model
[Figs. 13(a)–13(d)]. We find that α0 = −0.3 is negative such
that cells remain polarized on the rectangular pattern. To better
capture experimental trajectories of single cells on rectangular

033015-19



TOM BRANDSTÄTTER et al. PRX LIFE 3, 033015 (2025)

FIG. 12. Prediction of position correlation function (a) Maximum fit performance as quantified by the maximum coefficient of determina-
tion R̂2 for each interaction mechanism using an individual fit. (b) Coefficient of determination of the position correlation function evaluated at
the best-fitting parameters 	̂ obtained from our individual fit R2

x,k (	 = 	̂). (c) Coefficient of determination of the position correlation function
evaluated at the best-fitting parameters 	̂ obtained from our global fit. (d), (e) Instantaneous position correlations as predicted by the two
models PPC + PPrC (d) and PUC + PPrC (e). Solid lines show model result, symbols show experimental results as also presented in Fig. 6(f).

patterns, we also change the values of σ and kn. Specifically,
for MCF10A cells, we choose σ = 40 and kn = 1.2. These
two changes are necessary to capture the high persistence
and frequent turnaround events of our MCF10A cells on the
rectangular pattern [Fig. 13(a)] as also quantified by a velocity
autocorrelation function �(t ) = 〈v(t ′)v(t + t ′)〉t ′ [Fig. 13(b)].
Physically, increasing kn means that we couple the nucleus
closer to the protrusion. This change may be in agreement
with the observation of reduced elongation of the cells on
rectangular patterns compared to the dumbbell-shaped pat-
terns [Fig. 13(e)]. On the rectangular patterns, we observe that
when cells hit one of the ends of the rectangular pattern, they
polarize away from the end and turn around. We implement
this by including a boundary condition where the polarity P
of a cell gets flipped to −P as soon as cells hit the boundary
of our pattern, preserving the state of polarity [56]. For MDA-
MB-231 cells, we increase σ to σ = 150 to capture the higher
stochasticity of the single-cell behavior of these cells on the
rectangular pattern [Figs. 13(c) and 13(d)].

Having constrained the single-cell parameters, we simulate
our overdamped model on a rectangular pattern. We find that
using the interaction parameters best describing the dynamics
on the dumbbell-shaped geometry also yields a good descrip-
tion of the dynamics on the rectangular geometry. Specifically,
we can qualitatively capture the flocking and frequent re-
versal behavior of MCF10A cells on the rectangular pattern
[Figs. 13(f) and 13(g)]. Furthermore, our overdamped model
qualitatively captures the inferred interactions [Figs. 13(h) and
13(i)] and the positive velocity correlations of MCF10A cells
on the rectangular pattern [Fig. 13(j)]. Moreover, our model
captures the frequent sliding events of MDA-MB-231 cells
[Figs. 13(f) and 13(g)] as well as qualitatively the inferred
interactions and cross-correlations of these cells [Figs. 13(k)

and 13(m)]. Taken together, these results show that our
overdamped model can be generalized to a different, less
constrained geometry. Thus, the identified polarity-polarity
coupling interactions do not depend sensitively on the specific
dumbbell-shaped geometry used in the main text.

6. Predicting collective front migration of epithelial
and breast cancer cells

To show the generality of our overdamped model and
the inferred dominant polarity-polarity coupling mechanism,
we predict collective cell migration in a physiologically rel-
evant migration scenario: collective front migration during
wound healing. Specifically, similar to our study, a previous
study [60] considered epithelial MCF10A cells and cancer-
ous MDA-MB-231 cells, of which large monolayers were
initially confined to a circular region and subsequently re-
leased to invade into the surrounding. Their experiments and
detailed quantification of the collective migration behavior
showed that MCF10A cells exhibit ordered and steady collec-
tive front migration. In contrast, MDA-MB-231 cells exhibit
no significant front migration with highly disordered motion
of individual cells [60]. In this section, we generalize our
model and predict the collective front migration of MCF10A
and MDA-MB-231 cells with our overdamped model and
best-fitting interaction mechanisms PPC + PPrC learned from
two-cell collisions.

To enable a prediction of collective cell migration behavior
in an unconfined 2D environment, we first generalize the
single-cell dynamics of our overdamped model. Thus, we
remove the geometry dependence of the friction coefficient
and polarity feedback [Figs. 8(a) and 8(b); Appendix B 1]. We
perform numerical simulations of our model in the absence of
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FIG. 13. Dynamics of PPC + PPrC on rectangular patterns. (a) Sample of cell trajectories of a single MCF10A cell on a rectangular
pattern for both experiment and model. (b) Velocity autocorrelation function of MCF10A cells on rectangular pattern for both experiment
(black) and model (red). (c) Sample of cell trajectories of a single MDA-MB-231 cell on a rectangular pattern for both experiment and model.
(d) Velocity autocorrelation function of MDA-MB-231 cells on rectangular pattern for both experiment (black) and model (red). (e) Time
series of brightfield images of two MCF10A cells interacting on a rectangular micropattern. Scale bar: 25 µm. (f) Sample of cell trajectories
obtained from our experiments on a rectangular pattern for both MCF10A and MDA-MB-231 cells. (g) Sample of trajectories predicted by our
overdamped model with PPC + PPrC as cell-cell interaction. (h)–(j) Inferred underdamped cohesion interactions (h), inferred underdamped
friction interactions (i), and velocity cross-correlation function of two MCF10A cells for the dumbbell pattern (gray), the rectangular pattern
(j), and the overdamped model fitted to the rectangular dynamics (red). (k)–(m) Inferred underdamped cohesion interactions (k), inferred
underdamped friction interactions (l), and velocity cross-correlation function of two MDA-MB-231 cells for the dumbbell pattern (gray), the
rectangular pattern (m), and the overdamped model fitted to the rectangular dynamics (red).

any interactions between cells to find experimentally realistic
single-cell parameters. This requires analyzing experimental
trajectory data of single cells migrating on an unconfined
2D substrate. For MDA-MB-231 cells, these data have been
published in [55], for MCF10A cells we perform experiments
with single MCF10A cells on a 2D substrate [Sec. 2.5 in [54]].
For both cell types, we compute a velocity autocorrelation
function defined as �(t ) = 〈v(t ′)v(t + t ′)〉t ′ , which quantifies
the persistence of cell motion. In addition, we compute the
distribution of the speeds of the cells. These are common
quantities to characterize single-cell migration behavior [62].
By sweeping over single-cell parameters, we identify exper-
imentally relevant parameter regimes in which we capture
approximately the exponential decay of the velocity autocor-
relation function and the mean speed of both single MCF10A
and MDA-MB-231 cells [Figs. 14(a) and 14(b)].

To predict collective front migration behavior, we consider
a rectangular confinement with one open face and extending
walls [Fig. 14(c)]. This geometry approximates a small sec-
tion of the large circular geometry considered in [60], while
allowing us to simulate less cells in total. The boundary is
implemented by reflective boundary conditions on both the
cell positions and cell polarities. We consider a rectangular
geometry with a large width of 1000 µm to avoid effects of

the boundary condition. In our model for collective front mi-
gration, we implement the 2D generalization of the interaction
mechanisms PPC and PPrC. The parameters of these interac-
tion mechanisms are set to the best-fitting parameters of these
mechanisms inferred from the two-cell collision dynamics
using our global fit (Fig. 6 and Table I). To create realistic
cell monolayers, we implement cell division. After initial-
izing 500 cells and a short prerun, we record the collective
cell migration behavior of both MCF10A and MDA-MB-231
cells and quantify their collective front migration [Figs. 14(d)
and 14(e)].

For MDA-MB-231 cells, we implement polarity antialign-
ment (εPPC = −6 h−1, rPPC = 5 µm) and polarity-protrusion
repulsion (εPPrC = 3.3 h−2, rPPrC = 31 µm) as determined by
our overdamped inference procedure presented in the main
text (Fig. 6). For these cells, we find inefficient front mi-
gration, with the front of the monolayer sometimes even
retracting [inset of Fig. 14(d)]. Furthermore, cell velocities
are highly disordered [Fig. 14(d)] with no dominant instan-
taneous velocity direction into the empty region [green curve
Fig. 14(f)]. This behavior is qualitatively similar to the ab-
sence of front migration of MDA-MB-231 cells in [60]. In
contrast, for MCF10A cells, our two-cell inference proce-
dure uncovers polarity alignment interactions (εPPC = 6 h−1,
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FIG. 14. Predicting collective front migration of epithelial and breast cancer cells. (a), (b) Single-cell behavior of freely migrating single
MDA-MB-231 cells (a) and MCF10A cells (b). Left panel shows the velocity autocorrelation function �(t )/�(0) for experimental data
(black) and prediction from our theory (red). Right panel shows the distribution of speeds in the experiment (black) and in our theoretical
prediction (red) over time and different single cells. Vertical lines indicate the mean speed. (c) Wound healing setup that we use to test the
predictive power of our overdamped model learned in two-cell collision experiments. Red arrows indicate cell velocity of a few chosen cells.
(d), (e) Predicted collective dynamics of MDA-MB-231 cells (d) and MCF10A cells (e). We show the predicted cell trajectories (left) and
the instantaneous velocity field at a time point late in the simulation (right). Inset shows the collective front migration behavior. Scale bar and
timescales indicated in the inset of panel (e) apply to all simulations in panels (d) and (e). (f) Distribution of velocity directions for the predicted
collective dynamics. Here 	 = 0 indicates motion along the x axis in positive direction. Green lines indicate the prediction for MDA-MB-231
cells, and red lines indicate the prediction for MCF10A cells. Opacity of the red lines indicate the value of the interaction range rPPC with
increasing values resulting in more faded lines. (g), (h) Root-mean-squared (RMS) velocity as a function of the x position along the direction
of the spreading monolayer for MDA-MB-231 cells (g) and MCF10A cells (h). Again opacity of lines in panel (h) indicate the value of the
interaction range rPPC.

rPPC = 5 µm) and polarity-protrusion repulsion (εPPrC =
3.3 h−2, rPPrC = 31 µm). Simulating their collective behav-
ior, we find rather steady front migration with cell velocities
predominantly directed towards the empty region [Figs. 14(e)
and 14(f)]. Thus, qualitatively, we capture the peaked distri-
bution of velocity directions observed in [60] [Fig. 14(f)].
Increasing the interaction range rPPC of PPC from 5 µm to
25 µm, which are both reasonable interaction ranges, yields
more efficient front migration [insets of Fig. 14(e)] and more
order in the velocity field [Figs. 14(e) and 14(f)]. This higher
degree of order is better in agreement with the experimentally
observed front migration behavior [60]. Finally, we predict
the spatial structure of the velocity field expected for these

cell types. For MDA-MB-231 cells, we observe high RMS
(root-mean-squared) velocities in the bulk of the monolayer
[Fig. 14(g)]. This high motility may be in agreement with
the fluid phenotype observed in cancer cell monolayers [79].
For MCF10A cells, we observe significantly lower velocities
inside the bulk compared to the migrating front [Fig. 14(h)].
This, spatial structure of the velocity field is in agreement with
the velocity distribution of expanding monolayers of epithe-
lial MDCK cells [39]. The slowdown in the bulk is stronger
with increasing interaction range of PPC [Fig. 14(h)]. Taken
together, the interaction mechanisms learned from confined
two-cell collisions provides a good qualitative description
of experimental collective front migration of epithelial and
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breast cancer cells. These results indicate that the form of
the interaction terms and to some extent also the inferred

interaction parameters can be generalized to collective and
less confined migration scenarios.
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