Collective synchrony in con uent, pulsatile epithelia
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Abstract

Collective cell migration lies at the intersection of developmental biology and non-equilibrium
physics, where active processes give rise to emergent patterns that are biologically relevant. Here,
we investigate dilatational modes|cycles of expansion and contraction|in epithelial monolayers,
and show that the divergence of the velocity eld exhibits robust, large-scale temporal oscillations.
These oscillatory patterns, reminiscent of excitable media and their biological analogs, emerge spon-
taneously from the coupled dynamics of actively pulsing cells. We nd that the temporal persistence
of these oscillations varies non-monotonically with cell density: synchrony initially increases with
density, reaches a maximum at intermediate densities and is lost at higher values. This trend mir-
rors changes in the spatial correlation length of cell-cell interactions, and the density of topological
defects in the system, suggesting a shared physical origin. We develop a continuum model in which
a complex-valued Ginzburg{Landau-type eld that governs the amplitude and phase of oscillations
is coupled to local cell density. Simulations reproduce the observed behavior, revealing that local
density adapts to phase patterns, reinforcing temporal coherence up to a critical density, and vari-
ations in the density of topological defects as a function of cell density. Extending our analysis to
breast cancer cell lines with increasing invasiveness, we nd that malignant cells exhibit longer phase
persistence and fewer topological defects, suggesting a mechanistic link between temporal coherence
and metastatic potential. Together, these results highlight the role of density-dependent synchrony
dynamics as a fundamental, quanti able mode of collective behavior in active epithelial matter, with
implications for morphogenesis, cancer progression, and tissue diagnostics.
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Introduction

Collective cell migration plays a fundamental role in shaping the structural and functional prop-
erties of epithelial tissues, with implications spanning physiological processes|such as embryonic
development and wound healing|to pathological conditions like cancer metastasis. Beyond its bi-
ological relevance, collective migration has emerged as a rich subject in non-equilibrium physics,
inspiring new frameworks for understanding pattern formation, glassy dynamics, and active turbu-
lence in living systems. In-vitro studies of mammalian epithelial monolayers have revealed a variety
of striking collective phenomena, including ocking transitions [1], active wetting [2], shear-induced
responses in endothelial layers [3], mechanochemical pattern formation [4], division-driven vortical
ows [5], collective mechanical waves [6, 7], and spontaneous swirling or rotational modes in con ned
domains [8, 9]. These dynamics typically arise from cell-cell interactions and their modulation by
environmental cues.

In con uent epithelia|systems of particular relevance to morphogenesis, wound repair, and can-
cer invasion|cell migration is strongly in uenced by local contractility and density variations. These
factors lead to large-scale spatial correlations and heterogeneities, reminiscent of the dynamic glass-
like behavior observed in disordered materials [10, 11, 12]. For instance, at intermediate densities,
fast-moving cells tend to migrate in groups whose size increases with density, analogous to dynamic
heterogeneity in supercooled liquids near the glass transition [13, 14, 15, 10]. At higher densities,
both velocity correlation length and dynamic heterogeneity exhibit a hon-monotonic dependence
on density [12], re ecting a complex interplay between cell-cell adhesion (e.g., via E-cadherin) and
cell-substrate interactions (e.g., via vinculin). These observations raise important questions about
the emergence and loss of temporal synchronization in such systems.

In this study, we investigate the spatio-temporal dynamics of large-scale temporal oscillations in
collective cell migration using two model systems: (i) Madin-Darby Canine Kidney (MDCK) epithe-
lial monolayers spanning a wide post-con uent density range, and (ii) human breast cancer cell lines
with varying degrees of invasiveness. While previous studies have focused on collective modes such as
shear, vorticity, and translation|each of which conserve areaJwe concentrate here on dilatational
modes, characterized by the divergence of the velocity eld and corresponding to local expansions
and contractions. These modes are not only dominant in the bulk of con uent monolayers, but
also closely linked to morphogenetic processes like gastrulation [16, 17] and somitogenesis [18], and
importantly, are straightforward to quantify.

Our results reveal the dynamics of synchrony in the dilatational eld at multicellular scales,
bearing resemblance to excitable systems on multiple scales, from reaction-di usion waves in star sh
eggs [19], to bioelectrical waves in the heart and brain [20, 21]. The persistence and defect statistics
of these oscillatory phase patterns vary non-monotonically with cell density, delineating a transition
from pre-jammed to jammed states. Through theoretical modeling, we demonstrate that intrinsic
temporal synchronization in epithelial layers correlates with the spatial scale of cell-cell interac-
tions. Extending our analysis to breast cancer cell lines, we nd that malignant cells exhibit more
temporally persistent and spatially coherent phase patterns than their non-malignant counterparts.
Together, these ndings reveal a previously underappreciated, self-organized temporal dimension
to epithelial collective behavior. They provide a new framework for interpreting the dynamics of
cell layers in both physiological and pathological states, and suggest that phase-based analysis of
dilatational modes may o er a powerful lens for probing the mechanical and regulatory principles
of collective cell migration.



Results

Spatiotemporal dilatation patterns show synchronous oscillations in nor-
mative epithelia

MDCK cells are transfected with NLS-GFP (Green Fluorescent Protein tagged Nuclear Localization
Signal) for visualization of cell nuclei and cultured on a 2D at surface. The nuclei positions are
recorded using a confocal microscope (Fig. 1a), which allows us to track nuclear positions over time
and calculate the velocity eld v(x,t) (Fig. 1b). In addition to the visible ocking of cells which
form packs, we also observe cell nuclei uctuating back and forth when cell packs move and collide,
creating oscillations within the cell monolayer which is consistent with ndings from a previous
study [8]. Indeed, an oscillatory expansion and contraction pattern in cell motion is visible from the
raw video (Supplementary video 1). To quantify this behavior, we examine the velocity gradient
which is itself decomposable into shear, vorticity and dilatational elds. On examining the shear and
vorticity and their variation over the entire eld of view, we nd that the coe cient of variations
(COV) of shear is signi cantly is smaller compared to the divergence (Fig. S1). This observation,
together with the fact that only the dilatation mode causes local expansion and shrinking dynamics,
we focus on this mode which is characterized by spatio-temporal variations in the divergence (or
dilatational) eld Div r .

In Fig. 1c, we see that the dilatational eld exhibits a periodic spatial pattern of sources (local
positive peaks) and sinks (local negative peaks) with patterns spanning several tens of cells (Fig. 1c).
When cell clusters expand or contract, we observe that the local cell height decreases or increases
respectively, as shown in Fig. S2. Interestingly, when we examine the temporal behavior of these
peaks by plotting a kymograph of the divergence along the diagonal view, the sources and sinks also
exhibit temporal periodicity (Fig. 1d). The spatiotemporal oscillation in the divergence Div implies
a dynamic interplay of cellular movement and pattern formation in cell density and divergence elds.

To further investigate the temporal behavior of cell expansion and contraction, we calculate the
local phase of the oscillation pattern following a previously proposed method [21, 19] (see Methods in
section ). For each pixel, we calculate the phase de ned by (x;t) = tan 1(Div (x;t);Div (x;t+ )),
where is one quarter of the period of divergence signal over time an®iv is the Gaussian- Itered
detrended divergence [21, 19](see Method). As does not vary signi cantly with position (Fig.
S3c-d), we use the spatially averaged periodh iy to calculate the phase (x;t) for all pixels, in
order to reduce the noise (see Methods section). Remarkably, a large-scale divergence phase pattern
emerges within the eld of view (Fig. 1e), indicating that the entire epithelial collective undergoes
highly synchronized oscillations at a similar frequency. We further verify the phase calculation using
Hilbert phase, which shows a consistent trend (Fig. S4). We notice the phase pattern(x;t) harbors
a series of topological defects that generally have winding numbers of 1 or +1, indicating local
dynamic phase eld rotating either clockwise or counterclockwise (Fig. le,g,h). When we overlay
the phase defects onto the velocity divergence colormap, they consistently localize at regions of zero
divergence (Fig. S8). Additionally, defects always appear and annihilate as pairs (Fig. 1f) [21], due
to topological constraints associated with the conservation of topological charge in two-dimensional.

Cell density variations correlate with changes in synchrony

We next investigate the temporal patterns in the divergence eld in MDCK cells with increasing
cell number density (from 1000mm 2 to 3500mm 2) (Fig. 2a, d and Fig. S5b). As expected, the
divergence magnitude decreases with density (Fig. S5a), due to the decreasing cell migration speed
(Fig. 2d) , consistent with Ref. [10]. Interestingly, the period of divergence, shown as its quarter



in both the colormap (Fig. 2b) and the probability distribution (Fig. 2e) , initially increases with
density; however, it decreases again at large densities. Consistently, when we further quantify the
phase of divergence (x;t) and plot its kymograph, it shows an increase in persistency as the density
increases initially; and a decreases in the phase persistency at higher densities (Fig. 2c). This is
con rmed by calculating the temporal autocorrelation of the phase and phase persistent timetg
as shown in Fig. 2f, wherety is determined from the time at which the autocorrelation crosses
zero (see Methods). This non-monotonous trend in temporal behavior during cell density increase
is reminiscent of the non-monotonic spatial velocity cross-correlation length reported previously in
developing epithelia [12]. Indeed, when we quantify the velocity cross-correlation length,, (see
Methods), we nd that | rstincreases and then decreases as a function of cell density (Fig. 29g).

Similarly, the phase of the divergence eld exhibits discontinuities that give rise to positive
and negative phase defects. We subsequently investigate how phase defects vary with cell density.
Interestingly, the number of phase defects also shows a non-monotonic trend as the MDCK epithelia
develop: In contrast to the trend observed in the persistence time, the number of defects rst
decreases and then increases (Fig. 2h). These results demonstrate that the temporal collective
cell migration, as evidenced by patterns in the divergence phase elds, is strongly in uenced by
changes in cellular density within the epithelial layer. The non-monotonic behavior of the velocity
correlation (Fig. 2g) suggests that cells transition from almost individual migration to collective
migration with increasing density prior to a critical cell density, exhibiting more robust collective
contractile and expansive oscillatory patterns. Beyond the critical density, cells are largely caged,
and single-cell di usion becomes a more prominent feature in cell motion, resulting in a decrease in
temporal synchronization [10].

Remarkably, this critical cell density has been demonstrated as a glass-transition density 4
when the collective cell migration speed converges with self-di usion [10]. In our system, we further
observe that both the temporal persistence trend and the spatial velocity correlation length exhibit
non-monotonic behavior as cell density increases, with turnover points occurring at similar densities
( 1700{1800 mm 2; Fig. 2f{g). As density increases, both the velocity correlation length and the
phase persistence time rst increase for densities below the transition density, and then decrease for
densities above the transition density. As the cellular layer slows down when collective cell migration
speed converges with self-di usion, it behaves like an amorphous, glassy solid [10]. This consistency
in spatial and temporal trend indicates that there might be an intrinsic correlation between them.

A theory coupling active oscillations to cell density explains observations

Inspired by the expansion and contraction dynamics observed in the experiments that show the
spatio-temporal coupling of the cellular density to the active oscillations of the cells, we consider a
minimal theory that couples these elds. As shown in the experimental analysis of the velocity gra-

dient r v, the dominant contribution is the dilatational eld (see Sl Fig. S1). Therefore, we assume

that the mechanical stress tensor associated with the movement of the con uent epithelial layer

arises from dilatation and expansion, so that we can take I, neglecting shear contributions (A
comparison between di erent components of the velocity gradient tensor is given in Fig. S1 in the
Sl.)

To understand the dynamics of the cell monolayer as the density increases, we use a continuum
description that couples the cell density with the the active contractile oscillations that may be
characterized by a phase , and an amplitude A represented in terms of a complex eldG = Ae' .
This suggests coupling the dilatation eld expressed in terms of the divergence of the isotropic
stress tensor associated with cellular expansion and contraction with an active oscillatory eld, a
theoretical framework that has been developed recently [22]. We extend the model in [22] to allow



for spatial variations in the phase and amplitude and thence consider the emergence and dynamics
of topological defects in the phase eld , leading to a coupled Complex-Ginzburg-Landau (CGL)
like theory [23]. Then, dynamics of the cell density (x;t), oscillation phase (x;t), and amplitude
Ax;t) are governed by the equations (details can be found in Supplementary Information, section
1
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Here o represents the rescaled average density, and equation (1) describes how the di usive dynamics
of the local density eld with di usion coe cient , Is driven by variations in the active contractility,
while the (2-3) describe the coupling of the density of the cells to the usual CGL theory for the
dynamics of spatio-temporal oscillations near a Hopf bifurcation (with a natural frequency and
di usivity ). Furthermore, characterizes the coupling of the oscillatory eld on the density, and
characterizes the coupling of the density on the amplitude of the oscillatory eld. When = =0,
we recover the usual CGL theory, but when these terms are non-vanishing, we get a system that is
not rotationally invariant, as expected for situations where anisotropic e ects are important (see Sl
for more details). We also note the presence of a natural length scale associated with the persistence
of oscillations that follows by balancing the coe cient of the Laplacian with the homogeneous
terms.

To understand the correlation between the spatial pattern and the temporal dynamics, we rst
assume no spatial dependency for the elds (= o,and = (t)), and as such@ = 0. Under this

assumption, the dynamics of the phase read€® = 72 sin2 + which has an analytical solution

given by = cot W :whereD =tan ! W,d:%z 2 and ¢ is
the initial phase. 6& Iong times t  D=d, the initial condition becomes irrelevant and the period is
givenby T =4 = 4. As a result, the presence of the nonlinear term 2 in the dynamics of
the phase increases the period of the oscilation from their intrinsic period 2 . In the presence of

spatial e ects, assuming a constant amplitude, the coupled dynamics of the density and the phase
read

@
@

The dynamics of the density in Eq. (4) suggests that density evolves to match the phase so that
= o+ cos . As aresult the presence of the pattern in the density and phase decreases the e ect
of the rstterm in Eqg. (5), and as such decreases the period of the oscilations.

Going further, to understand the experimentally observed variations in the spatio-temporal per-
sistence of the cells as a function of cellular densities, we t the experimental data for the spatial
correlation as a function of density o, and use it as input to the model coe cient ( ), which sets
the spatial phase pattern (see SM, Section S1.3). Equations (1){(3) are then numerically solved for
di erent values of cell density . The t to the experimental data results in an increased extent
of the spatial patterns at the transition density ¢ = 1 (Fig. 3a,c and Fig. S9). Interestingly, the
average oscillation period and average defect density as functions of cell density exhibit trends sim-
ilar to those observed in experiments (Fig. 3d-e). Furthermore, in agreement with the experiments,
+1 ( 1) phase defects rotate clockwise (anticlockwise) over time (Fig. 3b). These measurements
suggest that the temporal and spatial patterns are correlated, as expected from the simple analysis
above.

r( o  COS); (4)
sin ( 0 cos )+ (5)



Malignant cells have more persistent oscillation in breast cancer cell lines

To explore whether this dynamical analysis is informative to pathological processes such as cancer
metastasis, we apply this method to a panel ofin vitro cultures of human breast cancer model
systems, in the order of roughly increasing invasion potential as previously reported: MCF10A,
MCF10A.Vector, MCF10A.14-3-3 , MCF10A.ErbB2, MCF10AT, MCF10CAla [24]. For simplicity,

in the rest of this manuscript we will denote these model systems as: 10A, 10A.Vector, 10A.14-3-3
10A.ErbB2, 10AT, 10CA1la, respectively, as shown in Fig. 4a. 10AT and 10CAla cell lines were
derived by forced expression of mutated H-Ras followed by repeated selection from xenograft tumors.
MCF10A.Vector, MCF10A.ErbB2, and MCF10A.14{3-3 cell lines were previously generated by
stable transfection of control vector, ErbB2, and 14{3-3 ; over expression of ErbB2 or 14{3-3 has
been associated with metastatic recurrence in breast cancer patients [25]. Unexpectedly, across
di erent cell lines higher speeds are associated with enhanced size of cooperative cell packs [24].

For the six breast cancer cell lines, velocity eld was previously obtained using particle image
velocimetry (PIV) of cell phase contrast time-lapse images at similar densities (1900 2000mm 2.
Here, we calculate velocity divergence v using the velocity PIV eld. Previous work has reported
that the MCF10CALla cell line exhibits signi cantly faster migratory speed relative to MCF10AT
and MCF10A [24]. The velocity divergence shows that the most malignant cell lines, 10AT and
10CA1la, indeed have the largest magnitude of divergence, while the other four cell lines show
much smaller velocity divergence [24] (Figs. 4b and S7a-c). In addition, the average divergence
within the eld of view is around zero for the relatively benign cells (10A, 10A.Vector, 10A.14-3-
3, and 10A.ErbB2) but becomes positive for more invasive cells 10AT and 10A.CAla (Fig. S7a).
This might indicate that more malignant cell lines proliferate at a higher rate. Interestingly, the
divergence coe cient of variation (COV)|de ned as the standard deviation divided by the mean of
the divergence signalldecreases with increasing malignancy, suggesting more homogeneous spatial
divergence distribution (Fig. S7b).

Using the same method introduced earlier, we then calculate the phase of divergence for these
breast cancer cells (Fig. S6). The phase kymographs for di erent cell lines suggests that the
persistent time of the phase increases as malignancy increases (Fig. 4c). To quantify this, we per-
form a temporal autocorrelation of phase eld and nd that the phase persistent time increases with
malignancy (Fig. 4d, inset) in agreement with the phase kymograph. The increase in persistence
time with malignancy is consistent with the previously reported trend of persistence length and
cooperative cell pack size [24], showing that more malignant cancer cells are potentially more per-
sistent and collective to facilitate cancer invasion. To further explore temporal behaviors for cancer
cells, we measure the number of phase defects. The measurements reveal that the density of the
phase defects decreases with malignancy (Fig. 4e). In addition, the phase defects have lower speed
in more invasive cells (Fig. 4f). Together, our temporal analysis reveals that more cancerous cells
oscillate more persistently and harbor less phase defects.



Discussion

While spatial correlations in collective cell motion have become a powerful tool for probing the non-
equilibrium physics of epithelial tissues, our ndings highlight the equally critical role of temporal
correlations. We show that con uent epithelial monolayers exhibit large-scale, synchronized oscil-
lations in the divergence of the velocity eld|signatures of sustained expansion{contraction cycles

at multicellular scales. These temporally coordinated dynamics emerge intrinsically from the col-
lective behavior of cells, modulated by factors such as cell density, migration speed, and mechanical
interactions.

A key result of our study is the identi cation of a non-monotonic dependence of oscillation period
on cell density. Notably, both temporal persistence and spatial correlation length of divergence
patterns peak at intermediate densities, then decline as density increases further. This mirrors
trends reported for spatial correlations in previous studies, which link the onset of glassy behavior
to a transition from directed to di usive-like cell motion [10]. Below the glass transition density,
cells engage in collective, coherent migration; above it, motion becomes increasingly constrained and
randomized, resembling that of densely packed deformable particles. The parallel trends in spatial
and temporal metrics observed here suggest that oscillatory phase dynamics o er an independent,
and potentially more accessible, means to detect such glass-like transitions, particularly in systems
where spatial resolution is limited.

To mechanistically interpret these observations, we formulated a continuum model inspired by
the Complex Ginzburg{Landau framework. In this model, the cell density, and the phase, and am-
plitude of active oscillations are dynamically coupled. Local feedback between density and phase
promotes phase alignment with a preferred density state, yielding spatial phase patterns while con-
serving global density. This local density alignment gives rise to spatial patterns in both density
and phase (reducing the phase correlation length scale), and diminishes the density-driven feedback
on the phase, resulting in faster oscillations with shorter periods, consistent with our experimen-
tal observations. Thus, our model captures how collective mechanical feedback can spontaneously
generate and regulate temporally coherent behavior in epithelial sheets.

Extending these insights to pathological systems, we analyzed human breast cancer cell lines
with increasing invasive potential [24, 26, 27, 28]. We nd that highly malignant lines exhibited
more persistent oscillations and fewer phase defects than benign or non-invasive counterparts. This
temporal coherence may re ect an enhanced capacity for collective organization during invasion
and metastasis, consistent with recent reports that collective migration persists even in the absence
of strong cell-cell junctions [29, 30]. Indeed, this persistency could facilitate more e cient tis-
sue penetration and metastatic dissemination [31]. Interestingly, re-analysis of previously reported
datasets [24] reveals a correlation between cell pack size and phase persistence: larger collectives
show more temporally sustained dynamics. This reinforces a broader principle suggested by our
ndings|that temporal coherence in dilatational patterns tracks with spatial organization in both
developmental and disease contexts.

Altogether, our study reveals that temporal phase dynamics in the dilatational modes of collective
cell motion are not only robust and quanti able, but also informative about the mechanical and
organizational state of epithelial tissues. These patterns represent a previously underexplored, self-
organized mode of collective behavior. By o ering a dynamic, time-resolved complement to spatial
correlation measures, temporal phase analysis holds promise for probing morphogenetic processes,
characterizing disease states, and ultimately informing both diagnostic and therapeutic strategies in
cancer biology.



Methods

Experimental methods

MDCK cells imaging. NLS-GFP MDCK cells are grown on PDMS at surface under normal
growth condition. Time resolution of MDCK cell migration video is 15min. MDCK cell velocity is
calculated from uorescent nuclei tracking use Trackmate.

Breast cancer cell lines. The experiments of breast cancer cell lines are from previous work
by Kim et al [24]. MCF10A and other breast cancer cell lines’ velocity eld is calculated using PIV
from phase contrast images. The resolution of MCF10A and other breast cancer cell lines videos is
3min. MCF10A cell line and its derivatives, MCF10AT and MCF10CAla cell lines, were derived
by forced expression of mutated H-Ras followed by repeated selection from xenograft tumors; these
cell lines exhibit increasingly transformed phenotypes and are well-characterized models of breast
carcinoma progression [26, 27, 28]. In addition, MCF10A.Vector, MCF10A.14-3-3, MCF10A.ErbB2
cell lines, which were generated by stable transfection of control vector, ErbB2; overexpression of
ErbB2 or 14-3-3 has been associated with metastatic recurrence in breast cancer patients [25].
Together, these breast carcinoma cell lines provide reliablén vitro models with diverse levels of
invasiveness [26, 27, 28, 25, 32, 33, 34]. Six breast carcinoma model cell lines exhibited diverse levels
of cell-cell adhesion and EMT marker proteins. At day 3 of cell culture, E-cadherin protein was
detected in all cell lines tested with the exception of 10A.14-3-3 cells; the order of increasing E-
cadherin expression was: 10A.14-3-8 10A.ErbB2 <10AT <10CAla< 10A< 10A.Vector. Vimentin
was detectable the strongest in 10A.14-3-3cells and was also detected in other carcinoma cell lines
but not in 10A.Vector; the order of increasing vimentin expression was 10A.Vectok 10A < 10AT <
10CAla< 10A.ErbB2 < 10A.14-3-3 . N-cadherin protein was detected the strongest in 10A.14-3-3
cells and was also detected in other carcinoma cell lines.

Divergence calculation.  Divergence is calculated based on previous work [35, 36]. We choose
kernel radius to be R = 70m , the band width = 40 m , grid size = 10m .

Phase diagram calculation.  The spatiotemporal phase diagram (x;t) is calculated for each
grid over time following the methods in Ref. [21, 19]. We de ned (x;t) = tan (Div (x;t);Div (x;t+
)), where Div (x;t) = Div (x;t) h Div (x;t)i; is the original divergence value subtract by the time

averaged divergence and is a quarter of the divergence signal’'s period. To quantify , we rst
applied a Gaussian lter with the width of 5 time points to Div (x;t) for each pixel (Fig. S3).
Then we nd time points when Div (x;t) crosses zero. The half period is thus the average value of
the time between every consecutive time points. Hilbert phase calculation was performed using the
Hilbert function in MATLAB.

Phase defects tracking.  To track phase defects migration, we used Trackmate in Fiji software,
with linking max distance 50 m .

Phase Auto-correlation. The autocorrelation of phase for each pixel is calculated using the
autocorr function in MATLAB and averaged over space usingh (r;t) (r;t+ t)i, wherehi, shows
average in space. The persistent time of the phase is estimated by linearly tting the rst 5 data
points of the autocorrelation of the phase for the cancer cell data and nding the point where the
line crosses zero for developing epithelia.

Defect instantaneous speed. Instantaneous defects speed is calculated aqt) = jx(t) x(t

t)j= t, where t = 3min is the is the time resolution of the video andx(t) shows the position
of the defect at time t. The average defect velocity is calculated by averaging the velocities of all
defects over the duration of each experiments.

Velocity cross-correlation length. The velocity cross correlation is calculated usingCy, (r) =
hv(x;t)Fv(x; )] v(x+ Xx;t)5v(X+ X;t)jiyj xj=r- The velocity cross-correlation length is de ned



as the distance where the correlation functionC,,, (r) reaches 0.1.

0.1 Simulation Methods and Parameters

We solved the coupled equations (1)-(3) in a square with periodic boundary condition using a nite
di erence method with discretization length scales x = y = 1, and discretization time scale
t=1o0nal50 150, lattice over a total time of t = 1500000 t. We used =0:1, 0.7 1,
0=5 10° =10 4 =10 3, =1, andwe varied the density in the interval 0 :7 o 2:2.
Our results stay valid for other choices of parameters, as long as the natural frequency is large so
that the patterns form in the system due to the mutal e ect of and
The initial condition in all the simulations is a homogeneous density = o with randomly chosen
phase , and constant amplitude A = 1. The initial phase is chosen from a random uniform
distribution in the interval [0 ;2 ]. The measurements are performed in steady state which is de ned
as a time when the number of defects uctuates around a constant value for more than 1800 time
steps.
The phase correlation length in Fig. 3(c) is de ned by measuring the spatial correlation of the phase
vector P(r) = (sin (r);cos (r)) using the de nition of the spatial correlation function c(rg) =
hP(r) P(r+ ro)ir.t, wherehi;; shows the spatial and temporal average, and, shows the distance
between two grids. The correlation length is then de ned as the length scale over which this function
rst crosses zero.
To nd the average period in Fig. 3(c), we calculate the average rotational frequency de ned as
I = h (r;t)= ti;t, where (r;t) shows the change in the phase between two consequnce time
stepst andt+ t at position r. We then de ne and compute the period asT =2 =! .
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Figure 1: Emergence of large-scale oscillatory patterns in MDCK cells on a at surface.

a, NLS-GFP labeled cell nuclei. b, A snapshot of cell velocity calculated from nuclei displacement
in consecutive frames. The length of velocity vectors is scaled with the velocity magnitude; Scale
bar: 20 m/hr. c, Velocity divergencer v colormap. d, Left: velocity divergence variation in
time for all the pixels along the dashed line inc. Right: kymograph of the velocity divergence
show oscillatory ‘source’ (positive divergence) and ‘sink’ (negative divergence) patterns in time.
Colorbar is the same asc. e, Divergence phase (x;t) = tan (Div (x;t);Div (x;t+ )) extracted
from temporal divergence pro le shows large-scale patterns, where is one quarter of the period of
divergence. Phase singularities are de ned as defects. Black dots: +1 defects; white dots: -1 defects.
f, Trajectories of +1 and -1 defects over 10hr.g, The angle change of 3 pairs of +1 and -1 defects
(marked in the dashed boxed ine) over time. The angle is de ned by the boundary of blue( )
and red( ) phases.h, ’-1' defects rotate anticlockwise and '+1’ defects rotate clockwise. Scale bars
ina, c,e:50m. 13



Confluency ————————— Jamming fransition

Figure 2: Cell density a ects temporal oscillations in developing MDCK cells. a, Phase
contrast images of the monolayer as density increases during 30 hr (from left to right).b, Spatial
colormap of , where is one quarter of divergence oscillation period. Scale bars ia-b: 50m . c,
Kymographs of the phase for divergence alongxi;Xz;Xs; X4; X5 in a. Time interval between two
frames is 3 minutes. d, Cell speed decreases as cell density increases. Inset: Cell density increases
as a function of time. e, Probability density function (PDF) of the oscillation period . Bin size:

1.5 min. f, Temporal autocorrelation of (inset) and the persistence timety at di erent densities.
Dashed lines in the inset show the time lag when the autocorrelations reach zero to obtain the
persistence timety. g, Velocity cross-correlation length |, as a function of density. h, Defects
density in the phase as a function of density.
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Figure 3: Continuum model recapitulates the non-monotonic temporal trend as a func-

tion of density when inputting the spatial interaction length scale. a , Shapshots of simula-
tions for various initial densities . Increasing the initial density rst increases and then decreases
the pattern size in the phase. The scale bar represents 15 simulation grid units. +1 (1) phase
defects are shown in black (white). b, Top (bottom) shows two examples of rotation of +1 ( 1)
defect for o = 1 in simulations as a function of dimensionless timet®=t =(2 ). is dened as in
experiments in Fig. 1g. ¢, Dimensionless phase correlation lengttR°= (= ()'¥2R as a function
of density, whereR is the correlation length measured in simulation grid units. We tted quadratic
functions to the square of the velocity correlation length from experiments for densities below and
above the transition density = 1 to determine the functional form of ( () as a function of ¢ and
considered to be proportional to the t with a proportionality constant o (see Section S1.3 in
the Sl). The simulation results shown here yield a spatial correlation consistent with experimental
observations. d, Non-dimensionalised average period of the oscillationsT 4 as a function of density,
where T = T =(2 ), and T is the period of the oscillation measured in simulation time step
units. The average period shows a peak around the densitys = 1 where the correlation length is
maximum, in agreement with the experiments. d, Average defect density = o ¢=( ), where 4
is the average defect density in terms of simulation grid unit, as a function of density. Defect density
rst decreases and then increases with cell density. Parameter values are de ned in the Sl. In panels
(afe), the mean and standard deviation for each density are calculated over four simulations.
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Figure 4: The phase dynamics of divergence in breast cancer cell lines with increasing

invasive potential at constant density. a , Phase contrast images of breast cancer cell lines at
constant density (1900 2000mm 2 with increasing invasive potential: 10A, 10.Vector, 10a.14-3-
3, 10A.ErbB2, 10AT, 10CAla. b, The corresponding velocity divergence. Ina and b scale bar
is 100m . c, Phase kymograph for 10A, 10.Vector, 10a.14-3-3, 10A.ErbB2, 10AT, 10CAla over
5hr, along the linesx; Xg. d, Time autocorrelation of the phase . Inset: Persistence timetg
calculated as the time lag when autocorrelation function reaches zero.e, Box plot showing the
number of defects in the phase decreases as cell lines become more malignahtDefect velocity
decreases in the sequence of 10A, 10.Vector, 10a.14-3-30A.ErbB2, 10AT, 10CAla cells. Error
bars represent standard deviation over time.
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1 Supplementary Information

S1.1 Components of velocity gradient tensor

The velocity gradient tensor r v can be decomposed into the rate of shear tensor, the dilatation
Div = r v, and the vorticity , de ned in 2D as:

=(rvi+rv Ir v)=2 (S1)
Div =r v; (S2)
=(r v’ rv)=2 (S3)

where | denotes the identity tensor. We measured both the magnitude and the Coe cient of
Variation (COV) of the di erent components of the velocity gradient in the experiments over time
(see Fig. S1). As expected, the magnitude of all components decreases with increasing cell density,
due to a reduction in the overall velocity. Although all components are of a similar order of magnitude
(Fig. S1(a)), the CQV is signi cantly larger for the velocity divergence and the vorticity (Fig. S1(b)),
suggesting that spatial patterns predominantly emerge in these elds.

In this paper, we focus on cell density dynamics and modulation. Accordingly, we neglect both
vorticity, which leads to cell rotation without a ecting the local density, and shear, which results in

cell deformation in the absence of changes in the density (or area). We therefore restrict our analysis
to the dynamics and patterns associated with dilatational modes, leaving aside the evolution of a
tensor eld associated with the orientation of force-generating agents and cell shape, as addressed
for example in [37].

S1.2 Model

To construct a continuum theory that couples the cell density and the complex-valued order param-
eter describing the active oscillations of the cells, we follow [22] and phenomenologically write the
coupled dynamics of the density (x;t) and the complex eld G(x;t) as

@ = r%(at+aG+G)+a(G Q); (S4)
@G = bir °G + bGjGj* + G+ G(G+ G) + BG(G  G)+ kkG(G  G)(G + G)
+ b (G GG+ Q)+ bgr rG+hyr r G (S5)

wherea; = a;( ) and b = () are functions of the density. The absence of 2G is a consequence of
symmetry principles, and rotational invariance in the absence of activity (expressed as a dependence
on the density). Similarly, we reject terms such asGG? or G as they do not satisfy rotational
invariance. Then, in the absence of activity, we recover the usual CGL. The coe cientsay; az; b,
bs, bs and by break rotational invariance via the coupling of the amplitude and phase to the density.
We chose the coe cients so that our equations reduce to those introduced in Ref. [22] for a constant
amplitude A. Accordingly, we setaz = by = b; = bg = by =0, and thus we have:

@ = r ?(a;+2aAcos); (S6)
@G = r %G+ G(pA%+ bs)+2iGA[bssin + bsAsin2 J: (S7)

S1



Equations (S6) and (S7) can be expanded and written in terms of the dynamics of the phase and
amplitude as

@ = r ?%(a;+2aAcos); (S8)
@ =2A<(bssin + bgAsin2 )+ = (A% + by); (S9)
@A = A<(pA%+ b)) 2A%=(bssin + bsAsin2): (S10)

In the dynamics of the density, the term with coe cients a, breaks the gauge invariance. When
A =1, these equations converge to the equations introduced in Ref. [22] for

ai = 0 @@= =2, by=0; b= ; kb= ; bz=(i( )+ ) b= 1 )=2
b4: b7:O, %: 2:4, (Sll)

where ¢ is the homogeneous density. Using the coe cients in Eq. (S11), the dynamics of the phase,
amplitude and the density are governed by the minimal model introduced in Egs. (1)-(3) in the
manuscript

@ = r? o Acos); (S12)
@ =(r?2 +2rATr)+ A sin (o+A cos )+ (S13)
@A=(r?A A(r »)+2A (=, A?; (S14)

This gives a minimal model for expansion and contraction patterns of cells observed in the experi-
ments. We note that in our model, the phase is associated with the prefered density of the cells, and
one should not compare the absolute value of the phase in the experiments and in the simulations.

S1.3 Fit to the experimental lengthscale

To explore any correlation between the spatial and temporal patterns, we use the non-monotonic
behavior of spatial correlation of velocity as a function of density, derived from experiments and also
observed in other studies [10, 12], into the dynamics of the complex eld in Egs. (2) and (3) and
measure the average period of the oscillations. First, we non-dimensionalize the equations using the
time scale 2= ( ) and the simulation grid lengthscale  x. We have

@ = r? o Acos) (S15)
@ = (r?2 +2rATr)+ °A'sin (o+ A cos  )+1: (S16)
@A= "(r2A A(r ))+2 'A(= o AY); (S17)
where =2 = ( x2 ), "=2=, 9=2 = x2 ), "=2= (). Thecoecient °

governs the pattern lengthscale in the phase. We thus input ° using the velocity correlation length
from experiments (Fig. 2g). In particular, we t a second order polynomial to the square of the
velocity correlation function as a function of density, for densities below and above the transition,
and use the ts to set the functional form of ©as a function of density o. We nd that the ts
(0)= 0(393 47 +2:6)and ( ¢)=2:6 o(1 0:3 () resemble the experimental lengthscale
squared, with a goodR? value of 0.95, for densities below and above the transition, respectively.
We next solve Egs. (S15)-(S17) numerically and nd the average phase spatial correlation length,
average oscillation period, and average defect density as a function of cell density, as shown in Fig.

S2



3c-e. The simulations con rm that the temporal and spatial patterns are correlated and that we are
able to reproduce the nonmonotonic trends in the temporal period of the phase and phase defects
observed in experiments.

Supplementary Figures

Figure S1: Magnitude and Coe cient of Variation (COV) for divergence, curl, and shear
a, Magnitude of divergence, curl, and shear, for the data shown in Fig. 2.b, The corresponding
coe cient of variation (COV) for panel a.

Figure S2: Cell height and divergence pattern. a, ¢ , Cell nuclei height within a small region
of the epithelium. b, d, The corresponding divergence patterns fola and c. Scale bars: 50m
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Figure S3: Divergence post-processing and period calculation. a , Divergence variation with
time for a series of randomly selected pixelsb, Comparison between divergenc®iv with Gaussian
Itered divergence Div shows a good agreementc, The distribution of the quarter period . d,
The spatial distribution of the quarter period

Figure S4: Comparision between traditional phase calculation method and Hilbert phase.
Three representative examples show that the traditional phase calculation method agrees well with
the Hilbert phase.
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Figure S5: Divergence pattern and phase for MDCK cells with increasing density. a ,
Divergence colormap as cell number density increasesh, Phase colormap as cell number density
increases.

Figure S6: Phase pattern for breast cancer cells (10A, vector, 14-3-3 , ErbB2, AT, CAla) with
increasing malignance levelsa, Phase spatial patterns. b, The quarter period distributions.
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Figure S7: Divergence statistics of breast cancer cells with increasing malignancy. a ,
Average and standard deviation of divergence for di erent cell lines.b, Coe cient of variation for
divergence de ned as the ratio of standard deviation and mean.c, Violin plot for divergence.

Figure S8: Overlay of phase defects with divergence pattern. Defects appear at the boundary
between sources and sinks.
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Figure S9: Density heatmap overlayed with +1 (in black) and 1 (in white) defects.
Schematic of density heatmap as average densityy increases. The scale bar represents 15 simulation
grid units.
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