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Cellular Flow Architecture Exposes the Hidden Mechanics of Biological Matter
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Understanding how biomechanical reorganization governs key biological processes, such as morphogenesis
and development, requires predictive insights into stress distributions and cellular behavior. While traditional
approaches focused on cell motion as a response to stress, we demonstrate that Lagrangian coherent structures
(LCSs)—robust attractors and repellers in cellular flows—precede and drive long-term intercellular stress reor-
ganization, physically governed by the mechanical properties of intercellular junctions. We show that this hidden
flow skeleton correlates strongly with biomechanical metrics, bridging microscopic cell motion with mesoscopic
biomechanics. Specifically, attractors and repellers mark hotspots of compressive and tensile stress enrichment
(exceeding tenfold), alongside heterogeneities in cell packing. Notably, these connections remain robust across
varying strengths of cell-cell and cell-substrate force transmission. Finally, by linking the attracting regions in
the flow skeleton to future cell extrusion spots, we establish a direct link between cell motion and biologically
significant outcomes. Together, these findings establish a framework for using cell motion to independently
infer biomechanical metrics and bridge the scale mismatch between cell motion and biomechanics, potentially
offering a new route to interpret mechanosensitive biological processes directly from cell trajectories.

DOI: 10.1103/2vzk-6ldz

I. INTRODUCTION

Biomechanical reorganizations in cell collectives are cen-
tral to a wide range of physiological processes, from
embryonic development to cancer progression [1,2]. These
processes are governed by a suite of biomechanical metrics,
including mechanical stress [3], cell packing [4,5], and cell
shape [6], which collectively influence mechanotransduction
and cellular functions. However, comprehensive quantifica-
tion of these metrics typically requires distinct measurements
and specialized methodologies. In particular, assessing me-
chanical stress is challenging and often relies on advanced
approaches such as force microscopy or fluorescence-based
probes [7–10]. In contrast, collective cell motion, which is
intrinsically linked to the underlying biomechanical state, can
be readily quantified [7,11–13]. This raises a fundamental
question: Can the dynamics of collective cell motion reveal
the hidden biomechanical state of a tissue, and if so, how?

Addressing this question requires integrating diverse
biomechanical metrics into a cohesive framework, which
is both important and challenging. Each metric provides a
unique perspective on the mechanical environment of the tis-
sue. Yet, the interplay among these metrics and the dynamics
of cell motion, influenced by various factors like substrate
stiffness and cell-cell adhesion, generates a complex land-
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scape [14]. Traditional methods often fall short in capturing
these interactions comprehensively, necessitating innovative
frameworks that can bridge these scales and provide quantita-
tive insights.

Traditional approaches to analyzing cell motion rely on
Eulerian descriptions, where velocity fields are measured
within a fixed laboratory frame using techniques such as
particle image velocimetry (PIV) [15] or optical flow [16].
These methods have revealed important insights, notably the
propagating mechanical waves that globally couple tissue
kinematics and stress [17–21]. However, Eulerian analyses
face two inherent challenges. First, they are subject to tra-
jectory mixing: by measuring fields at fixed positions rather
than following individual cells, Eulerian methods capture only
instantaneous flow information and cannot recover the accu-
mulated deformation history of moving cells. Second, they
often suffer from noise and variability at the cellular scale and
fluctuate rapidly in time [22,23]. Together, these factors hinder
the ability to localize when and where mesoscale biomechan-
ical reorganizations emerge. Moreover, Eulerian descriptions
are inherently frame dependent, limiting their ability to cap-
ture the intrinsic dynamics of cell collectives [24]. These
limitations highlight the need for a frame-independent ap-
proach that can bridge the gap between local cell motion and
mesoscopic biomechanical reorganizations.

A promising alternative lies in the Lagrangian framework,
which focuses on the trajectories of cells rather than instan-
taneous velocity fields. Within this framework, Lagrangian
coherent structures (LCSs) provide a powerful tool for iden-
tifying robust, large-scale patterns in collective cell motion
[24,25]. LCSs act as a “hidden skeleton” of the flow, re-
vealing coherent features such as repellers and attractors that
persist over time and are computable from sparse and noisy
cell trajectories [26]. These structures are quantified using
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FIG. 1. LCSs in cell monolayers. (a) Schematic of LCSs in cell collectives and their links to cell mechanical stress and local cell packing
density. Green curves indicate LCS repellers (high forward FTLE, fwFTLE) and red curves indicate LCS attractors (high backward FTLE,
bwFTLE), with black paths representing cell trajectories. The right panel illustrates fwFTLE as the maximal separation of initially adjacent cells
over the interval [t0, t] (t > t0) and bwFTLE as the maximal convergence of initially distant cells over [t, t0] (t < t0). Ft

t0
(x0 ) denotes the La-

grangian flow map, which maps the position x0 at time t0 to its position at time t . (b)–(d) Representative cell trajectories overlaid on the bright-
field image (b), and the corresponding fwFTLE field (c), fwFTLE2h

0 (x0 ), visualized at the initial tissue configuration x0) and bwFTLE field (d),
bwFTLE0

2h(x2h ), visualized at the tissue configuration at 2 h x2h), over a 2-h interval. FTLE fields are normalized to a scale of 0–1, axes in µm.
(e) Spatial and (f) temporal autocorrelation functions comparing FTLE with Eulerian fields—velocity (Vel.), divergence (Div.), and vorticity
(Vort.)—demonstrating that FTLE exhibits greater spatiotemporal scales (averaged across five independent experiments).

the finite-time Lyapunov exponent (FTLE), which measures
the rate of separation between neighboring trajectories and
thus identifies regions of strong repulsion (fwFTLE) or at-
traction (bwFTLE) [27]. Prior studies demonstrated the utility
of LCSs in uncovering biological phenomena across scales,
from microscopic microtubule self-assembly [28], through
mesoscopic cell layer collective dynamics [29], to macro-
scopic tissue morphogenesis [24,26,30]. Notably, Lee et al.
related FTLE fields to the leading edge of collective migra-
tion [31] and to the chaotic dynamics of cell monolayers
over long timescales [32], while Serra et al. [24] successfully
linked FTLE patterns to large-scale morphogenetic processes
during embryonic development. Crucially, however, despite
the demonstrated relevance of LCSs to biological processes
across scales, their connection to mesoscopic mechanical
features, which is not only experimentally challenging to mea-
sure but also constitute core physical mechanisms underlying
a broad range of mechanosensitive biological processes, re-
mains largely unexplored.

In this study, we demonstrate how this alternative La-
grangian approach can serve as a quantitative framework for
biomechanical reorganizations in cell monolayers. By com-
bining trajectory tracking with Lagrangian gradient regression
(LGR), we extract robust attractors and repellers of the cellu-
lar flow and correlate them with key biomechanical metrics,
including intercellular stress and cell packing. We find that the
repellers expose regions of elevated tensile stress and reduced

local cell packing, while the attractors exhibit the opposite
trends. These connections remain robust across variations in
substrate stiffness and intercellular adhesion, underscoring its
applicability to diverse mechanical contexts. Crucially, we
show that the emergence of attractors and repellers precedes
biomechanical reorganizations, enabling short-term attractors
and repellers to correlate with long-term changes in tissue
mechanics. Mechanical perturbations further reveal that the
physical mechanism of stress persistence is controlled by
cell-cell junctions. Finally, we demonstrate that cellular flow
attractors are associated with future cell extrusion events,
linking our framework to a critical mechanosensitive process
in tissue homeostasis and disease.

II. EXTRACTING LAGRANGIAN COHERENT
STRUCTURES FROM SPARSE CELL TRAJECTORIES

We began by extracting LCSs within monolayers of
Madin-Darby canine kidney (MDCK) cells by computing the
FTLE over a time interval [t0, t] [Fig. 1(a)], directly from
discrete cell trajectories [Fig. 1(b)]. The FTLE is a scalar field
that quantifies local flow deformation by identifying regions
where initially neighboring particles—cells in this study—
either diverge or converge over time, as defined in [27]

FTLEt
t0 (x0) = 1

|t − t0| log
√

λmax
[
Ct

t0 (x0)
]
, (1)

043012-2



CELLULAR FLOW ARCHITECTURE EXPOSES … PRX LIFE 3, 043012 (2025)

where Ct
t0 (x0) is the right Cauchy-Green strain tensor

Ct
t0 (x0) = (∇Ft

t0 (x0)
)�∇Ft

t0 (x0), (2)

with Ft
t0 (x0) denoting the Lagrangian flow map that maps

the position x0 at time t0 to its position at time t . The
largest eigenvalue, λmax, quantifies the maximal stretching
of infinitesimally close trajectories, and its logarithm de-
fines the FTLE. Forward FTLE [fwFTLEt

t0 (x0), with t > t0]
is computed by tracking cell motion forward in time, thereby
quantifying the maximal separation of initially neighbor-
ing cells over the interval. Conversely, backward FTLE
[bwFTLEt

t0 (x0), with t < t0], is computed by tracking cell
motion in the reversed time direction, thus highlighting the
maximal convergence of initially distant cells. Together, re-
gions of high fwFTLE and bwFTLE delineate LCS repellers
[Fig. 1(c)] and attractors [Fig. 1(d)], respectively.

Central to this definition is the Jacobian of the flow map,
∇Ft

t0 (x0), whose accurate estimation requires sufficiently fine
spatial resolution over finite time intervals (see Supplemental
Material [33]). This requirement is particularly challenging in
discrete systems such as cell layers, where sampling is sparse
and constrained by finite cell size. A conventional approach
circumvents this limitation by deriving cell velocities using
PIV [15] and numerically integrating them to generate dense
artificial trajectories for FTLE computation. While this proce-
dure improves spatial resolution, it also introduces noise due
to oversampling.

To overcome these limitations, we implemented the LGR
method [47], which leverages the principle that, over suffi-
ciently short time intervals, local flow can be approximated as
linear. This allows the right Cauchy-Green strain tensor to be
calculated incrementally at each step and combined across the
total time interval. Specifically, the total time interval [t0, t] is
discretized into n intermediate steps (t0 < t1 < · · · < tn = t),
such that the flow map over the entire interval to be expressed
as [48,49]

Ftn
t0 (x0) = Ftn

tn−1
◦ · · · ◦ Ft2

t1 ◦ Ft1
t0 (x0), (3)

with the chain rule yielding

∇Ftn
t0 (x0) = ∇Ftn

tn−1

(
xtn−1

) · · ·∇Ft1
t0 (x0). (4)

At each short time interval [ti, ti+1], least-squares regres-
sion is applied to estimate ∇Fti+1

ti . Specifically, a central cell
xti is chosen, and its Kn nearest-neighboring particles x j,ti
are identified. Then, we compute the relative displacements
�x j,ti = x j,ti − xti and compare them with their updated val-
ues �x j,ti+1 at the next step. These are then assembled into
matrices for regression

Xti = [
�x1,ti �x2,ti · · · �xn,ti

]
,

Xti+1 = [
�x1,ti+1 �x2,ti+1 · · · �xn,ti+1

]
. (5)

The deformed positions Xti+1 are related to the initial posi-
tions Xti through a linear mapping A:

Xti+1 = A Xti , (6)

where the optimal A, approximating ∇Fti+1
ti , minimizes

A = arg min
A

(
1

2

∥∥K
1
2
(
Xti+1 − AXti

)∥∥2

F + γ

2
‖A‖2

F

)
. (7)

Here, ‖ · ‖F denotes the Frobenius norm, the weighting
matrix K is set to the identity to avoid introducing additional
hyperparameters, and γ is a small regularization parameter
(γ � r, where r is the mean intercellular distance). Un-
less otherwise specified, the number of nearest neighbors
(Kn) is set to 40, corresponding to a regression radius of
80 µm, which is approximately the velocity correlation length
[see Fig. 1(e)]. Further details of the regression parameters are
provided in the Supplemental Material.

Validation of LGR against the conventional PIV-based
FTLE method [50] is provided in the Supplemental Material
and Fig. S1. Briefly, both methods yielded consistent FTLE
patterns, but the PIV-based method introduced noise due to
oversampling, whereas LGR produced smoother, more con-
tinuous fields.

Finally, we analyze the spatiotemporal autocorrelations of
FTLE fields and compared them with instantaneous Eulerian
metrics (velocity, divergence, and vorticity). FTLE fields ex-
hibit stronger spatial and temporal correlations [Figs. 1(e)
and 1(f)], with slower decay rates that effectively filter out
short-term oscillations irrelevant to large-scale biomechanical
reorganizations [4,5,19,51]. This highlights LCS as a hidden
skeleton of the cellular flow and a powerful tool for linking
cell motion to mesoscale biomechanical processes.

III. ATTRACTORS AND REPELLERS MARK HOTSPOTS
FOR MECHANICAL STRESS ENRICHMENT

IN CELL MONOLAYERS

To establish a robust link between cell migration and
mechanical stress, we first explore the quantitative relation-
ships between LCS repellers/attractors and intercellular stress
[Fig. 2(a)]. Time-lapse bright-field images of MDCK cell
monolayers were acquired for LCS calculations, with cell
trajectories extracted using a self-trained Cellpose model [52]
and Trackmate algorithms [53] (see Supplemental Material
for details). We compute backward and forward FTLEt

t0 fields
over time intervals T = |t − t0| of 30 min, 1 h, 2 h, 3 h, 4 h,
and 5 h based on these trajectories (see evolutions of bwFTLE
and fwFTLE fields in Supplemental Material, Movie S1).
LCS attractors and repellers are defined as regions with the
top 20% bwFTLE and top 20% fwFTLE values, respectively;
regions exhibiting both high bwFTLE and high fwFTLE
were excluded, as they correspond to Lagrangian saddles [54]
and do not represent purely attracting or repelling dynamics.
In parallel, we measure intercellular stress using Bayesian
inversion stress microscopy (BISM) [7,55], which infers
intercellular stress based on the force equilibrium between
cell-substrate traction and intercellular forces [Fig. 2(a)].

We focuse on the isotropic component of the stress ten-
sor (σxx + σyy)/2 since it plays a key role in modulating
mechanobiological functions [56–58]. Here, positive values
denote tensile stress and negative values indicate compres-
sive stress. The evolution of isotropic intercellular stress,
together with corresponding live-cell imaging, is presented
in Supplemental Material Movie S2. Considering that LCSs
integrate cell motion over defined time intervals, we hypoth-
esize that the stress most directly corresponding to LCS is
its enrichment—quantified as the time rate of stress change
within a time window �t .
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FIG. 2. LCSs track intercellular stress amplifications. (a) Schematic linking LCS attractors and repellers to isotropic intercellular stress.
Bottom: Representative isotropic intercellular stress map from BISM overlaid on a bright-field image (scale bar: 200 µm). (b) Representative
map of isotropic intercellular stress (IsoStress) enrichment over �t = 2 h, overlaid with regions of the top 20% high bwFTLE (red dashed lines)
and high fwFTLE (green dashed lines) within 0–2 h time interval (T = 2 h). (c) Quantification of isotropic intercellular stress enrichment,
showing significant compressive amplification in high bwFTLE regions and tensile amplification in high fwFTLE regions. Data from five
independent experiments span various FTLE intervals (T ) and stress enrichment windows (T = �t = 30 min, 1 h, 2 h, 3 h, 4 h, and 5 h).
Each gray line represents an individual sample/time interval; black lines denote the mean. Statistical significance was assessed using repeated-
measures one-way ANOVA with Tukey’s multiple comparisons test (****p < 0.0001). (d) Tensile principal (top) and compressive (bottom)
stress clusters tracked over (T = 30 min, 1 h, 2 h, and 3 h, overlaid with the corresponding FTLE fields: fwFTLET

0 (xT ) (fwFTLE transported
along trajectories to xT ) and bwFTLE0

T (xT ). Clusters (red: tensile, blue: compressive) are identified based on director alignment within the
black dashed circle. Motion trajectories of clusters are shown as colored lines, and principal stresses are visualized as light-colored directors.
FTLE fields are displayed as underlying colormaps (normalized to a scale of 0–1).

To test this, we overlaid the LCS attractors and repellers
with the stress enrichment map. Figure 2(b) illustrates an
example for the 0–2 h interval (T = �t = 2 h): regions cor-
responding to the top 20% high bwFTLE0

2h (LCS attractors,
outlined by red dashed lines) exhibit enrichment in compres-
sive stress, whereas regions corresponding to the top 20% high
fwFTLE2h

0 (LCS repellers, outlined by green dashed lines) are
enriched in tensile stress. The evolution of stress enrichment,
along with the corresponding LCS attractor and repeller for-
mations, is visualized in Supplemental Material Movie S3.
Quantitative analysis across multiple time scales [T = �t =
30 min, 1 h, 2 h, 3 h, 4 h, and 5 h; Fig. 2(c)] confirmed
the significance of this trend. Remarkably, although averaged
across distinct time intervals from short to long term, the
enrichment magnitudes of compression (3.91 Pa µm/min) and
tension (3.94 Pa µm/min) in attracting and repelling regions,
respectively, exhibit over a ten-fold amplification compared to
those measured in the residual regions (0.38 Pa µm/min). To

further ensure the robustness of these observations, we vary
the threshold for defining high FTLE regions from the top
30% to the top 10%. The trends observed with the top 20%
threshold were consistently reproduced across all thresholds,
as demonstrated in Supplemental Material Fig. S2.

For comparison, we repeated the analysis using instan-
taneous Eulerian metrics (Supplemental Material Fig. S3),
including velocity magnitude, divergence, and vorticity. Re-
gions corresponding to the top/bottom 20% of these fields
are assessed for their relationships with stress enrichment.
In contrast to the strong correlations observed with LCSs,
only subtle relationships were detected using these instanta-
neous metrics. Furthermore, to assess the robustness of the
LCS predictions on intercellular stress, we apply mechanical
perturbations by knocking down E-cadherin (E-cad) and al-
tering substrate stiffness to modify cellular interactions [59]
(see Supplemental Material for details). Notably, the correla-
tions between LCS attractors/repellers and the enrichment of
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compressive/tensile stress persisted under these perturbations
(Supplemental Material Fig. S4).

To better illustrate the spatiotemporal dynamics of
stress reorganization relative to LCS evolution, we apply
a clustering-based visualization approach. Specifically, we
identify regions exhibiting coordinated tensile or compressive
principal stress using a spatial alignment metric and tracked
clusters that persisted for at least 3 h [12,60] (see Supplemen-
tal Material and Fig. S5). We then overlay the positions of
stress clusters at time T with the FTLE fields visualized at the
corresponding tissue configuration xT ; that is, fwFTLET

0 (xT )
(forward FTLE transported along trajectories from x0 to xT ,
see Supplemental Material Fig. S6A) and bwFTLE0

T (xT ).
This visualization reveals that tensile stress clusters tend to
move alongside regions of elevated fwFTLE (see top row of
Fig. 2(d); each panel displays the tracked tensile stress clusters
at T = 30 min, 1 h, 2 h, and 3 h, respectively, overlaid with
the corresponding fwFTLE field), while compressive stress
clusters co-move with regions of high bwFTLE [Fig. 2(d),
bottom row].

To further quantify the cluster-tracking visualizations, we
perform a complementary quantitative analysis that calculates
stress changes along individual cell trajectories. Specifically,
we classify cells into the top 20% fwFTLE group (Sup-
plemental Material Fig. S6A), the top 20% bwFTLE group
(Supplemental Material Fig. S6B), and the residual popula-
tion. We then quantify local stress enrichment by comparing
neighborhood stress values as cells move from x0 to xT , using
the same spatial range applied in the FTLE regression calcula-
tions. This confirms that cells experiencing local neighboring
attraction are enriched in compressive stress, whereas cells ex-
periencing local neighboring repulsion are enriched in tensile
stress (see Supplemental Material Fig. S6C).

Collectively, these findings demonstrate that cells within
LCS attractors exhibit enriched compressive stress, whereas
those within LCS repellers display enriched tensile stress. Im-
portantly, these correlations persist across various time scales
and under distinct mechanical perturbations.

Building on these correlations, we sought to move beyond
correlation and preliminarily assess the predictive potential of
LCSs. To this end, we implement a proof-of-concept machine
learning framework inspired by Schmitt et al. [61], originally
developed to predict traction forces from focal adhesion im-
ages. In our adaptation, forward and backward FTLE fields
are used as inputs to predict the spatial distribution of isotropic
stress enrichment (Supplemental Material Fig. S7A). Despite
limited data, the predicted maps closely match experimental
measurements (Supplemental Material Figs. S7B to S7D),
supporting the feasibility of learning-based prediction of in-
tercellular stress enrichment from Lagrangian features.

IV. LCSs ENCODE BOTH ISOTROPIC
AND ANISOTROPIC STRESS PATTERNS

Recognizing that LCSs capture both isotropic and
anisotropic modes of deformation in cellular flows [24], we
extended our analysis to examine the relationship between
FTLE fields and intercellular anisotropic stress transmission
[7]. Specifically, we computed the maximum shear stress,
defined as (σ1 − σ2)/2, where σ1 and σ2 are the maximum and

minimum principal stresses, respectively (representative maps
are shown in Supplemental Material Figs. S8A and S8B).

Following the same approach used for FTLE-isotropic
stress analysis, we overlay LCS attractors and repellers with
the anisotropic stress enrichment maps (Supplemental Mate-
rial Fig. S8C). As shown in Supplemental Material Fig. S8D,
high bwFTLE regions exhibited reduced maximum shear
stress, whereas high fwFTLE regions showed increased shear
stress. Although the spatial distribution of maximum shear
stress is noisier and more heterogeneous than that of isotropic
stress [7], the observed trends are statistically significant when
considering all tested samples and time intervals.

While these findings highlight the dual sensitivity of
FTLE to both stress components, our primary focus re-
mains on its relationship with isotropic stress. To confirm
that this relationship arises specifically from isotropic modes
of deformation—and not merely from mixed or anisotropic
effects—we isolate the isotropic component of Lagrangian
deformation by computing [62]

iso �t
t0 (x0) = 1

|t − t0| log
∣∣det

[∇Ft
t0 (x0)

]∣∣, (8)

where | det(∇Ft
t0 (x0))| captures local isotropic expansion or

contraction. As shown in Supplemental Material Fig. S9, re-
gions with high forward iso �T

0 exhibit enrichment in tensile
stress, while those with high backward iso �0

T exhibit en-
richment in compressive stress. These trends closely mirror
those observed for FTLE [Fig. 2(c)], providing mechanistic
validation that the FTLE-isotropic stress coupling originates
from underlying isotropic deformation.

V. LCS ATTRACTORS AND REPELLERS MARK
HETEROGENEITIES IN LOCAL CELL PACKING

Key biomechanical metrics, including cell packing density
and cell size, play critical roles in regulating mechanosen-
sitive cellular functions [6,63]. These metrics are not only
influenced by cellular stress [64], for example, through fluid
exchange between cells [65,66], but are also tightly coupled
to collective kinematics. We therefore hypothesize that LCSs
can also predict reorganizations in cell packing and size.
Given the inverse relationship between packing and size, we
focus our analysis on the link between LCSs and cell packing
[Fig. 3(a)]. Local packing density is calculated from Cellpose
segmentations (see Supplemental Material for details). Its
temporal evolution, together with corresponding time-lapse
bright-field imaging, is presented in Supplemental Material
Movie S4.

Following the approach used for intercellular stress, we
overlaid LCS attractors (the top 20% bwFTLE regions) and
repellers (the top 20% fwFTLE regions) onto the time rate
maps of local packing density. As shown in Supplemental
Matrial Fig. S10, regions of attracting LCSs exhibit an in-
crease in local packing density, whereas LCS repellers display
the opposite trends. Building on these, we masked regions
exhibiting increased or decreased local packing density using
a threshold based on the average time rate and quantified
the spatial overlap between these regions and the LCS at-
tractors/repellers using overlap fraction, defined as SFTLE∩S�ρ

SFTLE
.

Here, SFTLE represents the area of the high bwFTLE (or
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FIG. 3. Interplay between LCSs and changes in local cell pack-
ing. (a) Schematic illustrating the changes in local packing within
regions of attracting LCSs (high bwFTLE) and repelling LCSs
(high fwFTLE). Bottom panel: Representative maps of local packing
density overlaid on the bright-field image (scale bar: 200 µm). (b) Ex-
ample spatial overlap between LCS attractors (red dashed: high
bwFTLE)/repellers (green dashed: high fwFTLE) and areas where
the local packing rate is above (orange) or below (blue) the mean
over 0–2 h (overlap fraction for this example is 86.9%). (c) Overlap
fractions between LCS attractors/repellers and areas of increased (or
decreased) local packing across time intervals (T = �t = 30 min,
1 h, 2 h, 3 h, 4 h, and 5 h; mean ± s.d., 5 independent experiments).
The gray circle indicates the example data shown in (b).

fwFTLE) regions, and S�ρ denotes the area of increased (or
decreased) local packing density. Figure 3(b) exemplifies this
spatial correlation, with an overlap fraction of 86.9% show-
ing a clear correspondence between high bwFTLE0

2h regions
(red dashed lines) and regions of increased packing (orange
masks), as well as between high fwFTLE2h

0 regions (green
dashed lines) and regions of decreased packing (blue masks).
As shown in Fig. 3(c), this overlap remains robust across
all time scales, further reinforcing the relationship between
LCSs and local packing density. The observed reduction in
overlap at extended intervals is likely attributable to the loss
of cell tracks over longer time windows, which diminishes the
ability to accurately compute FTLE fields from increasingly
sparse trajectory data. By contrast, the reduced overlap at
short intervals (<2 h) likely reflects intrinsic fluctuations in
cell packing driven by intercellular fluid exchange [5], con-
sistent with prior studies reporting a minimum in cell density
temporal autocorrelation at 2 h [4]. The evolution of the local
packing density, along with the corresponding LCS attrac-
tor/repeller formations, is visualized in Supplemental Material
Movie S5. As with isotropic stress, we repeat the analysis
using instantaneous Eulerian metrics, including velocity mag-
nitude, divergence, and vorticity. These exhibit weaker and
less persistent overlap with packing changes compared to
FTLE (Supplemental Material Fig. S11), highlighting the dis-
tinct implications of the Lagrangian framework. Finally, we
confirm that these patterns persist under mechanical pertur-

bations through E-cad KO and substrate stiffness alterations
(Supplemental Material Fig. S12).

Taken together, these results underscore the unique capa-
bility of LCSs to quantify the spatiotemporal evolution of
local cell packing.

VI. SHORT-TERM LCSS CORRELATE WITH LONG-TERM
PERSISTENT CHANGES IN INTERCELLULAR STRESS

Thus far, our analysis has focused on correlations be-
tween LCSs and biomechanical metrics within the same
time windows. However, a critical question remains: do
short-term LCS dynamics relate to longer-term biomechan-
ical patterns? To address this, we expand our analysis to
determine whether correlations between LCSs and biome-
chanics depend on matching the FTLE time interval (T )
with the time windows (�t) used for calculating biome-
chanical changes. To address this, we fix the FTLE time
interval and computed its spatial overlap with biomechanical
changes while continuously varying the time window used
for calculating biomechanical changes in 10-min increments.
Specifically, both time windows are aligned at their start; for
example, FTLE over 0−30 min was compared with stress
enrichment over 0−30 min, 0−40 min, . . . , 0−5 h. Remark-
ably, our results reveal that LCSs correlate with intercellular
stress enrichment that persists beyond their computed FTLE
time intervals, with peak overlaps occurring after the FTLE
interval.

Figure 4(a) illustrates this phenomenon, showing the over-
lap between high fwFTLE30 min

0 (green dashed lines) and high
bwFTLE0

30 min (red dashed lines) with regions of tensile en-
richment (orange masks) and compressive enrichment (blue
masks). Here, the overlap fraction further increases when
comparing the FTLE field formed after 30 min with stress en-
richment calculated at later time points. This overlap persisted
for stress reorganization measured between 1.5 and 2 h before
decaying, yet remained well above 50% even at 3 h.

Figure 4(b) further validates this persistent correlation
across FTLE time intervals of 1 h, 2 h, and 3 h. In contrast, no
persistence is observed for local cell packing, where overlaps
with high FTLE regions were confined to the corresponding
FTLE time intervals [see Fig. 4(c) and Supplemental Material
Fig. S13]. We also quantify the time delay between the FTLE
time interval and the time window during which biomechani-
cal changes exhibit peak overlap with LCS repellers/attractors
(i.e., high fwFTLE/bwFTLE regions). As shown in Fig. 4(d),
this time delay is significantly greater for stress compared
to density, suggesting that attracting and repelling regions
exhibit persistent amplifications of compressive and tensile
stress, respectively. These results indicate that reorganiza-
tion of LCS patterns precedes mechanical reorganization,
suggesting that coherent cellular motion actively shapes me-
chanical outcomes. In contrast, the reorganization of cell
packing, which is more tightly coupled to the underlying
cell trajectories than stress, occurs concurrently with cellular
flow.

Because intercellular stress transmission is largely reg-
ulated through adherens junctions [67,68], we hypothesize
that the delayed stress realignment following coherent cell
motion depends on the mechanical properties of cell-cell
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FIG. 4. Short-term LCSs correlate with persistent enrichment of intercellular stress. (a) Overlap between LCS repellers (top 20%
fwFTLE30 min

0 , green dashed lines) and LCS attractors (top 20% bwFTLE0
30 min, red dashed lines) with regions of enriched tensile (orange masks)

and compressive (blue masks) stress. Stress enrichment is computed over time windows of 30 min, 1.5 h, and 3 h, while the FTLE interval
remains fixed at 30 min. (b) Quantification of the overlap fraction between LCS repellers/attractors and regions of enriched tensile/compressive
stress. The stress enrichment time window varies in 10-min increments, with curves shown for FTLE intervals of 30 min, 1 h, 2 h, and 3 h
(mean ± s.d., 5 independent experiments). (c) Similar analysis as in (b), but for overlap between LCS repellers/attractors and local packing
density changes, showing a minor time delay between the FTLE interval and the time window during which local packing density changes
(decrease/increase) show the strongest overlap with LCS repellers/attractors. (d) Left: Time delay between the FTLE interval and the time
window during which biomechanical changes (stress and local cell packing) show the highest overlap with LCS repellers/attractors in wild-type
cells on 15 kPa substrates (WT, 15 kPa; mean ± s.d., n = 5, with measurements for fwFTLE and bwFTLE intervals of 30 min, 1 h, 2 h, and 3 h).
Statistical significance was assessed using Welch’s two-tailed t-test (****p < 0.0001). Right: Schematic illustrating the sequence of coherent
motion, cell packing density reorganization, and intercellular stress enrichment. (e) Overlap fractions in E-cadherin knockout MDCK cells on
15-kPa substrates (E-cad KO, 15 kPa) between LCS repellers and enriched tensile stress, and between LCS attractors and enriched compressive
stress, for FTLE intervals of 30 min, 1 h, 2 h, and 3 h (mean ± s.d., n = 3). Results indicate enhanced stress enrichment persistence compared
to WT cells on the same 15 kPa substrate. (f) Overlap fractions in WT cells on 3-kPa substrates (WT, 3 kPa) between LCS repellers and
enriched tensile stress, and between LCS attractors and enriched compressive stress, for FTLE intervals of 30 min, 1 h, 2 h, and 3 h (mean
± s.d., n = 3). Results indicate reduced stress enrichment persistence compared to WT cells on the stiffer 15 kPa substrate. (g) Time delay
between the FTLE interval and the window during which enriched tensile and compressive stress regions exhibit the highest overlap with
LCS repellers and attractors is compared across conditions (WT, 15 kPa; E-cad KO, 15 kPa; WT, 3 kPa). Data are shown as mean ± s.d.
(n = 3 for E-cad KO, 15 kPa and WT, 3 kPa; n = 5 for WT, 15 kPa), with measurements for fwFTLE and bwFTLE intervals of 30 min, 1 h,
2 h, and 3 h. Statistical significance was assessed using Welch’s one-way ANOVA with Dunnett’s T3 multiple comparisons test (*p < 0.05,
****p < 0.0001). Right: Schematic illustrating the influence of E-cadherin expression and substrate stiffness on the time delay between FTLE
patterns and persistent stress enrichment.

junctions. To test this, we disrupt intercellular junctions by
knocking out E-cadherin (E-cad KO) and then fix the FTLE
time interval to calculate its spatial overlap with intercellular
stress enrichment across varying time windows. Interestingly,
E-cad KO cells exhibited an extended delay in stress re-
alignment compared to wild-type cells [Fig. 4(e)], reflecting
an increased time lag between coherent cell motion and
stress enrichment. Conversely, wild-type cells cultured on
soft substrates, characterized by enhanced E-cad expression
and stronger intercellular junctions (Supplemental Material
Fig. S14) [55,69,70], display a more synchronous overlap
between FTLE patterns and stress changes [Fig. 4(f)]. The
differences are further quantified in Fig. 4(g), where E-cad KO
cells on 15 kPa substrates show significantly higher delays,
and wild-type cells on 3 kPa substrate show significantly
lower delays compared to wild-type cells on 15 kPa substrates.
This is in line with the recent notion that stronger intercellular

junctions can more efficiently transmit stress to neighboring
cells [71], whereas weaker junctions impair long-range stress
transmission, leading to prolonged local stress enrichment.

Collectively, these results demonstrate that LCSs calcu-
lated from short-term cell trajectories are correlated with
long-term reorganizations in intercellular stress. Moreover,
the persistence of stress changes following coherent motion
depends on the mechanical properties of cell-cell junctions:
systems with stronger junctions exhibit more synchronous
overlaps between FTLE patterns and stress changes, whereas
systems with weaker junctions show delayed overlaps. Im-
portantly, we also confirm that these perturbations have
minimal effects on the synchronous correlations between
LCSs and changes in cell packing density (see Supple-
mental Material Fig. S15), underscoring the specificity of
LCSs in independently disentangling distinct biomechanical
factors.
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FIG. 5. LCSs associate with cell extrusion events. (a) Representative bright-field image of a cell extrusion event at time te (axes in µm).
The inset shows a zoomed-in view of the extrusion event centered in the image. (b) Left: bwFTLE fields (normalized to a scale of 0–1)
calculated from cell trajectories between te − 10 min and te, denoted as bwFTLEte−10 min

te
. Right: bwFTLE fields (normalized to a scale of 0–1)

calculated from cell trajectories between te − 90 min and te, denoted as bwFTLEte−90 min
te

. The bwFTLE fields are averaged over 75 extrusion
events, with the extrusion sites aligned at the center of the field of view, marked by a yellow cross. (c) Relative bwFTLE at extrusion sites,
defined as the ratio of the averaged bwFTLE at the extrusion sites to that of other regions, across different time intervals (T ). Each scatter point
represents the relative bwFTLEte−T

te
, calculated using cell trajectories from te − T to te, where T spans 10 min [corresponding to the left panel

of (b)] to 90 min [corresponding to the right panel of (b)] in 10-min increments. Results are averaged over 75 extrusion events. (d) bwFTLE
fields (normalized to a scale of 0–1) calculated using 10-min time interval at specific times τ prior to extrusion. Left: bwFTLE calculated
from trajectories between te − 20 min and te − 10 min (τ = 10 min). Middle: bwFTLE calculated from trajectories between te − 30 min and
te − 20 min (τ = 20 min). Right: bwFTLE calculated from trajectories between te − 40 min and te − 30 min (τ = 30 min). The bwFTLE fields
are averaged over 75 extrusion events, with extrusion sites centered and marked by a yellow cross. (e) Quantitative results showing the relative
bwFTLE at extrusion sites, calculated using 10-min trajectories at various times τ prior to extrusion.

VII. CORRELATION OF LCSS WITH
MECHANOSENSITIVE BIOLOGICAL PROCESSES:

CELL EXTRUSION SITES

Beyond biomechanical metrics, we explore the potential of
LCSs to describe mechanosensitive biological processes. To
illustrate this capability, we investigate cell extrusion—a cell
elimination mechanism essential for maintaining homeostasis
that is regulated by both mechanical stress and cell packing
[56,58,72,73]. Here, 75 extrusion sites are analyzed, each
cropped to a 260 µm square with the extrusion event centered
[see Fig. 5(a)].

First, we examine whether the attractor/repeller regions
correlate with extrusion events. To this end, we calculat bwF-
TLE and fwFTLE fields using cell trajectories before and after
the extrusion time te, with time intervals (T ) ranging from 10
to 90 min. Averaged over the 75 events, the bwFTLE fields
calculated from trajectories prior to extrusion (bwFTLEte−T

te )
consistently display significantly elevated values at the extru-
sion sites, regardless of whether a short-term [T = 10 min;
see left panel in Fig. 5(b)] or long-term [T = 90 min; see
right panel in Fig. 5(b)] time interval was used. To quantify
this trend, we calculate the relative bwFTLE by dividing the
average bwFTLE within a circular region (with a radius equal

to the average cell radius) centered at the extrusion site by the
average bwFTLE outside that region. For all time intervals
from 10 to 90 min, the relative bwFTLE at the extrusion sites
exceeds 1. We also confirm significantly elevated bwFTLE
at extrusion sites compared to surrounding regions (Supple-
mental Material Fig. S16). Conversely, following extrusion,
fwFTLE values are elevated at these sites (see relative fwF-
TLE in Supplemental Material Fig. S17 and corresponding
statistical comparisons in Supplemental Material Fig. S18).
These demonstrate that cell extrusion events are associated
with LCS attractors and repellers. In addition, this correlation
is robust to variation in the regression neighborhood size (i.e.,
the number of nearest neighbors used in the FTLE calcula-
tion), as confirmed by tests with neighborhood sizes ranging
from 5 to 60 (20 neighbors were used in Fig. 5). At the same
time, increasing the neighborhood size—shifting the analysis
from localized motion toward broader patterns—gradually
reduces both the magnitude and statistical significance of
elevated bwFTLE at extrusion sites (Supplemental Material
Fig. S19), consistent with the localized nature of extrusion
events [56].

Building on our earlier finding that short-term LCSs are
linked to long-term stress enrichment, we further assesses
whether LCSs associate with future extrusion events. In this
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analysis, we compute bwFTLE using cell trajectories ending
at te − τ [instead of at te as in Figs. 5(b) and 5(c)], where τ

denotes the time before extrusion. Figure 5(d) shows bwFTLE
fields computed from 10-min intervals (T = 10 min) ending
at te − τ for τ = 10, 20, and 30 min. Interestingly, these fields
exhibit elevated values at the future extrusion sites, although
the magnitude of the elevation decreases with increasing τ

[Fig. 5(e)]. Quantitative analysis confirms that trajectories
ending 20 min prior to extrusion show significantly higher
bwFTLE at extrusion sites compared to surrounding regions
(Supplemental Material Fig. S20).

These findings demonstrate that attracting LCSs, as indi-
cated by high bwFTLE values, serve as short-term markers
that correlate with future extrusion events. The shorter lead
window for extrusion relative to long-term stress enrichment
likely reflects the multifactorial nature of extrusion, which is
modulated not only by the persistent enrichment of mechan-
ical stress [58], but also by transient changes of local cell
packing [72,73], which we show to be synchronously linked
with LCSs reorganizations with small temporal lag.

VIII. DISCUSSION

Our findings reveal how the hidden architecture of un-
derlying cellular flows, captured by LCSs, are intimately
linked with key biomechanical changes and can drive long-
term reorganization of intercellular stress. By establishing a
unified framework that relies solely on cell trajectories to
extract robust LCS attractors and repellers from the cellu-
lar flow field, we first bridge the scale mismatch between
microscopic cell motion and mesoscopic biomechanics. We
then demonstrate strong correlations between LCSs and cru-
cial biomechanical metrics. Specifically, LCS attractors and
repellers mark hotspots characterized by significant enrich-
ments of compressive and tensile stress—exceeding ten-fold
amplifications, respectively. Moreover, LCS attractors accu-
rately capture heterogeneous regions of elevated local cell
packing whereas LCS repellers identify the opposite. Notably,
these correlations persist across diverse mechanical environ-
ments, including substrates of varying stiffness and conditions
of disrupted cell-cell adhesion via E-cadherin knockout
(E-cad KO).

Most importantly, we discover that LCSs not only correlate
with intercellular stress reorganizations occurring during the
corresponding cell motion, but also exhibit alignments with
long-term stress enrichment over extended time windows.
For example, LCS attractors and repellers computed from
short-term cell trajectories (30 min) are associated with en-
riched compressive and tensile stress lasting for at least 5 h
[Fig. 4(b)]. Comparisons across different E-cad expression
levels and substrate stiffnesses indicate that the persistence
of stress changes following coherent motion is modulated
by the mechanical properties of cell-cell adhesions: systems
with stronger junctions exhibit more synchronous overlaps
between LCS patterns and stress changes, whereas systems
with weaker junctions display delayed stress realignment.
Building on this feature, we further illustrate that LCS at-
tractors correlate with future cell extrusion events—a pivotal
mechanosensitive process in tissue homeostasis and disease.
These findings underscore the potential of our approach to

reveal quantitative connections with a wide range of biolog-
ically significant mechanosensitive events [74], solely from
cell motion data.

While our experiments directly probed the role of cell-cell
adhesion, the observed delays and synchrony in stress realign-
ment can also be understood in the broader context of ad-
hesion crosstalk. Intercellular stress transmission is mediated
by adherens junctions [67,68] whose effectiveness is modu-
lated by integrin–cadherin crosstalk with focal adhesions [75].
Consistent with this, E-cadherin knockout cells—with weaker
junctions and compensatory strengthening of focal adhesions
[71]—exhibit prolonged delays in stress realignment, whereas
wild-type cells on soft substrates—with enhanced junctional
adhesion (see Supplemental Material Fig. S14) and weakened
focal adhesions [76]—show more synchronous stress trans-
mission. This interpretation supports the view that stronger
intercellular junctions, together with weaker focal adhesions,
promote collective stress propagation [71], whereas weaker
junctions combined with enhanced focal adhesions bias cells
toward more individual behavior and impaired cell-cell stress
transmission [55,77]. Thus, although our data specifically ad-
dress cell-cell adhesion, they are consistent with a broader
principle whereby persistent stress enrichment reflects the
balance between intercellular and cell-substrate adhesion in
tissues.

These novel insights from Lagrangian analyses emerge
from two complementary perspectives. First, fundamentally,
LCSs provide a Lagrangian measure that follows individ-
ual cells over time, accumulating their deformation history
and revealing frame-invariant attracting/repelling patterns of-
ten invisible to instantaneous Eulerian velocity, vorticity, or
divergence fields. This advantage is evidenced by our re-
sults showing that Eulerian metrics struggle to identify and
spatially map regions where stress changes concentrate (Sup-
plemental Material Fig. S3). Second, by using LCSs to filter
noise and extract coherent patterns in cell groups, our frame-
work identifies mesoscopic features rather than detailed local
fluctuations. Notably, Eulerian studies—exemplified by me-
chanical wave analyses [17,18,21]—investigate large-scale
links between cell motion and stress, having established
global relationships between these fields. This provides the es-
sential mechanistic foundation for the correlations we identify
using Lagrangian methods. However, our framework focuses
on a complementary perspective by spatially localizing coher-
ent motion patterns and revealing where stress reorganization
concentrates over finite timescales. This feature has potential
to be extended toward predictive stress mapping, as prelimi-
narily demonstrated in our proof-of-concept machine learning
framework (Supplemental Material Fig. S7).

In addition to the potential applications for identifying
spatiotemporal relationships with biological functionalities,
another interesting avenue for future research with our pro-
posed framework is exploring the potential relationships
between LCSs and active nematic behaviors in cell collec-
tives. Recent studies using microtubule-kinesin mixtures have
shown that the motion of active nematics is controlled by
the dynamics of attracting and repelling LCSs, whose mo-
tion is in turn mediated by the formation of topological
defects [28]. Considering that active nematic behaviors in cell
collectives have been extensively identified in recent years
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[56,57,78–80], it would be interesting to explore the poten-
tial links between the cell nematic behaviors, like nematic
ordering and defects dynamic, to the coherent motions in cell
layers.

From the methodological perspective, the major strength
of the LCSs framework lies in its solely reliance on kinematic
information. In this study, we utilized cell trajectories, which,
by considering the sparse nature of cell collectives, reduced
noise and enhanced the accuracy of our analysis. Additionally,
LCSs can be identified from continuous velocity fields by ar-
tificially integrating the velocity to reconstruct trajectories, as
demonstrated in our FTLE calculations using PIV-derived ve-
locity fields (see Supplemental Material Figs. S1A and S1B).
This adaptability makes the framework broadly applicable
across biological systems, including those where individual
trajectories are unavailable and only velocity field measure-
ments are feasible, such as chromatin flows [81] and bacterial
biofilms [82].

Moreover, the applicability of LCSs extends beyond mo-
tion data; it can be employed for analyzing other vector
fields to filter out localized and transient transport effects,
thereby identifying robust structures. For instance, analyz-
ing the traction force fields with LCSs could identify stable
force topologies, while employing it on cell-polarity vector
fields [83] may reveal persistent polarization regions. These
applications present a promising approach for bridging the
gap between various microscopic properties and mesoscopic
and macroscopic biological processes. Importantly, the cor-
relations between LCSs and mechanical stress and packing
density identified in this study may not be restricted to

biological systems. Recent findings indicate similar correla-
tions between LCSs and polymeric stress fields in long-chain
polymers [84], suggesting that these relationships could be
universal across time-dependent dynamical systems. Future
studies could further enhance the predictive power of LCSs by
machine learning approaches [13,61], extending beyond the
stress prediction we demonstrate here to include prediction of
events such as cell extrusion, broadening its applications in
both biological and nonbiological contexts.
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