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Origin of yield stress and mechanical
plasticity in model biological tissues

Anh Q. Nguyen 1,2, Junxiang Huang 1,2 & Dapeng Bi 1,2

During development and under normal physiological conditions, biological
tissues are continuously subjected to substantial mechanical stresses. In
response to large deformations, cells in a tissue must undergo multicellular
rearrangements to maintain integrity and robustness. However, how these
events are connected in time and space remains unknown. Here, using theo-
retical modeling, we study the mechanical plasticity of cell monolayers under
large deformations. Our results suggest that the jamming-unjamming (solid-
fluid) transition can vary significantly depending on the degree of deforma-
tion, implying that tissues are highly unconventional materials. We elucidate
the origins of this behavior. We also demonstrate how large deformations are
accommodated through a series of cellular rearrangements, similar to ava-
lanches in non-living materials. We find that these ‘tissue avalanches’ are
governed by stress redistribution and the spatial distribution of “soft” or vul-
nerable spots, which are more prone to undergo rearrangements. Finally, we
propose a simple and experimentally accessible framework to infer tissue-level
stress and predict avalanches based on static images.

During morphogenesis and under normal physiological conditions,
biological tissues continuously experience substantial mechanical
stresses1. Research efforts to understand the remarkable deform-
ability of epithelial tissues employ both experimental and compu-
tational approaches. Experimentally, studies focus on the tissue’s
responses to external stresses2–6, where a stress-driven unjamming
transition has been noted6. On the simulation front, the cellular
Potts and Vertex-based models are utilized to probe tissue
rheology7,8, uncovering nonlinear elasticity and rheological
properties8,9. However, with few exceptions10, research has pre-
dominantly focused on the shear startup regime. This leaves a gap in
our understanding of tissue behavior under steady shear and the
mechanisms underpinning yield-stress behavior in tissues. Beyond
the yield stress, materials typically flow through plastic rearrange-
ments. Similarly, within tissues, mechanical plasticity occurs
through cellular rearrangements, enabling the maintenance of
integrity and robustness. While there is extensive literature on how
individual cells rearrange with their neighbors11–14, significant gaps
remain in understanding how these localized events connect over

time and space. Moreover, a major challenge lies in elucidating how
these collective interactions lead to mechanical responses at the
tissue level. In the context of material plasticity, avalanche-like
behavior, prevalent in phenomena ranging from earthquakes to
ferromagnets, involves small perturbations triggering significant
collective responses15. Systems exhibiting these instabilities display
self-organized criticality16 and power law scaling in their obser-
vables, indicating that the process belongs to a specific universality
class. Proliferation-driven avalanche-like behavior has recently been
studied using numerical simulation of the Drosophila eye disc,
suggesting that avalanches provide a macroscopic mechanism for
epithelial tissues to alleviate accumulated proliferative stress17.
Additionally, there is evidence of motility-induced avalanches in the
epithelial tissue of Trichoplax adhaerens18, where dynamic forces
from the organism’s motility trigger localized microfractures that
cascade into larger fractures, a hallmark of avalanche dynamics.
Moreover, shear-induced avalanches were first documented in
vertex-based models in19 and later in9,10, yet a detailed examination
of the growth and evolution of these avalanches is still lacking.
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In this work, we investigate tissue mechanical plasticity using the
Voronoi-based Vertex model under quasi-static shear. Our results
imply that the solid-fluid transition point–also referred to as the
jamming-unjamming transition in recent literature20–22–does not occur
at a singular point but varies depending on the degree of shear
deformation the tissue undergoes. Furthermore, we discover states
where tissues possess yield-stress properties but lack a conventional
shear modulus in our simulation. These states exist in a solid-fluid
coexistence phase near the jamming-unjamming transition, which we
explore through amodified version of the Soft Glassy Rheologymodel
to elucidate the origins of these complex states. The coexistence of
fluid and solid phases suggests that even traditionally fluid-like tissues
can accumulate stress in response to deformation, highlighting the
need for a parameter-free, model-independent tissue stress inference
method. Here, we propose an easily implementablemetric to estimate
tissue stress from static snapshots of tissue configurations without
requiring any prior knowledge of the system. Additionally, our
research not only provides insight to how tissue manages large
deformations through multicellular rearrangements akin to ava-
lanches observed in non-living materials but also connects these
phenomena to the tissue-levelmechanical responses discussed earlier.
These “tissue avalanches” are driven by stress redistribution and the
spatial distribution of soft spots23–26, elements that echo earlier dis-
cussions on mechanical responses and rheological properties. By
quantifying the spatiotemporal correlations within these rearrange-
ments, we propose amethodological framework capable of predicting
collective rearrangements.

RESULTS
The confluent jamming transition is not unique
To investigate the mechanical behavior of dense epithelial tissues
under substantial deformation, we employed a Voronoi-based Ver-
texmodel9,21. The cell centers {ri} and their geometric configurations
are derived from Voronoi tessellation. The biomechanical interac-
tions are captured through a dimensionless mechanical energy
functional27 expressed as: ε=

PN
i = 1½κAðai � 1Þ2 + ðpi � p0Þ2�, where ai

and pi are the dimensionless area and perimeter of each cell, κA is
the rescaled area elasticity, and p0 is the preferred cell shape index
illustrating the cells’ homeostatic shape (see “Methods”). To probe
the tissue response, we applied quasi-static simple-shear deforma-
tion using Lees-Edwards boundary conditions. Strain was incre-
mentally increased, and the FIRE algorithm was used to minimize
energy (see “Methods”).

In the absenceof shear, it hasbeendemonstrated that thepreferred
cell shape index p0 drives a rigidity transition at p0 =p

�
0 � 3:81, where

the linear response shear modulus vanishes20. Recent studies9,28 have
shown that beyond this transition point, in the liquid phase (p0>p

�
0), the

modeled monolayer can undergo strain-stiffening, indicating a gain in
rigidity upon strain application. In our quasi-static shearing protocol, we
explore beyond the linear response shear startup regimes and into the
largedeformationor steady-shear limit. In this regime, the tissue exhibits
plastic flow primarily through cell-cell rearrangements, or T1 transitions.
Here, the tissue’s yield stress is given by

σyield = lim
_γ!0

hσð _γÞi ð1Þ

Where σ is the xy-component of the stress tensor. The average is taken
over all strain values in the steady shear regime. As illustrated in Fig. 1a,
while the startup shear modulus G0 � limγ!0∂σ=∂γ (see Methods, Eq.
(11) for the calculation of shear modulus) vanishes9 at the rigidity
transition p0 ≈ 3.81, signaling a solid-to-fluid transition, the yield stress
σyield does not disappear. Instead, it vanishes at a greater cell shape
index, p0 ≈ 4. This suggests a marked difference in tissue responses
between the transient shear startup and steady-shear regimes.

Under steady shear and at shape indices higher than the rigidity
transition associated with shear startup (i.e., at p0>p

�
0), initially fluid-

like systems can intermittently exhibit solid-like behavior before
reverting to fluid-like states after yielding (Fig. 1(c)). Here the solid-like
states are characterized by a non-zero shear modulus,(e.g., states c, d,
e in Fig. 1c), while states that do not resist shear deformation, indicated
by having zero shear modulus, are fluid-like (e.g., states a, b, f in
Fig. 1(c)). To transition from state b to state c, the system gains rigidity
under shear, moving from a fluid-like to a solid-like state. Stress then
builds up, as indicated by edges experiencing high tension (Fig. 1e).
Once sufficient stress is stored, the system yields, relaxing this stress
via collective rearrangements, commonly referred to as avalanches,
and transitions from state c to state d.

In the steady-shear regime, we can compute the instantaneous
shear modulus (see “Methods”) to quantify solid vs. fluid-like states.
The solid-fluid coexistence is reflected in the bimodal distribution of
the shear modulus p. d. f(G) shown in Fig. 1b, where the fluid phase is
associated with a peak near the numerical noise floor of the shear
modulus ( ~10−12), while the solid phase corresponds to a finite shear
modulus. The shifting behavior of the distributions can be quantified
by the fraction of solid states ρsolid shown in Fig. 1b. States below the
rigidity transition p0 =p

�
0 � 3:81 are therefore always in the solid

phase, which we term a pure solid. In the range p0 ∈ [3.81, 4], ρsolid
drops below 1, indicating a solid-fluid coexistence, which we refer to as
marginal. For p0 > 4, the simulated tissue always remains in the fluid
phase as it cannot build up stresses in response to shear strain. This is
consistent with the yield stress vanishing at p0 ≃ 4.0. The fact that the
material response depends on the application of shear is reminiscent
of shear jamming in granular materials, where a state below the iso-
tropic (un-sheared) jamming threshold can be jammed with the
application of shear29–32. The coexistence of solid and fluid phases also
has analogs in dense suspensions near shear jamming33 and dis-
continuous shear thickening10,34.

Predicting the tissue yield stress using a refined Soft Glassy
Rheology model
Given the continuous behavior of yield stress across the pure solid -
marginal state transition,weaimed todevelopaunifiedmodel todeepen
our qualitative understanding of the steady-shear regime properties
using the Soft Glassy Rheology (SGR) framework35,36. In the SGR model,
mesoscopic elements, characterized by an elastic constant k and local
strain l, are confinedwithin energy trapsE, where they accumulate elastic
energy as macroscopic strain increases, approaching a yield point either
directly or through an activated “hop" driven bymechanical fluctuations
from the yielding of neighboring elements. The material’s dynamics
under shear are governed by the probability distribution P(E, l, t) evol-
ving in time t, which follows the Fokker-Planck equation35,36:

∂
∂t

PðE, l, tÞ= � _γ
∂PðE, l, tÞ

∂l
� g0e

½E�kl2=2�=xPðE, l, tÞ+ gðtÞρðEÞδðlÞ: ð2Þ

The first term in Eq. (2) represents the motion of the elements driven
by the applied shear rate, _γ. The second term describes thermally
activated hopping from a trap with an effective depth of E − kl2/2,
which corresponds to the remaining distance to yielding. x and g0
represent the mechanical noise in the system akin to temperature and
the hopping rate, respectively. The final term represents the transition
to a new trap with energy E drawn from a quenched random dis-
tribution ρ(E). The Dirac-delta function δ(l) reflects the assumption
that the local strain l is reset to zero after yielding. The total yielding
rate at time t, g(t), is explicitly defined in the SI text (see SI).

In the SGR model, the choice of the functional form of ρ(E) criti-
cally influences material behavior36. Direct measurement of energy
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barrier distributions is challenging, leading prior studies to adopt
generic or ad hoc assumptions about ρ(E), such as an exponential
distribution37–40. In this work, we introduce a novel approach based on
the distinctmesoscopic tissue phases observed: (1) fluid elements with
zero yielding energy (E = 0) and (2) solid elements with finite yielding
energy (E > 0). Consequently, we propose a refined ρ(E):

ρðEÞ= f 0δðEÞ+ ð1� f 0Þ
Eκ�1e�E=x0

ΓðκÞxκ
0

: ð3Þ

Here, f0 denotes the probability of an element transitioning to a state
with E = 0, while 1 − f0 corresponds to transitions into states with
energy sampled from a k-gamma distribution, parameterized by the
mean x0 and shape factor κ, and Γ(κ) is the Gamma function. This is
based on the previous observation that the energy barriers to the T1
transition follow a k-gamma distribution20,41 with κ ≈ 2. Together, Eqs.
(2) and (3) describe three potential transitions in the energy landscape,
as depicted in Fig. 1: (1) fluid–to–fluid a → b, (2) solid–to–solid c → d,
and (3) solid–to–fluid e → f.

We next examine the steady state behavior of Eq. (2) in the quasi-
static limit ( _γ ! 0), with details shown in the SI text. This behavior is
governed by three parameters: the dimensionless ratio of mechanical

noise to mean yielding energy χ = x/x0, the probability f0 of transi-
tioning to a fluid state, and the elastic constant k of solid elements.

An important aspect of the SGR model is that the fluctuations
driving rearrangements originate from the mechanical noise gener-
ated by other surrounding rearrangement events in the system. These
fluctuations are analogous to the energy released during yielding
events observed in our simulations. To correlate this mechanical noise
with our empirical data, we introduce the following relationship:

χ =
x
x0

/ hΔEi
hEi : ð4Þ

Here, 〈ΔE〉 represents the average energy dissipated during
yielding events, while 〈E〉 denotes the average energy of cells in the
solid state. Next, by analyzing the steady-state solution of Eq. (2), we
determine the probability that an element is in the solid phase as a
function of f0 (see SI, Eq. S.9). This precisely corresponds toρsolid in our
simulations (Fig. 1b). Finally, we treat the elastic constant k as inde-
pendent of the shape index p0. Given that both hΔEi=hEi and ρsolid
depend on p0, the yield stress predicted by the SGR model (see SI)
effectively varies only with p0. This approach contrasts with previous
studies that employed the SGRmodel37–39,42, in which χ = x/x0was often
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Fig. 1 | Shear Response and Yielding Behavior. a Distinct behaviors in shear
startup and the steady-shear regime. Top: The shear modulus of the unsheared
tissue (γ = 0). The shearmodulus is obtained using linear-response calculation (see
“Methods”). Bottom: The yield stress σyield obtained from the steady-state shear
regime of quasi-static simulations is compared with that obtained from the SGR
model, where the only fitting parameter in the model---the elastic constant of an
element---was chosen to be k = 0.0386. b The probability of finding the system in
solid state as a function of p0. Inset: Distribution of tissue stress at different p0.
c Stress-strain curve example showing different yielding types: a fluid state yields to
another fluid states a → b, a solid state yields to another solid one c → d, and a solid

state yields to afluid state e → f.dSchematicof thedynamics of elements in theSGR
model: The energy landscape of thematerial consists of traps with different depths
E drawn from a distribution ρ(E) that characterizes the structural disorder of the
material. Yielding events are captured by transitions from one trap to another. The
three types of transitions illustrate the transitions observed in the simulation.
e Simulation snapshots at different stages of a stress buildup and relaxation pro-
cess. The edge thickness represents the edge tension, with thicker edges indicating
higher tension. Here, the states correspond to the ones labeled in panel e. Source
data are provided in a Source Data file.
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treated as afitting parameter. In our research,wederive χdirectly from
simulation data, enhancing the predictive accuracy of our theoretical
results and distinguishing our use of the SGR model as predictive
rather than merely descriptive. In Fig. 1(a), we plot the SGR-predicted
yield stress as a function of p0, demonstrating that the SGR model
accurately predicts the vanishing point of the yield stress and its
dependence on the cell shape index σyield(p0).

The dual-state SGR model identifies two primary mechanisms
responsible for the yield stress transition: (1) As p0 increases, states
with zero yielding energy barriers become more prevalent, leading to
frequent yielding under deformation. This behavior is depicted by
transitions such as a → b and e → f in Fig. 1d; (2) Concurrently,
mechanical noise from stress redistributions approaches the scale of
the yielding energy barriers, enhancing the likelihood of solid-solid
transitions through activated processes induced by neighboring rear-
rangements, as illustrated by c → d and e → f.

A new method to infer tissue stresses based on instantaneous
snapshots
The coexistence of phases observed in the Vertex-based model rein-
forces the idea that tissues behave as yield stress materials while also
exhibit fluid-like behavior. When combined with Soft Glassy Rheology
(SGR) theory, this coexistence allows for predictions for tissue yield
stress basedon thehomeostatic cell shape indexp0. Givenp0, theVertex
based model could also provide an estimate of the instantaneous tissue
stress using Eqn. (10). However, determining the homeostatic target
shape index p0 remains an experimental challenge. In contrast, seg-
mented cell configurations in tissues are experimentally accessible and
have been utilized in several non-invasive stress inferencemethods such

as Bayesian Inference method43,44 and the image-based Variational
method45. Although the Bayesian Stress Inference method proposed by
Ishihara and Sugimura44 has been applied to various systems, including
Drosophila notum, retinal ommatidia, germband, and the quail early
embryo46,47, its results strongly depend on a prior distribution of edge
tension and cell pressure, which is not necessarily normally distributed
as originally proposed. Additionally, the method faces the challenge of
having more unknown variables than constraints. In contrast, the Var-
iational Method proposed by Noll et al.45 addresses the issue of under-
constrained variables but relies on a computationally expensive fitting
approach. Here, we propose a fast, non-invasive, image-based tissue
stress inference method that is both convenient and accurate. It has
been shown that edge length distribution is closely related to the dis-
tance to yield stress in monolayers19. However, the connection between
edge length distribution and tissue stress has not beenquantified. In this
work, we demonstrate that the cumulative distribution of edge length
elegantly serves as a robust estimator of tissue stress.

In systems under deformation, the configuration exhibits aniso-
tropy, with preferred orientations dictated by the deformation
direction. To analyze this anisotropy and its evolution with strain, we
examined the distribution of edge vectors in the system, represented
as polar distributions. In these distributions, color encodes the fre-
quency of edges with lengths and orientations defined by radial dis-
tance and azimuthal angle, respectively. The polar distribution for an
isotropic system therefore looks like a circle with dots scattered
randomly inside. This was not observed in our system due to the
anisotropy. To systematically study across different systems and time
frames, we used the normalized edge length l = L=�L, obtained by
normalizing the edge lengths by the average edge length in the
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data are provided in a Source Data file.
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current snapshot. Fig. 2a displays the polar distribution of the nor-
malized edge vectors~l in a low-stress, stable system far from yielding.
Conversely, Fig. 2b depicts the edge vector distribution in a high-
stress, unstable system close to yielding. In both cases, anisotropy
emerges, with longer edges aligning with the shear direction (about
45 degrees with respect to horizontal) and shorter edges perpendi-
cular to it. However, the trend is more pronounced in unstable sys-
tems, illustrated by the red color band representing high population
of short edges with orientation about 135 degrees with respect to
horizontal (Fig. 2b), implying a connection between instability and
edge vector distribution. Furthermore, these polar plots reveal a
strong correlation between edge length and orientation in deformed
configurations.

The correlation between edge length and orientation suggests
that the edge length distribution can effectively represent the overall
edge vector distribution. To investigate how edge configuration
influences instability, we compared the edge length distributions of
stable and unstable states. As illustrated in Fig. 2c, both distributions
exhibit a bimodal shape due to anisotropy. However, in the distribu-
tion of the unstable system, the separation between the two peaks is
larger, reflecting stronger anisotropic effects and an abundance of
short edges, which are more prevalent in the unstable configuration.
This motivated us to study the evolution of the edge length distribu-
tion as strain increases.

By investigating the evolution of the edge length cumulative dis-
tribution C(l) in our quasi-static simple shear simulations, we observed
a correlation between C(l) and σ, with the correlation level depending
on l. As shown in Fig. 2d, while the correlation Rσ,C between tissue
stress σ and C(l) varies with l, there exists a range of l where C(l) is
highly correlated with σ. We denote the l value that maximizes the
correlation Rσ,C as l*, and the corresponding cumulative distribution
C(l*) as C* (also see SI text and SI Fig. S1 for details). Interestingly, both
l* and Rσ,C remain robust with changes in p0, with the critical correla-
tion Rσ,C� exceeding 0.9, as shown in Fig. 2e. Given the strong corre-
lation between C* and σ, aswell as the fact that cell edge lengths can be
directly extracted from imaging, C* could serve as a non-invasive
metric for inferring tissue-level stress.

While l* ≈ 0.61 is consistent across various p0 values in our quasi-
static simulations, its practical valuemay depend on systemproperties
and the shearing direction. Thus, developing a metric to experimen-
tally determine l* is crucial for the stress inference method. Recog-
nizing the strong relationship between edge length and orientation in

anisotropic systems,we investigated tissue stress and edge orientation
correlations. To quantify the edge orientation distribution, we used
the proportion of edges a given orientation ω:

FðωÞ= Nðω� Δω,ω+ΔωÞ
Nedges

ð5Þ

Here, N(ω − Δω, ω + Δω) represent the number of edges in a cone with
the open angle of 2Δω at theω direction andNedges is the total number
of edges in the system. In this section, all angular values are in degrees.
Tracking the evolution of F(ω) at different ω as strain increased, we
observed a critical orientation ω* ≈ 120°, where F(ω) was highly cor-
related with tissue stress, with a correlation coefficient Rσ, Fðω�Þ>0:9
(Fig. 2e inset). Although Rσ,F depends on the cone wideness Δω, which
we chose as Δω = 18° = π/10 to optimize Rσ,F, the critical orientation ω*
is independent of Δω. Additionally, ω* was robust across variations in
p0 (Fig. 2e inset). Given the high correlations Rσ,C and Rσ,F, the critical
edge length l* could potentially be determined from the correlation
between edge length and edge orientation, RC,F. As suggested by
Fig. 2e, we only focus on the range l < 1 in which C(l) is known to
positively correlates with tissue stress σ. By computing the correlation
RC(l),F(ω) at different (l, ω), we identified a region where the correlation
is exceptionally high (greater than 0.93), as indicated by the dashed
circle in Fig. 2f. The l values in this region align well with the critical
edge length l*, suggesting that l* can be estimated as the normalized
edge length value l maximizing RC(l),F(ω). With l* in hand, ones could
used C* = C(l*) to extract an estimation of the tissue stress as it evolves
during the deformation process.Our stress inferencemethod could be
conveniently validated by experiments such as the monolayer
stretching protocol3. Although C* could be used directly as the infer-
ence for tissue stress, various functional relationships can be estab-
lished between C* and stress (see SI text).

Dynamics of tissue plasticity
So far, we know that for a system in the coexistence phase to transition
from solid to fluid, a collective rearrangement event is required to
significantly remodel the configuration. However, the mechanism that
governs the occurrences of these events and the evolution of the
system during the events is still not fully understood. To explore the
yielding behavior of biological tissues, it is essential to describe the
dynamics of plastic events during avalanches. In this study, we exam-
ine the plasticity dynamics by investigating the spatiotemporal
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evolution of the plastic rearrangements created by other rearrange-
ments during an avalanche48,49. Fig. 3a displays a space-time plot of the
occurrences of T1 transitions during an avalanche, with the cells
labeled in red indicating participation in the T1 transitions.

As depicted in Fig. 3a, an avalanche involving numerous plastic
rearrangements can originate from a single T1 transition, which we
refer to as the initial trigger. Starting from the initial trigger, the stress
redistribution from each event can also stimulate surrounding cells to
become unstable and undergo T1 transitions. These soft cells, whose
mechanical characteristics are distinct from the surrounding cells,
experience larger deformation than the neighboring cells and have
been observed in multicellular tumor spheroids using 3D light
microscopy50. From an amorphous solid point of view, these cells are
referred to as soft spots23–26 or Shear Transformation Zones51,52. This
cascade of cellular rearrangements can therefore lead to an avalanche,
which continues until the population of soft spots is sufficiently
depleted. In Fig. 3b,we show the number of accumulatedT1 transitions
and the tissue shear stress during a typical avalanche. The stress
relaxation due to an avalanche is therefore the origin of the dis-
continuous yielding of stress during quasistatic shear. In Fig. 3a, the
location of rearrangements over time suggests a preferred direction
for avalanche propagation. In order to quantify this and establish a

causal relationship in time, we define a two-point, two-time correlation
function:

ϕðr,ΔtÞ= hPðr0, t0ÞPðr0 + r, t0 +ΔtÞi, ð6Þ

where P(r, t) is a binary field, representing the occurrence of a T1
transition (1 if a T1 transition occurs at r and time t, and 0 otherwise).
〈. . . 〉 denotes spatial and ensemble averaging. With this definition, ϕ
represents the conditional probability of observing a T1 transition at
location r0 + r and time t0 + Δt, given that a transition has already
occurred at (r0, t0).

In Fig. 4a, we illustrate the evolution of the field ϕ as Δt increases.
The field ϕ resembles a wave that propagates away from the causal
rearrangement and is primarily in the x-direction, aligned with the
direction of the external shear force. The evolution of the field ϕ
reflects the interplay between the stress redistribution from a plastic
rearrangement and the population of soft spots which could rearrange
under the effect of the strain field.

We first focus on the angular dependence of ϕ, which shows an
anisotropic four-fold pattern. This anisotropy is consistent with the
stress redistribution field due to a rearrangement in an elasticmedium
as predicted by elastoplastic models19,53. However, it differs from the

Fig. 4 | Propagation of plastic events. a Evolution of the probability field ϕ at
p0 = 3.72. Each image corresponds to the probabilityfield at a particular time lagΔt.
Bright regions indicate a high probability of finding another rearrangement in the
region relative to the causal rearrangement.b Spatial distribution of the correlation
field ϕx as a function of the relative horizontal position Δx. The distribution has a
diffusing bimodal shape, indicating a convection process alongside diffusion.

c Spatial distribution of the correlation field ϕy as a function of the relative vertical
position Δy. The distribution is bell-shaped, with the width of the bell increasing as
time progresses, indicating a pure diffusion process. d The separation of the peaks
inϕx and the FullWidth atHalfMaximum (FWHM) ofϕy as functions of the time lag
Δt. Source data are provided in a Source Data file.
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isotropic probability field observed in ductile, soft disk systems54. This
contradiction likely arises from the difference in shape anisotropy
between soft disks and cells in our system. While soft disk systems
exhibit minimal particle shape anisotropy, cells in our system can
sustain large deformations and have highly anisotropic shapes. Con-
sequently, deviatoric strain triggers rearrangements in soft disk sys-
tems, whereas simple shear strain is responsible for triggering
rearrangements in our system.

To better understand how the rearrangement probability field

propagates, we looked at ϕx =
ϕðx, y=0ÞP
x
ϕðx, y=0Þ and ϕy =

ϕðx =0, yÞP
y
ϕðx =0, yÞ sepa-

rately. ϕx, as observed in Fig. 4b, is a bimodal distribution that evolves
in timesuch that thedistancebetween the twopeaksdpeaks increases as
time progresses. The diffusing bimodal distribution suggests that the
propagation results from a combination of convection and diffusion,
and the drift velocity could be captured by the rate at which the peaks’
separation increases. Conversely, ϕy is a bell-like shape distribution
that gets broadenover time (Fig. 4c), indicating that thepropagation in
the y-direction is similar to a purely diffusion process with the diffu-
sivity can be captured by the evolution of the FWHM. Fig. 4d shows
thatdpeaks increases faster than the FWHM-ϕy. Since the rearrangement
probability field is the result of the shear stress redistribution and the
population of soft spots, the propagating mechanism of the field also
should agree with the propagation of the stress redistribution.

The tendency of shear stress redistribution to propagate in the
direction of shear has also been observed in particle-based systems
governed by inverse-power-law pairwise potentials49. This behavior
bears a resemblance to the propagation of elastic waves. In the theory
of elasticity, longitudinal waves, characterized by displacement in the
direction of propagation, outpace transverse waves55. Moreover,
longitudinal elastic waves involve changes in local density55, akin to the
x-propagating excitation wave’s modulation of local density via T1
transitions. Conversely, transverse elastic waves do not induce density
changes, resembling the infrequent involvement of T1 transitions in
y-propagating excitationwaves. Notably, themechanismdriving stress
redistribution to preferentially propagate in the shear direction
appears universal, independent of p0. However, since p0 governs the
elastic response in our system, with higher values corresponding to a
less elastic state, there is a negative correlation between the stress
redistribution wave’s speed and p0.

Statistics of tissue avalanches
In addition to the universal propagation mechanism, we wondered if
the statistics of tissue yielding events also exhibit universality. In
Fig. 5a, both the average yielding size �S, denoting the total number of
T1 transitions after a yielding event, and the average stress drop,
representing the amount of stress relaxed by the event, exhibit the

same dependenceon p0. In the solid regime, while the stress decreases
with increasing p0, the average yielding size shows minimal variation.
This trend of �S versus p0 is akin to that observed in Fig. 1b for the
proportion of the solid state.

However, in the marginal phase, there are different types of
yielding events as discussed previously (Fig. 1c). In the yielding events
that occur while the system is fluid-like, illustrated by the a → b tran-
sition in Fig. 1c (Type I), the tissue lacks rigidity and therefore is unable
to transmit stress to initiate a cascade of rearrangements. Conversely,
yielding events following a solid state, illustrated by c → d and e → f
transitions in Fig. 1c (Type II), tend to be cascading as the rigid tissue is
capable of propagating the stress redistribution. It is this latter type
that we refer to as tissue avalanches fromnowon. Since the avalanches
growing mechanism is universal, we expect their statistics to be
independent of p0 as well.

Excluding yielding events of type I from the analysis and specifi-
cally analyzing only the avalanches, we indeed find that the average
avalanche size Ss does not vary significantly with p0 (Fig. 5a inset),
suggesting universal avalanches size statistics. To rigorously assess
this universality, we examine the distribution of avalanche sizes across
various p0 values (see Fig. 5b). We observe a consistent power-law
distribution, reminiscent of the Gutenberg-Richter law observed in
earthquakes56,57, with an exponent τ = − 1.36, which agrees with the
analogous exponent observed in overdamped elastoplastic models
under shear58,59 and in vertexmodel on spherical surface60. This shared
characteristic suggests a parallel between biological and seismic ava-
lanches and supports the argument that the vertex model and epi-
thelial tissues belong to the universality class of plastic amorphous
systems.

Furthermore, we find that the same power law applies to the
distribution of average stress drops during avalanches when scaled by
the average (Fig. 5b inset). This collapse after rescaling implies that the
stress relaxation mechanism via avalanches is independent of the
shape index p0, and p0 only affects the average stress relaxed by
governing tissue overall stiffness. Moreover, the similarity in the stress
drop distribution and avalanches size distribution indicates that each
plastic rearrangement, on average, releases a similar amount of stress
that depends only on p0. The convergence of these distributions
suggests that the growth of avalanches remains unaffected by changes
in p0, providing additional evidence for the universal propagation
mechanism discussed earlier.

Predicting tissue avalanches based on static structural
information
While the first cells to undergo a T1 transition trigger the avalanche, in
order for the avalanche to grow, it is necessary to have soft spots in the
system that are susceptible to undergo T1s. In the framework of the

Fig. 5 | Avalanches statistics. aDependence of average yielding size �S and average
stress relaxed Δσ on p0. Inset: Dependence of average avalanches size �Ss on p0.
bDistribution of avalanche size follows a power-law distribution. Inset: Distribution

of scaled average stress relaxed by avalanches also follows the same power law.
Source data are provided in a Source Data file.
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elastoplasticmodel, it has been established that the distance to yield x,
which represents the additional stress required to trigger a yielding
event, follows a power-law distribution, p(x) ∝ xθ 61–63. The exponent θ
has been suggested as a measure of the system’s instability, with a
higher value indicating a more stable state.

In the vertex-based model family, it has been proposed that the
distance to yield x exhibits a linear relationship with the length of cell
edges L, and that the distribution of edge lengths should follow the same
power-law behavior as ρ(x)19. While this argument establishes a connec-
tion between system configuration and instability, the efficacy of using
the distribution of short edges to describe instability remains uncertain.

To address this ambiguity, we investigate this concept within our
Voronoi model and observed an intriguing correlation between the
exponent θ and system instability (see SI text and SI Fig. S2). However,
θ is not a reliable metric because it is derived from a power-law fit that
heavily depends on the range of fitting19. In practice, the cumulative
distribution function (c.d.f) of L exhibits power-law behavior only
within a specific range, which varies from sample to sample. Therefore,
we propose using C* as the parameter of instability to avoid the
uncertainties and biases associated with fitting.

Using C* as the parameter of instability, with higher C* corre-
sponding to amoreunstable state,weobserved a relationshipbetween
instability and avalanche size. To quantify the relation between
instability and avalanche size, we focus on the failure states, i.e states
that are about to yield, indicated by having a stress drop in the next
strain step and a corresponding avalanche. We computed C* for those
states and then grouped the avalanche sizes based on C* (Fig. 6a). At
low C*, if the tissue yields, the size of the yielding event is likely to be
small, indicated by a rapid increase to 1 in the cumulative distribution
function (c.d.f.) of S. As C* increases, the likelihood of larger yield
events grows. The probability of observing an avalanche of size 25 or
greater is summarized in Fig. 6b.

While C* can provide predictions about avalanche size, it cannot
determine when an avalanche will occur. Therefore, we require an
additional tool to forecast yielding events. In amorphous solids, the
locations of plastic rearrangements during an avalanche largely
depend on the material’s structural configuration, with areas more
likely to experience plastic events called soft spots. Various frame-
works have been proposed to link structure and plasticity, such as the
Shear Transformation Zone theory25,51,52,64,65 and lattice-based models.
The most promising theoretical approach for predicting the locations
of soft spots involves identifying these areas based on soft vibrational
modes24,66–68. As a system approaches a plastic rearrangement, at least
one normal mode is supposed to approach zero frequency24,69,70.
However, the vibrational mode analysis is not applicable to the vertex-
based model family due to the cuspiness of the energy landscape20,41.
In such systems, the energy cusp at a plastic event prevents the

corresponding low-frequency mode from vanishing as it would in
systems with smooth, analytic energy landscape. As shown in the SI
Fig. S3, in our system, no low-frequency mode approaches zero fre-
quency except at the onset of the plastic event. Hence, an alternative
approach is necessary.

In our model, the deformation of edges immediately following
shear strain is deterministic. Through simple geometry, we deduce the
existence of a range of orientations wherein edges are prone to
shortening upon shearing, rendering them more susceptible. In the
vertex model, under the condition _γ≪1, the change in edge length δL
due to shear is approximated as δL � _γL sinð2ϕÞ, where L and ϕ
represent the edge length and orientation, respectively. Consequently,
in the vertexmodel, themost susceptible orientation is 3π

4 . If an edge is
sufficiently weak (or short) and happens to align with this susceptible
orientation, it may yield under the influence of shearing, potentially
triggering further rearrangements in its vicinity. We refer to these
susceptible edges as triggers. Since triggers are local elements, their
presence is not captured by the cumulative distribution function of
edge lengths, c.d.f(L), thereby explaining why C* alone cannot predict
imminent system failure. In summary, the presence of a trigger is the
necessary condition, while a highC* in the current state is the sufficient
condition for a large avalanche in a tissue monolayer.

Discussion
We studied the response of simulated tissue monolayers to external
quasi-static shear stress in the long-term steady-shear regime. Our
work suggests that for amodel tissuemonolayer initially in a fluid state,
it behaves like a yield-stress material in the shear buildup regime but
eventually enters a marginal phase in the long-term steady shear
regime. Incorporating the coexistence phase into to the SGRmodel, we
elucidated the discrepancy between the rigidity transition and the yield
stress transition observed in the Vertex model under simple shear.

Besides studying yield stress in the model tissue, we also investi-
gate plasticity, reflected in avalanches of plastic rearrangements.
Understanding those local rearrangements would help reveal the
mechanism of mechanical homeostasis and reparation in biological
tissue. By studying the dynamics of tissue avalanches, we observed a
universal propagationmechanismof plastic events that is independent
of the shape index p0 and has two preferred directions, with the
direction of the external shear being the one with faster propagation.
The rearrangement probabilityϕ studied here is closely related to, but
not identical with, the stress redistribution predicted by elastoplastic
models19,53 or the strain field due to rearrangement54. Instead, ϕ cap-
tured the interplay between stress redistribution and spatial distribu-
tion of weak spots. Since most edges that participated in T1 transition
in our system orient at − π/4 with respect to the horizontal (see SI,
Fig. S4), the positive shear stress is expected to symmetrically
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redistribute along the horizontal and vertical directions19. Although ϕ
does propagatemainly in the horizontal and vertical directions, it does
not possess the vertical-horizontal symmetry seen in stress redis-
tribution or in the strain field. This difference arises from the high
heterogeneity and anisotropy in the spatial distribution of weak spots.
The rearrangement dynamics studied in this work could help identify
regions where rearrangements are anticipated in the near future.
Predictions based on our analysis are most reliable in systems where
external forces dominate cellular activity or under quasi-static condi-
tions. In these scenarios, rearrangements occur systematically, driven
solely by stress redistribution from regions of high stress to relax
global stress. Conversely, in systems with high cellular activity, rear-
rangements happen randomly due to the stochastic motion of cells,
blurring the impact of stress redistribution. Although capturing ava-
lanches experimentally is challenging due to the competition between
various timescales in active tissue, tracking the spatiotemporal evo-
lution of local rearrangements is feasible within timescales where
activities such as cell division are negligible. Such experiments could
provide valuable evidence to support our analysis of rearrangement
dynamics. One such experiment is the fracturing of Trichoplax
Adhaerens, during which regions with significant non-affine motion
exhibit spatial correlations along the direction of the driving shear
force18.

The universality of tissue avalanches is not only reflected in the
propagation of plastic events but also captured by a power-law dis-
tribution of avalanche sizes, with an exponent τ = − 1.36, strengthening
the argument that epithelial tissues behave like plastic amorphous
materials. We also propose a metric to not only predict tissue ava-
lanches but also infer tissue stress in highly anisotropic systems based
on an instantaneous static snapshot. In finite size system, the cut off
avalanches size Sc depends on the system sizeN as Sc / Ndf =d , where df
is fractal dimension of avalanches and d is the dimension of the
system62. Future possiblework canbe performedwith different system
size to obtain the avalanches fractal dimension df and further under-
stand the finite size effect on avalanches.

We also propose a metric to not only infer tissue stress based on
an instantaneous static snapshot but also predict tissue avalanches.
Quantification of tissue-level force and stress is necessary to under-
stand the physics of many biological processes. However, direct
measurement of stress in vivo is considerably challenging71–73. Com-
pared to other non-invasive methods to estimate tissue stress such as
Bayesian Force Inference44 and Variational Method for Image-Based
Inference45, our approach using C* offers a simple and fast method to
estimate tissue stress. The advantage of C* lies in its independence
from fitting parameters and system properties. Given a segmented
movie of a monolayer undergoing deformation, C* can be easily
derived from the segmented images and offers a decent estimate of
tissue relative stress evolution during the process without requiring
prior knowledge of the monolayer’s mechanical properties. The
downside of our approach is that it cannot provide a spatial distribu-
tion of local stress. The strong agreement between σxy and C* is
noteworthy, especially since C* does not incorporate information
about edge orientation, which directly affects stress. In an isotropic
system, edge length alone is insufficient to infer stress. However, in a
system undergoing large deformation and thus highly anisotropic, the
influence of edge orientation diminishes, making edge length alone
sufficient for stress inference. The impact of shape anisotropy is evi-
dent during the buildup phase or when the system is in a fluid state. In
these scenarios, edges may have negligible tension, making edge
tension independent of edge length. Consequently, it is possible that
systems with similar C* values could exhibit significantly different
stress levels.

The impact of triggers on avalanches goes beyond simply initiat-
ing them; we observed a significant dependence of avalanche size on
the trigger location. By manually shrinking vanishing edges at various

locations within the same configuration, we noted that the size of the
resulting avalanches varied markedly. This indicates that the location
of the initial excitation has a profound influence on the final size of the
avalanche. A promising future research direction could involve
developing a theoretical framework thatmoves beyond themean field
approach to more accurately capture the spatial heterogeneity in the
tissue.

Methods
Simulation Model
To numerically study the behavior of dense epithelial tissues under
large deformation, we use a Voronoi-based version21 of the Vertex
Model74, where the degrees of freedom are the set of cell centers
denoted as {ri} and the geometric configurations of cells are derived
from their respective Voronoi tessellation. The biomechanics govern-
ing interactions both within and between cells can be effectively
represented at a coarse-grained level27,75, expressed in terms of a
mechanical energy functional associated with cell shapes, given by:

E =
XN
i = 1

KAðAi � A0Þ2 +KPðPi � P0Þ2
h i

, ð7Þ

where Ai and Pi represent the area and perimeter of the i-th cell,
respectively. The parameters KA and KP denote the area and perimeter
moduli, respectively. The valuesA0 and P0 correspond to the preferred
area and perimeter values, with A0 specifically set to the average area
per cell �A. Without the loss of generality, we chooseKPA0 as the energy
unit and

ffiffiffiffiffiffi
A0

p
as the length unit. This leads to the dimensionless form

of the energy

ε =
XN
i = 1

κAðai � 1Þ2 + ðpi � p0Þ2, ð8Þ

where κA = KAA0/KP represents the rescaled area elasticity, governing
the cell area stiffness relative to the perimeter stiffness, ai =Ai=A0 and
pi =Pi=

ffiffiffiffiffiffi
A0

p
are the rescaled area and perimeter, respectively, and

p0 =P0=
ffiffiffiffiffiffi
A0

p
the cell shape index. In this particular work, we studied

only the regime with KA = 0 and KP = 1. To investigate the mechanical
response of the tissue, we apply simple-shear deformation to the
simulated tissues utilizing Lees-Edwards boundary conditions76.
Initially, strain-free configurations (γ = 0) are generated with randomly
distributed cell centers. The FIRE algorithm77 is subsequently
employed to minimize the energy functional in accordance with Eq.
(8). Strain is then incrementally applied in steps of Δγ = 2 × 10−3 until
reaching a maximum value of γmax = 6. Alongside the modification of
periodic boundary conditions to account for the strain, an affine
displacement field Δri =Δγ yi x̂ is applied to the cell centers. Following
each increment of strain, the FIRE algorithm is again utilized to
minimize the energy functional (Eq.(8)) until the residual forces acting
on cell centers fall below 10−14, so that all resultant tissue states are
meta-stable. This procedural approach effectively corresponds to
investigating the systemwithin the athermal quasi-static limit ( _γ ! 0).
The tissues under examination consist of cell populations with
N = 400, accompanied by varying cell shape indices p0. A total of 84
random initial samples were simulated for each set of parameter
values. The shape indices were incrementally varied from 3.66 to 4,
with a step size of 0.2, except near the rigidity transition p�

0 = 3:81. For
3.8 ≤ p0≤ 3.82, the parameter was incremented with a finer step size of
0.02 to study the transition. We calculate the tension, denoted as Tij,
acting along an edge lij shared by cells i and j using the equation43,44,78

Tij =
∂ε
∂lij

= 2½ðpi � p0Þ+ ðpj � p0Þ�̂lij , ð9Þ
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where l̂ij represents the unit vector along lij. Furthermore, the global
tissue shear stress σ can be obtained by

σ = σxy �
1
N

X
i<j

Tx
ij l

y
ij , ð10Þ

where Tx
ij denotes the x-component of Tij and lyij stands for the y-

component of lij.

Computing tissue level mechanical linear response
The tissue level mechanical response was quantified by the shear
modulusG. We computedG using Born-Huang formulation in the limit
of infinitesimal affine strain γ79,80:

G=
1

Atotal

∂2E
∂γ2

� ΞiαH
�1
iαjβΞjβ

 !
, ð11Þ

where the Roman indexes i, j label cells and Greek indexes α, β denote
Cartesian components. Ξiα is the derivative of the force on cell ith with
respect to the strain γ:

Ξiα =
∂2E

∂riα∂γ
ð12Þ

H is the Hessian matrix given by the second derivative of the tissue
energy E with respect to position cells position:

Hiαjβ =
∂2E

∂riα∂rjβ
ð13Þ

Statistics and reproducibility
Thedata shown in thisworkcorresponds to the ensemble averageover
84 simulations for each p0 value, unless indicated otherwise.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Source data are provided with this paper for the analyzed data. The
raw data that support the findings of this study can be indepen-
dently reproduce using the code made publicly available on
GitHub (See Code Availability). Source data are provided with
this paper.

Code availability
The custom code developed for this study is available at GitHub
Repository (https://github.com/jxhuangphys/sheared_voronoi_model)
under the MIT license and in Zenodo repository https://doi.org/10.
5281/zenodo.14907889 (https://doi.org/10.5281/zenodo.14907888)81.
For further inquiries, please contact the corresponding author.
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