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Chemotaxis-Driven Instabilities Govern Size, Shape and Migration Efficiency
of Multicellular Clusters
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The collective chemotaxis of multicellular clusters is an important phenomenon in various physiological
contexts, ranging from embryonic development to cancer metastasis. Such clusters often display interesting
shape dynamics and instabilities, but their physical origin, functional benefits, and role in overall chemotactic
migration remain unclear. Here we combine computational modeling and experimental observations of malignant
lymphocyte cluster migration in vitro to understand how these dynamics arise from an interplay of chemotactic
response and intercellular interactions. Our cell-based computational model incorporates active self-propulsion
of cells, contact inhibition of locomotion, chemoattractant response, as well as alignment, adhesive, and ex-
clusion interactions between cells. We find that clusters remain fluid and maintain cohesive forward migration
in low chemoattractant gradients. However, above a threshold gradient, clusters display an instability driven by
local cluster-shape dependent velocity differentials that causes them to elongate perpendicular to the gradient and
eventually break apart. Comparison with our in vitro data shows the predicted transition to the cluster instability
regime with increased gradient, as well as quantitative agreement with key features such as cluster aspect ratio,
orientation, and breaking frequency. This instability naturally limits the size of multicellular aggregates, and,
in addition, clusters in the instability regime display optimal forward migration speeds, suggesting functional
implications in vivo. Our work provides valuable insights into generic instabilities of chemotactic clusters,
elucidates physical factors that could contribute to metastatic spreading, and can be extended to other living
or synthetic systems of active clusters.

DOI: 10.1103/fxvc-cxy8

I. INTRODUCTION

Collective migration is a widely observed phenomenon
across diverse biological systems, ranging from bird flocks
and fish schools to bacterial colonies and migrating cell
clusters [1–12]. Despite differences in scale and biological
organization, these systems exhibit emergent behaviors driven
by local interactions among individual agents. For instance,
bird flocks and fish schools rely on visual and hydrodynamic
cues [13–15], while bacterial colonies and cell clusters de-
pend on chemical signaling, adhesion forces, and mechanical
constraints [11,16–20]. A unifying feature of these systems
is their ability to self-organize and adapt to environmental
changes without central control.
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This feature is evident in collective cell migration, where
groups of cells move in a coordinated manner through
mechanical and biochemical interactions [9,10,18,21–29].
Unlike single-cell migration, which is primarily governed by
intracellular signaling and cytoskeletal dynamics [30,31], col-
lective migration is also controlled by intercellular adhesion,
mechanical coupling, and cooperative response to external
cues [9,18–20]. These properties enable cell clusters to main-
tain cohesion while navigating complex microenvironments
[32,33], making collective migration essential for various
physiological and pathological processes, including tissue for-
mation, regeneration, immune response, and cancer metastasis
[17,18,34]. Understanding the principles governing this be-
havior provides crucial insights into both normal development
and disease progression, particularly in cases where collective
migration facilitates metastasis or wound healing.

Among various forms of collective migration, ranging
from cohesive sheets [33] to invasive strands and expanding
tumors [32], migrating cell clusters [35] represent a crucial
system for studying mechanics, guidance, and emergent be-
havior due to their confined size and responsive cohesive
structure. Although there has been work on shape instabilities
in nonmigrating systems such as tumors [32,36], as well as
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FIG. 1. (a) Initial snapshot of the experiment, showing multiple
clusters, including two prominent ones of different sizes. A white
line indicating a scale of 0.1 mm is included. (b) Time series of
a smaller cluster (I) that remains stable and cohesive over time.
(c) Time series of a larger cluster (II) that undergoes deformation,
elongation, and eventual fragmentation. These contrasting behaviors
suggest a competition between stabilizing and destabilizing factors,
raising the question of what governs cluster integrity versus breakup.

the influence of substrate properties [37] and confinement
[38,39] on their behavior, the dynamics of actively migrating
clusters remains less understood. Migrating clusters respond
to various directional cues [40]: electric fields guide collective
movement in galvanotaxis [41], substrate stiffness gradi-
ents direct migration through durotaxis [42], and chemical
gradients influence movement through chemotaxis. Cellular
response to such cues can depend on positioning within clus-
ters [43] leading to internal rearrangements in fluid clusters
[19,20]. Chemical gradients can therefore induce asymmet-
ric migration, potentially leading to instability, deformation,
or fragmentation [20]; however, their precise contribution to
cluster dynamics and migration efficiency is not well charac-
terized.

Here we analyze experimental data on malignant B lym-
phocytes in a chemotaxis assay in a flat, two-dimensional
geometry (see Supplemental Material, video M1 [44]) ex-
posed to a gradient of the homeostatic chemokine CCL19
[20], which acts as a chemoattractant. Cluster cohesion is
maintained through LFA-1/ICAM-1 interactions (integrin or
receptor binding) between cells, which are known to be me-
diated by divalent cations such as Ca2+ or Mn2+. Under
gradients of CCL19, the clusters in the experiments exhib-
ited shape instabilities, elongating and eventually fragmenting
(see Fig. 1, and Supplemental Material, video M2 [44]).
Larger clusters broke apart more readily, while smaller clus-
ters exhibited a higher threshold for fragmentation. These
observations suggest that the instability is influenced not only
by chemoattractant gradients but also by the size and mechan-
ical properties of the clusters themselves.

To understand the fundamental principles underlying the
shape dynamics and instabilities of multicellular clusters
during chemotactic migration, we extended and used a com-

putational model we developed earlier [19], that incorporated
active self-propulsion of cells, contact inhibition of loco-
motion, chemoattractant response, as well as alignment,
adhesive, and exclusion interactions between chemoattrac-
tant cells. We showed that at low chemoattractant gradients,
below a critical threshold, clusters remain fluid and main-
tain cohesive forward migration. Above this threshold, the
clusters become unstable, elongating perpendicular to their
direction of motion and eventually fragmenting. This insta-
bility is driven by a novel biophysical feedback mechanism
due to differences in the response of cells depending on
the local cluster shape. Specifically, in this mechanism, the
propulsion and polarization persistence of cells at the cluster
boundary is modulated by the local curvature of the bound-
ary. This curvature-dependent activity leads to a feedback
loop: protruding regions with higher propulsion and polariza-
tion persistence extend further, while recessed regions slow
down. This promotes elongation and, at higher gradients,
leads to breaking of the cluster. Furthermore, we showed
that this instability is also a function of cluster size, with
larger clusters exhibiting higher susceptibility to deformation
and fragmentation. At even higher gradients, the chemotactic
response leads to cluster solidification, significantly reducing
forward migration. Clusters in the instability regime have their
sizes naturally regulated and show optimal forward migration
speeds, suggesting functional benefits in vivo. Our theoretical
predictions align closely with our in vitro observations of
migrating clusters. We validated our model by quantitatively
characterizing the aspect ratio, orientation, and breaking fre-
quency of the experimental clusters and comparing these with
our model predictions with very good agreement. Overall,
our results provide insights into collective cell behavior with
implications for tissue development and disease progression
as well as active matter clusters in general.

II. MODEL

We present here an overview of the key elements of the
model while full details are provided in Appendix A. We
simulate two-dimensional (2D) cell clusters using an agent-
based model [19] in which polydisperse particles self-propel,
interact via cohesion and exclusion, and respond to a chemoat-
tractant gradient along the y axis. Dynamics are overdamped,
with particle velocities given by

�vi = �F p
i + �F c

i + ηi, (1)

where �vi is the velocity of cell i, �F p
i its propulsion, �F c

i the
cohesive interaction with neighbors, and ηi = √

2D ξi a Gaus-
sian noise vector, where D is the noise strength and ξi a
Gaussian random vector with zero mean and unit variance.

A. Active self-propulsion

The propulsive force is �F p
i = pi n̂i, where pi denotes the

self-propulsion speed (proportional to the force amplitude
in the overdamped limit) and n̂i is the propulsion direction.
Due to contact inhibition of locomotion (CIL), rim cells
(few neighbors) have larger pi than core cells (many neigh-
bors). The propulsion direction combines persistence, velocity
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FIG. 2. Schematic representation of the model (a) cell cluster with directed forces: A multicellular cluster composed of rim cells (red) and
core cells (blue) is shown under a global chemical gradient gr (green background). Black arrows denote the velocity vectors, �vi in Eq. (1),
of individual cells. Dashed line indicates the the cluster’s center-of-mass y coordinate with baseline chemical concentration c(yc.m.) = y0 gr

[Eq. (3)]. (b) Local gradient vector: For the cell i, highlighted in yellow, each adjacent pair of neighboring cells defines an open boundary arc
(green) at its center. The corresponding vector �f j (blue arrows) points along the bisector of this arc, with its magnitude proportional to the arc
length. Summing all such �f j gives the local gradient vector �gi [Eq. (A5)], shown by the red arrow. (c) Particle interactions: This panel illustrates
the key forces experienced by a cell (i, yellow-highlighted particle) due to its neighbors within the interaction radius (dotted olive-colored
boundary). Each cell’s velocity vector(vi) is shown in light green [Eq. (A1)] and the mean orientation vector (V̂i) in dark green [Eq. (A4)].
Lennard-Jones ( �LJi j) pairwise forces are represented as repulsive (blue) for overlapping particles and attractive (orange) for nonoverlapping
particles, generating a resultant �LJi force [dark magenta, Eq. (A8)] that influences cell positioning. Spring forces Si j [blue arrow, Eq. (A9)]
act between particles that are separated beyond the LJ range and below a second-neighbor cutoff, provided no intermediate particle lies in
between. For example, the bottom right particle exerts a force on the central cell while the top right cell is blocked by an intervening cell.

alignment, and chemotaxis,

n̂i = v̂i(t − �t ) + αV̂i + β�giχ (yi )

|v̂i(t − �t ) + αV̂i + β�giχ (yi )|
, (2)

where v̂i(t − �t ) is the previous velocity direction, α the
alignment strength, and V̂ is the unit vector in the direction
of the mean orientation of nearest-neighboring cells. The last
term β�giχ (yi ) represents the cell’s chemotactic response.

B. Chemotactic response

The cell’s overall spatial sensing response to the chemoat-
tractant is governed by the response to the local concentration
of chemoattractant at the location of the cell, βχ (yi ), and the
local gradient vector, �gi. The local gradient vector is defined
geometrically in terms of the exposed perimeter segments of
the cell [see Appendix A and Fig. 2(b) for details]. The local
gradient vector captures the direction and magnitude of the
most exposed area of the cell boundary reflecting the observa-
tion that cells in our system show persistent polarization and
protrusions in the direction of the open area available to them
due to enhanced receptor binding.

The response to the local concentration, βχ (yi ), is taken
to be proportional to the bound fraction of chemoattractant
(chemokine) receptors, χ (yi ), and is given by

βχ (yi ) = β
c(yi )

c(yi ) + c0
, c(yi ) = ((yi − yc.m.) + y0)gr, (3)

where we assume Langmuir adsorption and c0 and β are con-
stants. Here c(y) is the local chemoattractant concentration,
yi, and yc.m. are y positions of the ith particle and center of
mass of the cluster, respectively. The parameter y0 sets the
baseline concentration at the cluster center of mass, which
we keep fixed. This is equivalent to having the cluster move
on a virtual “treadmill,” whereas, in experiments, the baseline
concentration increases as the cluster moves up the chemokine

gradient. The quantity gr represents the slope of the global
chemokine concentration gradient; henceforth we refer to gr

as the global chemical gradient (or simply the gradient).

C. Cohesion and exclusion

Intercellular forces combine a truncated Lennard-Jones
(LJ) potential at short range with a spring interaction that
engages at larger separations. The LJ prevents overlap, while
the spring provides a contractile force that maintains cluster
rigidity.

Simulations were run in a treadmill setup (cluster center
fixed, gradient constant), with particle numbers N = 10–150.
Full details of propulsion, chemotactic sensing, and force in-
teractions are provided in Appendix A, and parameter values
are listed in Appendix C.

III. RESULTS

A. Mixing entropy indicates the presence of three
distinct cluster regimes

In our simulations, we observed that clusters exhibited
states with varying degrees of fluidity and particle rearrange-
ments in the presence of a chemical gradient. To quantify
the level of fluidity, we calculated the mixing entropy of the
cluster. Particles were initially assigned three different colors,
as shown in Fig. 3(a), and Supplemental Material, video M3
[44], to track their spatial distribution and quantify mixing
over time. We discretized the cluster into spatial bins [see
Fig. 3(a)], where each bin represents a localized region con-
taining a subset of particles. We then calculated the weighted
mixing entropy G by considering particle densities in these
discrete spatial bins using

G = −
∑nB

j=1 ρ( j)
∑3

i=1 pi( j) log(pi( j))

nB
, (4)
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FIG. 3. Chemotactic efficiency and behavioral transitions of migrating clusters. (a) Representative snapshots of a migrating cluster (N =
37) at earlier and later times illustrating mixing dynamics in the presence of a gradient. Particles are initially color coded to track mixing over
time. Binning regions of fixed size are indicated by thin gray lines. (b) Mixing entropy over time for (N = 37), comparing fluid (gr = 0.0005),
and solid (gr = 0.2) cases. Baselines for δ and ln(3) + δ are included. (c) Mixing entropy as a function of gradient, showing transitions among
fluid, breaking, and solid cluster regimes. Vertical dashed lines mark critical transitions at 80% and 20% of the global maximum entropy
Emax for N = 37. All these quantities are measured up to the point of cluster breakup, unless specified otherwise. (d) Heatmap of mixing
entropy as a function of size and gradient. Contour lines indicate 80% and 20% of the global maximum entropy Emax, with N = 37 marked
by a horizontal dashed line. Representative particles are colored as explained in (a), with velocity vectors shown in blue (e) fluid clusters
with complete mixing for low gradients, (f) partial mixing cluster with structural elongation prior to breakup for intermediate gradients, and
(g) solid clusters with no mixing for high gradients. (h) Forward migration index (FMI) vs gradient, showing a nonmonotonic trend. Dotted
black lines mark entropy-based transitions, as in (d). (i) FMI heatmap depicting variations in migratory efficiency across gradients and sizes. A
horizontal dashed line marks N = 37, with entropy contour lines as in (d). (j) Heatmap of mean cluster speed as a function of gradient and size,
showing increased motility at low and intermediate gradients but reduced motility at high gradients. A horizontal dashed line marks N = 37,
with entropy contours as in (d). (k) Cluster dynamics across gradients, showing low angular momentum [At , Eq. (G1)] but high polarization
[O, Eq. (G3)] at low gradients, while the opposite trend occurs in the solid regime. Fluid clusters exhibit high polarization, whereas solid
clusters are dominated by rotation. Dotted black lines mark entropy transitions, as in (d).

where ρ( j) is density of particles in bin j, pi( j) is
the probability of finding a particle of color i in bin j
(i = 1, 2, 3), and nB is the total number of bins used
to discretize the cluster. The quantity G is the weighted

Shannon entropy, representing the global mixing state of the
cluster.

The evolution of the mixing entropy over time for (N =
37) is analyzed, comparing the fluid (gr = 0.0005) and solid
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(gr = 0.2) cases [see Fig. 3(b)]. Our calculations, for a three-
color scheme, show that for a maximally mixed state, the
mixing entropy is ln3, whereas for an ideal nonmixing case,
the mixing entropy is expected to be zero, as particle positions
remain fixed (see Appendix E). However, due to finite-system-
size effects and bin discretization constraints, we observe
a systematic offset (δ ∼ 0.5) in the mixing entropy. While
these effects diminish for larger systems, in our finite-sized
simulations, they result in a nonzero baseline for the mixing
entropy in the solid phase. To account for this systematic
offset, we use δ as the baseline, leading to a corrected ex-
pectation where the mixing entropy for the completely mixed
case becomes ln(3) + δ [see Fig. 3(b)]. These baselines ensure
a more accurate comparison of the mixing behavior across
various gradients and parameters.

The mixing entropy as a function of the gradient is shown
in Fig. 3(c), with vertical dashed lines indicate the critical
thresholds, defined as 80% and 20% of the global maximum
entropy Emax computed across the full parameter space [see
Fig. 3(d)]. We found that for a low gradient, the cluster is
in a fluid regime in Fig. 3(c), characterized by high particle
mobility and uniform mixing. In contrast, for high gradi-
ents, the cluster is in a nonmixing, solidlike regime, where
particles exhibit minimal movement and maintain rigid con-
figurations. These fluid- and solid-type behaviors are visually
demonstrated in Figs. 3(e) and 3(g) and further captured
in the Supplemental Material, videos M63 and M5 [44],
respectively, which depict the time evolution of the color
configuration within the clusters. The figures also denote the
velocity vectors of each particle, further emphasizing the dif-
ferences in dynamical behavior between these regimes.

In between the two vertical lines of Fig. 3(c), defined by the
mixing entropy [Fig. 3(d)], we find a regime where the clusters
deform and break up [Fig. 3(f); Supplemental Material, video
M4 [44]]. We can therefore categorize the system into three
distinct regimes: The fluid state characterized by complete
mixing, the solid state with no mixing, and the intermediate
breaking regime, which exhibits partial mixing and cluster
break up. While we relate the transitions to changes in gra-
dient, these regimes also vary with the absolute concentration
experienced by the cluster, with transitions occuring at lower
gradients for higher baseline concentrations [see Appendix H
and Fig. 8(a)]. These phases and the breaking instability will
be the focus of our study, but we first describe the surprising
“solid” phase which appears in our model for strong gradi-
ents.

B. Comparison of fluid and solid type phases

The solid regime occurs under strong gradients where the
cellular active self-propulsion forces act symmetrically [see
Fig. 4(b), and Supplemental Material, video M8 [44]], creat-
ing a balanced force field that locks the cluster into a fixed,
compact configuration. This transition is characterized by
strong radial alignment of particle active propulsion vectors
with the chemical gradient-induced vectors [see Fig. 4(b)],
leading to an ordered outward arrangement and a solidlike
state. Internal rearrangements are minimal and suppress the
translational motion of the cluster [see Fig. 3(j)]. In contrast,
in the lower gradient regimes, weaker velocity alignment with
the gradient vector [see Fig. 4(a) and Supplemental Material,

Fluid

Local gradient vector(�gi)
Self-propulsion direction(n̂i)

Solid
(a) (b)

G
ra

d
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n
t
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r
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FIG. 4. Comparison of fluid and solid type phases. (a) In the
fluid phase, active propulsion direction n̂i [black arrows, Eq. (A3)]
exhibit weak alignment with the local-gradient vector �gi [red arrows,
Eq. (A5)] for low gradient slope. This results in a less-structured mo-
tion, where other interactions dominate. (b) In the solid phase, active
propulsion direction strongly align with the local-gradient vectors
for high gradient slope, leading to an outward-ordered arrangement
that suppresses particle rearrangements and characterizes a solidlike
state. The simulations are performed with fixed parameters: N = 37
and gradient values gr = 0.0005 for the fluid phase and gr = 0.2 for
the solid phase.

videos M6 [44]] results in a more fluid phase, where the mo-
tion of the particles remains less structured and is dominated
by other interactions. By considering response regimes where
the system’s behavior is determined by the dominance of
either the self-propulsion and velocity alignment v̂(t − dt ) +
αV̂ or the applied gradient β�giχ (yi ), we can identify a thresh-
old gradient for rigidification, gbs ∼ 0.015, above which we
expect solid clusters (see Sec. F1 in Appendix F for details).
That is, below the critical gradient value (gr < 0.015),
the motion remains driven by self-propulsion and velocity
alignment giving fluid clusters, while above this threshold
(gr > 0.015), gradient-induced forces become dominant,
stabilizing the rigid structure and suppressing motility. The
transition to a rigid structure reflects a loss of entropy, signal-
ing a shift to an ordered state in which migratory capabilities
are significantly diminished. This regime highlights how
external forces above a critical amplitude can impose stability
and rigidity, ultimately halting the dynamic behavior observed
in the fluid phase. Interestingly, while our simulations predict
a solid phase at high gradient values, characterized by reduced
cell rearrangement and increased rigidity, this regime was
not observed under the experimental conditions tested. This
discrepancy may arise from limitations in the experimental
gradient range sampled or adaptive cellular behaviors, such as
chemorepulsion at high gradients, that are not captured by our
minimal model. As such, we interpret the emergence of the
solidlike phase as a theoretical possibility within the model
framework, which warrants further experimental investigation
to confirm its physiological relevance.

The internal dynamics of clusters strongly affect their over-
all migration behavior [19,20]. To investigate these aspects,
we analyzed the angular momentum (A) and polarization
(O) of clusters (see Appendix G). The dynamical properties
of clusters evolve with gradient strength, reflecting shifts in
polarization and rotational dynamics. At low gradients, fluid
clusters exhibit high translational motion [see Fig. 3(j)] and
polarization, facilitating mixing, while rotational dynamics
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remain low. As the gradient increases, polarization declines,
destabilizing fluid clusters [Fig. 3(k)]. In the high-gradient
regime, clusters become rigid and dominated by angular ro-
tation, with low polarization [as seen in Fig. 4(b)], and limited
particle exchange. The intermediate regime shows a gradual
transition, where polarization decreases and rotational dis-
placement increases, highlighting the link between gradient
strength and cluster behavior. We note that the dynamics
showed no long-term dependence on the initial geometry in
the fluid or rigid phases with clusters relaxing to circular
shapes over short times in the fluid phase and longer times
in the solid phase.

C. Forward migration analysis reveals optimal range
of chemoattractant gradient

To quantify how effectively a cluster aligns its movement
with an external chemical gradient, we calculated the forward
migration index (FMI), which is defined as the ratio of the
distance traveled by the cluster in the direction of the gradient
to the total distance traveled. For gradients in the breaking
regime, the FMI was calculated for clusters before they broke
up. The FMI showed an initial linear increase with the gradi-
ent, followed by high fluctuations and a decline at very high
gradient values [Fig. 3(h)]. The initial linear increase in FMI
suggests an optimal gradient range where clusters respond
linearly to the externally applied gradient. This range is cru-
cial because it represents a regime where clusters can most
efficiently sense and respond to chemical signals. Such be-
havior is indicative of a balance between the driving gradient
forces and the intrinsic cluster dynamics, enabling coordi-
nated movement. Beyond this range, the observed fluctuations
and decline in FMI may reflect the inability of clusters to
maintain cohesion or directional migration under excessively
strong gradients.

Larger aggregates tend to have a higher ability to sense
and respond to chemical signals more effectively [19,20]. This
higher migratory efficiency can be attributed to the larger total
force due to the larger chemotactic force difference across
the diameter of the larger clusters [19], which enable them
to maintain directional movement despite environmental fluc-
tuations. To quantify this trend, we examined how cluster
size influences response dynamics under varying gradients
in our model. A heatmap of FMI as a function of size and
gradient [see Fig. 3(i)] reveals that larger clusters exhibit more
effective migration than smaller ones at low gradients, as one
might expect. Indeed, the trend of the size dependence of
FMI in the breaking regime for gr = 0.006 (see Fig. 9 of
Appendix I) aligns closely with the observed size dependence
of FMI in the experiments (see supplementary Fig. SI2(Dii)
in Ref. [20]). Interestingly, in our model, this trend continues
at the high gradients of the solid phase, despite the overall
decrease in the average speed of the clusters [Fig. 3(j)]. As the
underlying baseline concentration experienced by the cluster
is increased, the FMI tends to decrease as saturation effects
dominate [Appendix H, Fig. 8(b)].

D. Cluster-breaking regime

A striking observation in both experiments and simula-
tions is the elongation and fragmentation of clusters under

intermediate gradient conditions. Experimental time-lapse
imaging shows stable fluid clusters at low gradients (0–50
ng/ml/mm) (Supplemental Material, video M9 [44]), whereas
for intermediate gradients (0–100 ng/ml/mm), we see clusters
breaking into multiple smaller clusters over time [Fig. 5(a)
and Supplemental Material, videos M10 [44]]. Similar dy-
namics are observed in simulations with stable clusters at
low gradients (Supplemental Material video M6 [44]) and
instability at intermediate gradients [Fig. 5(b) and Supplemen-
tal Material video M11 [44]], where cluster breakup closely
mirrors the experimental observations. The process of cluster
elongation and eventual breakup is driven by cellular active
self-propulsion acting on the rim particles of the cluster. How
does this occur? At low gradients, the dynamics are dominated
by alignment leading to a fluid, collectively moving cluster.
At high gradients, the gradient sensing dominates and we end
up with a solid cluster with all the rim cells trying to move
radially outward. At intermediate gradients, the cells at the
front are still gradient dominated and thus moving forward
while the ones at the rear experience low-enough chemokine
concentrations that they are still influenced by alignment.
Since they have a higher propulsion this causes them to move
along the boundary to the sides where the gradient’s pull
increases, giving them more space to move directly upwards
[Fig. 6(a) and Supplemental Material, videos M12 [44]]. This
movement flattens the leading edge and leads to the breaking
of the cluster’s symmetry. As symmetry breaks, the active
velocity of rim particles that reside at the high-curvature right
and left edges of the cluster increase further, stretching the
cluster sideways [Fig. 5(b)]. This feedback loop elongates the
cluster, causing instability and fragmentation.

To gain a quantitative understanding of the breaking transi-
tion, we analyzed a variant of our model system where particle
positions were fixed but all other quantities evolved normally
(see Appendix J). We measured the correlation between active
propulsion vectors as a function of distance under varying
gradients. As the cluster transitions from a low gradient (fluid
state for motile clusters) to an intermediate gradient (breaking
regime for motile clusters), we observed that the correlation
length (measured by the distance at which the correlation
vanishes in the correlation plot [see Fig. 10(a)]) shifts from
approximately 5.1 r/ζ in the fluid regime to around 2.7 r/ζ in
the breaking regime. Here ζ = 〈σi j〉 is the averaged particle
diameter. This shift indicates a decrease in the correlation
of active propulsion vectors from the fluid to the breaking
regime. Additionally, an averaged analysis of the correlation
length as a function of gradients showed that the correlation
remains consistently lower in the breaking regime compared
to the fluid regime [see Fig. 10(b) and Appendix J].

To quantify the fragmentation dynamics, we measured the
frequency of breaking of clusters in different gradient regimes
[Fig. 5(c)]. The breaking frequency fbr, defined as the inverse
of the breaking time, quantifies the rate at which clusters
fragment into smaller clusters. Here clusters are defined as
groups containing more than three particles and a value of
fbr = 0, indicates no fragmentation. We find that the breaking
frequency initially increases with gradient strength, as larger
chemotactic forces induce faster cluster stretching, elonga-
tion, and breaking. Using similar arguments to the ones used
to compute the threshold gradient for rigidification, gbs, we
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FIG. 5. Dynamics and stability of cluster breakup: experimental and simulation insights. (a) Time-lapse images of a cluster splitting into
two, showing its transition from a symmetric to an elongated shape before fragmentation. A white line indicating a scale of 0.1 mm is
included. (b) Simulation snapshots of cluster breakup dynamics. Surface colors indicate self-propulsion speed (red: high, blue: low), with
arrows showing active self-propulsion �F p

i of the particles. The sequence depicts a symmetric cluster elongating before fragmenting due to
uneven velocity distribution, which amplifies local instabilities and disrupts cohesion. The external global chemical gradient is applied in
the upward direction. (c) Cluster breaking frequency rises with gradient in the breaking regime as force differences between the front and
back accelerate fragmentation. As the gradient increases towards the solid regime, stabilization delays breakups. Vertical dashed lines mark
critical transitions of entropy for N = 37 (black) and indicate gradients gr = 0.0007, gr = 0.006, and gr = 0.02 (red). (d) Heatmap of average
breaking frequency, showing its dependence on cluster size and gradient. The heatmap identifies the breaking regime, which aligns closely
with the intermediate entropy regime which is indicated by the horizontal dashed line [see Fig. 3(d)]. Vertical red dashed lines indicate
gradients gr = 0.0007, gr = 0.006, and gr = 0.02. (e) Experimentally observed probability of cluster breaking as a function of cluster size,
comparing small, medium, and large clusters, showing an increase of breakup probability with size (crossed histograms). Simulations for
gradients gr = 0.0007, gr = 0.006, and gr = 0.02 display histogram plots of average breakup probability by cluster size. Instances where the
probability is zero are highlighted with small circles. The data demonstrate that clusters align closely with the breaking trend in the breaking
regime.

identified a critical gradient (gfb), where clusters transition
from a flocking-dominated to a breaking-dominated regime
(see Appendix F). In this regime, the gradient becomes strong
enough to overcome the self-persistence of individual parti-
cles, leading to fragmentation. However, the global alignment
remains sufficiently high to allow the formation of smaller,
localized domains. Thus, the breaking regime should lie
within the range gfb < gr < gbs, where both self-propulsion
and alignment effects compete with the external gradient
influence. However, as the gradient approaches the solid
regime transition (gbs), stabilization effects begin to coun-
teract fragmentation, delaying breakup events and reducing
the overall breaking frequency. This suggests that while inter-
mediate gradients promote transient fragmentation, stronger
gradients beyond gbs lead to more rigid structures domi-
nated by rotational motion, ultimately suppressing cluster
turnover.

Cluster stability is also influenced by size, as observed
in both simulations and experiments. A heatmap of break-
ing frequency [Fig. 5(d)] reveals that larger clusters are

more prone to instability compared to smaller ones, pri-
marily due to amplified chemotactic force differences acting
across their structure. This size dependence of fragmentation
is further confirmed by analyzing the probability of cluster
breakup as a function of size. Using simulations we cal-
culate the average breakup probabilities for small, medium,
and large clusters, for gradients gr = 0.0007, gr = 0.006,
and gr = 0.02 [Fig. 5(e)]. The simulations show a clear
trend: larger clusters exhibit a significantly higher proba-
bility of fragmentation, with good agreement between our
simulation data in the breaking regime (gr = 0.006) and ex-
perimental data obtained primarily for intermediate gradients
(0–100 ng/ml/mm). These findings suggest that as gradients
strengthen, larger clusters become increasingly vulnerable to
breakup due to dynamic instability, particularly within spe-
cific gradient ranges. We also note that clusters may grow over
time by merging with cells or other clusters (or even by cell
division in other systems), which suggests that even clusters
initially in the solid regime could develop a growth-driven
instability over sufficiently long timescales.
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FIG. 6. (a) Trajectories of selected particles in a migrating clus-
ter. The initial and final positions of all particles are represented
as translucent blue and orange circles in COM frame, respectively.
The paths of four tracked particles from the rear end of the cluster
and two front front of the cluster are highlighted in distinct colors,
showing their movement from the initial to the final frame over the
simulation duration. This illustrates the process of cluster elongation
perpendicular to the gradient direction, as particles are pulled by
the gradient to move around those in front of them, since cells
at the two sharp corners are mostly pulling the cluster sideways.
(b) Final cluster configuration with propulsion directions. Particle
positions at the final frame are shown, with arrows indicating their
active propulsion directions n̂i, illustrating the collective migration
and lateral elongation of the cluster.

E. Cluster elongation orthogonal to the direction of motion

As discussed above, our simulations predict that cluster
breaking is driven and preceded by the tendency of clusters
to elongate in the direction orthogonal to the chemoattractant
gradient. To test this prediction quantitatively and investigate
the effect of cluster size on shape, orientation and stability,
we analyzed clusters of various sizes in both experiments
and simulations. We first note that simulated cluster shapes
[Fig. 7(a)] strongly resemble experimental observations, val-
idating the model and providing a reliable foundation for
further analysis. This resemblance is also seen in the time
evolution of large clusters, as illustrated through experi-
mental images [Fig. 7(b) and Supplemental Material, videos
M13 [44]], complemented by snapshots from simulations
[Fig. 7(c) and Supplemental Material, videos M14 [44]].
Such comparative analyses revealed that both experimental
and simulated clusters undergo significant elongation prior to
breakup, with their major axes aligning nearly orthogonally to
the direction of migration.

To further quantify this relationship, we examined the
aspect ratio and orientation angle with respect to the chemoat-
tractant gradient direction over the same time series as
depicted in Fig. 7(c), presenting the results in Fig. 7(d). The
aspect ratio quantifies the elongation of a cluster by comparing
its dimensions along the principal axes and we define it as
the ratio of the square roots of the eigenvalues of the gyra-
tion tensor,

√
λ1/λ2, where λ1 � λ2 (see Appendix K). An

aspect ratio close to 1 indicates a symmetric, circular shape,
while higher values reflect an elongated or anisotropic cluster
shape. The cluster orientational angle (θ ) is defined as the
angle between the major axis of the cluster [determined by
the gyration tensor eigenvectors (see Appendix K)] and the
direction of the gradient (positive y axis) [see the inset of
Fig. 7(d)]. We find that the aspect ratio of clusters increases
significantly in the breaking gradient region [Fig. 7(e)]. In
this regime, clusters become highly anisotropic, stretching
into elongated shapes with substantial fluctuations reflected
by the increased variance. These findings establish a clear
link between shape asymmetry and instability, with clusters
in low-gradient and high-gradient regions exhibiting minimal
shape variations.

To understand the effect of cluster size, we present a
heatmap of aspect ratio as a function of size and gradient
[Fig. 7(f)]. The heatmap clearly shows high aspect ratio peaks
corresponding to larger cluster sizes. Additionally, for clusters
of greater size, anisotropy begins to emerge at lower gradient
values and persists across higher gradients, emphasizing the
early onset of structural changes in larger clusters and their
prolonged influence under varying conditions.

We now consider the connection between elongation
and orientation. As discussed before, the orthogonal align-
ment during fragmentation arises from an interplay between
gradient-induced persistence and shape fluctuations. Experi-
mental data reveals a strong correlation between aspect ratio
and alignment. To quantify size parameters, such as the major
and minor axes and the orientation of clusters in experimen-
tal images [e.g., Fig. 7(g)], we used Fiji’s Measure feature.
The extracted data from Panel 1 are plotted in Panel 2, and
these quantified data are then used to analyze experimental
trends in Fig. 7(h). Scatter plots of the experimental cluster
orientation angle (θ ) versus aspect ratio indicate that elon-
gated clusters tend to align orthogonally to the direction of
motion [Fig. 7(h)]. The guided red line represents the average
orientation angle for each aspect ratio, illustrating a clear trend
of orthogonal alignment with increasing elongation. Simula-
tions conducted for gradients gr = 0.0007, gr = 0.006, and
gr = 0.01 show strong agreement with experimental data
for clusters in the breaking cluster regime (gr = 0.006).
Figure 11 highlights how cluster orientation varies with gradi-
ent strength, particularly for elongated clusters (aspect ratio
>2), emphasizing the tight coupling between orientation
dynamics and the prevalence of elongated clusters in the
breaking regime.

Finally, to understand whether there could be any func-
tional advantages to clusters residing in the breaking regime,
we examine the cluster’s response to the gradient, charac-
terized by its velocity component in the gradient direction,
i.e., velocity in the y direction. The resulting velocity in the
y direction reaches its highest levels in the breaking regime
[see Figs. 12(a) and 12(b)]. This enhanced response suggests
that clusters in the breaking regime may benefit from greater
adaptability and agility in dynamic in vivo environments.

IV. DISCUSSION

Our study provides insights into the chemotactic efficiency,
behavioral transitions, and breakup dynamics of migrating
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FIG. 7. Orientation and shape dynamics in gradient-driven cluster breakup. (a) Panel 1: Experimental images of migrating clusters showing
an increase in size, as illustrated in figure from (1) to (6). The images capture both steady-state (stable) and transient (unstable or deforming)
shapes as the clusters respond to external gradients (direction of gradient to +y axis). Scale bar = 0.1 mm. Panel 2: Simulated cluster of
different sizes with shapes similar to the experimental observations (direction of gradient to +y axis). (b) Experimental image of a large cluster
elongating and forming winglike structures prior to breaking. A white line indicating a scale of 0.1 mm is included. (c) Simulation snapshots
illustrating the formation of winglike structures in a large cluster prior to breaking, where surface colors indicate self-propulsion speed (red,
high; blue, low), with arrows showing active self-propulsion �F p

i of the particles. (d) Simulation results showing the time evolution of cluster
orientation angle and aspect ratio prior to breakup. To illustrate structural changes, the major (magenta) and minor (lime) axes of the cluster
(yellow) are outlined, and an ellipse (blue) is fitted around it. The angle between the major axis and the positive y axis (red) is emphasized,
aligning with the calculated values presented in the plot. The presented dynamics correspond to a gradient of gr = 0.005 and a cluster size of
N = 90. (e) Mean aspect ratio as a function of gradient, highlighting significant shape anisotropy and variability during the cluster-breaking
regime, with stability observed in high-gradient regions. Dotted black lines mark entropy-based transitions [see Fig. 3(d)]. (f) Heatmap of
aspect ratio as a function of size and gradient, illustrating shape anisotropy across different cluster states within the breaking regime. N = 37
is marked by a horizontal dashed line, with entropy contours [see Fig. 3(d)]. (g) Experimental snapshots of cluster systems, with selected
clusters highlighted in red boxes. A white line indicating a scale of 0.1 mm is included. The bottom panels show fitted ellipses over clusters,
emphasizing structural features and shape anisotropy. (h) Scatter plot of experimental cluster orientation angle (θ ) versus aspect ratio, revealing
that elongated clusters tend to align orthogonally to the direction of motion. The blue line represents the average orientation angle for each
aspect ratio. Simulation results for gradients, gr = 0.0007, gr = 0.006, and gr = 0.02, show close agreement with experimental data in the
breaking cluster regime (gr = 0.006).

cellular clusters during collective chemotaxis. Using experi-
mental and simulation data, we characterized the influence of
external chemical gradients on cluster behavior.

Our results show a nonmonotonic entropy trend with
gradient intensity, revealing distinct behavioral regimes. In
low-gradient conditions, clusters exhibit high mixing entropy
and fluidlike behavior [Fig. 3(e)]. At intermediate gradients,
entropy decreases as clusters elongate and partially mix,
marking a transition phase [Fig. 3(f)]. Under high gradients,

clusters become rigid, with rotational dominance and minimal
mixing [Fig. 3(g)]. While our computational model predicts
a transition to a rigid, solidlike cluster phase at very high
chemoattractant gradients, such a phase was not observed
in our experiments even at very high gradients. One poten-
tial reason is that the lymphocytes in our system undergo
chemorepulsion (or fugetaxis) under extreme gradient con-
ditions, particularly via CCR7 signaling pathways [19,20].
This phenomenon is quite general and has been observed in
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various immune cells, where excessively high concentrations
of chemokines like CCL19 or CXCL12 induce a reversal in
migration direction [45]. Such chemorepulsive effects will
alter the dynamics of the cells thereby obscuring the predicted
rigid phase.

Another possibility is that the rigid phase may indeed exist,
but only within a very narrow window of chemoattractant gra-
dient strengths, before the onset of chemorepulsion, that was
not sampled experimentally. Given that the transition from
fluidlike to solidlike collective states can be abrupt, even small
changes in gradient magnitude could shift the system across
phase boundaries. It would be interesting to do systematic
gradient scans in future experiments to capture potential rigid
phases, potentially with systems that do not show chemore-
pulsion. It is also interesting to contrast this sort of rigidity
transition driven by an external signal to jamming-unjamming
transitions in epithelial sheets that are related to changes in the
cell shape, density, and adhesion [38,46,47]. Finally, it is also
possible that intercellular cohesion is probably not linearly
elastic under increasing strain and may fail under the higher
strains produced in the solid phase by the higher gradients.

Our work highlights an intriguing feedback-driven breakup
instability in chemotactic lymphocyte clusters exposed to in-
termediate chemoattractant gradients [Figs. 5(a) and 5(b)].
We showed that, beyond a threshold gradient, clusters elon-
gate perpendicular to the gradient and eventually fragment
into smaller clusters. This instability is driven by a feedback
mechanism where the front-edge cells move persistently up
the gradient while cells toward the sides slip forward and
flatten the leading edge, breaking the cluster’s symmetry. The
high curvature sides then experience increased persistent mo-
tion outwards, stretching the cluster laterally until it breaks
(Fig. 6). Consistently, we found that the probability of breakup
rises with gradient strength and with cluster size [Figs. 5(d)
and 5(e)], indicating a size-dependent instability threshold
that disrupts cluster cohesion and limits cluster size.

From a physics perspective, this behavior can be viewed in
the context of the process of equilibrium phase separation due
to attractive adhesion interactions between particles which
is disrupted by activity, that has been studied in different
synthetic systems ranging from colloids to active nematics
[48,49]. However, in our system, the activity is not uniform
and its influence is coupled to the boundary shape. One
can also consider extending this concept to the context of
motility-induced phase separation in active matter systems,
where, in the absence of external cues, self-propelled particles
with purely repulsive interactions can spontaneously phase-
separate into dense clusters and dilute gaslike regions [50–52].
Such coarsening would typically produce a single large clus-
ter at steady state. However, in our chemotactic system the
external gradient provides a directed feedback that produces
an instability that causes fragmentation and counteracts in-
definite coarsening which may be observable in appropriately
designed active colloidal systems [53].

The elongated, winglike shapes that clusters adopt before
breaking are seen in both our simulations and experiments
[Figs. 7(b) and 7(c)] and are reminiscent of fingering in-
stabilities observed in other active media. In spreading cell
monolayers, for instance, an advancing tissue front often de-
velops fingerlike protrusions due to an interfacial instability

driven by active forces [54,55]. It is interesting to note that,
contrary to typical fingering instabilities where fingers grow
in the gradient direction, the stretching of clusters and their
eventual break-up occurs in a direction perpendicular to the
gradient as shown by our aspect ratio and orientation measure-
ments in both simulations and experiments [Figs. 7(d)–7(h)].

Biologically, the fragmentation of large clusters under
strong chemotactic drive may represent a functional mecha-
nism to constrain cluster size and enhance adaptability. There
is growing evidence that collective dissemination—small
groups of cells traveling together—is a highly effective route
for metastasis [56], suggesting that intermediate-sized clusters
balance efficiency of spread with survivability. Indeed, theo-
retical and experimental studies indicate that clusters retain
certain advantages (such as cell-cell cooperation and survival
signals) but avoid the drawbacks of excessive size [56]. In
this light, the feedback-driven breakup instability we observe
could be biologically advantageous: By breaking a large clus-
ter into smaller ones, the cells might maximize migratory
efficiency and dispersion in complex environments. Interest-
ingly, comparing the model to experiments, we find that cell
clusters appear to reside in the break-up regime for gradients
that are comparable with physiologically relevant ones [20].
We explicitly showed that functional benefits in this regime
includes enhanced speed and a stronger response to the gra-
dient, as suggested by the increased velocity in the direction
of global chemokine gradient observed in this regime. We
also showed that, within this regime, migration in response
to the gradient is fastest for cluster sizes that stay cohesive,
i.e., below a critical size (see Fig. 12). This suggests that
cells could even tune their chemotactic response strength to
stay in this functionally beneficially regime. Our findings thus
point to a potential mechanism by which chemotactic cues
and the cellular responses to them inherently regulate cluster
size in vivo—preventing clusters from becoming too large to
traverse the environment and possibly optimizing the trade-off
between cohesive group migration and the need to disperse.
In the context of migrating through confined spaces, in the
fluid and breaking regime, we might expect that clusters can
adapt their shape, enabling them to pass through constrictions
more easily than in the solid regime, where clusters maintain a
rigid structure and cannot pass through narrow constrictions.
Interestingly this suggests that very high gradients might be
counterproductive in directing clusters through constrictions.
Shear forces associated with fluid flows in confined regions
may also destabilize clusters and broaden the breaking regime.
A more detailed study on the effect of shear and confined
spaces would be illuminating.

While our study here focuses on quantitatively matching
the experimental observations of clusters of the particular cell
type we studied [chronic lymphocytic leukemia (CLL) B and
T lymphocytes], we believe the model should generally apply
to other cell types that form clusters and show chemotaxis.
The model can be generalized by modifying the parameters
to match the behavior of the cells in question (adhesion, gra-
dient sensing, propulsion, etc.) and used to make quantitative
predictions.

In summary, by identifying behavioral regimes, stabil-
ity thresholds, and shape transformations of chemotactically
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driven multicellular clusters, we provide a framework for un-
derstanding transitions between fluidlike, breaking, and rigid
phases. The feedback-driven cluster instability reported here
connects to broader themes in active matter and biology and it
suggests that nature may utilize such instabilities to maintain
optimal cluster sizes for collective migration and function.
Our work is relevant to collective cell migration, where chem-
ical gradients impact cohesion and motility and provides
deeper insights into cluster stability and fragmentation mecha-
nisms, with relevance to bacterial colonies, synthetic colloids,
and cellular aggregates as well as informing active material
design for a wide range of applications.

V. MATERIALS AND METHODS

The human CLL-derived cell line JVM3 was obtained from
the Deutsche Sammlung von Mikroorganismen und Zellkul-
turen and routinely authenticated via B cell surface marker
analysis, CCR7 expression, and mycoplasma testing. Re-
combinant human CCL19 chemokines were purchased from
PeproTech, and Alexa Fluor 647–labeled CCL19 from Almac;
both were aliquoted and stored according to the manufactur-
ers’ instructions. Cell motility in response to CCL19 gradients
was assessed by video microscopy using collagen IV–coated
2D chemotaxis slides (ibidi), as previously described [20].
Briefly, 0.5 × 106 cells in 10 ml culture medium were loaded
into the central channel of a Collagen-IV-treated 2D chemo-
taxis µ-slides from Ibidi and incubated at 37 ◦C for 30 min to
allow adhesion. Chemokine gradients (global chemical gradi-
ent) were established according to the manufacturer’s protocol
and verified for linearity using a 10% dextran–fluorescein
isothiocyanate solution. Cell migration was recorded with
wide-field microscopes equipped with environmental control
chambers (temperature and CO2), acquiring one frame every
2 min using MetaMorph software (Molecular Devices) [20] on
either a Zeiss Axiovert 200 microscope (2.5× objective, cool-
SNAP HQ CCD camera, Photometrics) or a Nikon Eclipse
TE2000-E microscope (4×/0.13 NA objective, Cascade II 512
CCD camera, Photometrics). Cluster shape and orientation
were analyzed from the same time-lapse videos using Im-
ageJ’s built-in Measure function. Each cluster was fitted to
an ellipse, and the orientation angle of the major axis was
extracted. Breaking events were identified by monitoring the
size of individual clusters over time.
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APPENDIX A: SIMULATION MODEL IN DETAIL

We employed an agent-based model [19] to simulate cell
clusters in a 2D environment (see Fig. 2 for a schematic rep-
resentation). This model was built using the minimal features
needed to reproduce experimental cell cluster behavior and
was validated and calibrated with parameters determined by
comparing rotating, running, and random cluster dynamics
in the absence of a gradient with experimental data. Each
cell cluster consists of N particles, with a distribution of
radii with polydispersity of approximately 10% to account
for natural variations in particle size and to prevent artificial
ordering effects. Each particle is subject to its own active
self-propulsion, interacts with other cells through exclusion
and cohesion interactions and is influenced by an external
chemoattractant gradient (applied in the y direction).

The dynamical equation of motion [19] for these particles
is given by:

�vi(t ) = �F p
i + �F c

i + ηi, (A1)

where �F p
i , �F c

i , and ηi are the propulsive force, cohesive force,
and noise experienced by the particle and where we assume
overdamped dynamics. The total force acting on a particle is
thus composed of three main components.

1. Active self-propulsion (�F p
i = pin̂i)

The self-propulsion speed (pi) of particles is governed by
CIL [19], implying that cell propulsion is smaller when cells
are confined by neighbors, with particles at the rim of the
cluster moving faster than those in the core of the cluster.
This is a result of cells at the surface having more open space
available to form protrusions than those at the center, leading
to higher propulsion forces. The propulsion of a cell is taken
to be [19]:

pi = pcore − 3
7 (prim − pcore)(zi − 7), (A2)

where pi, pcore, and prim represent the propulsion of cell i,
core cells, and rim cells, respectively, and zi is the number
of neighbors of cell i. Cells at the surface are called rim cells,
while those inside the cluster, excluding the surface, are called
core cells [Fig. 2(a)].

Cells tend to align their velocity with the mean orientation
of their neighboring cells and in the direction of their response
to the chemical gradient, such that the instantaneous direction
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of active self-propulsion is given by the unit vector:

n̂i = v̂i(t − �t ) + αV̂i + β�giχ (yi )∣∣v̂i(t − �t ) + αV̂i + β�giχ (yi )
∣∣ , (A3)

where v̂i(t − �t ) is the unit velocity of cell i at the previ-
ous time step, α is the strength of the velocity alignment
interaction, and V̂ is the unit vector of the mean orientation
of nearest-neighboring cells [for more details on neighbor
definitions, see Eq. (B1) of Appendix B], and [Fig. 2(c)]:

V̂i =
∑

n.n. v̂ j∣∣∑
n.n. v̂ j

∣∣ . (A4)

The cell’s overall response to the chemoattractant is
governed by the response to the local concentration of
chemoattractant at the location of the cell, βχ (yi ), and the
local gradient vector, �gi. The local gradient vector is defined
as [see Fig. 2(b)]:

�gi =
∑

j

�f j, (A5)

where �f j is a vector pointing in the direction bisecting the an-
gle subtended by the centers of the neighbor pair at the center
of cell i [see Fig. 2(b)]. Its magnitude corresponds to the open
arc length between the two neighboring cells; that is, the arc
such that rays from the center of cell i passing through the arc
will pass between the neighboring cells. The summation runs
over all adjacent neighbor pairs of the cell. The local gradient
vector thus reflects the direction and magnitude of the most
exposed area of the cell boundary. This models the observa-
tion that cells in our system show persistent polarization and
protrusions in the direction of the open area available to them
and then taking into account that the strength of the response
scales with receptor binding. The open arc calculation is a
heuristic algorithm to find the direction of the open space
and the number of receptors available for binding. In other
words, we are modeling the effect that when a cell contacts
another cell, receptors in the contact region are blocked from
ligand binding and gradient sensing, while a larger exposed
arc allows more binding in that region, enhancing the cell’s
ability to detect and respond to the local gradient.

The response to the local concentration, βχ (yi ), is assumed
to be proportional to the bound fraction of chemoattractant
(chemokine) receptors, χ (yi ), and is taken to be

βχ (yi ) = β
c(yi )

c(yi ) + c0
, (A6)

where we assume Langmuir adsorption and c0 and β are
constants. The local concentration c(yi ) of each particle is
given by

c(yi ) = ((yi − yc.m.) + y0) · gr, (A7)

where yi and yc.m. are y positions of the ith particle and center
of mass of the cluster respectively and gr represents the slope
of the chemokine concentration gradient. We ensure y0 >

(yi − yc.m.) for our simulations to prevent artificially negative
values.

2. Cohesive forces

Intercellular cohesion is modeled using a combination of
truncated LJ and spring interactions.

a. Lennard-Jones potential

At short range, particles interact through an LJ force that
captures both repulsion (preventing overlap) and attraction
(maintaining cohesion). The force on cell i is

�LJi = 24ε

nb∑
j �=i

[
2

(
σi j

ri j

)13

−
(

σi j

ri j

)7
]

r̂i j, (A8)

where ε is the potential depth, σi j = (σi + σ j )/2 the effective
particle size, ri j the interparticle distance, and r̂i j the unit
vector from i to j [Fig. 2(c)]. The LJ force is only applied
within the first-neighbor shell as defined in Eq. (B1).

b. Spring interaction

Beyond the LJ range, an additional spring force engages,
providing a long-range contractile mechanism that maintains
structural rigidity:

�Si = −ks

s.n.n.∑
j

ω j �di j, (A9)

where ks is the spring constant, �di j = �r j − �ri is the displace-
ment vector, and the sum runs over second-nearest neighbors
(see Appendix B).

The switching variable ω j ∈ {0, 1} is zero if there is an
obstructing intervening particle between particles i and j (i.e.,
when the perpendicular distance of the intervening particle
from the line joining i and j is less than r). If there is no such
intervening particle, then

ω j (di j ) ∼
⎧⎨
⎩

0, di j < 30,

1 with prob. di j−30
10 , 30 � di j � 40,

1, di j > 40.

Thus, springs connect only unobstructed second neigh-
bors. The LJ potential dominates short-range interactions and
switches smoothly in a probabilistic manner to a spring poten-
tial that provides contractility at larger separations.

3. Stochastic noise vector (ηi)

This introduces random fluctuations to mimic biological
variability and is taken to be

ηi =
√

2D�t ξi, (A10)

where D is the noise strength (diffusion coefficient), �t is the
time step, and ξi is a Gaussian random vector with zero mean
and unit variance.

Simulations were conducted in a setup analogous to a
treadmill, where the center of the cellular cluster was fixed in
space. This approach allowed us to study the cluster dynamics
while the external concentration and gradient do not change
over time. The system was simulated for particle counts rang-
ing from N = 10 to 150, with the following parameter val-
ues: α = 6, ε = 18, ks = 0.1, pcore = 1.5, prim = 8,

√
2D =

1.5, c0 = 40, β = 80, �t = 0.01. For all the simulations
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TABLE I. Model parameters, their symbols, values, and estimation methods.

Name of the variable Symbol Value Estimation method

Core cell propulsion speed pcore 1.5 Adopted from Copenhagen et al. [19], where it was calibrated
from cluster dynamics.

Rim cell propulsion speed prim 8 Adopted from Copenhagen et al. [19], where it was calibrated
from cluster dynamics.

Lennard–Jones interaction strength ε 18 Taken from Copenhagen et al. [19], chosen to reproduce
experimentally observed cluster cohesion.

Surface tension coefficient ks 0.1 Taken from Copenhagen et al. [19], chosen to reproduce
cluster shape stability.

Velocity alignment strength α 6 Taken from Copenhagen et al. [19], chosen to reproduce
velocity alignment within clusters.

Dis Constant c0 40 Introduced in this study as saturation constant in the Langmuir
expression.

Chemical gradient gr 0.0001–1 Varied systematically to probe cluster chemotactic response.
Gradient sensitivity coefficient β 80 Recalibrated in this study to reproduce the responsiveness of

clusters to chemical gradients.
Noise strength (diffusion coefficient) D 1.125 Taken from Copenhagen et al. [19], calibrated to reproduce

variability in cell trajectories.
Simulation particle number N 10–150 Varied systematically to study cluster size effects.
Initial vertical position y0 250 Fixed by the initial simulation configuration until mentioned,

to ensure physically consistent (non-negative) concentrations
during numerical integration.

Time step �t 0.01 Fixed to ensure numerical stability of integration.
Total simulation time T 4000 Chosen to capture steady-state behavior or complete transient

dynamics across all parameter sets.

y0 = 250, until mentioned. These values, identified in Ref.
[19], reproduce the observed running and rotating phases of
cellular clusters during collective migration in low chemotac-
tic gradients. Simulations were performed up to 4000 time
steps [each time step = 30 s, estimated from comparing cluster
speed and cell size (see Appendix D)], beyond which we did
not observe any significant changes.

APPENDIX B: NEIGHBOR INTERACTION
CUTOFF DEFINITIONS

We use a two-shell approach to define particle neighbor-
hoods. The first-nearest-neighbor shell includes particle pairs
close enough for interparticle forces to act. The interaction
range is based on the characteristic size of the pair, σi j , for
particles i and j [see Eq. (A8)] and is defined by:

d < σi j + �1, (B1)

where d is the center-to-center distance between particles
and �1 provides a uniform buffer beyond contact. We set
�1 = R1 − ζ , with R1 = 38 and ζ = 30 as the nominal par-
ticle diameter, yielding �1 = 8. For uniform particle size,
this cutoff corresponds to approximately 1.25ζ and effectively
captures all particles subject to short-range interactions.

The second-nearest-neighbor shell includes particles out-
side the first-neighbor range but within a broader zone of
influence. It is defined by:

σi j + �1 < d < σi j + �2, (B2)

where �2 = R2 − ζ gives the extension of the second shell.
With R2 = 100 and ζ = 30, we set �2 = 70. This two-shell

method efficiently identifies neighbors and accommodates
slight variations in particle size.

APPENDIX C: PARAMETERS TABLE

Table I is a list of all the parameters in our model along with
their values and the methds used to estimate these values.

APPENDIX D: CONVERSION OF SIMULATION TIME
STEPS TO EXPERIMENTAL TIME

To align simulation data with experimental observations,
we compared average particle speeds and sizes. Using a mid-
point experimental particle radius of 15 µm and a simulation
radius of 30 units and the experimental speed of 5 µm/min
and the average simulation speed of 5 units per time step,
this yields a time conversion factor of one simulation time
step = 30 s. Consequently, 4000 simulation time steps rep-
resent approximately 33.3 h of experimental time.

APPENDIX E: MIXING ENTROPY OF A THREE-LAYER
PARTICLE SYSTEM

We consider a system of particles arranged in a square
lattice, divided into three colored distinct horizontal layers
(e.g., blue, white, and red). Here we examined two special
cases where these particles can either remain within their
respective layers (unmixed) or completely mix across all three
layers. We calculate the entropy for both cases.
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1. Entropy of the completely unmixed case

When the three color particle layers are completely un-
mixed, the particles remain confined to their specific layers.
In this scenario, the probability pi for each particle to be in its
designated layer is 1, and the probability of being in any other
layer is 0.

Using the entropy formula:

S = −kB

∑
i

piln(pi ). (E1)

Since pi = 1 for each unmixed layer:

S = −kB(1 · ln(1)) = 0. (E2)

This result indicates zero entropy because there is no uncer-
tainty or disorder; particles are perfectly ordered and localized
in their own layers without any mixing.

2. Entropy of the completely mixed case

When the three color particle layers are completely mixed,
the particles are spread out evenly across all three layers. In
this scenario, the probability pi for any particle to be in a
particular layer is equal for all layers. Since there are three
layers, each particle has a pi = 1

3 chance of being in any given
layer. Using the entropy formula:

S = −kB

∑
i

piln(pi ) (E3)

Since pi = 1
3 for each layer:

S = −kB
(

1
3 ln

(
1
3

) + 1
3 ln

(
1
3

) + 1
3 ln

(
1
3

))
(E4)

S = −kB
(
3 × 1

3 ln
(

1
3

))
(E5)

S = −kBln
(

1
3

)
. (E6)

Since ln(1/3) = −ln(3), we get:

S = kBln(3). (E7)

This means that the mixing entropy is maximized, as there is
the highest possible uncertainty and disorder—particles are no
longer restricted to their original layers and are equally likely
to be found anywhere.

APPENDIX F: THRESHOLD FOR FLUID, BREAKING,
AND SOLIDLIKE REGIME

From Eqs. (A1) and (A3), neglecting the terms �LJ and �S,
the velocity evolves as:

�vi(t − �t ) ≈ pin̂i(t − �t ) + η,

where n̂i is the unit vector describing the direction of motion,
and η represents noise.

The direction vector n̂i is given by:

n̂i = �s
|�s| , where �s = v̂i(t − �t ) + αV̂ + β�giχ (yi ),

where v̂i(t − �t ) is the velocity of the particle at the previ-
ous time step reflecting persistence. Alignment is reflected
by α, the strength of the alignment interaction, and V̂ , the
unit vector of the mean orientation of nearest-neighboring

cells. Finally, the response to the local concentration of
chemoattractant at the location of the cell, βχ (yi ), and the
local gradient vector, �gi, together reflect the influence of the
chemoattractant.

We consider that the noise is small and the system is dom-
inated by active propulsion, hence by n̂i. The direction of n̂i is
primarily determined by the largest term in �s, given that n̂i is
a unit vector. The magnitudes of the terms in �s are as follows:

(1) Active self-propulsion term: |v̂i(t − �t )| = 1
(2) External velocity influence: |αV̂ | = α = 6 (since V̂ is

a unit vector)
(3) Gradient influence: |β�giχ (yi )| ≈ β|�gi|χ (yi ), where

β = 80, and |�gi| ≈ 1
(4) Response function: χ (yi ) = y0·gr

y0·gr+40 , from Eq. (A6),
where c(yi ) ≈ y0 · gr , and y0 = 250

Based on these magnitudes, we now note that v̂i(t − �t ) <

αV̂ and that, depending on the value of gr , the gradient term,
β�giχ (yi), could lie below, between or above the two values
of the persistence and alignment terms, potentially giving us
three phases.

1. High gradient regime (gr > gbs )

As we lower the value of gr from very high values, a first
critical point occurs when the alignment term αV̂ and the
gradient term balance β�giχ (yi ), i.e., when:

αV̂ ≈ β�giχ (yi).

Using the values quoted above and solving for the critical
gradient gbs, we obtain:

80
250 · gbs

250 · gbs + 40
= α,

gbs = 40(α)

20 000 − 250(α)
= 280

18 250
≈ 0.013.

This indicates that for gr < 0.013, the motion is domi-
nated by the collective velocity alignment |αV̂ |, while for
gr > 0.013, the gradient term |β�giχ (yi)| dominates. In the
high gradient regime, we observe the solid phase and this
threshold therefore marks the crossover from the breaking to
the solid regime.

2. Low gradient, fluid, and breaking regime (gr < gbs )

As we reduce the gradient below this breaking-solid
threshold, gr < gbs, the next critical point occurs when the
self-persistence term and the gradient term balance:

v̂i(t − �t ) ≈ β�giχ (yi ).

Again, solving for the critical gradient gfb, we find:

gfb = 40
19750 ≈ 0.002.

Thus, we identify three regions based on the gradient:
(1) gr < gfb: In this regime, motion is purely dominated

by flocking behavior. v̂i(t − �t ), αV̂ > β�giχ (yi )
(2) gfb < gr < gbs: In this intermediate regime, the gradi-

ent is able to compete with single-persistence effects but is
not strong enough to overcome the overall collective behav-
ior. This could explain the breakup observed in this domain.
v̂i(t − �t ) < β�giχ (yi ) < αV̂ .
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(3) gr > gbs: Here the gradient dominates the overall dy-
namics, driving the system into a gradient-dominated, solid
regime. v̂i(t − �t ), αV̂ < β�giχ (yi ).

These thresholds, with gfb = 0.002 and gbs = 0.013, define
the transitions between different regimes of particle motion
driven by varying influences of self-propulsion, alignment,
and gradient effects.

APPENDIX G: ANGULAR MOMENTUM
AND POLARIZATION

Angular momentum quantifies a cluster’s rotational motion
based on individual particle movements around its center of
mass. We compute the mean absolute angular momentum per
particle as:

At =
∣∣∣∣∣ 1

T

T∑
t=1

A
∣∣∣∣∣ (G1)

where,

A = 1

N

N∑
i=1

�ri,c.m. × �vi,c.m.. (G2)

Here the position and velocity of a particle relative to the cen-
ter of mass are given by �ri,c.m. = �ri − �rc.m. and �vi,c.m. = �vi −
�vc.m., with �ri and �vi representing the particle’s position and
velocity, and �rc.m., �vc.m. denoting the center-of-mass position
and velocity of the cluster. This average provides a measure
of the average rotational motion of the particles over time T .

In addition to At , polarization measures velocity alignment
within the cluster, capturing the degree of collective transla-
tional order [19]:

O = 1

N

∣∣∣∣∣
N∑

i=1

�vi

|�vi|

∣∣∣∣∣, (G3)

where �vi/|�vi| is the unit velocity vector of particle i. A high po-
larization value (O ≈ 1) indicates strong velocity alignment,
whereas a low value (O ≈ 0) suggests disordered motion.

APPENDIX H: ANALYSIS OF CLUSTER PROPERTIES AS
A FUNCTION OF CONCENTRATION AND GRADIENT

In this section, we present additional analysis exploring the
dynamical properties of the system (see Fig. 8) for cluster
size (N = 37). Specifically, we investigate the mixing entropy
and cluster response to external gradients as a function of
the concentration at a position corresponding to the cluster’s
center of mass. The concentration at this point can be changed
by changing the value of the parameter y0 [Eq. (A7)]. This
analysis complements our primary results, providing insights
into how the overall concentration influences cluster behav-
ior in the presence of external gradients. The accompanying
plots illustrate these dependencies, highlighting variations in
mixing entropy and cluster response across different concen-
trations.

APPENDIX I: FMI AS A FUNCTION OF SIZE

Examining FMI as a function of cluster size across fluid,
breaking, and solid regimes, we find that in the fluid regime
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FIG. 8. Dependence of mixing entropy and cluster migration on
concentration and gradient. (a) Mean mixing entropy as a function
of gradient (gr) and local concentration (y0) illustrating regions of
high and low mixing. (b) FMI showing the response of the cluster to
external gradients as a function of COM concentration. The dashed
contours indicate 80% and 20% of the global maximum entropy
Emax.

(gr = 0.0007) FMI increases initially and then saturates, in
the breaking regime (gr = 0.006) it increases to higher values
before saturating (consistent with supplementary Fig. SI2(Dii)
of Ref. [20]), and in the solid regime (gr = 0.02) FMI in-
creases monotonically with size without saturation.

APPENDIX J: CORRELATION OF THE UNIT ACTIVE
SELF-PROPULSION

In our simulation, to investigate the reasons behind the
onset of instabilities, we examined the correlation of the unit
vector of active velocity within a circular cluster of N = 150
particles, whose positions remain fixed throughout the analy-
sis.

The active propulsion direction correlation function is de-
fined as:

Cn(r) =
∑

i, j n̂i · n̂ jδ(r − ri j )∑
i, j δ(r − ri j )

(J1)

where n̂i is the active velocity unit vector of particle i and
ri j = |ri − r j | is the separation distance between particles i
and j and ζ is the nominal particle diameter (see Appendix B).
δ(r − ri j ) is a binning function ensuring only pairs at distance
r contribute.

We analyzed this active propulsion direction correlation
function in three different regimes: fluid, breaking, and solid
(gr = 0.0004, gr = 0.004, and gr = 0.04, respectively). Our
results indicate that the correlation function crosses zero at
a higher distance in the fluid regime as seen in Fig. 10(a).
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FIG. 9. FMI value as a function of size (N) for three different
gradient values (gr = 0.0007, gr = 0.006, gr = 0.02). The FMI vari-
ation for gr = 0.006 (breaking regime) follows a trend similar to FMI
observed in the supplementary Fig. SI2(Dii) in Ref. [20], indicating
that this gradient falls within the breaking regime.

This observation suggests that the structural properties of the
system evolve in a nonmonotonic manner across the different
phases. The fluid regime, characterized by high mobility and
disorder, exhibits the largest correlation length, implying a
long-range velocity alignment among the particles. As the
system moves into the breaking regime, where structural in-
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FIG. 10. (a) Active propulsion direction correlation Cn(r) as a
function of scaled distance r/ζ for a fixed circular cluster of N =
150 in different regimes: fluid, breaking, and solid (gr = 0.0004,
gr = 0.004, and gr = 0.04, respectively). The zero-crossing point
of the correlation function is highest in the fluid regime, decreases
in the breaking regime, and increases again in the solid regime,
indicating a nonmonotonic change in correlation length across these
states. (b) Mean zero-crossing distance of the unit active propulsion
direction correlation as a function of gradient values. The trend
follows an error function, highlighting the systematic variation of
correlation length with gradient changes. This suggests a nontrivial
dependence of structural stability on the imposed gradient.
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FIG. 11. Average orientation angle (θ ) (if the cluster fraction
exceeds 5%) as a function of gradient, illustrating alignment changes
with increasing gradient. The inset plot also includes the fraction
of cluster with aspect ratio >2, showing the relationship between
orientation dynamics and the presence of elongated clusters across
gradient regimes.

stability sets in, the correlation length significantly decreases,
indicating a loss of coherence in velocity alignment. In the
solid regime, where the system stabilizes into a more ordered
configuration, the correlation length increases again, though
not necessarily reaching the same values as in the fluid phase.

To further quantify this behavior, we analyzed the zero-
crossing distances for various gradient values and averaged
them over time [Fig. 10(b)]. On average, we observe a de-
crease in the crossover distance as we transition from the fluid
to the breaking regime, indicating that smaller active propul-
sion direction correlation domains and the system becomes
unstable. However, as the system further evolves into the solid
cluster, the crossover distance increases again, reaffirming
that structural stability is regained in the solid phase. This
systematic variation of correlation length with the gradient
suggests a fundamental relationship between active velocity
fluctuations and phase stability in the system.

APPENDIX K: DEFINITION OF RADIUS OF GYRATION

Furthermore, we performed shape analysis and dynamical
analysis of these clusters. To understand the shape dynamics
of the cluster, we calculated the radius of gyration and the
asymmetry from the gyration tensor. The gyration tensor is a
2 × 2 matrix that describes the spatial distribution of particles
in a cluster relative to their center of mass. It is computed as
follows:

G= 1

N

N∑
i=1

(
(xi − xc.m.)2 (xi − xc.m.)(yi − yc.m.)

(xi − xc.m.)(yi − yc.m.) (yi − yc.m.)2

)
,

where (xi, yi ) are the coordinates of the ith particle and
(xc.m., yc.m.) are the coordinates of the center of mass of the
cluster.

To characterize the shape of the cluster, we analyzed
the eigenvalues and eigenvectors of the gyration tensor. The
eigenvalues (λ1, λ2) represent the principal variances of the
particle distribution along specific directions, while the corre-
sponding eigenvectors indicate the principal axes of the shape.
If v1 = (v1x, v1y) and v2 = (v2x, v2y) are the eigenvectors cor-
responding to the eigenvalues λ1 and λ2, respectively, then v1

defines the direction along which the cluster is most extended,

013004-16



CHEMOTAXIS-DRIVEN INSTABILITIES GOVERN SIZE, … PRX LIFE 4, 013004 (2026)

while v2 represents the perpendicular direction. (θ ) is defined
as the angle between the major axis of the cluster (deter-
mined by the gyration tensor eigenvectors) and the direction
of the gradient (positive y axis). This angle is calculated from
the eigenvectors of the gyration tensor. If v1 = (v1x, v1y ) is the
eigenvector corresponding to the largest eigenvalue λ1, then
the angle is given by: θ = arctan( v1x

v1y
).

APPENDIX L: AVERAGE ORIENTATION ANGLE
AS A FUNCTION OF GRADIENT

Figure 11 illustrates that the average orientation angle (θ )
varies as a function of the gradient, but only for clusters
with significant elongation (AR >2). These plots also show
the cluster fraction across gradient regimes, emphasizing how
orientation dynamics are closely linked to the prevalence of
elongated clusters in the breaking regime.

APPENDIX M: VELOCITY OF CLUSTERS IN THE
DIRECTION OF THE CHEMICAL GRADIENT

The key focus here is the cluster’s response to the gradient,
characterized by its velocity in the direction of the gradient
i.e., velocity in the y direction. The resulting velocity in the
y direction is notably higher in the breaking regime [see
Figs. 12(a) and 12(b)].

FIG. 12. Cluster velocity in the y direction (direction of global
chemokine gradient) as a function of cluster size and gradient
strength. (a) y-direction velocity across the fluid, breaking, and solid
regimes under varying gradient strengths (gr). Dashed lines indicate
the cluster size below which breakup does not occur in the breaking
regime. The y direction velocity is notably elevated in this regime.
(b) Heatmap of cluster velocity in the y direction as a function
of cluster size and gradient strengths, with dashed lines indicating
transitions between regimes. The heatmap further reinforces that the
response to the gradient is most pronounced in the breaking regime.
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