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To understand how individual behaviors contribute to collective actions across scales—
ranging from molecular interactions to animal populations—it is essential to identify the
fundamental rules that govern these interactions. Myxzococcus ranthus, a bacterial preda-
tor, can produce very large multicellular patterns, transitioning from a swarming behavior
to a rippling behavior due to changes in the local environment within and around prey
colonies. Through a combination of high-resolution microscopy and theoretical analysis, we
demonstrate that this transition can be explained by two simple properties, local cellular
alignment guided by an extracellular matrix and the ability of cells to resolve congestion by
reversing. Furthermore, we show that a tunable refractory period in the reversal control
system enables a wide range of collective adaptations, allowing cells to synchronize during
rippling and relieve congestion during swarming. Remarkably, our models suggest that
these transitions can occur without genetic regulation changes, and result in stable spatial

domains that facilitate local differentiation.

In biology, remarkable patterns emerge from collective motion across scales—from migrating cells to
flocks of sheep—shaping how communities self-organize. Understanding how such patterns arise from
interactions between individual agents remains a central challenge'. In wild animals and humans, deci-
phering the rules of interaction underlying spatial organization is difficult because individuals are hard to
track and experimental perturbations are rarely possible?. In this respect, bacterial model systems are
powerful: they are amenable to both high-throughput tracking and genetic manipulation. Here, we use
the social bacterium Myzococcus xanthus (M. zanthus), a predatory species, to investigate the molecular
and cellular basis of multicellular pattern transitions during predation of prey colonies.

When a M. zanthus colony encounters a prey colony of Escherichia coli (E. coli), predatory cells spread

outward from the initial inoculum—a process referred to as swarming®. Typically, this behavior involves



38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

7

the concerted movement of large groups of cells that tend to follow self-deposited trails. This process is
distinct from swarming referring to flagellated bacteria: it relies on two motility systems—retractile type
IV pili and A-motility—and on a self-produced exopolysaccharide (EPS). The EPS is deposited as cells
move, forming so-called "slime trails" that guide collective migration®®. The extracellular matrix (ECM)
contain other polymeric substances, such as lipids and biosurfactants, and prey-derived matrix. The EPS
component is absolutely required for motility because the Type IV pili, assembled at the cell poles, binds
specifically to EPS trails and retracts, allowing movement along these trails®. A-motility, based on focal
adhesion complexes, allows individual cells to detach from the groups and explore the prey environment,
acting as scout cells”. The two motility machineries can disassemble from one pole and reassemble at the
opposite pole, allowing cells to rapidly change direction—a process known as reversal. Mutants unable to
reverse show severe swarming defects®?.

Following prey consumption and the onset of starvation, cells within the prey area undergo a striking
transition: they organize into concerted multicellular waves (“ripples”) that propagate across the prey
surface over long distances'® (Fig. 1a,b and Movie S1). Outside the prey area, cells continue to swarm,
and the two multicellular states are sharply separated by an interface defined by the prey boundary.
Evidence suggests that this transition is triggered by changes in the local environment, most notably the
presence of a prey-derived matrix. Indeed, deposition of M. zanthus cells onto purified prey cell wall
fragments is sufficient to induce rippling, presumably through persistent cell alignment driven by a yet
unknown mechanism?.

These distinct multicellular states—swarming structures and rippling waves—have inspired a wide
range of theoretical models aimed at uncovering the underlying rules of collective behavior in M. zanthus.
Among these, rippling has been the most extensively studied, particularly through one-dimensional con-
tinuum approaches based on Partial Differential Equations (PDE). These models represent populations
as left- and right-moving cell densities and show that ripples can emerge from density-dependent reversals
combined with a fixed refractory period (RP)—defined as the delay following a reversal during which a cell
cannot reverse again!!1213:1415  Beyond reproducing wave-like behavior, these models provide analytical
insight into the conditions for ripple emergence and stability. In particular, two ingredients are essential
to sustain ripples: a sufficiently strong nonlinearity in the reversal response to signaling and a sufficiently
long RP1L14.15,

Alternatively, agent-based models have also been developed to explore how ripples self-organize in a
two-dimensional space. In addition to the reversals and their RP, ripple formation was shown to require

16,14 " consistent with the strong cellular orientation ob-

local nematic alignment between neighboring cells
served experimentally in rippling fields. Such alignment constrains the system to a quasi-one-dimensional
geometry in which cells remain globally aligned, successfully reproducing the accordion-like motion seen
in experiments, where cells reverse upon collision of counter-propagating waves'”.

Similarly, swarming has been investigated using two-dimensional agent-based models focusing on me-
chanical interactions between cells. These models incorporate reversals, steric repulsion, and slime trail-
following, allowing agents to align with paths previously traveled by others®!®. Trail-following, motivated
by experimental observations of EPS-mediated alignment, was shown to be crucial for maintaining cohe-
sive groups and forming the structures observed during swarming.

Together, these studies propose several mechanisms regulating M. zanthus behavior. In both swarming
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and rippling, reversal control is central, but each model assumes distinct reversal dynamics. Depending
on the swarming model, reversals are periodic or stochastic, whereas in rippling, reversals are triggered by
a signal known as the C-signal, thought to activate reversals upon cell-cell collisions'®2°. However, the
signaling role of the C-signal remains debated: its associated protein, CsgA, is a cardiolipin phospholipase
involved in lipid metabolism during starvation, questioning its function as a surface-exposed mediator of
contact-dependent communication?!.

Although the exact cues triggering reversals remain unclear, the genetic pathway controlling them
is well established, particularly the mechanism underlying the RP. In M. xzanthus, front-rear polarity is
governed by MglA, a small GTPase that cycles between an active GTP-bound and an inactive GDP-bound
state. In its active form, MglA localizes at the leading pole, where it recruits motility complexes to drive
movement. At the lagging pole, the GAP MglB hydrolyzes MglA-GTP to GDP, thereby inactivating
it. Reversals occur when the polarity of MglA-GTP switches, a process regulated by the Frz signaling
pathway?2.

Reversal initiation involves activation of the FrzCD receptor, leading FrzE kinase to phosphorylate
two response regulators, FrzX and FrzZ?32* (Supplementary Text Fig. 7). Phosphorylated FrzX (FrzX~P)
acts at the lagging pole, presumably by preventing MglB from hydrolyzing MglA-GTP. Phosphorylated
FrzZ (FrzZ~P) acts at the leading pole, where it likely promotes detachment of MglA-GTP, thereby
increasing the cytoplasmic pool available for relocation to the lagging pole. Once a reversal has occurred,
subsequent Frz activation can only trigger another reversal after the RP has elapsed.

At the molecular level, the RP is defined by the dynamics of RomR and FrzZ~P. RomR plays a dual
role: following a reversal, it recruits MglA—GTP to the new leading pole, then gradually relocates to the
lagging pole through interaction with MglB, facilitating dissociation of the MglA-MglB complex?425:26,
The rate of RomR relocation determines RP length because a critical concentration at the lagging pole is
required to recruit MglA during the next reversal. The Frz system can therefore operate in two regimes

(see Supplementary Text Fig. 8):

o Low-signaling regime: When [FrzX~P] and [FrzZ~P] are low, RP duration is set by RomR relocation
dynamics. A reversal can occur once RomR is relocated at the lagging pole and [FrzX~P] transiently

increases following FrzCD activation.

e High-signaling regime: When FrzCD activation is strong, FrzX~P outcompetes MglB, diminishing
its inhibitory effect, while FrzZ~P detaches MglA-GTP from the leading pole. This increases
intracellular [MglA—GTP] and shortens the RP in a FrzZ~P-dependent manner.

In summary, existing models describe rippling and swarming patterns using distinct rule sets—differing in
reversal dynamics, refractory periods, and cell—cell interactions—necessitating two separate frameworks
to reproduce adjacent patterns. Recent understanding of the reversal system, particularly the regulation
of RP duration, calls for revisiting these assumptions. In this study, we combine an experimental system
that captures single-cell behaviors in adjacent swarming and rippling fields after predation, together with
a pair of models, to explore the mechanisms underlying the co-existence of both patterns (Fig. 1la,b).
Using one-dimensional mathematical modeling, we first show that modulation of the RP facilitates rip-
pling emergence. We then identify a unique signal of reversal—triggered by cell congestion—which is

common to both rippling and swarming fields. Finally, by implementing a two-dimensional agent-based
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model governed by the same rules in both fields, except for cell alignment, we reproduce the side-by-side
dynamics of rippling and swarming. Our results demonstrate that a common reversal mechanism, com-
bined with field-specific alignment, is sufficient to explain the emergence, stability, and coexistence of

both multicellular behaviors in M. zanthus.

Rippling and swarming exhibit distinct spatial alignment and reversal dynamics

To elucidate how cellular rules differ between swarming and rippling behaviors, we first analysed the
levels of cell alignment in each of these two fields by quantifying changes in local nematic order — a metric
between 0 (disorder) and 1 (perfect alignment) commonly used in active matter physics to describe how
aligned elongated particles (here, cells) are with respect to one another, irrespective of their head or tail
orientation®” (see Methods). In swarming fields, cell alignment extended only over short ranges, drop-
ping rapidly as distance increases (Fig. 1c). By contrast, in rippling fields, and consistent with previous

works28:17

, we found that cells were characterised by persistent alignment over longer distances.

We next asked whether cell reversals are required to establish alignments observed in rippling and
swarming fields. To test this, we used the frzE mutant, which is strongly defective in reversals®’, hence
unable to form rippling waves (fig. S1), while producing EPS trails. We found that frzE cells still become
highly aligned upon entering the prey area (fig. S2). Outside the prey area, we observe that frzFE still
forms coherently moving flocks, consistent with previous observations?. Thus, reversals are not required
for alignment in either field (compare fig. S2c and Fig. 1c). In both cases, alignment likely results from
interactions with the ECM, cell-cell interactions and capillary forces as recently demonstrated?C.

Analysis of single-cell trajectories in rippling fields, visualized in space-time kymographs, revealed the
characteristic zigzag motion of the cells, with reversal events occurring predominantly at sites of wave
collision and occasional instances of cells crossing wave fronts, consistent with previous studies!?2%17 (Fig.
1d, movie S2). Importantly, multiple rapid reversals were also observed during wave collisions, a phe-
nomenon consistent with the shortening of the RP described in Guzzo et al.?* at the single cell level. We
next analysed the dynamics of reversals in each of the rippling and swarming fields. To detect reversals
with precision, we designed an algorithm that accurately identifies reversals from high—time-resolution
phase-contrast time-lapse movies of bacterial populations (see Materials and Methods and Supplemen-
tary Text, Section 2). Measuring the distribution of time intervals between two consecutive reversals
(TBR) we found that rippling fields were characterised by a bimodal distribution, where the first mode
corresponds mainly to cells reversing multiple times during the collision of two opposite waves and the
second mode corresponds to cells that take part in a density wave, and reverse against the opposite wave
(Fig. 1d,e). This distribution is consistent with earlier trends on much lower cell numbers?® (N=20). In
contrast, the second mode is absent in the TBR distribution in swarming fields which appears unimodal
(Fig. 1f). Thus, tracking individual cells in each of the swarming and rippling fields reveals different
signatures (alignment and TBR) that should be captured in any simulation attempting to recapitulate
these patterns. Altogether our results show that rippling and swarming exhibit distinct spatio-temporal

dynamics which may explain the observed differences in collective patterns.

A new theoretical framework for the role of reversal regulation in pattern formation

We next modeled the emergence of rippling waves. Previous one-dimensional PDE models had already
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reproduced rippling and identified reversals as essential. Specifically, they showed that a RP was crucial
for pattern formation.!1:31:12:32:33,16,14,15 " Tp these models, the duration of the RP is encoded by a fixed
parameter, preventing cells to reverse multiple times during wave collisions. This does not match with
the individual trajectories observed in rippling fields (Fig. 1d), nor with the TBR bimodal distribution
with a large fraction of small time intervals (Fig. le). Noticeably, the modulation of the RP?#, instead
offers a mechanism consistent with the rapid reversals observed during wave collisions.

This dual operation of the Frz system raises the question of how each signaling regime contributes
to the emergence of collective patterns. To address this, we constructed a mathematical model that
incorporates both signaling regimes. We updated an age-structured model'* based on PDE (see Fig. 2a)
describing the evolution of a bacterial density in time (¢) in a one-dimensional space (x) (cross-section of
the rippling field), which is splitted between right-moving cells (denoted u™) and left-moving cells (denoted
u~) at constant speed (v). We also endowed cells with the ability to reverse (i.e. an instantaneous flip in
the direction of motion). An additional age variable (r) encodes the time elapsed since the last reversal.
It is reset to zero after each reversal. No reversal can occur while r is less than the duration of the RP,
denoted by Trp. This is encoded in the equation by a Heaviside function H(r — Trp). The mean time of
reversal after the end of the RP is denoted by Trgy. Given that downstream from the FrzE kinase, the
transduction pathway is branched (see Supplementary Text, Fig. 7) both Trp and Trry were assumed to

be modulated by a unique external signal. We encode the two signaling regimes in the model as follows:

e Low-signaling regime: the duration of the RP Trp is constant, while the mean time of reversal

Trpv is signal-dependent (Fig. 2a, top and Fig. 2b).

e High-signaling regime: Tgrp is signal-dependent, while Trgy is a small constant, so that reversals

occur soon after the expiration of Trp (Fig. 2a, bottom and Fig. 2b).

To simulate the triggering of reversals within this 1D geometry, we investigated two distinct signals that
have been hypothesized and used in the literature: either the local density (i.e. number of neighbours!?), or
the local directional density (i.e., number of neighbours coming from the opposite direction
Numerical simulations showed that both signals allow the emergence of rippling behavior, provided that
signal intensity reaches the high-signaling regime locally at wave collision sites (see Fig. 2c, movie S3).

Next, we aimed to understand the conditions (the model parameter range) under which pattern
formation occurs. We conducted a linear stability analysis of the system of PDE (Fig. 2a) by introducing
fluctuations around the spatially homogeneous steady-state. We studied the time evolution of these
fluctuations (via their Fourier modes) which determines whether they decay (stability), or whether they
grow (instability) leading to pattern emergence. The Fourier modes are taken with respect to the spatial
variable (), since the problem is translationally invariant in that direction. The profiles of the fluctuations
in the age variable (r), depending on the Fourier mode frequency (), are solution to a renewal equation
which recapitulates the reversal dynamics (aging of the variable r, and reset r = 0 at reversal). The
analysis is standard, but should be handled with care, especially for the modulation of the RP which
involves Dirac masses when differentiating the Heaviside function H(r — Trp(p)) with respect to the
signal intensity p (see Supplementary Text, Section 4.2).

The linear stability analysis entails computing the complex eigenvalue A() for each mode of the

fluctuation at spatial frequency £. Such eigenvalue encodes the decay/growth rate of this mode via the sign

11,31,12,32,33,16,14,15)
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of its real part, that is either Re(A(§)) < 0 (decrease of the fluctuation at frequency &), or Re(A(£)) > 0
(increase of the fluctuation at frequency &). The possible emergence of a pattern is characterized by
the positivity of the maximum value of these real parts over all possible frequencies, denoted by Re(A).
Nondimensionalizing the model reveals that A depends only on two numbers: 1) the ratio between the

two characteristic times S = Trp(p)/TrEv (p) and 2) the coupling intensity C' representing the sensitivity

—0log(TrEV+TRP)
Olog p

of S for an explicit model of signal integration via the choice of the functions Trp and Trry. We opted

to the signal (p) in logarithmic scale, C' = . The latter can be expressed as a function
for a linear relationship between T év (p) and p (i.e Trpy is inversely proportional to p) in low-signaling
regime, and an inversely proportional relationship between Trp and p in high-signaling regime (see Fig.
2b). This modeling choice is guided both by biological observations (as explained above) and mathematical
tractability for a better interpretability. The values of Re(A) plotted as a function of S for all values of
p are shown in Fig. 2d for the directional density signal and Supplementary Text, Fig. 13b for the local
density signal.

Our mathematical analysis reveals that, for both signals, patterns are absent (for a local density
signal) or they have slow temporal growth (for directional density signal) in the low-signaling regime. In
contrast, counter-propagating waves can emerge in the high-signaling regime, at least for a value of S
sufficiently large. The choice of the signal (density or directional density) has no qualitative but only
quantitative impact on pattern formation. These results reveal two important conclusions. First, the
directional density signal, compared to the local signal, facilitates the formation of counter-propagating
waves thanks to a wider parameter range for S and a faster emergence of the waves. Second, in the
high-signaling regime, the ability to shorten the TBR—via RP modulation—facilitates synchronisation
between individual bacteria which can generate counter-propagating collective waves. This highlights RP
modulation as an essential ingredient for pattern formation, which can arise when the RP is sufficiently
long relative to the mean time of reversal.

We tested the robustness of this conclusion on previously published phase-structured models (see
Supplementary Text, Section 4.4.1) that describe the reversal process as an oscillator'*'6. In this model,
reversal occurs when the cell has completed a cycle, composed of a fixed RP followed by a sensitive period
subject to modulation. We extended the model to allow for the modulation of the RP. Then, we performed
the linear stability analysis of this phase-structured model as we had done for the age-structured model
(taking into account that the former is more singular than the latter). We showed that, all parameters
being equal, patterns emerge faster and more effectively when the RP is modulated (see Supplementary
Text, section 4.4.3), consistent with the results of the age-structure model.

Finally, we explored a wider class of signal integration models, via the choice of the functions Trp and
Trev, and subsequently the reduced parameters S and C. Unsurprisingly, a more nonlinear relationship
yields a larger value of C' which facilitates the emergence of pattern even in the low-signalling regime,
consistently with Manhart'®. However, increasing nonlinearity in the model of signal integration reduces
the range of signal levels for which the system is sensitive to fluctuations. The switch from low- to
high-signalling regime enables the emergence of patterns over a much broader range of signalling levels.

In conclusion, all available theoretical frameworks show that the modulation of the RP reported in

1'24

Guzzo et a provides flexibility in how individual cells integrate the signal and reverse accordingly,

leading to synchronization at the population scale.
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Reversals are correlated with frustrations resulting from spatial constraints in swarming
and rippling fields

The one-dimensional rippling model described above relied on density-based signals to regulate reversals,
as proposed in the literature (local or directional density). We therefore tested whether such signals could
account for reversal dynamics in our experimental data. In rippling fields, we found that reversals are
slightly correlated with directional density but not with local density (fig. S3a). This is consistent with
our 1D age-structured model, which shows that although both signals can sustain pattern formation,
directional density has a quantitatively stronger impact than local density on wave emergence (see previ-
ous paragraph). In swarming fields, however, no clear positive correlation with either density signal was
observed (fig. S3b; we even observed a negative correlation for the local density signal).

These observations prompted us to search for a more general reversal signal, resulting from local in-
teractions which would be common to rippling and swarming fields. We reasoned that cellular congestion
(i.e. traffic jams) rather than instantaneous collisions or immediate density could be activating reversals.
To analyse how congestion affect cellular collectives over large distances, we considered previous studies
on crowd dynamics inspired by granular flows where contacts between agents generate a pressure net-
work which globally modifies the flow. Since the pressure network can have large-scale components3433,
deciphering the individual dynamics from the macroscopic configuration is a delicate issue a priori. Never-
theless, a meaningful indicator of jamming: the so-called frustration index, f, can be defined a posteriori
at the individual level. This index measures the deviation from the target velocity of each agent resulting
from the dynamics of others. It is a positive number taking values between 0 and 2, vanishing if the active
agent actually moves with its target velocity, or being large when it strongly deviates in jammed areas
(see Fig. 3a and Supplementary Text, Section 5).

Here, we prescribed the target velocity as the velocity aligned with the cell body with constant speed.
M. zanthus cells should deviate their trajectories, slow down, or both, when they experience congestion.
We measured these deviations in each trajectory, averaging them over a few time frames to capture a
smooth signal, in both swarming and rippling fields (Fig. 3a-c) and plotted the frustration distributions in
Fig. 3d. We observe that cells in swarming experience relatively higher frustration over their lifetime, as
indicated by the right shift of the distribution compared to rippling. Moreover, the swarming distribution
exhibits low skewness and a larger variance around the mean at 0.68, suggesting a more continuous range
of frustration values. In contrast, the rippling distribution is negatively skewed and peaks sharply around
0.48, indicating more homogeneous frustrations. These observations suggest that swarming entails higher
congestion as it involves a broader and more heterogeneous experience of frustration across time, whereas
frustration events in rippling are peaked, which likely correspond to wavefront collisions.

We next investigated whether reversals preferentially occur when a cell experiences high levels of
frustration along its trajectory. To account for variability between individual cells, we compared the
frustration at every recorded reversal with the distribution of all frustration values for each individual
trajectory. This approach highlights instances of unusually high frustration for each cell, rather than
relying on a fixed global threshold, and enables a unified comparison across cells and conditions (rippling
vs. swarming).

We found that (51.0 £ 2.5) % of the reversals occurred within the highest frustration quartile in the
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rippling fields (Fig. 3e, fig. S4). The same analysis in the swarming field showed a similar relationship,
with (44.0 £ 2.1) % of the reversals also occurring within the highest frustration quartile. These results
suggest that in groups, M. zanthus cells may reverse to resolve physical constraints exerted along their

trajectory, and which they do regardless of whether they are engaged in swarming or rippling.

Simulating multicellular transitions

We then investigated whether a common set of rules, supported by biological knowledge could account
for the emergence and coexistence of both rippling and swarming patterns. These rules include ECM
changes, frustration-mediated reversals and modulation of the RP.

As these mechanisms and behaviors are best captured in a two-dimensional setting, we developed a 2D
agent-based model, inspired by Balagam et al.®, where each bacterium is modelled as a chain of spheres,
connected by springs, capturing both the shape and flexibility of M. zanthus cells?6378 (for detailed
information, see the Supplementary Text, Section 6). Cell motility was modeled by cellular traction at
the leading pole to drive movement along the cell body axis and capture assembly of the motility systems
(FACS were not explicitly simulated on this version). Each agent is able to reverse polarity. Periodic
boundary conditions were applied on the simulation domain to ensure conservation of the total number
of agents over large simulation times.

We implemented the following three hypotheses: (H1) Cell reversals are triggered by frustration signal
resulting from deviations in individual trajectories (Fig. 4a), as suggested by our tracking data (see Fig.
3). (H2) As demonstrated in Guzzo et al.?*, and implemented in our 1D model, cells have a built-in
RP (Tgp) and a post-refractory reversal rate (T4, ), both modulated by signal intensity: as frustration
increases, the reversal rate increases and the length of the RP decreases (Fig. 4b). (H3) Cells tend to align
with the ECM—a hypothesis common to both rippling and swarming—with differences in the structure

of the ECM in each field. In rippling fields, based on previously reported evidence in the literature®38,

we
postulate that cells align along a given direction in areas occupied by a prey matrix (Fig. 4c), whereas in
swarming, we follow the hypothesis of Balagam et al. (2015), that alignment is driven by self-deposited
EPS only (Fig. 4d). This change in alignment rules is the only difference between rippling and swarming
simulations; all other mechanisms remain equal across both fields. This is supported by experimental
observations, which suggest that the prey matrix alters local alignment. This effect could be reinforced
by EPS deposition, as the cells all align over persistent distances.

We began with simulations of the rippling field. Following (H3), the prey matrix was mimicked
by forcing the cells to align over the domain along the 1D horizontal axis, reflecting the high nematic
order correlations observed experimentally (Fig. 1c, and fig. S2). The model was partially calibrated
using direct measurements (e.g. bacteria velocity, cell geometry) and the literature (maximal RP, pili
angular range). Beyond that, the three remaining free parameters (RP and reversal rate modulations,
and background alignment strength) were adjusted to obtain a bimodal TBR distribution that closely
matched the experimental observations (Fig. 1le).

We observed in our simulations that cells rapidly self-organise in counter-propagating waves that
resemble the rippling patterns (Fig. 5a, movie S4). We ran simulations for up to 500 minutes and
observed a stable dynamical pattern that never collapses. Single cell trajectories were very similar to those

observed experimentally (compare Figs. 5b and 1d), exhibiting quick reversals at the wave crests and
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exhibiting a bimodal TBR (compare Figs. 5¢ and le). Noticeably, the model also captures the correlation
between reversals and frustrations observed in the experimental data (Fig. 5d), without additional fitting.
Although the mean TBR in the simulation is different from that of the experiment, we observed that the
simulated TBR distribution can be shifted by changing model parameters (see Supplementary Text Fig.
27). For example, increasing the number of cells decreases the mean TBR during rippling. Given this
variability, our aim was not to fit accurately the TBR distribution, but to successfully reproduce its
signature, i.e a bimodal profile.

In conclusion, our model accurately reproduces the rippling pattern and reversal dynamics observed
in experiments, while also replicating the signal correlation observed in the biological system.

We then simulated the swarming field. Again, the only change introduced from the rippling simulations
is the alignment rule, here restricted to interactions with self-deposited EPS trails (H3)®. Our simulations
produced patterns closely resembling the experimental swarming behavior, exhibiting the same nematic
order correlation over space and producing a unimodal distribution of the TBR (see Fig. 6a,b,c and movie
S6). Here again, we observed that the mean TBR may be shifted by varying the model parameters (for
example, decreasing the EPS strength increases the mean TBR in swarming, see Supplementary Text
Fig. 27). Since these parameters cannot be constrained by experiments, our aim was essentially to test
whether the experimental and simulation trends are qualitatively similar (which they are independently
of the variability observed in the mean TBR in our triplicate experimental data (Supplementary Text
Fig. 6).

The resulting network of streams persisted over long simulation times (up to 500 min, movie S6),
eventually reaching a stable configuration with only minor local rearrangements, closely matching the
slowly evolving networks observed experimentally (e.g., Fig. 1b and 5a,”). Remarkably, again without any
additional fitting, our simulations reproduced the observed correlation between reversals and frustration
(see Fig. 6d). Simulations also captured a marked difference between frustration profiles in rippling and
swarming fields (compare fig. S5 and Fig. 3d).

Finally, to control that our segmentation and tracking procedures do not skew the values of the
frustration index in the experimental data significantly, we tested the correlation between frustration and
reversals in numerical simulations of rippling and swarming (Supplementary Text, Section 5.4). With
perfect knowledge from the simulations, the correlation between frustration and reversals was higher than
that in the experimental data. We then added various levels of noise to the simulated data, and showed
that within the range of noise intensity that match the experimental conditions, the correlations obtained
match the experimental ones. Thus, our segmentation and tracking algorithms are precise enough and
both the TBR distributions and correlation between frustrations and reversals can be fairly interpreted.
Of note, the reliability of reversal detections was also confirmed by independent single-cell experiments
using the molecular marker SgmX-YFP, which switches polarity during reversals (see Supplementary
Text, Section 2)

After having validated our model and compared it against experimental data, we used it to disentangle
causal signals from correlations in reversal dynamics. Specifically, we aimed to explain why directional
density is seen as a potential signal during rippling but not during swarming (figs. S3 and S6a,b). This
could be explained for example if directional density represents an emergent byproduct of frustration-based

interactions due to alignment constraints in the rippling field. To test this, we first simulated rippling and
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swarming with frustration-induced reversals, while recording directional density at reversal events. As
expected, frustration correlated strongly with reversals in both patterns. Yet, we observed a correlation
with directional density in rippling but not in swarming (fig. S6c¢,d). We next performed the converse
simulations where directional density stands for the reversal signal then measuring frustration at reversal
events. In this case, both directional density and frustration correlated with reversals in rippling and
swarming, which is not observed experimentally (fig. S6e,f). We also measured the TBR distributions in
these simulations, and found that only frustration reproduced the unimodal distribution of TBR, observed
in swarming (see fig. S7)

In conclusion, frustration-based signaling best matches experimental observations (compare fig. S6a,c,e
for rippling and fig. S6b,d,f for swarming) and generate high directional density correlations in rippling
fields only. This clearly suggests that such directional density is a byproduct of the strong 1D alignment

and opposing movements and therefore it appears correlated, even though it may not be the driving signal.

Pattern segregation and persistence

Having established that the model reproduces each pattern separately, we next asked whether the same
set of local rules—frustration-based reversals and ECM-dependent alignment—were sufficient to account
for the coexistence of rippling and swarming within adjacent domains, as observed experimentally under
predatory conditions (Fig. la,b).

To test this, we simulated a system resembling predatory conditions by defining two subdomains with
the alignment rules described above: prey-induced rippling, in which cells align along some prescribed
direction dictated (left side), and EPS-driven swarming, in which cells follow self-reinforced trails (right
side). Cells were initially randomly distributed within each subdomain, with twice as many cells in the
rippling field as in the swarming field (2:1 ratio), consistent with the experimental observation that M.
zanthus proliferates preferentially on prey-rich areas?®. Under these conditions, the two patterns emerged
and remained separated by a sharp, stable boundary throughout the simulation (Fig. 7a and Movie S7).
Remarkably, the initial density asymmetry did not dissipate over time but remained close to a 2:1 ratio
(Fig. b, yellow curve).

We next asked whether this density asymmetry was simply a consequence of the imposed 2:1 initial
condition, or whether it reflected an emergent property of the system. To answer this, we varied the initial
ratios of cells between the two fields (1:2, 1:1, 2:1, 3:1, and 4:1). In all cases, the system self-organized
towards a stable density ratio favoring a higher occupancy in the rippling field (Fig. 7b). Higher density
in the rippling field was observed independently of the initial ratio, even with twice more cells in the
swarming area (ratio 1:2), revealing a robust emergent property of pattern coexistence. This observation
raised the question of the mechanism underlying such equilibrium. Using the 2:1 initial condition as
a reference, we observed that cells remain twice as long in rippling fields than in swarming fields (Fig.
7c). This increase in residence time could arise from the zigzag trajectories in rippling, where periodic
wave collisions repeatedly interrupt forward motion and trap cells within the domain, suggesting that the
reversal dynamics is the key mechanism behind the density asymmetry favoring the rippling field.

We therefore tested whether differences in the ability to reverse shapes cell density distributions,
hence spatial patterns, in mixed populations of reversing and non-reversing cells. To do so, we simulated

a mixed population consisting of reversing (Fig. 7d, red cells) and non-reversing (Fig. 7d, green cells) cells
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at a 10:1 density ratio. The simulations revealed that in swarming, both cell types exhibited coordinated
behavior, collectively forming cohesive swarms (Fig. 7d right). In contrast, in the rippling field (Fig. 7d
left), the two sub-populations displayed distinct dynamics: reversing cells generated the characteristic
colliding waves, while non-reversing cells organized into stream-like patterns instead. We next compared
the residence time of non-reversing cells with that of WT reversing cells (fig. S8). Unlike the WT, non-
reversing cells display a single residence time in the rippling domain, given by the domain length divided
by their mean velocity (assumed to be the same for all cells in the simulation). This can be explained
as all non-reversing cells simply move linearly upon entering the rippling field, being deviated only by
mechanical contacts with other cells. Hence, non-reversing cells are redistributed nearly uniformly across
the two areas, with no trapping effect by the rippling field, in contrast with W'T cells. Thus, reversals
are essential to establish and maintain the cell density ratio in favor of the rippling field. Of note,
non-reversing frzF mutants form organized groups that move in flock-like motions but never stabilize
into streams?>? (compare Fig. 1b and fig. S2b). Our model could reproduce such differences when we
simulated the 2D swarming behavior of the frzE mutant, in a single strain simulation (see Supplementary
Text Fig. 28), demonstrating that it correctly captures the behavior of non-reversing cells.

To test these simulations experimentally, we mixed WT (mCherry-labelled) reversing cells and frzFE
mutant (GFP-labelled) non-reversing cells 1:10 in a predation assay. Non-reversing cells were clearly
depleted from the rippling field despite the favorable initial inoculation ratio (Fig. 7e and fig. S9). We
quantified the proportion of each cell type in the rippling subdomain relative to the whole population,
both in simulations and experiments. In silico, this proportion was initially identical for reversing and
non-reversing cells (70 % of cells in the rippling field of each cell type). Over time, simulations revealed
that reversing cells remained confined within the rippling field whereas non-reversing cells became more
evenly distributed between the two subdomains (Fig. 7f, left). This conclusion matched qualitatively
with the strain-mixing experiments (Fig. 7f, right).

These results show that frzF mutant cells, which cannot reverse, fail to become trapped between waves
in rippling fields, whereas the zigzag motion of WT cells facilitates their insulation within the rippling
area. This differential spatial organization leads to a marked reduction of frzE mutant cellular density in
the rippling field after 72h, as confirmed by both computational and experimental data.

Taken together these results show that cell reversals and local differences in the ECM can establish
patterns that remain insulated and stable over extended periods of time. As a result, cells that do not

follow these rules (here, the frzE mutant) are spatially sorted out of the rippling field.

Discussion
Microbial assemblies are known to form complex multicellular patterns shaped by motility, from swarms,
to extreme motives such as fractal-like structures and even quasi-crystalline iridescent multicellular

assemblages?0:41:42,

It has proven extremely challenging to explain how such assemblages form from
cell-cell interaction and deeper, from molecular regulations. This study shows that large-scale develop-
mental transitions in M. zanthus can be explained by local spatial changes in the environment as well
as the ability of the M. zanthus cells to resolve traffic jams by reversing. In addition, it shows that the
design of the underlying regulatory system and specifically the regulation of the RP is critical to these

transitions.
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The mechanism underlying cell—cell alignment is complex. During swarming, it clearly involves in-
teractions with EPS, but additional factors also contribute. Recent studies have shown that thin water
layers forming on agar surfaces can promote capillary attraction between cells, which in turn favors
alignment—an effect that may be modulated by surfactants®’. It is therefore plausible that, within the
prey area, persistent alignment arises from a combination of physical and biochemical effects triggered
by the presence of prey cell wall fragments?, and potentially reinforced by EPS as its deposition becomes
highly aligned, ultimately resulting in the phenomenon of rippling. These fragments thus constitute an
ECM capable of inducing rippling even in isolation.

What drives reversals? In microbes, social behaviors have long been connected to chemotaxis. Social
amoeba such as Dictyostelium discoideum, also form cellular waves and aggregate into fruiting bodies, by
using self-generated chemotactic gradients*®#4. In bacteria, chemotaxis drives the formation of density
waves in E. coli*®46:4748,49.50  However, the function of chemotaxis in bacterial collectives that move on
surfaces is currently unclear. While we cannot formally rule out chemotaxis in rippling or swarming, our
results demonstrate that cellular alignment and the ability of cells to resolve local congestion through
reversals are sufficient to explain both patterns. It is therefore more plausible that contact-dependent
signals are involved rather than diffusible chemical signals.

Molecular components have been proposed for the mediation of contact-dependent interactions. One
hypothesis suggests that C-signal, a protein expressed late in the developmental cycle, regulates reversals
in a manner dependent on cell alignment (head-to-head interactions). However, the putative role of C-
signal is complex, as it has been proposed both as a reversal activator during rippling and as a reversal

SL1952 - During rippling, C-signal is proposed to

suppressor during the subsequent aggregation stage
function as a surface-exposed ligand, specifically localized to the cell pole, which would activate the Frz
pathway upon pole-to-pole collisions!?:53:545 " This hypothesis presents several unresolved issues: (i) the
polar localization of C-signal has not been experimentally demonstrated; (ii) it remains unclear how the
same molecule could mediate both activation and suppression of reversals depending on the developmental
stage; and (iii) the C-signal precursor protein, CsgA, is a cardiolipin phospholipase—a cytosolic enzyme
involved in intracellular lipid metabolism during starvation. In fact, the enzymatic activity of CsgA
explains most of the C-signal mutant phenotypes?!.

Alternatively, we propose that reversals may be triggered by mechanical cues. It seems difficult to
provide a direct demonstration of this mechanism, and we rather rely on the frustration indexes which
are indirect proxies. In congested regions, mechanical stress does not arise solely from head-on collisions
because the cells frequently slide past one another laterally. Instead, stress likely accumulates through
the multitude of interactions that occur as cells move into crowded areas. Recent studies®®*7 show that
congestion sites, identified by +1/2 topological defects in the nematic field, are indeed associated with
strong fluctuations in the traction force. As in any traffic jam, these effects are likely to propagate over
long distances. We propose that such potential stress can be relieved through reversals. Mechanosensing
could be mediated by the motility motors themselves—for instance, as load accumulates at the sites of
congestion. A similar mechanism is proposed in Pseudomonas, where Type-IV pili—the same motility
apparatus found in M. zanthus—activates a reversal control system (Chp, a chemosensory-like pathway)

58,59

upon cell-cell collisions . We hypothesize that M. zanthus cells monitor their local environment by

integrating mechanical signals as they navigate congested regions, eventually reaching a threshold that
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triggers a reversal. Mechanisms such as receptor adaptation, similar to those described in chemotaxis—
e.g., through methylation and demethylation of FrzCD—may mediate this regulation. Indeed, various
levels of sensitivity could explain the observed cell-cell variability in responding to frustration levels.

At the molecular level, regulation of the RP?* explains the measured TBRs both in swarming and
rippling fields because it enables short reversals in congested areas. In rippling fields, where the cells
are highly aligned, this leads to synchronisation at the population level. In the swarming field, where
the cells are constrained in narrow EPS trails, short reversals dominate because of numerous congestion
and likely this participates in their alleviation. The importance of RP modulation is emphasized by

the analysis of updated mathematical models'?15

. Rippling formation is largely facilitated when RP is
regulated as compared with constant RP. The former allows sensitivity across a much wider range of
signalling values thereby reducing the stringency on the nonlinear feedback needed for the emergence of
collective dynamics. A direct parallel can be made with the RP regulation favouring the synchronisation
of electrical discharges in networks of excitatory neurons, via so-called synaptic inhibition®%:61.

In mammals, tissue formation often results from spatial sorting where cell migration to specific sites
precedes the onset of a genetic program leading to tissue differentiation. Our study sheds a new light on the
spatial organization of bacteria preceding fruiting body formation in the M. zanthus cycle, where swarming
and rippling patterns remain adjacent over extended periods. Cells transitioning from swarming to rippling
fields integrate into rippling waves within minutes—too rapidly to depend on de novo synthesis of rippling-
specific determinants such as the putative C-signal. Our model indicates that immediate transcriptional
reprogramming is not required for these two domains to form and coexist. The two spatial domains
are physiologically distinct: rippling follows predation, whereas swarming occurs under nutrient-depleted
conditions. Consistently, fruiting body formation is delayed in areas where prey is present52. Thus, while
transcriptional regulation may not play an immediate role in the swarming-to-rippling transition, it is
likely that distinct gene expression programs are subsequently activated within these adjacent regions.

In addition to forming a stable spatial domain, rippling may serve to insulate cells that have gone
through the predation cycle or to eliminate mutants with impaired motility. Since rippling precedes
fruiting body formation, it could function as a selective sieve, determining which cells will ultimately
become encapsulated as spores. We present a proof of principle demonstrating that, for instance, frzF
mutant cells are gradually expelled from the rippling field and are therefore unlikely to be incorporated
into the final spore population. Although rippling is stable over time, it eventually dissipates to allow
aggregation to proceed. How does this transition occur? Rippling collapses as cell density decreases,
a condition that may arise due to programmed cell death occurring late in starvation3. Additionally,
cells may shift their developmental program by suppressing reversal behavior as starvation progresses®.
Indeed, such a change could simply explain the shift to fruiting body formation, with multilayers emerging
at congestion sites due to mechanical stress®”.

In bacteria, such spatial differentiation mechanisms are likely pervasive as well. One example is spatial
sorting, i.e. the selection of phenotypes through space rather than time®, which has been demonstrated in
both experimental and theoretical studies of microbial populations. Differences in motility or chemotactic
responsiveness can drive spatial differentiation, allowing for stable coexistence or exclusion even in the
absence of genetic variation®:67. This has been shown experimentally in E. coli populations and supported

50,68

by mathematical models of bacterial systems , exhibiting spatial self-organization during collective
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migration. These studies support the idea that motility differences alone can lead to robust spatial
separation in structured bacterial communities, even in the absence of genetic differences. Future work
will test whether the principles identified here apply to other systems—both bacterial and beyond.

In flagellated bacteria, for instance, the single-cell rules governing swarming remain to be fully de-
fined, although tracking experiments have shown that tumbling is suppressed in active swarms. More
broadly, this study highlights the central role of individual alignment in the emergence of collective or-
der, echoing the mechanisms underlying schooling in fish, where visual and hydrodynamic cues maintain

70,7172 Ultimately, such approaches may help establish

short-range alignment and coordinated motion
unifying frameworks for understanding collective behaviors across scales, from bacterial communities to
human crowds

Finally, while kinetic equations were originally developed for molecular gas dynamics’, they prove re-
markably effective for analyzing the cellular and molecular basis of multicellular patterning when extended
with biological components, sensory cues, and regulatory networks governing cellular decisions. The anal-
ysis of the one-dimensional kinetic model, and in particular the existence of spatio-temporal, diamond-like,
periodic patterns (Fig. 2c) remains an open problem (but see!®). Combined with high-resolution time-
lapse microscopy, these models provide a foundation for deriving mesoscopic and macroscopic descriptions
grounded in microscopic rules. Bridging these scales for contact-based interactions remains a major the-
oretical challenge, requiring approaches beyond standard mean-field models, yet the wealth of single-cell

data now available offers promising avenues for developing quantitative, multiscale frameworks.

1. Herbert-Read, J. E. Understanding How Animal Groups Achieve Coordinated Movement. Journal
of Experimental Biology 219, 2971-2983. (2016).

2. Bain, N. & Bartolo, D. Dynamic Response and Hydrodynamics of Polarized Crowds. Science 363,
46-49. (2019).

3. Shimkets, L. J. & Kaiser, D. Induction of Coordinated Movement of Myxococcus Xanthus Cells.
Journal of Bacteriology 152, 451-461. (1982).

4. Shimkets, L. J. Social and Developmental Biology of the Myxobacteria. Microbiological Reviews 54,
473-501 (1990).

5. Ducret, A., Fleuchot, B., Bergam, P. & Mignot, T. Direct Live Imaging of Cell-Cell Protein Transfer
by Transient Outer Membrane Fusion in Myxococcus Xanthus. eLife 2 (ed Greenberg, P.) e00868.
(2013).

6. Li, Y. et al. Extracellular Polysaccharides Mediate Pilus Retraction during Social Motility of Myx-

ococcus Xanthus. Proceedings of the National Academy of Sciences of the United States of America
100, 5443-5448. (2003).

7. Rombouts, S. et al. Multi-Scale Dynamic Imaging Reveals That Cooperative Motility Behaviors
Promote Efficient Predation in Bacteria. Nature Communications 14, 5588. (2023).

8. Balagam, R. & Igoshin, O. A. Mechanism for Collective Cell Alignment in Myxococcus Xanthus
Bacteria. PLOS Computational Biology 11 (ed Meier-Schellersheim, M.) e1004474. (2015).

14



565

566

567

568

569

570

571

572

573

574

575

576

577

578

579

580

581

582

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Thutupalli, S., Sun, M., Bunyak, F., Palaniappan, K. & Shaevitz, J. W. Directional Reversals Enable
Myxococcus Xanthus Cells to Produce Collective One-Dimensional Streams during Fruiting-Body
Formation. Journal of The Royal Society Interface 12, 20150049 (2015).

Berleman, J. E., Chumley, T., Cheung, P. & Kirby, J. R. Rippling Is a Predatory Behavior in
Myxococcus Xanthus. Journal of Bacteriology 188, 5888-5895. (2006).

Igoshin, O. A., Mogilner, A., Welch, R. D., Kaiser, D. & Oster, G. Pattern Formation and Traveling
Waves in Myxobacteria: Theory and Modeling. Proceedings of the National Academy of Sciences 98,
14913-14918. (2001).

Igoshin, O. A., Welch, R., Kaiser, D. & Oster, G. Waves and aggregation patterns in myxobacteria.
en. Proceedings of the National Academy of Sciences 101, 4256-4261. (2004).

Hendrata, M., Yang, Z., Lux, R. & Shi, W. Experimentally Guided Computational Model Discovers
Important Elements for Social Behavior in Myxobacteria. PLoS ONE 6 (ed Sarkar, I. N.) e22169.
(2011).

Degond, P., Manhart, A. & Yu, H. An Age-Structured Continuum Model for Myxobacteria. Mathe-
matical Models and Methods in Applied Sciences 28, 1737-1770. (2018).

Manhart, A. Counter-Propagating Wave Patterns in a Swarm Model with Memory. Journal of
Mathematical Biology 78, 655-682. (2019).

Zhang, H. et al. The Mechanistic Basis of Myxococcus Xanthus Rippling Behavior and Its Physio-
logical Role during Predation. PLoS Computational Biology 8 (ed Alber, M. S.) e1002715. (2012).

Sliusarenko, O., Neu, J., Zusman, D. R. & Oster, G. Accordion Waves in Myxococcus Xanthus.
Proceedings of the National Academy of Sciences 103, 1534-1539 (2006).

Zhang, Z., Igoshin, O. A., Cotter, C. R. & Shimkets, L. J. Agent-Based Modeling Reveals Possible
Mechanisms for Observed Aggregation Cell Behaviors. Biophysical Journal 115. 2499-2511. (18,
2018).

Sager, B. & Kaiser, D. Intercellular C-signaling and the Traveling Waves of Myxococcus. Genes &
Development 8, 2793-2804. (1994).

Igoshin, O. A., Goldbeter, A., Kaiser, D. & Oster, G. A Biochemical Oscillator Explains Several
Aspects of Myxococcus Xanthus Behavior during Development. Proceedings of the National Academy
of Sciences 101, 15760-15765 (2004).

Boynton, T. O. & Shimkets, L. J. Myxococcus CsgA, Drosophila Sniffer, and Human HSD10 Are
Cardiolipin Phospholipases. Genes & Development 29, 1903—-1914. (2015).

Carreira, L. A. M., Szadkowski, D., Lometto, S., Hochberg, G. K. A. & Sggaard-Andersen, L. Molec-
ular basis and design principles of switchable front-rear polarity and directional migration in Myx-

ococcus xanthus. Nature Communications 14. 4056. (8, 2023).

Kaimer, C. & Zusman, D. R. Phosphorylation-dependent localization of the response regulator FrzZ

signals cell reversals in Myxococcus xanthus. en. Molecular Microbiology 88. 740-753. (2013).

Guzzo, M. et al. A Gated Relaxation Oscillator Mediated by FrzX Controls Morphogenetic Move-
ments in Myxococcus Xanthus. Nature Microbiology 3, 948-959. (2018).

15



603

604

605

606

607

608

609

610

611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

637

638

25.

26.
27.
28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.
41.

42.

Herrou, J. & Mignot, T. Dynamic Polarity Control by a Tunable Protein Oscillator in Bacteria.
Current Opinion in Cell Biology. Cell Architecture 62, 54-60. (2020).

Dinet, C. et al. Cell polarity control by an unconventional G-protein complex in bacteria en. 2024.
De Gennes, P. G. & Prost, J. The Physics of Liquid Crystals (Clarendon Press, 1993).

Welch, R. & Kaiser, D. Cell Behavior in Traveling Wave Patterns of Myxobacteria. Proceedings of
the National Academy of Sciences 98, 14907-14912 (2001).

Li, Y., Bustamante, V. H., Lux, R., Zusman, D. & Shi, W. Divergent Regulatory Pathways Control
A and S Motility in Myxococcus xanthus through FrzE, a CheA-CheY Fusion Protein. Journal of
Bacteriology 187. 1716-1723. (2005).

Black, M. E., Fei, C., Alert, R., Wingreen, N. S. & Shaevitz, J. W. Capillary interactions drive the
self-organization of bacterial colonies. en. Nature Physics 21. 1444-1450. (2025).

Borner, U., Deutsch, A., Reichenbach, H. & Béar, M. Rippling patterns in aggregates of myxobacteria
arise from cell-cell collisions. eng. Physical Review Letters 89, 078101. (2002).

Alber, M. S., Jiang, Y. & Kiskowski, M. A. Lattice Gas Cellular Automata Model for Rippling
and Aggregation in Myxobacteria. Physica D: Nonlinear Phenomena 191, 343-358. arXiv: g-bio/
0401014 (2004).

Anderson, A. R. & Vasiev, B. N. An Individual Based Model of Rippling Movement in a Myxobacteria
Population. Journal of Theoretical Biology 234, 341-349. (2005).

Maury, B. & Venel, J. in Traffic and Granular Flow 07 (eds Appert-Rolland, C. et al.) 171-180
(Springer Berlin Heidelberg, Berlin, Heidelberg, 2009).

Al Reda, F., Faure, S., Maury, B. & Pinsard, E. Faster Is Slower Effect for Evacuation Processes: A
Granular Standpoint. Journal of Computational Physics 504, 112861. (2024).

Janulevicius, A.,; Van Loosdrecht, M. C., Simone, A. & Picioreanu, C. Cell Flexibility Affects the
Alignment of Model Myxobacteria. Biophysical Journal 99, 3129-3138. (2010).

Janulevicius, A., Van Loosdrecht, M. & Picioreanu, C. Short-Range Guiding Can Result in the
Formation of Circular Aggregates in Myxobacteria Populations. PLOS Computational Biology 11
(ed Igoshin, O. A.) e1004213. (2015).

Duvernoy, M.-C. et al. Asymmetric adhesion of rod-shaped bacteria controls microcolony morpho-

genesis. en. Nature Communications 9, 1120. (2018).

Seef, S. et al. A Tad-like Apparatus Is Required for Contact-Dependent Prey Killing in Predatory
Social Bacteria. eLife 10 (eds Laub, M. T., Storz, G. & Sogaard-Andersen, L.) €72409. (2021).

Shapiro, J. A. The Significances of Bacterial Colony Patterns. BioEssays 17, 597-607. (1995).

Ingham, C. J. & Jacob, E. B. Swarming and complex pattern formation in Paenibacillus vortex
studied by imaging and tracking cells. BMC' Microbiology 8, 36. (2008).

Kientz, B. et al. A unique self-organization of bacterial sub-communities creates iridescence in Cel-
lulophaga lytica colony biofilms. en. Scientific Reports 6. 19906. (2016).

16


https://arxiv.org/abs/q-bio/0401014
https://arxiv.org/abs/q-bio/0401014
https://arxiv.org/abs/q-bio/0401014

639

640

641

642

643

644

645

646

647

648

649

650

651

652

653

654

655

656

657

658

659

660

661

662

663

664

665

666

667

668

669

670

671

672

673

674

675

43.

44.

45.
46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

99.

Gregor, T., Fujimoto, K., Masaki, N. & Sawai, S. The Onset of Collective Behavior in Social Amoe-
bae. Science 328. 1021-1025 (2010).

Ford, H. Z., Manhart, A. & Chubb, J. R. Controlling Periodic Long-Range Signalling to Drive a
Morphogenetic Transition. eLife 12, e83796. (2023).

Adler, J. Chemotaxis in Bacteria. Science 153, 708-716 (1966).

Keller, E. F. & Segel, L. A. Traveling Bands of Chemotactic Bacteria: A Theoretical Analysis.
Journal of Theoretical Biology 30, 235-248. (1971).

Tindall, M. J., Maini, P. K., Porter, S. L. & Armitage, J. P. Overview of Mathematical Approaches
Used to Model Bacterial Chemotaxis II: Bacterial Populations. Bulletin of Mathematical Biology 70,
1570-1607. (2008).

Saragosti, J. et al. Directional Persistence of Chemotactic Bacteria in a Traveling Concentration
Wave. Proceedings of the National Academy of Sciences 108, 16235-16240. (2011).

Xue, C. Macroscopic Equations for Bacterial Chemotaxis: Integration of Detailed Biochemistry of
Cell Signaling. Journal of Mathematical Biology 70, 1-44. (2015).

Fu, X. et al. Spatial Self-Organization Resolves Conflicts between Individuality and Collective Mi-
gration. Nature Communications 9, 2177. (2018).

Kim, S. K. & Kaiser, D. Cell Alignment Required in Differentiation of Myxococcus xanthus. Science
249. 926-928. (1990).

Jelsbak, L. & Sggaard-Andersen, L. Pattern formation by a cell surface-associated morphogen in
Myxococcus xanthus. Proceedings of the National Academy of Sciences 99. 2032-2037. (2002).

Segaard-Andersen, L., Slack, F. J., Kimsey, H. & Kaiser, D. Intercellular C-signaling in Myxococcus
xanthus involves a branched signal transduction pathway. en. Genes & Development 10. 740-754.
(1996).

Lobedanz, S. & Sggaard-Andersen, L. Identification of the C-signal, a contact-dependent morphogen
coordinating multiple developmental responses in Myxococcus xanthus. en. Genes & Development
17. 2151-2161. (2003).

Rolbetzki, A., Ammon, M., Jakovljevic, V., Konovalova, A. & Sggaard-Andersen, L. Regulated
Secretion of a Protease Activates Intercellular Signaling during Fruiting Body Formation in M.
xanthus. English. Developmental Cell 15. 627-634. (2008).

Copenhagen, K., Alert, R., Wingreen, N. S. & Shaevitz, J. W. Topological Defects Promote Layer
Formation in Myxococcus Xanthus Colonies. Nature Physics 17, 211-215. (2021).

Han, E. et al. Local polar order controls mechanical stress and triggers layer formation in Myxococcus

xanthus colonies. en. Nature Communications 16. 952. (2025).

Kiihn, M. J. et al. Mechanotaxis Directs Pseudomonas Aeruginosa Twitching Motility. Proceedings
of the National Academy of Sciences 118, €2101759118 (2021).

Kiihn, M. J. et al. Two Antagonistic Response Regulators Control Pseudomonas Aeruginosa Polar-
ization during Mechanotaxis. The EMBO Journal 42, e112165. (2023).

17



676

677

678

679

680

681

682

683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

Pakdaman, K., Perthame, B. & Salort, D. Adaptation and Fatigue Model for Neuron Networks
and Large Time Asymptotics in a Nonlinear Fragmentation Equation. The Journal of Mathematical
Neuroscience 4, 14. (2014).

Baertsch, N. A., Baertsch, H. C. & Ramirez, J. M. The Interdependence of Excitation and Inhibition
for the Control of Dynamic Breathing Rhythms. Nature Communications 9, 843. (2018).

Berleman, J. E. & Kirby, J. R. Multicellular Development in Myzococcus zanthus Is Stimulated by
Predator-Prey Interactions. en. Journal of Bacteriology 189, 5675-5682. (2007).

Berleman, J. E., Scott, J., Chumley, T. & Kirby, J. R. Predataxis Behavior in Myxococcus Xanthus.
Proceedings of the National Academy of Sciences 105, 17127-17132 (2008).

Kaiser, D. & Welch, R. Dynamics of Fruiting Body Morphogenesis. Journal of Bacteriology 186.
919-927. (2004).

Shine, R., Brown, G. P. & Phillips, B. L. An Evolutionary Process That Assembles Phenotypes
through Space Rather than through Time. Proceedings of the National Academy of Sciences 108,
5708-5711 (2011).

Gude, S. et al. Bacterial coexistence driven by motility and spatial competition. en. Nature 578.
588-592. (2020).

Mattingly, H. H. & Emonet, T. Collective behavior and nongenetic inheritance allow bacterial pop-
ulations to adapt to changing environments. Proceedings of the National Academy of Sciences 119.
e2117377119. (2022).

Emako, C., Gayrard, C., Buguin, A., Almeida, L. N. d. & Vauchelet, N. Traveling Pulses for a
Two-Species Chemotaxis Model. en. PLOS Computational Biology 12. e1004843. (2016).

Partridge, J. D., Nhu, N. T. Q., Dufour, Y. S. & Harshey, R. M. Tumble Suppression Is a Conserved
Feature of Swarming Motility. mBio 11. 10.1128/mbio.01189-20. (2020).

Huth, A. & Wissel, C. The simulation of fish schools in comparison with experimental data. Eco-
logical Modelling. State-of-the-Art in Ecological Modelling proceedings of ISEM’s 8th International
Conference 75-76, 135-146. (1994).

Huang, C., Ling, F. & Kanso, E. Collective phase transitions in confined fish schools. Proceedings of
the National Academy of Sciences 121. €2406293121. (2024).

Wang, W. et al. Collective phases and long-term dynamics in a fish school model with burst-and-coast
swimming. Royal Society Open Science 12. 240885. (2025).

Villani, C. in Handbook of Mathematical Fluid Dynamics 7T1-74 (Elsevier, 2002).

18



Rippling
08 Swarming
o
Oh g
5 0.6
8
‘&' 0.4
£
2oz
48h 00
25 45 65 85

Distance (um)

o
®
-

w
o
w
o

o

w

S

Mean = 3.21 min Mean = 3.73 min

I
1N}
@
o
N
a

N
Number of bacteria

o

5

o

S

o
o

Density of events
Density of events

o
=}
a
o
=}
a

o

150 00073 5 10 15 0.0077 5 10 15

10
Space (um) Time between reversals (min) Time between reversals (min)

0 50

Figure 1: Single cell behaviors during M. zanthus swarming and rippling. (a) Predation assay of M.
zanthus (green, GFP) against the prey E. coli (red, mCherry). When a M. zanthus colony is plated next to an
E. coli colony it invades and digests it within 48h. (b) Rippling and swarming coexist around the prey colony
boundary. Shown is a zoom from panel (a), corresponding to the white square, showing the formation of rippling
waves that form inside the prey colony, once the prey has been entirely digested. Swarming behaviors are observed
in the prey-free areas. The interface between rippling and swarming is shown in an orange dashed line. (c) Cell
alignment in rippling and swarming areas. Shown is the mean nematic order of bacteria (rod-shaped cells) as a
function of the distance. Blue and orange indicate either the rippling field, or the swarming field, respectively.
(d) Kymograph of single cell trajectories observed in rippling fields. The kymograph corresponds to the section
delineated in the white rectangle shown in (b). As examples, three individual cell tracks are shown in grey, and
the white circles indicate the reversal events. (e, f) Single-cell reversals in rippling and swarming areas. Shown are
the distributions of the time between reversals (TBR) for single cells in rippling (e) (N = 5283 TBR events) and
swarming areas (f) (N = 5904 TBR events) in one representative experiment. Only trajectories longer than 1000
frames (33 min) were included to reduce bias from short-lived tracks. Note that although the mean TBR varies
between experiments (see Supplementary Text Fig. 6), all replicates show unimodal distributions for swarming and
bimodal distributions for rippling.
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Figure 2: Regulation of the refractory period promotes multicellular pattern formation. (a) Equations
governing the 1D age-structured model. The functions u* (¢, z,r) and u™(t,z,r) represent the densities of cells
moving to the right and left, respectively, at time ¢, position z, and age r, defined as the time since the last reversal.
Cells move at constant speed v. The model includes two time scales: Trp and Trgy . Cells cannot reverse within the
refractory period (r < Trp). Beyond the refractory period, the rate of reversal per unit of time is T év (mean time
Trev). The Heaviside function H in the PDE ensures that reversals occur provided that r > Trp. Upon reversal,
the variable r is reset to zero, and the cell switches direction. The dynamics depend on the signal, defined as the
density of opposite cells p*(t,z), that is, either p*(¢,z) or p~(t,2). Two regimes are considered: Low signal: the
refractory period is fixed at its maximum value R*, while the reversal rate T év increases with p*, leading to faster
reversal for a larger signal. High signal: the reversal rate saturates at its maximum value F'*, while the refractory
period Trp shortens as p* increases. The right-hand diagrams illustrate the reversal mechanism in both regimes:
cells become eligible for reversal once their age exceeds the refractory period (blue bar), and can then reverse with
a rate which is either signal-dependent or constant (maximal). (b) Refractory period Trp(p) (solid curve) and
rate of reversal T4 (p) (dashdotted curve) as functions of the signal. The density pr is the threshold separating
low and high signaling regimes. In the low signaling regime, the refractory period Tgrp is constailt and equal to

R*, whereas the reversal rate is modulated and increases linearly with the signal: T év(p) = —p. In the high
pT
signaling regime, the reversal rate reaches its maximum Ty év = F*, whereas the refractory period is modulated and
R*pT

decreases with the signal as Trp(p) =

. (c) The age-structured model produces rippling. Kymograph of the

one-dimensional simulation of the age-structured model with directional density signal (the same result is obtained
with a local density signal, see Supplementary Text Fig. 10a), illustrating the emergence of counter-propagating
waves, stabilizing in a periodic spatio-temporal pattern. (d) Modulation of the refractory period facilitates pattern
formation. Instability analysis of the homogeneous steady state, showing the dominant eigenvalue A as a function
of the ratio S = Trp(p)/TrEv (p), where p is the steady-state density. In the high signal regime (blue curve), where
the refractory period is modulated, A becomes positive beyond a threshold, indicating the emergence of an unstable
mode and the onset of pattern formation. In contrast, in the low signal regime (red curve), where only the reversal
rate is modulated, A remains close to zero, within the range of numerical errors (grey zone) and instability can only
arise at a very low pace (no instability is observed in the case of local density signaling, see Supplementary Text
Fig. 13).
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Figure 3: M. zanthus reversals are activated in cellular congestions. (a) Frustrations in bacterial cell
groups. Here, vy is the target velocity (i.e. the velocity that would likely have been observed had the bacterium
continued moving in the absence of an obstacle) and v,. is the observed velocity (which is measured experimentally).
A visual example is provided with the cell labelled in yellow (see movie S8). Our frustration index is given by
f=1- W It is computed for each cell at each time step along its trajectory, then averaged over
9 time frames to smoothen the signal. (b) Trajectory of a single M. zanthus cell and its associated frustration
levels. A reversal event is marked with a cross (x). Note the accumulation of frustration prior to the reversal
event. (c¢) Mapping frustration levels in swarms. Each bacterium is shown color coded with its frustration level.
(d) Frustration distributions in rippling and swarming, computed over 3 independent experiments (movies) with
N = 13.7 x 10 frustration events in rippling and N = 12.8 x 10° in swarming. Each movie consists of 1800 frames
captured every 2s. (e) Frustrated cells have a high propensity to reverse. For each individual cell trajectory, the
frustration value was recorded at every time frame, yielding a trajectory-specific distribution of frustration values.
For each trajectory, this distribution was then divided into four quartiles: relatively low frustration (below the
25 % percentile), intermediate low (25 % to 50 %), intermediate high (50 % to 75 %), and relatively high frustration
(above the 75% percentile). Bar plots show the proportion of reversal events occurring when cells are in each
of these trajectory-specific frustration quartiles (see Supplementary Text, Section 5, and Fig. S4 for details). For
instance, in the rippling area (blue), more than 50 % of reversals occur when the instantaneous frustration belongs
to the highest quartile of the cell’s own frustration history. Mean + SD values of reversal fractions for rippling
cells are 9.2+ 1.9%, 155+ 1.3%, 24.7 +£ 0.8 %, and 50.5 & 2.5 % from the first to the fourth quartile, respectively;
for swarming cells they are 11.4 + 1.3 %, 18.1 £ 0.8%, 26.9 +1.2%, and 43.6 = 2.1 %. Analysis was conducted on
rippling cells (cyan, N = 222769 reversals analyzed) and swarming cells (orange, N = 70406 reversals analyzed).
Error bars represent the standard deviation.
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Figure 4: Hypotheses for M. zanthus behaviour in the 2D agent-based model. (a) Frustration-based
signaling. In this framework, the probability of reversal increases with frustration (f), defined as the deviation (red
arrows) from the intended trajectory (green arrows). (b) Age-structured reversals. After each reversal, a refractory
period (Trp(f)) prevents new reversals (Agent 1). Once this period has elapsed, the agent enters a sensitive phase
and reversals occur at a rate Tppy (f) (Agent 2). The explicit functions for Trp(f) and Thpiy (f) are smooth
versions of Fig. 2b provided in Supplementary Text Fig. 26. (¢) Global alignment in rippling. In rippling regions,
the prey matrix promotes global alignment, leading agents to orient collectively in one direction, prescribed by the
prey matrix’s external field. (d) Trail-mediated alignment in swarming. In swarming regions, alignment is guided
by EPS trails. Moving agents deposit trails that can be detected by others within their field of view, which then
adjust their orientation to follow them.

22



120 3
®©
125 =
o)
—_ ©
‘=130 2%
g o)
‘;135 kS
g 140 12
[ 8
€
=
pz4
50 100 150 0
c d Space (um)
- 08
o178 Mean: 5.1 min Rippling simulation =
o 007 Rippling experiment
T 0.150 3
go Doe
>
3 0125 305
2 <
S 0.100 4= 04
> o~
=0.075 S
3 §03 .
& 0.050 B o2
< & B
0.025 LC 01 I
0.000 00l== -

0 5 10 15
Time between reversals (min)

<25%

25-50"/«3 50-75% X
Frustration quartile

>75%

Figure 5: A 2D agent-based model captures the essential features of rippling. (a) Rippling patterns
are observed in the simulation. The pattern corresponds to N = 9000 cells after 500 min. See corresponding movie
S4. (b) Kymograph of single cell trajectories across the boxed section (dotted line) shown in (a). Three tracks are
added in white, the circles indicate reversal events. (c) Rippling simulations reproduce the distribution of time
between reversals observed experimentally. Shown is the distribution of time intervals between successive reversals
obtained from simulations (N = 88679 time-between-reversal intervals). (d) Rippling simulations reproduce the
dependence of reversal events on frustration. Shown is the distribution of reversal events across frustration quartiles
in simulations (grey, N = 331640 reversals analyzed) and experiments (cyan, see Fig. 3e). Mean reversal fractions
in simulations are 2.6 %, 4.2%, 17.1%, and 76.2% from the first to the fourth quartile, respectively. For rippling
simulations, standard deviations are negligible.
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Figure 6: The same 2D agent-based model captures the essential features of swarming. (a) Swarming
patterns are observed in the simulation. The pattern corresponds to N = 3330 cells after 500 min. See corresponding
movie S6. The difference with the simulations of Fig. 5 lie in the interactions with the ECM (here, alignment along
self-deposited EPS). (b-d) The simulation reproduces single cell population features as observed in the experiments.
(b) Alignment: cell alignment in simulations shown by the mean nematic order as a function of the distance and
comparison with experiments. (c¢) Distribution of the time between reversals captured by the simulation (N = 50927
TBR intervals). (d) Distribution of reversal events according to their level of frustration in simulations (grey,
N = 191535 reversals analyzed) and in experiments (orange, see Fig. 3e). Mean & SD values of reversal fractions
in simulations are 2.1 4+ 0.03%, 7.6 & 0.6 %, 32.1 & 0.8 %, and 58.2 + 1.2 % from the first to the fourth quartile,

respectively.
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Figure 7: The simulations explain the stable co-existence of rippling and swarming fields over long
periods of time. (a) Simulations capture the rippling-swarming transition. Shown is the result after a 500 min
simulation with reversing agents. The cells were forced either to align along the horizontal direction on the left side,
mimicking the prey matrix, or to follow self-deposited EPS trails on the right side. See corresponding movie S7.
(b) Cell densities are stable in rippling and swarming fields. Shown is the time evolution of the ratio of cells in the
rippling area over the total number of cells (%) along the entire simulation of panel (a) for five distinct initial
ratios. (c) Rippling dynamics trap the cells. Shown are the mean residence times of cells in rippling versus swarming
domains after 500 min of simulation. For each cell, continuous episodes of presence within one domain (from entry
until exit) were identified starting from ¢y = 100 min, when the patterns were fully settled, until the final time
T = 500min. The duration of these episodes was averaged across all visits and across five independent simulations
with the 2:1 ratio as initial condition. Boxplots show the distribution of mean residence times per simulation,
highlighting that cells remain significantly longer in rippling fields than in swarming fields. (d) Reversal ability
shapes spatial organization in rippling and swarming fields. Shown is a simulation of a mixed population of reversing
(red) and non-reversing (green) cells at a 10:1 density ratio after 500 min of simulation time. In the swarming field
(right), both cell types exhibit coordinated collective motion and form cohesive swarms. In contrast, in the rippling
field (left), the two sub-populations display distinct dynamics: reversing cells generate the characteristic colliding
waves, while non-reversing cells organize into stream-like patterns. See corresponding Movie S7. (e) Experiment
corresponding to the simulation shown in (d). The rippling-swarming transition is shown after mixing reversing
(red, mCherry) and non-reversing (green, GFP) bacteria in a predatory assay. (f) Non-reversing cells do not persist
in rippling fields in simulations and experiments. In the simulation (d), the same ratio as in panel (b) (%) was
quantified after 100 min, long after the rippling and swarming patterns are settled. The initial ratio of cells in the
simulation is represented by a dark star. For the experimental data, several ratios were computed from a selection
of different subareas (n = 22) in the entire field of experiment (fig. S9) around the border of the prey area, such as
the subarea shown in panel (e). Each ratio (reversing or non-reversing) was computed within its own color channel
(red or green).
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Methods

Bacterial strains and growth conditions
Strains used for this study are listed in table S1. M. zanthus strains were grown at 32°C in CYE (Casitone

Yeast Extract) rich media as previously described™.

Microscopy

To image the rippling and swarming patterns of M. zanthus in a predatory assay, both M. zanthus and
E. coli cells were grown in CYE, pelleted, and resuspended in CF medium to a final ODggg of 5. Equal
volumes (1 pL) of the two suspensions were then spotted side by side on a freshly prepared CF 1.5 % agar
pad on a microscope slide. After the spot has dried, the agar pad was covered with a glass coverslip,
and incubated in the dark at room temperature for 48 h before imaging. Time-lapse microscopy was
performed using an inverted epifluorescence Nikon Eclipse Ti2 microscope, equipped with a 100x /1.4 NA
DLL oil-immersion objective and a Teledyne Photometrics Kinetix camera. This microscope also features
a “Perfect Focus System” (PFS), which automatically maintains focus, even in the presence of mechanical
or thermal perturbations. Phase-contrast movies were recorded for 1h, with images acquired every 2s.
In selected experiments, fluorescence excitation was provided by a LED illumination system with YFP
filter cubes (508 nm excitation, 15 % power), and fluorescence images were acquired every 10s with 100 ms

exposure time. Images were acquired using NIS-Elements (Nikon).

Cell tracking
The phase contrast movies were segmented with Omnipose”™ and tracked using a custom tracking al-
gorithm. See Supplementary Text, Section 1 "Segmentation and tracking" for detailed description and

justification.

Radial nematic order correlation function
We define a ring as the region between two concentric circles of radius r — €/2 and r + €/2 (for a fixed ¢),

within which we compute the nematic order for each radius r, with r ranging from 5pm to 100 pm. We

denote the nematic order as O(r) and use the following expression?’:

N;(r)
o0) = (575 X (20080, 500) - 1)

7

where 6; is the orientation of bacterium 4, N;(r) is its number of neighbours within the ring, and 6;(r)
is the orientation of its j*" neighbour. The maximal radius (100 pm) corresponds to half the size of the
microscopic field of view. Standard deviations were computed from triplicates for both experiments and
simulations. The orientation of the bacteria was extracted from phase-contrast images using the His-

togram of Oriented Gradients (HOG) method from the skimage.feature Python library®77.

Reversal detection

The detection of reversals was performed by identifying abrupt changes in the direction of cell trajec-

tories (e.g., acute angles). These trajectories are smoothed beforehand to filter out artificial directional
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changes. This method was meticulously compared to a molecular-based detection method, based on the
pole relocalization of the SgmX protein, and was shown to be robust and consistent with this molecular

assay. See Supplementary Text, Section 2 "Reversals detection" for detailed description and justification.

Kymographs

Kymographs are generated from both rippling movies and simulations by projecting cell positions along
an axis defined by the mean direction of the cells across the entire time lapse. For each frame of the movie,
the resulting projections were arranged sequentially in temporal order, forming a stacked representation.

Colors in the kymographs indicate the number of cells projected at each position.

The 1D model and the stability analysis

1.14, we designed at first the age-structured model, which is a Partial

Building upon the work Degond et a
Differential Equation (PDE) of kinetic-transport type. It describes the evolution of M. zanthus cell den-
sity in time, space (1D) and a third variable recording the time since last reversal. The latter variable is
essential to investigate the role of the RP. The phase-structured model is another PDE of kinetic-transport

112 it differs from

type, used here to test the robustness of our conclusions. Based on a series of works
the previous one by the nature of the variable encoding the period between two reversals. Instead of a
time, it is now a phase which should make it fully across a fixed interval [0, 7] for a reversal to occur. Ki-
netic models are well-suited for describing the persistent motion of cells, and proved adequate to capture
chemotactic waves of E. coli in microchannels by an accurate description of the run-and-tumble motion®®.
Moreover, in contrast with agent-based models, PDE models are suitable for pattern formation analysis.
For the stability analysis, we performed linear stability analysis in Fourier modes with respect to the
spatial variable, by introducing fluctuations around the homogeneous steady state. We then numerically
computed the eigenvalues (the growth rate A) of the matrix operator driving the fluctuations with a
Python code. The singular terms should be handled with care, in particular for the linearization of the
model with modulation of the RP, which naturally introduces Dirac masses in the analysis. See the main
text and Supplementary Text, Section 4 "A pair of mathematical models for the emergence of the rippling

collective stage" for detailed description and justification.

Signal metrics

To characterize the local signals potentially triggering reversal events, we define three quantities at the
single-cell level: frustration, local density, and directional density.

The frustration (denoted fi(t)) of each bacterium i at each time step t is computed as the deviation
between the bacterium’s target velocity vi(t), defined as the velocity aligned with the cell body with
constant speed 4 pm min~!, and the real cell velocity v’ (t) obtained from its head displacement between

two consecutive frames. The frustration formula is given by:

i i) k()
PO =1 - O, [ )

See the main text and Supplementary Text, Section 5 "Frustration definition and related figures" for a

detailed description and justification.
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The local density is defined as the number of neighboring bacteria in direct physical contact with bac-
terium ¢. Each bacterium is represented by eleven equidistant points sampled along its skeleton, which
is extracted using the skan Python library. Two bacteria are considered to be in contact if the minimal
Euclidean distance between any skeleton point of bacterium ¢ and any skeleton point of bacterium j is
strictly smaller than 0.84 pm. This threshold is chosen based on the experimentally measured average cell
width of 0.7 pm.

The directional density quantifies the number of neighboring bacteria in physical contact that move in
an opposing direction relative to bacterium ¢. Only neighbors defined by the local density criterion are
considered. For each bacterium, a mean orientation angle is computed from its skeleton using the circular
mean of the skeleton segment orientations. A neighboring bacterium is considered to move in an opposing
direction if the scalar product between the unit velocity vectors corresponding to the mean orientations

of the two bacteria is strictly negative.

The 2D model

Building on the work of Balagam and Igoshin®, we developed a 2D model for the collective movement of
M. zanthus™. In this model, each cell is represented as a series of spheres (10 in this case) connected by
springs, with a fixed distance between them. The movement of the head sphere drives the movement of
the other spheres, giving each cell its motion. Overlap between spheres was prevented by introducing a
distance-dependent repulsion force between sphere centres. The reversal mechanism mirrors that of the
1D model, with the frustration signal replacing the local and directional density signals. In the rippling
field, agents align in the horizontal direction, while during swarming, they follow EPS-trails generated by
the cell themselves. The cells are placed in a square domain with periodic boundary conditions. See the
main text and Supplementary Text, Section 6 "Modeling of the 2D simulations" for detailed description

and justification.

Residence time in rippling and swarming domains (Fig. 7c)

From ¢y = 20 min (when the patterns are established), we computed, for each cell, the residence time per
visit in the rippling and swarming domains. A visit is defined as a contiguous sequence of frames during
which the domain label remains unchanged, with its duration (in minutes) given by the number of frames
in the sequence multiplied by the frame period. Residence times are conditioned on occupancy, meaning
that only cells that visited a given domain at least once contribute to its distribution (zero-residence
events are excluded). The figure shows boxplots (outliers hidden) of the per-visit residence times pooled
across triplicate simulations for each domain (“Rippling”, “Swarming”); the median is indicated by the

central line, and the legend reports the mean of each distribution.

Ratio of reversing versus non-reversing cells in rippling (Fig. 7f)

We define NJV(t;) and NEV(t;), for i € [t1,...,t¢] with ¢; = 100min and ¢y = 250 min, as the number
of reversing and non-reversing bacteria located in the rippling field at time ¢;. We also define N™¥ and
N™V as the total numbers of reversing and non-reversing bacteria in the simulation. We then computed
the ratios N&V(t;)/N™" (red boxplots) and N&V(t;)/N™ (green boxplots). For the experimental data,

the same ratios (defined above) were calculated over 22 fields located at the edge of the prey area (post-

28



823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

predation). The stars indicate the ratios N&V(t=0)/N*" and N} (t=0)/N".

Fitting procedure of the 2D model

The parameters of the 2D model are divided into four categories based on their origin and role in the
simulation.

1. Parameters from the literature

These parameters are derived directly from previous studies and provide biologically accurate baseline
values:

- Maximal refractory period (R*): Set to 5min, as reported in Guzzo et al.?*.

- Distance between consecutive disks (¢) and number of disks per bacterium (Np): Set to 0.5 pm and 10,
respectively, corresponding to a total bacterial length of 5 um, which matches average values reported in
the literature™.

- Horizon search (H): Set to approximately one cell length (about 5pm®).

- Minimal detectable EPS concentration (¢;,): Set to 0.1, based on Balagam and Igoshing.

2. Parameters extracted from experimental measurements:

- Diameter of disks (D): Set to 0.7 pm, matching the experimentally measured bacterial width.

- Bacterial velocity (v): Set to the average speed observed experimentally, 4 pm min~—!.

- Minimal refractory period (R): Set to 20s, extracted from the distribution of times between reversals.
3. Ad hoc parameters

These parameters were chosen to ensure that the model obeys physical laws and behaves realistically:

- Hooke’s spring constant (ks): Set to 50 min~! to maintain the spacing between disks and preserve cell-
body structure.

- Repulsion coefficient (k;): Set to 450 pm~—! min~! to prevent overlap between simulated bacteria.

- Angle of view (2a): Set to m, modelling the pilus exploration area as a semicircle in front of the cell
head.

- EPS deposition rate (a) and maximum EPS grid value (EPSyax): Set to 2min~! and 10, respectively,
to ensure sufficiently rapid EPS trail formation.

- Rippling alignment strength (7/): Set to 11 pmmin~! to ensure 1D alignment.

- EPS alignment strength (7): Set to 11 pm min~! to ensure 2D alignment with EPS trails.

- Maximum reversal rate (F*): Set to 30 min~! to obtain a realistic number of reversals.

- Frustration memory (d) and memory kernel exponent (3): Set to 20s and 2 min, respectively, following
chemotaxis-inspired models®?, giving more weight to the recent past.

4. Unknown parameters

These parameters were adjusted to match experimentally observed TBR distributions:

- Frustration threshold (fr): Set to 0.08.

- Steepness of the reversal rate function (ar): Set to 75.

- Steepness of the refractory period function (ag): Set to 100.

Data and materials availability
Python codes are available on Github (https://github.com/MignotLab/SpatialPatternsCollectives).
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