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Bacteria communicate with each other to coordinate macro-scale behaviors including pathogenesis, biofilm
formation and antibiotic production. Empirical evidence suggests that bacteria are capable of communicating at
length scales far exceeding the size of individual cells. Several mechanisms of signal interference have been
observed in nature, and how interference influences macro-scale activity within microbial populations is unclear.
Here we examined the exchange of quorum sensing signals to coordinate microbial activity over long distances in
the presence of a variable amount of interference through a neighboring signal-degrading strain. As the level of
interference increased, communication over large distances was disrupted and at a critical amount of interference,
large-scale communication was suppressed. We explored this transition in experiments and reaction-diffusion
models, and confirmed that this transition is a 2D percolation transition. These results demonstrate the utility of
applying physical models to emergence in complex biological networks to probe robustness and universal

guantitative features.

I. INTRODUCTION

Recent years have seen increasingly clear evidence
that the traditional view of bacteria as “loner’
organisms must be revised [1-5]. In natural habitats,
diverse microbial species regularly interact with each
other and their environment, and such interactions
frequently have a profound effect on the resulting
microbial phenotypes [6-8]. For example, a
commonly found interaction is signal interference,
and one commonly found interference mechanism is
where signals produced by one type of species are
degraded by a different species, which in turn will
affect cellular activity and gene expression [1].

From a physics perspective, such multispecies
communities offer a novel context in which to
discover and characterize emergent, collective
phenomena in strongly interacting many-body
networks [9-13]. One particularly notable and
relevant example of such collective behavior is
percolation, where networks display an abrupt
transition in large-scale global connectivity at a
critical threshold of a varying parameter, typically
occupation probability. Percolation is an attractive
topic to physicists for several reasons, the most
important one arguably being its universality — the
fact that systems which are quite dissimilar
microscopically display equivalent quantitative

scaling behavior near the transition [14-16]. While
percolation has been observed and analyzed in
numerous abiotic contexts, other than a recent
report [13] there is relatively little work exploring its
implications for biological systems, particularly
community-level ecosystems. It remains a challenge
to identify suitable ‘model’ community-level
networks in which to explore potential biological
realizations of percolation. An ideal system should
be simultaneously experimentally and theoretically
tractable, while also being capable of yielding
qualitative and quantitative insight into the workings
of real microbial communities in situ. Microbial
communication networks are a particularly strong
candidate for such a system.

Bacteria use small chemical signals known as
autoinducers (Al) to communicate with their
neighbors. The basic process of communication,
known as quorum sensing [2,17-20], involves cells
secreting, sensing, and responding to a threshold
concentration of Al molecules, thereby regulating
density-dependent gene expression. Quorum
sensing (QS) regulates several collective, group-level
behaviors, including pathogenesis [21,22], biofilm
formation [23], antibiotic production [1,24,25], and
bioluminescence [20]. Empirical evidence suggests
that these behaviors can span large

distances [9,20,26] .



In this work, we examine the robustness of such
communication networks to interference by
analyzing spatial patterns of activation in a model
bacterial community consisting of a sender cell,
which produces and responds to Al signals, and a
degrader cell, which produces an enzyme capable of
destroying the signal, as shown in Fig. 1(a) and
similar to strains used in previous studies [27,28].
This model community allows a controlled,
systematic study of interactions that occur naturally
within microbial ecosystems [29,30]. For example,
Bacillus subtilis, a Gram-positive bacteria commonly
found in soil, secretes the degradative enzyme AiiA
used in the study. In its natural environment, B.
subtilis interacts with many soil strains that use AHL-
based quorum sensing, including species of
Pseudomonas, Serratia, and Eneterobacter [31]. We
explore through both experiments and theoretical
models how the ratio of these two strains influences
the ability of the senders to communicate over long
distances. Our primary result is the discovery of a
percolation transition that leads to a sudden
breakdown in long-range communication at a critical
strain ratio. We observe universal critical scaling
exponents at the transition that are independent of
the specific properties of individual strains, and
show that the specific transition point can be shifted
in a predictable way by selective genetic
modification of strains.

II. EXPERIMENTS ON QUORUM SENSING
BACTERIA

A. Experimental setup

An experimental assay was developed to test the
capability of microbes to coordinate activity in
spatially structured environments. As shown in Fig.
1(b), a specified ratio of sender and degrader cells
were mixed together and applied to the top of an LB
agar plate. Cells emit diffusible signals and spread
out via cell division, but are not motile. Sender cells
are a strain of Escherichia coli containing the LuxRI
qguorum sensing system and a GFP reporter gene for
guorum sensing activation. Senders increase the
expression of the GFP reporter gene in response to
an increase in the concentration of a diffusible
signaling molecule, here acyl-homoserine lactones
(AHL). The response function of GFP production is
non-linear, exhibiting a sharp increase in cellular
fluorescence when the amount of signal exceeds a
threshold concentration [26,32]. Degrader cells are
a strain of E. coli constitutively expressing the

lactonase enzyme AiiA [27]. AiiA remains inside the
degrader cells and degrades AHL quorum sensing
signals that diffuse into the cell, including the 3-oxo-
C6-HSL produced by the sender cells [26,33].

B. Experimental results

In the presence of degraders, both the degrader and
sender cells influence the local concentration of
signal. In regions where, by chance, degrader cells
are more abundant, AHLs will be depleted and
potentially dip below the threshold concentration
needed for activation. Consequently, senders will
not activate GFP expression and will appear dark in
fluorescent images. In Fig. 2(a), we have a sender
strain, distributed with the degrader strain, at a ratio
of 10”%:6 x 10° (sender: degrader). Here, we observe
that in the regions where degraders are more
abundant, senders have not activated GFP (see also
Fig. S1 [34]). To determine whether a sender has
activated quorum sensing or not, we define a
fluorescence intensity threshold for activation,
which was 25% of the maximum detected GFP value
(see Fig. S2 [34]). The validity of the threshold we
chose and the robustness of our results to slight
changes in threshold will be discussed later. The
activation of quorum sensing in the sender cells was
monitored using fluorescence microscopy. The
sender cells that activate quorum sensing express
high levels of GFP and appear green in the
fluorescent microscopy images shown in Fig. 2(a),
Fig. 2(b), whereas sender cells that did not activate
quorum sensing are dark and not visible. Plates are
imaged at 20x magnification 16 hours after
inoculation. For each image the field of view spans
an area of 750 pum x 630 um, and a minimum of 16
fields of view were imaged for each experimental
condition.

As shown in Fig. 2(b), when no degrader cells are
added to the plate, all the senders activate quorum
sensing and produce green fluorescence throughout
the plate. On plates containing a mixture of degrader
and sender cells, dark regions were observed that
represent regions where the quorum sensing signal
did not accumulate above the threshold
concentration required for activation. The sizes of
these inactivated regions were larger in plates
containing more degrader cells, and activation was
completely inhibited when more than 10° cells of
degrader were spread onto the plate. As seen in Fig.
S3 [34], introducing a dummy strain that is the same
strain of E. coli, but which does not contain the



plasmid necessary for producing the signal degrading
enzyme, did not result in dark patches in the
fluorescence image, even when the dummy strain
was loaded 3 times higher than the sender strain.
This demonstrates that inhibition of quorum sensing
activity is due to the depletion of the signal
concentration, and not caused by competition
between the two strains for resources or space. This
is further validated with Fig. S4 [34], where we
introduce the sender strain, which produces RFP
constitutively, and observe that even for high
amounts of degrader, the senders seem to occupy
most of the plate. For all experiments, we load 10°
senders, as it gives a near uniform distribution of the
cells on the plate (see Fig. S5 [34]).

The transition from large connected regions of
activation to segregated patches of activation
observed in Fig. 2(b) appears similar to a percolation
transition. In percolating systems, regions of activity
have a sharp transition in connectivity above a
critical value of control parameters [35,36]. Here the
control parameter is the amount of degrader cells in
the population. The connectivity of activated regions
is quantified by measuring percolation events. A
percolation event occurs when at least one
continuous region of activation spans the entire
system. In our experiments, percolation is defined as
a continuous region of fluorescence intensity above
a threshold value that touches opposite sides of the
image, a region of space 750 um x 630 um. As
discussed above, this threshold (thr) was selected to
be 25% of the maximum fluorescent intensity
detected by the microscope (thr = 148) (see Fig. S2
[34]). By applying this threshold, we obtain the
amount of pixels above this threshold, and we
observe that the amount of active pixels are largely
robust when the threshold is changed by up to 20%
from the value we select (see Fig. S6 [34]).

We quantified percolation in each fluorescent image.
Fig. 2(c) shows the percentage of images that
exhibited percolation (percolation frequency) for
each amount of degrader cells tested. At low
numbers of degraders, there will always be a
percolation event. Once the density of degraders
reaches a critical value near 3x10° cells, the
percolation frequency rapidly decreases towards
zero.

Percolation has been observed in many diverse
physical systems, including dielectric
breakdown [37], porous transport [38], and even the

epidemiology of infectious diseases [39]. The
properties of such percolation networks are known
to follow characteristic scaling laws. We measured
values for critical exponents associated with the
scaling laws for three well known quantities from
2D-percolation theory [16,40]: the average cluster
size <s>, the order parameter P, and the correlation
length &. For this analysis, pixels in the fluorescent
images are assigned a value of active or “occupied” if
the fluorescent intensity is above the threshold (thr),
or conversely a value of inactive or “empty” if the
fluorescent intensity is below threshold. If an active
pixel is touching another active pixel in either of the
8 neighboring positions, we define these two pixels
as being connected. If a connection of pixels spreads
from one edge of the image to its opposite edge, we
define this collection of active pixels as a spanning
cluster.

To obtain the average cluster size <s>, we measured
the areas of all the clusters of activated pixels,
excluding pixels in the spanning cluster, and took the
average of the measurements. The order parameter,
P, is defined as the probability that an activated
pixel belongs to the spanning cluster, and was
determined by taking the ratio of the number of
active pixels in the spanning cluster to the total
number of active pixels in all clusters. Finally, the
correlation length £ measures the length scale over
which activation is correlated; in other words, if a
given pixel is activated, it is expected that, on
average, pixels within a distance § of that pixel would
also be activated. To obtain £, we considered the
largest non-spanning cluster, and calculated the
average distance between two pixels within this
cluster. These three quantities are plotted in Fig. 3.
In the classical theory these quantities are generally
plotted against the occupation probability [40]. In
Supplementary Material section VII, Table S1 and
Fig. S7 [34], we show that at the transition, the
occupation probability scales essentially linearly with
the amount of degraders. As a result of this linear
relationship, all quantities are expected to have the
same universal scaling behavior with respect to the
amount of degraders: () X |Nyji4 — Nasia |7,
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where, ny;;4 is the amount of degraders, ny;i4 . is
the critical amount of degraders at the percolation
threshold, and y, B and v are the critical exponents
for the transitions of average cluster size, order
parameter and correlation length respectively. We
determined ny;;4 . to be 6.5 x 10° by considering the
Ny;ia at which we observe maximal values of the



average cluster size and correlation length [40] (see
Fig. S8 [34]).

We find that the experimentally measured
exponents are consistent with the expected values
for a standard 2D percolation transition [16,40], as
shown in Fig. 3 and Table 1. To calculate the critical
exponents, we generated a log;o-log;o transform of
the scaling quantities near the critical point, see Fig.
S9, [34] and calculated the gradient of a linear fit via
least squares regression, with uncertainties
determined via the standard error of the slope, as
shown in in Table 1. In Supplementary material [34],
we further justify these results via additional tests of
the robustness of the critical exponents to changing
thresholds. The calculated critical exponents were
not sensitive to the exact number of points fit nor
the 20% changes in the threshold value used to
classify activated pixels, (see Fig. $10 and S11 [34]).
Such scaling rules should be independent of the
scale over which they are observed, and to
demonstrate this scale-free nature of our results, we
reanalyzed the data for a different sized imaging
window and found the calculated exponents were
similar (see Fig. S12, Supplementary Table S2 [34]).

III. MATHEMATICAL MODEL
A. Reaction-diffusion model

To obtain a deeper understanding of the transition,
we can compare these experimental results to
numerical simulations of the underlying biochemical
kinetics. We developed a model that captured the
dynamics of signal exchange and cell growth. The
growth of the cells is modeled with a logistic growth
equation [9,26],
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Here, i can be either AHL or AiiA, where ngy;
represents the number of sender cells and ny;i4
represents the number of degrader cells such that
the senders and degraders will have separate logistic
growth equations. The total cell number (n,) is equal
to the number of sender cells plus the number of
degrader cells at a particular location in space. Each
cell grows exponentially with rate p such that n;
approaches a saturated cell number (s), at which
point growth will cease (n;< s). The dynamics of the
signals produced by the senders and the degradative

enzymes produced by the degraders can be
described by reaction diffusion equations,
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The AHLs are initially produced at a lower basal rate
of pp1, by nyy;, number of sender cells,

(nyy governed by Equation (1)), and the AHL
concentration ([AHL]) increases over time. AHLs will
diffuse into the media with a diffusion coefficient of
Dyy1- Once the concentration builds up to a critical
threshold value of 8, the production rate of AHLs
increases by p,p;. This switching from the lower to
higher production rate is represented by a Hill
function with a Hill coefficient of m;. The AHLs are
degraded in the media at a rate of y;, and by the
degradative enzyme at a rate y,. The degrader
enzyme concentration is [AiiA] and the amount of
signals degraded is regulated by the presence of the
signal. We represent this by an additional Hill
function with a Hill coefficient of m,, where the AHL
concentration needs to accumulate beyond a critical
number to get a considerable amount of
degradation [26,27]. Note that, unlike the AHLs, the
degrader enzymes do not freely diffuse throughout
the medium, but are localized within the degrader
cells. The degraders will constitutively produce the
degradative enzyme at a rate of py;;4 Within the
degrader cells, a protein which decays at a rate of

V3-

a[AiiA] -
[altl = NiiaPaiia — V3lAiiA] . (3)

Here, the number of degrader cells, ny;i4, is
governed by equation (1). In simulations, sender and
degrader cells are initially distributed randomly
within an area of 0.49 mm?®. In this area there are
22500 pixels (150 x 150) and each pixel has a size of
approximately 25 um”. Each pixel can hold
approximately 25 cells. Sender cells are fixed and
distributed homogenously while the degraders will
change and be distributed randomly. Cells do not
move over time, but spread to adjacent regions of
the plate due to cell growth. Signal is produced and
degraded over time, reaching a steady-state AHL



concentration profile within 16 hours. Regions of
space where the signal concentration is above the
quorum sensing threshold (8,) are plotted, as
shown in Fig. 4(a). These would correspond to
regions of high fluorescent intensity in experiments.
All the values for the parameters are taken from
Silva et al. [26], and reported in supplementary Table
S1.

B. Modelling results

As in experiments, we first obtain the percolation
frequency as a function of the amount of degraders,
and, as shown in Fig. 4(b), observe that at 10° cells
the percolation frequency decreases, similar to
experimental observations. Subsequently, the same
image processing algorithms that we apply to
calculate <s>, P,, and § from experimental activation
maps are applied to simulation outputs, allowing us
to plot <s>, P, and € from simulations and calculate
the critical exponents, as shown in Fig. 4(c), Table 1
and Fig. S13 [34]. Via finite-size-scaling analysis,
similar to the windowing we perform on
experimental images, we observe that as system size
increases, the exponents systematically converge
onto the expected classical value for an infinite
system (see Fig. S14, S15 and Table S3 [34]).

As shown in Fig. S14b [34], finite size effects likely
contribute to lowering values of P, near the
percolation transition. The fluorescence threshold
value (thr) also artificially lower the values of P,
through its influence on the size of clusters,
including the spanning cluster. As shown in Fig. S16
[34], reducing the threshold shifts values of P,
upward towards the simulated values. However, as
seen in Fig. S2 and Fig. S6 [34], the reduced
threshold is near the fluorescence background and
results in difficulty in identifying activated regions

from background noise. Although at the threshold
value used the experimental and simulated
measurements of P, are not identical, this did not
change the qualitative behavior or the values of the
critical exponents calculated from experiments.

The behavior of the scaling quantities near criticality
and the values obtained from experiments and
theory revealed that when a signal degrading strain
is added to a spatial cellular network, the breakdown
of effective communication follows a sharp
transition whose spatial distribution of activity
follows a percolation transition. The senders’
capability to coordinate activity over large distances
via the exchange of quorum sensing signals fails if
the amount of degrader cells exceeds approximately
3x10° cells. The critical amount of degrader cells
leading to this transition is a tunable parameter.

IV. SHIFTING THE TRANSITION POINT BY
CHANGING THE PRODUCTION RATE OF
AITA

In simulations, we observe that changing the
production rate of degradation enzyme per cell
shifted the critical number of degraders required to
disrupt long distance communication, as shown in
Fig. 5(a). To validate this observation experimentally,
we constructed a new degrader strain with tunable
expression of the aiiA gene (see Fig. S17aand b
[34]). By introducing isopropyl B-D-1-
thiogalactopyranoside (IPTG) at different
concentrations, the expression level of qiiA is
controlled. When the senders are mixed with the
new degrader strain in a plate reader, we observe
that the steady state fluorescence decreases with
increasing IPTG, confirming that production of the
degradative enzyme is regulated by the inducer (see
Fig. S17c [34]).

TABLE 1. Values of the critical exponents. The values here represent the slope of the logys-logi linear fit. The linear
fits were performed using least square fitting method, and the uncertainty here is the standard error (SE) of the

i-yn?
(n-2)
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slope represented as SE=

where, yi is the dependent variable value for point i, jt is the dependent

variable value for point i from the least square fit, xi is the independent variable value for point i, X is the mean of
the independent variable, and n is the number of observations.

Critical exponents
(¥)

For the average cluster size

For the order parameter

(B) (v)

2D percolation universality 2.39
class

0.14 1.33

For the correlation length



From experiments 2.28 £0.36

0.17+0.06 1.36+0.12

From reaction-diffusion 2.42+0.16

simulations

0.16+0.03 1.35+0.06

In Fig. 5(b), similar to the simulation results, we
observe that the critical degrader amount can be
shifted in experiments by increasing the production
rate of the degradative enzyme by introducing 1 mM
of IPTG to the plate. We calculated the critical
exponents for the case of increased AiiA production
and once again obtain similar values to the classical
theory (see Supplementary Table S4). In Fig. 5, we
also have shown the universality in the nature of the
transition by changing the coordinates in the logyg
(Amount of degraders) axis by reducing it to (logs
(Amount of degraders) - log 1o(Amount of
degraders). )/ (logio(Amount of degraders).), where
logio(Amount of degraders). is the point at which the
percolation frequency goes to zero.

V. DISCUSSION

With the recent advances in systems and molecular
biology, many new studies are being conducted to
understand the complex behaviors of microbes that
arise due to cellular and spatial heterogeneity [9,26—
28,41-44]. Several studies have shown that many
cellular systems exhibit emergent phenomena
previously studied in non-biological contexts and
that can be explained using physical and statistical
mechanical rules [45—-48]. For instance, Wioland et
al. discuss the capability of bacterial vortices, whose
lattices are hydrodynamically coupled, to
spontaneously form into distinct patterns
characterized by ferro- and antiferromagnets [45].
Rudge et al. observed the emergence of striking
fractal patterns in growing colonies of E. coli [48].
Physical models such as the Hopfield model have
also been implemented to predict how the capacity
for groups of cells to make decisions scales with the
number of cell types [44]. In the spirit of these
observations, here we have identified that disrupting
the long-range communication of a quorum sensing
microbe through interference by a degrader strain
yields complex physical behavior characteristic of a
percolation transition. Critical transitions in cellular
distributions have been previously reported. For
example, Ratzke et al. reported that agar
concentration tuned the distribution of cells from
one large cluster to small patchy clusters [49].

However, this phenomena was not analyzed as a
percolation transition. More recently, a percolation
transition was reported for electrochemical signaling
in biofilm of Bacillus subtilis [13] . As was observed in
the quorum sensing network, the connectivity of
active cells sharply changed at a critical point and
the cluster size of active cells scaled as a power law.
These studies emphasize the utility in applying
physical models to study biological networks and
their emergent behaviors, an approach that is
expected to continue to yield insights into the
fundamental capabilities of these systems and
potentially reveal new strategies for robust control
of system function.

In our specific systems, it was particularly surprising
that the spatial distribution of quorum sensing
activity was extremely sensitive to the number of
degrader cells. Although in well mixed simulations
(see Fig. S18 [34]), we observed a similar ratio of
degraders to senders of 1:2 was needed to turn off
the senders. The long distance coordination of
guorum sensing activity was robust to small
amounts of interference by degraders, but as the
number of degrader cells approached the number of
sender cells there was a sharp change in the
connectivity of activated regions. The cellular
network transitioned from large connected regions
of activity to smaller patches of active cells over a
factor of 10 change in cell number, and this change
followed a classic 2D percolation transition. These
results demonstrate that cellular networks can
undergo critical changes in behavior as a function of
the ratio of cell types.

In our previous work [26], we analyzed how signal
degrading cells influence the spatial range over
which a colony of sender cells can activate a circular
pattern of quorum sensing up to a maximum radius
that depended on the number of degrader cells.
Here, we examined spatial patterns of activation
that naturally emerge from well mixed populations
of sender and degrader strains, and revealed scale-
free patterns of quorum sensing activation that fit
the definition of a percolation transition.



Since changes in signaling states, including quorum
sensing activation, are important for many
coordinated functions of cellular networks, including
virulence and biofilm formation [17,50], small
changes in the composition of a community might be
a strategy to control the global function of microbial
communities. Successful implementation of such a
strategy requires knowledge of the critical point of
the transition and how it scales with system
parameters, such as enzyme activity, protein
expression, and growth dynamics. In our system,
additional theoretical analysis in the Supplementary
Text 1 determined the major factors that dictate the
transition point of percolation were the degradation
rate of the AHLs by the AiiA enzyme, the degradation
of the AiiA enzyme by the media, the production
rate of the AHLs and the production rate of the AiiA
enzyme. Here we demonstrated that the critical
point can indeed be tuned by changing the
production rate of the signal degrading enzyme.

When analyzing our results as a 2D percolation
transition, the critical exponents were calculated in
both experiments and theoretical

simulations [16,40]. The slight changes in the
exponent values from the experiments compared
with the classical theory can be attributed to the
inefficiencies in measurements caused by subtle
inhomogeneity in the cell distributions, and to the
fact that we are using a finite system as opposed to
an infinite system [14,15]. Through additional image
analysis such as windowing and finite scaling, we
observed that the values of the critical exponents
are robust universal quantities, with fairly small
deviation from the infinite classical values even as
the system size gets smaller.

Future work in this direction should investigate
signaling dynamics within more complex
environments, such as those found in situ, to see if
there are instances where the qualitative network
behavior can indeed be described by ordinary
percolation. Since quorum sensing enables bacteria
to exchange information regarding the local
environment [1,18,20], the consequences of
breaking down such communication by interference
raises questions about how cells have evolved to
coordinate activity in the presence of interference.
The patterns that emerged in our experiments were
stable for many hours, although how the activity of
cellular networks evolves over much longer time

periods and the consequences of being far-from-
equilibrium warrant further study. The critical
behavior observed here is yet another example of
biological systems operating near critical

conditions [46,47,51-57]. Examination of natural
signaling networks that have been tuned to function
in the vicinity of a percolation transition should help
to understand the importance of criticality in such
biological contexts.

VI. METHODS
A. Bacterial strains

The sender strain is Escherichia coli (NEB 5-alpha)
with the plasmid pTD103luxl sfGFP(Kn) obtained
from Prindle et al. [28] Here, lux/, luxR and sfGFP are
under the luxIP quorum sensing promoter. When
quorum sensing has been activated, the senders will
turn on a green fluorescent response.

The degrader strain is Escherichia coli (NEB 5-alpha)
with the plasmid pTD103aiiA_lac (see Fig. S17a [34]).
This plasmid was constructed by mutagenesis, using
NEB Q5° site-directed mutagenesis kit, by replacing
the luxlp promoter in the plasmid pTD103aiiA
obtained from Prindle et al. [28] with the lacUV5
constitutive promoter. The degradative enzyme,
AiiA, is constitutively produced under lacUV5
promoter.

The strain with the lower AiiA production rate was
constructed by Gibson assembly, using the NEB
Gibson assembly® master mix, by replacing the yfp
gene sequence in the plasmid pZS2501+11-YFP,
obtained from Garcia et al. [58], with the qiiA gene
sequence (see Fig. S17b [34]). The aiiA gene
sequence was obtained from pTD103aiiA_lac. Since
the new plasmid pZS2501+11_AiiA has the O1
repressor binding site, the expression level of the
AiiA enzyme can be controlled by isopropyl B-D-1-
thiogalactopyranoside (IPTG). Primers used for the
mutagenesis and Gibson assembly are given in Table
2. The constitutive red fluorescent sender strain was
constructed by electroporation of the plasmid
pTD103luxl sfGFP(Spec) into the Escherichia coli
TK140 pZS2501+11-mCherry obtained from Garcia
et al. [58].For the dummy strain in Fig. S3 [34] we
used the strain, Escherichia coli TK140 pZS2501+11-
mCherry obtained from Garcia et al. [58].



TABLE 2. Primer sequences used for making the plasmids.

Name Function

Sequence

AiiA LacUV5 F The forward primer to replace the luxIP
promoter from pTD103aiiA with the lacUV5
vector to construct the plasmid

pTD103aiiA_lac.

GGCTCGTATAATGTGTGGGAATTCATTAAAGAGGAGAA
AG

AiiA LacUV5 R The reverse primer of the above. GGAAGCATAAAGTGTAAAGCTTATGTTAAGTAATTGTAT
TC
pZS_YFP_1F The forward primer used to obtain the plasmid  GAA AAT TAC GCC CTT GCA GCG TAA AAG CTT AAT
backbone, excluding the YFP, from the plasmid TAG CTG A
pZS2501+11-YFP for the construction of the
plasmid pZS2501+11_AiiA.
pZS_YFP_1R The reverse primer of the above. CTG GGATGA AAT AAAGTTTCTTTACTG TCATTG
CGGTACCTTTCTC
pZE_AiiA_F The forward primer used to obtain the vector GGA GAA AGG TAC CGC AAT GAC AGT AAA GAA ACT
aiiA from the plasmid pTD103aiiA_lac for the TTATTT CAT CCC AG
construction of pZS2501+11_AiiA.
pZE_AiiA_R The reverse primer of the above. GAC TCA GCT AAT TAA GCT TTT ACG CTG CAA GGG

CGTAATTITC

B. Bacterial growth conditions
Similar to Silva et al. [9], the cells were grown in 5ml
of Lysogenic broth (LB) which were in 14mL Falcon
tubes with appropriate antibiotics for plasmid
maintenance. The cultures were put into a shaker at
200 RPM and 37 °C. Cells were grown in liquid
culture for 16 hours.

C. Bacterial strains

In experiments, sender culture was transferred to a
micro centrifuge tube and centrifuged it at 15000
RPM for 1min. The supernatant was discarded, cells
were re-suspended in fresh media, cell number was
adjusted to 10° sender cells, and a variable amount
of degrader cells were added. The final volume of
culture was 1 mL, such that the volume of culture

loaded onto the LB-agar plate was the same in all
experiments. The 1 mL mixture with 10°: n amount
of sender: degrader, was pipetted on to a 3 mm LB-
agar Petri dish (see Fig. 1(b)). This plate was then
incubated at 37 °C for 16 hours.

D. Microscopic measurements and image analysis

After 16 hours growth the plate was loaded into a
Nikon eclipse Tl fluorescent microscope and GFP
fluorescent images were obtained at a magnification
of 20x. Exposure time was 500 ms. The images were
analyzed in Matlab 2016b using custom analysis
algorithms. For each plate, a minimum of 16
different regions were imaged and analyzed.



In these codes, we first set the same threshold value
(thr) for fluorescence intensity to identify quorum
sensing activated regions. Each pixel had an intensity
value of 1 or O representing quorum sensing
activation or non-activation respectively. Next, each
activated cluster is identified and assigned a
number. If an activated pixel is being occupied by a
neighboring pixel (including diagonal neighbors), the
two pixels are considered to be in the same
activated cluster. After the activated clusters are
labeled, we looked at whether active clusters
spanned from top to bottom or left to right to
determine if for each image, a percolation transition
occurred. Next properties such as, areas of clusters
and mean distance between two active pixels within
References

the same cluster was determined to obtain the
scaling properties mentioned in the manuscript.
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FIG. 1. Experimental assay to measure spatial patterns of cellular communication in the presence of interference.
(a) The sender (yellow) produces an acyl-homoserine lactone (AHL) signal, 3-oxo-C6-HSL, while the degrader (black
shaded) produces the AHL degradative enzyme AiiA constitutively. When the senders are in monoculture, quorum
sensing is uniformly activated by all cells across the plate. When degraders are introduced, AHLs are degraded
resulting in regions where sender cells do not activate quorum sensing. (b) Senders and degraders are mixed at a
ratio of 10°: n (units of cells), where n varied from 0 to 2 x 10° cells. The mixture is loaded into a small petri dish

with LB agar.
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FIG. 2. Experimental demonstration of a degrader-dependent percolation transition. (a) Here we represent the
20x microscopic GFP image, of the sender cells (left) in the presence of degraders at a ratio of 10°: 6x10° (sender:
degrader). The GFP is due to quorum sensing activation. The dark regions in the green fluorescent image is due to
the senders not activating quorum sensing due to the presence of degraders, see Fig. S1 [34]. We measured the
GFP pixel intensity across the blue line, represented in the fluorescent image, and observed that the fluorescence
dips below the threshold value at certain points on the line (see Fig. S2 for further details on the threshold [34]).
(b) The 20x fluorescent microscopy images reveal the regions of active (green) and inactive senders (dark) as we
increase the amount of degraders. (c) The number of percolation events in our images was measured as a function
of the amount of degraders added the plate. Here the data is taken from three replicate plates, with each plate
having a minimum of 16 images. The error bars represent the standard error over replicates.
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FIG. 3. Scaling quantities from experiments. (a) The average cluster size <s>, (b) the order parameter P,,, (c) and
the correlation length € calculated from experimental data. The error bars represent the standard error from 3

replicate plates and a minimum of 16 images per plate. In (d), (e), (f), we have the logy-log; transform of the

points in the critical region for <s>, P, and § respectively, marked as closed blue circles. The slope of the linear fits
to these points yields the critical exponents. The blue lines represent the linear fit (least square fit) with the
experimentally obtained exponent while the dashed brown lines represent the values from classical percolation
theory, listed in Table 1. The error bars in d-f are determined via propagation of the log,, of the uncertainty.
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FIG. 4. Simulation of quorum sensing activation in the sender and degrader community. (a) The AHL concentration
of the senders from simulations are marked in green, with green indicating signal concentration that exceeded the
threshold needed to activate quorum sensing. (b) The frequency of percolation events from the simulations. (c)
The average cluster size <s>, the order parameter P, and the correlation length ¢ obtained from simulations. The
red diamond data points are simulated data while the blue circular data points are experimental data points added
for comparison. The error bars for the simulations represent the standard error over 100 repeats.
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FIG. 5. Changing the production rate of AiiA shifts the critical density. The Percolation frequency (Perc. freq.) (a)
from simulations and (b), from experiments for two different production rates(p.iia) of the AiiA enzyme. For both
simulations and experiments, the green cross-marked points represent the case when the degraders with lower
production rate was used. In simulations, this lower value was 0.6p,ia. The red diamond data points in simulations
represent when the production rate of the degrader enzyme was the original value (p.ia). In experiments, the blue
circular data points represent when the normal degrader with production rate p,ix was used. For the degrader with
lower production rate, the IPTG level was kept at 1.0 mM such that the production rate of the degradative enzyme
was decreased (see Fig. S17 [34]). In the inset we represent the universality in the nature of transition by reducing
the x-axis to (log (Amount of degraders) - log (Amount of degraders). )/ (log (Amount of degraders).). The error
bars for the simulations represent the standard error over 100 iterations. The error bars for the experiments
represent the standard error over 3 sets of experiments.
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