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Quorum sensing as a mechanism to harness
the wisdom of the crowds

Stefany Moreno-Gámez1,2 , Michael E. Hochberg3,4 & G. S. van Doorn1

Bacteria release and sense small molecules called autoinducers in a process
known as quorum sensing. The prevailing interpretation of quorum sensing is
that by sensing autoinducer concentrations, bacteria estimate population
density to regulate the expression of functions that are only beneficial when
carried out by a sufficiently large number of cells. However, a major challenge
to this interpretation is that the concentration of autoinducers strongly
depends on the environment, often rendering autoinducer-based estimates of
cell density unreliable. Here we propose an alternative interpretation of
quorum sensing, where bacteria, by releasing and sensing autoinducers, har-
ness social interactions to sense the environment as a collective. Using a
computationalmodel we show that this functionality can explain the evolution
of quorum sensing and arises from individuals improving their estimation
accuracy by pooling many imperfect estimates – analogous to the ‘wisdom of
the crowds’ in decision theory. Importantly, our model reconciles the
observed dependence of quorum sensing on both population density and the
environment and explains why several quorum sensing systems regulate the
production of private goods.

Quorum sensing is a process whereby bacteria synthesize small
molecules known as autoinducers that are either passively or actively
released into the extracellular space. These molecules accumulate
extracellularly and their concentration is sensed by bacteria via spe-
cialized receptors. Upon reaching a threshold concentration, auto-
inducers trigger cascades of signal transduction which are well
described in many bacterial species and regulate processes such as
biofilm formation, virulence, competence and sporulation1–3.

Despite the detailed understanding of the molecular mechanisms
underlying various quorum sensing systems, the adaptive value and
evolutionary origin of quorum sensing are less understood4,5. The
prevailing functional interpretation of quorum sensing states that
bacteria engage in releasing and sensing autoinducers to monitor
population density. This would ensure that individuals express
quorum sensing-regulated traits only when there is a sufficiently high
number of other individuals also expressing them (hence the term
‘quorum’)2,3. However, this explanation is based on two premises that

have been challenged in light of accumulating evidence on the diver-
sity and complexity of quorum sensing systems.

The first premise is that the benefit that an individual gains from
expressing a quorum sensing-regulated trait increases with population
density. There is evidence of this idea in systems where quorum sen-
sing controls the production of ‘public goods’ (e.g. extracellular pro-
teases). In this context, secreting costly molecules is more efficient if
other cells engage in the same behavior and thus the benefit of upre-
gulating these traits increases with the number of cells6. However, in
other systems quorum sensing primarily regulates the expression of
‘private’ functions such as competence or persistence that are not
sharedwith other individuals3,7–9. Since private functions -unlike public
goods- can be beneficial for a cell regardless of the number of neigh-
boring cells expressing them, it is less clear why bacteria should reg-
ulate these functions by monitoring population density.

The second premise is that bacteria can reliably estimate
population density by sensing local autoinducer concentrations.
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This assumption has been notably challenged by studies in different
quorum sensing systems demonstrating that the relationship between
cell density and the concentration of autoinducers can be contingent
on environmental conditions. The best-known environmental factor
mediating this relationship is the diffusivity of the extracellular envir-
onment. For instance, at sufficiently low diffusivity, autoinducer con-
centrations can result in the quorum for quorum sensing induction to
be a single cell10. These and other observations led to the ‘diffusion
sensing’ hypothesis, which states that bacteria release autoinducers to
test environmental diffusivity and regulate the secretion of costly
molecules into the extracellular environment11. This hypothesis was
later reformulated as ‘efficiency sensing’ to acknowledge that bacteria
cannot disentangle local cell density from environmental diffusivity
using the concentration of autoinducers but instead rely on both fac-
tors to determine the efficiency of producing costly diffusible mole-
cules. Nevertheless, emphasizing diffusion as the main functional
driver of quorum sensing likely underestimates the complexity of
quorum sensing regulation given that many other factors such as pH,
oxygen and antibiotic stress can influence quorum sensing as well12–14.
An alternative,more integrative perspective acknowledges that several
biotic and abiotic factors regulate quorum sensing systems and that
responding to a combination of these factors rather than to a single
one better explains the functional role of quorum sensing for bacteria
in nature4,14,15.

If quorum sensing is indeed an adaptivemechanism to respond to
a combination of abiotic and biotic environmental factors, this raises
the question of why bacteria would evolve to employ collective sen-
sing of environmental information over direct individual sensing. Here
we propose that bacteria benefit from regulating gene expression
through quorum sensing because cell-to-cell communication allows
individuals to collectively determine the state of the environment by
pooling information at spatially relevant scales. This in turn enables
them to make more reliable decisions about when to upregulate the
expression of quorum sensing-controlled traits. According to this
hypothesis, cells sense their environment using various mechanisms
and encode this information in the rate of autoinducer production - an
assumption supported by observations frommultiple quorum sensing
systems13,14,16–20. Then, by secreting autoinducers and monitoring their
extracellular concentrations, cells can share private estimates of
environmental conditions and gain access to a ‘pooled’ estimate of the
environment – analogous to the “wisdom of crowds” in decision the-
ory, whereby noise in individual estimates of the environment pro-
motes the use of group consensus21,22. This hypothesis is not exclusive
with the prevailing paradigm that bacteria use quorum sensing to
coordinate gene expression at high cell densities. Nevertheless, we
show here that the benefits derived from collective sensing are suffi-
cient to explain the evolution of quorum sensing.

Results
Model
We study the evolution of quorum sensing in fluctuating environ-
ments, where the estimates of environmental conditions by individual
bacteria are noisy. Our model assumes the simplest possible internal
network of feedback regulation (Fig. 1a), whereby a gene product A
promotes its own transcription (Methods). We parametrize this simple
positive feedback network such that there are two possible stable
states: an ‘OFF’ state where A is expressed at a low basal level, and an
‘ON’ state where A is expressed at a higher level than in the OFF state
(Fig. S1 and Methods). This is an approximation of systems where
bacteria use quorum sensing to modulate all-or-nothing programs of
gene regulation that control decisions such as sporulating or becom-
ing competent or virulent23–26.We assume thatbacteria can exchangeA
with the extracellular environment by passive diffusion through the
cellular membrane, which is how quorum sensing works in many
Gram-negative bacteria that do not have dedicated transporters for

quorum sensing signals27. Hence, A acts both as a product of the gene
regulatory network and as a quorum sensing signal.

In order to studyhowcommunication evolves inourmodel, we let
bacteria evolve a parameter c that sets the rate of passive diffusion ofA
through the cellmembrane. This parameter determines themembrane
permeability toA and thus the degree of communication between cells
(e.g. when c =0, a cell does not share or receive any information from
other cells). In nature, membrane permeability depends in part on the
biochemical properties of autoinducers and can change because of
variations in autoinducer length or molecular structure, as well as by
the evolution of active mechanisms for autoinducer secretion or
transport (e.g. carrier proteins)28–30.

We simulate a population of bacteria inhabiting a two-
dimensional grid over which A diffuses with diffusion rate constant
D. Bacteria evolve through a series of environmental cycles that fluc-
tuate randomly between two equally probable alternative states, EOFF
and EON (Fig. 1b). In each environmental state there is an optimal level
of A expression for all individuals in the grid: while EOFF favors bacteria
that do not express A, EON favors bacteria with high levels of expres-
sion. For instance, EON could correspond to an environment where A
activates an adaptive program to cope with stress (e.g., competence).
Activating such a program would not be useful in the absence of the
stressor (EOFF) and thus bacteria would benefit from switching off the
production of A in this context (see Table 1 for examples of EON
environments in several quorum sensing systems). At the end of each
environmental cycle the performance of an individual is calculated as
the absolute difference between the value ofA and the current optimal
expression level, either AON for EON or AOFF for EOFF, averaged over the
cycle duration. This value is then used to compute individual fitness
using a sigmoidal function such that cells are penalized for errors in
determining whether the environment is in the ON or OFF state, but
not for small numerical deviations from the optimal value of A when
c =0 (see Fig. S2 andMethods). Importantly, we assume thatmatching
the state of the environment is the only factor that determines the
fitness of a cell. In nature, bacteriamight benefit from estimating other
quantities from the concentration of autoinducers in addition to the
state of the environment (e.g. population density), but we purposely
left these aside to focus on the role of collective sensing on driving the
evolution of quorum sensing.

Reproduction occurs at the end of each environmental cycle and
cells are selected to reproduce with a probability proportional to their
fitness. Reproducing cells are sampledwith replacement, andoffspring
are collected until their total number is sufficient to replace the par-
ental generation and fully repopulate the grid. As a consequence,
population size remains constant, generations are non-overlapping
and individuals can have multiple descendants in the next generation.
Upon cell reproduction, c mutates with probability µ, resulting in c
increasing or decreasing with equal probability by a fixed step size δ
(subject to the constraint that c ≥0). Finally, daughter cells are placed
in the nearest location available to the position of their parent.

Exchanging A with the extracellular environment provides cells
with information on the initial extracellular concentration of A, which
could potentially be beneficial if this concentration is informative of
the current environmental state. To prevent such benefits (which do
not result from cell-cell communication) from biasing the outcome
towards the evolution of high c, we implement initial conditions for the
extracellular concentration of A that are uninformative to cells. In
particular, we assume that, for each generation of cells, the initial
concentration of A is sampled independently for each grid cell from a
uniform distribution in the interval [0, AOFF +AON].

Finally, a key assumption of themodel is that bacteria can differ in
their individual estimates of the environment despite encountering
the same environmental regime and having the same internal gene
regulation network. Such phenotypic heterogeneity has been docu-
mented in several quorum sensing systems (e.g., bioluminescence in
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Vibrio, competence in Bacillus and virulence in Listeria) where actively
quorum-sensing isogenic populations contain subpopulations of cells
in anOFF state31,32. The origin of these phenotypic differences has been
partially attributed to stochastic events at the level of expression of
quorum-sensing-related molecules, in particular of autoinducers,
response regulators, and proteins involved in the cascades of quorum
sensing regulation32–36. In our model, this cell-to-cell variation is cap-
tured by assuming that at the start of an environmental cycle each
bacterium makes an individual estimate of the state of the environ-
ment that is reflected in its internal A concentration. We implement
this by letting bacteria sample their internal A concentration from a
(truncated) normal distribution whose mean is the optimal level of A
expression in the current environment (either AON or AOFF). Sampling
from a distribution reflects the assumption that bacterial estimates of
the current environment are noisy (to an extent quantified by the
variance in the distribution), due to some combination of environ-
mental unpredictability and intrinsic estimation errors.

The evolution of communication as a collective sensing strategy
Starting from a population where cells do not share information (c = 0
initially), we find that c increases over time and thus communication
readily evolves in the population (Fig. 2). Interestingly, although c
initially increases slowly, there are successive sweeps that lead to a
rapid transition towards higher values of c, followed again by a slower
increase. This occurs because (i) communication becomes beneficial
only after a minimum number of neighboring cells are exchanging
information (Fig. S3) and (ii) oncemost cells are coupled to each other
these benefits increase marginally with the mean value of c in the
population (Fig. S4). Specific features of these dynamics such as how
the advantage of collective sensing depends on the number of com-
municating cells or the speed at which selective sweeps occur in the
population, depend on the shape of the fitness function and the size of
the mutational step (Figs. S5 and S6). However, across different para-
meter values there is a consistent pattern of positive frequency-
dependent selection on communication and its eventual stabilization.

Fig. 1 | Model structure. a Internally, every cell has the simplest gene network of
positive feedback regulation,whereApromotes its own transcription. This network
is parameterized as a bistable system with two stable equilibria separated by an
unstable equilibrium in the midpoint between both (Fig. S1). Bacteria can also
exchange A with the extracellular environment by passive diffusion through the
membrane at a rate proportional to the evolvable parameter c. b At each timestep,
the intracellular concentration of A is updated for every cell, and the extracellular
concentration of A is updated according to a diffusion process with diffusion
constantDover the 2-D grid (bacteria occupy thewhole 2-Dgrid, butonly 3 cells are
shown for illustration). The sizes of the yellow halo illustrate different scenarios:
(bottom) a cell with c =0 that does not exchange A with the extracellular envir-
onment; (center) a cell that either has a low value of c or lives in an environment
where diffusivity D is low; (top) a cell with a high value of c, or that lives in an

environment with high diffusivity. c The environment experienced by each cell on
the grid fluctuates randomly between two states, EON and EOFF. In generations when
the environment is in the EON state, bacteria maximize their fitness by expressing A
at a high level, whereas in the EOFF state, fitness is maximal when A is produced at a
low basal level. The fitness of every cell is calculated at the end of every generation
as the difference between its level of expression of A and the optimal level of
expression given the environmental state, averaged over the entire generation.
d The grid is repopulated such that every individual has the chance of reproducing
with a probability proportional to its fitness and its descendants are placed at or in
adjacent locations to its position in the grid. This is illustrated for a single high
fitness parent and its offspring (fitness increases from green to white). The full grid
is repopulated every generation but for illustration only the offspring of one cell
is shown.
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We find that a series of conditions favor the evolution of quorum
sensing due to its collective sensing functionality. The first two are
related to model assumptions justified previously. First, collective
sensing is beneficial only if, on average, cells make an individual esti-
mate sufficiently close to the current state of the environment
(Fig. S7a). Thus, our model is consistent with a general principle of
decision theory known as the Condorcet Jury Theorem. This theorem
establishes that for a group of individuals using a majority-rule for
decision making, the chance of making the right choice increases with
the number of voters only if individuals make the correct choice more
often than the incorrect one37. Second, provided that on average
individual estimates of the environment are correct, increased noise in
the individual estimates of the environment facilitate the evolution of
collective sensing (Fig. S7b). By contrast, in the extreme scenario
where cells could determine the exact state of the environment on
their own, there would be no benefit of cell-to-cell communication as a
way to improve individual estimates of environmental conditions.

In addition to the previous conditions, we find that the evolution
of collective sensing is facilitated by two features of bacterial

interactions. First, in the absence of motility, the offspring of a bac-
terial cell is often located nearby in space. Our model shows that such
spatial placement of offspring accelerates the evolution of collective
sensing relative to random placement (Fig. 3a, c), a result that is con-
sistent with the considerable literature on the importance of spatial
structure in the evolution of collective behavior38–40. Collective
sensing evolves in our model, because the benefits of cell-to-cell
communication are accrued locally through successive environmental
generations. Dispersal frustrates this evolution, both in the source
habitat of the mother cell and in the target areas to which daughter
cells disperse.

Second, similar to dispersion of offspring relative to the parent
cell, environmental diffusivity also influences the evolution of collec-
tive sensing. However, unlike the monotonic negative effect of cell
dispersal, extreme low or high diffusivity hinders the evolution of cell-
to-cell communication (Fig. 3 and Fig. S8). On the one hand, in the
hypothetical scenariowhere there is no environmentaldiffusivity there
would be no exchange of information between cells, which in turn
would preclude the evolution of high c (Fig. S8). On the other hand,
highly diffusive environments tend to couple communicating bacterial
cells with many non-communicators, diminishing the benefit of local
assortment and slowing the evolution of communication (Fig. 3b, c).
Likewise, we find that collective sensing is facilitated if bacteria are in
moderately confined environments (Fig. S9). Otherwise, if the extra-
cellular volume is sufficiently large such that bacterial secretion of
autoinducers has little impact on extracellular autoinducer con-
centration, then cell-cell communication through autoinducer secre-
tion is not effective anymore.

Taken together, these results indicate that the evolution of col-
lective sensing is favored when bacterial cells interact locally.
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Fig. 2 | Evolution of quorum sensing as a collective sensing mechanism.
a Evolution of the communication parameter c across time in a single evolutionary
simulation. b Genetic composition of the bacteria located in a single arbitrary row
of the two-dimensional grid tracked through evolutionary time. Although few cells
with increased values of c emerge in the first 100 generations, they are mostly
surrounded by cells with c =0 and do not benefit from cell-cell communication. At
~500 generations, the number of cells with c >0 increases and there are successive
sweeps of higher values of c. cMean c (top) and mean population fitness (bottom)
across 2500generations in 200 replicate evolutionary simulations showing that the

rapid spread of communication through the population is associated with a rapid
increase in the benefit of collective sensing arising once there is aminimumdegree
of communication in the population. When the mean c exceeds 0.1, most cells are
communicating to the extent that they can correctly determine the state of the
environment andmeanfitness approaches 1.0. Thereafter, anddue to the sigmoidal
shape of the fitness function, evolving higher c has amarginal effect on fitness. The
gene regulatory network is parameterized as shown in Fig. S1 and the rest of
parameters are EOFF = 10, EON = 80, σOFF = 25, σON = 50, D =0.5, µ = 0.001, ∂ = 0.03,
s =0.8 and x = 20.

Table 1 | Examples of EON environments in different QS
systems

QS-regulated phenotype EON

Competence Antibiotic stress, DNA damage14,17,58,59

Sporulation Nutrient starvation, DNA damage7,60,61

Persistence Oxidative and antibiotic stress, high
temperature62–64

Metabolic rewiring Nutrient starvation65–68
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Collective sensing in spatially structured environments
The patterns identified so far occur in spatially homogeneous envir-
onments where the only spatial inhomogeneities are in the form of
differences in signaling among cells. How might our results be influ-
enced by realistic environmental gradients, similar to those generated
by abiotic or biotic processes? To answer this, we studied the role of
spatial heterogeneity in the evolution of communication by modeling
different degrees of intermixing of the environmental states EOFF and
EON. In each generation, the environmental state EOFF existed in one of
two spatial domainswith equal probability, and state EON existed in the
other. These spatial domains were generated using a stochastic spatial
pattern generator, where pixels of a grid preferably transition to the
state occupied by the majority of their neighbors (Methods). By run-
ning this generator for different numbers of steps starting from an
initial random configuration of the grid, we were able to generate
either fine or coarse-grained domains thatwere then used as a basis for
simulating environments with high and low heterogeneity, respec-
tively (Fig. 4).

When environmental structure is fine-grained, individuals are very
likely to interact with neighbors experiencing different environmental
regimes. As a result, they are exposed tomisleading information about
the state of the environment, which in turn impedes the evolution of
collective sensing (Fig. 4a). When there is coarse-grained environ-
mental structure, this effect also occurs at the spatial boundaries
between environmental states However, cell-cell communication is
still beneficial for cells in the center of the spatial domains since they
interact with other individuals experiencing the same environmental

conditions. Therefore, in contrast to environments with fine-grained
structure, collective sensing evolves more readily when spatial het-
erogeneity is low (Fig. 4b). Importantly, these findings are contingent
on the size of the interaction neighborhood (yellow halo, Fig. 4), which
is set by the rate of environmental diffusivity D. We illustrate this idea
by showing that in the same regime with low levels of spatial hetero-
geneity, high environmental diffusion can prevent the evolution of
communication by increasing the interaction neighborhood of cells
(Fig. 4c). High diffusion makes it more likely that any given cell is
communicating with others experiencing a different environmental
state, eroding the information contained in the external concentration
of A. Thus, when environments vary spatially, the evolution of collec-
tive sensing is also favored if bacteria interact at a local scale.

The dynamics of signal-negative cheaters
Finally, we asked whether collective sensing would evolve if there is a
cost for communication. In the baseline version of our model, where
cells must be able to produce autoinducers to be capable of
responding to the environment, a cost of communication will only
impede the evolution of collective sensing if it exceeds the benefit that
bacteria gain from correctly determining the state of the environment
(Fig. S10). However, in more complex quorum sensing systems, where
the autoinducer and the gene product under the control of quorum
sensing are not the same, it is conceivable that costs of communication
may induce the evolution of signal-negative cheaters that do not
communicate with the rest of the population but benefit from ‘listen-
ing’ to other cells.

Fig. 3 | Quorum sensing, local interactions and the role of environmental dif-
fusion. a Genetic composition of two populations (shown in the two-dimensional
50 × 50 grid) that start with a subpopulation of communicators (light blue, c =0.1)
surrounded by non-communicators (dark blue, c = 0) across 40 generations of
selection. In the top populations, the offspring of a cell is placed randomly on the
grid, whereas in the bottom populations, offspring occupy a position close to their
mother cell. Random placement of offspring leads to the extinction of commu-
nicating cells because bacteria with high c only benefit from collective sensing if
there are other communicators nearby. b Individual fitness values in two popula-
tions of non-communicators (c =0) that contain a subpopulation of commu-
nicators (c =0.1, shown by the red square). When environmental diffusion is low
(D =0.5), the subpopulation of communicators benefits from collective sensing,
whereas at high environmental diffusion (D = 50), communicating cells are coupled
with non-communicators and any fitness benefit of collective sensing disappears.

Fitness values are calculated after one generation in an EON environment. A similar
pattern is observed in an EOFF environment. cCumulative distributionof the time to
evolution of communication in three scenarios: (green) biologically-inspired sce-
nario presented in Fig. 2, where the offspring of a cell remain nearby and bacteria
interact locally; (red) same scenario as Fig. 2 except the offspring of a cell are
randomly placed over the spatial grid after reproduction; (blue) same scenario as
Fig. 2 except the rate D of diffusion in the extracellular environment is high so
bacteria have a long interaction range. 100 simulations are shown per condition
and we assume that communication evolves when the mean c exceeds 0.1 (Fig. 2c).
For all panels, unless indicated otherwise, parameters are as in Fig. 2. Note that the
evolution of collective sensing is further hindered if, in addition to high environ-
mental diffusion or random placement of the offspring, the mutational stepsize is
large; in either case, we failed to observe the evolution of collective sensing in 7000
generations for 50 replicate simulations with ∂ = 0.1.

Article https://doi.org/10.1038/s41467-023-37950-7

Nature Communications |         (2023) 14:3415 5



To explore the scope for the evolution of such cheaters, we
extended our model by incorporating a gene product P whose
expression determines fitness and is under the control of A (Fig. S11A).
In this way, A acts only as the autoinducer and signal-negative mutants
can arise without compromising their ability to express alternative
phenotypes in the two states of the environment. Simulations of the
extended model show that while signal-negative mutants have an
advantage in EOFF environments (i.e. when quorum sensing is not
needed), they produce insufficient P in EON environments, where they
rely on A from the extracellular environment to upregulate the
expression of P (Fig. S11B). While signal-negative mutants can com-
pensate for this deficiency by increasing the sensitivity of P expression
toA, their spread is eventually haltedbynegative frequency-dependent
selection (Fig. S11C). This occurs because signal-negative mutants do
not contribute to the extracellular concentration of A, which under-
mines the effectiveness of collective sensing in their local neighbor-
hood. Accordingly, the rise of signal-negative mutants is also limited
when environmental diffusivity is low, which further contributes to the
stability of collective sensing against the evolution of cheating.

Discussion
Our model shows that quorum sensing could have evolved solely as a
result of its collective sensing functionality, without a benefit resulting
from the coordinated action among cells. This functionality can
explain why several environmental parameters exert a tight control
over the rate of autoinducer production across different quorum
sensing systems. Moreover, it offers an alternative explanation as to
why bacteria use quorum sensing to regulate the expression of

‘private’ functions which has been previously interpreted as a strategy
to stabilize public good-mediated cooperation9,41. Importantly, that
bacteria engage in collective sensing does not preclude that cells also
benefit from coordinated action6,42 and in principle both mechanisms
could operate simultaneously in the same quorum sensing system and
be relevant for the regulation of private and public functions,
respectively.

We assume a very simple network of gene regulation with a single
component A that diffuses passively through the cell membrane and
acts both as the autoinducer and the end product under quorum
sensing control. In nature quorum sensing architectures are more
complex and contain several components that couldpotentially reflect
the state of the environment. For instance, antibiotics trigger compe-
tenceby upregulating the expression of the entire com operon14,17. This
operon includes genes responsible for the machinery of autoinducer
production and export as well as for a histidine kinase and response
regulator comprising the autoinducer receptor complex. While other
environmental variables can have more targeted effects involving the
up or downregulation of only specific components of a quorum sen-
sing system, these effects would have to be reflected in the rate of
secretion of autoinducers into the extracellular space for collective
sensing to work.

Two basic features of bacterial interaction networks could have
facilitated the evolution of cell-cell communication for collective
environmental sensing. First, when a bacterium divides, its daughter
cell often remains close in space. This feature not only protects
quorum sensing from cheater invasion via a kin selection
mechanism43,44, but as shown here also facilitates the emergence of
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Fig. 4 | Evolutionof quorum sensing in spatially heterogeneous environments.
a (Top) Example of the spatial domains (green vs. gray reflecting EOFF vs. EONor vice
versa) featuring contrasting environmental states in a single evolutionary simula-
tion with high spatial heterogeneity. The yellow halo represents the neighborhood
of interaction of a focal cell; the size of this neighborhood depends on the rate of
environmental diffusivity D. (bottom) Mean c across 4000 generations in 100
replicate evolutionary simulations with high spatial environmental heterogeneity.
The evolution of cell-to-cell communication is hindered because communicating
cells receive conflicting information from individuals experiencing a different
environmental state. Panel (b) (top and bottom) shows results for a scenario with

low environmental heterogeneity. Cell-to-cell communication evolves in all simu-
lations. Panel (c) (top) reflects a scenario with low spatial heterogeneity and a high
rate of environmental diffusivity (D = 50), as illustrated by the large size of the
yellow halo. Despite coarse spatial heterogeneity, high diffusion increases the
coupling between cells experiencing different environmental states, generally
undermining the information value of the external autoinducer signal. As a result,
cell-to-cell communication evolves in only a fraction of the simulations (bottom)
and takes on average longer to evolve than in a spatially homogeneous environ-
ment. For all panels, unless indicated otherwise, parameters are as in Fig. 2.
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sufficiently large clusters of communicators for collective sensing to
be beneficial. Second, bacterial interactions occur over short spatial
ranges, on the order ofmicrons for certain quorum sensing systems as
reported recently45–47. We show here that this feature of bacterial
communication could have favored the evolution of collective sensing
because emergent communicators (i) are often coupled to their
communicating offspring (Fig. 3) and (ii) avoid long-range interactions
with cells located in different microenvironments that could share
deceptive information (Fig. 4).

One of the main obstacles in explaining the evolution of quorum
sensing is how this process remains stable in the presence of cheaters.
In the context of collective sensing, mutants that do not respond to
autoinducers would not have a fitness benefit because private func-
tions cannot be outsourced to neighboring cells. However, collective
sensing could be prone to the evolution of signal-negative mutants
that cheat and do not share information but only listen to others. We
found that these mutants have a disadvantage in environments that
require upregulation of quorum sensing because they rely exclusively
on autoinducers produced by other cells whichmight not be sufficient
for full or timely quorum sensing activation. Moreover, even if these
cheaters were to compensate for such deficiency by becoming more
sensitive to autoinducers, they are subject to negative-frequency
dependent selection and have a limited advantage when there is low
diffusivity of autoinducers in the extracellular space (Fig. S11). Since
the cost of erroneous decisions regarding the state of the environment
is likely higher than the cost of producing autoinducers,we expect that
these different mechanisms will limit the evolution of signal-negative
cheaters. Importantly, this further emphasizes that the local nature of
bacterial interactions could have favored the evolution of collective
sensing and is consistent with previous observations from several
quorum sensing systems48,49.

Collective sensing has been proposed as a mechanism for
decision-making in other systems resulting from social interactions
among individuals with simple behavioral rules21,50. A notable instance
in several animal species is “the wisdom of crowds”, where individuals
can improve estimation accuracy by aggregating their separate esti-
mates of the environmental state. Examples of this phenomenon range
from nest-site choices by ant colonies51,52, to foraging decisions by fish
schools53 and even medical diagnostics in humans54,55. Although bac-
teria do not possess the complex sensing, cognition and feedback
mechanisms found in social animals and humans, our work shows that
the same collective functionality can arise with simple gene regulation
networks and could have driven the evolution of quorum sensing as
one of the most widely used communication systems in bacteria.

Methods
We study the evolution of cell-to-cell communication in a bacterial
population encountering varying environments. The phenotype of a
cell is determined by a simple network of positive regulation where a
gene productApromotes its own transcription (Fig. S1).Wemodel this
positive feedback by assuming that the transcriptional regulation of A
follows standard Hill kinetics. Bacterial cells inhabit a two-dimensional
grid of size N × N where they can communicate with other cells by
exchanging A with the extracellular space. A is exchanged by passive
diffusion with a diffusion constant c. Based on these assumptions the
systemof equations describing the intracellular concentrationofA and
extracellular concentration, AE, in a single grid space is

dA
dt

=
k0 + k A=K

� �n

1 + A=K
� �n + c AE�A

� ��d A ð1Þ

dAE

dt
=αc A� AE

� �
+D∇2AE ð2Þ

where k0 is the basal rate of A production when the promoter is not
bound to anymolecule of A, k is themaximal production rate, K is the
dissociation constant, n is the degree of cooperative binding, d is the
rate of degradation of A, α is the ratio between the intra and extra-
cellular volume and D is the rate of diffusion of A in the extracellular
space. Besides passive diffusion through the membrane, the intra-
cellular concentration of A is determined by a production term that
reflects cooperative binding of A (which is characteristic of many
autoinducers) and a degradation term that accounts for factors such
as dilution of autoinducers due to cell growth and intracellular
enzymatic degradation. Since most QS systems exhibit bistability we
choose parameter values that result in two stable states at a high and
low concentration of A when c =0 (Fig. S1). These parameter values
are n = 3, K = 50, d = 0.3, k0 = 2.9 and k = 29. Every generationwe solve
the previous system of equations for a fixed number of time steps
T = 100 and calculate fitness at the end to determine which indivi-
duals will leave offspring in the next generation. We model external
diffusion of the autoinducer by applying a gaussian diffusion kernel
over the grid containing the values of AE and assume periodic
boundary conditions. The default values for D and α are D = 0.5 and
α = 1. However, since these parameters govern the extracellular
dynamics of A, we vary them throughout themanuscript to study the
role of local interactions on the evolution of collective sensing (see
Figs. 3, 4, S8, S9 and S11).

Fitness calculation and reproduction
In every generation a bacterial population faces one of two possible
environmentswith equal probability. Eachenvironment has an optimal
expression level of A, denoted by AOFF or AON. AOFF and AON are set at
the stable equilibria of the bistable system when c =0 (Fig. S1). At the
start of a generation all cells sample their initial intracellular value of A
from a truncated normal distribution with mean either AOFF or AON

depending on the environment and standard deviation σOFF or σON.
The fitness of a cell is determined by how well its intracellular A con-
centration matches the state of the environment throughout the
duration of a generation. The fitness function is,

w 4A

� �
=

1
1 + esð4A�xÞ ð3Þ

where s determines the strength of selection, 4A =
1
T

PT
t = 1jAt � AONj

(i.e. the average difference over the T time steps between A and the
optimal level ofA expression in the current environmental state, in this
example EON) and x is the the midpoint of the sigmoid curve. In all
simulations we set s =0.8 and x = 20. For this choice of parameters w
has a sigmoidal shape that strongly penalizes cells that are in the non-
optimal phenotypic state but not cells that slightly deviate from the
optimal expression levels (Fig. S2). Lower values of s result in flatter
fitness functions that impose a lower selective pressure on correctly
determining the state of the environment. As a result, collective
sensing becomes less profitable with lower s (see Fig. S5).

At the end of every environmental cycle the fitness of each cell is
calculated and the entire grid is repopulated by sampling with repla-
cement NxN individuals. The probability that an individual is chosen
for reproduction equals to its fitness normalized by the total fitness of
the population. Upon reproduction, the algorithm for creating and
placing the offspring of a cell in the new grid is the following,
1. Draw a random number to determine if c mutates. If c mutates,

draw an additional random number to determine whether the
new value of c is c + ∂ or c-∂. If c-∂ < 0, c does not mutate.

2. Calculate the euclidean distance of the mother cell to all other
cells in the grid.

3. Place the new cell in the closest grid cell to the mother cell that is
still empty.
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This algorithm is applied to the NxN vector containing the coor-
dinates of all the cells that will reproduce and it ensures that the off-
spring of a cell remains close to the location of its mother cell. In
simulations where the offspring of a cell is randomly placed on the two
dimensional grid, the grid is filled by rows in the order that cells appear
in the NxN vector.

In order to model the evolution of collective sensing when com-
munication is costly (see Fig. S10), we assume that the fitness function
is given by,

w 4A

� �
e�γc ð4Þ

where γ ≥0 sets the extent bywhich fitness is reduced by c. Thus, while
γ = 0 corresponds to the original model where communication is not
costly, for values of γ > 0 cells are increasingly penalized for having
higher values of c.

Spatial heterogeneity
We model spatial variation by using an Ising model56 to establish the
initial configuration of the environment. Using this model we can vary
the scale of spatial heterogeneity from a random configuration to a
homogeneous grid. In two dimensions, this model consists of a grid
where cells can be in two possible states (−1 or +1). The total energy of
the system is determined by whether neighboring cells are in the same
or in a different state and is given by,

E = � J
X

<ij>
sisj ð5Þ

where <ij > denotes all the pairs of neighboring cells, sx is the state
of the grid cell x and J determines the sign of the interaction. We
assume that J > 0 so over time the system converges from a random
configuration to a configuration where all the cells have the
same state.

Starting from a random configuration where each grid cell is
assigned to either of the two states with equal probability, we simu-
lated this model using a Metropolis Monte Carlo algorithm for I
number of iterations57. Briefly, at each iteration a grid cell is selected at
randomand its state isflipped. If the energy of the new configuration is
lower than the energy of the old configuration the change in state is
accepted and the state of the cell is flipped. If ΔE ≥0, the state of the
cell can still be flipped with probability e�ΔE=ST , where ST is a scaling
constant which is set to ST = 0.1 in all the simulations. In each iteration,
this is repeated NxN times. Over time, the grid configuration will
becomemorehomogeneous until eventually all the grid cells are in the
same state after many iterations.

For each simulation run, we first determine the spatial config-
uration of the NxN grid by running the previous algorithm for a fixed
number of I iterations. By increasing Iwe can vary the degree of spatial
heterogeneity in the model from high (I = 5) to low heterogeneity
(I = 55) as done in Fig. 4. We use the resulting grid configuration
composed of the two states, −1 and +1, to determine the state of the
environment in each grid cell every generation. At the start of each
generation, a random number is drawn to assign the environmental
states to the grid states. EOFF and EON are assigned togrid cells−1 and+1
or vice versa with equal probability every generation. Each bacterial
cell samples an initial intracellular A concentration from a distribution
whose mean is determined by the environmental state in the grid cell
inhabited by the bacterium.

Signal-negative mutants
We extended our model to study the dynamics of signal-negative
mutants by assuming thatA controls the expression of a product P that
determines fitness (Fig. S11). We assume that the production/degra-
dation dynamics of P is the same as of A so fitness is calculated in the
same way as in the original model by comparing the internal

concentration of P to an optimal value given by the current environ-
mental state. P does not diffuse through the cell membrane, so its
dynamics is governed by the following equation:

dP
dt

=
k0 + k A=K

� �n

1 + A=K
� �n � d P ð6Þ

For cooperative cells that produce and sense the autoinducer A,
the equations for A and AE are (1) and (2). For signal-negative mutants,
the equation for AE is (2) but there is no production of A. Thus, the
concentration of A in these cells is only affected by diffusion through
the membrane and intracellular degradation, such that its dynamics is
given by

dA
dt

= c AE � A
� �� d A ð7Þ

Finally, we assume that the fitness of cooperative cells is
reduced by a fixed factor due to the production of A. Since we study
the fitness advantage of signal-negative mutants emerging in a
population of cooperative cells, we refer to the latter as wildtype
(see Fig. S11).

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

Data availability
All data can be generated by running the available code.

Code availability
The Python code used for the simulations is available at Zenodo
(https://doi.org/10.5281/zenodo.7799906).
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