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Probing patterning in microbial 
consortia with a cellular automaton 
for spatial organisation
Sankalpa Venkatraghavan1,2,4, Sathvik Anantakrishnan1,2,4 & Karthik Raman1,2,3*

Microbial consortia exhibit spatial patterning across diverse environments. Since probing the self-
organization of natural microbial communities is limited by their inherent complexity, synthetic 
models have emerged as attractive alternatives. In this study, we develop novel frameworks of 
bacterial communication and explore the emergent spatiotemporal organization of microbes. 
Specifically, we built quorum sensing-mediated models of microbial growth that are utilized to 
characterize the dynamics of communities from arbitrary initial configurations and establish 
the effectiveness of our communication strategies in coupling the growth rates of microbes. Our 
simulations indicate that the behavior of quorum sensing-coupled consortia can be most effectively 
modulated by the rates of secretion of acyl homoserine lactones. Such a mechanism of control 
enables the construction of desired relative populations of constituent species in spatially organized 
populations. Our models accurately recapitulate previous experiments that have investigated pattern 
formation in synthetic multi-cellular systems. Additionally, our software tool enables the easy 
implementation and analysis of our frameworks for a variety of initial configurations and simplifies 
the development of sophisticated gene circuits facilitating distributed computing. Overall, we 
demonstrate the potential of spatial organization as a tunable parameter in synthetic biology by 
introducing a communication paradigm based on the location and strength of coupling of microbial 
strains.

Natural microbial communities exhibit spatial organization in numerous niches. Examples include methanogens 
in mesophilic and thermophilic sludge  granules1, archaea in methane seep  sediment2, nitrifying bacteria in 
soil  aggregates3, kelp  microbiota4, and the plant  rhizosphere5. In addition, spatial patterning is observed in the 
human gut, oral, and skin microbiomes, where it is hypothesized to have functional  consequences6–8. The study 
of organization in these natural microbial communities is limited by the inherent complexity of the system and 
variable physicochemical conditions. This has driven the design of synthetic  communities9,10 and other ex vivo 
 methods7 to investigate patterning.

Advances in the field of synthetic biology have led to the development of functional systems composed of 
connected modular  elements11. A key feature of these systems is the interaction between modules that can be 
intracellular or intercellular. For example, these interactions are intracellular in gene circuits programmed to 
induce apoptosis in cancer  cells12 and intercellular in engineered mutualistic yeast  strains13. A significant chal-
lenge in building complex genetic circuits is the cross-talk that arises while reusing different circuit components 
within a cell. The distribution of genetic circuits across cells in stable microbial consortia is a strategy used to 
tackle this  challenge14,15. However, such compartmentalization across cells requires engineering targeted channels 
of communication between the cells. In such forms of distributed computing, cellular communication could be 
optimized by employing spatial organization as a tunable  parameter16.

In this study, we introduce novel frameworks of bacterial communication and explore the emergent spa-
tiotemporal dynamics of microbial consortia. Numerous mathematical models have been developed to study 
growth in two-dimensional microbial communities, as reviewed  previously17. To explicitly account for spatial 
heterogeneity, we employ a cellular automaton scheme that has previously been used to model single-species 
biofilm  growth18, multispecies biofilm  growth19, fungal  branching20, bacterial colony  morphologies21, yeast colony 
 morphologies22 and colonization of surfaces by  bacteria23.
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Our communication paradigms serve as powerful tools to probe the self-organization of microbes. These 
versatile paradigms, implemented in the form of cellular automaton models, are employed to characterize the 
growth dynamics of microbial communities from arbitrary initial configurations. We established the biophysi-
cal validity of our models by recapitulating experimental data and identified optimal parameters to tune spatial 
organization through numerical simulations that have shed light on the parameter space. Benchmarking our 
communication frameworks against well-established models has highlighted their effectiveness in coupling 
bacterial growth rates. Together, these results provide a solid theoretical basis for understanding spatial pat-
terning in microbial consortia.

Results
Our key results are five-fold. First, we developed a quorum-sensing mediated communication framework for 
synthetic microbial consortia. Second, we employed a diffusion scheme that accurately reproduced programmed 
pattern formation in synthetic multicellular systems. Third, we tested the functionality of the model over a wide 
range of experimentally tractable parameter values using an in silico  preferential growth assay. Next, we identi-
fied a key parameter to modulate patterning in microbial consortia. Finally, we quantified the performance of 
our quorum sensing-mediated communication strategy and compared its performance to that of a commonly 
employed metabolite-mediated communication strategy.

Design of quorum sensing-mediated models of communication. We developed stochastic agent-
based cellular automaton models to investigate principles that govern the spatial organization of microbial con-
sortia. Synthetic quorum-sensing systems with modular components facilitate the coupling of gene expression 
in any two  organisms24. Our models of quorum sensing-mediated communication were characterized using 
synthetic two-strain and three-strain E. coli communities. Genetically modified E. coli strains were ideal for our 
simulations as E. coli is a well-established model organism with high-quality genome-scale metabolic models 
(GSMMs) and an experimentally validated library of modular quorum-sensing tools. The framework thus estab-
lished is extensible to all microbes, enabling the study of consortia comprising multiple species.

The quorum sensing-mediated models (QSMMs) comprise coupled E. coli strains that constitutively syn-
thesize and secrete acyl homoserine lactones (AHLs). As depicted in Fig. 1A, AHLs secreted by each strain 
activate gene expression in the coupled strain by inducing a complementary quorum promoter. The strains only 
differ in terms of the AHLs they produce and the genes driven by the quorum-sensing promoter. Each strain 
experiences a fitness advantage proportional to its proximity to its coupled strain resulting from the induction 
of genes downstream of the quorum promoter. Gene expression due to quorum sensing is considered to be a 
Boolean process gated by an AHL concentration threshold, consistent with experimental  data24. This allows for 
the coupling of multiple strains in a microbial consortium through quorum sensing-driven communication and 
gene expression. An orthogonal coupling paradigm is employed in our multistrain models (Fig. 1B).

Figure 1.  Schematic representation of the genetic circuit designed to implement the quorum sensing mediated 
model (QSMM) for coupling bacterial strains using acyl homoserine lactones (AHLs) and quorum sensing 
module pairs. (A) Strain 1 secretes 3OC8-HSL that causes gene expression in Strain 2 by activating TraR. 
Strain 2 secretes pC-HSL, which in turn causes gene expression in Strain 1 by activating RpaR. (B) Orthogonal 
coupling between six strains indicates how this paradigm can be extended to study any microbial community of 
interest. AHLs N-butanoyl-l-homoserine lactone (C4-HSL), 3-oxohexanoyl-homoserine lactone (3OC6-HSL), 
N-3-oxo-octanoyl homoserine lactone (3OC8-HSL), N-3-oxododecanoyl homoserine lactone (3OC12-HSL), 
N-(3-hydroxy-7-cis-tetradecenoyl)-l-homoserine lactone (3OHC14-HSL), and p-Coumaroyl-homoserine 
lactone (pC-HSL) are represented by triangles, hexagons, pentagons, octagons, circles, and spiked circles, 
respectively. Figure created using BioRender.
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Consider the strains depicted in Fig. 1A. Both Strain 1 and Strain 2 have a defined intrinsic base fitness. The 
secretion of 3OC8-HSL molecules by Strain 1 drives an increase in the fitness and, consequently, the rate of divi-
sion of cells of Strain 2 in the culture. Similarly, the secretion of pC-HSL molecules by Strain 2 drives an increase 
in the fitness of Strain 1 cells. In essence, the presence of an appropriate AHL molecule in the medium results 
in an increase in the fitness of each strain above its base fitness. It must be noted that 3OC8-HSL, secreted by 
Strain 1, has no effect on the fitness of Strain 1. Likewise, pC-HSL does not interfere with the fitness of Strain 2. 
This mechanism of mutualistic coupling increases each strain’s growth rate only in its coupled strain’s presence. 
Thus, the presence of both strains is required to complete the genetic circuit depicted in Fig. 1A. This model of 
preferential growth can be extended to multiple strains by orthogonally coupling them, as indicated in Fig. 1B.

The increase in fitness driven by quorum sensing is codified using our flux balance analysis (FBA)-based 
strategy. This method quantifies the contribution of genes driven by the quorum promoter to the fitness of a 
strain—defined in terms of its growth rate (“Methods”). This notion is formalized by measuring the reduction 
in growth rate with respect to the wild-type strain upon the deletion of each gene from a GSMM. We performed 
single-gene deletions in the E. coli iAF1260 model, and identified 27 non-lethal genes that resulted in reduced 
growth rates ranging from 30 to 90% (S2 Table). The genetic backgrounds of strains in our study are such single-
gene knockouts with reduced growth rates. Quorum sensing results in the re-expression of the knocked-out 
gene and rescues the wild-type growth rate. Therefore, a strain is expected to have a higher growth rate in the 
presence of its coupled strain.

We utilize the FBA-based strategy to define strains in our two-strain QSMM consisting of Strain 1 (blue) 
and Strain 2 (red), and a three-strain QSMM comprising Strain 1 (blue), Strain 2 (red), and Strain 3 (green). 
An orthogonal coupling strategy is employed in the three-strain model in which AHLs secreted by Strain 1 are 
sensed by Strain 3, those secreted by Strain 2 are taken up by Strain 1, and those secreted by Strain 3 induce gene 
expression in Strain 2. The initial values of all parameters in these strains are taken to be the same.

Model accurately reproduces patterning in synthetic multi-cellular systems. Our models 
of microbial growth were simulated on two-dimensional grids. We defined cell-blocks to be squares on the 
grid with an area of 10  mm2 containing approximately  108 E. coli  cells25. Each cell secretes AHLs at a rate of 
 10−8 nmol/h26. We modelled the secretion and subsequent distribution of AHLs in this grid using a Forward-
Time Central Space (FTCS) scheme of diffusion. Each time-step in our simulations is 10 min (“Methods”). In 
every step, an amount of AHL proportional to the amounts present in neighboring squares enters a given square 
in the grid. Consequently, AHL effluxes proportional to the amount present in a given square take place to each 
of its neighbors. The diffusivity of AHL is taken to be 8 ×  10−10   m2/s27. The decay of AHL molecules follows 
first-order kinetics with a rate constant of approximately 4.6 ×  10−4/min28. Similar schemes have previously been 
employed to model diffusion in two-dimensional microbial  cultures22.

We validated our model definition and diffusion scheme by replicating results from Basu et al.29. Basu et al. 
developed a band-pass filter in which fluorescent proteins are only expressed within a narrow AHL concentra-
tion range (0.01–0.2 µM). Their quantitative experiments were performed on a solid medium containing a lawn 
of “receiver” bacteria sensing AHLs emitted by a “sender” colony seeded in the middle. In approximately 36 h, 
a steady-state was reached in which cells fluoresced in a ring between 5 and 18 mm from the sender colony. We 
translated these experiments in the context of our model using a grid with a central “sender” cell-block sur-
rounded by a lawn of “receiver” cell-blocks. Only receiver cell-blocks exposed to AHL concentrations within 
the band-pass filter window fluoresce (Fig. 2A). The ring of fluorescence was tracked over time until a stable 
pattern was observed.

As seen in Fig. 2B, fluorescent gene expression was observed in a band spanning 3–18 mm (2–6 blocks) from 
the sender colony. The resolution of our coarse-grained model is 3 mm, which explains the minor discrepancy in 
the inner radius of the fluorescent ring. This stable pattern was achieved after 216 time-steps, corresponding to 
a period of 36 h, recapitulating experimental  data29. Additionally, we recreated several other patterns obtained 
from the qualitative experiments of Basu et al. by seeding sender colonies in different positions across the grid 
(Fig. 2C,D). These results substantiate the values of model parameters obtained from literature including the 
density of cell-blocks, the time-step, the rate of secretion of AHLs, the rate of degradation of AHLs, and the 
diffusivity of AHLs in agar gels.

Observation of coupling between strains over a wide range of experimentally tractable param-
eters. Next, we sought to establish that the strains in our models were coupled through quorum sensing-
mediated communication. At every time step during a run of our model, each cell-block divides into an empty 
neighboring square in the grid with a probability proportional to its fitness. The fitness of a cell-block depends on 
the concentration of the QS molecules secreted by its coupled strain at the cell-block’s location in the grid. At low 
concentrations of the appropriate AHL molecule, the fitness of a cell-block is its pre-defined base fitness. When 
the AHL concentration exceeds a specified threshold, the cell-block experiences a fitness gain, thus increasing 
the probability that it will divide in a given time step.

We designed a preferential growth assay to test the principle that strains have a higher growth rate proximal 
to their coupled strain. In this assay, cell-blocks consisting of a pair of coupled strains were seeded in parallel 
lines on a grid (Fig. 3A). The rates of proliferation of each strain towards and away from the coupled strain were 
measured. In the absence of coupling, it is expected that these rates will be nearly equal while the presence of 
coupling would increase the rate of proliferation of a strain towards its coupled strain.

The preferential growth assay was not only applied to our initial model set-up but was also used to test model 
functionality for experimental applications. To facilitate a systematic analysis, we chose to vary the param-
eters that are most amenable to experimental modification over a tractable range of values for one strain while 
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maintaining the default values for the coupled strain. The rate of secretion of AHLs from a cell can be modulated 
by driving the expression of AHL-synthesizing enzymes with promoters of different strengths. This parameter 
was varied from  10−12 to  10−9 nM/cell·min with a default value of 1.6 ×  10−10 nM/cell·min26. The threshold AHL 
concentration to induce gene expression was set between  10−1 and  104 nM, with a default value of 5  nM30. This 
parameter can be tuned by using different modular quorum sensing systems. The quorum sensing-induced fit-
ness gain can be adjusted by employing our FBA-based strategy to select appropriate strains. The default value 
of the fitness gain was 0.05, and it was varied over a range from 0.01 to 0.1 (“Methods”).

The number of cell-blocks of each strain that have proliferated towards and away from the coupled strain is 
visualized in Fig. 3C. The mean number of cell-blocks that have proliferated towards the coupled strain is higher 
for both Strain 1 and Strain 2 across all parameter values studied. We observed that for all three parameters 
studied (Fig. 3C, Supp. Figs. 1, 2), significant preferential growth is seen across the entire range being considered. 
This demonstrates the presence of significant coupling over all experimentally tractable ranges of parameters.

Figure 2.  Validation of the FTCS diffusion scheme for quorum sensing molecules. (A) A schematic 
representation of the simulation setup, with four sender cell-blocks secreting AHLs amidst a lawn of receiver 
cell-blocks that fluoresce when the local AHL concentration falls within a defined range (0.01–0.2 µM). (B)
Simulation results capturing the quantitative characteristics of the GFP bandpass filter described in Basu et al.29 
resulting in a band (shown in green) ranging from 3 to 18 mm from the sender colony (shown in red). (C) Four 
patterns were observed by Basu et al.29 by seeding sender colonies of different sizes in different configurations 
on a lawn of receiver cells. Panel reprinted by permission from Springer  Nature29. (D) Simulation results 
qualitatively reproducing the patterns shown in (C).
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AHL secretion rate optimally modulates the behavior of quorum sensing-mediated consor-
tia. We studied the behavior of coupled QSMM systems in the parameter space after establishing that strains 
in our models exhibit coupling across the range of experimentally tractable parameter values. For the two-strain 
model, a grid search was performed in which we varied the values of the rate of secretion of AHLs  (10−4 to 
 10−1 nM/cell-block·min), the quorum sensing threshold concentration  (10−1 and  104 nM), and the fitness gain 
(0.01–0.1) simultaneously. These parameters were varied for Strain 1 and kept constant at the aforementioned 
default values for Strain 2. Initially, four cell-blocks of each strain were seeded randomly on a grid and allowed 
to proliferate for 50 steps, corresponding to 500 min. The model was iterated 100 times and the mean numbers 
of cell-blocks of the two strains at the end of each simulation were computed and visualized in Fig. 3B and Supp. 
Fig. 3.

Figure 3.  A grid search and preferential growth assays reveal model behavior and stability across parameter 
space. (A) A schematic representation of the simulation setup for the preferential growth assay with cell-blocks 
of two coupled strains seeded in parallel lines. Coupling between the strains is expected to cause cell-blocks 
from one strain to proliferate toward the other. (B) A 3D plot depicting the variation in the number of cell-
blocks of a strain with respect to Strain 1’s rate of secretion of QS molecules, the gain in fitness, and the 
threshold concentration required to induce gene expression in the QSMM model with two strains. The color of 
each point in the plot corresponds to the strain with the higher number of cell-blocks, following the same color 
scheme as in (A), while its size is proportional to the difference between the number of cell-blocks of each strain. 
(C) Results of a preferential growth assay quantifying the number of cell-blocks of Strain 1 (above) and Strain 2 
(below) dividing towards (shown in color) and away from (shown in black) cell-blocks of the other strain with 
the rate of secretion of AHL molecules from Strain 1 being varied and the rate of secretion from Strain 2 kept 
constant at 1.6 ×  10−2 nM cell-block-1  min−1.
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Each point in Fig. 3B represents an average over 100 iterations of the model for a parameter set. The color of 
each point corresponds to the strain with a higher number of cell-blocks and its size is proportional to the differ-
ence between the number of cell-blocks of both strains. We observe that when the rate of secretion from Strain 
1 increases, the proportion of Strain 2 in the population increases. Strain 2 dominates when Strain 1’s threshold 
AHL concentration is very low, but this effect disappears at higher thresholds. Further, the effect of fitness gain 
was seen to be negligible. Together, these observations indicate that community behavior is most effectively 
tuned by modulating the rate of secretion. The inherent stochasticity in our models is reflective of the random 
processes that govern microbial growth and spatial patterning. While model insights are statistically significant, 
the precise role played by stochasticity remains to be elucidated. We anticipate that the effects of stochasticity 
will reduce over longer simulation times.

To obtain a more fine-grained picture of the above results, we varied each parameter individually for Strain 
1 over the same range with 4 cell-blocks initially seeded randomly on the grid and allowed to proliferate for 100 
steps (1000 min) for 100 runs of the model. These simulations were performed for the two-strain and three-strain 
models (Fig. 4). Consistent with the above results for the two-strain models, we notice that a higher rate of secre-
tion from Strain 1 led to an increase in the number of cells of Strain 2. Similar trends were observed in the case of 
the three-strain model. As expected, a higher rate of secretion from Strain 1 resulted in an increase in the mean 
number of cell-blocks of Strain 3 and no significant change in Strain 2. At very low threshold concentrations for 
Strain 1, the fraction of Strain 1 in the population was very high in both the two-strain and three-strain models. 
However, the populations of all strains rapidly converged to nearly equal values when the threshold was increased. 
This could be because the threshold values far exceed the AHL concentrations observed in the timeframe of the 
simulation, resulting in no strain experiencing a fitness advantage. Variation of the fitness gain upon quorum 
sensing shows no discernible trend, perhaps due to the stochastic nature of the processes involved. Therefore, 
we observe that among the parameters considered, tuning the rate of secretion of quorum sensing molecules is 
most advantageous for regulating consortium behavior.

Benchmarking the quorum sensing based coupling strategy. We have implemented quorum sens-
ing mediated communication between strains in a consortium, studied model behavior, and derived insights on 
tunable parameters. Conventionally, communication between microbial strains has been engineered through 
the creation of auxotrophic strains that exchange essential  metabolites13. To compare our models with other 
modes of engineering communication between strains we employ a metabolite-mediated model (MMM). In the 
two-strain MMM, each strain is an auxotroph that is incapable of producing an essential metabolite. Its coupled 
strain produces and secretes this metabolite, thereby facilitating its growth and proliferation. Thus, these auxo-
trophic strains cannot grow in the absence of their mutualistic counterparts. The diffusivity of metabolites is 
taken to be 5 ×  10−10  m2/s, which is the diffusivity of  maltose31. As this value is representative of the diffusivity of 
metabolites, our results are extensible to a broad range of common metabolites. For the MMM, the base fitness 
is set to zero, as a strain cannot proliferate in the absence of an essential metabolite.

To compare the strategies of coupling employed in the QSMM and the MMM, we performed preferential 
growth assays using two-strain models (Figs. 3A, 5). In both models, the mean number of cell-blocks of each 
strain proliferating towards its coupled strain was higher than that proliferating away from the coupled strain. 
This observation was statistically significant for both the QSMM and MMM. The fraction of each strain prolif-
erating towards the coupled strain in the MMM was an order of magnitude higher. Therefore, the strength of 
coupling was far greater in the case of the MMM. Nevertheless, our results indicate that the strength of coupling 
in the QSMM is significant and that this method can be used to engineer communication in consortia.

Discussion
In this study, we have designed a novel quorum sensing-mediated communication framework, modeled interac-
tions in synthetic microbial consortia, and harnessed this strategy to study spatial organization. We devised an 
FBA-based strategy to enable the coupling of growth rates of designer strains in a microbial community. Our 
models have facilitated the study of two-dimensional spatial patterning over a wide range of experimentally 
tractable parameter values. These simulations can be flexibly employed to characterize the growth dynamics of 
consortia with any arbitrary initial configuration. This work demonstrates the use of spatial organization as a 
tunable parameter in synthetic biology by engineering communication based on the location and strength of 
coupling of microbial strains. Engineering organization in synthetic microbial consortia has far-reaching applica-
tions. Controlling spatial patterning allows for the compartmentalization of different functional genetic circuits, 
which is an effective means of reducing both the biochemical crosstalk and the complexity of synthetic genetic 
circuits within each microbe. A direct consequence of this study is the ability to develop more sophisticated 
gene circuits for distributed  computing32,33. Additionally, our models can be built upon to study the behavior 
of natural microbial consortia. Therefore, our work enables the investigation of spatial patterning in natural 
microbial communities and provides a means to study population dynamics in consortia.

Our software tool is generalizable to any species in a consortium through the use of appropriate genome-scale 
metabolic models, growth rates, and AHL secretion rates. Similarly, diverse environments can be modeled by 
employing suitable diffusion coefficients and rates of small molecule degradation. In our models, we abstract the 
effect of the environment as a function of the properties of AHLs in the given medium in terms of diffusivity and 
degradation rates. In the context of our work, this allows us to study the organization of synthetic microbial con-
sortia in a controlled environment. Our work can provide initial insights into the role played by the environment 
in spatiotemporal control by simulating conditions that vary the diffusion coefficients and degradation rates of 
AHL molecules. However, directly extrapolating these insights to natural complex microbiomes remains limited 
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Figure 4.  Variation in model behavior obtained by varying a single parameter. (A, B) The populations of 
each strain in the (A) two-strain and (B) three-strain QSMMs with the rate of secretion of AHL molecules 
from Strain 1 being varied and the rate of secretion from the other strain(s) kept constant at 1.6 ×  10−2 nM/
cell-block/min. (C, D) The populations of each strain in the (C) two-strain and (D) three-strain QSMMs with 
the threshold AHL amount to induce gene expression in Strain 1 being varied and the threshold for the other 
strain(s) kept constant at 5 nM. (E, F) The populations of each strain in the (E) two-strain and (F) three-strain 
QSMM with the fitness gain due to QS-mediated gene expression in Strain 1 being varied and the fitness gain 
for the other strain(s) kept constant at 0.05.
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due to the inherent complexity of characterizing these  contexts34. That is, we are constrained by the availability 
of quantitative measurements in studying natural microbial communities.

In future work, our models can be built upon to integrate time-varying parameters capturing the cell division 
rates, fitness change, and environmental factors such as temperature and nutrient availability in natural environ-
ments to decode spatial organization. The impact of environmental flows on the transport of signaling molecules 
also remains to be investigated. We expect that our modeling approach, in concert with others that disentangle 
the effects of surface topology, cell morphology, and environmental interactions on microbial growth dynamics, 
provides a strong foundation for the engineering of spatiotemporal patterns in microbial  consortia35–38.

A limitation of our study is the confinement of coordinated growth dynamics to short length scales as a result 
of the boundaries imposed by the diffusion distances and diffusion times of the quorum sensing molecules. 
Consequently, the strength of coupling between strains is likely to reduce as over longer time scales as the con-
sortium grows. However, numerous microbial species are known to exhibit coordinated behaviors over long 
length  scales39. This coordination can be achieved through the use of positive feedback loops that amplify and 
propagate the effects of signaling molecules to ensure coordinated gene expression throughout the microbial 
 colony40,41. The incorporation of such positive feedback loops into the design of our distributed gene circuits 
could enhance the length scales over which we observe coupled growth dynamics.

A potential drawback of quorum sensing-mediated communication systems is the non-specific activation 
of downstream targets resulting from cross-talk. We envision the use of our models in conjunction with the 
computer-aided-design tool developed by Polizzi and co-workers, which facilitates the selection of orthogonal 
AHL systems from an experimentally validated library, resulting in reduced cross-talk24. An additional limita-
tion of our models is that they do not account for intercellular dynamics and thus cannot accurately recapitulate 
some temporal aspects of gene expression. The use of a cellular automaton scheme is advantageous for studying 
cellular dynamics as compared to differential equation-based models because it explicitly accounts for spatial 
heterogeneity. Due to the computational infeasibility of simulating the behavior of each cell in agent-based 
models, we employed a cell-block approximation. Cell-block size is defined to enable doubling within a single 
time-step, cell-block density is derived from experimental data, and the rates of secretion of small molecules are 
scaled appropriately. Together, these criteria ensure the physical validity of the approximation and reduce the 
computational complexity of simulating large consortia.

Overall, we show that the behavior of quorum sensing-coupled consortia can be effectively modulated by con-
trolling the rates of secretion of AHLs. This mechanism of control enables the construction of spatially organized 
populations with desired relative populations of constituent species. We performed a systematic evaluation of 
the communication strategy employed in the QSMM by benchmarking it against the MMM. Strains were found 
to be coupled in both models, but the strength of coupling was higher in the MMM. This can be understood 
intuitively as the MMM uses auxotrophic strains whose base fitness, in the absence of the mutualistic strain, is 
zero. In the QSMM, on the other hand, strains have a low but non-zero base fitness even in the absence of other 
strains. An essential component of engineered microbial consortia is the communication strategy employed. 
QSMM-based communication systems are modular and can be inserted into an organism in a plug-and-play 
manner. The QSMM offers a large repertoire of AHLs due to the availability of experimentally validated librar-
ies. The MMM, in contrast, is restricted by the number of metabolites that are essential and can be secreted and 
taken up by the microbes in the consortium, and due to the slow growth rates of certain auxotrophic  strains42.

In summary, we established versatile models, available as an easy-to-use MATLAB package, that enables the 
study of spatial patterning in microbial communities. They provide a theoretical basis to understand the self-
organization of microbes in consortia. A potential extension of our work is the development of tools to calculate 
initial seed configurations to arrive at specified patterns. Such a tool would provide predictive power to our model 

Figure 5.  Comparison of the strength of coupling. The strengths of coupling are determined in (A) the QSMM 
and (B) the MMM through quantification of the number of cell-blocks of a given strain that divide towards and 
away from the second strain in a two-strain model using the preferential growth assay. For the QSMM, p =  10−11 
for Strain 1 and p =  10−12 for Strain 2. For the MMM, p =  10−24 for Strain 1 and p =  10−23 for Strain 2.



9

Vol.:(0123456789)

Scientific Reports |        (2022) 12:17159  | https://doi.org/10.1038/s41598-022-20705-7

www.nature.com/scientificreports/

and allow experimentalists to generate patterns of interest. To conclude, our microbial communication strategy 
is scalable and facilitates the design of consortia for applications across distributed circuit design, designer 
microbiomes, and biofilm manipulation.

Materials and methods
Model framework. We implemented all models in MATLAB R2019b (Mathworks Inc., USA) using a two-
dimensional grid in which the nearest neighbors are considered as the four non-diagonally-adjacent squares. 
The replicating units in our models are defined as cell-blocks consisting of  108 cells to simplify  computation22. 
They are represented using classes that contain methods to identify empty neighboring blocks and simulate cell 
division. Cell-blocks of strains engineered with quorum sensing modules are seeded onto the grid in numerous 
user-defined configurations in our simulations. The diffusion of AHLs secreted by each strain is implemented 
using a Forward-Time Central-Space (FTCS)  scheme43:

where Ux,y,t is the concentration of the resource in the square at the coordinates (x, y) at time t, Δt is the time step, 
ΔL is the square length, and D is the diffusion constant for the resource. The degradation of these molecules is 
assumed to follow first-order kinetics.

Each strain is defined to have an intrinsic base fitness that increases upon gene expression due to quorum 
sensing. Cell division occurs probabilistically depending on the fitness of the cell-block. At each time step, the 
fitness of each cell-block is re-computed based on the local concentration of relevant AHLs. Thus, cell-blocks 
with higher fitnesses are more likely to divide. The model has been implemented for consortia consisting of two 
and three distinct E. coli strains but is readily extendable to microbial communities comprising both different 
species and more strains.

Strain design. The strains used in our quorum sensing mediated communication framework contain a sin-
gle gene deletion that results in a reduced growth rate compared to the wild type. Re-expression of a knocked-
out gene through quorum sensing restores the wild-type growth rate, which is modeled as an increase in the 
fitness of the cell-block.

Flux Balance Analysis (FBA) is a technique used to predict the growth rate and metabolic capabilities of cells 
using genome-scale metabolic  models44,45. Under conditions of steady-state mass balance, FBA predicts the 
growth rate of cells and possible flux states that correspond to maximum growth. Additionally, FBA can be used 
to characterize the phenotype of a cell following perturbations such as a gene  deletion46.

We used FBA to compute the growth rates, in the form of biomass production rates, of wild-type cells using 
Genome-Scale Metabolic Models (GSMMs). Our simulations are performed using the COBRA toolbox for 
 MATLAB47. Single gene deletions are simulated in silico and the growth rates of each knockout strain relative to 
the wild-type are quantified. Genes that resulted in a reduced growth rate, that is 30–90% of the wild-type growth 
rate, were shortlisted as candidate genes for further simulations. The reduced growth rates obtained were used 
to compute the base fitness of each strain. The wild-type fitness is defined as the time step per iteration divided 
by the generation time. This leads to the cell-block dividing once per generation time on average. The base fit-
ness is taken to be the wild-type fitness multiplied by the growth ratio, i.e., the ratio of the biomass production 
rate of the knock-out strain to that of the wild-type. The design of strains was facilitated by a library of pairs of 
AHL—quorum sensing modules with well-characterized threshold concentrations developed by Kylilis et al.24.

Software tool. Our models are available as a package at https:// github. com/ Raman Lab/ picCA SO. The 
E.  coli iAF1260 GSMM is the default genetic background of  strains48. Additionally, users have the option of 
simulating any microbial species by inputting its growth rate and corresponding GSMM. Following this, strains 
are designed with genes to be knocked out selected using the FBA-based strategy and with appropriate AHL—
quorum sensing module pairs selected by the user. The biophysical parameters of the chosen pairs are incorpo-
rated into the classes corresponding to the cell-blocks of each strain. Predefined seed cell-block configurations 
including arrangements in parallel lines, in a single file, at diagonally opposite corners of a square, in concentric 
circles, and in random distributions, are available for the user to select from. Further, provisions have been made 
for users to encode custom patterns of interest and analyze their dynamics.

Data availability
The models and code that support the findings of this study are available at https:// github. com/ Raman Lab/ 
picCA SO.

Received: 7 February 2022; Accepted: 16 September 2022

References
 1. Sekiguchi, Y., Kamagata, Y., Nakamura, K., Ohashi, A. & Harada, H. Fluorescence in situ hybridization using 16S rRNA-targeted 

oligonucleotides reveals localization of methanogens and selected uncultured bacteria in mesophilic and thermophilic sludge 
granules. Appl. Environ. Microbiol. 65(3), 1280–1288 (1999).

 2. Dekas, A. E., Chadwick, G. L., Bowles, M. W., Joye, S. B. & Orphan, V. J. Spatial distribution of nitrogen fixation in methane seep 
sediment and the role of the ANME archaea. Environ. Microbiol. 16(10), 3012–3029 (2014).

 3. Nishio, M. & Furusaka, C. The distribution of nitrifying bacteria in soil aggregates. Soil Sci. Plant Nutr. 16(1), 24–29 (1970).

Ux,y,t+�t = Ux,y,t + D
�t

�L2
(Ux−1,y,t + Ux+1,y,t + Ux,y−1,t + Ux,y+1,t − 4Ux,y,t)

https://github.com/RamanLab/picCASO
https://github.com/RamanLab/picCASO
https://github.com/RamanLab/picCASO


10

Vol:.(1234567890)

Scientific Reports |        (2022) 12:17159  | https://doi.org/10.1038/s41598-022-20705-7

www.nature.com/scientificreports/

 4. Ramirez-Puebla, S. T.et al. Spatial organization of the kelp microbiome at micron scales. Microbiome. 10, 52 (2022).
 5. Steidle, A. et al. Visualization of N-acylhomoserine lactone-mediated cell–cell communication between bacteria colonizing the 

tomato rhizosphere. Appl. Environ. Microbiol. 67(12), 5761–5770 (2001).
 6. Bouslimani, A. et al. Molecular cartography of the human skin surface in 3D. Proc. Natl. Acad. Sci. USA. 112(17), E2120–E2129 

(2015).
 7. Shrivastava, A. et al. Cargo transport shapes the spatial organization of a microbial community. Proc. Natl. Acad. Sci. USA. 115(34), 

8633–8638 (2018).
 8. Tropini, C., Earle, K. A., Huang, K. C. & Sonnenburg, J. L. The gut microbiome: Connecting spatial organization to function. Cell 

Host Microbe. 21(4), 433–442 (2017).
 9. Tecon, R. & Or, D. Cooperation in carbon source degradation shapes spatial self-organization of microbial consortia on hydrated 

surfaces. Sci. Rep. 7(1), 43726 (2017).
 10. Zomorrodi, A. R. & Segrè, D. Synthetic ecology of microbes: Mathematical models and applications. J. Mol. Biol. 428(5 Pt B), 

837–861 (2016).
 11. Purnick, P.E.M. & Weiss, R. The second wave of synthetic biology: From modules to systems. Nat. Rev. Mol. Cell Biol. 10, 410–422 

(2009).
 12. Xie, Z., Wroblewska, L., Prochazka, L., Weiss, R. & Benenson, Y. Multi-input RNAi-based logic circuit for identification of specific 

cancer cells. Science 333(6047), 1307–1311 (2011).
 13. Shou, W., Ram, S. & Vilar, J. M. G. Synthetic cooperation in engineered yeast populations. Proc. Natl. Acad. Sci. USA. 104(6), 

1877–1882 (2007).
 14. Regot, S. et al. Distributed biological computation with multicellular engineered networks. Nature 469(7329), 207–211 (2011).
 15. Liao, M. J., Din, M. O., Tsimring, L. & Hasty, J. Rock-paper-scissors: Engineered population dynamics increase genetic stability. 

Science 365(6457), 1045–1049 (2019).
 16. Menon, G. & Krishnan, J. Design principles for compartmentalization and spatial organization of synthetic genetic circuits. ACS 

Synth. Biol. 8(7), 1601–1619 (2019).
 17. Stubbendieck, R.M., Vargas-Bautista, C., Straight, P.D. Bacterial communities: Interactions to scale. Front. Microbiol. 7 (2016).
 18. Picioreanu, C., van Loosdrecht, M. C. M. & Heijnen, J. J. Mathematical modeling of biofilm structure with a hybrid differential-

discrete cellular automaton approach. Biotechnol. Bioeng. 58(1), 101–116 (1998).
 19. Chang, I., Gilbert, E. S., Eliashberg, N. & Keasling, J. D. A three-dimensional, stochastic simulation of biofilm growth and transport-

related factors that affect structure. Microbiol. Read Engl. 149(Pt 10), 2859–2871 (2003).
 20. Laszlo, J. A. & Silman, R. W. Cellular automata simulations of fungal growth on solid substrates. Biotechnol. Adv. 11(3), 621–633 

(1993).
 21. Ben-Jacob, E. et al. Generic modelling of cooperative growth patterns in bacterial colonies. Nature 368(6466), 46–49 (1994).
 22. Varahan, S., Walvekar, A., Sinha, V., Krishna, S. & Laxman, S. Metabolic constraints drive self-organization of specialized cell 

groups. eLife 8, e46735 (2019).
 23. Lloyd, D. P. & Allen, R. J. Competition for space during bacterial colonization of a surface. J. R. Soc. Interface. 12(110), 20150608 

(2015).
 24. Kylilis, N., Tuza, Z. A., Stan, G. B. & Polizzi, K. M. Tools for engineering coordinated system behaviour in synthetic microbial 

consortia. Nat. Commun. 9(1), 1–9 (2018).
 25. Saint-Ruf, C. et al. Massive diversification in aging colonies of Escherichia coli. J. Bacteriol. 196(17), 3059–3073 (2014).
 26. Marenda, M., Zanardo, M., Trovato, A., Seno, F. & Squartini, A. Modeling quorum sensing trade-offs between bacterial cell density 

and system extension from open boundaries. Sci. Rep. 6, 39142 (2016).
 27. Trovato, A. et al. Quorum vs diffusion sensing: a quantitative analysis of the relevance of absorbing or reflecting boundaries. FEMS 

Microbiol. Lett. 352(2), 198–203 (2014).
 28. Kaufmann, G. F. et al. Revisiting quorum sensing: Discovery of additional chemical and biological functions for 3-oxo-N-acylho-

moserine lactones. Proc. Natl. Acad. Sci. USA. 102(2), 309–314 (2005).
 29. Basu, S., Gerchman, Y., Collins, C. H., Arnold, F. H. & Weiss, R. A synthetic multicellular system for programmed pattern forma-

tion. Nature 434(7037), 1130–1134 (2005).
 30. Ramalho, T. et al. Single cell analysis of a bacterial sender-receiver system.PLoS ONE 11(1), e0145829 (2016)
 31. Nakanishi, K. et al. Diffusion of saccharides and amino acids in cross-linked polymers. Agric. Biol. Chem. 41(12), 2455–2462 

(1977).
 32. Karkaria, B.D., Treloar, N.J., Barnes, C.P., Fedorec, A.J.H. From microbial communities to distributed computing systems. Front. 

Bioeng. Biotechnol. 8 (2020).
 33. Duncker, K. E., Holmes, Z. A. & You, L. Engineered microbial consortia: Strategies and applications. Microb. Cell Factories. 20(1), 

211 (2021).
 34. Liang, Y., Ma, A., Zhuang, G. Construction of environmental synthetic microbial consortia: Based on engineering and ecological 

principles. Front. Microbiol. 13 (2022).
 35. Karamched, B. R. et al. Moran model of spatial alignment in microbial colonies. Phys. Nonlinear Phenom. 1(395), 1–6 (2019).
 36. Winkle, J. J., Karamched, B. R., Bennett, M. R., Ott, W. & Josić, K. Emergent spatiotemporal population dynamics with cell-length 

control of synthetic microbial consortia. PLoS Comput. Biol. 17(9), e1009381 (2021).
 37. Smith, W. P. J. et al. Cell morphology drives spatial patterning in microbial communities. Proc. Natl. Acad. Sci. USA. 114(3), 

E280–E286 (2017).
 38. Koldaeva, A., Tsai, H. F., Shen, A. Q. & Pigolotti, S. Population genetics in microchannels. Proc. Natl. Acad. Sci. USA. 119(12), 

e2120821119 (2022).
 39. Goldbeter, A., Gérard, C., Gonze, D., Leloup, J. C. & Dupont, G. Systems biology of cellular rhythms. FEBS Lett. 586(18), 2955–2965 

(2012).
 40. Kim, J. K. et al. Long-range temporal coordination of gene expression in synthetic microbial consortia. Nat. Chem. Biol. 15(11), 

1102–1109 (2019).
 41. Prindle, A. et al. A sensing array of radically coupled genetic ‘biopixels’. Nature 481(7379), 39–44 (2012).
 42. Noto Guillen, M., Rosener, B., Sayin, S. & Mitchell, A. Assembling stable syntrophic Escherichia coli communities by comprehen-

sively identifying beneficiaries of secreted goods. Cell Syst. 12(11), 1064–1078.e7 (2021).
 43. Roache, P. Computational Fluid Dynamics (Hermosa Publishers, 1972).
 44. Varma, A. & Palsson, B. O. Stoichiometric flux balance models quantitatively predict growth and metabolic by-product secretion 

in wild-type Escherichia coli W3110. Appl. Environ. Microbiol. 60(10), 3724–3731 (1994).
 45. Raman, K. & Chandra, N. Flux balance analysis of biological systems: Applications and challenges. Brief Bioinform. 10(4), 435–449 

(2009).
 46. Joyce, A. R. & Palsson, B. Ø. Predicting gene essentiality using genome-scale in silico models. Methods Mol. Biol. Clifton NJ. 416, 

433–457 (2008).
 47. Heirendt, L. et al. Creation and analysis of biochemical constraint-based models using the COBRA Toolbox v.3.0. Nat. Protoc. 

14(3), 639–702 (2019).
 48. Feist, A. M. et al. A genome-scale metabolic reconstruction for Escherichia coli K-12 MG1655 that accounts for 1260 ORFs and 

thermodynamic information. Mol. Syst. Biol. 3, 121 (2007).



11

Vol.:(0123456789)

Scientific Reports |        (2022) 12:17159  | https://doi.org/10.1038/s41598-022-20705-7

www.nature.com/scientificreports/

Acknowledgements
KR acknowledges support from the Science and Engineering Board (SERB) MATRICS Grant MTR/2020/000490, 
IIT Madras, Centre for Integrative Biology and Systems mEdicine (IBSE), and Robert Bosch Center for Data 
Science and Artificial Intelligence (RBCDSAI). SA acknowledges The Department of Science and Technology 
(DST) for the INSPIRE Scholarship for Higher Education (SHE). The authors acknowledge the use of the com-
puting resources at HPCE, IIT Madras.

Author contributions
Conceptualization—S.V., S.A.; methodology—S.V., S.A., K.R.; software—S.V., S.A.; formal analysis—S.V., S.A.; 
writing (original draft, review and editing)—S.V., S.A., K.R.; supervision—K.R.; project administration—K.R., 
funding acquisition—K.R.

Competing interests 
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https:// doi. org/ 
10. 1038/ s41598- 022- 20705-7.

Correspondence and requests for materials should be addressed to K.R.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

https://doi.org/10.1038/s41598-022-20705-7
https://doi.org/10.1038/s41598-022-20705-7
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Probing patterning in microbial consortia with a cellular automaton for spatial organisation
	Results
	Design of quorum sensing-mediated models of communication. 
	Model accurately reproduces patterning in synthetic multi-cellular systems. 
	Observation of coupling between strains over a wide range of experimentally tractable parameters. 
	AHL secretion rate optimally modulates the behavior of quorum sensing-mediated consortia. 
	Benchmarking the quorum sensing based coupling strategy. 

	Discussion
	Materials and methods
	Model framework. 
	Strain design. 
	Software tool. 

	References
	Acknowledgements


