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Microbial conflicts have a particularly aggressive nature. In addition to other chemical, mechanical, and biological weapons in their repertoire, bacteria have evolved bacteriocins, which are narrow-spectrum toxins that kill closely related strains. Bacterial cells are known to frequently use their arsenal while competing against each other for nutrients and space. This stands in contrast with the animal world, where conflicts over resources and mating opportunities are far less lethal, and get commonly resolved via ritualized fighting or “limited war” tactics. Prevalence of aggression in microbial communities is usually explained as due to their limited ability to resolve conflicts via signaling as well as their limited ability to pull out from conflicts due to the sessile nature of their life within biofilms. We use an approach that combines Evolutionary Game Theory (EGT) and Individual-based Modeling (IbM) to investigate the origins of aggression in microbial conflicts. In order to understand how the spatial mode of growth affects the cost of a fight, we compare the growth dynamics emerging from engaging in aggression in a well-mixed system to a spatially structured system. To this end, a mathematical model is constructed for the competition between two bacterial strains where each strain produces a diffusible toxin to which the other strain is sensitive. It is observed that in the biofilm growth mode, starting from a mixed layer of two strains, mutual aggression gives rise to an exceedingly high level of spatial segregation, which in turn reduces the cost of aggression on both strains compared to when the same competition occurs in a well-mixed culture. Another observation is that the transition from a mixed layer to segregated growth is characterized by a switch in the overall growth dynamics. An increased “lag time” is observed in the overall population growth curve that is associated with the earlier stages of growth, when each strain is still experiencing the inhibiting effect of the toxin produced by its competitor. Afterwards, an exponential phase of growth kicks in once the competing strains start segregating from each other. The emerging “lag time” arises from the spiteful interactions between the two strains rather than acclimation of cells' internal physiology. Our analysis highlights the territorial nature of microbial conflicts as the key driver to their elevated levels of aggression as it increases the benefit-to-cost ratio of participating in antagonistic interactions.
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1. Introduction

One aspect in which bacteria drastically differ from free roaming animals is the level of aggression in the microbial world (Granato et al., 2019). Animals, from the same species, generally avoid engaging in lethal fights among each other for resources, territory or access to mates (Eibl-Eibesfeldt, 1961; Smith and Price, 1973). One example of such “ritualized fighting” is how snakes avoid using their venom against each other and opt instead for wrestling contests to settle their conflicts (Shaw, 1948). On the other hand, bacteria have evolved bacteriocins, which are narrow spectrum toxins that aim to inhibit the growth of closely related strains (Gardner et al., 2004; Riley and Chavan, 2006; Hibbing et al., 2010; Alvarez-Sieiro et al., 2016; Granato et al., 2019). Additionally, many bacterial species enjoy the capacity of producing antibiotics, broad spectrum toxins which aim to kill distantly related species (Kohanski et al., 2010; Ageitos et al., 2017). That is in addition to other mechanical (Gebhart et al., 2012) and even biological weapons in their arsenal (Brown et al., 2009; Granato et al., 2019).

What drives the evolution of a high level of aggression in the microbial world? A possible answer is that bacteria have a limited capacity to resolve their conflicts via signaling (Granato et al., 2019). When two animals face-off in a conflict, they can exchange different kinds of signals to communicate their relative strengths, and consequently, avoid a costly fight (Maynard-Smith et al., 2003; van Lieshout et al., 2005). Bacterial regulatory networks are clearly more simple than animal brains, and hence are subject to more constraints to evolve such signaling systems to resolve conflicts. Also, another reason that is usually invoked to explain the lethal nature of bacterial contests is the sessile nature of their life, an aspect they share with plants and fungi (Sestari and Campos, 2021). Bacteria commonly grow as surface attached communities of cells, known as biofilms, enclosed in a self-produced extracellular polymeric matrix. Hence, most cells inside the biofilm are effectively sessile, which translates into a limited ability to run away from conflicts compared to a free roaming animal (Granato et al., 2019; Rillich and Stevenson, 2019).

The fundamental difference in nature between microbial and animal contests, sessile vs. motile, has resulted in a corresponding difference in the mathematical frameworks used to tackle each problem. Models of animal contests that do not take space into account, such as the classical paper by Smith and Price (1973), have been used to explain animal behaviors in contests. On the other hand, the evolution of social phenotypes in biofilms has been successfully studied by a spatial modeling framework, called Individual-based modeling (IbM) (Kreft et al., 2001). In IbM, the individual cell behavior is explicitly modeled, by describing all its main known physiological processes such as its growth, reproduction, death, and motility, while the spatial structure of the environment is also modeled with a focus on diffusion phenomena. Then, the simulation gets seeded with a number of cells and the population behavior emerges from the interactions between individual agents. IbMs have been applied to explain a wide range of social phenomena in biofilms, including aspects of cooperation (Kreft, 2004; Mitri et al., 2011), competition (Xavier and Foster, 2007; Bucci et al., 2011), and communication (Schluter et al., 2016).

Smith and Price (1973) tackled the problem of explaining limited wars in animal conflicts via the construction of the influential hawk-dove model. They managed to prove that the hawk, which is an abstraction of an aggressive strategy, will not necessarily dominate the population. The evolutionary stable state of the population has been shown to be a polymorphic state with both hawks and doves. And the level of aggression in the population, the fraction of the population that displays a hawk behavior at equilibrium, has been shown to be proportional to the ratio between the value of the resource in dispute to the cost of a potential fight. This result has been later verified experimentally (Hansen, 1986; Tainaka et al., 2007; Oprea et al., 2011) and it transcends the assumptions of this particular model to even political conflicts (Georgiev et al., 2013; Glowacki et al., 2017; Krahé, 2020). A striking example is the difference between conflict patterns among carnivores and herbivorous animals (Georgiev et al., 2013). Animals which compete for high nutritional value resources, like carnivores, undergo contests that are characterized by having high resource value to cost ratio, as the food is scarce and relatively nutritious. Hence, relatively violent fights erupt (Kruuk and Kruuk, 1972; Wrangham, 1980; Koenig and Borries, 2009). On the other hand, for herbivorous species, since grass has low nutritional value, the value of the resource to cost of a fight ratio is relatively small. And these animals hence tend to avoid direct, aggressive, contests (Isbell, 1991; Young and Isbell, 2002).

In the microbial world, aggression, or spite, has been found to be dependent on the scale of competition (Gardner and West, 2004), where bacteriocin production has been found to be most favored when the competition is localized and at intermediate relatedness (Gardner et al., 2004). Czárán et al. (2002) and Weber et al. (2014) analyzed how spiteful interactions help to maintain and promote microbial diversity. Using a spatial game theoretic model, Czárán et al. (2002) showed how diversity can be maintained in a three strain system consisting of an antibiotic producer, resistant, and sensitive strains. Further research focused on the selection pressures driving the evolution of toxin regulation (Doekes et al., 2019) as well as the role of stochastic processes in this process (von Bronk et al., 2017). It is also noted that bacteriocin production by bacteria is a cooperative behavior from the point of view of the clonemates. The phenomenon of cheating in the context of bacteriocin production has been studied by West et al. (2006) and Rankin et al. (2007).

In this paper, we investigate the aggression dynamics in microbial conflicts, with a focus on how the spatial mode of microbial growth as in biofilms affects the cost of engaging in aggression endured by a microbial strain. To this end, a model is constructed of the competition between two strains, where each strain is capable of producing a bacteriocin to which the other strain is sensitive. Different aggression scenarios are investigated in both models of well-mixed cultures as well as of a spatially structured environment, growing as a biofilm, using EGT and IbM (Hashem and Van Impe, 2022a,b). An EGT analysis is carried out first to find when engaging in aggression is a beneficial strategy in the well-mixed culture, as well as the optimal level of metabolic investment in bacteriocin production in such case. Afterwards, using an IbM of biofilm growth, the cost of engaging in aggression expressed as the suppression of microbial growth rate as well as the growth dynamics of the two-strain community are investigated, with a focus on the relationship between spatial structuring and engaging in aggression.



2. Model description


2.1. Spatially mixed growth

A model of two bacterial strains, each capable of constitutively producing its own toxin and both competing over the same nutrient is constructed. Each strain is assumed to be immune to its own toxin while being vulnerable to the opponent's toxin. The two strains are assumed to have identical growth parameters, and similar sensitivity to the toxin produced by the other strain. The model is described by the following set of equations, with the model's parameters provided in Table 1 (Bucci et al., 2011; Cornforth and Foster, 2013):
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with P1 and P2 as the biomass densities of the two bacterial strains (mg bacteria l-1). The concentrations of the two toxins (mg/l) are denoted by T1 and T2, respectively. f1 and f2 is the fraction of growth energy invested in producing the toxin by P1 and P2, respectively. KT and βT are the killing rate (l mg toxin-1 h-1) and the decay rate (h-1) of both toxins. N is the nutrient concentration. μ and Y are the growth rate (h-1) and mass yield (mg bacteria mg nutrients-1) of both strains, respectively. The growth equation is modeled using Monod kinetics with μmax and KN as the maximum specific growth rate (h-1) and the half saturation constant (mg l-1), respectively. The model is visually represented in Figure 1A.


TABLE 1 Model parameters.
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FIGURE 1
 (A) An illustrative diagram (Hashem and Van Impe, 2022a,b) of a competition between two constitutive toxin producers, where each strain is immune to its own toxin, growing together on the same nutrient. The diagram depicts two biological species, P1 and P2, each denoted by a square, and three chemical species, N, T1, and T2, each denoted by a circle and representing the common nutrient and the toxins produced by P1 and P2, respectively. The consumption of N as well as the production of T1 and T2 are denoted by solid lines, while the inhibiting effects of T1 and T2 on P2 and P1, respectively, are denoted by dashed lines. (B) An illustration of the microbial life cycle model: a metapopulation of the two strains P1 and P2 is assumed to grow in a finite number of separate patches. The model consists of (i) an initialization step: all patches are seeded with the bacterial strains, (ii) a growth step: the growth dynamics is simulated in each patch separately until the population levels of all strains reach a steady state, and (iii) a mixing step: all patches are mixed with each other and the new composition of the metapopulation is used to initialize a new cycle of the model.




2.2. Invasion analysis

To find the optimal level of metabolic investment that should be allocated by any of the two strains in toxin production, a technique from EGT, invasion analysis, is used. Here, it is assumed that the two strains initially have the same level of metabolic investment in toxin production, fres, termed here the resident strategy. Then, a rare mutant appears in the population with different level of investment, fmut, that may or may not be able to invade the population and displace the resident strategy. The aim of the analysis is to find the resident strategy that if adopted by the whole population can not be displaced by any mutant strategy. To do that, the concepts of the microbial life cycle from Cremer et al. (2012) and the invasion index from Mitri et al. (2011) and Nadell et al. (2010) have been used (Niehus, 2016). The standard microbial life cycle is a modeling approach which aims to mirror the cycle of microbial growth in nature. The growth of bacteria involves the processes of colonies initiation, maturation and then dispersal, to form new colonies. So, in this modeling paradigm, bacteria are assumed to grow at separate patches, that later undergo a mixing step. In this mixing step, cells from all patches are assumed to undergo dispersal and get mixed with each other to initiate new colonies and start the next cycle of the simulation (Niehus, 2016; Niehus et al., 2021). Previous work (Gardner and West, 2004; Bucci et al., 2011) has already shown that aggression is favored when the competition between strains is more localized. Our work focuses on the effect of the spatial nature of growth in biofilms on the evolution of aggression. And a high level of mixing between patches is assumed. The model, illustrated in Figure 1B, begins with an initialization step: the patches are seeded with the bacterial strains, then a growth step: the growth of bacteria is simulated at each patch separately, until the populations of all strains reach a steady state. And finally a mixing step: the total mass of each strain over all patches is computed so that it can be accordingly redistributed over the patches in the next simulation cycle.

The evolutionary stable toxin production strategy, represented by f*, is the investment in toxin production that, if it is adopted by the population, no mutant with a different f can invade the population. Instead of explicitly modeling the microbial life cycle, the invasion analysis is carried out by calculating an invasion index (Mitri et al., 2011). The implicit assumption of the invasion analysis is that a mutant strategy, fmut, is set to spread in the population if the fitness of the mutant against a strain adopting the resident strategy, Π(fmut∣fres), is higher than the average fitness of the population. The fitness of any strain here is equivalent to its biomass by the end of the simulation when the population levels reach a steady state and the nutrient is completely consumed. The average fitness of the population is defined as the fitness of any of the two strains adopting the resident strategy against each other, Π(fres∣fres). Hence, a mutant toxin production strategy is set to invade a population adopting a resident toxin production strategy whenever the invasion index, Iinv, is higher than one, where:
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An Evolutionary Stable Strategy (ESS), f*, is one that can not be invaded by any mutant strategy. To determine it, the invasion analysis is repeatedly carried out where the invasion indices of all possible mutant strategies are calculated against all possible resident strategies. The results are plotted in pairwise invasibility plots (Brännström et al., 2013), which show when a mutant strategy can invade a resident strategy. A resident strategy that can not be invaded by any mutant strategy is set to be f*. All the simulations were solved in MATLAB using ODE45 solver, where the initial biomass density for both species is set to be 1 mg bacteria l−1 and the initial nutrient concentration is 104mgl−1. The running time is set to be 500 h, at which the nutrient is completely consumed in all simulations.



2.3. Biofilm modeling

For modeling competition within a biofilm, IbM simulations were carried out using MICRODIMS, an in-house IbM platform that has been built and applied to simulate microbial growth on surfaces as biofilms or colonies (Verhulst et al., 2011; Tack et al., 2015, 2017). MICRODIMS is implemented in Repast Simphony toolkit (North et al., 2013), an open-source individual based modeling toolkit, written in Java. It shares the same design principles of other established microbial IbM tools that have been used to study the role played by spatial growth on the social interactions in a microbial community (Picioreanu et al., 1998; Kreft et al., 2001; Xavier and Foster, 2007; Mitri et al., 2011). The models simulate the growth of cells on an inert surface. Cells are modeled as individual agents that consume nutrients, grow, reproduce, and die, with nutrients diffusing from an infinite source through the upper boundary of the simulation. Hence, Dirichlet boundary conditions are applied such that the chemicals' concentrations are held at their initial value at the upper boundary of the environment, while Neumann boundary conditions are applied at the solid surface such that the concentration gradients at the surface are equal to zero (Tack et al., 2015). Periodic boundary conditions are applied at the lateral ends of the model. The diffusion of nutrients and toxins in the model is solved using a Forward-Time-Central-Space algorithm (Anderson et al., 1997). A shoving algorithm (Kreft et al., 2001) is used to avoid the overlapping of cells. A detailed overview for the processes as well as the parameter values describing the movement, growth, reproduction and death of cells can be found in Tack et al. (2015). All the simulations were carried out using 50 replicates, and the mean of the results and their standard deviation have been plotted, with the standard deviation ≈ 1%, which is equivalent to a confidence interval >95%. And, unless otherwise is mentioned, they were conducted using a 800 × 250 μm grid, seeded with a mixed layer consisting of 80 cells of each strain and carried out till the biofilm height reached 150 μm. The fitness of each species is described in terms of its average growth rate, its total biomass divided by the time required to reach the maximum biofilm height at the end of the simulation. The initial nutrient concentration is set to be 104 mg/l throughout all simulations. The high initial nutrient concentration as well as starting with a dense mixed initial layer of cells serve to minimize the effect of spatial structuring that emerge from competition over nutrients.




3. Results and discussion


3.1. Competition dynamics in a well-mixed system

We investigate the conditions under which toxin production is a useful strategy in the context of the competition between two toxin producing strains in a well mixed culture, where all cells experience the same chemicals' concentrations. It is expected that releasing toxin would not always be an advantageous growth strategy. For example, if the toxin killing rate, KT, is not high enough, then a bacterial strain would fare better by not engaging in aggression. Also, when the nutrients in the system are scarce, it would be better for the microbes to allocate all their metabolic energy to biomass production. An example of how the model's parameters can affect when aggression becomes a favorable strategy is illustrated in Figure 2. Here, three contest scenarios are simulated: (i) symmetric aggression: both strains adopt an aggressive growth strategy, by producing toxin at a fraction of investment corresponding to 10% of their growth rates, consequently inhibiting each other's growth, (ii) asymmetric aggression: one strain is investing in toxin production while the other is not, and (iii) no toxin production: the two strains do not produce toxins and opt instead to fully allocate their resources to growth. The biomass-time evolution of the two strains is tracked for each of the three different scenarios, where the fitness of each strain is defined as its final biomass by the end of the simulation. When the toxin killing rate is low, we find that no toxin production becomes the ESS for both strains. As seen in Figure 2A, for the focal strain P1, the no toxin production strategy strictly dominates the toxin production strategy regardless of the behavior of the opposing strain. While an aggressive strain can outgrow a non toxin producing strain in the asymmetric scenario, switching to no toxin production growth strategy leads to a higher final biomass regardless to whether the opponent produces toxin or not. It is noted here that not producing toxin becomes an optimal growth strategy under the model's assumption of high mixing between patches. If the competition is more localized, as explained in Gardner and West (2004), then it would suffice for a toxin producer to outgrow a non toxin producer locally, as in the mixed case in Figure 2A, to be able to invade the population.
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FIGURE 2
 The evolution of the biomass density of the two bacterial strains in time, under the scenarios of (i) symmetric aggression (red): both strains produce toxins, by setting the toxin investment fraction, f, for both of them to 0.1 (ii) asymmetric aggression (blue): one of the strains, P1, produce a toxin, f = 0.1, while the other fully invests in growth, f = 0 and (iii) No toxin production (green): the two strains do not produce toxins and both fully invest in growth, f = 0 for both strains. (A) At low toxin lethality. (B) At high toxin lethality.


Changing the model's parameters, as by increasing the potency of the toxins, would lead to a change in the observed ESS, as shown in Figure 2B. Here, toxin production is the dominant strategy. In the asymmetric aggression scenario for example, while the toxin producer grows slower than the non toxin producer opponent at the earlier stages of growth, toxin accumulation in the system later inhibits the growth of the sensitive strain (around t = 18 h) leading to the monopolization of the available resources by strain adopting the toxin production strategy. Through inspecting the two other scenarios as well, the toxin production strategy leads always to a higher fitness regardless of the strategy of the opponent and aggression is favored. However, as expected, when the two strains opt to toxin production they both end up with much lower fitness than the no aggression scenario.

Afterwards, we allow the fraction of investment in toxin production to vary. To find the specific level of investment in toxin production corresponding to the ESS that should be adopted by both strains at evolutionary equilibrium, an invasion analysis is carried out. For that, it is assumed that the two strains initially have a level of investment in toxin production f1 = f2 = fres. And the question is whether a mutant of any of the two strains that has a different level of investment in toxin production, fmut, would be able to invade the population. For that the invasion index of the mutant strategy, calculated according to Equation (7), must be higher than one. By repeating this analysis for all possible combinations of fmut and fres (see Figure 3), the value of fres where no mutant strategy fares better than the resident strategy can be determined. At high toxin lethality/ initial nutrient concentration, the optimal investment in toxin production can be found using the pairwise invasibility plot depicted in Figure 3A where at the optimal point, [image: image], a mutant belonging to any of the two strains adopting a lower or higher toxin investment fraction than f* will achieve lower final biomass when compared to the resident strategy. The optimal strategy in such situation is investment in toxin production, but only up to a certain extent, f*, after which, the gain from producing toxin is outweighed by the growth deficiency due to the excessive investment in toxin production at the expense of biomass production. The optimal point, f*, will depend on the toxin killing rate and the initial nutrient concentration, among other factors (see Niehus, 2016 for more extensive discussion). By contrast, at low toxin lethality/ initial nutrient concentration, see Figure 3B, for two strains adopting a certain level of investment in toxin production, f1 = f2 = fres, whenever a mutant emerges with a lower level of investment, fmut < fres, it will end up with higher fitness than the resident strategy. The only point where no mutant strategy can gain an improvement in fitness is at the origin, when the resident population produces no toxin, fres = 0. Hence, the evolutionary stable state of this competition is when the two strains fully commit to peaceful growth.
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FIGURE 3
 Pairwise invasibility plots for the competition between two constitutive toxin producing strains under different conditions. The green areas are where a mutant toxin production strategy, fmut, fares better than a resident toxin production strategy, fres. And thus can spread in the population. A resident strategy is said to be evolutionary stable if it can not be invaded by any mutant. (A) High toxin lethality/high initial nutrient concentration [N(t = 0) = 104 mg l−1, KT = 15 × 10−4 l mg toxin−1 h−1]: here, producing toxin can be advantageous up to a certain extent. When the two strains are producing toxin at an optimal investment rate f*, lying here at the center of the graph, no mutant can fare better. (B) At low toxin lethality/ low initial nutrient concentration parameter region [N(t = 0) = 103 mg l−1 K[image: image] l mg toxin−1 h−1: in such conditions producing toxin is disadvantageous to the producing strain. Hence in a population in which the strains are attacking each other using an investment in toxin production, fres, any mutant with lower level of toxin production, fmut < fres, will fare better. The graph shows that the only strategy that is evolutionary stable lies at the origin: when the two strains are not producing toxins at all. (C) The pairwise invasibility plot when multiple evolutionary stable growth strategies exist [N(t = 0) = 103 mg l−1, [image: image] l mg toxin−1 h−1]. Here, both no toxin production and toxin production at an optimal investment rate are evolutionary stable.


A parameter map showing the N0 and KT combinations at which each growth strategy, no toxin production vs. aggression, is dominant is shown in Figure 4. It is noted that two main parameter regions emerge. When the initial nutrient concentration and toxin lethality is low, a strain is better off investing in fast growth. Investing in toxin production on the other hand is most beneficial when the nutrient concentration is higher and the toxin killing rate is relatively high. It is also observed in Figure 4 that as the bacteriocin killing rate increases, aggression becomes the dominant strategy. However, this will lead to grave consequences as the fitness of both contestants deeply suffers from mutual aggression. This goes inline with previous research, where an analysis by Frank (1994) of the competition between a toxin producer and a sensitive strain has shown that investment in toxin production becomes more favorable at high nutrient concentrations and high toxin lethality. Finally, a narrow parameter region exists where both peaceful growth and producing toxin at an optimal level are non-invadable ESS strategies, an example of a pairwise invasibility plot where this occurs is shown in Figure 3C.
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FIGURE 4
 A parameter map showing the optimal, evolutionary stable, growth strategy (aggressive vs. no toxin production) under different combinations of toxin killing rate and initial nutrient concentration. For a constitutive toxin producer, aggression is favored as the initial nutrient concentration and the toxin lethality increase. Peaceful growth conversely is the optimal growth strategy when nutrients are more limited and the toxin is less lethal. A third, narrower, parameter region exists which is characterized by the existence of multiple evolutionary stable growth strategies.


It is seen from the well-mixed culture simulations, that aggression is favorable at high initial nutrient concentration and high toxin lethality. In such conditions, the game dynamics can be classified as a Prisoner's dilemma, where each of the two strains is better off engaging in aggression using an optimal level of investment in toxin, f*, as shown through the pairwise invasibility plots. However, at equilibrium, when both strains engage in releasing toxins, they end up with much lower final biomass than the peaceful growth scenario. The cost of aggression is rather high in well-mixed bacterial systems.



3.2. Competition dynamics in a biofilm

How does the competition dynamics change when moving from a well-mixed system, to a spatial mode of growth, as in biofilm growth? To investigate that, the competition between two strains growing on a surface is simulated using IbM under conditions of high toxin lethality where aggression is a favorable strategy. The simulation is initialized with a randomly distributed layer of cells. Three scenarios are again simulated: (i) two non toxin producing strains growing together, (ii) a toxin producing strain vs. a non producer, and (iii) the case of two toxin producers against each other.

For the first two scenarios, (i) and (ii), shown, respectively, in Figures 5A,B, the results produced are similar to their counterparts in a well-mixed system: the two strains grew to form a mixed biofilm in the first scenario and the toxin producer completely dominates the biofilm in the second. In the case of two toxin producers however (iii), it is observed that the two strains gradually segregated from each other, as seen in Figure 6.
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FIGURE 5
 While the spatial mode of growth significantly reduce the cost endured in the mutual aggression scenario due to the resulting spatial segregation, the outcomes of other scenarios are not significantly altered from the well-mixed growth setting. (A) No aggression: competition between two non toxin producers in the biofilm mode of growth. Starting from an initial mixed layer of cells, the two strains grow together to form a mixed biofilm with little linage segregation. (B) Asymmetric aggression: competition between a toxin producing strain (red) and a non toxin producing strain (blue), in spatial settings. The constitutive toxin producer come to dominate the competition at early stage, leading to the elimination of the non toxin producing strain.
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FIGURE 6
 An individual-based model of a competition between two toxin producing strains, growing together as a biofilm starting from an initial mixed layer of cells. The two strains gradually segregate into two distinct clusters. The cells lying at the clusters' boundaries are experiencing negative growth, due to the toxins' effect, and the further a cell lies from the clusters' boundaries, the lower the damage it suffers.


This is an example of pattern formation resulting from local self-activation, growth, and lateral inhibition, due to toxins, as explained in Meinhardt and Gierer (2000). This process of pattern formation is guided by the initial asymmetries present in the initial layer of cells which get amplified by positive feedback loops to result in a significant deviation from the initial near homogeneous state, causing the segregation effect (Magoroh, 2017). The same process can also be explained through the lens of clonal expansion of cells, which allows the segregation of the two strains leading to the formation of the distinct clonal groups/clusters, ultimately reducing the strength of the non-kin competition within the biofilm.

These random variations in the initial density and the growth behavior of the cells of the two strains will break the “spatial symmetry” of the contest, meaning that in some segments of the surface, the red strain will have an advantage over the blue strain while in other segments the opposite will occur. An initial advantage in the density or the growth of one strain over the other would lead to a higher concentration of the toxin produced by the former strain. This in turn will lead to amplifying the said advantage in the next layer as the dominant strain's toxin will inhibit the growth of the less ubiquitous strain. This positive feedback loop finally culminates in the segregation of the two strains into distinct clusters across the surface. A consequence of the spatial segregation is a reduction in concentrations, and consequently the effects of the toxins on the cells which lie far from the “front lines.” It can be observed that there is a discrepancy in the growth of the cells based on their position within the each cluster. While the cells growing close to the center of a cluster experience positive growth, the cells lying at the edge of each cluster suffer from negative growth due to the toxins' inhibiting effect. This in turn leads to a significant increase in the overall fitness of the two strains compared to the corresponding well-mixed growth scenario, as most of the cells in the simulation have less exposure to toxins. Furthermore, another factor that contributes to the spatial segregation between the two strains is the bottlenecking effect and the competition over the nutrient (Nadell et al., 2010). The structuring effect resulting from the competition over the nutrient is however relatively weak compared to that resulting from toxin release, as observed by comparing the degree of spatial segregation in Figures 5A, 6.

In Figure 7A, the average fitness of a strain in a mutual aggression scenario is plotted as a fraction of the average fitness in case of no aggression, for both the well-mixed and spatial competition settings. For different toxin killing rates, it is noticed that a strain's fitness in case of spatial aggression is consistently much higher than its fitness in case of well-mixed competition. It is crucial to note however that the discrepancy in the fitness of the competing species engaging in aggression between the IbM and the well-mixed simulations can not yet be solely attributed to the spatial structuring effects within the biofilm growth, since there are also other factors that characterize the IbM model which are different from the well-mixed model, namely differences in boundary conditions between the two models: (i) continuous supply of nutrients in the IbM model vs. limited amount of nutrients in the well-mixed model, (ii) toxin leakage from the top boundary of the IbM model while toxins accumulate in the well-mixed model, and finally (iii) stochastic effects only exist in the IbM model. Therefore, to pin down the effects of spatial structuring on the improvement in fitness of the two strains engaging in aggression in a biofilm, two “pseudo” well-mixed models have been created within the IbM environment. In the first model, named Mixed growth(IbM)I, the well-mixed growth within an IbM environment is simulated by randomizing the positions of the cells after every iteration, following Schluter et al. (2016). Additionally, a second model, Mixed growth(IbM)II, is created where local differences in toxin concentrations across the biofilm is eliminated by uniformizing the toxins' concentrations at the horizontal direction. This is done by replacing the toxins' concentrations at each spatial unit in each row of the environment grid by the average of the toxin's concentration in this row of spatial units. This way, toxins in the simulation keep diffusing away in the vertical direction while being uniform in the horizontal direction across the biofilm, regardless of the local biomass densities of each strain. Results from both models still show a significant improvement in the strains' fitness at the spatially structured IbM when compared to the two pseudo well-mixed models, which both provided similar results. This shows that spatial structure plays a significant role in alleviating the cost of aggression in biofilms.
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FIGURE 7
 (A) The average fitness of two strains engaging in mutual aggression, relative to their fitness in the no aggression scenario, in case of a spatial vs. well-mixed mode of growth, at different toxin lethalities, using three different models of mixed growth as a benchmark. Besides the initial simple mixed growth model, two additional mixed growth models have been created within the IbM environment. In Mixed growth(IbM)I, the spatial mixing effect is induced by randomizing the positions of the cells after each iteration, while in Mixed growth(IbM)II the concentrations of the toxins are made to be uniform at the horizontal direction by replacing the toxin concentration at each spatial point in each row of the environment grid by the average value of the toxins' concentration in the row to which the spatial point belongs. (B) The effect of mutual aggression on the lag phase of a microbial community: the growth curves of the overall population in case of (i) mutual aggression scenario (red) and (ii) No aggression (black) for two strains growing together in a spatial settings as a biofilm. The duration of the lag phase is defined here as the intersection of the maximum slope at the exponential phase with the horizontal asymptote at the initial population level, shown with the dotted lines.


The growth curve of bacteria is known to start with a lag phase, during which, little to no cellular division occurs, as cells adapt to the new medium by synthesizing necessary enzymes, RNA and other cellular components essential to initiate the exponential phase of growth (Rolfe et al., 2012; Madigan et al., 2018). An interesting observation in the case of competition between two toxin producers is the emergence of a competition-induced lag time in the overall population growth curve. The lag time of the total population in case of mutual aggression is compared to the no toxin production scenario in Figure 7B, where the lag time is defined as the intersection of the maximum slope at the exponential phase with the horizontal asymptote at the initial population level in the graph showing the evolution of the log of the number of cells with time (Baty and Delignette-Muller, 2004). The emerging lag time is associated with the initial, mixed, phase of growth of the population. When the two aggressive strains are fully mixed, they are under the growth inhibiting effect of each other, leading to a phase of slow linear growth. Afterwards, as spatial segregation comes into effect, the two strains became less affected by each other's inhibiting effect. This leads to the beginning of the exponential phase of growth. It should be remarked here that the exponential phase of growth is a consequence of the high substrate diffusivity assumed for this model, which does not allow for the emergence of linear growth rate regime observed in other modeling studies (Ward et al., 2005). It is also observed that the slope during the exponential growth phase decreases with time, this dampening effect is due to the accumulation of the toxin in the medium, leading to a progressively lower slope compared to the no toxin case. Finally, it should be also noted that while the lag time in Figure 7B is determined using the same method as when calculating the classic lag phase in batch cultures, the nature of the lag time here is different as it emerges from the competitive social interaction between the cells, and not due to the individual adaptation of the cell to the environment.


3.2.1. Effect of varying toxins' diffusivities

Next, the effect of varying toxins' diffusivity is investigated, by comparing the outcomes of the competition under low and high toxin diffusion coefficients. A toxin's diffusivity is known to be dependent on the medium composition, temperature and the toxin itself. In the low diffusivity scenario, where KT is set at the nominal value, it is noticed in Figure 8A that segregation happens earlier in the simulation, giving rise to curved clusters with well defined borders. Between the clusters, a no-man's land where bacteria experience negative growth can be located. A higher toxins' diffusivity would be expected to lead to longer wavelength patterns, and thus wider clusters. When running the high toxins' diffusivity scenario, by setting KT to ten times the nominal value, a more complex picture emerge as seen in Figure 8B; it is observed that the segregation happens later in the simulation, and the growth is more uniform. Also, while the cells growing within each cluster from the opposite strain get inhibited, the effects on the borders are less clear. The reason is that when the toxin's diffusivity increases, its effectiveness decrease, as it gets quickly diluted in the medium. Increasing toxin's diffusivity is here equivalent to decreasing toxin's killing rate, and consequently, its effectiveness. The higher the diffusivity, the more the toxin gets diluted within the biofilm and the lower its concentration. Hence, the lower toxin effectiveness will have two results: a delayed, less sharp, spatial segregation, and a lower inhibiting effect on the growth of the two strains involved, as shown in Figure 8C, when compared to the low diffusivity scenario.
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FIGURE 8
 (A) The competition between two toxin producing strains at low toxins diffusivities in a grid of 1, 200 × 200μm. The low toxin diffusivity, increases its effectiveness, resulting in clusters with sharp, well-defined, boundaries. (B) Competition between two toxin producing strains, at high toxins diffusivities in a grid of 1, 200 × 200μm, where DT is set to 10 times the nominal value. The high toxin diffusivity reduces its effectiveness as it gets more quickly diluted, resulting in a more uniform growth with less defined boundaries between the two spatially segregated strains. (C) The average fitness of the two strains engaging in mutual aggression, relative to their fitness in the no aggression scenario, under low and high diffusivities.





3.3. The territorial nature of microbial aggression

Previous research has shown that benefit-to-cost ratio of engaging in toxin production in structured habitats plays a key role in the promotion of evolution of anticompetitor toxins (Chao and Levin, 1981) as well as maintaining microbial diversity (Durrett and Levin, 1997). Chao and Levin (1981) shows that in structured habitats a colicin releasing bacteria is more likely to outgrow a sensitive strain as an inhibition zone is created out the microbes of the colicinogenic colonies which increases the availability of the resources to them, thus increasing the benefit-to-cost ratio of the competition. Our paper highlights the territorial nature of microbial conflicts between mutually aggressive strains and how spatially structured competition helps to increase the benefit-to-cost ratio of the competition by reducing the cost of engaging in fight. This cost encompasses here not only the metabolic cost of producing the toxin, but also the growth inhibiting effects resulting from engaging in microbial warfare with another strain. The reduction in growth rate of two toxin producing strains competing against each other has been shown to be dependent on the mode of growth. In a well-mixed system, the strength of the intra- and inter-species competition is the same. On the other hand, in a spatially structured system, the emergence of clustering reduces the strength of the intra-species competition, allowing the cells from the same kin to enjoy a relatively harm-free growth.

Different strains engage in a fight to establish their own territories at the early phase of biofilm growth. Once segregation happens, most of the cells from each strain will enjoy harm-free growth, away from the front-lines of the war. It is important to remark that spatial segregation can be reinforced by other aspects of competition, other than toxin production, as well. Nutrient limitation and growth bottlenecks have been known to give rise to spatial segregation between different genotypes growing out of a well-mixed, diverse biofilm (Hallatschek and Nelson, 2008; Nadell et al., 2008; Mitri et al., 2016). Furthermore, besides the spatial structuring, other factors could play a role in promoting the evolution of aggression which have not been the focus of this paper, such as the scale of competition (Gardner and West, 2004; Bucci et al., 2011). Additionally, to keep the model simple, only the competition between constitutive toxin producers has been considered. In reality, the use of damage-dependent regulation mechanisms for toxin release is widespread (Breidenstein et al., 2011; Dobson et al., 2012; Cornforth and Foster, 2013; LeRoux et al., 2015), which would have also lead to reducing the cost of aggression in the spatial competition compared to well-mixed growth as the fight would stay confined to the clusters' boundaries, while the rest of the cells can fully invest in growth.

The territorial nature of aggression in the biofilm mode of growth would be expected to increase aggression due to the notable increase in the benefit-to-cost ratio in a territorial conflict compared to the well-mixed competition. It has been well-documented that territorial conflicts have a particularly aggressive nature due to the high benefit-to-cost (Georgiev et al., 2013). This would be especially true in the microbial world as well, where the dominance of a bacterial strain over a territory is translated into a monopoly over the resources there, as well as being relatively safe from the harm of its competitors. Another interesting observation that characterized the spatial simulations is the emergence of a socially-induced lag time in the overall growth curve of the biofilms. This is due to the growth-inhibiting effect of the toxins at the early, mixed, stage of competition. Since the lag phase has been traditionally understood as a result of non-social mechanisms which are related to the adaptation of the individual cells to a new environment, these results can serve to highlight that social interactions can also induce a lag time in the overall population growth curve of a microbial community.




Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Author contributions

Conceptualization, resources, writing, and review: IH and JVI. Investigation and literature review and writing—original draft preparation: IH. All authors contributed to the article and approved the submitted version.



Funding

This work was supported by the KU Leuven Research Council (OPTEC Center-of-Excellence Optimization in Engineering OPTEC and project C24/18/046), by the ERA-NET FACCESurPlus FLEXIBI Project, co-funded by VLAIO project HBC.2017.0176, by the Fund for Scientific Research-Flanders (projects G.0863.18 and G.0B41.21N), and by the European Union's Horizon 2020 Research and Innovation Programme (Marie Sklodowska-Curie grant agreement numbers 813329 and 956126).



Acknowledgments

The authors would like to thank Dr. Philippe Nimmegeers, Viviane De Buck, and Wannes Mores for providing valuable comments on the manuscript. The authors would like as well to thank the reviewers for the valuable feedback, insights, and suggestions that have improved the quality of the manuscript.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 Ageitos, J., Sánchez-Pérez, A., Calo-Mata, P., and Villa, T. (2017). Antimicrobial peptides (AMPS): ancient compounds that represent novel weapons in the fight against bacteria. Biochem. Pharmacol. 133, 117–138. doi: 10.1016/j.bcp.2016.09.018

 Alvarez-Sieiro, P., Montalbán-López, M., Mu, D., and Kuipers, O. P. (2016). Bacteriocins of lactic acid bacteria: extending the family. Appl. Microbiol. Biotechnol. 100, 2939–2951. doi: 10.1007/s00253-016-7343-9

 Anderson, D. A., Tannehill, J. C., and Pletcher, R. H. (1997). Computational Fluid Mechanics and Heat Transfer. Boca Raton, FL: Taylor & Francis.


 Baty, F., and Delignette-Muller, M.-L. (2004). Estimating the bacterial lag time: which model, which precision? Int. J. Food Microbiol. 91, 261–277. doi: 10.1016/j.ijfoodmicro.2003.07.002

 Brännström, Å., Johansson, J., and Von Festenberg, N. (2013). The Hitchhiker's guide to adaptive dynamics. Games 4, 304–328. doi: 10.3390/g4030304

 Breidenstein, E. B., de la Fuente-Nú nez, C., and Hancock, R. E. (2011). Pseudomonas aeruginosa: all roads lead to resistance. Trends Microbiol. 19, 419–426. doi: 10.1016/j.tim.2011.04.005

 Brown, S. P., Fredrik Inglis, R., and Taddei, F. (2009). Synthesis: evolutionary ecology of microbial wars: within-host competition and (incidental) virulence. Evol. Appl. 2, 32–39. doi: 10.1111/j.1752-4571.2008.00059.x

 Bucci, V., Nadell, C. D., and Xavier, J. B. (2011). The evolution of bacteriocin production in bacterial biofilms. Am. Nat. 178, E162–E173. doi: 10.1086/662668

 Chao, L., and Levin, B. R. (1981). Structured habitats and the evolution of anticompetitor toxins in bacteria. Proc. Natl. Acad. Sci. U.S.A. 78, 6324–6328. doi: 10.1073/pnas.78.10.6324

 Cornforth, D. M., and Foster, K. R. (2013). Competition sensing: the social side of bacterial stress responses. Nat. Rev. Microbiol. 11, 285–293. doi: 10.1038/nrmicro2977

 Cremer, J., Melbinger, A., and Frey, E. (2012). Growth dynamics and the evolution of cooperation in microbial populations. Sci. Rep. 2:281. doi: 10.1038/srep00281

 Czárán, T. L., Hoekstra, R. F., and Pagie, L. (2002). Chemical warfare between microbes promotes biodiversity. Proc. Natl. Acad. Sci. U.S.A. 99, 786–790. doi: 10.1073/pnas.012399899

 Dobson, A., Cotter, P. D., Ross, R. P., and Hill, C. (2012). Bacteriocin production: a probiotic trait? Appl. Environ. Microbiol. 78, 1–6. doi: 10.1128/AEM.05576-11

 Doekes, H. M., De Boer, R. J., and Hermsen, R. (2019). Toxin production spontaneously becomes regulated by local cell density in evolving bacterial populations. PLoS Comput. Biol. 15:e1007333. doi: 10.1371/journal.pcbi.1007333

 Durrett, R., and Levin, S. (1997). Allelopathy in spatially distributed populations. J. Theor. Biol. 185, 165–171. doi: 10.1006/jtbi.1996.0292

 Eibl-Eibesfeldt, I. (1961). The fighting behavior of animals. Sci. Am. 205, 112–123. doi: 10.1038/scientificamerican1261-112


 Frank, S. A. (1994). Spatial polymorphism of bacteriocins and other allelopathic traits. Evol. Ecol. 8, 369–386. doi: 10.1007/BF01238189


 Gardner, A., and West, S. A. (2004). Spite and the scale of competition. J. Evol. Biol. 17, 1195–1203. doi: 10.1111/j.1420-9101.2004.00775.x

 Gardner, A., West, S. A., and Buckling, A. (2004). Bacteriocins, spite and virulence. Proc. R. Soc. Lond. Ser. B Biol. Sci. 271, 1529–1535. doi: 10.1098/rspb.2004.2756

 Gebhart, D., Williams, S. R., Bishop-Lilly, K. A., Govoni, G. R., Willner, K. M., Butani, A., et al. (2012). Novel high-molecular-weight, r-type bacteriocins of clostridium difficile. J. Bacteriol. 194, 6240–6247. doi: 10.1128/JB.01272-12

 Georgiev, A. V., Klimczuk, A. C., Traficonte, D. M., and Maestripieri, D. (2013). When violence pays: a cost-benefit analysis of aggressive behavior in animals and humans. Evol. Psychol. 11:147470491301100313. doi: 10.1177/147470491301100313

 Glowacki, L., Wilson, M. L., and Wrangham, R. W. (2017). The evolutionary anthropology of war. J. Econ. Behav. Organ. 178, 963–982. doi: 10.1016/j.jebo.2017.09.014


 Granato, E. T., Meiller-Legrand, T. A., and Foster, K. R. (2019). The evolution and ecology of bacterial warfare. Curr. Biol. 29, R521–R537. doi: 10.1016/j.cub.2019.04.024

 Hallatschek, O., and Nelson, D. R. (2008). Gene surfing in expanding populations. Theor. Popul. Biol. 73, 158–170. doi: 10.1016/j.tpb.2007.08.008

 Hansen, A. J. (1986). Fighting behavior in bald eagles: a test of game theory. Ecology 67, 787–797. doi: 10.2307/1937701


 Hashem, I., and Van Impe, J. F. (2022a). Dishonest signaling in microbial conflicts. Front. Microbiol. 13:812763. doi: 10.3389/fmicb.2022.812763

 Hashem, I., and Van Impe, J. F. (2022b). A game theoretic analysis of the dual function of antibiotics. Front. Microbiol. 12:812788. doi: 10.3389/fmicb.2021.812788

 Hibbing, M. E., Fuqua, C., Parsek, M. R., and Peterson, S. B. (2010). Bacterial competition: surviving and thriving in the microbial jungle. Nat. Rev. Microbiol. 8, 15–25. doi: 10.1038/nrmicro2259

 Isbell, L. A. (1991). Contest and scramble competition: patterns of female aggression and ranging behavior among primates. Behav. Ecol. 2, 143–155. doi: 10.1093/beheco/2.2.143


 Koenig, A., and Borries, C. (2009). The lost dream of ecological determinism: time to say goodbye?…or a white queen's proposal? Evol. Anthropol. 18, 166–174. doi: 10.1002/evan.20225


 Kohanski, M. A., Dwyer, D. J., and Collins, J. J. (2010). How antibiotics kill bacteria: from targets to networks. Nat. Rev. Microbiol. 8, 423–435. doi: 10.1038/nrmicro2333

 Krahé, B. (2020). The Social Psychology of Aggression. London: Routledge. doi: 10.4324/9780429466496


 Kreft, J.-U. (2004). Biofilms promote altruism. Microbiology 150, 2751–2760. doi: 10.1099/mic.0.26829-0

 Kreft, J.-U., Picioreanu, C., Wimpenny, J. W., and van Loosdrecht, M. C. (2001). Individual-based modelling of biofilms. Microbiology 147, 2897–2912. doi: 10.1099/00221287-147-11-2897

 Kruuk, H., and Kruuk, S. (1972). The Spotted Hyena: A Study of Predation and Social Behavior. Number v. 11 in Phoenix Books. Chicago, IL: University of Chicago Press.


 LeRoux, M., Peterson, S. B., and Mougous, J. D. (2015). Bacterial danger sensing. J. Mol. Biol. 427, 3744–3753. doi: 10.1016/j.jmb.2015.09.018

 Madigan, M., Bender, K., Buckley, D., Sattley, W., and Stahl, D. (2018). Brock Biology of Microorganisms. London: Pearson.


 Magoroh, M. (2017). “The second cybernetics: deviation-amplifying mutual causal processes,” in Systems Research for Behavioral Sciencesystems Research ed W. Buckley (Routledge), 304–313.


 Maynard-Smith, P., Smith, T., Smith, J., Harper, D., and Harper, S. (2003). Animal Signals. Oxford Series in Ecology and Evolution. Oxford: Oxford University Press.


 Meinhardt, H., and Gierer, A. (2000). Pattern formation by local self-activation and lateral inhibition. Bioessays 22, 753–760. doi: 10.1002/1521-1878(200008)22:8&lt;753::AID-BIES9&gt;3.0.CO;2-Z

 Mitri, S., Clarke, E., and Foster, K. R. (2016). Resource limitation drives spatial organization in microbial groups. ISME J. 10, 1471–1482. doi: 10.1038/ismej.2015.208

 Mitri, S., Xavier, J. B., and Foster, K. R. (2011). Social evolution in multispecies biofilms. Proc. Natl. Acad. Sci. U.S.A. 108(Suppl. 2), 10839–10846. doi: 10.1073/pnas.1100292108

 Nadell, C. D., Foster, K. R., and Xavier, J. B. (2010). Emergence of spatial structure in cell groups and the evolution of cooperation. PLoS Comput. Biol. 6:e1000716. doi: 10.1371/journal.pcbi.1000716

 Nadell, C. D., Xavier, J. B., and Foster, K. R. (2008). The sociobiology of biofilms. FEMS Microbiol. Rev. 33, 206–224. doi: 10.1111/j.1574-6976.2008.00150.x

 Niehus, R. (2016). Evolution on the microbial battlefield (Ph.D. thesis). University of Oxford, Oxford, United Kingdom.


 Niehus, R., Oliveira, N. M., Li, A., Fletcher, A. G., and Foster, K. R. (2021). The evolution of strategy in bacterial warfare via the regulation of bacteriocins and antibiotics. Elife 10:e69756. doi: 10.7554/eLife.69756

 North, M. J., Collier, N. T., Ozik, J., Tatara, E. R., Macal, C. M., Bragen, M., and Sydelko, P. (2013). Complex adaptive systems modeling with repast simphony. Complex Adapt. Syst. Model. 1:3. doi: 10.1186/2194-3206-1-3


 Oprea, R., Henwood, K., and Friedman, D. (2011). Separating the hawks from the doves: evidence from continuous time laboratory games. J. Econ. Theory 146, 2206–2225. doi: 10.1016/j.jet.2011.10.014


 Picioreanu, C., Van Loosdrecht, M. C., and Heijnen, J. J. (1998). Mathematical modeling of biofilm structure with a hybrid differential-discrete cellular automaton approach. Biotechnol. Bioeng. 58, 101–116. doi: 10.1002/(SICI)1097-0290(19980405)58:1&lt;101::AID-BIT11&gt;3.0.CO;2-M

 Rankin, D. J., Bargum, K., and Kokko, H. (2007). The tragedy of the commons in evolutionary biology. Trends Ecol. Evol. 22, 643–651. doi: 10.1016/j.tree.2007.07.009

 Riley, M., and Chavan, M. (2006). Bacteriocins: Ecology and Evolution. Berlin; Heidelberg: Springer.


 Rillich, J., and Stevenson, P. A. (2019). Fight or flee? Lessons from insects on aggression. Neuroforum 25, 3–13. doi: 10.1515/nf-2017-0040


 Rolfe, M. D., Rice, C. J., Lucchini, S., Pin, C., Thompson, A., Cameron, A. D., et al. (2012). Lag phase is a distinct growth phase that prepares bacteria for exponential growth and involves transient metal accumulation. J. Bacteriol. 194, 686–701. doi: 10.1128/JB.06112-11

 Schluter, J., Schoech, A. P., Foster, K. R., and Mitri, S. (2016). The evolution of quorum sensing as a mechanism to infer kinship. PLoS Comput. Biol. 12:e1004848. doi: 10.1371/journal.pcbi.1004848

 Sestari, I., and Campos, M. L. (2021). Into a dilemma of plants: the antagonism between chemical defenses and growth. Plant Mol. Biol. 109, 469–482. doi: 10.1007/s11103-021-01213-0

 Shaw, C. E. (1948). The male combat" dance" of some crotalid snakes. Herpetologica 4, 137–145.


 Smith, J. M., and Price, G. R. (1973). The logic of animal conflict. Nature 246, 15–18. doi: 10.1038/246015a0


 Tack, I. L., Logist, F., Fernández, E. N., and Van Impe, J. F. (2015). An individual-based modeling approach to simulate the effects of cellular nutrient competition on Escherichia coli K-12 MG1655 colony behavior and interactions in aerobic structured food systems. Food Microbiol. 45(Pt B), 179–188. doi: 10.1016/j.fm.2014.05.003

 Tack, I. L., Nimmegeers, P., Akkermans, S., Hashem, I., and Van Impe, J. F. (2017). Simulation of Escherichia coli dynamics in biofilms and submerged colonies with an individual-based model including metabolic network information. Front. Microbiol. 8:2509. doi: 10.3389/fmicb.2017.02509

 Tainaka, K.-I., Yoshimura, J., and Rosenzweig, M. L. (2007). Do male orangutans play a hawk-dove game? Evol. Ecol. Res. 9, 1043–1049.


 van Lieshout, E., Elgar, M., and van Wilgenburg, E. (2005). Conflict resolution strategies in meat ants (Iridomyrmex purpureus): ritualised displays versus lethal fighting. Behaviour 142, 701–716. doi: 10.1163/1568539054729150


 Verhulst, A., Cappuyns, A., Van Derlinden, E., Bernaerts, K., and Van Impe, J. (2011). Analysis of the lag phase to exponential growth transition by incorporating inoculum characteristics. Food Microbiol. 28, 656–666. doi: 10.1016/j.fm.2010.07.014

 von Bronk, B., Schaffer, S. A., Götz, A., and Opitz, M. (2017). Effects of stochasticity and division of labor in toxin production on two-strain bacterial competition in Escherichia coli. PLoS Biol. 15:e2001457. doi: 10.1371/journal.pbio.2001457

 Ward, J., Wattis, J., Jabbari, S., Siggers, J., Kabayashi, R., Armitage, J., Godfrey, S., and Packer, H. (2005). Modelling the Development and Formation of Biofilms. Mathematics in Medicine Study Group.


 Weber, M. F., Poxleitner, G., Hebisch, E., Frey, E., and Opitz, M. (2014). Chemical warfare and survival strategies in bacterial range expansions. J. R. Soc. Interface 11:20140172. doi: 10.1098/rsif.2014.0172

 West, S. A., Griffin, A. S., Gardner, A., and Diggle, S. P. (2006). Social evolution theory for microorganisms. Nat. Rev. Microbiol. 4, 597–607. doi: 10.1038/nrmicro1461

 Wrangham, R. W. (1980). An ecological model of female-bonded primate groups. Behaviour 75, 262–300. doi: 10.1163/156853980X00447


 Xavier, J. B., and Foster, K. R. (2007). Cooperation and conflict in microbial biofilms. Proc. Natl. Acad. Sci. U.S.A. 104, 876–881. doi: 10.1073/pnas.0607651104

 Young, T., and Isbell, L. (2002). Ecological models of female social relationships in primates: similarities, disparities, and some directions for future clarity. Behaviour 139, 177–202. doi: 10.1163/156853902760102645






OPS/images/math_1.gif
(1= f)u— Ky TPy

[





OPS/xhtml/Nav.xhtml




Contents





		Cover



		The territorial nature of aggression in biofilms



		1. Introduction



		2. Model description



		2.1. Spatially mixed growth



		2.2. Invasion analysis



		2.3. Biofilm modeling







		3. Results and discussion



		3.1. Competition dynamics in a well-mixed system



		3.2. Competition dynamics in a biofilm



		3.2.1. Effect of varying toxins' diffusivities









		3.3. The territorial nature of microbial aggression







		Data availability statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher's note



		References

















OPS/images/inline_3.gif





OPS/images/math_3.gif
aTy
—= = afiuPy — prTy





OPS/images/math_2.gif
(1= fo)u — KyT1)Py

@





OPS/images/inline_2.gif
5x10%






OPS/images/inline_1.gif









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Microbiology





OPS/images/fmicb-13-878223-g005.gif





OPS/images/fmicb-13-878223-g006.gif





OPS/images/fmicb-13-878223-g003.gif





OPS/images/fmicb-13-878223-g004.gif





OPS/images/fmicb-13-878223-t001.jpg
Parameter Denotation

Ds
Dr

Value

Fraction of energy invested in 0.1

toxin production

Half saturation constant
Toxin’s killing rate
Toxin’s decay rate
Maximum growth rate
Growth yield

Toxin’s stiochiometric
coefficient

Substraté’s diffusivity

Toxin's diffusivity

5x 107" (mgl")

9x 107" (I mg toxin™ h')

107! (b)

L")

0.7 (mg bacteria/ mg nutrients™!)

4 (mg toxin/ mg bacteria’')

4% 10* (um? h'')
4% 10° (um® )





OPS/images/fmicb-13-878223-g007.gif





OPS/images/fmicb-13-878223-g008.gif





OPS/images/cover.jpg
& frontiers | Frontiers in Microbiology

The territorial nature of
aggression in biofilms





OPS/images/fmicb-13-878223-g001.gif





OPS/images/fmicb-13-878223-g002.gif





OPS/images/math_5.gif
©®)





OPS/images/math_4.gif
afyuPy — BTy

@





OPS/images/math_7.gif





OPS/images/math_6.gif
= max:

N+ Kn

®)





