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Methods for McNally et al. “Killing by Type VI secretion drives clonal 
phase separation and the evolution of cooperation”. 

 

 

Individual based simulation model. We randomly seeded a 500x500 lattice with an equal 

number of red and blue cells. Every time step, 5% of the cells were randomly chosen to activate their 

T6SS systems, killing any adjacent (eight cells surrounding the focal cell) cells of the opposite color. 

Similarly, 5% of the cells in the landscape were randomly chosen to attempt to reproduce, filling up to 

one adjacent unoccupied patch with a cell of its color. Reproduction was aborted if all neighboring 

patches were occupied. Within each time step, model updates were propagated sequentially across 

rows, starting with the first position in the upper left corner. This model was coded in Python and is 

available upon request.  

Ising spin model. We randomly seeded a 500x500 lattice with an equal number of “1” and “-1” 

entries, representing “up” and “down” magnetic spins. The eight nearest neighbors of each point in the 

lattice are summed and multiplied by the entry they circumscribe—if an entry is surrounded by 

neighbors of its own type, the resultant quantity (the Hamiltonian “H”) is 8; if surrounded by neighbors 

opposite its own type, -8. We randomly choose a spin in the lattice and calculate Hold and Hnew, where 

Hnew is the Hamiltonian if the chosen spin were to flip, and Hold the Hamiltonian if the spin were to 

remain unflipped.   

Each spin flips independently, so flipping one spin does not change the sum of its eight nearest 

neighbors. Because the Hamiltonian for each entry, however, is the product of that sum with the entry 

itself, the net effect is simply to add a minus sign. Thus, the difference between the energy for the 

flipped spin and the unflipped spin is ∆𝐻𝐻 = 𝐻𝐻𝑛𝑛𝑛𝑛𝑛𝑛 − 𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 = 𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 − 𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 = −2𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜  
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With this quantity calculated for our randomly-chosen spin, we finally calculate 𝑒𝑒−∆𝐻𝐻 =  𝑒𝑒2𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 , 

and compare it to a random number between 0 and 1—if and only if it is larger, the spin will flip1. This 

process is applied iteratively, and after 500^2 possible flips, one time-step is said to have passed. In the 

above discussion, the Hamiltonian is expressed in units of 𝑘𝑘𝐵𝐵 ∗ 𝑇𝑇. This proportionality can be adjusted to 

modify the speed of convergence to the phase-separated state; our simulation used a ratio of unity. No 

external field was applied. This model was coded in Mathematica and is available upon request.  

PDE model. See Supplementary Equations 1-3 for a full description of the model. Equations were 

numerically evaluated in R. Parameter values for figures and videos are as follows: Figures 1 and 2 and 

Supplementary Movie 2: r = 2, s = 2, αAB = 0.5, αBA = 0.5, d = 0.01; Figure S3: r = 2, s = 2, αAB = 0.5, αBA = 

0.5; Supplementary Movie 4: r = 2, s = 2, αAB = 0.5, αBA = 0.5, and d as indicated in the panels; Figure 3 

and Supplementary Movie 5: r = 2, s = 2, αAB = 0.5, αBA = 0.5, d = 0.01, b = 1.9, c = 0.1, D = 0.1, λ = 100, ρ 

= 100. 

Bacterial strains and culture conditions.  The bacterial strains used in this study are shown in 

Table S1. V. cholerae fluorescence reporter constructs were chromosomally-integrated and gene 

deletions and promoter replacements were constructed by allelic exchange as described and verified by 

Sanger sequencing2-4. V. cholerae was routinely grown at 30oC in LB liquid medium supplemented with 

50 μg/ml of kanamycin or 150 μg/mL spectinomycin when appropriate. For confocal microscopy 

experiments, overnight cultures were mixed and 0.5 µl was inoculated onto LB agar (1.5%) pads on glass 

slides, and incubated at 17oC, 25oC, or 30oC for 24 h. C6706 and 692-79 were inoculated at a 1:6 initial 

ratio, as T6SS+ C6706 is more competitive than T6SS+ 692-79 under our assay conditions (it grew from an 

inoculation ratio of 16.6% to constitute an average of 40-62% of each colony at all three temperatures). 

To visualize less-advanced stages of phase separation, we used a 1:8 initial ratio of strain C6706 to 692-
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79. For all images, we show C6706 in red and 692-79 in blue.  As expected2, our results were unaltered 

when performed with fluorescence reporters swapped between strains (data not shown). 

Microscopy and image analysis. Laser fluorescence confocal microscopy was performed with a 

Nikon A1R. The filters used were FITC (for detecting mTFP1, cyan) and TRITC (for detecting mKO, 

orange).  Full colony images were captured in one z-plane using the 20x Plan Apo objective lens and a 2x 

internal multiplier was applied to capture close-up images. The Galvano scanner was used to scan 

2048X2048 pixels on all images in order to maximize resolution. For every sample, the top and bottom 

of the colony was located, and a plane in the middle was imaged. The images were stitched and 

channels were merged using NIS Elements software.  To eliminate issues with red-green 

colourblindness, we present green fluorescence in images as blue.  

To calculate the structure factor, S(q), we start with an image from a simulation or experiment, 

I(x,y). S(qx,qy) is the absolute value of the Fourier Transform of I(x,y), squared 𝑆𝑆�𝑞𝑞𝑥𝑥 , 𝑞𝑞𝑦𝑦� =

�∫ 𝐼𝐼(𝑥𝑥,𝑦𝑦)𝑒𝑒−2𝜋𝜋𝑞𝑞�⃗ ∙𝑟𝑟𝑑𝑑𝑥𝑥𝑑𝑑𝑦𝑦�
2

, where qx and qy are spatial frequencies in the x- and y- directions, 

respectively. We then radially average S(qx,qy), 𝑆𝑆(𝑞𝑞) = ∫ 𝑆𝑆�𝑞𝑞𝑥𝑥 ,𝑞𝑞𝑦𝑦�𝑑𝑑𝑑𝑑. 

To calculate the assortment (r) of the genotype over interaction radius h, we again start out with 

a binarized image from a simulation or experiment I(x,y) in which we set values of the focal strain g to 1 

and the competitor strain c to -1. We first convolved I(x,y) with a kernel in which all positions other than 

the center were set to 1, and the center set to –((2h+1)2-1), generating the transformed matrix C(x,y). 

For example, the kernel for distance h of 1 would be  
1 1 1
1 −8 1
1 1 1

. Edges within distance h were trimmed. 

For each interaction radius h (which ranged from 1-36), we calculated the assortment r of the focal 

strain g as 𝑟𝑟𝑔𝑔= (1 − 𝐶𝐶(𝑥𝑥,𝑦𝑦)𝑔𝑔�����������

2((2ℎ+1)2−1))
− �̅�𝑔)/(1 − �̅�𝑔). r is thus the mean frequency of g within interaction 

radius h, relative to frequency of g in the population as a whole. r, which ranges from -1 to 1, describes 
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the spatial association of each genotype above or below what would be expected from random 

associations (r = 0). This definition of assortment is commonly used in social evolution studies, and is 

conceptually analogous to Hamiltonian relatedness5-7. Similarly, we calculated the assortment of the 

competitor strain c as 𝑟𝑟𝑐𝑐=(1 − |𝐶𝐶(𝑥𝑥,𝑦𝑦)𝑐𝑐|������������

2((2ℎ+1)2−1))
− 𝑐𝑐̅)/(1 − 𝑐𝑐̅).  

Phylogenetic analysis. We gathered data on the presence of putative T6SSs and effectors across 

proteobacterial genomes from the SecReT6 database8. We restricted our analysis to genera in which there 

has been experimental verification of the presence of at least one T6SS in at least one strain in SecReT68. 

This gave data for a total of 439 genomes from the Proterobacteria and Bacteroidetes of the genera 

Acidovorax (N = 5), Acinetobacter (N = 19), Aeromonas (N = 4), Agrobacterium (N = 4), Azoarcus (N = 2), 

Bacteroides (N = 9), Bordetella (N = 10), Burkholderia (N = 38), Campylobacter (N = 24), Citrobacter (N = 

2), Edwardsiella (N = 4), Enterobacter (N = 11), Escherichia (N = 59), Flavobacterium (N = 5), Francisella (N 

= 19), Helicobacter (N = 59), Methylomonas (N = 1), Myxococcus (N = 3), Pectobacterium (N = 5), Proteus 

(N = 2), Pseudomonas (N = 53), Ralstonia (N = 10), Salmonella (N = 41), Serratia (N = 9), Vibrio (N = 22), 

and Yersinia (N = 19). For each genome we also recorded the genome size and secretome size (number of 

genes coding for secreted proteins) from PSORTdb9. Any T6SS effectors identified in SecReT6 were 

removed from secretome size counts from PSORTdb to avoid creating a spurious correlation owing to 

double counting of effectors. Scatterplots of all raw data are shown in supplementary Figure S4. To control 

for the phylogenetic relationships among strains we used the SUPERFAMILY phylogeny10, which we 

ultrametricised using the chronpl function in ape11. The data and phylogeny used are included in 

supplementary data files 1 and 2.  

We used a BPMM approach to test for an evolutionary association between T6SSs and secretome 

size. Analyses were implemented in R using the package MCMCglmm12. We treated secretome size as a 

binomial response variable, expressing it as a proportion of genome size. In all models we included 
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phylogeny as a random effect to control for the shared evolutionary history of strains, and also included 

a residual random effect to account for overdispersion. For fixed effects we used an uninformative 

normally distributed prior with mean 0 and variance of 10^8. For the phylogenetic and residual variances 

we used an uninformative inverse gamma prior with shape and scale both set to 0.001. We ran all models 

for 6,000,000 iterations with a burn-in of 1,000,000, and thinning interval of 1,000 iterations. We used 

visual inspection of traces, as well as the Gelman-Rubin test13,14 on 3 independent chains to assess model 

convergence. In all cases the potential scale reduction factor was less than 1.03. We first fit a model 

including both the number of T6SSs and number of T6SS effectors as fixed effects (Table S2). To test the 

sensitivity of our results we also fit univariate models with number of T6SSs and number of T6SS effectors 

as fixed effects in isolation (Tables S3 and S4). Finally, to control for the potential of non-linear scaling of 

secretome size with genome size we ran a model with number of T6SSs, number of T6SS effectors, and 

the log of genome size as fixed effects (Table S5). In all cases both the numbers of T6SSs and T6SS effectors 

show significant associations with secretome size. Statistics quoted are posterior modes, 95% credible 

intervals, and pMCMC a Bayesian equivalent to the frequentist p-value, which is set as twice whichever is 

smaller of the proportion of posterior samples above or below zero. 
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