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Abstract

In nature, most microbial populations have complex spatial structures that can affect their

evolution. Evolutionary graph theory predicts that some spatial structures modelled by plac-

ing individuals on the nodes of a graph affect the probability that a mutant will fix. Evolution

experiments are beginning to explicitly address the impact of graph structures on mutant fix-

ation. However, the assumptions of evolutionary graph theory differ from the conditions of

modern evolution experiments, making the comparison between theory and experiment

challenging. Here, we aim to bridge this gap by using our new model of spatially structured

populations. This model considers connected subpopulations that lie on the nodes of a

graph, and allows asymmetric migrations. It can handle large populations, and explicitly

models serial passage events with migrations, thus closely mimicking experimental condi-

tions. We analyze recent experiments in light of this model. We suggest useful parameter

regimes for future experiments, and we make quantitative predictions for these experi-

ments. In particular, we propose experiments to directly test our recent prediction that the

star graph with asymmetric migrations suppresses natural selection and can accelerate

mutant fixation or extinction, compared to a well-mixed population.

Author summary

Predicting how mutations spread through a population and eventually take over is impor-

tant for understanding evolution. Complex spatial structures are ubiquitous in natural

microbial populations, and can impact the fate of mutants. Theoretical models have been

developed to describe this effect. They predict that some spatial structures have mutant

fixation probabilities that differ from those of well-mixed populations. Experiments are

beginning to probe these effects in the laboratory. However, there is a disconnect between

models and experiments, because they consider different conditions. In this work, we con-

nect them through a new model that closely matches experimental conditions. We analyze
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recent experiments and propose new ones that should allow testing the effects of complex

population spatial structures on mutant fate.

Introduction

Most natural microbial populations possess complex spatial structures. For example, patho-

gens evolve within each host and are transmitted between hosts during epidemics [1], an

important fraction of bacteria and archaea live in biofilms [2], the gut microbiota occupies dif-

ferent habitats within the gut [3] and evolves there [4, 5], and the soil microbiota exhibits com-

plex spatial patterns correlated with environmental factors [6]. In this light, it is important to

understand the impact of the spatial structure of populations on their evolution.

In population genetics theory, populations divided into multiple well-mixed demes (i.e.

subpopulations) connected by migrations have long been studied [7, 8]. Most models assume

that migrations are symmetric enough to maintain the overall mutant fraction. Under this

hypothesis, the fixation probability of a mutant is not impacted by spatial structure [9, 10],

unless deme extinctions occur [11, 12]. Note however that several studies determining the

effective population sizes of structured populations considered more general migration pat-

terns [13–16], but their focus was mainly on neutral evolution [11, 14, 15]. Evolutionary graph

theory allows to model more complex spatial structures [17, 18]. It assumes that each individ-

ual is located on a node of a graph, and that birth and death events occur according to a spe-

cific update rule which ensures that exactly one individual sits on each node at all times.

Evolutionary graph theory shows that some spatial structures can impact mutant fixation

probability [17]. Different update rules yield different evolutionary outcomes [19, 20]. For

instance, the star graph can amplify or suppress natural selection depending on the update

rule [19, 21, 22]. More general models inspired by evolutionary graph theory assume that a

well-mixed deme with constant size sits on each node of a graph, and use similar update rules

as models with single individuals on nodes [23–27]. In these models, migration is either always

coupled to birth and death events [23–27], or independent from them but constrained to be

symmetric [27].

Modern evolution experiments [28–36] allow to investigate evolution in the lab. In particu-

lar, some experiments have investigated the impact of spatial structure on evolution, imple-

menting spatial structure through transfers between well-mixed cultures [31–33, 35, 36]. A

recent seminal study explicitly considered different graph structures, including the star graph

[35]. In this exciting context, there is a strong disconnect between theoretical predictions and

experiments. Experiments allow for complex structures and asymmetric migrations [35], thus

going beyond traditional population genetics models [7–10]. Evolutionary graph theory

assumes that the size of each deme is strictly constant (generally set to one, or to a fixed num-

ber in generalizations). This is not the case in experiments, which generally employ batch cul-

ture with serial passages (also called serial transfers), alternating phases of growth and

bottlenecks [28–36]. Furthermore, these experiments do not have update rules or strict cou-

plings between birth, death and migration events, in contrast to evolutionary graph theory.

We recently developed a new model of spatially structured populations on graphs, which

explicitly models serial passages with migrations, allows asymmetric migrations, and can han-

dle large population sizes [37]. This makes it ideal to model current experiments, such as those

performed in [35], and to make quantitative predictions for future experiments. Formally, our

model is close to a structured Wright-Fisher model, thus bridging classical population genetics

models [7–11] and evolutionary graph theory [17, 19, 20].
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Here, we use our model to simulate and analyze the seminal experiments performed in [35]

on the impact of complex spatial population structures on mutant fate. We find that in the

conditions of this experiment, mutant fixation is systematic, and features intermediate plateaus

corresponding to gradual mutant spread if migrations are relatively rare. We further show that

the time evolution of the mutant fraction is well-described by a simple deterministic model.

We conclude that no amplification or suppression of selection can be observed in this parame-

ter regime. Next, we use our model to make quantitative suggestions for future experiments on

the effect of spatial structure on mutant fate. We propose specific parameter regimes that

should allow to observe suppression of selection and acceleration of fixation or extinction

dynamics in the star compared to a well-mixed population. We make detailed and experimen-

tally testable predictions in this parameter regime.

Results

Modeling evolution experiments in spatially structured populations with

serial passage

Key ingredients and steps of the model. In our recent paper [37], we developed a model

describing the evolution of spatially structured populations composed of well-mixed subpopu-

lations or demes, each placed on a node of a graph. This model explicitly takes into account

the serial passage protocol commonly used in modern evolution experiments [28–36]. In par-

ticular, such a protocol was used in the recent study [35] to investigate the impact of different

spatial structures on the fate of beneficial mutants. In “Model and methods”, we describe our

model step by step and we relate it to the experiments of [35] (see also [37] for model details).

Our model is illustrated in the top panel of Fig 1, and the spatial structures we consider here

are presented in the bottom panel of Fig 1.

Briefly, we consider D well-mixed demes, all with a bottleneck size that fluctuates around a

value B, set by the serial passage protocol. In this spatial structure, two types of individuals are

in competition: wild-types, and beneficial mutants that have a relative fitness advantage s over

wild-types.

Starting from a bottleneck, demes first undergo a phase of local exponential growth for a

fixed time t. This time essentially represents the time between two successive serial passage

events. As we do not take into account the possible slowdown of growth due to entry in sta-

tionary phase, t in fact represents the time of exponential growth that would correspond to the

actual growth between two successive serial passage events. It is during the growth phase that

the fitness advantage of mutants matters: their growth rate is (1 + s) times larger than that of

wild-types. As a result, in demes where mutants were present at the bottleneck, the fraction of

mutants increases during the growth phase. This variation of mutant fraction only depends on

the product st of s and t, which we will thus refer to as the effective fitness advantage (see

“Model and methods”).

Then, serial passage with spatial structure is performed through simultaneous dilution and

migration events. Specifically, it is modeled as binomial samplings of wild-types and mutants

from and to each deme, performed according to migration probabilities mij set along each

edge (ij) of the graph representing the spatial structure. This serial passage step leads to a new

bottleneck state in the spatially structured population. In this new bottleneck state, each deme

again has a size around B, and is composed of individuals that originate from this deme and

from others, according to the chosen migration probabilities. Note that our model incorpo-

rates fluctuations of bottleneck size and composition, consistently with experiments.

Link to other models, and summary of previous results. Many traditional population

genetics models assume that migrations are symmetric enough to preserve the overall mutant
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fraction in the population [7, 9, 10], a condition known as conservative migration [38]. In our

framework, assuming that average bottleneck size B is the same for each deme, i.e.
PD

j¼1
mji ¼

1 for any deme i, and neglecting deme size variations, the conservative migration condition

reads
P

i x
0
i ¼
P

i;j x
0
imij for all possible sets of mutant fractions x0i after growth. It leads to ∑j

mij = 1 = ∑j mji for all i. This corresponds to circulation graphs, where each deme has equal

total incoming and outgoing migration flows. Note that the same conclusion holds assuming

that ∑j mij = 1 for all i instead of ∑j mji = 1 for all i. Our model allows us to consider more com-

plex spatial structures, in the form of graphs that are not circulations. In other words, it allows

us to consider asymmetric migrations that do not necessarily preserve overall mutant fraction.

Furthermore, our model enables us to treat any connected graph with migration probabilities

along its edges. It generalizes over evolutionary graph theory [17] and its extensions to nodes

comprising multiple individuals [23–27], which assume specific update rules that exactly pre-

serve population size.

We previously showed that our model recovers the predictions of evolutionary graph theory

regarding amplification or suppression of selection in the star graph, in the limit of rare migra-

tions and for specific migration asymmetries matching those implicitly imposed by update

rules [37, 39]. Furthermore, for circulation graphs, we showed that our model recovers Mar-

uyama’s theorem [9, 10] of population genetics and generalizes the circulation theorem [17] of

Fig 1. Model and spatial structures considered. Top: schematic of one elementary step of our serial dilution model [37] for a structured population with three

demes, initialized with one fully mutant (orange) deme. Starting from a bottleneck, each deme first undergoes a phase of growth. Then, dilution and migration,

modeling serial passing with exchanges between demes, occur along the edges of the graph, according to migration probabilities. This yields a new bottleneck state.

Bottom: spatial structures considered. From left to right: a well-mixed population, the clique (or complete graph, or island model [7]) and the star. Arrows represent

migrations, and their probabilities are shown. In the clique, migrations probabilities between different demes are all equal to m. In the star, the outgoing migration

probability from the center to a leaf is mO, and the incoming migration probability from a leaf to the center is mI = αmO.

https://doi.org/10.1371/journal.pcbi.1012424.g001
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evolutionary graph theory, both for rare migrations [39] and for frequent migrations in the

branching process regime [37].

Analysis of the experiments performed in [35]

Recent innovative experiments described in [35] tracked the fraction of an antibiotic resistant

mutant with substantial fitness advantage, as it spreads through a star or a clique network,

with various migration intensities. Our serial dilution model is close to the experimental proto-

col from [35], as both rely on successive steps of local growth in each node followed by bottle-

necks with exchanges between demes. In [35], it was found that the overall mutant fraction,

measured at the bottleneck, can grow faster in a star structure than in a clique, when mutants

are initially placed in a leaf, under relatively rare migrations. Measurements of the mutant frac-

tion were performed during 7 to 9 bottlenecks, and show important variability across

replicates.

What does our model predict for the experiments performed in [35], in particular for their

long-term outcome? To address this question, we perform numerical simulations of our

model with parameters corresponding to the experiments of [35], see “Model and methods”

for details of these parameter choices. In particular, there are D = 4 demes, each with average

bottleneck size B = 107, one of them is initialized with 104 mutants out of 107 individuals, the

selective advantage of mutants is s = 0.2 and the growth time is t = log(100). Importantly, with

such a large effective selective advantage and such a large initial number of mutants, mutant

fixation would be certain both in an isolated deme and in a well-mixed population with DB
individuals, as shown by the fixation probability in Eq 2 of “Model and methods”.

Our serial dilution model usually assumes soft selection (see “Model and methods” for

details). Indeed, the total size of demes after growth does not directly affect their contributions

to the next bottleneck state [40]. It is challenging to exactly map the experiments in [35] to soft

or hard selection. Having complete growth curves for both the mutant and the wild-type in the

experimental conditions would be very valuable to this end. However, an experimentally

observed difference in optical density of the mutant and non-mutant demes after growth [41]

rather points to hard selection, given the fixed dilution factor employed [35]. Thus, we

extended our model to implement hard selection. All our main conclusions are robust to con-

sidering either version of the model. Therefore, we focus in the main text on the soft selection

version of our model, as in [37]. The hard selection version is presented in the S1 Text and in

S1 Fig.

Choosing the reference: Clique or well-mixed population. Previous theoretical works

have compared the fixation of a mutant in a structured population to that in well-mixed popu-

lations, with the same total number of individuals, but placed in a unique deme, and with the

same initial overall mutant fraction [9, 10, 37, 39]. Indeed, taking the well-mixed population as

reference allows to best assess the impact of spatial structure. In our previous work [37], we

further considered a graph structure called the clique, also known as the island model [7],

which is a fully connected graph with equal migration intensities between all demes (see Fig 1).

Due to its strong symmetry, this structure displays some remarkable properties. In particular,

the fixation probability of a mutant in a clique is the same as in a well-mixed population [9, 10,

37]. In [35], the term “well-mixed” was used to refer to a clique, and the evolution of mutant

fraction was tracked in two structured populations: the star and the clique. Choosing the clique

rather than a true well-mixed population as a reference is experimentally relevant because bac-

terial physiology and growth are impacted by the shape, size, and volume of the culture flask

[42–44]. Therefore, several factors other than spatial structure would need to be taken into

account to analyze experiments comparing mutant growth in a homogeneous well-mixed
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population to that in several flasks with smaller volumes. In the following, we retain the termi-

nology of [37], referring to the fully connected graph as a clique. For the sake of completeness,

we show the results of our model for both reference structures, namely the well-mixed popula-

tion and the clique, even though only the clique was considered in experiments [35].

Systematic mutant fixation with intermediate plateaus. Fig 2 shows our simulation

results for the time evolution of the mutant fraction in the clique, and in the star with migra-

tion asymmetry α = mI/mO set to 3 (see Fig 1, bottom panel). Our top right panel corresponds

to the experimental results shown in Fig 3 of [35], in the “IN>OUT” setting. The migration

probability mO in our Fig 1 corresponds to their migration intensity: for instance, mO = 10−5

means that their migration intensity is equal to 0.001%.

We observe that in all cases, fixation is reached. This is due to the large effective selective

advantage and the large initial number of mutants.

Furthermore, Fig 2 shows that, if migrations are frequent, the time evolution of mutant

fraction in a structured population is extremely similar to that in a well-mixed population with

size DB. This holds both in the clique and in the star. For less frequent migrations, fixation

becomes slower, because it takes time for mutants to migrate from their initial demes to other

ones. For the rarest migrations considered, we observe intermediate plateaus of mutant frac-

tion, which correspond to successive fixation events in each deme. This is qualitatively remi-

niscent of the rare migration regime [37, 39], where fixation occurs sequentially. Note

however that our theoretical definition of the rare migration regime is more stringent, as it

requires that any migration (even of a single cell) is rare during fixation [37, 39]. Both for the

clique and for the star, a first plateau with mutant fraction 0.25 is reached, corresponding to

one deme out of four having fixed the mutant, while others are still wild-type. We checked that

this deme is the one where mutants started. This is consistent with the experimental observa-

tions in [35], where plateaus are observed in the low migration intensity regime in Fig 3. After

this first step, trajectories differ for the clique and for the star, if the mutants starts from a leaf

of the star (which is the case in [35]). Indeed, in the clique, mutants can migrate to any other

deme from the one where mutants started. Meanwhile, in the star, if mutants started in a leaf,

they first spread to the center before being able to spread to other leaves, which leads to a sec-

ond plateau. Thus, in the star, we observe no second plateau if mutants start in the center,

while a second plateau exists at mutant fraction 0.5 if mutants start in a leaf, see Fig 2. Note

that, when mutants start in the center, the overall trajectory looks identical to that observed in

the clique. Indeed, once the starting deme is dominated by mutants, spreading to all leaves in

the star is as fast as spreading to all other demes in the clique, since we chose m = mO, following

Ref. [35]. When choosing uniformly at random the deme where mutants start, we thus obtain

a plateau around mutant fraction 0.5 × 3/4 + 1/4 = 0.625. Note that in [35], only the first pla-

teau was observed because experiments were then stopped.

Quasi-deterministic behavior. An important observation in Fig 2 is that there is little var-

iability between trajectories. Indeed, standard deviations are small. Accordingly, examining

individual trajectories confirms that they are rather similar, see S2 Fig. Thus motivated, we

proposed a simple deterministic model for the time evolution of mutant fraction (see “Model

and methods”). Fig 2 shows a good overall agreement between the predictions of this deter-

ministic model and the average of stochastic simulations. Thus, in the regime considered in

[35], the main features of the growth of mutant fraction are well-captured by a simple deter-

ministic model. Fig 2 and S2 Fig also show that the variability across trajectories becomes

larger when migrations are rarer, as the stochasticity of individual migration events starts to

matter. The largest variability is observed at the last step of mutant spread starting from a leaf

in the star (S2 Fig, right panel), when the randomness of relatively rare migrations compounds

over two steps of deme invasion. A slight discrepancy between deterministic predictions and
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the average of stochastic simulations is visible at this last step, when stochasticity becomes

more important (see Fig 2).

Since fixation is certain and the time evolution of mutant fraction is essentially determin-

istic in the parameter regime considered in [35], we do not predict amplification or suppres-

sion of natural selection for these parameters. Whatever the spatial structure, fixation

probability is extremely close to one. Furthermore, Fig 2 shows that fixation is slower in the cli-

que and in the star than in the well-mixed population. Here, spatial structure slows down

mutant fixation, all the more that migrations are rare. We do not find that the mutant fraction

increases faster in the star starting from a leaf than in the clique with similar migration

Fig 2. Growth of the mutant fraction in different structures. As in [35], we consider a clique and a star with D = 4 demes of bottleneck size B = 107 each, where 104

mutants with effective fitness advantage st = 0.2 log(100) are initially placed in one deme. This deme is the center (top left), a leaf (top right), or chosen uniformly at

random (bottom). As a reference, we also consider a well-mixed population of total bottleneck size DB = 4 × 107, initialized with 104 mutants. In each case, we report the

mutant fraction versus time (expressed in number of bottleneck steps). We consider different migration probabilities m for the clique and mO for the star, keeping α =

mI/mO = 3 for the star. Markers are simulation results averaged over 100 trajectories, and error bars report the standard deviation. Note that all trajectories resulted in

mutant fixation. Lines show the predictions from our deterministic model.

https://doi.org/10.1371/journal.pcbi.1012424.g002
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probabilities. This is at variance with the observations of [35] for the rarest migrations consid-

ered, suggesting that other effects were at play in these experiments. Note however that a faster

increase of mutant fraction in the star than in the clique can be observed from the first plateau

for mutants starting from the center if mO>m, where m is the migration probability between

two demes in the clique (see S3 Fig). Indeed, this allows them to spread faster from their initial

deme than in the clique. This would also be the case for mutants starting from a leaf if mI>

3m.

The results in Fig 2 correspond to α = 3. Ref. [35] explored the impact of various migration

asymmetries α and also considered smaller bottleneck deme sizes B = 105. For completeness,

we show our results for B = 107 and α = 1/3 in S3 Fig, and for B = 105 and α = 3 in S4 Fig.

These two figures correspond respectively to Fig 3 from [35], in the “OUT>IN” setting, for

high (1%) and low (0.001%) migration intensities, and to Fig 6 from [35]. In these cases, our

results are qualitatively similar to those of Fig 2, but stochasticity becomes more important for

the smaller population size B = 105.

Suggestions for experiments on the effect of spatial structure on mutant

fate

Goals and relevant regimes. How to best choose experimental conditions to investigate

the impact of spatial structure on mutant fate? Our model allows us to directly address this

question. It is of particular interest to design experiments that may evidence amplification or

suppression of natural selection by spatial structure. Given the experimental challenges associ-

ated with comparing the well-mixed population to structured ones (see above), these effects

are defined by comparing the probability of mutation fixation in a spatially structured popula-

tion to those observed in the clique. Amplification (resp. suppression) means that beneficial

mutations are more likely (resp. less likely) to fix in the structured population than in the cli-

que, and vice-versa for deleterious mutations.

To observe these effects, it is best to choose parameter regimes where fixation probabilities

in the well-mixed population and in the clique are intermediate. With beneficial mutants, this

requires starting with few mutants, so that extinction can occur due to stochastic fluctuations.

Alternatively, one can consider small effective selective advantages, even with larger initial

numbers of mutants—neutral mutants have a fixation probability equal to their initial fraction.

These conditions can be checked in the fixation probability in Eq 2 of “Model and methods”: if

the product of the initial number n of mutants and of the effective mutant fitness advantage st
is large, the fixation probability becomes close to one. Thus, to have an intermediate fixation

probability, this product needs to be small. Starting with small but controlled initial numbers

of mutants (ideally, one single mutant) is experimentally challenging and would result in

mutant extinction in a large fraction of experimental replicates. For simplicity, we propose

experiments starting from one fully mutant deme, but with small mutant fitness advantages.

However, small fitness differences entail that trajectories will feature strong fluctuations, and

that fixation or extinction will take a long time (this would also be a concern starting with few

mutants). For experiments not to be overly long, we suggest using small bottleneck sizes. Small

populations also have the advantage that de novo mutations are rarer than in large populations,

allowing to observe the dynamics of preexisting mutant lineages without interference for a lon-

ger time.

The star with asymmetric migrations suppresses selection and can accelerate fixation

and extinction. Let us thus investigate fixation probabilities and fixation times in the star in

this regime of parameters. We choose B = 100 as the average deme bottleneck size, and we take

D = 5 demes. Note that increasing D increases the difference between the star and the clique,
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but large D would make experiments more technically involved, and D = 4 was considered in

[35]. Note also that bottleneck sizes are often much larger in evolution experiments, but popu-

lations with bottleneck sizes of 5000 were considered in [31]. We also choose migration proba-

bilities that are not too small to avoid slowing down the dynamics. In practice, we take mI =

0.05. Fig 3, top panel, shows the fixation probability versus the effective fitness advantage st in

the star, starting from one fully mutant deme, for different migration asymmetries α = mI/mO.

We compare with results for the clique and the well-mixed population. We find that beneficial

mutants are less likely to fix in the star than in the well-mixed population or in the clique: the

star suppresses natural selection for α 6¼ 1. This is consistent with our previous results in the

branching process regime, where mutant fractions are small, while B� 1, 1/B� st� 1, and

migrations are not too rare [37]. Here, we observe that they extend beyond this regime. Note

Fig 3. Mutant fixation and extinction in different structures. Mutant fixation probability (top), average extinction time (bottom left) and average fixation time

(bottom right) are plotted as a function of the effective fitness advantage st of the mutant. We consider a star and a clique with D = 5 demes of size B = 100, initialized

with one fully mutant deme chosen uniformly at random. For reference, we also consider a well-mixed population of size DB = 500, initialized with 100 mutants. For

the star, we take different values of α = mI/mO, always with mI = 0.05. For the clique, we choose m = 0.02 so that the sum of all exchanges between demes is the same in

the clique as in the star for α = 1. Markers are simulation results, obtained over at least 100,000 realizations. Lines linking markers are guides for the eye. The values of

α are indicated to the right of the top panel, highlighting the non-monotonous order of the plots.

https://doi.org/10.1371/journal.pcbi.1012424.g003
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that for α = 1, the star behaves very similarly to a well-mixed population. The star is then a cir-

culation [17], and this is consistent with our results for such graphs [37]. Note also that the

predictions of evolutionary graph theory, including the amplifier behavior of the star for some

migration asymmetries matching the Birth-death update rules, are recovered in the rare migra-

tion regime [37, 39]. However, rare migrations are problematic for experiments because

mutant spread is then very slow, so we do not consider them here. We further observe that

suppression of selection is stronger if α is smaller.

Fig 3, bottom panels, shows the extinction time and fixation time versus the effective fitness

advantage st. We compare the extinction and fixation times in the star to those in the well-

mixed population and in the clique with the same total migration intensity between demes.

We observe that both extinction and fixation are slower in the star for large values of α, and

faster for small values of α. Because here we varied α at constant mI by setting mO = mI/α, large

α means small mO, which slows down mutant spread. The acceleration observed for smaller α
and larger migration probabilities is consistent with our previous results in the branching pro-

cess regime [37]. However, this effect was not predicted by evolutionary graph theory, where

each node of the graph structure is occupied by a single individual. Indeed, the fixation time

for a mutant is slower in other graphs than in the clique of the same size [45–47], and scales

differently with graph size [48].

Based on Fig 3, the best choice to observe a strong effect of spatial structure on mutant fate

is to take small values of α. This also has the advantage of minimizing experimental duration,

which nevertheless remains large—on the order of a few hundreds of bottleneck steps to see

fixation or extinction.

The results shown in Fig 3 are based on considering an initial mutant deme chosen uni-

formly at random. We also report results obtained when starting from a mutant center, see S5

Fig, or a mutant leaf, see S6 Fig. In particular, for small α, the fixation probability starting from

a mutant center is larger than in a well-mixed population or in the clique, while the opposite

holds when starting from a mutant leaf. Experiments contrasting these two cases would be

interesting.

We emphasize that our predictions of suppression of selection and of acceleration of extinc-

tion and of fixation are really associated to the spatial structure of the star, and more precisely,

to the asymmetry of migrations represented by α. Indeed, in the clique, no such effect is

observed, see S7 Fig. Note that the clique is a circulation graph (as well as the star with α = 1),

and has a fixation probability which is very close to that of the well-mixed population. In fact,

in the branching process regime, we showed that all circulations have the same fixation proba-

bility as the well-mixed population [37]. However, simulations show that fixation is slower in

the clique than in the well-mixed population, as long as migration intensity is small. When

migration intensity becomes large enough, our simulation results suggest that circulations

have the same fixation time as the well-mixed population.

Detailed predictions regarding mutant fixation. Let us predict what could be observed

in experiments in this regime of parameters. For this, we consider the star with the same

parameters as above (B = 100, D = 5, mI = 0.05 and α = 1/10, entailing mO = 0.5). We set the

effective fitness advantage of the mutants to st = 0.01, which exhibits both strong suppression

and strong acceleration, see Fig 3. Fixation probabilities are the following in the star: ρ = 0.96

starting from a mutant center, ρ = 0.23 starting from a mutant leaf, and ρ = 0.38 starting from

a uniformly chosen mutant deme. For comparison, the probability of fixation is ρ = 0.86 in the

clique, as well as in the well-mixed population. These fixation probabilities reveal a substantial

suppression of selection in the star (starting from a uniformly chosen mutant deme). Recall

that these values were estimated from 100,000 replicate numerical simulations (see Fig 3).

Importantly, the suppression effect should be detectable by performing at least 16 experimental
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replicates for each spatial structure. Indeed, the 95% confidence intervals for the fixation prob-

abilities in the star and in the well-mixed population, estimated using the Wilson binomial

proportion confidence interval [49, 50], should then become disjoint (see Methods for details).

Fixation and extinction times can be measured in the same experiments as fixation proba-

bilities, by counting how many serial passage steps are needed to get to fixation or extinction

in each trajectory. An important point is that trajectories exhibit substantial variability in this

regime of parameters. Fig 4 reports the distributions of fixation and extinction times in the

star, in the clique and in the well-mixed population. Starting from the leaf or from a uniformly

chosen mutant deme, the star accelerates the dynamics of extinction and of fixation. Con-

versely, starting from a mutant center makes extinction slower, because of the large outgoing

migration probability mO. All extinction and fixation times are of the order of some hundreds

of bottleneck steps at most. The acceleration of fixation starting from a mutant center in the

star, compared to the clique, should be detectable by performing 9 experimental replicates in

each case. Indeed, the 95% confidence intervals on the mean fixation times become disjoint for

about 7 trajectories leading to fixation in each case (see Methods for details), and about 9 tra-

jectories should be needed to have 7 of them leading to fixation in these cases.

Time evolution of the mutant fraction. In addition to the probability of fixation and to

the extinction and fixation times, evolution experiments in spatially structured populations

also give access to the time evolution of mutant fraction before extinction or fixation happens.

In Fig 5, we show the theoretical prediction for these trajectories. We first show the average of

extinction and fixation trajectories (top panels), and the average of all trajectories (bottom left

panel). We observe that for the star starting from a fully mutant deme, the first bottleneck step

yields a large variation of mutant fraction in both fixation and extinction trajectories, and that

the average evolution is then smoother. The abrupt change at the first bottleneck is associated

Fig 4. Distributions of extinction and fixation times in different structures. Violin plots report the distributions of extinction times in extinction trajectories (left),

and of fixation times in fixation trajectories (right). Inside each violin plot, box plots report the median (white marker) and interquartile ranges (thick black bar). Times

are expressed in number of bottleneck steps. Each violin plot is derived from at least 5000 trajectories. The star and clique comprise D = 5 demes of size B = 100 each,

and are initialized with one fully mutant deme. For the star, this deme is either the center, or a leaf, or a uniformly chosen one (“Any”). The well-mixed population

comprises DB = 500 individuals, and is initialized with 100 mutants and 400 wild-types. The effective fitness advantage of the mutants is set to st = 0.01. For the star, mI
= 0.05 as in Fig 3, and α = 1/10. For the clique, we choose m = 0.11 so that the sum of all exchanges between demes is the same in the clique as in the star for α = 1/10

considered here.

https://doi.org/10.1371/journal.pcbi.1012424.g004
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to the strong migration asymmetry (α = 1/10) in the star. Accordingly, it is not observed in the

clique. The comparison of extinction (resp. fixation) trajectories in Fig 5 is in line with the

comparison of average extinction (resp. fixation) times. For instance, fixation is accelerated

starting from a fully mutant deme in the star compared to the clique. However, comparing

overall average trajectories (including those leading to extinction and to fixation, see Fig 5,

Fig 5. Time evolution of the mutant fraction in the star. Average of extinction trajectories (top left), of fixation trajectories (top right), of all trajectories (bottom

left), and examples of single fixation trajectories (bottom right, 25 single trajectories are shown in each case). Vertical dashed lines indicate the average extinction

times (top left panel) or fixation times (top right panel). In the inset of the bottom left panel, fractions are rescaled to begin at 0 and converge to 1, by employing the

initial fraction and the fixation probabilities. As in Fig 4, the star and clique comprise D = 5 demes of size B = 100 each, and are initialized with one fully mutant deme.

For the star, this deme is either the center, or a leaf, or a uniformly chosen one (“Any”). The effective fitness advantage of the mutants is set to st = 0.01. For the star, mI
= 0.05 and α = 1/10. For the star, averages are calculated over 5000 trajectories in each case, except for the relatively rare event of fixation starting from a fully mutant

center, where 1800 trajectories are used. For the clique, we average over 5000 fixation trajectories and 1000 extinction trajectories. Recall that fixation probabilities are

the following: for the star, ρ = 0.38 starting from a uniformly chosen mutant deme (ρ = 0.96 [resp. ρ = 0.23] starting from a mutant center [resp. leaf]); for the clique ρ
= 0.86.

https://doi.org/10.1371/journal.pcbi.1012424.g005
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bottom left panel) is more complex, since they converge toward intermediate mutant fractions

corresponding to fixation probabilities. Thus, the acceleration effect is not easy to see from

such average trajectories, unless the fractions are rescaled as in the inset. In the regime consid-

ered here, fluctuations are important, as seen in individual fixation trajectories (see Fig 5, bot-

tom right panel). This entails that a sufficient number of replicates is needed to observe the

acceleration effect (see our discussion above regarding extinction and fixation times).

Further mutations. Since these experiments focus on the spread of a preexisting mutant

strain, we need to ensure that there are few de novo mutants. Here, with B = 100, if t = log(100)

as in [35] (which, for st = 0.01, yields s = 2 × 10−3), the number of cell division events per

growth phase is about 104 in each deme. With a total mutation rate of 10−3 per genome and

per bacterial replication [51–53], this yields about 10 de novo mutation events per growth

phase in each deme, which is not negligible. Spontaneous mutations generally have small fit-

ness effects and are weakly deleterious to neutral [53], meaning that most of them they will be

lost due to selection and drift. Nevertheless, to decrease the number of de novo mutations dur-

ing the experiment, an interesting possibility is to choose shorter growth times t. Keeping

st = 0.01, but taking t = log(10) instead of t = log(100) (and taking s = 4 × 10−3) reduces the

number of de novo mutation events to about 1 per growth phase in each deme. Note that

reducing t also reduces the total experiment duration: t = log(10) should correspond to per-

forming about 10 serial passages per day instead of one, meaning that 1000 bottlenecks (the

longest useful duration here) can be realized in 100 days. While performing frequent serial pas-

sages can be a challenge with manual methods, it could be achieved e.g. using a robot [31]. As

a whole, if maintained for 1000 bottlenecks, our proposed experiment comprises 5 × 106 divi-

sion events with t = log(10) and 5 × 107 division events with t = log(100). This is much smaller

than in each experiment performed in [35], where B = 107 and t = log(100) yields about 109

divisions per deme and per growth phase, which gives more than 1010 division events total

during an experiment. If the selective advantage of the mutant of focus is ensured by antibiotic

resistance as in [35], spontaneous mutations conferring resistance may perturb the proposed

experiments. Assuming that 100 possible single mutations increase resistance [54] yields a

total mutation rate to resistance on the order of 10−8 per bacterial division, meaning that resis-

tance mutations should remain rare in our proposed experiments.

Discussion

Here, we used our recent model of spatially structured populations on graphs with serial pas-

sages [37] to quantitatively analyze recent evolution experiments and to propose future ones.

Note that our model aims to reproduce the experimental protocol of [35] more closely than

the model presented there. The latter is an agent-based model that considers much smaller

demes than in actual experiments, and starts with only one mutant while experiments are

started with substantial numbers of mutants. The main results of the model in [35] are

obtained without explicit modeling of serial passage, although this aspect is accounted for in a

variant of the model. Conversely, our model considers demes with the same bottleneck size as

in the experiments, and describes the serial passage protocol used in them. Indeed, we imple-

ment local growth of bacteria in each subpopulation, followed by a migration and dilution

event.

We predict no amplification or suppression of selection with the parameters used in [35].

We suggest using smaller bottleneck sizes and effective mutant fitness advantages, and starting

from fully mutant demes, in the design of future experiments investigating possible amplifica-

tion or suppression of natural selection by spatial structure. In this regime, we predict that the
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star with asymmetric migrations suppresses natural selection and can accelerate mutant fixa-

tion and extinction.

Our predictions in the regime we deem most promising for future experiments were

obtained from numerical simulations. The key points, namely suppression of selection and

acceleration of fixation and extinction for the star with small α, are consistent with our analyti-

cal predictions in the branching process regime [37]. Note however that the conditions consid-

ered here are not in the branching process regime, most prominently because we start from

one fully mutant deme. This shows the robustness of these trends. Recall that in evolutionary

graph theory, the star can amplify or suppress natural selection depending on the update rule

[17, 19, 21, 22]. We previously showed that with a deme on each node, the star amplifies selec-

tion for rare migrations and small fitness advantages, if incoming migrations to the center are

stronger than outgoing ones [39], but even then, it becomes a suppressor of selection for more

frequent migrations [37]. However, the rare migration regime is problematic for experiments

because it requires reproducibly handling very small numbers of cells (most migration-dilu-

tion events would involve zero exchange in this regime). In addition, it gives very slow dynam-

ics, thus demanding extremely long experiments. This is why we advocate for a focus on

evidencing suppression of selection. Note that we predict suppression when mutants are

started in a uniformly chosen deme (which is the usual condition in which suppression or

amplification are defined). However, we also predict that starting from a mutant center in the

star with small α yields larger fixation probabilities for beneficial mutants than in the well-

mixed population. Thus, experimental studies aiming to evidence increased fixation of benefi-

cial mutants could focus on this specific case.

The experiments we proposed require precise serial passage with small bottlenecks on rela-

tively long timescales. Another potential difficulty is the focus on mutants with relatively small

advantages. However, we expect that they can be realistically achieved, e.g. using robots for

serial passage [31, 55, 56]. With the parameters we propose, the number of experimental repli-

cates needed to see a significant effect remains modest, and de novo mutants are not a strong

concern. Beyond the specific experiments we suggested, our model can be simulated to predict

experimental results for mutant fate in spatially structured populations on graphs undergoing

serial passage. It thus connects models to experiments in a quantitative way.

Our model could be extended to include additional possible ingredients of experiments.

For antibiotic resistant mutants, it could be relevant to model the mode of action, e.g. to distin-

guish bacteriostatic and bactericial actions. While birth and death can be lumped into an effec-

tive growth rate in exponential growth, this might matter with more complex growth models.

Besides, specific experimental protocols can be effectively close to hard selection or to soft

selection. This depends e.g. on whether a fixed dilution factor or a fixed bottleneck size is set

[57], on whether stationary state is reached or not, and if it is, on whether carrying capacities

are the same for different strains or not. Complete growth curves for both the mutant and the

wild-type in the experimental conditions would provide valuable information about the latter

points. Here, considering soft or hard selection does not modify key conclusions, as in Refs.

[11, 58]. However, this point can be impactful e.g. for cooperative mutants exhibiting fre-

quency-dependent selection [59–62].

From a theoretical point of view, our numerical simulations show that the main conclusions

obtained in the branching process regime [37], notably the pervasive suppression of selection

associated to frequent asymmetric migrations, hold beyond it. This calls for further analytical

study of our model of spatially structured populations. In particular, it will be interesting to

develop a diffusion approximation [63–65] for our model of spatially structured populations,

as was done for structured Wright-Fisher models [66, 67]. This would also open the way to

develop exact simulation algorithms [68, 69].
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Another interesting theoretical point is that our model with demes on graph nodes allows

acceleration of fixation with respect to the clique. In contrast, the clique has the shortest fixa-

tion time in evolutionary graph theory models with one individual per node [45–47]. Interest-

ingly, it was recently shown that in these models, higher-order motifs allow to tune fixation

times [70]. Thus, an investigation of fixation times in different graphs in our model would be

of interest.

Here, our focus has been on the fate of mutants that are introduced at the beginning of

experiments, i.e. of preexisting mutants. It would be interesting both theoretically and experi-

mentally to consider longer evolutionary trajectories [71], and to include de novo mutants,

which may appear at any time during the growth phase [72–77]. Further extensions include

addressing environmental gradients [78–81], changing environments [82–88], possible deme

extinctions [11], cooperative interactions [89–91], and connecting to models of expanding

populations [92, 93].

Model and methods

Model

We model a spatially structured population as a connected graph with D nodes, each one com-

prising a well-mixed deme. Our model was first presented in [37], but we explain it here for

the sake of completeness, and we explicitly make the link with the experiments performed in

[35]. Migration probabilities mij are defined between any pair of demes (i, j) 2 {1, . . ., D}2,

including the case i = j which describes individuals that stay in the same deme. We consider

two types of individuals: wild-types and mutants. They differ by their exponential growth

rates, which are respectively fW = 1 for wild-types (taken as reference) and fM = 1 + s for

mutants. Thus, s is the relative fitness advantage of mutants compared to wild-types. The

dynamics of this spatially structured population, modeling serial passage with migrations,

comprises successive growth and sampling phases. Migrations are implemented during the

sampling phases. A different version of this model that implements hard selection is detailed

in our S1 Text. In the batch culture experiments in structured populations of [35], each deme

corresponds to a well that can contain wild-type and mutant bacteria. The latter are resistant

to the antibiotic ciprofloxacin, which is present in the culture medium. This is the origin of the

fitness advantage of mutants compared to wild-types.

As depicted in the top panel of Fig 1, starting from a bottleneck, an elementary step of the

dynamics includes two successive phases detailed below, that result in a new bottleneck. We

perform stochastic simulations of this model.

Growth phase. First, a phase of local exponential growth happens in each deme during a

fixed amount of time t. Let us denote by Wi the number of wild-types and by Mi the number of

mutants initially present in deme i. At the end of the growth phase, the numbers become W 0
i ¼

Wi expðfWtÞ ¼Wi expðtÞ and M0
i ¼ Mi expðfMtÞ ¼Wi exp½ð1þ sÞt�, and the total size of the

population in deme i is N 0i ¼ M0
i þW 0

i . During the growth phase, the fraction of mutants

changes from xi = Mi/Ni, with Ni = Mi + Wi, to x0i ¼ M0
i=N

0
i ¼ xiest=½1þ xiðest � 1Þ�. Impor-

tantly, the impact of the selective advantage of mutants is encoded by the product st of relative

selective advantage s and growth time t. We thus call st the effective fitness advantage.

This phase corresponds to starting with fresh culture medium containing bacteria, and let-

ting them grow.

Dilution and migration phase. Then, a phase that simultaneously incorporates dilution

and migration is carried out by performing independent samplings. The number of mutants

(respectively wild-types) sent from a deme i to a deme j is sampled from a binomial distribu-

tion with N 0i trials, and a probability of success mijx0iB=N
0
i (respectively mijð1 � x0iÞB=N

0
i). Each
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deme j will thus receive an average number of B∑i mij individuals, which gives its new bottle-

neck state. For simplicity, we generally assume that for all j, ∑i mij = 1, meaning that each deme

has the same average bottleneck size B. This process amounts to drawing approximately Bmij

bacteria from the total N 0i bacteria present in deme i, and using them to form the new bottle-

neck state of deme j. Note however that for consistency with [35], we performed the simula-

tions and the calculations of Fig 2 and S4 Fig assuming instead that ∑i mji = 1, meaning that

each deme contributes to the next bottleneck by the same average amount B (see [37] for

details).

Experimentally, in [35], structured populations were transferred and placed in fresh culture

medium right after dispersal among subpopulations.

Parameter choices matching the experiments performed in [35]

In [35], structured populations of D = 4 demes, each growing in a well of a multi-well plate, are

considered. Their bottleneck sizes are Ni� B� 107 colony-forming units in each well i. Cul-

tures undergo daily transfer, and grow to a final size of N 0i � 109 colony-forming units. The

duration t of exponential growth that should be taken in our model to match these experi-

ments satisfies N 0i=Ni ¼ et ¼ 100 (considering wild-types), yielding t = log(100).

The competitive advantage of mutants in the experimental conditions of [35] is reported to

be about 20%. This competitive advantage was measured via head-to-head competition start-

ing with equal abundances of mutants and wild-types. This corresponds to measuring [94]

logðM0
i=MiÞ

logðW 0
i=WiÞ

¼
fM
fW
¼ 1þ s : ð1Þ

Thus, s = 0.2 in these experiments.

Migration probabilities in [35] range from 0.001% to 30%, i.e. from 10−5 to 0.3. For the star,

different asymmetries are considered, namely α = 1/3 (referred to as “OUT>IN” or “amplifier”

in [35]), α = 1 (“balanced amplifier” in [35]) and α = 3 (“IN>OUT” in [35]). The clique is also

considered, and referred to as “well-mixed” in [35]. Note that for completeness, we also con-

sider the well-mixed population with no deme structure and the same total bottleneck popula-

tion size as the star and the clique. This case was not realized in [35]. In the case of the star, the

exact way incoming migrations to the center were implemented was by constructing a mix

from all three leaves, diluting it and putting it in the center together with some diluted bacteria

from the center and with fresh culture medium and antibiotic. Outgoing migrations were

implemented by diluting bacteria from the center and putting them in each leaf together with

some diluted bacteria from that leaf and with fresh culture medium and antibiotic. We further

note that with the exact migration schemes used in [35], the star with α = 1 does not strictly

satisfy 8j, ∑i mij = 1 or 8j, ∑i mji = 1 (but the clique satisfies 8j, ∑i mij = ∑i mji = 1). Meanwhile,

the star with α = 1/3 satisfies 8j, ∑i mij = 1, and the star with α = 3 satisfies 8j, ∑i mji = 1. How-

ever, we showed in [37] that choosing one or the other of these conventions does not qualita-

tively change how the star impacts mutant fixation. We checked that it is also the case here, in

our reproductions of the setup of [35].

To assess the robustness of our approach, we also introduce a different version of our

model that implements hard selection, and where mutant demes reach saturation in the

growth phase. In this variant of the model, parameters can also be chosen to best match the

experiments (see S1 Text).

Even with our efforts to match the experimental conditions of [35], there remain some dif-

ferences. In particular, the experimental results show a quicker increase of mutant fraction in

the population. This might be due to the mutants having a higher fitness advantage than 0.2,
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and to the fact that the antibiotic induces cell death. Besides, there are stronger fluctuations

(including some decreases of mutant fraction) in the experimental results than in our stochas-

tic simulations. This might be due e.g. to antibiotic concentration variability in the experi-

ments, or to the difficulty of diluting subpopulations in a perfectly reproducible manner. An

experimental study of these elements would be very interesting.

Fixation probability in a well-mixed population undergoing serial passage

In our growth and dilution model, the probability of fixation starting from an initial number n
of mutants at a bottleneck in a well-mixed population with bottleneck size B reads [37]

r ¼
1 � e� 2nst

1 � e� 2Bst
: ð2Þ

This result is obtained in the diffusion approximation, assuming B� 1 and |s|t� 1. Our serial

dilution model in general, and this formula in particular, exhibit a strong formal similarity

with the Wright-Fisher model [64]. The effective fitness advantage st in our model plays the

part of the fitness advantage in the Wright-Fisher model. Note that with the parameter values

matching [35], we are not in the regime where |s|t� 1. However, the diffusion approximation

is often reasonable even beyond this regime [95].

Deterministic model

In addition to our complete stochastic model described above, we propose a deterministic

model based on a recurrence relation. This model will be valid when fluctuations in the mutant

fractions in each deme can be neglected. This holds in the regime of large populations, large

initial numbers of mutants and large migration probabilities. At a given bottleneck n, let us

denote by xi,n the mutant fraction in each deme i with 1� i� D. Neglecting fluctuations, the

mutant fraction xi,n+1 in deme i at the next bottleneck can be expressed as:

xi;nþ1 ¼

XD

j¼1
mjix

0

j;n
PD

j¼1
mji

; ð3Þ

where x0j;n ¼ xj;nest=½1þ xj;nðest � 1Þ� denotes the mutant fraction in deme j after the growth

phase. The mutant fraction in each deme at each bottleneck can be obtained by iterating Eq 3,

starting from the appropriate initial conditions.

Number of experimental replicates needed for the effect of spatial structure

to be significant

Fixation probabilities. We compute the Wilson confidence interval [49] for the fixation

probability ρ, estimated as the proportion r̂ of experiments where mutants fix in the popula-

tion. The bounds ρ± of the Wilson confidence interval on the estimated binomial proportion r̂

are

r� ¼
1

1þ z2

n

r̂ þ
z2

2n
� z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
r̂ð1 � r̂Þ

n
þ

z2

4n2

r !

; ð4Þ

where z is the appropriate quantile from the standard normal distribution and n is the number

of experimental replicates performed. Using Eq 4, and using our precise estimates of ρ from

numerical simulations instead of the experimental estimates r̂, we find that for the parameters

considered, n = 16 replicates are sufficient to detect a significant difference between the
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fixation probability in the star starting from a uniformly chosen mutant deme and the one in

the clique. Here, significant difference is understood in the stringent sense of non-overlapping

confidence intervals, at a 95% confidence level (in this case, z = 1.96 for a two-sided interval).

Note that, compared to the Wald confidence interval for binomial proportions, the Wilson

confidence interval has a better average coverage [50], in particular when ρ is somewhat close

to 0 or 1.

Fixation times. The bounds τ± of the confidence intervals for the experimentally esti-

mated average fixation times t̂ are computed as:

t� ¼ t̂ � tðn� 1Þ

ŝ
ffiffiffi
n
p ; ð5Þ

where ŝ is the experimental estimate of the standard error of the fixation time, and t(n−1) is the

appropriate quantile from a t-distribution with n − 1 degrees of freedom. Here, we use the

average values and standard errors of fixation times obtained from simulations and corre-

sponding to the distributions depicted in Fig 4 instead of experimental estimates: for the star,

starting from the center, we use t̂ ¼ 150:67 and ŝ ¼ 125:48, and for the clique, we use t̂ ¼

451:24 and ŝ ¼ 198:25. Using these values, we find that for the parameters considered, n = 7

experimental replicates are sufficient to detect a significant difference between the average fix-

ation time in the star starting from a mutant center and the one in the clique. Here, significant

difference is understood as non-overlapping confidence intervals, at a 95% confidence level

(t(6) = 2.45 for a two-sided interval). Note that the same calculation can be used for extinction

times.

Supporting information

S1 Text. Description of the hard-selection variant of our model. We propose a variant of the

model that assumes hard selection. In this framework, demes have a carrying capacity that can-

not be exceeded during the growth phase. Growth is logistic, and dilutions are performed with

a fixed dilution factor. We explain the details of this model, and we justify the choice of param-

eter values used in S1 Fig.

(PDF)

S1 Fig. Growth of the mutant fraction in the star and the clique in the hard selection

model. As in [35], we consider a clique and a star with D = 4 demes of initial bottleneck size

B = 107, where 104 mutants with fitness advantage s = 0.2 (left) and s = 0.3 (right) are initially

placed in one leaf for the star structure, any leaf for the clique. The dilution factor is d = 100. In

each panel, the carrying capacity and growth time are chosen to obtain a 40% optical density

between fully wild-type demes and fully mutant demes after growth. We consider different

migration probabilities m for the clique and mI for the star, satisfying m = mO and α = mI/mO

= 3 for the star. Markers are simulation results averaged over 100 trajectories, and error bars

report the standard deviation. Note that all trajectories resulted in mutant fixation. Lines show

the predictions from our deterministic model, adapted to the hard selection version of the

model.

(PDF)

S2 Fig. Growth of the mutant fraction in single trajectories in different structures. As in

Fig 2 and in [35], we consider a clique and a star with D = 4 demes of bottleneck size B = 107

each, where 104 mutants with effective fitness advantage st = 0.2 log(100) are initially placed in

one deme. As a reference, we also consider a well-mixed population of total bottleneck size

DB = 4 × 107, initialized with 104 mutants. Left: mutants initially placed in the center of the
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star; right: mutants initially placed in a leaf of the star (the same trajectories are shown in both

panels for the clique and the well-mixed population, and serve as references). In each case, we

report the mutant fraction versus time (expressed in number of bottleneck steps). We consider

the same migration probabilities as in Fig 2. Each line reports the result of a single stochastic

simulation (i.e. a single trajectory), and 20 of them are shown in each case. Note that all of

them result in mutant fixation.

(PDF)

S3 Fig. Growth of the mutant fraction in different structures for α = 1/3. As in [35] and in

Fig 2, we consider a clique and a star with D = 4 demes of bottleneck size B = 107 each, where

104 mutants with effective fitness advantage st = 0.2 log(100) are initially placed in one deme.

This deme is the center (top left), a leaf (top right), or chosen uniformly at random (bottom).

As a reference, we also consider a well-mixed population of total bottleneck size DB = 4 × 107,

initialized with 104 mutants. In each case, we report the mutant fraction versus time (expressed

in number of bottleneck steps). We consider different migration probabilities m for the clique

and mI for the star, keeping α = mI/mO = 1/3 for the star (recall that α = 3 in Fig 2). Markers

are simulation results averaged over 100 trajectories, and error bars report the standard devia-

tion. Note that all trajectories resulted in mutant fixation. Lines show the predictions from our

deterministic model.

(PDF)

S4 Fig. Growth of the mutant fraction in different structures for B = 105. Same as Fig 2 and

S3 Fig, but for smaller bottleneck deme sizes B = 105, and with α = 3.

(PDF)

S5 Fig. Mutant fixation and extinction in the star, starting from a mutant center. Mutant

fixation probability (top), average extinction time (bottom left) and average fixation time (bot-

tom right) are plotted as a function of the effective fitness advantage st of the mutant. We con-

sider a star with D = 5 demes of size B = 100, as in Fig 3, but it is initialized with a fully mutant

center. For reference, we also consider a well-mixed population of size DB = 500, initialized

with 100 mutants. We take different values of α = mI/mO, always with mI = 0.05, as in Fig 3.

Markers are simulation results, obtained over at least 100,000 realizations. Lines linking mark-

ers are guides for the eye.

(PDF)

S6 Fig. Mutant fixation and extinction in the star, starting from a mutant leaf. Same as S5

Fig, but starting from a fully mutant leaf instead of a fully mutant center. Mutant fixation prob-

ability (top), average extinction time (bottom left) and average fixation time (bottom right) are

plotted as a function of the effective fitness advantage st of the mutant. We consider a star with

D = 5 demes of size B = 100, as in Fig 3, but it is initialized with a fully mutant leaf. For refer-

ence, we also consider a well-mixed population of size DB = 500, initialized with 100 mutants.

We take different values of α = mI/mO, always with mI = 0.05, as in Fig 3. Markers are simula-

tion results, obtained over at least 100,000 realizations. Lines linking markers are guides for

the eye.

(PDF)

S7 Fig. Mutant fixation and extinction in the clique. Mutant fixation probability (top), aver-

age extinction time (bottom left) and average fixation time (bottom right) are plotted as a func-

tion of the effective fitness advantage st of the mutant. We consider a clique with D = 5 demes

of size B = 100, initialized with a fully mutant deme, as in Fig 3. For reference, we also consider

a well-mixed population of size DB = 500, initialized with 100 mutants. We take different
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values of the migration probability m. Markers are simulation results, obtained over at least

100,000 realizations. Lines linking markers are guides for the eye.

(PDF)
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