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1.1. Preface

Microbial evolution...
Microbes are found in all known habitats on earth, from the deep ocean to the human
gut. They play an important role in shaping the world’s ecosystems. Microbial
consortia are for instance responsible for nutrient cycling in oceans and soils (Arrigo,
2005; van der Heijden et al., 2008), while pathogenic microbes modulate biodiversity
by controlling the populations of their host organisms (Thingstad et al., 2014; Eck
et al., 2019).

While microbes are small and seemingly less complex than multicellular life
forms, they are by no means simple or uninteresting. Many microbes live in dense,
complex communities, in which they compete with others for nutrients and space
(Hibbing et al., 2010; Ghoul and Mitri, 2016). To survive and thrive in these com-
munities, microbes display a wide variety of “social” behaviours (West et al., 2006;
Nadell et al., 2009; Díaz-Muñoz et al., 2017). For instance, they cooperate with each
other by secreting public goods (Nadell et al., 2016; Kramer et al., 2020), engage in
“microbial warfare” to harm or kill competitors (Riley and Wertz, 2002b; Granato
et al., 2019), or communicate their presence through the secretion of signalling
molecules (Nealson et al., 1970; Mukherjee and Bassler, 2019). These behaviours
are not reserved to free-living organisms: even bacterial viruses engage in virus-virus
communication (Erez et al., 2017; Abedon, 2019).

Like any life form, the microbes displaying these intriguing behaviours arose
through Darwinian evolution. If we wish to understand the complex behaviours of
microbes, we need to study the selection pressures driving their evolution.

... at multiple scales
The environments in which microbes live are often highly variable, either over space,
over time, or both. Most microbial communities are spatially structured (Nadell
et al., 2016; Yanni et al., 2019), and interactions in these communities happen over
small length scales (Dal Co et al., 2020). Natural selection results from a range of
processes, such as competition and cooperation, that all happen at potentially dif-
ferent scales. To understand the evolution of microbes in structured environments,
we should take these different scales into account.

When studying the evolution of pathogens, a different distinction in levels of
selection can be made. At the within-host level, pathogens adapt to their current
host individual. At the epidemiological level, however, pathogens are selected for
their ability to spread through a population of hosts. The selection pressures at
these two levels are not necessarily aligned, and evolution depends on the balance
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between the contributions of the two levels to selection (Coombs et al., 2007; Mideo
et al., 2008). Especially for pathogens that cause long-lasting infections, such as
the human immunodeficiency virus (HIV), the distinction between the within-host
and epidemiological level is also a distinction between time scales, with within-host
evolution occurring at much shorter time spans than epidemiological adaptation
(Levin and Bull, 1994; Lythgoe et al., 2013).

The title of this thesis - “Microbial evolution at multiple scales” - was chosen for
two reasons. First, because in this thesis we use mathematical and computational
modelling to study microbial evolution as the multilevel or multiscale process it often
is. Second, because while doing so we will consider examples of multiple “scales of
microbe”: human viruses, bacterial viruses, and bacteria.

Before we dig in, the remainder of this chapter provides some background on
how the spatial structure of microbial communities affects the evolution of social
behaviours (and vice versa), how the effect of population structure on natural se-
lection can be mathematically described, and how pathogen evolution is shaped by
within- and between-host selection pressures.

1.2. Evolution of microbial interactions in spatially
structured populations

Most microbes live in complex, spatially structured populations (Nadell et al., 2016;
Ghoul and Mitri, 2016). In those populations, the local environment of an organism
strongly varies with its location, both in terms of abiotic (e.g., oxygen level) as
well as biotic conditions (e.g., severity of competition for nutrients). Below, and
throughout this thesis, we will focus on these biotic factors. On one hand, spatial
structures dictate with whom an organism competes and otherwise interacts, thus
shaping its evolution. On the other hand, the spatial structure of a population
depends on the characteristics of the organisms that compose it. By interacting
with their environment, organisms shape their own environment, and the way they
do so depends on their evolved characteristics. This feedback between ecology and
evolution may give rise to structures and corresponding selection pressures at scales
larger than that of single organisms (Hogeweg, 1994; Johnson and Boerlijst, 2002;
Lion and van Baalen, 2008); we will describe several examples below.

The spatial structure of microbial communities arises from various processes
(Yanni et al., 2019). Firstly, replication is a local process. In many environments the
dispersal of microbes is furthermore limited, such that offspring remain close to their
parent cells. This leads to positive genetic assortment (Tolker-Nielsen and Molin,
2000; Millet et al., 2014; Mitri et al., 2016). Secondly, social interactions, such as
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the secretion of anticompetitor toxins and public goods, also affect spatial structure
(e.g., reviewed by Nadell et al. (2016)). We will consider these two examples in some
more detail, focusing on the feedback between (the evolution of) the behaviour and
spatial structure.

1.2.1. Interference competition through the secretion of
anticompetitor toxins

Microbes have evolved a stunning variety of mechanisms to harm or kill competitors
(Granato et al., 2019). According to current knowledge, the most common of these
“microbial warfare” mechanisms is the production of anticompetitor toxins: almost
all known bacterial species produce at least one such toxin (Klaenhammer, 1988;
Riley and Wertz, 2002a; Gonzalez and Mavridou, 2019; Granato et al., 2019). From
early on, it was recognised that spatial structure is a key determinant of the out-
come of toxin-mediated interference competition. In 1981, Chao and Levin showed
that while in liquid culture a toxin-producing Escherichia coli strain could invade a
non-producing sensitive strain only if its initial frequency was above a certain thres-
hold, no such minimal initial density was required on agar plates. The same result
has recently been found for streptomycin-producing Streptomyces griseus (Westhoff
et al., 2020). In well-mixed liquid cultures, the toxin produced by a small popula-
tion of toxin-producing cells is spread out over the entire culture, and hence occurs
in low concentrations that are hardly harmful to the susceptible cells. Since toxin
production is metabolically costly (Chao and Levin, 1981; Kerr et al., 2002; Mal-
donado‐Barragán and West, 2020), under these circumstances the toxin-producing
strain is outcompeted by the faster-growing sensitive strain. In spatially structured
cultures, however, the toxin acts locally and even a small initial population of toxin-
producing cells can produce sufficient toxin to locally gain an advantage over the
sensitive strain. In simple environments, such as agar plates, this will usually result
in competitive exclusion of the sensitive strain by the toxin-producing strain (Chao
and Levin, 1981; Durrett and Levin, 1997; Westhoff et al., 2020).

Modelling work on more complex environments, such as biofilms, has suggested
that toxin-mediated interference competition can also result in a spatial structure
consisting of strongly segregated patches of toxin-producing and sensitive cells (Fig-
ure 1.1a; Bucci et al. (2011); Yanni et al. (2019)), a structure also observed in
experimentally grown biofilms (Tait and Sutherland, 2002). In these models, a
number of bacteria is seeded on a surface, and is then allowed to replicate. Nutri-
ents are assumed to flow in from above, and bacterial growth is limited by the local
nutrient availability. Cells that experience very low nutrient concentrations for a
long time die, forming a bottom layer of inert material on which the biofilm can
continue to grow. If the biofilm is seeded with a low number of initial cells, over
time local protrusions arise that consist of a single type of bacteria (toxin-producing
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Figure 1.1. Individual-based models of spatially structured populations of
toxin-producing, sensitive, and resistant bacteria. (a) In a biofilm model, spatially
segregated protrusions of toxin-producing and sensitive bacteria can coexist (Bucci et al.,
2011). (b) 2D simulation model capturing the main interactions between toxin-producing,
sensitive, and resistant bacteria. (c) Snapshot of the simulation lattice of model (b) showing
KRS-dynamics (Kerr et al. (2002); see also chapter 4). (d-e) Spatial structure strongly
affects the eco-evolutionary dynamics. In a spatially structured population toxin-producing,
resistant, and sensitive cells coexist, while in a well-mixed population the sensitive strain
dominates the population.

or sensitive). The distance between these protrusions is such that the effect of the
toxin on sensitive cells is sufficiently small, allowing the two strains to coexist.

Once a toxin-producing strain has locally become highly frequent, natural selec-
tion will favour mutants that retain resistance to the toxin, but no longer produce
it, hence avoiding the metabolic costs of toxin production (Kerr et al., 2002; Weber
et al., 2014). Such resistant cells are “cheaters” compared to the toxin-producing
strain: they benefit from the action of the toxin without contributing to its produc-
tion. The emergence of resistant cheater strains leads to non-transitive dominance,
similar to the game of rock-paper-scissors: toxin-producing cells locally outcompete
sensitive cells, resistant cells locally outcompete toxin-producing cells, and sensitive
cells locally outcompete resistant cells (because they avoid the metabolic costs of
resistance) (Kerr et al., 2002). Models of these interactions in a spatially struc-
tured population have shown that such interactions cause wave-like spatial patterns
to emerge, in which the three types continuously chase each other (Figure 1.1b–c;
Durrett and Levin (1997); Reichenbach et al. (2007)). In these dynamical patterns,
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the three species stably coexist (Figure 1.1d). When pattern formation is prevented
by continuously mixing the population, coexistence is no longer possible and the
sensitive strain fixes in the population (Figure 1.1e). Hence, the evolution of toxin
production and resistance depends crucially on local interactions and the spatial
structure of populations. At the same time, the spatial structure arises from the
interactions between toxin-producing, resistant, and sensitive cells.

1.2.2. Cooperation through the secretion of public goods
Next to anticompetitor toxins, many microbes also secrete a variety of “public
goods” that promote the growth of not only the secreting cell, but also cells in the
vicinity (Nadell et al., 2016; Estrela et al., 2019). The best-studied public goods are
the siderophores produced by Pseudomonas aeruginosa: iron-scavenging molecules
that allow bacteria to take up this trace element. Production of siderophores is
metabolically costly (Griffin et al., 2004), and non-siderophore-producing cheater
strains are readily found in nature (de Vos et al., 2001; Butaitė et al., 2017). As
with the evolution of toxin production, spatial structure plays a major role in ex-
plaining the evolution of such cooperative public good production.

Cooperative behaviour is usually subdivided in two types: mutualistic behaviour
that benefits other individuals but also benefits the actor, and altruistic behaviour
that benefits other individuals while reducing the actor’s fitness (West et al., 2006;
Nadell et al., 2009). Explaining the evolution of cooperation, and especially altruism,
has been a central question in social evolutionary theory for a long time (Hamilton,
1964; Wilson, 1975). In general, social evolutionary theory predicts that altruistic
behaviour can evolve only if the interactions between individuals are structured in
some way, such that the altruistic behaviour preferentially benefits other altruists
(Hamilton, 1964; Wilson, 1975; Fletcher and Doebeli, 2009). As argued in the
beginning of this section, such assortment can easily arise in microbial communities
from local reproduction and limited dispersal, such that the offspring of altruists
(which likely also display altruistic behaviour) tend to be physically close to the
parent cells. Indeed, simulation studies have shown that public good production
can readily evolve in spatially structured microbial populations, but only if the
interaction range of the public good is smaller than or similar to the spatial scale of
assortment (Allison, 2005; Nadell et al., 2010; Allen et al., 2013).

1.2.3. Evolution of altruism and multilevel selection theory
To further illustrate how spatial population structure can shape the evolution of
altruism, let us consider D.S. Wilson’s trait-group model for the evolution of altruism
(Figure 1.2; Wilson (1975)). In this model, organisms can express an altruistic
behaviour (“altruists”), or not (“cheaters”). Consider a population of 𝑁 organisms
that are distributed over 𝑚 groups with group sizes 𝑛1, 𝑛2, … , 𝑛𝑚 (∑𝑚𝑘=1 𝑛𝑘 = 𝑁).
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seeding

reproduction mixing

altruist
cheater

Figure 1.2. Illustration of trait-group model for the evolution of altruism
(Wilson, 1975).

Within these groups, the organisms engage in interactions that determine their
fitness, defined as the number of offspring that they will contribute to the next
generation. Specifically, the fitness of an organism depends on its own type, with
altruists paying a fitness cost compared to cheaters, and on the fraction of altruists in
its group, with the fitness of all organisms in a group increasing with this fraction.
All reproduction events are summarised in a single reproduction step, replacing
each organism with its offspring (the parent organisms are assumed to die in this
process). Reproduction is asexual and for simplicity we ignore mutations, such that
the offspring of altruists are always altruists, and the offspring of cheaters are always
cheaters. After this reproduction step, the population is mixed, and new founder
organisms are randomly chosen to seed the next iteration of the model (Fig 1.2).

What selection pressures act on the altruists in this simple model? Within any
single group, the fitness of cheaters is higher than the fitness of altruists, because
the cheaters are exposed to the same environment as the altruists and do not pay
the fitness cost. The within-group selection is hence clearly negative. However,
if the positive effects of altruistic behaviour are large enough, the mean fitness of
organisms in groups with a large fraction of altruists is higher than the mean fitness
of organisms in groups with a small fraction of altruists. In other words, the between-
group selection is positive. The overall selection on altruism depends on the balance
between the selection pressures at these two levels (Wilson, 1975; Okasha, 2006).

These notions of within- and between-group selection can be mathematically
formalised. Fifty years ago, George R. Price derived a highly general mathematical
description of natural selection (Price (1970)). Considering a population of organ-
isms that differ in some trait 𝜙, Price showed that the change in the population
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mean value of 𝜙 over some time step (e.g., one generation) due to selection is equal
to the selection differential

𝑆 ≡ Cov (𝜙,𝑤) , (1.1)

where 𝑤 is the relative fitness of organisms (see Box 1.1 for a derivation). Price’s
equation provides a formalisation of what it means for a trait to be under positive
or negative selection: if the trait-value 𝜙 positively covaries with fitness, selection
will favour higher trait-values.

Turning back to Wilson’s trait-group model, we let 𝜙 be equal to 1 if an organism
is an altruist, and 0 if it is a cheater. We let 𝜙𝑗𝑘 denote the 𝜙-value of the 𝑗th
organism in the 𝑘th group, and similarly write 𝑤𝑗𝑘 for the relative fitness of this
organism. The fraction of altruists in a group 𝑘 is then given by Φ𝑘 ≡

1
𝑛𝑘
∑𝑛𝑘𝑗=1 𝜙𝑗𝑘,

and the mean fitness of organisms in group 𝑘 is 𝑣𝑘 ≡
1
𝑛𝑘
∑𝑛𝑘𝑗=1𝑤𝑗𝑘.1 We write 𝜙 for

the population mean of 𝜙 (see Box 1.1). Following Price (1972) and Wade (1985),
we can now derive

𝑆 = Cov (𝜙,𝑤) = 𝜙𝑤 − 𝜙𝑤

= 1
𝑁

𝑚

∑
𝑘=1

𝑛𝑘
∑
𝑗=1
𝜙𝑗𝑘𝑤𝑗𝑘 − (

1
𝑁

𝑚

∑
𝑘=1

𝑛𝑘
∑
𝑗=1
𝜙𝑗𝑘)(

1
𝑁

𝑚

∑
𝑘=1

𝑛𝑘
∑
𝑗=1
𝑤𝑗𝑘) .

Adding and substracting 1
𝑁 ∑

𝑚
𝑘=1 𝑛𝑘Φ𝑘 𝑣𝑘 and some regrouping yields

𝑆 = 1
𝑁

𝑚

∑
𝑘=1

𝑛𝑘 (
1
𝑛𝑘

𝑛𝑘
∑
𝑗=1
𝜙𝑗𝑘𝑤𝑗𝑘 −Φ𝑘𝑣𝑘) +

𝑚

∑
𝑘=1

𝑛𝑘
𝑁 Φ𝑘𝑣𝑘 − (

𝑚

∑
𝑘=1

𝑛𝑘
𝑁 Φ𝑘)(

𝑚

∑
𝑘=1

𝑛𝑘
𝑁 𝑣𝑘) ,

=
𝑚

∑
𝑘=1

𝑛𝑘
𝑁 Cov𝑘 (𝜙𝑗𝑘 , 𝑤𝑗𝑘)

⏝⎵⎵⎵⎵⎵⎵⏟⎵⎵⎵⎵⎵⎵⏝
mean withingroup selection

+ Covg (Φ𝑘 , 𝑣𝑘)⏝⎵⎵⎵⏟⎵⎵⎵⏝
betweengroup selection

, (1.2)

where Cov𝑘 denotes the covariance within the 𝑘th group, and Covg is the between-
group covariance, in which each group’s contribution is weighted by its size. The first
term of the right-hand side of Eq 1.2 is the mean over all groups of the covariance
between phenotype and fitness within that group (with groups weighted by their
size). It hence describes within-group selection. The second term, on the other
hand, is the covariance between the mean 𝜙-value in a group (i.e., the fraction of
altruists) and the mean fitness of the organisms in that group. It hence describes
between-group selection.
1To be precise, 𝑣𝑘 is the mean of the relative fitness of organisms in group 𝑘, where relative fitness is
calculate compared to the whole population. If 𝑣𝑘 > 1, the mean fitness of organisms in group 𝑘 is
higher than the mean fitness of the whole population.
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Box 1.1: The Price Equation (Price, 1970)

Consider a population of 𝑁 parent entities, each of which is characterised by
some characteristic 𝜙𝑖 (𝑖 = 1, 2, … , 𝑁). This characteristic might be a continuous
phenotypic value of the entities, such as a bacterium’s investment in public good
production or a pathogen’s virulence, an indicator variable that is 1 if the entity
displays a certain behaviour (e.g., altruism) and 0 if it does not, or a measure of
allelic dosage. Let 𝜙 = 1

𝑁 ∑
𝑁
𝑖=1 𝜙𝑖 denote the mean value of 𝜙 in the population.

We will describe how this population mean changes in a given time interval Δ𝑡,
which we call a generation. For simplicity, we will here assume that entities
reproduce asexually and that the generations do not overlap, the framework
can however readily be extended to relax these assumptions (see e.g., Day and
Bonduriansky (2011); Frank (2012); Gardner (2020)).
Let 𝑊𝑖 be the fitness of parent 𝑖, defined as its number of offspring in the next
generation. We let 𝜙′𝑖 represent the mean value of 𝜙 among the offspring of
parent 𝑖, and write 𝜙′𝑖 = 𝜙𝑖 + Δ𝜙𝑖. The term Δ𝜙𝑖 describes the part of the 𝜙-
value that is not faithfully inherited from parent to offspring, and hence captures
transmission biases. The mean value of 𝜙 in the offspring population is now
given by

𝜙o =
1
𝑁

𝑁

∑
𝑖=1

𝑊𝑖
𝑊
𝜙′𝑖 , (1.3)

where 𝑊 is the mean fitness of the parent entities, and 𝑊𝑖
𝑊 is the relative con-

tribution of entity 𝑖 to the offspring population; we denote this relative fitness
by 𝑤𝑖, and note that ∑𝑁𝑖=1𝑤𝑖 = 1. We can now write the change in the mean
phenotype Δ𝜙 = 𝜙o − 𝜙 as

Δ𝜙 = 1
𝑁

𝑁

∑
𝑖=1
𝑤𝑖(𝜙𝑖 + Δ𝜙𝑖) −

1
𝑁

𝑁

∑
𝑖=1
𝜙𝑖

= 1
𝑁

𝑁

∑
𝑖=1
𝑤𝑖𝜙𝑖 −𝑤

1
𝑁

𝑁

∑
𝑖=1
𝜙𝑖 +

𝑁

∑
𝑖=1
𝑤𝑖Δ𝜙𝑖

= 𝑤𝜙 − 𝑤 𝜙 + 𝑤Δ𝜙
= Cov (𝜙,𝑤) + 𝑤Δ𝜙 (1.4)

Eq 1.4 is the Price equation. The first term in its right-hand side describes
the effect of fitness differences between parents, it is therefore also called the
selection differential. The second term describes the effects of non-faithful in-
heritance, and is therefore also called the transmission term.
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As an aside, note that Eq 1.2 is a special case of the law of total covariance, where
the conditional variable describes what group an organism is in.

What does Eq 1.2 tell us? Firstly, it provides general conditions for the evo-
lution of altruism: the positive between-group selection should outweigh the nega-
tive within-group selection: Covg (Φ𝑘 , 𝑣𝑘) > −∑𝑚𝑘=1

𝑛𝑘
𝑁 Cov𝑘 (𝜙𝑗𝑘 , 𝑤𝑗𝑘). Secondly,

it helps us understand how assortment affects the evolution of altruism (Okasha,
2006). Assortment at the within-group level reduces the variation within-groups,
while increasing the variation between groups. Since covariances increase with in-
creasing variation, increasing assortment reduces the within-group selection while
increasing the between-group selection, and hence favours the evolution of altruism.

Lastly, Eq 1.2 provides a means to measure selection at the within- and between-
group level. Chuang et al. (2009) did so in an experimental model system of two E.
coli strains: a public good producer and a cheater. They inoculated cultures with a
range of different initial ratios between the public-good producer and the cheater,
and then monitored how the relative frequency of the public-good producer changed
over time. Within single cultures, the frequency of public-good producers always
declined, i.e., the first term in the right hand side of Eq 1.2 was negative. Over the
whole population, however, the frequency of public-good producers increased, i.e.,
the term in the left hand side of Eq 1.2 was positive. Hence, the between-group
selection had to be positive and substantial. This study neatly demonstrates how
within- and between-group selection act in different directions. Varying the inocu-
lum size furthermore allowed a direct test of the prediction that increased variation
in the initial composition of groups - which corresponds to increased assortment2 -
promotes the evolution of altruism; this was indeed found to be the case (Chuang
et al., 2009).

In summary, we have seen that the evolution of toxin-based competition and
cooperation among microbes is strongly affected by spatial structure. The effects
of spatial structure can be mathematically described by decomposing the selection
differential in a within-group and a between-group component (Eq 1.2). While
we derived this decomposition in the light of Wilson’s trait-group model, Eq 1.2
is generally valid for any population that is subdivided in groups. It does however
require that the groups of organisms in the evolving population are distinct and non-
overlapping. In chapter 5, we derive a similar decomposition of selection pressures
for populations in continuous space.

2If public-good producers and cheaters are initially mixed at a 1:1 ratio and the inoculum size is large,
the initial frequency of public-good producing cells is very similar for all cultures, i.e., Φ𝑘 ≈ 0.5 for
all cultures 𝑘. The between-culture variation is then small, and the within-culture variation is large
(within-culture variation is maximal if Φ𝑘 = 0.5). If the inoculum size is small, by chance populations
are more often initialised with either a large or small frequency of public-good producers. This increases
the between-culture variation and decreases within-culture variation.
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So far, we have focused on the effects of spatial structure on microbial evolution.
Next, we will turn our attention to another form of multilevel structure.

1.3. Multilevel pathogen evolution and the
transmission-virulence trade-off

Pathogens that infect multicellular hosts adapt to their host at multiple distinct
levels. At the epidemiological level, pathogens are selected on their ability to spread
between hosts. At the within-host level, however, they are selected on other charac-
teristics, such as rapid host cell exploitation or immune escape. To understand the
evolution of these pathogens, we should consider the interplay between these two
levels of selection.

For a pathogen to be successful over long time scales, it has to be able to spread
between host individuals. Selection at this between-host level acts on epidemio-
logical characteristics such as transmission rate and virulence (defined here as the
infection-induced host mortality rate). In an unrestricted setting, pathogens are
expected to evolve an infinite transmission rate and a zero virulence, because this
would allow them to spread infinitely fast from host to host while also maximising
the time spent in a single host (Anderson and May, 1982; Alizon et al., 2009). How-
ever, restrictions are often assumed to exist in the form of a transmission-virulence
trade-off (Anderson and May, 1982; Bremermann and Pickering, 1983) in which the
transmission rate and virulence are positively associated. This trade-off captures
the idea that in order to obtain a high transmission rate, the pathogen density in
the transmitting host should be high, which in turn causes damage to the host and
hence leads to a high virulence. Under a transmission-virulence trade-off, evolution
at the epidemiological level is expected to select those pathogen strains (i.e., those
transmission rate-virulence combinations) that maximise the baseline reproduction
ratio 𝑅0 3 (Anderson and May, 1982; Alizon et al., 2009; Shirreff et al., 2011).

While the existence of a trade-off between transmission and virulence seems
very reasonable, these trade-offs are difficult to measure experimentally (Alizon
et al., 2009). Nevertheless, some evidence supporting the existence of transmission-
virulence trade-offs does exist (reviewed by Alizon et al. (2009)). For instance, in
mixed-strain infection experiments of mice with rodent malaria the virulence (mea-
sured as the damage inflicted to the host’s red blood cells) was positively correlated
with transmission success (de Roode et al., 2005; Bell et al., 2006). Furthermore,
large cohort studies of HIV infection showed that both HIV virulence (measured
as the inverse of time until the onset of AIDS) and transmission rate increase with
3𝑅0 is defined as the number of new infections caused by an infected individual in an otherwise susceptible
host population.
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the set-point viral load: the relatively stable concentration of viral particles in the
blood during chronic infection (Fraser et al., 2007).

Many epidemiological evolutionary models assume that host individuals are in-
fected by a single genetic variant of the pathogen. In reality, however, hosts of-
ten carry more than one variant as a result of super-infection or the generation of
pathogen variation by mutations during within-host replication (Read and Taylor,
2001; Cressler et al., 2016). The latter effect is especially prominent in rapidly repli-
cating pathogens with mutation-prone genetic replication mechanisms, such as HIV,
and gives rise to a within-host quasispecies that is shaped by mutations and selec-
tion (Maldarelli et al., 2013). Variation in the pathogen population within a single
host opens the door to within-host evolution. Selection at this level acts on within-
host pathogen characteristics such as immune evasion and within-host replication
capacity (RC) (Ganusov et al., 2011; Troyer et al., 2005; Kouyos et al., 2011).

While selection at the within-host level does not act directly on the epidemiolog-
ical characteristics of a pathogen, it might still have major implications for evolution
at the between-host level. Firstly, extensive within-host evolution can obscure the
heritability of epidemiological characteristics, because mutations might accumulate
that are selectively neutral at the within-host level but affect transmission rate or
virulence. Secondly, the epidemiological characteristics might be correlated with
within-host characteristics that are under selection. For instance, positive associa-
tions between RC and virulence have been found in HIV (Quinones-Mateu et al.,
2000; Kouyos et al., 2011), rodent malaria (de Roode et al., 2005; Bell et al., 2006),
and Daphnia-infecting bacteria (Ben-Ami et al., 2008; Ben-Ami and Routtu, 2013).
Such a link between within-host replication capacity and virulence is conceivable:
a pathogen that replicates rapidly within a host is likely to cause more damage
to that host. This leads to conflicting selection pressures at the two different lev-
els: within-host selection favours pathogen strains with high RC and hence high
levels of virulence, while between-host selection favours strains with intermediate
levels of virulence that optimise between-host transmission. Especially if pathogens
cause long-lasting chronic infections this conflict in selection pressures can have
great consequences, possibly preventing the long-term adaptation of the pathogen
to between-host transmission (Levin and Bull, 1994).

To better understand pathogen evolution under selection at these different levels,
nested dynamical models can be used that link a model of within-host dynamics to
an epidemiological model (Figure 1.3; Sasaki and Iwasa (1991); Gilchrist and Sasaki
(2002); Mideo et al. (2008)). As an example, we will here consider the multilevel
evolution of HIV (following Lythgoe et al. (2013)).

Consider 𝑛 genetic variants of HIV (which we will call strains for short) that
differ in their within-host replication rate 𝛾. We initiate new infections with a
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Figure 1.3. Nested dynamical model of pathogen evolution. (a) A mechanistic or
population genetic model is used to describe within-host dynamics of different pathogen
strains. (b) The within-host model is nested in a between-host model by defining functional
relationships between the within-host pathogen population and epidemiological
characteristics. In the example shown here, the replication rate of the dominant pathogen
strain affects the transmission rate and life expectancy of the host. These curves are based
on observations of the relationship between the set-point viral load of an HIV-infection and
infectiousness and time until the onset of AIDS (Fraser et al., 2007, 2014). (c) The
epidemiological model describes the population dynamics of hosts and between-host
transmission.

single strain, and ignore super-infection. Let 𝐱𝑘(𝜏) = (𝑥𝑘,1(𝜏), 𝑥𝑘,2(𝜏), … , 𝑥𝑘,𝑛(𝜏))
describe the relative frequency of each strain in a host initially infected with strain
𝑘, as a function of the time since infection, 𝜏. The within-host dynamics can then
be modelled using a simple quasispecies equation:

d𝐱𝑘
d𝜏 = 𝑀𝜸𝐱𝑘 − Ω𝐱𝑘 , with Ω =

𝑛

∑
𝑖=1
𝛾𝑖𝐱𝑘,𝑖 , (1.5)

where 𝜸 = (𝛾1, … , 𝛾𝑛) is the vector of replication rates, 𝑀 is a mutation matrix,
and the term −Ω𝐱𝑘 ensures that ∑𝑛𝑖=1 𝑥𝑘,𝑖 = 1 (Eigen (1971); see also chapter 2).
In Figure 1.3a, example dynamics of this model are shown, using a hill-climbing
mutation matrix (c.f., Lythgoe et al. (2013)).

The within-host model is nested into a model of the epidemiological dynamics
by defining functional relationships that describe how the strain distribution within
a host affects the epidemiological parameters of that host. We describe the rate
at which a type-𝑘 individual transmits strain 𝑖 as 𝛽𝑘𝑖(𝜏) = 𝑓(𝐱𝑘(𝜏)) 𝑥𝑘,𝑖(𝜏), and
similarly define a link between host mortality and 𝐱𝑘(𝜏). Figure 1.3b shows exam-
ples of such functions, inspired by the observed relationships in HIV between the
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within-host replicative capacity, set-point viral load, transmission rate and viru-
lence (Quinones-Mateu et al., 2000; Kouyos et al., 2011; Fraser et al., 2007, 2014).
Using these expressions for transmission rate and host mortality of type-𝑘 individ-
uals, we can then use a standard multi-type epidemiological model (Diekmann and
Heesterbeek (2000)) to describe the between-host level dynamics.

Using this approach, Lythgoe et al. (2013) showed that the evolution of HIV
should typically be expected to be “short-sighted” (c.f., Levin and Bull (1994)), such
that within-host evolution over short time scales prevents epidemiological adapta-
tion over longer time scales. Even if within-host selection is based on relatively small
differences in within-host replication rate, within-host selection is expected to com-
pletely dominate the evolutionary process, selecting strains with high within-host
replication rate, but relatively small population-level fitness (Lythgoe et al. (2013),
see also Figure 2.5 in chapter 2). Similar results were found by van Dorp et al. in
more complex simulation models of the evolution of HIV through immune escape
mutations in heterogeneous host populations (van Dorp et al., 2014, 2020).

Surprisingly, these model predictions do not coincide with epidemiological ob-
servations. The distribution of set-point viral loads in HIV-infected individuals
lies close to the value that maximises the 𝑅0 of the infection, suggesting that HIV
might have evolved to optimise its transmission in human populations (Fraser et al.,
2007). Given the expectations for short-sighted within-host evolution, it is still an
open question how HIV might have adapted to selection pressures at the epidemio-
logical scale (Fraser et al., 2014). In chapter 2, we explore a possible answer to this
question.

In summary, pathogen evolution is often a multilevel process, that may give
rise to conflicting selection pressures at the within- and between-host levels. To
understand the evolution of chronic pathogens, both the within- and between-host
level (and hence different temporal scales) should be considered. Understanding how
chronic pathogens avoid short-sighted evolution remains a major challenge (Fraser
et al., 2014; Lythgoe et al., 2017).

1.4. Thesis outline

In this thesis, we use mathematical and computational models to study microbial
evolution as the multilevel process it is.

Chapter 2 deals with the effect of latent reservoirs on the evolution of HIV.
These reservoirs consist of long-lived immune cells in which the virus is dormantly
present, forming a stark contrast with the fast viral proliferation observed in most
infected cells. We use a nested dynamical model to study how these latent reservoirs
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affect the evolution of the virus both within single hosts and at the population
level, especially in the light of the transmission-virulence trade-off and short-sighted
evolution (as introduced in section 1.3).

In chapter 3 we consider a different type of viruses, namely bacteriophages, and
study the evolution of a recently discovered phage-encoded communication system
(Erez et al., 2017). When phages of the SPbeta group infect a bacterium, they
induce the secretion of a small signalling peptide. The concentration of this pep-
tide subsequently affects the infection strategies adopted by other phages in later
infections. This communication system seems to allow the phages to adjust their
infection strategy to the availability of susceptible hosts (Erez et al., 2017; Hynes
and Moineau, 2017; Abedon, 2017). Using a mathematical model, we describe under
what circumstances such peptide-based communication between bacteriophages can
evolve (and when not), and what communication strategies are then selected.

The phage-encoded signalling peptide studied in chapter 3 conveys a message
about the number of infections that recently took place in the vicinity; it measures
“local infection density”. Regulation by local density cues is also frequently found
in bacteria, for instance controlling the production of costly anticompetitor toxins
(Cornforth and Foster, 2013; Gonzalez and Mavridou, 2019). Bacteria employing
such density-dependent regulation produce toxins only if the local cell density is
high. In chapter 4, we use a spatially structured individual-based simulation model
to capture the effects of spatial structure on the evolution of toxin production and
regulation by local cell density, and investigate the selection pressures driving the
evolution of density-dependent toxin production.

In chapter 5, we shift focus from modelling specific behaviours to the general
question of how the effects of spatial structure on evolution can be captured. Ex-
tending Price’s multilevel decomposition of the selection differential (Eq 1.2), we
present a new framework that describes the contribution of different length scales
to evolution in spatially structured populations that do not necessarily consist of
distinct groups. This framework allows us to decompose selection into components
that act within and among local environments for any length scale.

The specific evolutionary questions addressed in chapters 2–4 are interesting in
their own right. Studying the evolution of specific behaviours however also helps to
shape our intuition about multilevel evolutionary processes in general. The general
discussion in chapter 6 integrates the findings of chapters 2–5, highlighting several
common themes and identifying promising directions for future work.
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Abstract
The existence of long-lived reservoirs of latently infected CD4+ T cells is the major
barrier to curing HIV, and has been extensively studied in this light. However,
the effect of these reservoirs on the evolutionary dynamics of the virus has received
little attention. Here, we present a within-host quasispecies model that incorporates
a long-lived reservoir, which we then nest into an epidemiological model of HIV
dynamics. For biologically plausible parameter values, we find that the presence
of a latent reservoir can severely delay evolutionary dynamics within a single host,
with longer delays associated with larger relative reservoir sizes and/or homeostatic
proliferation of cells within the reservoir. These delays can fundamentally change the
dynamics of the virus at the epidemiological scale. In particular, the delay in within-
host evolutionary dynamics can be sufficient for the virus to evolve intermediate
viral loads consistent with maximising transmission, as is observed, and not the
very high viral loads that previous models have predicted, an effect that can be
further enhanced if viruses similar to those that initiate infection are preferentially
transmitted. These results depend strongly on within-host characteristics such as
the relative reservoir size, with the evolution of intermediate viral loads observed
only when the within-host dynamics are sufficiently delayed. In conclusion, we
argue that the latent reservoir has important, and hitherto under-appreciated, roles
in both within- and between-host viral evolution.

Author Summary

During HIV infection, a small proportion of infected cells containing integrated proviral DNA
enter a long-lived resting phase, thus creating latent reservoirs of virus. These reservoirs are a
major barrier to curing HIV and have been studied intensively in this light. Latent reservoirs
might also affect viral dynamics during untreated infection, because they provide an archive
of old viral variants that can re-enter circulation at a later time upon activation of latently
infected cells. We developed a mathematical model to investigate how reservoir dynamics
affect the evolution of the virus within single hosts, and find that the presence of a latent
reservoir can severely delay within-host evolutionary dynamics. This delay increases with
the relative size of the reservoir and the rate at which latently infected cells proliferate. By
nesting this within-host model into an epidemiological model of host population dynamics, we
show that the presence of latent reservoirs can also influence the population-level evolution
of the virus. In contrast to predictions made by previous models we find that population-
level adaptation to maximise transmission between hosts, rather than within-host fitness,
can occur, but only if adaptation of the virus within hosts is sufficiently slowed down by the
presence of latent reservoirs.
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2.1. Introduction

Shortly after the introduction of anti-retroviral therapy (ART) to treat HIV infected
individuals, viral reservoirs, in the form of long-lived CD4+ T cells containing inte-
grated proviral DNA, were identified in infected patients (Chun et al., 1997; Finzi
et al., 1997). These reservoirs are established soon after infection (Chun et al., 1998a;
Whitney et al., 2014), are long-lived (Siliciano et al., 2003), and virus can re-emerge
from the reservoirs after months or even years of latency (Chun et al., 1998b). As
such, latent reservoirs represent the major barrier to curing HIV (Chun and Fauci,
2012; Eisele and Siliciano, 2012). Although reservoirs of latent viruses have been
extensively studied in the light of treatment and viral eradication, including several
modelling studies (see Alizon and Magnus (2012) and Perelson and Ribeiro (2013)
for recent reviews), we have little understanding of how latent reservoirs influence
viral dynamics during untreated infection, and in turn how this might affect viral
evolution at the epidemiological scale.

Viral lineages in the reservoir are expected to be evolutionarily very stable be-
cause proviruses only replicate when the host cell divides, and since this uses the
host-cell replication machinery, mutation rates are extremely low. The reservoir is
therefore likely to provide an archive of “ancestral” viral strains that were circulating
earlier during the infection. If these archived viruses are reactivated months, or even
years, after infection, their presence might have a profound influence on within- and
between-host dynamics. Using a population-genetic modelling approach Kelly et al.
(1996; 2003) showed that cycling through the reservoir can lower the within-host
neutral rate of HIV evolution. In a model of drug resistance, Ward and White (2012)
furthermore showed that a latent reservoir can provide memory of non-resistant vi-
ral strains for up to several years after treatment is started, and recently, Immonen
and Leitner (2014) showed that substitution rates among within-host HIV lineages
are overdispersed, which is consistent with the circulating of virus through a reser-
voir. Using a simulation model of within-host dynamics, it has also been predicted
that due to recombination a significant fraction of circulating viral strains will have
fragments of their genome that have been latent for some time during infection
(Immonen et al., 2015). Moreover, there has been speculation that the transmis-
sion of ancestral strains could explain the lower rates of HIV evolution observed
at the epidemiological scale compared to within individuals (Pybus and Rambaut,
2009; Lythgoe and Fraser, 2012; Alizon and Fraser, 2013; Vrancken et al., 2014),
and the unexpectedly high heritability of HIV set-point viral load despite consider-
able within-host evolution between transmission events (Lythgoe et al., 2013; Fraser
et al., 2014).

Here, we present a quasispecies model of within-host HIV evolutionary dynamics
that incorporates a latently infected reservoir. Of note, we find that the presence
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of a latent reservoir can severely delay the within-host evolution of the virus. The
extent of this delay is primarily determined by the replication rates of competing
strains, the activation rate of latently infected cells, the relative size of the reservoir
compared to the number of active infected cells (which we estimate from published
data to be between 0.06 and 3.1; data used from Chun et al. (1997); Ibáñez et al.
(1999); Andreoni et al. (2000); Ngo-Giang-Huong et al. (2001); Koelsch et al. (2008);
Chomont et al. (2009)), and the extent to which cells within the reservoir proliferate.
Since it is reasonable to speculate that all of these factors vary considerably among
infected individuals, the influence of the reservoir in different individuals is likely
to be very heterogeneous, and, if recombination is pervasive and selection pressures
differ across the HIV genome, might also vary among sites (Immonen et al., 2015).

Next, we nest the within-host model into a standard model of HIV epidemio-
logical dynamics, enabling us to determine the effects of within-host evolution, and
importantly the reservoir, on between-host evolutionary dynamics. If viral strains
differ in their within-host fitness, variants with a higher in vivo replication rate will
be favoured within a given host. Indeed, the replicative capacity of viral popula-
tions (as measured by in vitro competition assays) has been found to increase over
the course of an HIV infection, albeit slowly (Troyer et al., 2005; Kouyos et al.,
2011). It was also shown that individuals infected with a virus with a high replica-
tive capacity tend to have a high viral load and vice versa (Kouyos et al., 2011;
Quinones-Mateu et al., 2000), with the replicative capacity either predicted from
the Pol sequence of the circulating virus [28] or measured by an in vitro competition
assay (Quinones-Mateu et al., 2000). Furthermore, in a study of 149 transmission
pairs a weak positive correlation was found between the replicative capacity con-
ferred by the Gag sequence of the virus that initiated an infection and the set-point
viral load (spVL) (Prince et al., 2012), the relatively stable concentration of viral
particles in the blood during the chronic phase of HIV infection. The spVL, in turn,
is a predictor of the severity of infection, or virulence, since individuals with a high
set-point tend to progress to AIDS faster (Mellors et al., 1996; de Wolf et al., 1997).

As well as being a predictor for the duration of infection, set-point viral load
is also correlated with the transmission rate (Quinn et al., 2000; Lingappa et al.,
2010). Hence, infected individuals with a low set-point viral load (who, because
of the correlations described above, are likely infected with a strain that has a low
replicative capacity) will live long but will infect few other individuals because their
transmission rate is low, while individuals with a high viral load will have a high
transmission rate during the infection but will also cause few new infections because
progression to AIDS is fast. Under this trade-off between duration of the infection
and the transmission rate, it has been calculated that the transmission potential
(defined as the number of new infections caused by an infected individual over the
entire infectious period) is maximised when set-point viral loads are intermediate,
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i.e., log(spVL) ≈ 4.5 (Fraser et al., 2007; Blanquart et al., 2016). The distribu-
tion of set-point viral loads found in populations of infected individuals is centered
around these intermediate values, suggesting that HIV virulence might have evolved
to maximise between-host transmission (Fraser et al., 2007; Blanquart et al., 2016;
Shirreff et al., 2011). This is surprising, since HIV evolves rapidly within hosts and
durations of infections are long, and so the virus should be expected to evolve to
maximise within-host fitness (e.g., replication rate) at the expense of between-host
fitness, an outcome known as ‘short-sighted’ evolution (Levin and Bull, 1994). Pre-
vious mathematical and computational studies have explored this interplay between
within- and between-host selection, either by including within-host selection for high
replication rate, which was in turn directly coupled to higher virulence as described
above (Lythgoe et al., 2013), or by including within-host selection for immune escape
mutations in a heterogeneous host population and hence allowing the virus to adapt
to each new host (van Dorp et al., 2014). In both cases, for realistic within-host
selection pressures and mutation rates, the within-host selection process was found
to dominate between-host selection, and hence between-host level adaptation was
not predicted to occur.

Here, we find that delays in within-host dynamics caused by the presence of a
reservoir can have a large impact on how the virus evolves at the epidemiological
level, and can, under certain parameter conditions, be substantial enough to explain
evolution towards intermediate levels of virulence that maximise transmission. We
therefore contend that it is important to consider reservoir dynamics not only in
patients on antiretroviral therapy, but also in untreated individuals with ongoing
active viral replication. Understanding how the virus evolves under different levels
of selection is crucial if we want to better describe the course of epidemics, and
predict the evolutionary impacts of potential intervention measures.

2.2. Results

First, we investigate the effect of the latent reservoir on the within-host evolution
of HIV by studying a model of within-host evolutionary dynamics, before nesting
the within-host model into an epidemiological framework.

2.2.1. Within-host dynamics
Model

We developed a mathematical model that describes the cycling of viral strains
through an active compartment and a latent reservoir (Figure 2.1). The active com-
partment represents infected actively replicating CD4+ T cells, while the reservoir
represents long-lived latently infected CD4+ T cells. Extending the model pro-
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Figure 2.1. Schematic overview of the within-host model. The frequency of 𝑛
different strains in the active compartment and latent reservoir (𝑥𝑗 and 𝑦𝑗 respectively;
𝑗 = 1,… , 𝑛) are tracked. In the active compartment, strain-𝑗 virus replicates with
strain-specific replication rate 𝛾𝑗 and can mutate into other strains 𝑖 with probability 𝑚𝑖𝑗. A
small fraction, 𝑘, of newly infected cells become resting cells and move into the latent
reservoir. Latent cells are reactivated at rate 𝑎 per day. The effect of cells moving between
the two compartments on the strain frequencies in these compartments depends on the
relative size of the reservoir compared to the active compartment, 𝑟𝐿. The relative reservoir
size is assumed to be constant throughout infection, maintained by a balance between
inflow and outflow of cells, or by proliferation of latently infected cells if the outflow rate
from the reservoir exceeds the entry rate. Specifically, the homeostatic proliferation rate is
given by 𝜌 = 𝑎 − 𝑘

𝑟𝐿
(see Methods for derivation). See Table 2.1 for model parameter values.

posed by Lythgoe et al. (2013), we use two coupled quasi-species equations (Eigen,
1971) to describe the frequency of the different viral strains in these compartments.
We chose to consider viral frequencies rather than the absolute number of infected
cells since tractable models that produce realistic profiles of infection and can also
accommodate the distribution of viral loads found among infected individuals do
not currently exist (Lythgoe et al., 2016). A full description and derivation of the
model are given in the Methods. In short, viral replication takes place in the active
compartment at a strain-dependent replication rate, and with mutation occurring
during replication. Most of the newly infected cells are assumed to directly feed
back into the active compartment. However, upon infection a small fraction, 𝑘, of
these cells enter a long-lived resting phase and become part of the reservoir. Cells
in the reservoir are reactivated at rate 𝑎 per day, at which point they re-enter the
active compartment.

Since we describe the frequency of viral strains, rather than the absolute number
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of infected cells, we have to account for a potential size difference between the two
compartments. For example, if there are more actively infected than latently in-
fected cells, then a single cell carrying a specific strain that moves from the reservoir
to the active compartment will have a smaller effect on the viral strain frequency
distribution in the active compartment than it had on the frequency distribution
in the reservoir. We therefore define the relative reservoir size 𝑟𝐿 to be the ratio
between the number of latently infected cells (absolute size of the reservoir) and the
number of actively infected cells (absolute size of the active compartment), and use
this parameter to translate changes in the frequency distribution in one compart-
ment to the appropriate changes in the other compartment (see Figure 2.1). In vivo
measurements indicate that the reservoir is filled up quickly after infection, both in
human patients (Chun et al., 1998a) and in rhesus monkeys (Whitney et al., 2014).
Because viral load remains relatively constant during the chronic phase of an HIV
infection, we assume that the size of the active compartment and the reservoir, and
therefore also the relative reservoir size, are constant during chronic infection. Since
with existing data it is only possible to estimate the relative reservoir size during
chronic infection (see below), we furthermore make the simplifying assumption that
the relative reservoir size in acute and late infection is the same as during chronic
infection. We will however show that relaxing this assumption has almost no effect
on the results.

In the absence of proliferation of cells in the reservoir, the assumption of a
constant reservoir size is met if the inflow of new latently infected cells equals the
outflow by reactivation. If, however, parameters are chosen such that the outflow
exceeds the inflow, we make the implicit assumption that the proliferation of cells
within the reservoir maintains its size. The homeostatic proliferation rate is then
given by 𝜌 = outflow rate − inflow rate = 𝑎 − 𝑘

𝑟𝐿
(see Methods for derivation).

Note that we neglect mutation during homeostatic proliferation, since the integrated
latent HIV DNA will be replicated by the host cell machinery, which has high copying
fidelity.

A full overview of the model parameters and their values is shown in Table 2.1.
Within the active compartment, viral replication rates are assumed to be close
to 1 replication cycle per day (Perelson et al., 1996). To model mutation and
selection, we consider two scenarios: (i) a within-host selection model where the
fastest replicating strain (strain 𝑛) has a 5% fitness advantage over the least fit
strain (strain 1), reflected in an increased replication rate, and (ii) a within-host
neutral model where all strains are of equal within-host fitness (but not necessarily
of equal between-host fitness). For the first scenario we follow Lythgoe et al. (2013)
and use a fitness landscape with a single peak in which strain 𝑗 can only mutate
into strain (𝑗 − 1) or (𝑗 + 1). Since this selection and mutation regime will lead
to a monotonically increasing fitness trajectory, we call this a “hill-climb” fitness
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Table 2.1. Model parameters
Parameter Description Value

𝛾𝑗 Replication rate of viral strain 𝑗
(per day)

Variable, [1.00 − 1.05]

𝑚𝑖𝑗 Probability that strain 𝑗 mutates
into strain 𝑖 during replication

5× 10−5 iff |𝑖 − 𝑗| = 1 for the
selection model

5 × 10−3 iff 𝑖 = 𝑗 + 1 and
5 × 10−5 iff 𝑖 = 𝑗 − 1 for the
within-host neutral model

𝑘 Probability that a newly infected
cell becomes latent

Variable, [0 − 0.02]

𝑎 Activation rate of latent cells
(per day)

Variable, [0 − 0.01]

𝑟𝐿 Relative size of the latent reser-
voir

Variable, [0.01 − 2]

𝜌 Homeostatic proliferation rate of
latent cells (per day)

𝑎 − 𝑘
𝑟𝐿

𝑇𝑗 Duration of a type-𝑗 infection in
the absence of natural mortality
(years)

Variable, [1.9 − 21.4]

𝛼𝑗(𝜏) Time-dependent infectivity
profile of individuals originally
infected with strain 𝑗

Variable

𝐵 Rate at which new susceptible
individuals enter the host popu-
lation (individuals per year)

200

𝜈 Natural death rate of hosts
independent of infection status
(per year)

0.02

landscape. These mutations happen with probability 5×10−5 at replication (Mansky
and Temin, 1995; Gao et al., 2004). For the second scenario, we let “strain” 𝑗
represent a bin of all viral strains that have acquired (𝑗 − 1) neutral mutations
compared to the ancestral founder strain. Strain 𝑛 then represents all viral strains
carrying ≥ 𝑛 mutations and is absorbing, meaning no mutations take place from
strain 𝑛 to strain (𝑛 − 1). We consider a 300bp region of the genome (a typical
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read length in next generation sequencing studies) in which 1/3 of all mutations
are assumed to be both synonymous and neutral, and hence the probability of
acquiring a neutral mutation is 5× 10−3, while the probability of reversion is again
5 × 10−5. Because we consider at most 16 strains (i.e., acquisition of at most 15
neutral mutations) we ignore saturation effects. Finally, we vary the probability of
newly infected cells becoming latent, 𝑘, and the activation rate of latently infected
cells, 𝑎. The probability of latency, k, is typically chosen to be 0.005 or less, and
is never larger than 0.02, meaning that the vast majority of new cell infections
lead to actively infected cells. The activation rate 𝑎 is never bigger than 0.01 per
day, thus ensuring that latently infected cells have a relatively long life span. As
a consequence, homeostatic proliferation only occurs in our model at a low rate of
less than one division per cell per 100 days (𝜌 < 0.01), if at all.

Estimation of the relative reservoir size 𝑟𝐿 poses a particular challenge, since
studies reporting both the size of the latent reservoir and the number of actively
infected cells are scarce, especially in non-treated patients. To our knowledge, only
Chun et al. (1997) report these kind of data, and only for the chronic, asymptomatic
phase of infection. From their results we directly estimated the relative size of the
reservoir during chronic infection for the 7 patients included in their study. In
addition, we developed an indirect method to estimate the relative reservoir size
using studies that report HIV DNA levels before and during antiretroviral treatment
(Ibáñez et al., 1999; Andreoni et al., 2000; Ngo-Giang-Huong et al., 2001; Koelsch
et al., 2008; Chomont et al., 2009). Using our direct and indirect methods, we arrive
at estimates for the relative reservoir size that vary between 0.06 and 3.1 (Figure 2.2,
see also Methods and Supplementary Table 1 for full data per patient per study). In
other words, our estimates vary between a setting in which the number of latently
infected cells is approximately 20 times less than the number of actively infected
cells and a setting in which there are 3 times as many latently infected cells as
actively infected cells.

The presence of a reservoir can severely delay within-host evolutionary
dynamics.

Using the modified quasispecies model, we determined the influence of the reservoir
on within-host evolutionary dynamics. HIV infections are generally established by
a single viral genotype (Keele et al., 2008; Abrahams et al., 2009; Tully et al., 2016),
and therefore the model was initialised with a single founder strain, with a further 15
strains generated through mutation giving a maximum of 16 strains. Importantly,
we assume that the within-host dynamics are completely determined by the initial
conditions, thus ignoring potential superinfections. We study the model both for
the within-host selection case and the scenario in which within-host evolution is
neutral.
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Figure 2.2. Estimated relative reservoir size 𝑟𝐿 during chronic infection.
Estimates were made using either a direct method based on the number of active and latent
infected CD4+ T cells (data from Chun et al. (1997)), or an indirect method using HIV
DNA levels pre- and post-treatment (data from Ibáñez et al. (1999); Andreoni et al. (2000);
Ngo-Giang-Huong et al. (2001); Koelsch et al. (2008); Chomont et al. (2009)). For the left
four studies, triangles represent single patients and the bar indicates the median. Two
studies did not report data on individual patients, but on patient groups only. In these
cases, the group mean (Andreoni et al., 2000) or median (Ngo-Giang-Huong et al., 2001)
was used to estimate 𝑟𝐿 for each group.

A comparison of model dynamics in the absence and presence of a reservoir is
given in Figure 2.3, where 𝑟𝐿 = 0.5 and 𝑎 = 0.01 per day when the reservoir is
present. First, consider the within-host selection scenario. We initiated the infec-
tion with strain 9, which has intermediate within-host fitness. In the absence of
a reservoir (Figure 2.3a), as expected, strains with higher replication rates quickly
increase in frequency in the viral population, until the population is dominated by
the strain with the highest fitness. A similar process takes place if a latent reservoir
is included in the model, where parameters are chosen such that there is no home-
ostatic proliferation of latently infected cells (i.e., the inflow and outflow from the
reservoir are equal) (Figure 2.3b). However, when comparing the timescales we see
that in the presence of a reservoir the founder strain persists at high frequency for
longer and it takes more time for the system to approach equilibrium. Using the
time it takes for the founder strain to drop to 10% frequency as our benchmark, the
dynamics are delayed by approximately 1.5 years when the reservoir is included in
the model. This large effect can be understood by recognising that although viral
lineages only rarely enter and exit the reservoir, once in the reservoir they remain
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Figure 2.3. Within-host dynamics for the within-host selection model (panels
a-c) and the within-host neutral model (panels d-f). (a,d) in the absence of a
reservoir (𝑘 = 𝑎 = 0), (b,e) in the presence of a reservoir, but without homeostatic
proliferation in the reservoir (𝑟𝐿 = 0.5, 𝑘 = 5 × 10−3, 𝑎 = 0.01 per day, 𝜌 = 0 per day), and
(c,f) in the presence of a reservoir, with a low level of homeostatic proliferation (𝑟𝐿 = 0.5,
𝑘 = 5 × 10−4, 𝑎 = 0.01 per day, 𝜌 = 9 × 10−3 per day). The black line indicates the time at
which the frequency of the initial strain has declined to 10%. The presence of a latent
reservoir delays the within-host dynamics, and this delay becomes even more profound if
there is a low level of homeostatic proliferation in the reservoir. The number of strains is
𝑛 = 16. In the within-host selection model, strains have linearly increasing replication rates
between 𝛾1 = 1.0 and 𝛾16 = 1.05 and the infection is initiated with strain 9. In the
within-host neutral model, all strains have equal within-host fitness and strains are
characterised by the number of neutral mutations they carry compared to the founder
strain. In this case the last strain (carrying ≥ 15 mutations) is absorbing, i.e., there are no
mutations out of this bin. All other parameter values are as stated in Table 2.1.

there for a long period of time (with a mean generation time in the reservoir of
1/𝑎 days). Assuming a viral generation time of 1 day in the active compartment,
and no homeostatic proliferation, the overall mean generation time will approach
(1 − 𝑘) + 𝑘/𝑎 days as infection progresses (Kelly, 1996). Note that because of our
assumption of no homeostatic proliferation in the reservoir, we set the inflow (𝑘/𝑟𝐿)
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equal to the outflow (𝑎), i.e., we assume that the relative reservoir size 𝑟𝐿 = 𝑘/𝑎.
Hence, in the absence of homeostatic proliferation the mean generation time will
be approximately equal to 1 + 𝑟𝐿 (for 𝑘 ≪ 1), and therefore we should expect the
cycling of virus through the latent reservoir to drastically delay the within-host
evolutionary dynamics, if this reservoir is sufficiently big relative to the number of
actively infected cells.

Next, we break the balance between the influx into and the efflux from the
reservoir by assuming that the outflow rate exceeds the inflow rate, by setting
𝑘 = 5 × 10−4. Under these conditions, we implicitly assume that a low level of
homeostatic proliferation takes place in the reservoir, at a rate 𝜌 = 9 × 10−3 per
day. We find that the evolutionary dynamics are even further delayed (Figure 2.3c).
In particular, there is a prolonged period of time at the start of the infection in which
the founder strain dominates the population and all other strains remain at very low
frequency. Again, the presence of the reservoir increases the mean generation time
of the virus, although this mean generation time can no longer easily be calculated
due to propagation of lineages within the reservoir through homeostatic prolifera-
tion. However, we here also observe a second way in which the reservoir affects the
evolutionary dynamics. At the start of the infection, the viral population in both
the active compartment and the latent reservoir consists of the founder strain. No
mutations take place in the reservoir, so any mutational variation in the reservoir
originates from inflow from the active compartment. Homeostatic proliferation sus-
tains the strains already present in the reservoir, and so the reservoir functions as
a memory of ancestral strains (i.e., the strains that entered the reservoir earlier in
infection), making them disproportionately represented in the reservoir compared
to the active compartment. Strains present in the reservoir will constantly be fed
back into the active compartment via activation of latently infected cells, effectively
providing these strains with a fitness advantage and reducing the rate at which
other, “new”, strains grow in frequency in the active compartment. This memory
function of the reservoir is illustrated by the reservoir dynamics (Figure 2.3c, right
panel), which clearly lag behind those of the active compartment. Although the
reservoir also functions as an archive of the initial founder strain to some extent in
the absence of homeostatic proliferation (Figure 2.3b), the memory effect is much
stronger if latently infected cells do proliferate at low rates (Figure 2.3c), since then
both the initial strain and strains that later enter the reservoir are actively sustained
within the reservoir.

In conclusion, we find two distinct mechanisms by which the latent reservoir af-
fects the within-host evolutionary dynamics: (i) cycling through the reservoir causes
a direct delay of the evolutionary dynamics because even when entry is rare, viral
lineages spend a considerable amount of time in the reservoir where no mutations
occur, and (ii) the reservoir can provide an archive of ancestral viral strains since
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they are at a higher frequency in the reservoir than in the active compartment.
Homeostatic proliferation of latently infected cells greatly enhances the effect of
this second mechanism.

Similar results are found when within-host evolution is neutral (Figure 2.3d–
f). We find that the presence of a reservoir can delay the rate at which neutral
mutations accumulate (compare Figure 2.3d and 2.3e), and that this delay increases
further if latently infected cells proliferate at a low rate (Figure 2.3f). The most
profound differences between the within-host selection model and the within-host
neutral model are seen in the presence of homeostatic proliferation in the reservoir
(Figure 2.3c and 2.3f). Because of the relatively fast rate at which we assume neutral
mutations accumulate (𝜇 = 5×10−3 to gain an extra neutral mutation in the within-
host neutral model, compared to 𝜇 = 5×10−5 to mutate into the next strain in the
within-host selection model), in the within-host neutral model we do not observe a
long delay during which the founder strain dominates. However, as in the selection
model, the reservoir dynamics lag behind those in the active compartment and as
a result strains carrying fewer neutral mutations dominate the population for much
longer than in the absence of homeostatic proliferation.

To further investigate the effect of the relative reservoir size, 𝑟𝐿, the activation
rate, 𝑎, and the homeostatic proliferation rate, 𝜌, on within-host dynamics, we cal-
culated the delay in the evolutionary dynamics caused by the inclusion of a reservoir
for different values of these parameters (Figure 2.4). Specifically, we consider the
time after infection at which the frequency of the initial strain has declined to 10%,
and calculate the delay as the difference between this time and the case without a
latent reservoir. This metric of delay in time till decline of the initial strain was
chosen to measure both the delaying and the archiving effect of the reservoir (which
most profoundly affects the initial strain), with the 10% cut-off chosen arbitrarily.
First, we consider a balanced case in which for every parameter combination the
inflow parameter 𝑘 is tuned such that reservoir inflow and outflow are equal (i.e.,
𝑘 = 𝑎 ⋅ 𝑟𝐿), meaning there is no homeostatic proliferation in the reservoir. We find
that the delay caused by including the reservoir increases with both the activation
rate of latent cells and the relative size of the reservoir (Figure 2.4a). The result
for the relative reservoir size can easily be understood from the intuitive argument
presented above: as the relative reservoir size increases, the mean generation time
of viral lineages, which is approximately equal to 1 + 𝑟𝐿 if 𝑘 ≪ 1, will increase as
well. The effect of the activation rate is a bit more subtle. As the activation rate
increases, the outflow of cells from the reservoir (i.e., 𝑎 ⋅𝑟𝐿) rises, thus increasing the
influence the reservoir has on the active compartment. However, if the outflow rate
increases in the absence of homeostatic proliferation, the influx probability 𝑘 also
needs to increase to maintain the constant relative reservoir size, and an increased
influx from the active compartment into the reservoir will reduce the memory effect
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Figure 2.4. Delay in decline of the founder strain for varying reservoir
parameter values in the within-host selection model. Persistence of the founder
strain is defined as the time it takes for the founder strain to decline to a frequency < 10%
in the within-host population, and the delay in decline was calculated as the difference in
persistence between the settings of interest and a control case in which the reservoir was
absent. (a) Varying the activation rate 𝑎 and the relative reservoir size 𝑟𝐿 in the absence of
homeostatic proliferation (𝜌 = 0, 𝑘 = 𝑟𝐿 ⋅ 𝑎), and (b) varying the homeostatic proliferation
rate 𝜌 and the relative reservoir size 𝑟𝐿 for fixed activation rate (𝑎 = 0.01 per day). The
homeostatic proliferation rate was varied by tuning the proportion of newly infected cells
that enter the reservoir, 𝑘. The delay of the within-host dynamics increases with the
relative size of the reservoir, and with the activation and homeostatic proliferation rate of
latently infected cells. Note that the scales in panel (a) and (b) are different: the delays
found in the presence homeostatic proliferation can be much larger than if latently infected
cells do not proliferate. Results are shown for strains with increasing replication rates
(𝛾1 = 1.0 − 𝛾16 = 1.05), with the infection founded by strain 9. Similar results were found
for the within-host neutral case (Supporting Figure S2.1).

of the reservoir. For the within-host selection model, we find here that the increase
in effect of the reservoir on the active compartment outweighs the reduction in mem-
ory function caused by the effect of the active compartment on the reservoir, and
the highest evolutionary delays occur when the activation rate of latently infected
cells is large. The balance between these two effects is however clearly illustrated
in the within-host neutral model, where we find that the within-host evolutionary
dynamics are most delayed for high relative reservoir sizes but intermediate values
of the activation rate 𝑎 (Supporting Figure S2.1a).

Next, we fix the activation rate (𝑎 = 0.01 per day) and study the effect of
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changing the relative reservoir size, 𝑟𝐿, and the probability that newly infected cells
become latent, 𝑘, thus implicitly varying the homeostatic proliferation rate 𝜌 (re-
member 𝜌 = 𝑎 − 𝑘

𝑟𝐿
). As observed above, we find that a low level of homeostatic

proliferation in the reservoir increases the observed delay of the evolutionary dynam-
ics (Figure 2.3b) since the homeostatic proliferation augments the memory function
of the reservoir. Similar effects of the relative reservoir size 𝑟𝐿 and homeostatic pro-
liferation rate 𝜌 on the within-host dynamics were found for the within-host neutral
model (Supporting Figure S2.1b).

So far, we have considered a relatively small fitness difference of 5% between the
slowest and fastest replicating strains, representing, for example, mutations towards
the population consensus that generally have a small effect and which take a long
time to sweep through a within-host population (Zanini et al., 2015). However, some
mutations can have much larger within-host benefits and sweep through quickly. In
line with these observations, in our model we find that mutations that confer a large
within-host fitness benefit rapidly sweep through both the active compartment and
the reservoir (Supporting Figure S2.2). The presence of a reservoir has very little
effect on the speed of these dynamics even if homeostatic proliferation in the reservoir
occurs.

In conclusion, we have shown that the presence of a latent reservoir can dras-
tically delay within-host evolutionary dynamics. This effect depends on the fitness
effect of mutations: for neutral or small-effect mutations substantial delays are ex-
pected, but not if mutations have a moderate or large effect on within-host fitness.
The delay of within-host evolutionary dynamics increases with the relative size of
the reservoir, and the activation rate and homeostatic proliferation rate of latently
infected cells. Our model thus predicts a negative correlation between the relative
reservoir size and the within-host evolutionary rate.

2.2.2. Between-host dynamics
Model

Next, we consider how the impact of the reservoir on within-host dynamics influences
the evolution of virulence at the between-host level. To describe this between-host
level, we follow Lythgoe et al. (2013) and use a standard demographic susceptible-
infected (SI) model with several types of infected individuals (see Diekmann and
Heesterbeek (2000)). For a full description of the model, see the Methods. In short,
we define a type-𝑗 infected individual as someone initially infected by strain 𝑗, and
track 𝐼𝑗(𝑡), the total number of type-𝑗 infected individuals in the population over
time. New susceptible individuals are added to the population at rate 𝐵 individuals
per year, while all individuals have a natural mortality rate 𝜈 per year. Furthermore,
we assume that all type-𝑗 infected individuals die at time 𝑇𝑗 (years) after infection,
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which represents disease induced mortality. A full overview of the model parameters
is given in Table 2.1.

The within-host model is nested in this between-host framework via strain-
specific infectivity profiles 𝛽𝑖𝑗(𝜏) (Lythgoe et al., 2013; Mideo et al., 2008). These
profiles describe the rate at which type-𝑗 infected individuals transmit strain 𝑖 virus
at time 𝜏 after infection. The strain specific infectivity profile is the product of
the frequency of strain 𝑖 in the host, 𝑥𝑖𝑗(𝜏), which we solve from the within-host
model, and a predefined total infectivity profile, 𝛼𝑗(𝜏), which is only dependent on
the infecting strain, 𝑗. Individuals initially infected with a highly virulent strain
(high set-point viral load) have a short chronic infection period but high overall in-
fectivity during this chronic phase, whereas individuals initially infected with a low
virulent strain (low set-point viral load) have a long chronic infection period with
a low overall infectivity (Supporting Figure S2.3a), and consequently moderately
virulent strains have the highest transmission potential (Fraser et al., 2007; Lythgoe
et al., 2013; Blanquart et al., 2016), where this is defined as the average number of
secondary infections caused by an individual infected by strain 𝑗 during their entire
infectious period in an otherwise totally susceptible population. Duration and in-
fectivity of the acute and late phases of infection are assumed to be the same for all
infections.

Since viral load has been shown to correlate with the replicative capacity of
the virus as measured in vitro, albeit weakly (Kouyos et al., 2011; Quinones-Mateu
et al., 2000; Prince et al., 2012), and remains approximately constant during chronic
infection, in the within-host selection scenario we assume that the set-point viral
load of a type-𝑗 infected individual is determined by the replication rate 𝛾𝑗 of the
initial infecting strain. Specifically, we assume that high values of 𝑗 represent strains
with a large replicative capacity and consequently highly virulent infections, whereas
low values of 𝑗 represent strains with a small replicative capacity and therefore less
virulent infections (see cartoon in chapter 1: Figure 1.3b). To form a baseline
expectation of the results of between-host selection, we also investigate a within-
host neutral scenario in which all strains are assumed to have the same within-host
replicative rate, but where we continue to assume that high values of 𝑗 represent
very virulent strains and low values of 𝑗 represent less virulent strains. Thus, even
though in this scenario mutations are neutral at the within-host level, they are not
neutral at the between-host level and intermediate stains within a high transmission
potential are expected to be selected.

Epidemiological dynamics and evolution of virulence

We again consider a case with 𝑛 = 16 viral strains, and in all simulations a popu-
lation of 𝑁 = 10000 individuals was initialised with one individual infected with a
moderately virulent strain (strain 7). The nested model was numerically solved to
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Figure 2.5. Dynamics of the between-host model. The relative prevalence of
infections initiated by different viral strains, 𝐼𝑗(𝑡), is shown. The insets show the basic
reproduction number 𝑅0 and average set-point viral load (spVL) at the end of the numerical
integration. Panels (a) and (b) show baseline expectations for the case without a latent
reservoir, comparing a scenario in which within-host evolution is neutral to the within-host
selection model. Panel (c) illustrates the effect of adding a latent reservoir. (a) No selection
within-host with no reservoir. All strains have equal within-host fitness (𝛾1 = 𝛾16 = 1.0),
but do differ in spVL and associated virulence and duration of the infection. Moderately
virulent strains are selected, which have optimal transmission potential. (b) Within-host
selection model with no reservoir; strains have linearly increasing within-host replication
rates (between 𝛾1 = 1.0 and 𝛾16 = 1.05) and increasing virulence. We clearly see the effects
of short-sighted evolution: more virulent strains dominate the population, even though this
reduces the population level fitness (𝑅0) of the infection. (c) Within-host selection model
with a reservoir; strains have increasing fitness and there is a relatively large reservoir
(𝑟𝐿 = 0.5) with a low level of homeostatic proliferation (𝑎 = 0.01 per day, 𝑘 = 5 × 10−4,
𝜌 = 9 × 10−3 per day, settings as in Figure 2.3c). The presence of a latent reservoir delays
within-host dynamics, resulting in the dominance of less virulent strains at the population
level, and hence reduces the effects of short-sighted within-host evolution.

find the epidemiological and evolutionary dynamics. Example dynamics are shown
in Figure 2.5. Equilibrium population sizes vary between 𝑁 = 1150 individuals (in-
fection with high virulence) and 𝑁 = 2150 individuals (moderately virulent infec-
tion). In the absence of a reservoir, and where all strains have the same within-host
fitness, as expected the strain with maximum transmission potential and moderate
virulence is selected (e.g., strain 9 in our 16-strain scenario; Figure 2.5a). The basic
reproduction number, 𝑅0, of the viral population, which is defined as the average
number of new infections a single infected individual would cause in a fully suscep-
tible population over the course of its infection, is optimal and the average set-point
viral load is close to the value observed in populations of untreated individuals:
log(spVL) = 4.5 (Fraser et al., 2007). However, if strains have different within-host
fitnesses, rapidly replicating high virulence strains quickly dominate within hosts
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and are transmitted to the next host. Consequently, in the absence of a reservoir
within hosts, new infections are dominated by highly virulent strains and we observe
an associated drop in the basic reproduction number 𝑅0 and increase in the average
set-point viral load in the host population (Figure 2.5b). Thus, these results illus-
trate how short-sighted within-host selection for high replicative capacity dominates
the evolutionary process at the between-host level (c.f., Lythgoe et al. (2013)).

In contrast, when a latent reservoir is included in the model we see the domi-
nance of intermediately virulent strains at the population level, even when there is
selection for more virulent strains within individuals (Figure 2.5c). Although the
basic reproduction number and the average set-point viral load are not optimal in
this population, the effect of the reservoir dynamics on evolution at the population
level is substantial: the mere presence of a latent reservoir causes a drop of 1.0 log
in the average set-point viral load. Hence, in this example the latent reservoir has
a major effect on the evolution of HIV at the population level and could to some
extent explain why the virus has not evolved to be highly virulent.

This result can be understood in terms of the timescales of within-host evolution
on the one hand, and transmission and duration of the infection on the other hand.
The total duration of a type-𝑗 infection, 𝑇𝑗, sets a time limit on when within-host
evolution and transmission to susceptibles can occur. In the presence of a reservoir
the initial strain dominates the within-host viral population for a larger proportion
of this infectious period than when the reservoir is absent (Supporting Figure S2.3),
thus increasing the probability that the infecting strain, or strains with a similar
virulence, are transmitted, which in turn enables the between-host adaptation of
the virus.

As with the within-host dynamics, model outcomes depend strongly on the choice
of parameters, particularly the relative reservoir size, the activation rate of latently
infected cells, and the degree of homeostatic proliferation of latently infected cells
(Supporting Figure S2.4). Importantly, the results of this analysis are very similar
to the within-host results shown in Figure 2.4. The larger the within-host delay of
the evolutionary dynamics, the higher the 𝑅0 and the lower the average spVL in
the population-level model. This is an intuitive result, since delay of the within-
host evolutionary dynamics results in a longer period of time in which the founder
strain can be transmitted, thus providing the virus with a mechanism to “escape”
the effects of short-sighted within-host evolution.

Because of the strong dependence of our model results on the relative reservoir
size 𝑟𝐿, we revisited the simplifying assumption that this relative reservoir size re-
mains constant over the entire course of an infection. We based this assumption on
in vivo observations showing that the reservoir fills up quickly at the start of infec-
tion (Chun et al., 1998a; Whitney et al., 2014). To check that our model parameters
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are consistent with these observations, we developed a simplified population dy-
namical version of our model that describes the number of actively and latently
infected cells during the acute, chronic and late phases of the infection (Supporting
Text 2.6.1). Even though the probability of reservoir entry, 𝑘, and the activation
rate of latently infected cells, 𝑎, are assumed to be low, we find that the size of
the reservoir quickly increases after initial infection and can stabilise early in the
chronic phase (Supporting Figure S2.5). The results of this population dynamical
model also illustrate that we should expect the relative reservoir size to be much
smaller during the acute and late phases of infection because the viral load, and
hence the number of actively infected cells, will typically be much higher during
these phases than during the chronic phase, due to the absence or failure of immune
responses mounted by the host. To examine the effect of smaller relative reservoir
sizes during the acute and late phases of infection, we repeated our analyses under
the conservative assumption that the latent reservoir only impacts the evolution of
the active compartment during chronic infection, while the within-host evolution
during the acute and late phases of infection is only determined by the dynamics
of the active compartment. The results were almost identical to those of the orig-
inal model (Supporting Figures S2.3d and S2.6), indicating that our conclusions
do not depend on the simplifying assumption of a constant relative reservoir size
throughout the entire course of infection. This is because, even in the absence of
a reservoir, little evolutionary change happens during the first three months (i.e.,
the acute phase) of the infection (Figure 2.3), and similarly little evolution takes
place in the final nine months, or the late phase, of most infections (Supporting
Figure S2.3).

2.3. Discussion

We have investigated how the presence of a latent reservoir affects the evolutionary
dynamics of HIV within individuals and at the population level. Surprisingly, we find
that the latent reservoir can cause a significant delay to the within-host evolutionary
process. Furthermore, if within-host evolution is sufficiently delayed the virus can
evolve intermediate levels of virulence which optimise transmission at the population
level. This is in contrast to the situation in which a within-host reservoir is absent
and where high virulence strains are expected to dominate. Hence, the delay in
within-host evolution can prevent the short-sighted evolution of very high levels of
virulence.

It is important to note that these between-host effects only occur if the latent
reservoir is relatively large compared to the active compartment. In the lower ranges
of our estimates for the relative reservoir size (e.g., 𝑟𝐿 ≈ 0.1), almost no effect of the
reservoir on within-host evolutionary dynamics was found. For these conditions, the
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preferential transmission of strains similar to the ancestral virus, stored in long-lived
memory cells, might provide an alternative explanation to the observed population
level adaptation of virulence (Fraser et al., 2014). This is not an unreasonable
hypothesis: ancestral strains are, by definition, transmissible, and during the course
of a single infection there will not be selection to maintain transmissibility per se.
There is now a growing body of indirect evidence that ancestral virus might be
preferentially transmitted, including work on individual transmission pairs (Redd
et al., 2012; Deymier et al., 2015), a large cohort study (Carlson et al., 2014), and
phylogenetic studies (Pybus and Rambaut, 2009; Alizon and Fraser, 2013; Vrancken
et al., 2014).

Our model can be extended to investigate the population level effects of preferen-
tial transmission of ancestral virus. As a case study, we incorporated this mechanism
into our model by assuming that, during the course of an infection, the virus ac-
quires additional mutations that lower its relative transmissibility per transmission
event compared to strains carrying fewer of these mutations, but which are neutral
at the within-host level and do not affect virulence (Supporting Text 2.6.2). We then
find that inclusion of preferential transmission of ancestral virus can result in the
dominance of strains with intermediate virulence that maximise the population level
reproduction number, 𝑅0, of the infection, even for cases where high virulence strains
dominate in the absence of preferential transmission (Supporting Figure S2.7). As
might be expected, however, the effect of this preferential transmission depends on
the strength of the preference and the rate at which transmissibility-lowering mu-
tations are acquired, and we only find population level adaptation of the virus if
preferential transmission is sufficiently strong (Supporting Figure S2.8). Although
this model provides a proof of concept that preferential transmission of ancestral
virus can lead to population level adaptation of the virulence, more biologically
realistic models should be developed to further study this mechanism.

Because both our within-host and between-host results are very sensitive to the
relative size of the reservoir compared to the number of infected actively replicating
cells, our model produces testable predictions for the effect of the relative reservoir
size on the within-host evolutionary dynamics of the virus. The larger the reservoir
compared to the active compartment, the more delayed within-host evolutionary
dynamics are expected to be, ranging from almost no delay in individuals with a
small relative reservoir size (lower bounds of our 𝑟𝐿 estimates) to a delay of multiple
years in individuals in whom the reservoir is large relative to the number of actively
infected cells (higher bounds of our 𝑟𝐿 estimates). In particular, this might explain
the low rates of evolution in natural controllers of HIV infection who maintain very
low plasma HIV RNA levels, and in whom we therefore speculate that the relative
size of the reservoir compared to the active compartment is large. In these patients
there is growing evidence for low levels of ongoing viral replication (Sedaghat et al.,
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2009; Mens et al., 2010; Hatano et al., 2013) and the evolutionary rate has been
estimated to be 3–4 times lower than in non-controllers (Mens et al., 2010). Fur-
thermore, in another study a negative correlation between set-point viral load and
evolutionary rate has been described (Lemey et al., 2007), a trend that we would
predict if a high set point viral load is indicative of a small relative reservoir size.
Although these data support the hypothesis that a relatively large latent reservoir
delays within-host evolutionary dynamics, caution is needed in interpreting these
and other results since confounding factors, such as APOBEC induced mutations,
also affect both set-point viral load and rates of evolution (Cuevas et al., 2015).

Quantifying the number of latently infected cells containing viable provirus in
HIV patients is a major challenge. Empirical estimates of the size of the latent
reservoir within patients on ART can vary 2 logs in magnitude depending on the
experimental method used (Eriksson et al., 2013). Viral outgrowth assays tend
to underestimate the reservoir size, while PCR based methods tend to lead to an
overestimation (Ho et al., 2013). We have hoped to avoid some of these biases by
estimating a relative reservoir size compared to the number of actively infected cells,
which should be relatively insensitive to errors in estimates of the absolute number
of infected active and latent cells, as long as both are biased in the same way.
Using both direct and indirect methods we found that the relative size of the latent
reservoir can vary enormously among patients, ranging from 0.06 to 3.1 latently
infected cells per infected active cell. At this moment it is unclear to what extent
this variation is caused by differences in the experimental methods used or is true
variation between the patients themselves. Other studies have suggested that the
relative size of the reservoir is much smaller than we have estimated here because
most viral DNA in the reservoir is not viable (e.g., Immonen et al. (2015)). However,
recent evidence suggests that the same is true of viral DNA in actively replicating
cells (Cuevas et al., 2015), leading us to conclude that our estimates of the relative
reservoir size are probably in the right ball park. Furthermore, although at first
sight our estimates for the relative reservoir size might appear high, it is important
to recognise that they represent a “snapshot” of viral dynamics. Although many
active CD4+ T cells are infected over the course of an HIV infection, the total
number of actively infected cells at any given point is small (Chun et al., 1997).
Thus, the ratio between the numbers of latently and actively infected cells at any
given time point might be larger than intuitively expected.

As well as relative reservoir size, the rate at which the reservoir is replenished and
depleted, and hence the (assumed) homeostatic proliferation rate in the reservoir,
is another important determinant of within-host dynamics. There is a growing
body of evidence suggesting that latent reservoirs are maintained by homeostatic
proliferation in patients on antiretroviral therapy. Modelling studies have suggested
that homeostatic proliferation must occur to maintain stable reservoir sizes under
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therapy (Kim and Perelson, 2006; Rong and Perelson, 2009), and in support of this
Chomont et al. (2009) found direct evidence of ongoing homeostatic proliferation
in a subset of infected memory CD4+ T cells. More recent studies of HIV DNA
integration sites at single-cell level (Maldarelli et al., 2014; Wagner et al., 2014)
found that multiple cells carry identical proviral sequences at the same integration
site, suggesting that up to 40% of cells in the latent reservoir have arisen from clonal
expansion (Maldarelli et al., 2014). We should however be careful in interpreting
these results, since the clonally expanded proviruses were not tested for replication
competency. In a different study Cohn et al. (2015) found that although the majority
of integrated proviruses resided in clonally expanded T cells, all of the 75 proviruses
found in these clones were defective. However, since in our model we only assume a
very low level of proliferation of latently infected cells, if at all, these results do not
directly contradict our assumptions.

We find that the within-host evolutionary dynamics of HIV can be severely
delayed by the presence of a latent reservoir if mutations are neutral within-host
or have a small within-host fitness effect. Some mutations might however confer a
larger within-host fitness benefit, as has been suggested for some immune escape mu-
tations (Ganusov et al., 2011; Herbeck et al., 2011; Maldarelli et al., 2013), although
other studies have found that immune escape might be relatively slow, especially
during the chronic phase of infection (Ganusov et al., 2011; Asquith et al., 2006;
Roberts et al., 2015). For mutations that have a large effect on within-host fitness,
we predict that the presence of the reservoir will have very little effect on within-host
evolutionary dynamics because the fittest variant will quickly sweep the active com-
partment and the reservoir. However, since recombination happens very frequently
during HIV replication (Zanini et al., 2015; Jetzt et al., 2000; Schlub et al., 2010)
we still expect to see the predicted effect of the latent reservoir when considering
neutral mutations or mutations with small within-host fitness effects.

When modelling the evolution of virulence at the population level, we have
confined ourselves to considering viral factors, and not host factors or host-virus
interactions, which are likely to be mediated through the host immune response.
The high heritability of HIV set-point viral load (Fraser et al., 2014) suggests that
viral factors are important determinants of virulence, although as yet we do not
know what these factors are, and this is the subject of ongoing research. Since the
human population is very heterogeneous (e.g., with regard to immune responses)
and this might impact epidemiological and evolutionary dynamics (van Dorp et al.,
2014), an important next step will be to determine how the incorporation of host
heterogeneity affects our conclusions.

Because of the problems they pose to eradication of viral infection, latent HIV
reservoirs have mainly been studied in the context of antiretroviral treatment (Chun
and Fauci, 2012; Eisele and Siliciano, 2012). Here, however, we have investigated
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how reservoir dynamics influence the evolutionary dynamics of HIV in untreated
individuals with ongoing active viral replication. Overall, our models have shown
that latently infected cells can have a major impact on the evolution of the virus.
The latent reservoir plays a role in the determination of the within-host evolutionary
rate and the outcome of population level evolution of virulence. Therefore, latently
infected cells should be considered if we want to understand the evolutionary dy-
namics of HIV at the within- and between-host levels.

2.4. Methods

We developed a multilevel mathematical model that nests the within-host evolu-
tionary dynamics of HIV in a between-host epidemiological model of HIV using a
time-since-infection framework. At the between-host level, we follow Lythgoe et al.
(2013) and use a standard multitype epidemic model (Diekmann and Heesterbeek,
2000). At the within-host level, we use two coupled quasi-species equations (Eigen,
1971) to describe the frequency distribution of different viral strains in actively in-
fected cells and the latent reservoir. We model strain frequencies at the within-host
level, rather than the total number of virions (or infected cells) of each strain, since
tractable mathematical models of HIV infection that can reproduce the observed
ranges of profiles of infection among patients (such as differences in spVL and dura-
tion of infection) do not currently exist (Lythgoe et al., 2016). In our between-host
model, we therefore use known associations between spVL, transmissibility and du-
ration of infection to characterise the overall infectivity profile, 𝛼𝑗(𝜏), of a host
initially infected by strain 𝑗 at time 𝜏 after infection. Using our within-host model,
we separately model the frequency of strains 𝑖 within a host infected by strain 𝑗,
𝑥𝑖𝑗(𝜏), assuming an infinite population size, and then couple the between-host and
within-host levels via the strain specific infectivity profile 𝛽𝑖𝑗(𝜏), which is a combi-
nation of 𝑥𝑖𝑗(𝜏) and 𝛼𝑗(𝜏) and describes the infectivity of strain 𝑖 in a host originally
infected with strain 𝑗 at time 𝜏 after infection (Lythgoe et al., 2013; Mideo et al.,
2008). All models were implemented in Matlab, version R2013a.

2.4.1. Within-host model
Within a host we consider two compartments: an active compartment and a latent
reservoir. The active compartment describes the infection of active CD4+ T cells.
In this compartment, viral replication (i.e., new infections) and mutation take place.
A small fraction, 𝑘, of the newly infected cells enter the reservoir compartment as
long-lived latently infected cells. These cells are reactivated at a rate 𝑎 per day. An
overview of the model structure is shown in Figure 2.1.
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Consider 𝑛 different viral strains that can differ in their replication rate, 𝛾𝑖
(𝑖 = 1, 2, … , 𝑛). Let 𝑥𝑖 be the frequency of strain 𝑖 in the active compartment,
and 𝑦𝑖 its frequency in the latent reservoir. Mutations are described by a mutation
matrix 𝑀 = (𝑚𝑖𝑗), where 𝑚𝑖𝑗 is the probability that strain 𝑗 mutates into strain
𝑖 during replication. The dynamics of the system are described by the following
differential equations:

{
d𝑥𝑖
d𝑡 = (1 − 𝑘)∑

𝑛
𝑗=1𝑚𝑖𝑗𝛾𝑗𝑥𝑗 + 𝑎𝑟𝐿𝑦𝑖 − 𝑥𝑖 ((1 − 𝑘)∑

𝑛
𝑗=1 𝛾𝑗𝑥𝑗 + 𝑎𝑟𝐿 ∑

𝑛
𝑗=1 𝑦𝑗)

d𝑦𝑖
d𝑡 =

𝑘
𝑟𝐿
∑𝑛𝑗=1𝑚𝑖𝑗𝛾𝑗𝑥𝑗 − 𝑎𝑦𝑖 − 𝑦𝑖 (

𝑘
𝑟𝐿
∑𝑛𝑗=1 𝛾𝑗𝑥𝑗 − 𝑎∑

𝑛
𝑗=1 𝑦𝑗) ,

(2.1)
or in matrix-vector notation

{
d𝐱
d𝑡 = (1 − 𝑘)𝑄𝐱 + 𝑎𝑟𝐿𝐲 − 𝐱 ((1 − 𝑘)𝛾 + 𝑎𝑟𝐿)
d𝐲
d𝑡 =

𝑘
𝑟𝐿
𝑄𝐱 − 𝑎𝐲 − 𝐲 ( 𝑘𝑟𝐿 𝛾 − 𝑎) ,

(2.2)

where 𝐱 = (𝑥1, 𝑥2, … , 𝑥𝑛)𝑇, 𝐲 = (𝑦1, 𝑦2, … , 𝑦𝑛)𝑇, 𝑄 = (𝑞𝑖𝑗) = (𝑚𝑖𝑗𝛾𝑗) is the replication-
mutation matrix and 𝛾 = ∑𝑛𝑗=1 𝛾𝑗𝑥𝑗 is the total replication rate of the virus. The
last term in all of these equations represents a chemostat-assumption, which as-
sures that the frequencies 𝑥𝑗 and 𝑦𝑗 add up to one at all times (Eigen, 1971). This
chemostat-assumption is equivalent to assuming that the death rate of cells within
a given compartment is the same for all strains.

Note that Eq 2.1 introduces an additional parameter, the relative reservoir size
𝑟𝐿. Since we describe strain frequencies, rather than absolute numbers of infected
cells, this parameter is needed to account for a potential difference in size between
the two connected compartments. Let 𝐴 be the total number of infected active
CD4+ T cells, and 𝐿 the total number of latently infected memory CD4+ T cells.
Then, the number of memory CD4+ T cells latently infected with strain 𝑖 is given by
𝑦𝑖𝐿. Since these cells are reactivated at a rate 𝑎 per day, the total rate of re-entry of
strain 𝑖 into the active compartment is 𝑎𝑦𝑖𝐿 cells per day. The contribution of these
reactivated cells to the change in frequency of strain 𝑖 in the active compartment is
given by

Δ𝑥𝑖(𝑎) =
𝑎𝑦𝑖𝐿
𝐴 (2.3)

since the size of the active compartment is 𝐴 cells. A similar argument can be made
to describe the contribution of newly latently infected cells to the strain distribution
in the reservoir, which is given by

Δ𝑦𝑖 =
𝑘∑𝑛𝑗=1𝑚𝑖𝑗𝛾𝑗𝑥𝑗𝐴

𝐿 = 𝐴
𝐿 𝑘

𝑛

∑
𝑗=1
𝑚𝑖𝑗𝛾𝑗𝑥𝑗 . (2.4)

In both cases we see that if the reservoir and the active compartment are of unequal
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size, this size difference has to be accounted for. Hence, we define

𝑟𝐿 =
𝐿
𝐴 (2.5)

as the relative size of the reservoir. The use of this parameter 𝑟𝐿 is also illustrated
in Figure 2.1.

Note that our model implicitly includes the possibility of homeostatic prolif-
eration of latently infected cells. Viral load stays approximately constant during
chronic infection, and therefore we can expect the number of actively infected cells
(i.e., the absolute size of the active compartment) to be relatively constant as well,
as is also predicted by models of within-host infection dynamics (see Alizon and
Magnus (2012) and Perelson and Ribeiro (2013) for recent reviews). In the model,
we make the additional assumption that the relative size of the reservoir compared
to the active compartment remains constant during chronic infection. This means
that the absolute size of the reservoir must also remain the same (see Eq 2.5). Using
the notation of Eq 2.5, let 𝐴 and 𝐿 be the absolute size of the active compartment
and the reservoir, respectively. Since ∑𝑛𝑗=1 𝛾𝑗𝑥𝑗 ≈ 1 (see Table 2.1 for parameter
values) the total entry rate of cells entering the reservoir is approximately 𝑘⋅𝐴, while
the total outflow rate of cells leaving the reservoir is 𝑎 ⋅ 𝐿. To maintain a constant
reservoir size in the absence of homeostatic proliferation these entry and outflow
rates must be equal, i.e., 𝑘 = 𝑎 ⋅ 𝐿𝐴 = 𝑎 ⋅ 𝑟𝐿. If however the outflow is greater than
the inflow (i.e., 𝑎 > 𝑘

𝑟𝐿
), then homeostatic proliferation of latently infected cells is

implicitly assumed to take place so as to maintain the reservoir size, at a rate

𝜌 = 𝑎 − 𝑘
𝑟𝐿
. (2.6)

Since new HIV infections are generally established by a single viral genotype
(Keele et al., 2008; Abrahams et al., 2009; Tully et al., 2016), we assume that all
within-host processes are started with only a single strain present at time 𝜏 = 0.
It has been shown that the reservoir of latently infected cells is established very
quickly, as early as 10 days after infection (Chun et al., 1998a; Whitney et al.,
2014). We incorporate this into our model by assuming that the initial strain is
immediately present in both the active compartment and the latent reservoir. From
these initial conditions, Eq 2.2 is numerically integrated to calculate 𝑥𝑖𝑗(𝜏) and
𝑦𝑖𝑗(𝜏), the frequency of strain 𝑖 in the active compartment and the reservoir at
time 𝜏 after infection in an individual originally infected with strain 𝑗 at time 𝜏 = 0.
Note that a constraint of using the time-since-infection framework is the assumption
that no superinfection takes place. Numerical integration was done with Matlab’s
built-in differential equation solver ode45, using default settings.
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Then, following Lythgoe et al. (2013) we define the strain specific infectivity
profile

𝛽𝑖𝑗(𝑡) = 𝛼𝑗(𝑡)𝑥𝑖𝑗(𝑡). (2.7)

Here, 𝛼𝑗(𝑡) is a predefined overall infectivity profile of infections established by
strain 𝑗. We assume that the infectivity profile 𝛼𝑗(𝑡) consists of three stages: acute
infection, a chronic phase and a late phase. The durations of the acute and late
phases are assumed to be equal for all infections, as is the infectivity during these
phases. The duration and infectivity of the chronic phase, however, are assumed
to be functions of spVL: infections with higher spVLs have shorter chronic phases,
and higher infectivities during this chronic phase, than infections with lower spVLs
(illustrated in Supporting Figure S2.3, see Lythgoe et al. (2013); Fraser et al. (2007);
Blanchard et al. (2016) for details and parameter estimates). Because the duration
of the chronic phase depends on the spVL, the total duration of the infection, 𝑇𝑗, will
also be shorter for more virulent strains (i.e., those with a higher spVL) (Lythgoe
et al., 2013; Fraser et al., 2007). Viral load is relatively stable during chronic infec-
tion, even though a large amount of within-host evolution takes place during this
period. We therefore assume that the spVL in turn is determined by the infecting
strain. Since spVL correlates with replicative capacity of the virus (Kouyos et al.,
2011; Quinones-Mateu et al., 2000; Prince et al., 2012), we furthermore assume that
strains with higher replication rates result in infections with higher spVLs (Lythgoe
et al., 2013).

2.4.2. Between-host model
Following Lythgoe et al. (2013), we use the strain specific infectivity profiles de-
scribed by Eq 2.7 to nest the within-host dynamics into a multitype epidemiological
model to describe the between-host dynamics (Diekmann and Heesterbeek, 2000).
Here we will provide a short description of the model, see Lythgoe et al. (2013) and
Diekmann and Heesterbeek (2000) for the full derivation.

We use a susceptible-infected model with demography. Let 𝑆(𝑡) and 𝐼(𝑡) be
the number of susceptible and infected individuals at time 𝑡, respectively, and let
𝑁(𝑡) = 𝑆(𝑡) + 𝐼(𝑡) be the total number of individuals in the population. Let 𝐼𝑗(𝑡)
be the number of type-𝑗 infected individuals, i.e., individuals initially infected with
strain 𝑗. Then, 𝐼(𝑡) = ∑𝑛𝑗=1 𝐼𝑗. Assume that all individuals die at a natural death
rate 𝜈, and furthermore that type-𝑗 infected individuals die at time 𝑇𝑗 after initial
infection if they have not succumbed to natural mortality. Let 𝐵 be the rate at
which new susceptible individuals enter the population. Lastly, let 𝐻𝑖(𝑡) denote the
incidence of type-𝑖 infections, i.e., the rate at which new type-𝑖 infections occur.
Assuming random mixing of the population, the epidemiological dynamics are then
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described by

𝐻𝑖(𝑡) =
𝑆(𝑡)
𝑁(𝑡)

𝑛

∑
𝑗=1
∫
𝑇𝑗

0
𝛽𝑖𝑗(𝜏)𝐻𝑗(𝑡 − 𝜏)e−𝜈𝜏𝑑𝜏, (2.8)

𝑆(𝑡) = 𝑁(𝑡) −
𝑛

∑
𝑖=1
∫
𝑇𝑗

0
𝐻𝑖(𝑡 − 𝜏)e−𝜈𝜏𝑑𝜏, (2.9)

𝑑𝑁(𝑡)
𝑑𝑡 = 𝐵 − 𝜈𝑁(𝑡) −

𝑛

∑
𝑖=1
𝐻𝑖(𝑡 − 𝑇𝑖)e−𝜈𝜏 , (2.10)

𝐼𝑖(𝑡) = ∫
𝑇𝑖

0
𝐻𝑖(𝑡 − 𝜏)e−𝜈𝜏𝑑𝜏. (2.11)

These equations were numerically integrated using Matlab, using Matlab’s function
trapz to numerically solve the integrals and the forward Euler method to solve the
differential equations (timestep 𝑑𝑡 = 0.01 year).

The next-generation matrix 𝐾 = (𝑘𝑖𝑗) = (∫
𝑇𝑗
0 𝛽𝑖𝑗(𝜏)e−𝜈𝜏𝑑𝜏) can easily be calcu-

lated. This next-generation matrix can be used to quickly find the equilibrium of
the model without numerically solving Eqs 2.8–2.11. Namely, at equilibrium the
basic reproduction number 𝑅0 of the infection is equal to the dominant eigenvalue
of the next-generation matrix 𝐾, while the corresponding eigenvector (normalised
to have components summing up to one) gives the relative incidence (𝐻

∗
𝑖 ) (Lythgoe

et al., 2013; Diekmann and Heesterbeek, 2000). 𝑅0 represents the average number of
new infections one infected individual would cause in a fully susceptible population
during its lifetime. At equilibrium, however, the number of infected individuals is
constant over time and hence the number of new cases arising from a single infection
should be equal to one. Therefore, at equilibrium

𝑆∗
𝑁∗ =

1
𝑅0
, (2.12)

where the star denotes equilibrium values. Setting Eqs 2.8–2.11 to equilibrium and
using Eq 2.12 we can now directly derive

𝐼∗𝑖 =
𝐵(𝑅0 − 1)𝐻

∗
𝑖 (1 − e−𝜈𝑇𝑖)

𝜈(𝑅0 − ∑
𝑛
𝑗=1𝐻

∗
𝑖 e−𝜈𝑇𝑖)

, (2.13)

and similar expressions for 𝐻∗𝑖 , 𝑆∗ and 𝑁∗ (see Lythgoe et al. (2013)). Since 𝑅0 and
(𝐻

∗
𝑖 ) can be found from the next-generation matrix 𝐾, all equilibrium values can

thus be directly calculated from the next-generation matrix.
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2.4.3. Estimation of the relative reservoir size during chronic
infection

To estimate the relative reservoir size rL, two data sources were used: (i) a direct
report on the number of active and latent CD4+ T cells with integrated HIV-1
DNA in several chronic phase patients (Chun et al., 1997), and (ii) several studies
reporting HIV-1 DNA levels pre- and during anti-retroviral treatment in patients
starting treatment during chronic phase (Ibáñez et al., 1999; Andreoni et al., 2000;
Ngo-Giang-Huong et al., 2001; Koelsch et al., 2008; Chomont et al., 2009).

Chun et al. (1997) report the concentration of cells with integrated HIV-1 DNA
and the percentage of total cells that are latent. Then, the relative reservoir size
can be directly calculated as

𝑟𝐿 =
[HIVDNA]𝑙(1 − 𝑃𝑎)
[HIVDNA]𝑎𝑃𝑎

. (2.14)

Here, 𝑃𝑎 denotes the percentage of CD4+ T cells that is activated (HLA DR+), and
[HIVDNA]𝑎 and [HIVDNA]𝑙 are the concentrations of HIV-DNA positive active and
latent cells (per 106 active/latent cells), respectively.

For the second set of studies, note that if treatment is effective, all HIV DNA
measured during treatment can be assumed to be integrated in long-lived memory
CD4+ cells (Chomont et al., 2009). If we furthermore assume that reservoir size
does not decrease drastically with treatment (which is in agreement with the very
long half-lives found for the reservoir (Siliciano et al., 2003)), the HIV DNA levels
during treatment represent the size of the reservoir before treatment was initiated.
Pre-treatment HIV DNA levels, however, represent the size of the total infected
population (i.e., actively and latently infected cells). Using these proxies we can
calculate the relative reservoir size as

𝑟𝐿 =
[HIVDNA]𝑡

[HIVDNA]𝑛 − [HIVDNA]𝑡
, (2.15)

where [HIVDNA]𝑡 and [HIVDNA]𝑛 denote the HIV DNA-level during treatment and
pre-treatment (naive), respectively.

Note that we do not incorporate the fraction of defective integrated proviruses
into our indirect method. Approximately 88% of integrated proviruses in resting
CD4+ T cells in patients on ART are completely replication incompetent because of
genetic defects (Ho et al., 2013). However, since most of these mutations are induced
pre-integration (either due to reverse transcriptase infidelity or host cell APOBEC
activity), we should expect to find defective integrated proviruses in activated CD4+
T cells as well. Indeed, it was recently shown that a substantial proportion of HIV
DNA sequences isolated from peripheral blood mononuclear cells from treatment-
naïve patients contain premature stop codons (Cuevas et al., 2015). If mutations
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in the HIV sequence happen at equal rate during infection of activated and resting
CD4+ T cells, and if resting CD4+ cells infected with defective virus live the same
amount of time and proliferate at the same rate as those latently infected with non-
defective virus (an assumption that has however recently been challenged, see Cohn
et al. (2015)), the fraction of cells infected with replication competent proviruses
should be similar in both compartments. Hence, the ratio of replication competent
HIV DNA levels does not change and our estimate for the relative reservoir size is
unaffected.
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2.5. Supporting Figures

Supporting Figure S2.1. Delay in decline of the founder strain for varying
reservoir parameter values in the within-host neutral model. Persistence of the
founder strain is defined as the time it takes for the founder strain to decline to a frequency
< 10% in the within-host population, and the delay in decline was calculated as the
difference in persistence between the settings of interest and a control case in which the
reservoir was absent. All strains have equal within-host replication rates, and parameter
settings were as described in Table 2.1. (a) Varying the activation rate 𝑎 and the relative
reservoir size 𝑟𝐿 in the absence of homeostatic proliferation (𝜌 = 0, 𝑘 = 𝑟𝐿 ⋅ 𝑎), and (b)
varying the homeostatic proliferation rate 𝜌 and the relative reservoir size 𝑟𝐿 for fixed
activation rate (𝑎 = 0.01 per day). The homeostatic proliferation rate was varied by tuning
the proportion of newly infected cells that enter the reservoir, 𝑘. The delay of the
within-host dynamics increases with the relative size of the reservoir, and with the
activation and homeostatic proliferation rate of latently infected cells. Note that the scales
in panel (a) and (b) are different: the delays found in the presence homeostatic proliferation
can be much larger than if latently infected cells do not proliferate. In general, these results
resemble the results found for the within-host selection model (Figure 2.4): the delay of the
within-host dynamics increases with the relative size of the reservoir, and with the
activation and homeostatic proliferation rate of latently infected cells. For large reservoir
sizes (𝑟𝐿 > 1) in the absence of homeostatic proliferation, however, we find that the delay is
maximised for smaller values of the activation rate 𝑎. This is due to the no-homeostatic
proliferation assumption, which dictates that for smaller activation rates a the probability
of cells entering the reservoir is also smaller (remember 𝑘 = 𝑟𝐿 ⋅ 𝑎), thus reducing the effect
of within-host replication and mutation on the strain distribution in the reservoir.
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Supporting Figure S2.2. Within-host evolutionary dynamics if within-host
fitness differences are large, (a) in the absence of a reservoir (𝑘 = 𝑎 = 0), (b) in the
presence of a reservoir, but without homeostatic proliferation in the reservoir (𝑟𝐿 = 0.5,
𝑘 = 5 × 10−3, 𝑎 = 0.01 per day, 𝜌 = 0 per day), and (c) in the presence of a reservoir, with
a low level of homeostatic proliferation (𝑟𝐿 = 0.5, 𝑘 = 5 × 10−4, 𝑎 = 0.01 per day,
𝜌 = 9 × 10−3 per day). Strains have linearly increasing replication rates between 𝛾1 = 1.0
and 𝛾16 = 1.2 and the infection is initiated with strain 9. All other parameter values are as
stated in Table 2.1. Both in the absence and the presence of a reservoir the fittest strain
(strain 16) rapidly sweeps the active compartment and the reservoir if present. The latent
reservoir hence has little effect on the within-host evolutionary dynamics (compare these
dynamics to the case with small within-host fitness differences, Figure 2.3).
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Supporting Figure S2.3. Predefined infectivity profiles 𝛼𝑗(𝜏), and within-host
evolutionary dynamics without and with a reservoir for infections initiated by
strains differing in within-host fitness. Strains differ in set-point viral load, with
log(spVL) linearly increasing from log(spVL) = 2 for infections initiated by strain 1 to
log(spVL) = 7 for infections initiated by strain 16. For panels (b-d) strains were
furthermore assumed to have linearly increasing within-host replication rates between
𝛾1 = 1.0 and 𝛾16 = 1.05. Plots were made for strains varying from low (strain 3) to high
(strain 15) set-point viral load. (a) Predefined infectivity profiles 𝛼𝑗(𝜏), which describe the
duration of the infection, as well as the infectivity during the acute, chronic and late phase
of the infection (Lythgoe et al., 2013). Infectivity and duration of the acute and late phase
are the same for all infections, but the duration and infectivity of the chronic phase depend
on the set-point viral load of the infection, which is determined by the strain that initiated
the infection. In the within-host selection model the spVL depends in turn on the
within-host fitness of the initial strain. (b) Within-host evolutionary dynamics in the
absence of a latent reservoir (𝑘 = 𝑎 = 0). Vertical lines indicate the maximal duration of
the infection, 𝑇𝑗. (c) Within-host evolutionary dynamics in the presence of a latent
reservoir, with a low level of homeostatic proliferation in this reservoir (𝑟𝐿 = 0.5,
𝑘 = 5 × 10−4, 𝑎 = 0.01 per day, 𝜌 = 9 × 10−3 per day). All other parameter values are as
stated in Table 2.1. Especially for the strains with high within-host replication rate and
hence high virulence, we see that the addition of a reservoir delays the within-host
dynamics to such an extent that for most of the duration of the infection, the initial strain
dominates the within-host viral population at high frequency. (d) Within-host evolutionary
dynamics under the conservative assumption that the active compartment is unaffected by
the reservoir during the acute and late phases of infection. Parameter values were set as in
panel (c), except the reservoir is assumed to fill up instantaneously at the end, rather than
at the beginning, of the acute phase of infection. The activation rate 𝑎 was set to 0 during
the acute and the late stage of infection meaning that the reservoir could not influence the
dynamics in the active compartment. Note that since the dynamics of this conservative
model differ for each phase of the infection, no dynamics can be shown for this model after
the end of the infection, 𝑇𝑗. The results for the conservative model are very similar to the
results of the original model (panel (c)), showing that the results are insensitive to the
simplifying assumption of a constant relative reservoir size for the entire duration of the
infection.
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Supporting Figure S2.4. Basic reproduction number 𝑅0 and average set-point
viral load predicted by the between-host model for varying reservoir parameter
values. (a) Varying the activation rate a and the relative reservoir size 𝑟𝐿 in the absence of
homeostatic proliferation (𝜌 = 0, 𝑘 = 𝑟𝐿 ⋅ 𝑎), and (b) varying the homeostatic proliferation
rate 𝜌 and the relative reservoir size 𝑟𝐿 for fixed activation rate (𝑎 = 0.01 per day).
Homeostatic proliferation rate was varied by tuning the proportion of newly infected cells
that enter the reservoir, 𝑘. Note the resemblance to Figure 2.4. High population level
fitness of the virus (i.e., high 𝑅0 and intermediate set-point viral loads) is found precisely
when the within-host dynamics are delayed.
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Supporting Figure S2.5. Dynamics of the number of actively and latently infected cells, and the
relative reservoir size during the acute, chronic and late phase of infection. A simplified population
dynamical version of our model was developed to investigate the initial filling up of the reservoir, and the relative
reservoir size at the different phases of infection (Supporting Text 2.6.1). This population dynamical model was
numerically solved starting from a single actively infected cell, no latently infected cells and a susceptible cell
population at equilibrium (𝑊 = 𝜎

𝑑 , see Supporting Text 2.6.1), to find (a) the number of actively infected cells 𝑋, (b)
the number of latently infected cells 𝑌, and (c) the relative reservoir size 𝑟𝐿. The infection is assumed to last for 5
years (1825 days), with the acute phase lasting 3 months (i.e., 𝜏 ≤ 120 days) and the late phase lasting 9 months (i.e.,
𝜏 ≤ 1555 days). Results are shown for a case with a low level of homeostatic proliferation in the reservoir,
corresponding to the parameters in Figures 2.3c and 2.5 (𝑎 = 0.01 per day, 𝑘 = 5 × 10−4, 𝜌 = 9 × 10−3 per day). We
set the entry rate of new susceptible cells 𝜎 = 107 cells per day. Susceptible cells die at a rate 𝑑 = 0.5 per day
(Lythgoe and Fraser, 2012), the basic death rate of actively infected cells 𝛿𝑋 = 1 (Perelson et al., 1996), latently
infected cells die at a rate 𝛿𝑌 = 0.001 per day (Alizon and Magnus, 2012; de Boer and Perelson, 1998), and the per
capita infectivity of infected cells, 𝛽 = 2.5 × 10−7 such that the within-host 𝑅0 =

𝛽𝜎
𝑑𝛿𝑋

= 5 newly infected cells per
actively infected cell per day (Ribeiro et al., 2010). During the chronic phase of infection the death rate of actively
infected cells is increased by 𝛿CTL to simulate killing by the host’s immune system, and results are shown for 𝛿CTL = 1
(blue line), 𝛿CTL = 2 (magenta line), 𝛿CTL = 3 (red line), and 𝛿CTL = 3.5 (orange line). Note that results for 𝛿CTL ≥ 4
cannot be obtained because that would reduce the within-host 𝑅0 of the infection below 1. Both the number of
actively and latently infected cells increases quickly during the acute phase of the infection. When the number of
actively infected cells drops at the acute-chronic transition, the relative reservoir size suddenly increases and can
quickly stabilise (e.g., red line, 𝛿CTL = 3). This result does however depend on the strength of the immune response
(Supporting Text 2.6.1). For all choices of the parameter value of 𝛿CTL, the relative reservoir size is small during the
acute and late phases of the infection due to the high number of actively infected cells during these phases.
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Supporting Figure S2.6. Between-host results under the conservative assumption that the
latent reservoir influences the evolutionary dynamics during the chronic phase only. To investigate the
impact of our assumption that the relative reservoir size is constant over the entire duration of the infection, we
repeated the analyses of Figure 2.5 (panel (a)) and Supporting Figure S2.4 (panels (b) and (c)), but now assuming
that the evolutionary dynamics are only influenced by the reservoir during the chronic phase of infection, while the
active compartment is unaffected by the reservoir during the acute and late phases of infection. The reservoir is
assumed to fill up instantaneously at the end, rather than at the beginning, of the acute phase of infection. The
activation rate 𝑎 was furthermore set to 0 during the acute and late phases of infection, ensuring that the reservoir
could not influence the dynamics in the active compartment during these phases of the infection. Both the
between-host dynamics (panel (a)) as well as the predicted basic reproduction number 𝑅0 and the average set-point
viral load in the population at equilibrium for varying parameter values (panels (b) and (c)) are very similar to the
results found for our original model.
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Supporting Figure S2.7. Epidemiological dynamics when preferential
transmission of ancestral virus is included. Relative prevalence of the different strains
in the population for the case where the relative reservoir size 𝑟𝐿 = 0.1 and there is a low
level of homeostatic proliferation in the reservoir (𝑎 = 0.01 per day, 𝑘 = 10−4, 𝜌 = 9 × 10−3
per day). (a) If ancestral virus is not preferentially transmitted, the population is
dominated by strains with high virulence, and consequently the basic reproduction number
of the infection, 𝑅0, is relatively low. (b) If viral strains accumulate
transmissibility-lowering mutations over time and hence ancestral virus is preferentially
transmitted, viral strains with lower virulence are selected at the population level and the
𝑅0 of the infection is high. The transmissibility-lowering mutations are assumed to be
neutral at the within-host level and independent of mutations affecting within-host fitness
and/or virulence. Transmissibility-lowering mutations are acquired with probability
𝜇𝜃+ = 5× 10−3 and reverted with probability 𝜇𝜃− = 5× 10−5 during within-host replication,
and each mutation decreases the relative transmissibility of a strain by 𝜃step = 0.25. Note
that the absolute transmissibility of the virus (i.e., the infectiousness of an infected
individual) is still assumed to stay constant during the chronic stage of the infection.
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Supporting Figure S2.8. Effect of preferential transmission of ancestral virus on
between-host viral evolution for varying parameter settings. The basic
reproduction number 𝑅0 and the average set-point viral load at equilibrium are plotted for
different values of the effect on relative transmissibility of a single transmissibility-lowering
mutation (𝜃step) and the rate at which strains acquire transmissibility-lowering mutations
(𝜇𝜃+). Plots were made for a case with relatively small reservoir size (𝑟𝐿 = 0.1) and a low
level of homeostatic proliferation in the reservoir (𝑎 = 0.01 per day, 𝑘 = 1 × 10−4,
𝜌 = 9 × 10−3 per day). All other parameters as in Figure 2.5. If both 𝜃step and 𝜇𝜃+ are
sufficiently large viral strains of intermediate virulence are selected and the virus has high
population level fitness (𝑅0). Furthermore, the highest population level fitness is reached if
𝜃step and 𝜇𝜃+ are well-balanced: if transmissibility-lowering mutations accumulate faster
(higher 𝜇𝜃+) then a smaller effect per mutation (lower 𝜃step) will cause a similar decline of
transmissibility in time (and hence in non-founder strains) as if 𝜇𝜃+ is smaller and 𝜃step is
larger. If the decline in transmissibility is very fast (either because 𝜃step or 𝜇𝜃+ is very
large), the frequency of viruses with high transmissibility (that are similar to the founder
virus) will drop too quickly to contribute significantly to transmission events, even though
they have a high transmission advantage.
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2.6. Supporting Texts

2.6.1. A population dynamical model of actively and latently
infected cell dynamics during different stages of the
infection

In the main text, we consider a system of coupled quasispecies equations to model the
changing strain frequencies during the course of infection in the active compartment
and the reservoir. In doing this, we make the assumption that the relative reservoir
size, 𝑟𝐿 =

𝐴
𝐿 (where 𝐿 is the number of latently infected cells and 𝐴 the number of

actively infected cells) stays constant over the entire course of the infection. One
of the requirements for this assumption is that the reservoir fills up quickly at the
start of an infection, as is also observed in vivo. Here we present a simplified
dynamical version of our model, in the absence of evolution, to test the validity of
this assumption.

Let 𝑊 be the number of susceptible cells, 𝑋 the number of infected cells in the
active compartment, and 𝑌 the number of latently infected cells in the reservoir.
The equations for the population dynamical version of our model are then given by

d𝑊
d𝑡 = 𝜎 − 𝑑𝑊 − 𝛽𝑊𝑋, (S2.1)

d𝑋
d𝑡 = (1 − 𝑘)𝛽𝑊𝑋 − 𝛿(𝑡)𝑋 + 𝑎𝑌, (S2.2)

d𝑌
d𝑡 = 𝑘𝛽𝑊𝑋 + 𝜌𝑌 − 𝛿𝑌𝑌 − 𝑎𝑌. (S2.3)

Here, 𝜎 is the rate at which susceptible cells enter the system, 𝑑 is the death rate of
susceptible cells, 𝛽 is the per capita infectivity of infected cells, 𝑘 is the probability
that a newly infected cell becomes latently infected, 𝛿(𝑡) is the death rate of actively
infected cells, 𝑎 is the activation rate of latently infected cells, 𝜌 is the proliferation
rate of latently infected cells, and 𝛿𝑌 is the death rate of latently infected cells.

As in our between-host model, we model an infection with three stages: an
initial acute phase, a chronic phase and a late phase. For consistency with our
between-host model and previous observations (Fraser et al., 2007), we assume that
the acute phase of infection lasts 3 months and the late phase of infection lasts
9 months. We model the transition from the acute phase to the chronic phase of
infection and the associated drop in viral load by assuming that after three months
the death rate of actively infected cells is increased due to killing by the host’s
immune system, and similarly describe the transition from the chronic phase to the
late phase of infection and the associated rise in viral load by the subsequent loss
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of these immune responses. I.e.,

𝛿(𝑡) = { 𝛿𝑋 if 𝜏 ≤ 120 days or 𝜏 ≥ (𝑇 − 270) days,
𝛿𝑋 + 𝛿CTL if 120 ≤ 𝜏 ≤ (𝑇 − 270) days,

(S2.4)

where 𝜏 is the time since infection and 𝑇 is the maximal duration of the infection
(ignoring natural host mortality). We set 𝛿𝑋 = 1 per day (Lythgoe et al., 2016) and
vary 𝛿CTL. We assume 𝜎 = 107 cells per day (Lythgoe and Fraser, 2012), 𝑑 = 0.5
per day (Lythgoe and Fraser, 2012), and 𝛿𝑌 = 0.001 per day (Alizon and Magnus,
2012; Schlub et al., 2010). We also assume that the within-host 𝑅0 of the virus is 5
(de Boer and Perelson, 1998), giving us 𝛽 = (𝑅0𝑑𝛿𝑋)/𝜎 = 2.5 × 10−7 per actively
infected cell per day. For the parameters 𝑘, 𝑎, and 𝜌 we assumed a low level of
homeostatic proliferation of latently infected cells (𝑘 = 5 × 10−4, 𝑎 = 0.01 per day,
𝜌 = 9×10−3 per day; these are the parameters used in Figures 2.3c and 2.5c of the
main text).

In Supporting Figure S2.5 we show the results of numerically solving Eqs S2.1–
S2.3, starting with a single actively infected cell, no latently infected cells, 𝜎/𝑑
susceptible cells, and for varying strengths of the immune response, 𝛿CTL. Both the
number of actively and latently infected cells quickly increases at the start of the
infection. However, since the number of actively infected cells is high the relative
reservoir size during the acute phase of infection is low. As the number of actively
infected cells drops due the increased effectiveness of the immune response in the
chronic phase, the relative reservoir size goes up and can quickly reach equilibrium
(e.g., red line in Supporting Figure S2.5c), although this takes longer the lower the
strength of the immune response. If the strength of the immune response is very big
the reservoir seems to be “overfilled” and we see an overshoot in the relative reservoir
size before it gradually falls to reach equilibrium levels (orange line in Supporting
Figure S2.5c). During the late phase of infection, the number of actively infected
cells very rapidly increases due to the failure of the host’s immune system. As
expected, this again causes a drop in the relative reservoir size, to a value similar
to the value during the acute phase of the infection.

This dynamical model (Eqs S2.1–S2.3) provides a proof of concept for our as-
sumption of early filling of the reservoir during the acute phase of infection (even
if the probability that infected cells enter the reservoir is very small, as we have
assumed in this example) and constant 𝑟𝐿 during chronic infection. However, it also
shows that the assumption of constant 𝑟𝐿 during the entire course of infection is
more problematical. We therefore repeated our analyses with the assumption that
the reservoir has no impact on the evolutionary dynamics of the active compartment
during early and late stage infection (Supporting Figures S2.3d and S2.6) and found
that the effect is negligible.
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We note that the results presented here are sensitive to the strength of the im-
mune response and associated changes in viral load, and more elaborate models
should be developed to more accurately describe the dynamics of actively and la-
tently infected cells during the initial and late phases of an infection. This is however
beyond the scope of this article.

2.6.2. Modelling preferential transmission of ancestral virus
It has been argued that upon transmission of HIV, ancestral virus might be pref-
erentially transmitted. We adjusted the within-host and between-host model to
incorporate this possibility. We assume that during the within-host evolutionary
process the virus acquires certain mutations that lower its transmissibility relative
to the other viral strains present in the host, up to a certain maximum number of
mutations 𝑚. The overall transmissibility of a host is not affected by these muta-
tions. In addition, these mutations are assumed to be neutral at the within-host
level, and are not linked to the mutations that increase the replication rate and/or
virulence.

Let 𝑥𝑘𝑗 (𝜏) and 𝑦𝑘𝑗 (𝜏) be the frequency of strain 𝑗 carrying 𝑘 of these transmissibility-
lowering mutations in the active compartment and the reservoir, respectively. Define
the vectors

𝐱 = (𝑥01 , 𝑥11 , … , 𝑥𝑚1 , 𝑥02 , 𝑥12 , … , 𝑥𝑚𝑛 ), (S2.5)
𝐲 = (𝑦01 , 𝑦11 , … , 𝑦𝑚1 , 𝑦02 , 𝑦12 , … , 𝑦𝑚𝑛 ). (S2.6)

Let 𝜇𝜃+ be the rate at which transmissibility-lowering mutations occur during repli-
cation, and let these mutations be reverted at rate 𝜇𝜃−. The within-host system is
then again described by Eq 2.2, however now with

𝑄 = (
�̃�11𝐽 ⋯ �̃�1𝑛𝐽
⋮ ⋱ ⋮

�̃�𝑛1𝐽 ⋯ �̃�𝑛𝑛𝐽
) , (S2.7)

where �̃�𝑖𝑗 = 𝑚𝑖𝑗𝛾𝑗 is the entry in the original replication-mutation matrix and

𝐽 = ⎛⎜

⎝

(1 − 𝜇𝜃+) 𝜇𝜃− 0 ⋯ 0 0
𝜇𝜃+ (1 − 𝜇𝜃+ − 𝜇𝜃−) 𝜇𝜃− ⋯ 0 0
⋮ ⋮ ⋮ ⋱ ⋮ ⋮
0 0 0 ⋯ 𝜇𝜃+ (1 − 𝜇𝜃−)

⎞
⎟

⎠

(S2.8)

represents the acquisition of transmissibility-lowering mutations within a strain.
The initial infecting strain is assumed to carry none of the transmissibility-lowering
mutations, such that for a type-𝑗 infection at 𝜏 = 0, 𝑥0𝑗 (0) = 𝑦0𝑗 (0) = 1 and all other
vector entries are zero. Using these initial conditions, the within-host equations can
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again be numerically integrated to calculate the frequencies of strain 𝑖 carrying 𝑘
transmissibility-lowering mutations in the active compartment and the reservoir,
𝑥𝑘𝑖𝑗(𝜏) and 𝑦𝑘𝑖𝑗(𝜏), for an infection established by strain 𝑗 at time 𝜏 = 0.

Next, we again define the strain specific infectivity profile 𝛽𝑖𝑗(𝑡). The relative
contribution of strains to the infectivity now depends both on their frequency and
the number of transmissibility-lowering mutations they carry. Let 𝜃𝑘 represent the
relative transmissibility of a strain with 𝑘 transmissibility-lowering mutations com-
pared to a strain without these mutations (i.e., 𝜃0 = 1). Then, we can define

𝛽𝑖𝑗(𝜏) = 𝛼𝑗(𝜏)
∑𝑚𝑘=0 𝜃𝑘𝑥𝑘𝑖𝑗(𝜏)

∑𝑛𝑖=1 ∑
𝑚
𝑘=0 𝜃𝑘𝑥𝑘𝑖𝑗(𝜏)

. (S2.9)

Here, the denominator ensures that the total infectivity does not reduce over time.
Only the relative transmissibility of strains carrying a certain number of transmissibility-
lowering mutations is affected. Relative transmissibility is assumed to decrease
linearly with the number of transmissibility-lowering mutations, up to a certain
minimum 𝜃min. I.e.,

𝜃𝑘 = max(𝜃min, 1 − 𝑘𝜃step), (S2.10)

where 𝜃step is the slope of the decrease. The strain specific infectivity profiles as
described by Eq S2.9 were used to directly implement the preferential transmission
mechanism in the between-host model described by Eqs 2.8–2.11 (main text).
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Abstract
Communication based on small signalling molecules is widespread among bacteria.
Recently, such communication was also described in bacteriophages. Upon infection
of a host cell, temperate phages of the Bacillus subtilis-infecting SPbeta group induce
the secretion of a phage-encoded signalling peptide, which is used to inform the lysis-
lysogeny decision in subsequent infections: the phages produce new virions and lyse
their host cell when the signal concentration is low, but favour a latent infection
strategy, lysogenising the host cell, when the signal concentration is high. Here, we
present a mathematical model to study the ecological and evolutionary dynamics of
such viral communication. We show that a communication strategy in which phages
use the lytic cycle early in an outbreak (when susceptible host cells are abundant)
but switch to the lysogenic cycle later (when susceptible cells become scarce) is
favoured over a bet-hedging strategy in which cells are lysogenised with constant
probability. However, such phage communication can evolve only if phage-bacteria
populations are regularly perturbed away from their equilibrium state, so that acute
outbreaks of phage infections in pools of susceptible cells continue to occur. Our
model then predicts the selection of phages that switch infection strategy when half
of the available susceptible cells have been infected.
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3.1. Introduction

For several decades now, it has been recognised that communication between in-
dividuals is not limited to multi-cellular organisms, but is also common among
microbes. The best-known example of microbial communication is bacterial quo-
rum sensing, a process in which bacteria secrete signalling molecules to infer the
local cell density and consequently coordinate the expression of certain genes (Neal-
son et al., 1970; Miller and Bassler, 2001). A wide variety of bacterial behaviours
have been found to be under quorum-sensing control (Miller and Bassler, 2001;
Hense and Schuster, 2015), including bioluminescence (Nealson et al., 1970), vir-
ulence (Antunes et al., 2010), cooperative public good production (Diggle et al.,
2007; Darch et al., 2012), and antimicrobial toxin production (Cornforth and Foster,
2013; Kleerebezem and Quadri, 2001). Remarkably, it has recently been discovered
that even some bacterial viruses (bacteriophages, or phages for short) use signalling
molecules to communicate (Erez et al., 2017). Here, we use a mathematical model
to explore the dynamics of this viral small-molecule communication system. We
study under what conditions communication between phages evolves, and predict
which communication strategies are then selected.

Bacteriophages of the Bacillus-infecting SPbeta group encode a small signalling
peptide named arbitrium, which is secreted when the phages infect bacteria (Erez
et al., 2017). These phages are temperate viruses, meaning that each time a phage
infects a bacterium, it makes a life-cycle decision: to enter either (i) the lytic cycle,
inducing an active infection in which tens to thousands of new phage particles are
produced and released through host-cell lysis, or (ii) the lysogenic cycle, inducing
a latent infection in which the phage DNA is integrated in the host cell’s genome
(or episomally maintained) and the phage remains dormant until it is reactivated.
This lysis-lysogeny decision is informed by the arbitrium produced in nearby previ-
ous infections: extracellular arbitrium is taken up by cells and inhibits the phage’s
lysogeny-inhibition factors, thus increasing the propenstiy towards lysogeny of sub-
sequent infections (Erez et al., 2017). Hence, peptide communication is used to
promote lysogeny when many infections have occurred. Similar arbitrium-like sys-
tems have now been found in a range of different phages (Stokar-Avihail et al.,
2019). Notably, these phages each use a slightly different signalling peptide, and do
not seem to respond to the signals of other phages (Erez et al., 2017; Stokar-Avihail
et al., 2019).

The discovery of phage-encoded signalling peptides raises the question of how
this viral communication system evolved. While the arbitrium system has not yet
been studied theoretically, previous work has considered the evolution of lysogeny
and of other phage-phage interactions. Early modelling work found that lysogeny
can evolve as a survival mechanism for phages to overcome periods in which the
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density of susceptible cells is too low to sustain a lytic infection (Stewart and Levin,
1984; Maslov and Sneppen, 2015). In line with these model predictions, a combina-
tion of modelling and experimental work showed that selection pressures on phage
virulence change over the course of an epidemic, favouring a virulent phage strain
early on when the density of susceptible cells is high, but a less virulent (i.e., lyso-
genic) phage strain later in the epidemic when susceptible cells have become scarce
(Berngruber et al., 2013; Gandon, 2016). Other modelling work has shown that if
phages, lysogenised cells, and susceptible cells coexist for long periods of time, the
susceptible cell density becomes low because of phage exploitation, and less and less
virulent phages are selected (Mittler, 1996; Wahl et al., 2019).

Erez et al. (2017) propose that the arbitrium system may have evolved to allow
phages to cope with the changing environment during an epidemic, allowing the
phages to exploit available susceptible bacteria through the lytic cycle when few
infections have so far taken place and hence the concentration of arbitrium is low,
while entering the lysogenic cycle when many infections have taken place and the
arbitrium concentration has hence increased. This explanation resembles results
for other forms of phage-phage interaction previously found in Escherichia coli-
infecting phages (Abedon, 2017, 2019). In the obligately lytic T-even phages, both
the length of the latent period of an infection and the subsequent burst size increase
if additional phages adsorb to the cell while it is infected – a process called lysis
inhibition (Hershey, 1946; Doermann, 1948; Abedon, 2019). In the temperate phage
𝜆, the propensity towards lysogeny increases with the number of co-infecting virions,
called the multiplicity of infection (MOI) (Kourilsky, 1973). In both cases, modelling
work has shown that the effect of the number of phage adsorptions on an infection
can be selected as a phage adaptation to host-cell density, as it allows phages to
switch from a virulent infection strategy (i.e., a short latent period or a low lysogeny
propensity) when the phage:host-cell ratio is low to a less virulent strategy (i.e., a
longer latent period or higher lysogeny propensity) when the phage:host-cell ratio
is high (Abedon, 1989, 1990; Sinha et al., 2017).

Here, we present a mathematical model to test if similar arguments can ex-
plain the evolution of small-molecule communication between viruses, and to explore
the ecological and evolutionary dynamics of temperate phage populations that use
such communication systems. We show that arbitrium communication can indeed
evolve and that communicating phages consistently outcompete phages with non-
communicating bet-hedging strategies. We however find that communication evolves
under certain conditions only, namely if the phages regularly cause new outbreaks in
substantial pools of susceptible host cells. Moreover, when communication evolves
under such conditions, we predict that a communication strategy is selected in which
phages use arbitrium to switch from a fully lytic to a fully lysogenic strategy when
approximately half of all susceptible cells have been infected.
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Figure 3.1. Model overview. (a) Free phages infect susceptible bacteria, at which point
a fixed amount of arbitrium is produced. This arbitrium is taken up and degraded by
susceptible cells and lysogens. Upon infection, a cell enters the lysogenic cycle with
propensity 𝜑(𝐴), or the lytic cycle with propensity (1 − 𝜑(𝐴)); the lysogeny propensity
𝜑(𝐴) depends on the current arbitrium concentration. The lytic cycle leads to immediate
lysis of the host cell and release of a burst of new virions. In the lysogenic cycle, the phage
remains dormant in the lysogen population, which grows logistically with the same rate as
the susceptible cell population. Lysogens are spontaneously induced at a low rate, at which
point they re-enter the lytic cycle. (b) In communicating phages, the lysogeny propensity
𝜑(𝐴) is modelled by a step-function characterised by two phage characteristics: 𝜃, the
arbitrium concentration above which the phage increases its lysogeny propensity, and 𝜙max,
the lysogeny propensity of the phage at high arbitrium concentration.

3.2. Methods

3.2.1. Model
Following earlier modelling work (e.g., Stewart and Levin (1984); Berngruber et al.
(2013); Sinha et al. (2017); Wahl et al. (2019)), we use ordinary differential equa-
tions to describe a well-mixed system consisting of susceptible bacteria, lysogenically
infected bacteria (also called lysogens), free phages, and an arbitrium-like signalling
peptide (Figure 3.1a). For simplicity, we consider phages that do not affect the
growth of lysogenised host cells; susceptible bacteria and lysogens hence both grow
logistically with the same growth rate 𝑟 and carrying capacity 𝐾. Lysogens are
spontaneously induced at a low rate 𝛼, after which they lyse and release a burst of
𝐵 free phages per lysing cell. Free phage particles decay at a rate 𝛿 and adsorb to
bacteria at a rate 𝑎. Adsorptions to lysogens result in the decay of the infecting
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phage, thus describing the well-known effect of superinfection immunity (Hutchison
and Sinsheimer, 1971; Susskind et al., 1974; McAllister and Barrett, 1977; Kliem
and Dreiseikelmann, 1989; Bondy-Denomy et al., 2016), while adsorptions to sus-
ceptible bacteria result in infections with success probability 𝑏. We consider the
lytic cycle to be fast compared to both bacterial growth and the lysogenic cycle
(c.f., Stewart and Levin (1984); Berngruber et al. (2013); Sinha et al. (2017); Wahl
et al. (2019)), so that a lytic infection can be modelled as immediate lysis releasing
a burst of 𝐵 free phages. Since the genes encoding arbitrium production are among
the first genes to be expressed when a phage infects a host cell (Erez et al., 2017;
Stokar-Avihail et al., 2019), each infection leads to an immediate increase of the ar-
bitrium concentration 𝐴 by an increment 𝑐. The lysis-lysogeny decision is affected
by the current arbitrium concentration: a fraction 𝜑(𝐴) of the infections results in
the production of a lysogen, while the remaining fraction (1 − 𝜑(𝐴)) results in a
lytic infection. Arbitrium does not decay spontaneously in the model (since it is a
small peptide, spontaneous extracellular degradation is considered to be negligible),
but it is taken up by bacteria at a rate 𝑢 (e.g., through general bacterial peptide
importers such as OPP (Erez et al., 2017)), and then degraded intracellularly.

Consider competing phage variants 𝑖 that differ in their (arbitrium-dependent)
lysogeny propensity 𝜑𝑖(𝐴). The population densities of susceptible bacteria 𝑆, phage
particles 𝑃𝑖 and corresponding lysogens 𝐿𝑖, and the concentration of arbitrium 𝐴 can
then be described by:

d𝑆
d𝑡 = 𝑟𝑆(1 − 𝑁/𝐾)⏝⎵⎵⎵⏟⎵⎵⎵⏝

logistic growth

−𝑏𝑎𝑆∑
𝑖
𝑃𝑖

⏝⎵⎵⏟⎵⎵⏝
infection

, (3.1)

d𝐿𝑖
d𝑡 = 𝑟𝐿𝑖(1 − 𝑁/𝐾)⏝⎵⎵⎵⏟⎵⎵⎵⏝

logistic growth

+ 𝜑𝑖(𝐴)𝑏𝑎𝑆𝑃𝑖⏝⎵⎵⏟⎵⎵⏝
lysogenic infection

− 𝛼𝐿𝑖⏟
induction

, (3.2)

d𝑃𝑖
d𝑡 = 𝐵𝛼𝐿𝑖⏝⏟⏝

burst from induction

+ 𝐵(1 − 𝜑𝑖(𝐴))𝑏𝑎𝑆𝑃𝑖⏝⎵⎵⎵⎵⎵⏟⎵⎵⎵⎵⎵⏝
burst from lytic infection

− 𝛿𝑃𝑖⏟
phage decay

− 𝑎𝑁𝑃𝑖⏟
adsorption

, (3.3)

d𝐴
d𝑡 = 𝑐𝑏𝑎𝑆∑

𝑖
𝑃𝑖

⏝⎵⎵⏟⎵⎵⏝
production upon infection

− 𝑢𝑁𝐴⏟
adsorption and degradation

, (3.4)

where 𝑁 = 𝑆 + ∑𝑖 𝐿𝑖 is the total density of bacteria.

We study two scenarios for the lysis-lysogeny decision: (i) the arbitrium con-
centration does not affect the lysis-lysogeny decision; each phage variant has a
constant lysogeny propensity 𝜙𝑖, and (ii) the arbitrium concentration does affect
the lysis-lysogeny decision; each phage variant causes lytic infection when the arbi-
trium concentration is low, but switches to some lysogeny propensity 𝜙max𝑖 when
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the arbitrium concentration exceeds the phage’s response threshold 𝜃𝑖 (Figure 3.1b).
Though omitted from Eq 3.1–3.4 for readability, mutations between phage variants
were included in the model (Supplementary Text 3.6.1). Under scenario (ii), muta-
tions in 𝜙max and 𝜃 are implemented as independent processes.

3.2.2. Parameters
In total, the model (Eq 3.1–3.4) has 9 parameters. As far as we are aware, none
of these have been estimated for phages of the SPBeta group, but many have been
measured for other phages, most of which infect E. coli (Little et al., 1999; de Paepe
and Taddei, 2006; Wang, 2006; Shao and Wang, 2008; Zong et al., 2010; Berngruber
et al., 2013). We first nondimensionalised the equations, which reduced the number
of parameters to 5, and then derived estimates for these parameters using data
from other phages (Supplementary Text 3.6.1.4). To account for the uncertainty
in these estimates, we analysed the model for a broad range of parameter values
(Supplementary Table S3.1) to confirm that the results hold in general.

Numerical integration and analysis were performed in Matlab R2017b, using the
built-in ODE-solver ode45. Scripts are available from the corresponding author
upon request.

3.3. Results

Evolution of the lysis-lysogeny decision and arbitrium communication
requires perturbations away from equilibrium

A common approach to analysing ODE-models such as Eq 3.1–3.4 is to characterise
the model’s equilibrium states (c.f., Stewart and Levin (1984); Wahl et al. (2019);
Cortes et al. (2019)). Such an analysis is provided in Supplementary Text 3.6.2.
However, we will here argue that to understand the evolution of arbitrium com-
munication, and the lysis-lysogeny decision in general, considering the equilibrium
states is insufficient.

Firstly, the function of the arbitrium system is to allow phages to respond to
changes in the density of susceptible cells and phages as reflected in the arbitrium
concentration. But when the population approaches an equilibrium state, the den-
sities of susceptible cells and phages become constant, and so does the arbitrium
concentration. Equilibrium conditions hence defeat the purpose of small-molecule
communication such as the arbitrium system. Evolution of small-molecule com-
munication must be driven by dynamical ecological processes, and hence can only
be studied in populations that are regularly perturbed away from their ecological
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steady state.

Secondly, under equilibrium conditions natural selection can act on the lysis-
lysogeny decision only if infections still take place, and hence lysis-lysogeny decisions
are still taken. We argue that this is unlikely. If the phage population is viable (i.e.,
if the parameter values are such that the phages proliferate when introduced into a
fully susceptible host population), the model converges to one of two qualitatively
different equilibria, depending on parameter conditions (Supplementary Text 3.6.2):
either (i) susceptible host cells, lysogens and free phages all coexist, or (ii) all sus-
ceptible host cells have been infected so that only lysogens and free phages remain.
The evolution of a constant lysogeny propensity in a host-phage population with a
stable equilibrium of type (i) was recently addressed by Wahl et al., who show that
under these conditions selection always favours phage variants with high lysogeny
propensity (i.e., 𝜙 = 1) (Wahl et al., 2019). However, only a narrow sliver of param-
eter conditions permits a stable equilibrium of type (i) (Sinha et al., 2017; Cortes
et al., 2019), and when we estimated reasonable parameter conditions based on a
variety of well-studied phages, we found that they typically lead to a stable equi-
librium of type (ii) (Supplementary Text 3.6.2, parameter estimates based on Little
et al. (1999); de Paepe and Taddei (2006); Wang (2006); Shao and Wang (2008);
Zong et al. (2010); Berngruber et al. (2013)). This is because phage infections tend
to be highly effective: their large burst size and consequent high infectivity cause
temperate phages to completely deplete susceptible host cell populations, replacing
them with lysogens that are immune to superinfection (Bossi et al., 2003; Gama
et al., 2013). In that case, after a short epidemic no more infections take place, and
competition between different phage variants ceases (see Figure 3.2a for example
dynamics). Hence there is no long term selection on the lysis-lysogeny decision, and
studying its evolution in this state is pointless.

We therefore consider a scenario in which the system of Eq 3.1–3.4 is regularly
perturbed away from equilibrium. To do so, we expose the phage population to
a serial-passaging regime (c.f., Bull et al. (1993, 2004); Bollback and Huelsenbeck
(2007); Betts et al. (2013); Broniewski et al. (2020)). We initialise the model with
a susceptible bacterial population at carrying capacity (𝑆 = 𝐾) and a small density
of phages, numerically integrate Eq 3.1–3.4 for a time 𝑇, then transfer a fraction
of the phage population to a new population of susceptible bacteria at carrying
capacity, and repeat this cycle to bring about a long series of epidemics. The
phage population is diluted when it is transferred but the relative frequency of the
different phage variants is kept constant, thus ensuring that the phage variants that
were highly prevalent in the phage population at the end of an episode remain at a
high relative frequency at the start of the new episode.
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In the absence of arbitrium communication, bet-hedging phages are se-
lected with low constant lysogeny propensity

To form a baseline expectation of the evolution of the lysis-lysogeny decision under
the serial-passaging regime, we first considered a population of phage variants that
do not engage in arbitrium communication, but do differ in their constant lysogeny
propensity 𝜙𝑖. Under typical parameter conditions (Supplementary Table S3.1),
each passaging episode starts with an epidemic in which the susceptible cell popu-
lation is depleted, followed by a period in which the bacterial population is made
up of lysogens only (Figure 3.2a, dynamics shown for a passaging episode length
𝑇 = 12h). The composition of the phage and lysogen populations initially changes
over subsequent passaging episodes (Figure 3.2a), but eventually an evolutionarily
steady state is reached in which one phage variant dominates the phage population
(𝜙 = 0.04; Figure 3.2b), confirming that the lysis-lysogeny decision is indeed under
selection.

The distribution of phage variants at evolutionarily steady state depends on the
time between passages, 𝑇 (Figure 3.2c). If this time is short (𝑇 ≤ 5 h), the phage
variant with 𝜙 = 0 dominates at evolutionarily steady state. This is an intuitive
result: under these conditions phages are mostly exposed to environments with a
high density of susceptible cells, in which a lytic strategy is favourable. Surpris-
ingly, however, if the time between passages is sufficiently long (𝑇 > 5h), the viral
quasi-species at evolutionarily steady state always centres around the same phage
variant, independent of 𝑇 (𝜙 = 0.04; Figure 3.2c). This result can be explained by
considering the dynamics within a passaging episode (see Figure 3.2a): Once the
susceptible cell population has collapsed, free phages no longer cause new infections
and are hence “dead ends”. New phage particles are then formed by reactivation of
lysogens only, so that the distribution of variants among the free phages comes to
reflect the relative variant frequencies in the lysogen population. Hence, when the
time between passages is sufficiently long, the phage type that is most frequent in
the sample that is eventually passaged is the one that is most frequent in the popula-
tion of lysogens (Supplementary Figure S3.1). Under default parameter conditions,
these are the phages with a low lysogeny propensity of 𝜙 = 0.04.

To examine how these results depend on the model parameters, we determined
which phage variant was most abundant at evolutionarily steady state for 500 ran-
domly chosen parameter sets (see Supplementary Table S3.1 for parameter ranges),
always using a long time between passages (𝑇 = 24 h). The selected 𝜙-values for all
parameter settings lie between 𝜙 = 0 and 𝜙 = 0.12 (𝑦-axis of Figure 3.2d). We can
hence conclude that selection favours phages with low but usually non-zero lysogeny
propensities. These phages employ a bet-hedging strategy: throughout the epidemic
they “invest” a small part of their infection events in the production of lysogens,
such that they are maximally represented in the eventual lysogen population.
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Figure 3.2. Results in the absence of phage communication. (a) Short-term model
dynamics under default parameter conditions (Supplementary Table S3.1) and a passaging
episode duration of 𝑇 = 12 hours. The model was initialised with a susceptible bacterial
population at carrying capacity (𝑆 = 𝐾) and a low frequency of phages (∑𝑖 𝑃𝑖 = 10−5𝐾𝐵),
and upon passaging the phages were diluted 100-fold. Dynamics within a single passaging
episode are further illustrated in Supplementary Figure S3.1. (b) Long-term model
dynamics for default parameter settings and 𝑇 = 12 h. Over many passages, a single phage
variant (𝜙 = 0.04) is selected. (c) Distribution of phage variants at evolutionarily steady
state as a function of the time between passages, 𝑇. A total number of 101 phage variants
was included, with lysogeny propensities varying between 𝜙1 = 0 and 𝜙101 = 0.5. When the
interval between passages is short, the susceptible cells are not depleted during the rounds
of infection and a fully lytic strategy (𝜙 = 0) is selected. For larger values of 𝑇, however, a
bet-hedging strategy with small but non-zero 𝜙-value is selected (𝜙 ≈ 0.04). (d) Parameter
sweep results. The model was run with 500 sets of randomly sampled parameters, and for
each run the most abundant 𝜙-value in the population at evolutionarily steady state was
plotted against the analytically predicted evolutionarily stable strategy (ESS; see
Supplementary Text 3.6.3, 3.6.4 and Box 3.1). The dotted line is the identity line. The
analytically derived ESS is a good predictor of the simulation outcome.
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To better understand how the lysogeny propensity 𝜙 that is selected depends on
parameter values, we derived an analytical approximation for the evolutionarily sta-
ble strategy (ESS) under the serial-passaging regime (Supplementary Text 3.6.3, 3.6.4).
Because the phage dynamics during an epidemic affect the dynamics of the suscep-
tible cells and vice versa, phage fitness is frequency dependent and the ESS is not
found by a simple optimisation procedure, but by identifying the particular 𝜙-value,
denoted 𝜙∗, that maximises phage fitness given that this strategy 𝜙∗ itself shapes
the dynamics of the epidemic (Box 3.1). We find that the ESS can be approximated
by the surprisingly simple expression

𝜙∗ = 1 − (𝑏𝐵)−1

− log ( 𝑃0𝐵𝐾)
, (3.5)

where 𝑃0 is the density of phages at the start of a passaging episode. Since 𝑃0/(𝐵𝐾) ≪
1, the logarithm in the denominator of Eq 3.5 is negative. This approximation cor-
responds well with the results of the parameter sweep (Figure 3.2d), indicating that
it indeed captures the most important factors shaping the evolution of the lysogeny
propensity 𝜙.

Eq 3.5 shows that the ESS depends on the initial phage density in a passaging
episode, 𝑃0, relative to the burst size 𝐵 and maximal host-cell density 𝐾, and the
effective burst size 𝑏𝐵, which represents the expected number of progeny phages
per phage that adsorbs to a susceptible bacterium. The ESS 𝜙∗ decreases with the
dilution factor of the phages upon passage (i.e., with lower 𝑃0). On the other hand,
𝜙∗ increases with the effective burst size 𝑏𝐵 (note that (𝑏𝐵)−1 decreases when (𝑏𝐵)
increases). Both effects can be intuitively understood by considering how these
factors affect the duration of the epidemic, 𝑇E. If the phage density is low at the
start of a passaging episode or if the phages have a small effective burst size, it takes
a while before the phage population has grown sufficiently to cause the susceptible
population to collapse. Since a lytic strategy is favoured early in the epidemic, when
the susceptible cell density is still high, a longer epidemic favours phages with lower
values of 𝜙 (see the red line in the figure in Box 3.1). On the other hand, if the
initial phage density is high or if the phages have a high effective burst size, the
susceptible cell population collapses quickly, phages have a much shorter window
of opportunity for lysogen production, and hence phages with higher 𝜙-values are
favoured.
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Box 3.1: Lysogeny propensity of the evolutionarily stable
strategy (ESS)

An evolutionarily stable strategy
(ESS) is a strategy that cannot be
invaded by any other strategy. In
the context of the lysogeny propen-
sity 𝜙, it is the value 𝜙∗ such that a
population currently dominated by
a phage with 𝜙 = 𝜙∗ cannot be in-
vaded by any phage variant with a
different 𝜙-value. A phage variant
with 𝜙 = 𝜙𝑖 invading in a resident
population with the same 𝜙 = 𝜙𝑖
always grows exactly like the res-
ident. If this is the best possible
invader, any other phage variant must perform worse than the resident and cannot
invade. Hence, the ESS is the optimal response to itself. However, we still have to
define what it means to be the “best possible invader” under the serial-passaging
regime. Note that if the time between passages is sufficiently long, phages are se-
lected on their ability to produce lysogens during the active epidemic (see Main
Text). The optimal invader is hence the phage variant that, when introduced at a
very low frequency, produces the most lysogens per capita between time 𝑡 = 0 and
the time that the susceptible cell population collapses, 𝑇E. The 𝜙-value of the opti-
mal invader depends on 𝑇E (red line in plot): if the epidemic phase is short, lysogens
have to be produced quickly and a high 𝜙-value is optimal, while if the epidemic
lasts longer, phages can profit more from lytic replication and a lower 𝜙-value is
optimal. In turn, however, the duration of the epidemic 𝑇E depends on the lysogeny
propensity 𝜙 of the resident phage population (blue line in plot): phages with a
lower value of 𝜙 replicate more rapidly and hence cause an earlier collapse of the
susceptible population. The ESS is the value 𝜙∗ that is optimal given the collapse
time 𝑇E(𝜙∗) that results when 𝜙∗ itself is the resident strategy. Graphically, this
value can be identified as the intersection of 𝑇E(𝜙) and 𝜙opt(𝑇E) (the red and blue
lines).
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If arbitrium communication is included, communicating phages are se-
lected that switch from a fully lytic to a fully lysogenic strategy

Next, we included the possibility of arbitrium communication and let phage variants
be characterised by two properties: their arbitrium response threshold, 𝜃𝑖, and
their lysogeny propensity when the arbitrium concentration exceeds their response
threshold, 𝜙max𝑖 (see Figure 3.1b). We then again considered the dynamics of our
model under serial passaging of the phage population.

In Figure 3.3a, example dynamics are shown for three competing phage variants,
all with 𝜙max = 1 but with different response thresholds 𝜃𝑖. The arbitrium con-
centration increases over the course of the epidemic, and the phage variants switch
from lytic infection to lysogen production at different times because of their different
response thresholds.

Note that the maximum arbitrium concentration obtained during a passaging
episode is approximately 𝐴 = 𝑐𝐾 (Figure 3.3a). This is because during the epidemic
the dynamics of the susceptible cell density are mostly determined by infection
events and not so much by the (slower) bacterial growth. Since the arbitrium con-
centration increases by an increment 𝑐 every time a susceptible cell is infected, the
infection of all initial susceptible cells will result in an arbitrium concentration of
𝐴 = 𝑐𝐾 (assuming that the degradation of arbitrium is also slow and can be ignored
during the growth phase of the epidemic). The arbitrium concentration during the
early epidemic then is a direct reflection of the fraction of susceptible cells that have
so far been infected.

To study the evolution of arbitrium communication, we again considered the
distribution of phage variants at evolutionary steady state for varying values of the
time between passages, 𝑇. Similar to the results shown in Figure 3.2c, we find
two regimes (Figure 3.3b): if the time between passages is short (𝑇 < 5 hours,
illustrated by 𝑇 = 2 h in Figure 3.3b)), selection favours phage variants that only
cause lytic infections (𝜙max = 0); if the time between passages is sufficiently long
(𝑇 ≥ 5 h, illustrated by 𝑇 = 12 h in Figure 3.3b) the phage population is dominated
by variants with 𝜙max = 1 and 𝜃 ≈ 0.65𝑐𝐾. Hence, if the time between passages is
sufficiently long, phage variants are selected that switch from a completely lytic to
a completely lysogenic strategy when the arbitrium concentration exceeds a certain
threshold.

In the simulations of Figure 3.3b, phage variants could have emerged that use
the bet-hedging strategy found in the absence of communication (in phage variants
with 𝜃 = 0, the lysogeny propensity is always 𝜙max, independently of the arbitrium
concentration), but this did not happen. This suggests that any bet-hedging phage
variants were outcompeted by variants that do use arbitrium communication.
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Figure 3.3. Model dynamics if phage communication is included in the model.
(a) Short-term dynamics for default parameter conditions (Supplementary Table S3.1) and
the same serial-passaging regime as in Figure 3.2. This example shows the competition
between three phage variants, all with 𝜙max = 1 but with varying response thresholds 𝜃. (b)
Distribution of phage variants at evolutionary steady state for varying passaging episode
durations 𝑇. In total 441 phage variants were included in this analysis, covering all
combinations of 𝜙max between 0 and 1 and 𝜃 between 0 and 𝑐𝐾 with step sizes 0.05 and
0.05𝑐𝐾, respectively. When the interval between passages is very short, again a fully lytic
strategy (𝜙max = 0) is selected. For longer times between passages, however, we consistently
see that a strategy with 𝜙max = 1 and 𝜃 ≈ 0.65𝑐𝐾 dominates the population. The results
shown for 𝑇 = 2 h are representative for values of 𝑇 ≤ 4 h, while the results shown for
𝑇 = 12 h represent results obtained for 𝑇 ≥ 5 h (see Supplementary Figure S3.2 for
distributions for a large range of 𝑇-values). (c) Rapid invasion by “optimally”
communicating phages into a population of phages with the “optimal” bet-hedging strategy.
The bet-hedging phages have 𝜙 = 0.04 (see Figure 3.2c), while the communicating phages
are characterised by 𝜙max = 1 and 𝜃 = 0.66𝑐𝐾 (see panel c). The communicating phage is
initialised at a frequency of 1% of the bet-hedging phage.

To confirm this observation, we simulated a competition experiment between the
bet-hedging phage variant that was selected in the absence of communication and
the communicating variant selected when arbitrium dynamics were included (Fig-
ure 3.3c). The communicating phage quickly invades on a population of bet-hedging
phages and takes over the population, confirming that communication is indeed
favoured over bet-hedging.
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Evolved phages switch from the lytic to the lysogenic life-cycle when
approximately half of the susceptible cells have been infected

To study how the evolution of phage communication depends on phage and bacte-
rial characteristics, 500 simulations were performed with randomly sampled sets of
parameter values (Supplementary Table S3.1), using a long time between serial pas-
sages (𝑇 = 24 h). For each simulation, we determined which phage variant was most
prevalent at evolutionary steady state. Although we varied the parameter values
over several orders of magnitude, the most prevalent phage variant had a lysogeny
propensity of 𝜙max = 1 and a response threshold of 𝜃 = 0.5𝑐𝐾 or 𝜃 = 0.6𝑐𝐾 in al-
most all simulations (Figure 3.4a). Hence, over a broad range of parameter values,
phages are selected that use the arbitrium system to switch from a fully lytic to a
fully lysogenic strategy (i.e., 𝜙max = 1). This suggests that over the course of an
epidemic, there is an initial phase during which the lytic strategy is a “better” choice
(i.e., produces the most progeny on the long run), while later in the epidemic the
production of lysogens is favoured and residual lytic infections that would results
from a lysogeny propensity 𝜑 < 1 are selected against.

To better understand the intriguing consistency in 𝜃-values found in the param-
eter sweep, we used a similar approach as before to analytically derive an approxi-
mation for the response threshold 𝜃∗ of the evolutionarily stable strategy (Supple-
mentary Text 3.6.5). Again, we find a surprisingly simple expression for the ESS:

𝜃∗ = 𝑐𝐾
2 − (𝑏𝐵)−1 . (3.6)

Note that the expression in Eq 3.6 again depends on the effective burst size 𝑏𝐵,
which is an indicator of the phage’s infectivity. The evolutionarily stable response
threshold 𝜃∗ declines as the effective burst size increases, converging to a value of
𝜃∗ = 1

2𝑐𝐾 for highly infective phages (Figure 3.4b, green line). The same result
was found for simulations of the competition between phage variants with different
𝜃-values under different effective burst sizes (Figure 3.4b, blue dots). Eq 3.6 hence
provides a good prediction for the response threshold value that is selected over
evolutionary time, especially for phages with high effective burst size (Figure 3.4b).

The result in Eq 3.6 can be further understood biologically. Remember that the
arbitrium concentration during the epidemic varies between 𝐴 = 0 and 𝐴 = 𝑐𝐾,
and is a reflection of the fraction of susceptible cells that have so far been infected.
It makes sense that the evolutionarily stable response threshold causes phages to
switch infection strategy somewhere in the middle of the epidemic: if a phage variant
switches to the lysogenic strategy too early, its free phage population does not
expand enough to compete with phages that switch later, but if it switches too
late, the susceptible-cell density has decreased to such a degree that the phage
has missed the window of opportunity for lysogen production. The ESS results
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Figure 3.4. Parameter dependance of the selected values of 𝜙max and 𝜃.
(a) Parameter sweep results. 500 simulations were run with randomly sampled parameters
(Supplementary Table S3.1). In each simulation, 121 phage variants were included, covering
all combinations of 𝜙max = 0 to 𝜙max = 1 and 𝜃 = 0 to 𝜃 = 𝑐𝐾 with step sizes 0.1 and
0.1𝑐𝐾, respectively. The size of the circles corresponds to the number of simulations that
yielded that particular phage variant as most abundant at evolutionary steady state. (b)
Analytically predicted 𝜃-value as a function of the effective burst size per adsorption to a
susceptible cell, 𝑏𝐵), and most abundant phage variant found in a simulation with varying
𝑏𝐵 but otherwise default parameter values, 𝑇 = 24 h, 𝜙max = 1 and 𝜃 = 0, 0.02𝑐𝐾,… , 𝑐𝐾.
The range on the x-axis is equal to the range sampled in the parameter sweep. The
analytically derived evolutionarily stable 𝜃∗ is a good prediction for the response threshold
selected in the simulations, especially for phages with high effective burst size.

from a balance between the fast production of phage progeny during the initial
lytic cycles and the eventual production of sufficient lysogens. For phages with
a high effective burst size, this balance occurs around the time that half of the
available susceptible cells have been infected. Phages with lower effective burst
size are however predicted to switch later, because these phages need to invest a
larger portion of the available susceptible cells in the production of free phages to
produce a sufficient pool of phages that can later form lysogens. Note, however,
that the range of biologically reasonable effective burst sizes includes many high
values (range of 𝑥-axis in Figure 3.4b, Supplementary Table S3.1), i.e., many real-
life phages have high infectivity. Hence, for natural phages in general, we predict
that if they evolve an arbitrium-like communication system, communication will be
used to switch from causing mostly lytic to mostly lysogenic infections when in an
outbreak approximately half of the pool of susceptible bacteria has been infected.
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3.4. Discussion

We have presented a mathematical model of a population of phages that use an
arbitrium-like communication system, and used this model to explore the evolution
of the lysis-lysogeny decision and arbitrium communication under a serial-passaging
regime. When arbitrium communication was excluded from the model, we found
that bet-hedging phages with relatively low lysogeny propensity were selected. But
when arbitrium communication was allowed to evolve these bet-hedging phages were
outcompeted by communicating phages. These communicating phages switch from a
lytic strategy early in the epidemic to a fully lysogenic strategy when approximately
half of the available susceptible cells have been infected.

The serial-passaging set-up of the model is crucial for the evolution of the lysis-
lysogeny decision and arbitrium communication. This has two main reasons. Firstly,
it ensures that the phages are regularly exposed to susceptible cells, thus maintain-
ing selection pressure on the lysis-lysogeny decision. Because of their high infectivity
(see Methods section and de Paepe and Taddei (2006); Wang (2006)), most temper-
ate phage outbreaks will completely deplete pools of susceptible bacteria, resulting
in a bacterial population consisting of lysogens only in which the phage no longer
replicates through infection (Bossi et al., 2003; Gama et al., 2013). The bet-hedging
strategy we found in the absence of phage communication is a mechanism to deal
with these (self-inflicted) periods of low susceptible cell availability, consistent with
earlier studies (Maslov and Sneppen, 2015; Sinha et al., 2017). Secondly, the serial-
passaging set-up imposes a dynamic of repeated epidemics in which a small number
of phages is introduced into a relatively large pool of susceptible cells. Such dynam-
ics are necessary for the arbitrium system to function: the arbitrium concentration
provides a reliable cue for a phage’s lysis-lysogeny decision only if it is low at the
beginning of an epidemic and subsequently builds up to reflect the fraction of cells
that have so far been infected.

Based on these considerations, we can stipulate which environments promote
the evolution of small-molecule communication such as the arbitrium system. One
major factor that can ensure a regular exposure to susceptible cells (the first require-
ment) is spatial structure. If phages mostly infect bacteria that are physically close
to them, a global susceptible population can be maintained even though susceptible
bacteria may be depleted in local environments (Kerr et al., 2006). Indeed, spatial
structure has been shown to greatly influence phage evolution, for instance by pro-
moting the selection of less virulent strains that deplete their local host populations
more slowly (Kerr et al., 2006; Heilmann et al., 2010; Berngruber et al., 2015). For
small-molecule communication to evolve, however, the phages would also have to
undergo repeated, possibly localised, outbreak dynamics (the second requirement).
Such dynamics could occur in structured meta-populations of isolated bacterial pop-
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ulations, between which the phages spread at a limited rate. Alternatively, phages
might encounter large pools of newly susceptible bacteria if they escape superinfec-
tion immunity through mutation (Zinder, 1958; Bailone and Devoret, 1978; Scott
et al., 1978). This scenario does however require the arbitrium concentration to be
low when the mutation occurs, so that the signal again provides information about
the number of susceptible cells available. This could happen either if the arbitrium
produced during previous epidemics has been degraded once the mutation occurs,
or if the mutation co-occurs with a second mutation that changes the phage’s signal
specificity. This second argument might in part explain the large diversity of phage
signalling peptides observed (Erez et al., 2017; Stokar-Avihail et al., 2019).

The model presented in this paper allows us to put hypotheses about the arbi-
trium system to the test. For instance, it has been suggested that the arbitrium
system would benefit from the production of arbitrium by lysogens, because phages
thereby would be warned about the presence of neighbouring lysogens (which are
immune to superinfection) (Hynes and Moineau, 2017). Above we have argued, how-
ever, that under repeated epidemics, such as caused by serial passaging, selection on
the lysis-lysogeny decision and arbitrium signalling is limited to the relatively short
window of time in which all (locally) present susceptible cells become infected: af-
terwards no new infections occur and arbitrium therefore has no effect. During this
short time window, the density of lysogens is still low, and any arbitrium produced
by lysogens contributes little to the information already conveyed by arbitrium pro-
duced during infection events. Hence, our model predicts that, under repeated
epidemics that completely deplete (local) pools of susceptible cells, the effects of
arbitrium production by lysogens are likely very minimal.

Intriguingly, our model predicts that phages using small-molecule communica-
tion to coordinate their lysis-lysogeny decision would be selected to switch from a
lytic to a lysogenic strategy once approximately half of the available susceptible
bacteria have been lytically infected. This prediction warrants experimental test-
ing. However, it also raises the question of how the phages would “know” at what
bacterial density the susceptible population has been halved. For the arbitrium sig-
nal to carry information about the density of remaining susceptible cells, the initial
concentration of susceptible bacteria has to be similar from outbreak to outbreak.
While this was imposed in the serial-passaging regime used here, it is much less obvi-
ous that such a requirement would be met in natural environments. This limitation,
however, is not unique to phage communication. For instance, it also complicates
bacterial quorum sensing: as previously described, the concentration of a signalling
molecule is often not determined by the local cell density only, but also depends on
environmental properties (Platt and Fuqua, 2010; Popat et al., 2015).

Next to the arbitrium system, several other examples of temperate phages af-
fected by small signalling molecules have recently been described. For instance,
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the Vibrio cholerae-infecting phage VP882 “eavesdrops” on a quorum sensing signal
produced by its host bacteria, favouring lytic over lysogenic infections when the
host density is high (Silpe and Bassler, 2019), while in coliphages 𝜆 and T4 and
several phages infecting Enterococcus faecalis, the induction of prophages, i.e., the
lysogeny-lysis decision, is affected by bacterial quorum sensing signals (Ghosh et al.,
2009; Rossmann et al., 2015; Laganenka et al., 2019). Mathematical and computa-
tional modelling can help to better understand the ecology and evolution of these
fascinating regulation mechanisms as well.
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Supplementary Figure S3.1.
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3.5. Supplementary Figures

(LEFT) Supplementary Figure S3.1

Model dynamics during a single passaging episode for default parameter
values and constant lysogeny propensities (no communication). Absolute
frequencies of susceptible cells and lysogens (panel a) and phages (panel b) are plot-
ted as a function of time, as well as the relative frequency of the different phage
variants in the lysogen population (panel c) and the free phage population (panel
d). The dynamics can be divided into three distinct phases: (1) Epidemic: Suscep-
tible cells are still present (𝑆 > 0) but are being depleted by infection. Phage and
lysogen densities increase depending on their lysogeny propensity 𝜙𝑖. The relative
frequencies in the lysogen population are established. (2) Transition phase: Infec-
tions no longer take place because the susceptible cell population has been depleted
(𝑆 ≈ 0). The lysogen population grows until it reaches its carrying capacity. Free
phage densities decline because of natural decay and adsorption to lysogens. The
influx of free phages by reactivation of lysogens differs per phage variant because
the density of their corresponding lysogens differs, and the relative frequencies in
the free phage pool change to reflect this. (3) Equilibrium phase: The total lysogen
population is at carrying capacity, and the relative frequencies of the phage variants
in the (eventually passaged) free phage pool reflect the relative frequencies of phage
variants in the lysogen population.

(NEXT PAGE) Supplementary Figure S3.2

Most abundant phage variant at evolutionary steady state for different
lengths of the time interval between passages 𝑇. Default parameter settings
(Supplementary Table S3.1). In each run, 441 variants were included: all combi-
nations of 𝜙max = 0, 0.05, … , 1 and 𝜃 = 0, 0.05𝑐𝐾,… , 𝑐𝐾. Simulations were run for
1000 passaging episodes to reach evolutionary steady state, after which the phage
variant distribution was plotted. For 𝑇 < 4 h phages with a fully lytic strategy
(𝜙max = 0) are selected, while for 𝑇 ≥ 5 h phages are selected that switch from
a fully lytic strategy at low arbitrium concentration to a fully lysogenic strategy
(𝜙max = 1) at high arbitrium concentration.
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Supplementary Figure S3.2.
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3.6. Supplementary Text

3.6.1. Model equations and Parameters
3.6.1.1. Full model equations, including mutations

For readability, the model equations in the main text (Eq 3.1–3.4) did not include
mutations between phage variants. Here, we present the full model equations, in-
cluding mutations. We assume that mutations happen when new phage particles
(and hence new copies of the phage’s genetic material) are formed prior to lysis of
the host cell. Infection with a parent phage of variant 𝑗 results in progeny phages of
variant 𝑖 with probability 𝜇𝑖𝑗, where 𝜇𝑖𝑖 is the probability that offspring of a parent
phage of type-𝑖 has no mutations. The full model reads:

d𝑆
d𝑡 = 𝑟𝑆(1 − 𝑁/𝐾) − 𝑏𝑎𝑆𝑃, (S3.1)

d𝐿𝑖
d𝑡 = 𝑟𝐿𝑖(1 − 𝑁/𝐾) + 𝜑𝑖(𝐴)𝑏𝑎𝑆𝑃𝑖 − 𝛼𝐿𝑖 , (S3.2)

d𝑃𝑖
d𝑡 = 𝐵∑

𝑗
𝜇𝑖𝑗 (𝛼𝐿𝑗 + [1 − 𝜑𝑗(𝐴)]𝑏𝑎𝑆𝑃𝑗) − 𝛿𝑃𝑖 − 𝑎𝑁𝑃𝑖 , (S3.3)

d𝐴
d𝑡 = 𝑐𝑏𝑎𝑆𝑃 − 𝑢𝑁𝐴, (S3.4)

with

𝜑𝑖(𝐴) = 𝜙𝑖 (S3.5)

if arbitrium communication is excluded from the model, and

𝜑𝑖(𝐴) = {
0 if 𝐴 ≤ 𝜃𝑖 ,
𝜙max𝑖 if 𝐴 > 𝜃𝑖

(S3.6)

if arbitrium communication is included (see Figure 3.1b).

In the first part of the manuscript, where we exclude arbitrium communica-
tion from the model, phage variants are characterised by their constant lysogeny
propensity 𝜙𝑖 (Eq S3.5). Mutations between phage variants were implemented in a
hill-climbing fashion, i.e., 𝜇𝑖𝑗 = 𝜇 > 0 if 𝜙𝑗 is one step higher or lower than 𝜙𝑖, and
𝜇𝑖𝑗 = 0 (𝑖 ≠ 𝑗) otherwise. Throughout this study, a value of 𝜇 = 5 ⋅ 10−4 was used.
Varying 𝜇 affects the width of the quasispecies found, but not the actual outcome
of the simulations.

In the second part of the manuscript, where we include the possibility of arbi-
trium communication, phage variants are characterised by two properties (Eq S3.6):
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their arbitrium threshold 𝜃𝑖 and the lysogeny propensity obtained when the arbi-
trium concentration exceeds this threshold, 𝜙max𝑖 . Mutations in the values of 𝜙max
and 𝜃 were implemented as independent processes, both happening in a hill-climbing
fashion as explained above.

3.6.1.2. Phage variants included in simulations

In the simulations of the restricted model (arbitrium communication excluded)
shown in Figure 3.2c, a range of phage variants was included with 𝜙1 = 0, 𝜙2 =
0.005, …, 𝜙100 = 0.495, 𝜙101 = 0.5. In the simulations presented in Figure 3.2d,
a range of phage variants was included of 𝜙1 = 0, 𝜙2 = 0.01, …, 𝜙100 = 0.99,
𝜙101 = 1.0.

In the simulations of the full model (arbitrium communication included) shown
in Figure 3.3b, 441 phage variants were included, representing all possible combi-
nations of 𝜙max = 0, 0.05, … , 1 and 𝜃 = 0, 0.05𝑐𝐾,… , 𝑐𝐾. In the simulations of Fig-
ure 3.4a, 121 phage variants were included representing all possible combinations
of 𝜙max = 0, 0.1, … , 1 and 𝜃 = 0, 0.1𝑐𝐾,… , 𝑐𝐾. In the simulations of Figure 3.4b, all
phage variants had 𝜙max = 1, but they varied in 𝜃 = 0, 0.02𝑐𝐾,… , 𝑐𝐾.

3.6.1.3. Parameter reduction

In total, the model of Eq S3.1-S3.6 has 9 parameters (ignoring mutation probabili-
ties). This number can, however, be reduced by non-dimensionalising the equations.
We introduce the dimensionless variables

�̂� = 𝑟𝑡, �̂� = 𝑆
𝐾 , �̂�𝑖 =

𝐿𝑖
𝐾 , �̂�𝑖 =

𝑃𝑖
𝐾𝐵 , �̂� = 𝐴

𝑐𝐾 , �̂�𝑖 =
𝜃𝑖
𝑐𝐾 ,

and define �̂� = ∑𝑖 �̂�𝑖, �̂� = ∑𝑖 �̂�𝑖, and �̂� = �̂� + �̂�. Let furthermore

�̂� = 𝑏𝐵, �̂� = 𝑎𝐾
𝑟 , �̂� = 𝛼

𝑟 , �̂� = 𝛿
𝑟 , �̂� = 𝑢𝐾

𝑟 .

Using these new variables and parameters, the equations reduce to:

d�̂�
d�̂� = �̂�(1 − �̂�) − �̂��̂��̂��̂�, (S3.7)

d�̂�𝑖
d�̂� = �̂�𝑖(1 − �̂�) + �̂�𝑖(�̂�)�̂��̂��̂��̂�𝑖 − �̂��̂�𝑖 , (S3.8)

d�̂�𝑖
d�̂� = ∑

𝑗
𝜇𝑖𝑗 (�̂��̂�𝑗 + [1 − �̂�𝑗(�̂�)]�̂��̂��̂��̂�𝑗) − �̂��̂�𝑖 − �̂��̂��̂�𝑖 , (S3.9)

d�̂�
d�̂� = �̂��̂��̂��̂� − �̂��̂��̂�, (S3.10)
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with

�̂�𝑖(�̂�) = 𝜙𝑖 (S3.11)

if arbitrium communication is excluded from the model, and

𝜑𝑖(𝐴) = {
0 if 𝐴 ≤ �̂�𝑖 ,
𝜙max𝑖 if 𝐴 > �̂�𝑖

(S3.12)

if arbitrium communication is included (see Figure 3.1b).

Five dimensionless parameters are left in Eq S3.7–S3.12: the effective burst size
per adsorption of a phage to a susceptible cell, �̂�, and the scaled rates �̂�, �̂�, �̂�,
and �̂�. These non-dimensionalised equations are used throughout the rest of this
supplementary text, unless stated otherwise, dropping the hats for convenience.

3.6.1.4. Parameter values

As far as we are aware, no estimates exist for the parameters characterising phages
of the SPbeta group. However, many parameters have been measured for a vari-
ety of phages infecting Escherichia coli (Little et al., 1999; de Paepe and Taddei,
2006; Wang, 2006; Shao and Wang, 2008; Zong et al., 2010; Berngruber et al., 2013).
Based on these measurements, we derived reasonable ranges for the model param-
eters, and chose default parameter values (Table S3.1). To study how our results
depend on the model parameter values, parameter sweeps were performed, consist-
ing of 500 simulations with parameter values randomly sampled from the broad
parameter ranges (Table S3.1). To ensure that low values of the parameters were
well-represented, parameter values were sampled log-uniformly.

A small default value of the effective burst size was chosen to enhance the clarity
of Fig 3.2a and Fig 3.3a,c; with a small effective burst size, the epidemic takes
some time and competition between phage variants can be visualised more clearly.
But much larger effective burst sizes were appropriately included in the parameter
sweeps.

3.6.2. Equilibrium analysis
In this section, we find the dynamical equilibria existing in the model, and derive
parameter conditions for their stability. This analysis provides us with a baseline
expectation of the densities of phages, lysogens, and susceptible cells that the model
converges to after sufficient time.

Equilibria of the model are found by equating Eq S3.7–S3.10 to zero and solving
for the model variables. By the definition of equilibrium, the arbitrium concentration
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Supplementary Table S3.1. Model parameters
Parameter Description Default Parameter References

value sweep range
�̂� = 𝑏𝐵 Effective burst size 2 1 − 103 de Paepe and Tad-

dei (2006); Wang
(2006); Berngru-
ber et al. (2013)

�̂� = 𝑎𝐾
𝑟 Scaled adsorption

rate of phages to
cells

10 1 − 100 de Paepe and Tad-
dei (2006); Shao
and Wang (2008)

�̂� = 𝛿
𝑟 Scaled decay rate of

phage particles
0.01 10−3 − 0.1 de Paepe and Tad-

dei (2006)
�̂� = 𝛼

𝑟 Scaled spontaneous
phage induction
rate

10−3 10−4 − 10−2 Little et al.
(1999); Zong et al.
(2010)

�̂� = 𝑢𝐾
𝑟 Scaled rate of ar-

bitrium uptake and
degradation by cells

0.1 10−3 − 1 -

𝐷 Dilution factor of
phages at serial
passages

0.01 10−3 − 0.1 -

at equilibrium is constant:

�̄� = {
𝐵𝑎�̄��̄�
𝑢�̄� if �̄� > 0,

�̄� = 0 if �̄� = 0,
(S3.13)

where the bar indicates equilibrium values. Because the equilibrium arbitrium con-
centration is constant, at equilibrium the different phage variants are characterised
by their lysogeny propensity 𝜑𝑖(�̄�) only, irrespective of whether arbitrium commu-
nication is included in the model or not. Hence, expressions for the model equilibria
are the same in the absence and presence of arbitrium communication. Below, we
derive these expressions, and determine under what conditions the different model
equilibria are stable.

In the model, four qualitatively different types of equilibria can occur.

Firstly, there is a trivial equilibrium at �̄� = 0, and �̄�𝑖 = 0, �̄�𝑖 = 0 for all phage
variants 𝑖. This equilibrium is unstable as long as the bacterial logistic growth rate
𝑟 > 0.

Secondly, there is an equilibrium in which the susceptible population is at car-
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rying capacity and the infection is absent: �̄� = 1, and �̄�𝑖 = 0, �̄�𝑖 = 0 for all phage
variants 𝑖. This equilibrium is stable if no phage-lysogen pairs 𝑃𝑖-𝐿𝑖 can invade
on the susceptible population. To derive stability conditions, we approximate the
dynamics of 𝑃𝑖 and 𝐿𝑖 in the vicinity of the equilibrium by the linearised equations

(
d𝐿𝑖
d𝑡
d𝑃𝑖
d𝑡
) ≈ (−𝛼 �̄�𝑖𝐵𝑎

𝛼 (1 − �̄�𝑖)𝐵𝑎 − 𝛿 − 𝑎
)(𝐿𝑖𝑃𝑖

) =∶ 𝐽 (𝐿𝑖𝑃𝑖
) , (S3.14)

where �̄�𝑖 = 𝜑𝑖(0) is the lysogeny propensity of phage type 𝑖 at the equilibrium.
No phage-lysogen pair can invade (i.e., the equilibrium is stable) precisely if the
real parts of both eigenvalues of the Jacobian matrix 𝐽 are negative for all 𝑖. The
eigenvalues of the Jacobian matrix 𝐽 are given by

𝜆+/− =
Γ ± √Δ
2 , with Γ = 𝑎 (𝐵(1 − �̄�𝑖) − 1)−𝛿−𝛼 and Δ = Γ2+4𝛼 (𝑎(𝐵 − 1) − 𝛿) .

The real parts of 𝜆+/− are both negative precisely if Δ < Γ2 and Γ < 0. From Γ < 0,
we find

𝑎(𝐵(1 − �̄�𝑖) − 1) < 𝛿 + 𝛼, (S3.15)

while Δ < Γ2 yields
𝑎(𝐵 − 1) < 𝛿. (S3.16)

Since all parameters are non-negative and 0 ≤ �̄�𝑖 ≤ 1, condition S3.16 is more
stringent than condition S3.15. Note also that condition S3.16 does not depend on
the lysogeny propensity of the invading phages, �̄�. Hence, the equilibrium �̄� = 1,
�̄�𝑖 = 0, and �̄�𝑖 = 0 for all phage variants 𝑖 is stable exactly if condition S3.16 is
satisfied. This condition makes sense: phages cannot spread in a susceptible cell
population at carrying capacity if their infection rate 𝐵𝑎�̄� is smaller than the decay
rate of phage particles 𝛿 + 𝑎�̄�.

Thirdly, there is a class of equilibria in which �̄� = 0, and �̄�𝑖 > 0, �̄�𝑖 > 0 for some
𝑖. In these equilibria, the total densities of lysogens �̄� and of free phages �̄� are given
by

�̄� = 1 − 𝛼, �̄� = 𝛼�̄�
𝛿 + 𝑎�̄� =

𝛼(1 − 𝛼)
𝛿 + 𝑎(1 − 𝛼) . (S3.17)

In the absence of susceptible cells at equilibrium, no infections can take place and
hence all phage variants behave identically (since phages vary only in 𝜑𝑖(𝐴), which
occurs exclusively in the infection terms). This is reflected in the equations for the
different lysogen variants, which for �̄� = 0 and �̄� = 1 − 𝛼 (Eq S3.17) reduce to

d𝐿𝑖
d𝑡 = 𝐿𝑖(1 − �̄�) − 𝛼𝐿𝑖 = 0.
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Hence, any combination of �̄�𝑖 values with ∑𝑖 �̄�𝑖 = �̄� = 1 − 𝛼 and corresponding
�̄�𝑖-values,

�̄�𝑖 =
𝛼∑𝑗 𝜇𝑖𝑗�̄�𝑗
𝛿 + 𝑎(1 − 𝛼) , (S3.18)

is an equilibrium. Analogous to the reasoning above, such an equilibrium is stable
if the susceptible cells cannot invade the phage-lysogen population at equilibrium.
The linearised equation for the dynamics of 𝑆 near the equilibrium of Eq S3.17 reads

d𝑆
d𝑡 ≈ 𝑆(1 − �̄�) − 𝐵𝑎𝑆�̄� = 𝑆 (𝛼 −

𝐵𝑎𝛼(1 − 𝛼)
𝛿 + 𝑎(1 − 𝛼)) . (S3.19)

The right-hand side of this equation is negative (i.e., susceptible cells cannot invade)
precisely if 𝛿 + 𝑎(1 − 𝛼) < 𝐵𝑎(1 − 𝛼), or summarised

𝛿 < 𝑎(𝐵 − 1)(1 − 𝛼). (S3.20)

(Note that to arrive at condition (S3.20) we assume 𝛿+𝑎(1−𝛼) > 0. This assump-
tion is justified because the spontaneous induction rate of lysogens 𝛼 is small, and
hence 1 − 𝛼 > 0 (see Table S3.1).)

Lastly, there can be an equilibrium in which the susceptible cells, lysogens and
phages all coexist. Expressions for �̄�, �̄�𝑖 and �̄�𝑖 at this equilibrium are bulky and
not directly insightful. This type of equilibrium was however extensively analysed
in recent work by Wahl et al. (2019) for phages with a constant lysogeny propensity
(i.e., the restricted model where arbitrium communication is excluded). Remember
that in an equilibrium state, phage variants are characterised by their lysogeny
propensity 𝜑𝑖(�̄�) only (i.e., differences in response threshold 𝜃 are relevant only if
they are reflected in differences in 𝜑𝑖(�̄�); phage variants 𝑖 and 𝑗 with 𝜃𝑖 ≠ 𝜃𝑗 but
𝜑𝑖(�̄�) = 𝜑𝑗(�̄�) can for all practical purposes be considered the same), and hence the
results found by Wahl et al. can be extended to the model analysed here. Phage
variants with different lysogeny propensity 𝜑𝑖(�̄�) can be seen as consumers that
compete for a single resource, namely susceptible cells to infect. As long as �̄� > 0,
we hence expect competitive exclusion, and the phage population at equilibrium will
be dominated by phages with a single lysogeny propensity value �̄� ≡ 𝜑(�̄�) (when
mutations are ignored, these phages will be the only ones present; otherwise we
find a quasispecies). Furthermore, Wahl et al. show that if susceptible host cells
coexist with a resident lysogen-phage population with some lysogeny propensity �̄�r,
a phage-lysogen pair of a variant with higher lysogeny propensity �̄�i > �̄�r can always
invade on this equilibrium. Hence, in this equilibrium, the dominant phage will be
the one with the highest equilibrium lysogeny propensity, �̄� = 1 .

As has been demonstrated previously (Stewart and Levin, 1984; Wahl et al.,
2019), the “coexistence equilibrium” is stable only if phages and lysogens can invade
on a susceptible population at carrying capacity (i.e., condition S3.16 is violated),
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and susceptible cells can invade on the phage-lysogen population in equilibrium (i.e.,
condition S3.20 is violated). Hence, susceptible cells, lysogens and phages all coexist
precisely if

(1 − 𝛼)(𝐵 − 1)𝑎 < 𝛿 < (𝐵 − 1)𝑎. (S3.21)

If the effective burst size 𝐵 > 1 (a necessary condition for the phage to be viable),
this can be rewritten as

(1 − 𝛼) < 𝛿
(𝐵 − 1)𝑎 < 1. (S3.22)

Because the spontaneous induction rate of lysogens, 𝛼, is small (𝛼 < 0.01, see
Table S3.1), condition S3.22 is very specific. Susceptible cells, lysogens and phages
coexist only if the exponential growth rate of a lytic phage spreading in a susceptible
population at carrying capacity, (𝐵 − 1)𝑎 − 𝛿, is positive but very small, i.e., if the
epidemic is viable but only barely so. In reality, however, most phage epidemics are
characterised by a high infectivity, mainly because of a large burst size (de Paepe and
Taddei, 2006). Therefore, condition S3.22 is rarely satisfied, and for most phages we
should instead expect to converge to equilibria of the third type (�̄� = 0, �̄� > 0, �̄� > 0).

This observation has consequences for the selection pressures on phage variants
over the course of a typical epidemic. As soon as the pool of susceptible host cells is
depleted, competition between the different phage variants vanishes and the relative
frequency of the variants freezes (see Supplementary Figure S3.1 for an illustration).
Under these conditions, no infections take place and hence there is no selection on the
lysis-lysogeny decision. We conclude that the evolution of the lysis-lysogeny decision
of typical phages requires regular perturbations away from equilibrium conditions.

3.6.3. Derivation of the Evolutionarily Stable Strategy (ESS)
under the serial-passaging regime: General approach

In the main text, we present simulation results of the evolution of the lysis-lysogeny
decision of phages exposed to a serial-passaging regime, both when arbitrium com-
munication is excluded from the model (Figure 3.2), and when it is included (Fig-
ures 3.3–3.4). These simulations show that, after many passaging episodes, a single
variant dominates the phage population (accompanied by its quasispecies, see Fig-
ure 3.2 and Figure 3.3). We therefore assume that, within the parameter range of
interest, a pure Evolutionary Stable Strategy (ESS) exists. In this section, we de-
rive analytical expressions for the ESS. In this section, we first provide a definition
of the ESS under a serial-passaging regime, and give a general description of how
this ESS can be found. Then, we apply this general approach to derive the ESS
of phages that differ in a constant lysogeny propensity, 𝜙 (absence of arbitrium
communication, section 3.6.4), and the ESS of communicating phages that differ in
their response threshold 𝜃 (section 3.6.5).
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Consider a population of phages under a serial-passaging regime with long time
𝑇 between passages. At the start of each passaging episode, a fraction 𝐷 of the
phages is taken from the end of the previous episode, and is added to a “fresh”
population of susceptible bacteria at carrying capacity. This procedure is repeated
over many episodes. Within each episode, the dynamics of the susceptible bacteria,
lysogens, phages, and arbitrium are described by Eq S3.7–S3.12.

An evolutionarily stable strategy (ESS) is defined as a strategy that cannot
be invaded by any other strategy that is initially rare. To find the ESS, we therefore
consider a scenario where an invader phage variant attempts to invade a resident
phage variant. Below, we specify what it means for a phage variant to be able to
invade in a resident phage population under the imposed serial-passaging regime.

Envision a resident population consisting of an isogenic phage population that
has gone through many passaging episodes. Over time, the dynamics within these
episodes have converged to a repeatable trajectory characterised by 𝑃r(𝑡), the resi-
dent phage density over time, 𝑆(𝑡), the density of susceptible bacteria over time, and
𝐿r(𝑡), the density of lysogens over time. At the start of one episode, now suddenly
introduce a second phage with its own (possibly different) strategy. Crucially, the
initial density of this invading phage 𝑃i(0) is infinitesimally small. Consequently,
during the first passaging episode the dynamics of the resident phage and the bac-
teria (𝑃r(𝑡), 𝑆(𝑡), and 𝐿r(𝑡)) are not affected by the invader. The invader is able to
invade precisely if at the end of the first episode its frequency has increased relative
to that of the resident, i.e., if 𝑃i(𝑇)/𝑃r(𝑇) > 𝑃i(0)/𝑃r(0).

Note that the relative frequency of an invader with exactly the same strategy
as the resident does not change during an episode. Suppose that such an invader
is the best-performing invader under the environment set up by the resident; then
this implies that no invader can increase in frequency over a passaging episode, and
therefore the resident strategy must be an ESS. In other words, in a resident phage
population consisting of the ESS only, the ESS itself is the optimal strategy for an
invading phage variant, i.e., the ESS is the optimal response to itself.

What does it take to be the best-performing invader? To answer this question,
we consider the dynamics within a single passaging episode in more detail.

If the time between passages 𝑇 is long, and the parameter conditions are such
that the system converges to an equilibrium with 𝑆 = 0, 𝑃 > 0, 𝐿 > 0 (typical
parameter values, see sections 3.6.1.4 and 3.6.2), the dynamics within an episode
can be divided in three distinct phases (Supplementary Figure S3.1):

1. Epidemic phase. A substantial population of susceptible bacteria (𝑆 > 0)
supports an ongoing epidemic. Free phages and lysogens are formed through
infection of susceptible bacteria.
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2. Transition phase. The population of susceptible cells has collapsed (𝑆 ≈ 0).
The lysogen population expands to fill up the space left behind by lysed cells.
Free phages particles can no longer infect susceptible cells, and disappear
through decay and adsorption to lysogens.

3. Equilibrium phase. The composition of the population is well-characterised
by an equilibrium of “type 3” (see Eq S3.17). There is a small but consistent
population of free phages that originates from lysogens through spontaneous
induction. The distribution of phage variants in the free phage population is
a direct representation of the relative frequency of the variants in the lysogen
population (Eq S3.18).

Let 𝑇E be the time at which the susceptible population collapses, i.e., the end
of the epidemic phase. If the time between passages 𝑇 is sufficiently larger than
𝑇E, the passage takes place during the equilibrium phase. The relative frequency
of phage variants in the transferred sample then directly reflects the relative fre-
quency of the corresponding lysogens. Since lysogens are only differentially formed
through infection dynamics (and not through lysogen replication, which happens at
the same rate for all lysogen variants), the relative frequency of the different lyso-
gens is established during the epidemic phase and does not change afterwards. The
performance of an invading phage can hence be measured by its lysogen production
between 𝑡 = 0 and 𝑡 = 𝑇E.

The dynamics of 𝑆(𝑡), and consequently 𝑇E, are determined by the resident
phage: highly virulent resident phages (that cause many lytic infections, for instance
because of a low 𝜙-value) deplete the susceptible cell population faster than less
virulent residents. The optimal invader under a certain resident is the phage variant
that produces the most lysogens during the limited window of opportunity that it
is offered by the environment set up by the resident. Since the ESS is the optimal
response to itself, it is the strategy that, as an invader, produces the most lysogens
during an epidemic phase set up by itself. We will use this reasoning to identify the
ESS.

3.6.4. Evolutionarily stable lysogeny propensity of non-
communicating phages

Consider the restricted model in which arbitrium communication is excluded and
phages are characterised by a fixed lysogeny propensity 𝜙. To find the ESS under
this scenario, we take the following steps:

1. Derive how the duration of the epidemic, 𝑇E, depends on the 𝜙-value of a
resident phage population.
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2. Find the optimal 𝜙 given a fixed value of 𝑇E, i.e., the 𝜙-value that yields a
maximal lysogen density at time 𝑇E.

3. Combine 1. and 2. to find the ESS: the 𝜙-value 𝜙∗ that maximises its lysogen
density at time 𝑇E(𝜙∗), the duration of the epidemic as dictated by its own
𝜙-value, 𝜙∗.

3.6.4.1. Simplifying assumptions

To make the model analytically tractable, we make the following simplifying as-
sumptions (based on the typical infection dynamics, see Figure 3.2a):

1. Bacterial growth, decay of free phages and induction of lysogens are considered
to be much slower than the phage infection dynamics. We hence ignore these
processes when describing the epidemic phase.

2. The epidemic ends when all susceptible cells have been infected. In other
words, we solve 𝑇E from ∫𝑇E𝑡=0 𝐵𝑎𝑆𝑃rd𝑡 = 1 (where this 1 represents the carrying
capacity in the non-dimensionalised units).

3. The density of lysogens during the epidemic is small, hence 𝑁 ≈ 𝑆.

4. The susceptible population remains relatively constant for some time, after
which it rapidly collapses. We approximate these dynamics with a block func-
tion, setting 𝑆 = 1 for 𝑡 ≤ 𝑇E, and 𝑆 = 0 for 𝑡 > 𝑇E.

Under these assumptions the dynamics of the resident phage population for the
period 0 ≤ 𝑡 ≤ 𝑇E are described by:

d𝑃r
d𝑡 = (𝐵𝑎(1 − 𝜙r)𝑆 − 𝑎𝑆) 𝑃r = (𝐵(1 − 𝜙r) − 1) 𝑎𝑃r, (S3.23)

with solution
𝑃r(𝑡) = 𝑃r,0e(𝐵(1−𝜙r)−1)𝑎𝑡 = 𝑃r,0e(𝜂−𝜙r)𝐵𝑎𝑡 , (S3.24)

where 𝑃r,0 ≡ 𝑃r(0) is the initial density of resident phages and we have introduced
𝜂 ∶= 1 − 𝐵−1. Note that the description of the infection dynamics in Eq S3.23 is
meaningful only if early in the epidemic the phage population indeed grows expo-
nentially, i.e., if 𝜙r < 𝜂. For default parameter settings, this upper bound on 𝜙r is
well above the 𝜙-values that are typically selected (𝜙 ≈ 0.04 (Figure 3.2c), while
𝜂 = 0.5 (Table S3.1)), indicating that this assumption is reasonable.

3.6.4.2. Duration of the epidemic 𝑇E given a resident phage

First, we derive how the duration of the epidemic, 𝑇E, depends on the lysogeny
propensity of a resident phage variant 𝜙r. To find 𝑇E(𝜙r), we substitute Eq S3.24



3.6. Supplementary Text

3

93

into assumption 2:

∫
𝑇E

𝑡=0
𝐵𝑎𝑆𝑃r(𝑡) d𝑡 = ∫

𝑇E

𝑡=0
𝐵𝑎𝑃r,0e(𝜂−𝜙r)𝐵𝑎𝑡 d𝑡 =

𝑃r,0
(𝜂 − 𝜙r)

(e(𝜂−𝜙r)𝐵𝑎𝑇E − 1) ,

and then equate this integral to 1 to find

𝑇E(𝜙r) =
1

𝐵𝑎(𝜂 − 𝜙r)
log(𝜂 − 𝜙r𝑃r,0

+ 1) . (S3.25)

Note that the density of the resident phage at time 𝑇E is now given by

𝑃r(𝑇E) = 𝑃r,0e(𝜂−𝜙r)𝐵𝑎𝑇E = 𝑃r,0 + 𝜂 − 𝜙r. (S3.26)

Therefore, the expression for 𝑇E (Eq S3.25) can also be read as:

𝑇E(𝜙r) =
1

𝐵𝑎(𝜂 − 𝜙r)
log(𝑃r(𝑇E)𝑃r,0

) . (S3.27)

Eq S3.27 will prove useful later for the derivation of the ESS.

3.6.4.3. Optimal invader strategy 𝜙i given a fixed duration of the epidemic

Next, we ask what invader lysogen propensity 𝜙i,opt maximises the invader’s lysogen
production, 𝐿i(𝑇E), if the duration of the epidemic 𝑇E is fixed. For 0 ≤ 𝑡 ≤ 𝑇E, the
dynamics of 𝐿𝑖(𝑡) are described by

d𝐿i
d𝑡 = 𝜙i𝐵𝑎𝑃i. (S3.28)

Since 𝑃i(𝑡) = 𝑃i,0e(𝜂−𝜙i)𝐵𝑎𝑡 (see Eq S3.24) and 𝐿i(0) = 0, we can now solve

𝐿i(𝑡) = 𝑃i,0
𝜙i

𝜂 − 𝜙i
(e(𝜂−𝜙i)𝐵𝑎𝑡 − 1) . (S3.29)

To find the 𝜙i-value that maximises 𝐿i(𝑇E), we take the derivative of Eq S3.29
with respect to 𝜙i:

𝜕𝐿i(𝑇E)
𝜕𝜙i

= 𝑃i,0 (
𝜂(e(𝜂−𝜙i)𝐵𝑎𝑇E − 1)

(𝜂 − 𝜙i)2
− 𝜙i𝐵𝑎𝑇Ee

(𝜂−𝜙i)𝐵𝑎𝑇E

𝜂 − 𝜙i
) . (S3.30)

To find 𝜙i,opt, we should hence solve

𝑃i,0
𝜂 − 𝜙i

(𝜂(e
(𝜂−𝜙i)𝐵𝑎𝑇E − 1)
𝜂 − 𝜙i

− 𝜙i𝐵𝑎𝑇Ee(𝜂−𝜙i)𝐵𝑎𝑇E) = 0. (S3.31)

Unfortunately, Eq S3.31 cannot be solved analytically. We can however simplify
Eq S3.31 by noting that for sufficiently small 𝜙i, (𝜂−𝜙i) is of order 0.1−1, while 𝑇E
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is typically of order 1, and 𝐵𝑎 is of order 10−1000 (Table S3.1). Hence, e(𝜂−𝜙i)𝐵𝑎𝑇E
is typically ≫ 1, and Eq S3.31 can be approximated by

𝑃i,0e(𝜂−𝜙i)𝐵𝑎𝑇E
𝜂 − 𝜙i

( 𝜂
𝜂 − 𝜙i

− 𝐵𝑎𝜙i𝑇E) = 0. (S3.32)

From Eq S3.32 we find
𝜂

𝜂 − 𝜙i
= 𝐵𝑎𝜙i𝑇E

⟺ 𝐵𝑎𝑇E𝜙2 − 𝜂𝐵𝑎𝑇E𝜙i + 𝜂 = 0

⟺ 𝜙i,opt(𝑇E) =
1
2𝜂 ±

1
2√𝜂

2 − 4𝜂
𝐵𝑎𝑇E

. (S3.33)

3.6.4.4. The ESS

Eq S3.25 and its alternative formulation Eq S3.27 describe how the duration of the
epidemic 𝑇E depends on the lysogeny propensity 𝜙r of the current resident, while
Eq S3.33 gives the value 𝜙i,opt that maximises the lysogen production of an invader
during an epidemic of a fixed duration 𝑇E. The ESS is now given by the value 𝜙∗
that is “optimal” as defined by Eq S3.33, when it itself is the resident and hence
dictates 𝑇E(𝜙∗). Combining Eq S3.33 and Eq S3.27 we find

𝜙∗ = 1
2𝜂 ±

1
2√𝜂

2 − 4 𝜂(𝜂 − 𝜙∗)
log(𝑃r(𝑇E)/𝑃r,0)

⟺ (𝜙∗ − 1
2𝜂)

2 = 1
4𝜂
2 − 𝜂(𝜂 − 𝜙∗)

log(𝑃r(𝑇E)/𝑃r,0)

⟺ (𝜙∗)2 − 𝜙∗ (𝜂 + 𝜂
log(𝑃(𝑇E)/𝑃0)

) + 𝜂2
log(𝑃r(𝑇E)/𝑃r,0)

= 0,

from which we can solve:

𝜙+/− =
1
2𝜂(1 +

1
log(𝑃r(𝑇E)/𝑃r,0)

) ± 1
2𝜂(1 −

1
log(𝑃r(𝑇E)/𝑃r,0)

). (S3.34)

Of these two solutions, 𝜙+ = 𝜂 is an asymptote at which our approximation no
longer holds (remember that we previously demanded that 𝜙r < 𝜂 to ensure initial
spread of the infection). Hence, 𝜙∗ should be given by 𝜙−:

𝜙∗ = 𝜂
log(𝑃r(𝑇E)/𝑃r,0)

. (S3.35)

Although Eq S3.35 seems to provide an elegant equation for the ESS, it still
depends on 𝑃r(𝑇E) and 𝑃r,0. If the interval between passages is sufficiently long, the
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phage density at the end of a passaging cycle will be given by Eq S3.17 and hence

𝑃r,0 = 𝐷
𝛼(1 − 𝛼)

𝛿 + 𝑎(1 − 𝛼) , (S3.36)

where 𝐷 is the dilution factor of phages upon passaging. While the value of 𝑃r,0 does
not depend on the lysogeny propensity 𝜙r, 𝑃r(𝑇E) does (see Eq S3.26). Substituting
𝑃r(𝑇E) = 𝑃r,0 + 𝜂 − 𝜙∗ yields

𝜙∗ = 𝜂
log(1 + 𝜂−𝜙∗

𝑃r,0
)
. (S3.37)

This equation cannot be solved analytically. However, we can make a reasonable
approximation of Eq S3.37 by considering the differences in orders of magnitude of
the terms within the logarithm. As argued above, (𝜂 − 𝜙∗) is generally of order
0.1 − 1, while typical values of 𝑃r,0 are several orders of magnitude smaller (𝑃r,0 ≈
10−5). Therefore, we can approximate the logarithm in Eq S3.37 by

log(1 + 𝜂−𝜙∗
𝑃r,0

) ≈ log( 1𝑃r,0
) = − log(𝑃r,0).

Using this approximation, we find

𝜙∗ = 𝜂
− log(𝑃r,0)

, (S3.38)

which is also presented in the main text (Eq 3.5). Eq S3.38 and S3.36 were used to
find the analytical predictions shown in Figure 3.2d.

3.6.5. Evolutionarily stable response threshold of communi-
cating phages

Next, consider a population of phages that do engage in arbitrium communication,
again under a serial-passaging regime with sufficiently long time between the pas-
sages. Below, we use an approach similar to section 3.6.4, but more general, to derive
the evolutionarily stable arbitrium response threshold, 𝜃∗. We take the following
steps:

1. Describe the dynamics of an invading phage and its corresponding lysogens in
an environment dictated by a resident phage.

2. Find the optimal invader response threshold under a fixed resident response
threshold, i.e., find the 𝜃-value that maximises the invader’s lysogen produc-
tion at time 𝑇E when the dynamics of susceptible cells (and hence 𝑇E) are
determined by a fixed resident phage.
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3. Determine the ESS, 𝜃∗, as the optimal response to itself: the optimal invader
response threshold (as found in step 2) if that same response threshold is the
resident strategy.

We found that the results below are best understood in terms of the non-scaled
model; in particular the (non-scaled) burst size of the phages turns out to be an
important parameter. Therefore, the derivations below are presented for the dimen-
sionalised equations Eq S3.1–S3.6.

3.6.5.1. Simplifying assumptions

To make the model tractable, we again make a few simplifying assumptions:

1. As in section 3.6.4, we assume that there is a separation of time scales between
the infection dynamics of the phages and the reproduction of the bacteria,
spontaneous phage decay and lysogen induction. Hence, when describing the
epidemic phase we ignore these other processes.

2. Additionally, we assume that there also is a separation of time scales between
the production of arbitrium through infections (first term in Eq S3.4) and
its uptake and degradation by cells (second term in Eq S3.4). We ignore the
uptake and degradation of arbitrium during the early epidemic, such that the
increasing arbitrium concentration reflects the decrease of the susceptible cell
density because of infections.

3. We assume that communicating phages switch from a completely lytic strategy
(𝜑(𝐴) = 0) to a completely lysogenic strategy (𝜑(𝐴) = 1) once the arbitrium
concentration exceeds the phages’ response threshold. This is in line with
observations from simulations, where we find that phage variants with 𝜙max =
1 dominate the population for a wide range of parameter values (Figure 3.4a).

The assumptions above are less strict then the assumptions made in section 3.6.4. In
particular, we no longer assume that the density of susceptible cells, 𝑆(𝑡), remains
constant for the duration of the epidemic 0 ≤ 𝑡 ≤ 𝑇E. Rather, for the derivations
below it suffices to assume that 𝑆(𝑡) is a declining function which is completely
determined by the resident phage, and that 𝑆(𝑡) is sufficiently close to 0 after the
epidemic, i.e., for times 𝑡 > 𝑇E (where 𝑇E still depends on the characteristics of the
resident phage).

It will be useful to refer to the time when the resident and invader switch to
lysogeny as 𝜏r and 𝜏i, respectively. Given particular dynamics of the susceptible cell
density and the arbitrium concentration dictated by a resident phage population,
there is a direct relation between 𝜏i and 𝜃i (the arbitrium response threshold of the
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invader). Keep in mind, however, that this relation changes if the resident phage is
changed.

3.6.5.2. Dynamics of the invading phage and its corresponding lysogens

First, we describe how the dynamics of an invading phage variant depend on the
resident phage population. Remember that we consider an invader phage variant
that starts off at infinitesimally small density, and attempts to invade an isogenic
resident phage population that has already converged to a repeatable trajectory
of 𝑃r(𝑡), 𝐿r(𝑡), 𝑆(𝑡), and 𝐴(𝑡) per passaging episode. Under these conditions, the
dynamics of 𝑆(𝑡), 𝑁(𝑡) = 𝑆(𝑡) + 𝐿r(𝑡) and 𝐴(𝑡) over the first passaging episode do
not depend on the switch time 𝜏i of the invader, but only on the switch time of the
resident phage, 𝜏r. Based on the assumptions formulated above, the ODEs for the
density of the invading phage and its corresponding lysogens can be written as

d𝑃i(𝑡|𝜏i, 𝜏r)
d𝑡 = { 𝐵𝑏𝑎𝑆(𝑡|𝜏r)𝑃i(𝑡|𝜏i, 𝜏r) − 𝑎𝑁(𝑡|𝜏r)𝑃i(𝑡|𝜏i, 𝜏r), (𝑡 < 𝜏i)

−𝑎𝑁(𝑡|𝜏r)𝑃i(𝑡|𝜏i, 𝜏r), (𝑡 ≥ 𝜏i)
(S3.39)

d𝐿i(𝑡|𝜏i, 𝜏r)
d𝑡 = { 0, (𝑡 < 𝜏i)

𝑏𝑎𝑆(𝑡|𝜏r)𝑃i(𝑡|𝜏i, 𝜏r), (𝑡 ≥ 𝜏i)
(S3.40)

where vertical lines are used to indicate which phage charactistics the trajectories
of variables depend upon. Eq S3.39–S3.40 capture the switch from a completely
lytic infection strategy (for 𝑡 ≤ 𝜏i), in which new phage particles are produced
through infection but no lysogens are formed, to a completely lysogenic strategy
(for 𝑡 > 𝜏i), in which no new phage particles are produced but all infections result
in the production of lysogens (see assumption 3). Remember that we here use the
dimensionalised equations, so 𝐵 is the burst size, 𝑎 the rate of adsorption of phages
to bacterial cells (irrespective of whether they are susceptible or lysogen), and 𝑏 the
probability that adsorption to a susceptible cell leads to an infection.

The solution to Eq S3.39 can be written as

𝑃i(𝑡|𝜏i, 𝜏r) = 𝑃i,0 × {
exp (𝐵𝑏𝑎 ∫𝑡0 𝑆(𝑡′|𝜏r)𝑑𝑡′ − 𝑎 ∫

𝑡
0 𝑁(𝑡′|𝜏r)𝑑𝑡′) , (𝑡 < 𝜏i)

exp (𝐵𝑏𝑎 ∫𝜏i0 𝑆(𝑡′|𝜏r)𝑑𝑡′ − 𝑎 ∫
𝑡
0 𝑁(𝑡′|𝜏r)𝑑𝑡′) , (𝑡 ≥ 𝜏i)

(S3.41)
as is easily verified by differentiating this solution with respect to 𝑡.

As before, the performance of the invading phage variant is determined by its
lysogen production during the epidemic phase, i.e., between 𝑡 = 0 and 𝑡 = 𝑇E. At
any time 𝑡, the density of invader lysogens is

𝐿i(𝑡|𝜏i, 𝜏r) = {
0, (𝑡 < 𝜏i)
∫𝑡𝜏i 𝑏𝑎𝑆(𝑡

′|𝜏r)𝑃i(𝑡|𝜏i, 𝜏r)𝑑𝑡′. (𝑡 ≥ 𝜏i)
(S3.42)
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Invading phage variants are selected on their lysogen density at the end of the
epidemic, 𝐿i(𝑇E|𝜏i, 𝜏r). Once the epidemic phase has ended (𝑡 ≥ 𝑇E), no new phage
particles or lysogens are formed through infection. Hence, any reasonable switching
time must obey 𝜏i < 𝑇E. Furthermore, since 𝑆(𝑡) ≈ 0 for any time 𝑡 ≥ 𝑇E,

𝐿i(𝑇E|𝜏i, 𝜏r) = ∫
𝑇E

𝜏i
𝑏𝑎𝑆(𝑡′|𝜏r)𝑃i(𝑡′|𝜏i, 𝜏r)𝑑𝑡′ = ∫

∞

𝜏i
𝑏𝑎𝑆(𝑡′|𝜏r)𝑃i(𝑡′|𝜏i, 𝜏r)𝑑𝑡′ (S3.43)

which we will denote Λi(𝜏i, 𝜏r).

3.6.5.3. Optimal invader strategy 𝜏i given some resident phage

The optimal invader strategy 𝜏i given 𝑆(𝑡|𝜏r) and 𝑁(𝑡|𝜏r) is the one that maximises
Λi(𝜏i, 𝜏r). To find this optimal strategy, we differentiate Eq S3.43 with respect to 𝜏i:

𝜕Λi(𝜏i, 𝜏r)
𝜕𝜏i

= −𝑏𝑎𝑆(𝜏i|𝜏r)𝑃i(𝜏i|𝜏i, 𝜏r) + ∫
∞

𝜏i
𝑏𝑎𝑆(𝑡′|𝜏r)

𝜕𝑃i(𝑡′|𝜏i, 𝜏r)
𝜕𝜏i

𝑑𝑡′. (S3.44)

The derivative in the integrand can be calculated from Eq S3.41 (noting that, inside
the integral, 𝑡′ ≥ 𝜏i):

𝜕𝑃i(𝑡|𝜏i, 𝜏r)
𝜕𝜏i

= 𝜕
𝜕𝜏i

(𝐵𝑏𝑎∫
𝜏i

0
𝑆(𝑡′|𝜏r)𝑑𝑡′)𝑃i,0 exp(𝐵𝑏𝑎∫

𝜏i

0
𝑆(𝑡′|𝜏r)𝑑𝑡′ − 𝑎∫

𝑡

0
𝑁(𝑡′|𝜏r)𝑑𝑡′)

= 𝐵𝑏𝑎𝑆(𝜏i|𝜏r)𝑃i(𝑡|𝜏i, 𝜏r). (S3.45)

Inserting the last expression into Eq S3.44 yields

𝜕Λi(𝜏i, 𝜏r)
𝜕𝜏i

= −𝑏𝑎𝑆(𝜏i|𝜏r)𝑃i(𝜏i|𝜏i, 𝜏r) + 𝐵𝑏2𝑎2𝑆(𝜏i|𝜏r)∫
∞

𝜏i
𝑆(𝑡′|𝜏r)𝑃i(𝑡′|𝜏i, 𝜏r)𝑑𝑡′

= −𝑏𝑎𝑆(𝜏i|𝜏r)𝑃i(𝜏i|𝜏i, 𝜏r) + 𝐵𝑏𝑎𝑆(𝜏i|𝜏r)Λi(𝜏i, 𝜏r). (S3.46)

The terms in Eq S3.46 have a clear interpretation. By taking the derivative
of Λi(𝜏i, 𝜏r) to 𝜏i, we are implicitly comparing one possible invading phage variant
(phage 1) that switches at time 𝑡 = 𝜏i to a second invading phage variant (phage 2)
that switches ever so slightly later, at 𝑡 = 𝜏i + d𝜏. Eq S3.46 says that the lysogen
density of these two variants at the end of the epidemic will differ because of two
effects: On the one hand (first term) phage 2 will have a lower lysogen density than
phage 1 because it does not produce lysogens in the time interval from 𝜏i to 𝜏i+d𝜏.
The damage is −𝑏𝑎𝑆(𝜏i|𝜏r)𝑃i(𝜏i|𝜏i, 𝜏r)d𝜏 lysogens per volume. On the other hand,
phage 2 will have a higher higher lysogen density because it produces additional free
phages in the time interval from 𝜏 to 𝜏 + d𝜏, which results in additional lysogens in
the rest of the epidemic. As a result, throughout the rest of the epidemic the second
phage has (1 + 𝐵𝑏𝑎𝑆(𝜏i|𝜏r)d𝜏) times as many phages as the first phage variant,
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and therefore produces an additional number of 𝐵𝑏𝑎𝑆(𝜏i|𝜏r)𝐿i(𝜏i, 𝜏r)d𝜏 lysogens per
volume.

The optimal invading phage variant given a resident phage is the variant with
the value of 𝜏i,opt(𝜏r) for which the two terms in Eq S3.46 cancel precisely:

𝑃i(𝜏i,opt(𝜏r)|𝜏i,opt(𝜏r), 𝜏r) = 𝐵Λi(𝜏i,opt(𝜏r), 𝜏r). (S3.47)

That is, the optimal invader switches precisely when its phage density is equal to
its total eventual lysogen production multiplied by the burst size 𝐵.

We may rewrite Eq S3.47 as

𝐵𝐸i(𝜏i,opt(𝜏r)|𝜏r) = 1, (S3.48)

where 𝐸i(𝜏i|𝜏r) ≡ Λi(𝜏i, 𝜏r)/𝑃i(𝜏i|𝜏i, 𝜏r) is the number of lysogens eventually produced
per phage of the invader phage variant present at time 𝜏i. 𝐸i(𝜏i|𝜏r) can be inter-
preted as a kind of “exchange rate”, expressing the value of a single phage at time
𝜏i in the currency of lysogens. This suggests another way of phrasing the results
above, where we compared two phage variants of which phage 2 switched slightly
later than phage 1: During the time interval from 𝜏i,1 to 𝜏i,2 = 𝜏i,1 + d𝜏, both com-
peting invading phage variants infect 𝑏𝑎𝑆(𝜏i,1)𝑃i(𝜏i,1|𝜏i,1, 𝜏r)d𝜏 susceptible bacteria
per volume. Phage 1 directly converts these infected bacteria into lysogens. Phage 2
instead converts each of them into 𝐵 additional phages. Whether this is a good idea
depends precisely on whether increasing the phage density by 𝐵 phages per vol-
ume will, during the rest of the epidemic, result in an increased lysogen density of
more than 1 lysogen per volume. That is, phage 2 is the better invader precisely if
𝐵𝐸i(𝜏i|𝜏r) > 1, while phage 1 is the better invader if 𝐵𝐸i(𝜏i|𝜏r) < 1. Again we see
that the optimal invader must obey Eq S3.47 and S3.48.

3.6.5.4. The ESS

To find the ESS, we ask what phage variant is the optimal response to itself, i.e.,
what phage variant satisfies

𝜏i,opt(𝜏∗) = 𝜏∗. (S3.49)
In other words, the ESS must obey a special case of Eq S3.47 and S3.48:

𝑃i(𝜏∗|𝜏∗, 𝜏∗) = 𝐵Λi(𝜏∗, 𝜏∗) or 𝐵𝐸i(𝜏∗|𝜏∗) = 1. (S3.50)

Importantly, in this case the resident and invader behave identically, so that the
exchange rate of the resident must be the same as that of the invader. That is,

𝐸i(𝜏∗|𝜏∗) = 𝐸r(𝜏∗|𝜏∗) = Λr(𝜏∗)/𝑃r(𝜏∗|𝜏∗), (S3.51)

where Λr(𝜏r) is the total density of lysogens eventually produced by a resident with
switching time 𝜏r. Combined with Eq S3.50 this results in:

𝐵Λr(𝜏∗)/𝑃r(𝜏∗|𝜏∗) = 1. (S3.52)
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Hence, the ESS is the strategy that, when it is the only phage variant present,
switches from the lytic to the lysogenic cycle precisely when the density of free
phage particles it has is equal to the burst size times the density of lysogens it will
still produce in the remainder of the active epidemic (see explanation in the previous
section).

So far, we have expressed the results for the ESS as a switching time 𝜏∗. In real-
ity, however, the communicating phages switch when a certain threshold arbitrium
concentration 𝜃∗ is reached. As a last step, we therefore have to relate the terms in
Eq S3.52 to the arbitrium concentration. Under our simplifying assumptions, the
arbitrium dynamics between time 𝑡 = 0 and 𝑡 = 𝜏r are described by

d𝐴(𝑡|𝜏r)
d𝑡 = 𝑐𝑏𝑎𝑆(𝑡|𝜏r)𝑃r(𝑡|𝜏r), (S3.53)

where 𝑐 is increase in arbitrium concentration per infection. The total arbitrium
concentration at time 𝑡 is hence given by

𝐴(𝑡|𝜏r) = ∫
𝑡

0
𝑐𝑏𝑎𝑆(𝑡′|𝜏r)𝑃r(𝑡′|𝜏r)𝑑𝑡′, (S3.54)

which can be written as 𝐴(𝑡|𝜏r) = 𝑐𝐼r(𝑡|𝜏r), where

𝐼r(𝑡|𝜏r) = ∫
𝑡

0
𝑏𝑎𝑆(𝑡′|𝜏r)𝑃r(𝑡′|𝜏r)𝑑𝑡′ (S3.55)

is the infection density: the number of infections that has occurred per volume at
time 𝑡.

To express the ESS in terms of the arbitrium concentration, we first show that
𝑃r(𝜏∗|𝜏∗) is approximately proportional to 𝐼r(𝜏∗|𝜏∗). In general, the resident phage
density obeys an equation equivalent to Eq S3.39 (even though this equation was
originally written down for the invading phage). For the time period 𝑡 < 𝜏r, the
solution of this equation can be expressed as

𝑃r(𝑡|𝜏r) = 𝑃r,0 +∫
𝑡

0
(𝐵𝑏 − 1)𝑎𝑆(𝑡′|𝜏r)𝑃r(𝑡′|𝜏r)𝑑𝑡′

= 𝑃r,0 + (𝐵 − 𝑏−1)𝐼r(𝑡|𝜏r) (S3.56)

Provided that the initial phage density 𝑃r,0 is negligible compared to the phage
density at time 𝜏∗, we find that

𝑃r(𝜏∗|𝜏∗) ≈ (𝐵 − 𝑏−1)𝐼r(𝜏∗|𝜏∗). (S3.57)

Next, we use that the epidemic will eventually consume (almost) all susceptible
bacteria. (Note that this is equivalent with our earlier assumption that 𝑆(𝑡) ≈ 0 for
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𝑡 > 𝑇E.) Hence, we must have that

Λr(𝜏∗) ≈ 𝑆(0) − 𝐼r(𝜏∗|𝜏∗). (S3.58)

If we insert Eq S3.57 and S3.58 into Eq S3.47 and solve for 𝐼r(𝜏∗|𝜏∗), we arrive
at

𝐼r(𝜏∗|𝜏∗) =
𝑆(0)

2 − (𝑏𝐵)−1 . (S3.59)

That is, the ESS switches when the infection density obeys Eq S3.59. This implies
that the ESS should have the threshold

𝜃∗ = 𝑐𝐼r(𝜏∗|𝜏∗) =
𝑐𝐾

2 − (𝑏𝐵)−1 , (S3.60)

where we have substituted 𝑆(0) = 𝐾, the carrying capacity of the bacteria. Eq S3.60
is also presented in the main text (Eq 3.6). This equation was used to provide the
analytical estimates shown in Figure 3.4b.
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Abstract
The production of anticompetitor toxins is widespread among bacteria. Because pro-
duction of such toxins is costly, it is typically regulated. In particular, many toxins
are produced only when the local cell density is high. It is unclear which selection
pressures shaped the evolution of density-dependent regulation of toxin production.
Here, we study the evolution of toxin production, resistance and the response to a
cell-density cue in a model of an evolving bacterial population with spatial struc-
ture. We present results for two growth regimes: (i) an undisturbed, fixed habitat in
which only small fluctuations of cell density occur, and (ii) a serial-transfer regime
with large fluctuations in cell density. We find that density-dependent toxin pro-
duction can evolve under both regimes. However, the selection pressures driving
the evolution of regulation differ. In the fixed habitat, regulation evolves because
it allows cells to produce toxin only when opportunities for reproduction are highly
limited (because of a high local cell density), and the effective fitness costs of toxin
production are hence low. Under serial transfers, regulation evolves because it allows
cells to switch from a fast-growing non-toxic phenotype when colonising a new habi-
tat, to a slower-growing competitive toxic phenotype when the cell density increases.
Colonies of such regulating cells rapidly expand into unoccupied space because their
edges consist of fast-growing, non-toxin-producing cells, but are also combative be-
cause cells at the interfaces with competing colonies do produce toxin. Because
under the two growth regimes different types of regulation evolve, our results un-
derscore the importance of growth conditions in the evolution of social behaviour in
bacteria.

Author Summary

Bacteria live in microbial communities, in which they compete with many other microbes
for nutrients and space. In this competitive environment, almost all known bacterial strains
produce toxins that impair or kill other bacteria. This chemical warfare is thought to be
one of the major factors shaping microbial diversity. Many toxins are produced only if
the local density of bacteria is high. To achieve this, bacteria respond to cell-density cues:
signalling molecules or other indicators of the presence of other cells. Here, we use a com-
putational model to study the evolution of density-based regulation of toxin production in
bacterial populations. We show that such regulation can arise under various growth condi-
tions, and analyse the selection pressures driving its evolution. In particular, we find that
if bacteria regularly need to colonise a new habitat, density-based regulation allows them to
express a fast-growing, non-toxic phenotype when expanding into uncolonised territory, and
a slower-growing, toxin-producing phenotype when competing with other strains. Colonies of
regulating cells show a typical structure, with cells of the fast-growing, sensitive phenotype
at their expanding edges, and toxin-producing cells in the colony interior and at interfaces
between colonies.
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4.1. Introduction

Many bacteria produce antimicrobial toxins that impede the growth of competing
bacteria or even kill them (Klaenhammer, 1988; Riley and Wertz, 2002a; Gonzalez
and Mavridou, 2019). A wide variety of such toxins has been discovered, ranging
from narrow-range bacteriocins to broad-range antimicrobials that may even affect
eukaryotic cells (Cornforth and Foster, 2013; García-Bayona and Comstock, 2018).
Because producing and secreting toxins is metabolically costly, toxin producing
strains have a reduced growth rate compared to non-producers (Chao and Levin,
1981; Kerr et al., 2002; Riley and Wertz, 2002b). Toxin production is therefore an
example of spiteful behaviour: it is costly to the actor and harmful to the recipient
(Gardner et al., 2004; Nadell et al., 2009).

Over the years, the questions how and under what conditions such spiteful pro-
duction of anticompetitor toxins can evolve have inspired many experimental and
theoretical studies (Chao and Levin, 1981; Kerr et al., 2002; Durrett and Levin,
1997; Gardner et al., 2004; Kirkup and Riley, 2004; Narisawa et al., 2008; Bucci
et al., 2011). These studies showed that the spatial scale over which interactions
between bacteria take place is a key determinant of the evolutionary stability of
toxin production. Modelling work predicted that toxin production is evolutionarily
unstable in homogeneous, well-mixed environments with global interactions (e.g., a
shaken flask), while stable coexistence between a toxin-producing strain (or killer,
K) and sensitive strain (S) can arise in spatially structured environments where in-
teractions are local (e.g., agar plates) (Durrett and Levin, 1997; Kerr et al., 2002).
Under well-mixed conditions, the K strain is fully outcompeted by resistant (R)
cells (which for instance arise from K cells through mutational loss of toxin pro-
duction but not resistance), because R cells avoid the metabolic costs for toxin
production but equally benefit from the killing of S cells by the K strain. In spa-
tially structured environments, however, killing and competition are local processes
and hence K cells preferentially benefit from the killing effect of their toxin com-
pared to non-producing cells. The population dynamics then follow local cycles of
non-transitive “rock-paper-scissors” interactions: The K strain invades patches of S
cells; these K cells are subsequently outcompeted by the R strain; and these R cells
are in turn outcompeted by the faster-growing S strain (Kerr et al., 2002). These
local KRS-dynamics cause the emergence of wave-like spatial patterns, in which all
three strains (K, R, and S) coexist (Durrett and Levin, 1997; Reichenbach et al.,
2007; Szolnoki et al., 2014). These theoretical predictions were confirmed in vitro
in populations of colicin-producing, -sensitive and -resistant Escherichia coli cells
growing in flasks or on plates (Chao and Levin, 1981; Kerr et al., 2002), and in
vivo in enteric bacterial populations in a mouse model (Kirkup and Riley, 2004).
Coexistence of a toxin-producing, -resistant, and -sensitive strain was also found in
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the more complex environment of a growing biofilm in vitro (Narisawa et al., 2008),
and in silico modelling showed that the structure of the biofilm strongly affects the
evolution of toxin production (Bucci et al., 2011).

In all studies described above, genes for toxin production and resistance were
constitutively expressed. Like many metabolically costly traits, however, toxin pro-
duction is often tightly regulated (Cornforth and Foster, 2013; LeRoux et al., 2015;
Gonzalez and Mavridou, 2019). In particular, the expression of many anticom-
petitor toxins is regulated by cell-density cues: small diffusible molecules that are
excreted by bacterial cells, such that their extra-cellular concentration reflects the
local density of bacteria (see Cornforth and Foster (2013); Kleerebezem and Quadri
(2001); Jimenez and Federle (2014) for reviews). Responding to a density cue allows
bacteria to express costly genes only when the local cell density is high.

The high prevalence of toxin regulation by density cues raises the question of
how such regulation evolved. A common explanation for the regulation of social
behaviours by cell-density cues is that the benefits of the regulated social behaviour
outweigh the costs only if a sufficient number of cells (the quorum) display the
behaviour at the same time; the regulation is then also called quorum sensing (QS)
(Nealson et al., 1970; Miller and Bassler, 2001). This is for instance the case for the
cooperative production of some public goods, like the siderophores of the common
pathogen Pseudomonas aeruginosa (Diggle et al., 2007; Darch et al., 2012). For such
costly public-good production, both theoretical and experimental work has shown
that production of, and response to, a quorum sensing signal can be beneficial, as it
allows cells to produce the public good only if the cell density is high and the benefit
of coordinated public-good production is hence substantial (Brookfield, 1998; Brown
and Johnstone, 2001; Nadell et al., 2008; Czárán and Hoekstra, 2009; Darch et al.,
2012; Drescher et al., 2014).

Whereas the evolution of density-dependent regulation is quite well-understood
in the context of cooperative public goods, its evolution in relation to spiteful toxin
production is less well-studied. In a single modelling study, Czárán and Hoek-
stra (2007) considered whether the evolution of density-dependent toxin production
could be explained by similar reasoning as described above for public goods (Czárán
and Hoekstra, 2007). A key feature of their model is that the toxin was assumed
to be effective only if the local density of toxin producing cells exceeded a thresh-
old density, which required toxin producers to cooperate. Furthermore, the model
allowed gain and loss mutations of QS signal production, the hypothesis being that
a genotype-specific cue that is produced by killer cells only might evolve to inform
the killer cells about the local killer cell density. The study found, however, that
QS regulation of toxin production was evolutionarily unstable to resistant “cheater”
cells that produce the QS signal (and hence induce killer cells to produce toxin) but
not the costly toxin (Czárán and Hoekstra, 2007). Hence, considering anticompeti-
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tor toxin as a type of public good that is cooperatively produced has so far been
unsuccessful in explaining density regulation of toxin production, and it remains
unclear what selection pressures drive the evolution of toxin regulation by density
cues.

Here, we therefore explore different explanations for the evolution of density-
dependent toxin production. We use a computational model of evolving, spatially
structured bacterial populations that deliberately differs from previous studies. In
particular, we do not impose that a minimal quorum of toxin-producing cells is
required in order to affect sensitive cells, but instead assume that the effect of
toxin increases linearly with its concentration. Also, we focus on cases where toxin
production is regulated by density cues that are produced by all cells (including
cells that are sensitive to the toxin). For instance, production of the antimicrobial
pyocyanin by P. aeruginosa increases in the presence of peptidoglycan fragments,
a general indicator of the local density of gram-positive bacteria (Korgaonkar and
Whiteley (2011), see Discussion for more examples). In such cases, the cue indicates
the total cell density rather than the density of killer cells. We obtain results for two
growth regimes: (i) a long-term local competition regime, in which the population
evolves in a fixed, densely populated habitat, and (ii) a serial-transfer regime in
which small, random subsets of the population repeatedly colonise new habitats,
and show that density-dependent regulation of toxin production can evolve under
both regimes. By characterising the selection pressures shaping the evolution of
regulation, we explain how density-dependent toxin production can evolve under
various growth regimes.

4.2. Model

We developed a spatially explicit individual-based model of a population of bacteria
in which production of anticompetitor toxin, resistance to the toxin, and response
to a cell-density cue can evolve. Here, a general overview of the model is given;
details of the implementation and analysis are provided in the Methods section.

4.2.1. Bacteria and their genotypes
The bacteria in our model live on a square lattice (Figure 4.1). The model bacte-
ria have several evolvable characteristics, which constitute their “genotype” (Fig-
ure 4.1A). Firstly, they carry a toxin production “gene” and a resistance “gene”,
each with three possible alleles: inactive (“Off”), constitutively expressed (“On”),
or expressed in response to the density cue (“Regulated”, or “Reg”). We refer to a
cell’s toxin production and resistance genotype using a bracket notation: e.g., bac-
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Figure 4.1. Illustration of the model. (a) The model bacteria’s “genotype” consists of
a toxin production “gene”, a resistance “gene”, a toxin production rate 𝜋T and a response
threshold 𝜃. Bacteria regulating their toxin production and/or resistance only express these
genes if the local concentration of the density cue exceeds the cell’s response threshold.
Expression of the toxin, resistance, and response to the cue come at a fitness cost. (b) The
model consists of three coupled 2D lattices, which hold the bacteria, the density cue
concentration and the toxin concentration. Bacteria locally compete for unoccupied space
to reproduce. All cells have a natural death rate. For cells that are not resistant the death
rate increases linearly with the local toxin concentration. All bacteria produce the cue,
while the toxin is produced only by bacteria that express their toxin gene. The toxin and
density cue diffuse and are degraded at fixed rates.

teria with genotype “(Reg, On)” regulate their toxin production but constitutively
express resistance. Secondly, bacteria that express their toxin gene may differ in
their toxin production rate 𝜋T. Lastly, each bacterium has a response threshold
value 𝜃, which is the cue concentration above which it expresses its regulated genes,
if it has any.

4.2.2. Concentration profiles of cell-density cue and toxin
The concentrations of the cell-density cue and the toxin are modelled with partial
differential equations describing their local production, degradation, and diffusion.
The cue molecule is produced by all cells, while the toxin is only produced by
cells expressing the toxin production gene. We consider the dynamics of the cue
and toxin to be much faster than the population dynamics of the bacteria, so that
the concentration profiles of the cue and toxin at any given time are determined
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by the current spatial distribution of bacteria (Picioreanu et al., 2000; Xavier and
Foster, 2007; Nadell et al., 2008; Bucci et al., 2011). We choose arbitrary units
of concentration such that the concentration of the density cue varies between 0
and 1 and the toxin concentration varies between 0 and max(𝜋T), the largest toxin
production rate in the bacterial population (see Methods).

4.2.3. Dynamics of bacteria
Time in the model progresses in discrete steps. At the beginning of each time step,
each bacterium senses the local cue concentration, which together with the cell’s
genotype determines the cell’s “phenotype” (Figure 4.1a). The phenotype is given
by three variables: toxin production 𝜙T, resistance 𝜙R, and cue response 𝜙C, which
take the value 0 (Not expressed) or 1 (Expressed). If the cell has a regulated gene,
the corresponding phenotype value is set to 1 if the cue concentration exceeds the
cell’s response threshold value 𝜃, and to 0 otherwise. Variable 𝜙C indicates whether
the cell expresses a regulatory response system; it is 1 if the cell has at least one
Reg gene, and 0 otherwise.

Note that a regulating cell’s phenotype adapts to the local cue concentration at
each simulation time step. An exception to this instantaneous adaptation is made in
cells that regulate both their toxin production and resistance (genotype (Reg, Reg)):
inspired by the com-regulon of Streptococci which displays a delay in the expression
of the bacteriocins CbpD and LytA relative to the immunity factor ComM (Claverys
and Håvarstein, 2007; Berg et al., 2012; Slager et al., 2019), a delay of 𝜏delay time
steps is implemented between the expression of resistance and the expression of
toxin. This delay prevents cells from killing neighbouring cells that have exactly the
same genotype but coincidentally experience a slightly lower cue concentration and
therefore do not (yet) express resistance.

Reproduction and cell death depend on a cell’s phenotype. The death rate of
sensitive bacteria increases linearly with the local toxin concentration (similar to
Durrett and Levin (1997); Kerr et al. (2002); Bucci et al. (2011)). Importantly, this
means that no minimal density (quorum) of toxin producers is required for the toxin
to have an effect on sensitive cells (in constrast to Czárán and Hoekstra (2007)).
Rather, each toxin producing cell proportionally adds to the killing rate of sensitive
cells in the local neighbourhood.

The bacteria locally compete for a growth-limiting resource. To incorporate such
local competition, at most one bacterium is allowed to occupy each lattice site. Bac-
teria surrounding an empty site compete for reproduction based on their respective
reproduction rates (which depend on their phenotypes, as described below). When
a cell reproduces, the daughter cell inherits the parent’s genotype, except that with
small probability mutations are introduced.
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4.2.4. Fitness costs
Toxin production and resistance are metabolically expensive (Chao and Levin, 1981;
Kerr et al., 2002; Riley and Wertz, 2002b). Being able to respond to the density
cue requires the production of receptors and a signal transduction pathway, and
therefore likely also bears a metabolic cost. We incorporate these metabolic costs
by reducing the reproduction rate of cells expressing these phenotypes. The costs
for resistance and the ability to respond to the cue are constant, while the cost for
toxin production increases linearly with the cell’s toxin production rate 𝜋T. Note
that cells that regulate a gene always pay a cost for being able to respond to the
cue, but in return may avoid the costs of toxin production and resistance when the
density cue concentration is below their response threshold 𝜃.

4.3. Results

4.3.1. Evolution of toxin regulation in a fixed, densely popu-
lated habitat

We first considered a bacterial population growing in a fixed habitat without ex-
ternal perturbations, by running the model on an undisturbed simulation lattice.
Because we aimed to investigate the evolutionary potential of the production of an-
ticompetitor toxin and its density-dependent regulation in general, rather than to
model a specific strain of bacteria, we explored possible evolutionary outcomes of
the model by performing a parameter sweep over the six defining parameters of our
model: the spatial range of the density cue 𝐿cue, the spatial range of the toxin 𝐿tox,
𝑅−10 of the bacteria (where 𝑅0 is the maximal expected number of daughter cells
produced per bacterial life time), the scaled toxin production cost �̂�T, the resistance
cost 𝐶R, and the cue response cost 𝐶C (see Supporting Text 4.8.1 for the derivation
of these parameters). We performed 2000 simulations with random parameter set-
tings uniformly sampled from broad parameter ranges (see Methods, Table 4.1). For
each simulation, we then calculated the mean abundance of each genotype and each
phenotype after an evolutionary steady state was reached. Based on this evolved
population composition, the simulations were classified into four categories (Sup-
porting Figure S4.1).

In 1737 of the 2000 runs, the sensitive genotype (Off, Off) fixed in the popula-
tion, indicating that most parameter conditions were unfavourable to the evolution
of toxin production. In 228 simulations, at least one toxin producing genotype, sen-
sitive genotype, and resistant genotype were found, hence yielding a KRS-system.
Most of these evolved KRS-systems consisted of non-regulating killers (genotype
(On, On)), non-regulating resistant cells (genotype (Off, On)), and sensitive cells
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Figure 4.2. Types of KRS-systems that evolved in a fixed, densely populated
habitat. Simulations were initialised with bacteria with random genotypes, and then run
until evolutionary steady state was reached. Out of the 2000 simulations in the parameter
sweep, 228 resulted in a KRS-system. (a) In 206 runs killer cells (genotype (On, On)),
resistant cells (genotype (Off, On)) and sensitive cells (genotype (Off, Off)) coexisted, but
no regulation evolved. (b) In 22 runs regulation did evolve, and in most of these (17 runs)
coexistence was found between cells that regulate their toxin production but constitutively
expresses resistance (genotype (Reg, On)), non-regulating resistant cells (genotype (Off,
On)), and sensitive cells (genotype (Off, Off)). Parameter values for the example runs
shown here are: (a) 𝐿cue = 3.7, 𝐿tox = 16.5, 𝑅−10 = 0.1, �̂�T = 0.045, 𝐶R = 0.12, and
𝐶C = 0.07; (b) 𝐿cue = 6, 𝐿tox = 6, 𝑅−10 = 0.125, �̂�T = 0.32, 𝐶R = 0.1, and 𝐶C = 0.02.

(genotype (Off, Off)) (Figure 4.2a), reproducing the KRS-dynamics observed in ear-
lier studies (Kerr et al., 2002; Durrett and Levin, 1997; Reichenbach et al., 2007;
Szolnoki et al., 2014). In 22 of the 228 simulations yielding KRS-dynamics, however,
at least one regulating genotype was selected. In a clear majority of these (17 runs),
a single regulating genotype was found: cells that regulate their toxin production,
but constitutively express resistance (genotype (Reg, On)). These regulating cells
coexisted with sensitive cells (genotype (Off, Off)) and resistant cells (genotype (Off,
On)) (Figure 4.2b). Lastly, 35 simulations did not result in fixation of sensitives or
a KRS-system and were classified as “other”. In none of these simulations regulation
evolved, and they were therefore not further considered.

Regulation of toxin production can evolve when regulation costs are low,
the density cue is short-ranged, and toxin production is costly

To determine which parameter combinations favour the evolution of regulation, we
compared the parameter sets that resulted in KRS-dynamics without regulation
(𝑛 = 206) to those that resulted in KRS-dynamics with regulation (𝑛 = 22) (Fig-
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Figure 4.3. Parameter conditions for the evolution of regulation. The distribution
of parameter values for simulations that yielded KRS-dynamics without regulation
(𝑛 = 206) and those that yielded KRS-dynamics with regulation (𝑛 = 22). In simulations
that resulted in the evolution of regulation, the spatial range of the cue and the response
costs were lower, while the toxin production costs were higher. Results of 2-sided 𝑡-tests
with Bonferroni-correction for multiple testing: ∗∗: 𝑝 < 10−6, ∗: 𝑝 < 10−3, n.s.: not
significant.

ure 4.3). Unsurprisingly, in simulations in which regulation evolved, the cost of
regulation was typically much lower. Regulation also evolved more readily when
toxin production was costly and when the spatial range of the cell-density cue was
limited. These conditions seem reasonable: the potential benefits of regulation
are largest when it controls a costly behaviour, and a short-ranged cue contains
more information about the current local environment than a longer-ranged cue.
Since competition in the model occurs over short spatial ranges, responding to a
short-ranged cue allows bacteria to quickly adapt to changes in their immediate
competition environment.

Cells that regulate their toxin production occupy the killer niche in KRS-
dynamics.

To better understand how density-dependent toxin regulation evolved in our model,
we studied the example run of Figure 4.2b in more detail. The evolving population
displayed KRS-dynamics, with regulating killer cells (genotype (Reg, On)) invading
patches of sensitive cells (genotype (Off, Off)), constitutively resistant cells (geno-
type (Off, On)) invading patches of regulating killer cells, and sensitive cells invading
patches of resistant cells (Figure 4.4a, Supporting Movie S4.1). The (Reg, On)-cells
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Figure 4.4. Model dynamics of a run in which density-dependent toxin
regulation evolved. (a) Snapshot of the simulation lattice. KRS-dynamics emerge with
sensitive cells (genotype (Off, Off), blue), resistant cells (genotype (Off, On), white) and
regulating killer cells (genotype (Reg, On), orange). The latter switch between two
phenotypes: toxin producing (dark orange) and resistant (light orange). See also Supporting
Movie S4.1. (b) Toxin production rate in the (Reg, On)-cells over time. Cells were initialised
with a toxin production rate sampled at random between 0 and 1. Over time, a mean value
of 𝜋T ≈ 0.8 is selected. (c) Distribution of response threshold values in (Reg, On)-cells over
time, plotted against a background distribution of the cue concentration sensed by these
(Reg, On)-cells. Response threshold values around 𝜃 = 0.875 are selected. The selected
response threshold values tend to be higher than the median cue concentration sensed by
regulating cells, indicating that at any time only a minority of cells produces toxin.

hence acted as the killer in these KRS-dynamics, replacing the constitutive killers
(genotype (On, On)) found in non-regulating KRS-systems.

When the evolved (Reg, On)-cells express their toxin gene they produce a con-
siderable amount of toxin (𝜋T ≈ 0.8, Figure 4.4b), but due to regulation they do so
only when they sense a high cue concentration. This regulation is governed by the
evolved response threshold 𝜃, the cue concentration above which regulated genes are
expressed. To interpret the observed response threshold values, we compared them
to the distribution of cue concentrations that (Reg, On)-cells sense (Figure 4.4c).
Most response threshold values were greater than the median cue concentration
observed, indicating that evolved (Reg, On)-cells are more often in their inactive
resistant state than in their active toxin-producing state.

To make sure that we do not base our conclusions on contingencies in a particular
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example run, we performed ten replicate runs with the same parameter settings, and
found that the results were highly reproducible (Supporting Figure S4.2).

Regulation decreases the effective fitness cost of toxin production.

What selection pressures drive the observed evolution of density-dependent toxin
regulation? In the cyclic KRS-system, two main factors determine the success of
toxin-producing cells: their competitive advantage over sensitive cells and their dis-
advantage to resistant cells. To quantify the effect of regulation on these competi-
tive (dis)advantages, we performed controlled invasion experiments comparing the
invasion dynamics of the evolved (Reg, On)-cells to non-regulating (On, On)-cells
evolved under the same parameter conditions but in a simulation where regulation
was disabled (Supporting Figure S4.3). First, we directly competed the regulat-
ing (Reg, On)-strain with the (On, On)-strain, and found that the regulating killer
strain invades and eventually fully displaces the constitutive killer strain, as ex-
pected. Next, we calculated the speed at which both killer strains invade a sensitive
population, and the speed at which they are invaded by a resistant strain (Sup-
porting Figure S4.3). Surprisingly, compared to the (On, On)-strain, the (Reg,
On)-strain both invaded a sensitive population faster and was invaded more slowly
by the resistant strain (Supporting Figure S4.3). Cells that regulate their toxin
production hence have an advantage over non-regulating killer cells both in their
invasion of new patches of sensitives, and in their competition with resistant cells.

The difference in the invasion speed into sensitive patches is explained by a
difference in mean toxin production: the evolved (Reg, On)-cells on average produce
more toxin per cell (mean long-term toxin production rate: 0.20) than the (On, On)-
cells that evolved under the same conditions if regulation was excluded (mean long-
term toxin production rate: 0.13). Naively, a higher mean toxin production rate
should result in higher fitness costs. However, the increased competitiveness against
resistant cells and the results of the direct competition between the two killer strains
suggest that the regulating cells actually have a higher effective reproductive fitness
than the constitutive killers. Here, the information conferred by the density cue
comes into play. Remember that the metabolic costs of toxin production lead to a
reduction in the producing cell’s reproduction rate. However, because reproduction
can only occur if empty lattice sites are available, the effective fitness costs of a
reduction in reproduction rate also depend on the cell’s environment and social
neighbourhood. If several lattice sites in the cell’s neighbourhood are unoccupied,
the local competition for reproduction is a major determinant of the cell’s fitness
and the effective fitness costs resulting from the metabolic costs of toxin production
are high. On the other hand, if no neighbouring lattice sites are vacant, the cell has
no opportunity to reproduce and the effective fitness costs vanish. By exploiting
the cue, the evolved (Reg, On)-cells produce toxin only when none or at most
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one of their neighbouring sites is empty, and never do so when more than two
neighbouring lattice sites are empty (Supporting Figure S4.4). At the wavefront
where the (Reg, On)-cells compete with sensitive (Off, Off)-cells, the produced toxin
frees up lattice sites by killing sensitive cells, causing a drop in the density cue
concentration, which leads to the expression of the faster-reproducing, non-toxic
phenotype in the (Reg, On)-cells benefitting from these available sites (which either
produced the toxin themselves or profit from toxin production by closely related
neighbouring (Reg, On)-cells). Regulation thus allows cells to produce toxin when
reproduction opportunities are scarce and the effective fitness costs of production
are hence low, and to exhibit a faster-replicating resistant phenotype when more
space is available and hence competition for rapid reproduction is stronger.

Regulation works only if the density cue is sufficiently reliable and
phenotypic adaptation is sufficiently fast

The evolved regulation mechanism described above requires that the cue concen-
tration conveys detailed information about the environment. The evolved system
might therefore be vulnerable to disturbances in the cue, e.g., caused by stochas-
ticity in production of the cue molecule, its diffusion and degradation, or in the
response pathway. To test this hypothesis, we performed simulations in which at
each time step independent Gaussian noise was added to the cue concentration at
each lattice site. Regulation still evolved in 4 out of 5 replicate runs if a moder-
ate noise level was used (standard deviation of noise was 𝜎noise = 0.025, which is
comparable to the change in local cue concentration experienced if one of the eight
direct neighbouring cells is removed). At an increased noise level (𝜎noise = 0.05),
however, only 2 out of 5 replicate runs showed evolution of regulation, and at an
even higher noise level (𝜎noise = 0.1) regulation evolved once in 5 replicate runs.
Hence, regulation is effective only if the cue concentration is a sufficiently precise
predictor of the current local density.

In the model, when the cue concentration changes, regulating cells adjust their
phenotype instantaneously. In reality, such a phenotypic switch takes time (Monod,
1949; Rolfe et al., 2012). To investigate how such a lag affects our results, we intro-
duced a lag time between sensing a change and altering the phenotype. Regulation
still evolved when a relatively short lag times of 5 simulation time steps was used,
which is equivalent to 50% of the minimal doubling time of the bacteria (Supporting
Figure S4.5). When the lag time was longer, regulation no longer evolved, indicat-
ing that the evolved regulation mechanism requires cells to be able to adjust their
phenotype relatively fast. This result seems intuitive: a regulation mechanism that
relies on cells reverting to a fast-growing, non-toxin-producing phenotype when lo-
cally empty sites are detected can only be effective if this reversion happens faster
than the recolonisation of these empty sites.
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4.3.2. Evolution of toxin regulation under a serial-transfer
regime

So far, we have considered model bacteria living in a fixed, undisturbed habitat.
Natural growth conditions, however, tend to vary substantially over space and time,
and such variations in growth conditions may cause large fluctuations in cell den-
sity. To examine how externally induced density fluctuations affect the evolution
of density-dependent toxin regulation, we simulated serial transfers: a procedure,
well-known from experimental evolution studies, in which a small sample of the
population is regularly transferred to fresh medium (Lenski et al., 1991; Rainey and
Travisano, 1998; Velicer and Yu, 2003; Kawecki et al., 2012; Inglis et al., 2016). The
population dynamics were simulated as before, except that periodically the simula-
tion was paused, a random sample of cells was taken from the population, and these
founder cells were randomly placed on a new simulation lattice (“fresh medium”).
These serial transfers were continued for many cycles to allow the system to ap-
proach evolutionary steady state.

Regulation evolves more frequently under serial transfers than in a fixed
habitat.

To explore the model’s behaviour under the serial-transfer regime, we simulated
serial transfers for the same 2000 parameter conditions used in the fixed-habitat
parameter sweep. The evolutionary outcome of simulations was again classified
based on genotype and phenotype abundances at evolutionary steady state (Sup-
porting Figure S4.6). Now, 1894 out of the 2000 parameter combinations resulted
in the fixation of sensitives, an even larger fraction than in the fixed-habitat case.
This makes sense: if cells regularly have to colonise a new, unpopulated environ-
ment, selection is expected to favour the fast-replicating sensitive genotype. Toxin
production and resistance did evolve in 86 simulations, which were hence classified
as ”KRS”. The 20 remaining simulations of the parameter sweep were classified as
“other”, and were further disregarded.

Out of the 86 simulations that yielded a KRS-system, regulation evolved in a
majority of 68 cases (Supporting Figure S4.6). Hence, regulation evolved more
readily under the serial-transfer regime than in the fixed habitat (in which only
22 parameter combinations out of 206 simulations yielding KRS-dynamics resulted
in the evolution of regulation). Compared to the simulations that yielded a KRS-
system without regulation (𝑛 = 18), the simulations in which regulation did evolve
(𝑛 = 68) had relatively high toxin production and resistance costs, and low response
costs (Supporting Figure S4.6), consistent with the observations in the fixed habitat
(c.f., Figure 4.3).
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Figure 4.5. Model dynamics under a serial-transfer regime. The simulation was
initialised with cells with random genotypes. Every 500 time steps, a random sample of
1000 cells from the current population was transferred to a new, empty lattice (“fresh
medium”). (a, b) Abundance of genotypes over time on long (panel a) and short (panel b)
time scales. Since the number of cells varies greatly within each transfer cycle, in panel A
only the genotype abundances observed at the end of each cycle are plotted. The evolved
population mainly consists of three genotypes: sensitives (genotype (Off, Off)), regulating
resistants (genotype (Off, Reg)), and regulating killers, that also regulate their resistance
(genotype (Reg, Reg)). (c) Snapshots of a small part of the simulation lattice showing
colony growth between two transfers. Early on, (Off, Off)-, (Off, Reg)- and (Reg, Reg)-cells
all express the sensitive phenotype. As the size of the colonies increases, the phenotype of
cells in the interior of (Off, Reg)- and (Reg, Reg)-colonies switches to resistant, and in the
case of (Reg, Reg)-cells after 𝜏delay time steps to toxin producing. Cells on colony edges
remain sensitive, allowing the colony to grow rapidly. See also Supporting Movie S4.2.
Parameter values: 𝐿cue = 6, 𝐿tox = 6, 𝑅−10 = 0.125, �̂�T = 0.072, 𝐶R = 0.1, and 𝐶C = 0.02.

Under serial transfers, bacteria are selected for fast colony expansion.

In 62 of the 68 simulations in which regulation evolved, two types of regulating cells
were found: (i) (Reg, Reg)-cells that regulate both their toxin production and their
resistance, and (ii) (Off, Reg)-cells, that regulate their resistance and do not produce
toxin. These cells coexisted with (Off, Off)- and sometimes (Off, On)-cells. A typical
example of such dynamics is shown in Figure 4.5 and Supporting Movie S4.2, and
we next consider this example in more detail.
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At low cell density, cells with the three dominant genotypes ((Off, Off), (Off,
Reg) and (Reg, Reg)) all express a sensitive phenotype. Cells with a sensitive
phenotype have low fitness costs and hence a high replication rate. The genotypes
(Off, Off), (Off, Reg) and (Reg, Reg) dominated in all ten replicate simulations
performed (Supporting Figure S4.7), indicating that serial transfers robustly select
for genotypes capable of growing at a high rate when cell density is low.

Shortly after each transfer into a new, empty, simulation lattice, founder cells of
the three evolved genotypes indeed form colonies with a sensitive phenotype (Fig-
ure 4.5c, first panel; Supporting Movie S4.2 and Supporting Movie S4.3). As the
colonies grow, the cue concentration within colonies increases. This causes cells in
the interior of (Off, Reg)- and (Reg, Reg)-colonies to switch phenotype and become
resistant (Figure 4.5c, second and third panel; Supporting Movie S4.2 and Support-
ing Movie S4.3). After the delay 𝜏delay between expression of resistance and toxin
production, the (Reg, Reg)-cells furthermore switch to a toxin producing pheno-
type (Figure 4.5c, third and fourth panel; Supporting Movie S4.2 and Supporting
Movie S4.3). As a consequence, a ring of non-producing resistant (Reg, Reg)-cells
forms that acts as a buffer between the outer layers of sensitives cells and the toxin
producing cells in the colony interior. While the phenotype of cells in the inte-
rior switches to resistant or toxin producing, the cells at the colony edge retain a
sensitive phenotype. From a functional perspective, this again seems reasonable:
colonies grow at their edges, and expressing a sensitive phenotype at the colony
edge maximises the rate at which a colony expands into unoccupied space. Since
cell density is per definition low at the edge of a colony, regulation based on the
density cue allows toxin producing and resistant cells to express the fast-replicating
sensitive phenotype exactly there where the colony is growing.

Regulation allows cells to adjust their phenotype to changing growth
conditions.

Regulating cells can maintain a sensitive phenotype at the edge of growing colonies
if their response threshold 𝜃 is larger than the cue concentration at the edge. Ap-
proximating the shape of a colony by a circle, we analytically calculated that the
cue concentration at the edge of a colony is ≤ 0.49 (Supporting Text 4.8.2). This
analytical approximation corresponds well to measurements from single-colony sim-
ulations (Figure 4.6a). Although there is some variation between response threshold
values of (Reg, Reg)-cells in the replicate runs, all values were well above this lower
bound (Figure 4.6b), showing that the evolved (Reg, Reg)-cells indeed exploit the
density cue to form fast-expanding colonies.

Next to the lower bound, the evolved response threshold values are bounded
from above by the cue concentrations that cells perceive at the end of a transfer
cycle, i.e., when the population approaches carrying capacity (Figure 4.6b). The
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Figure 4.6. Density cue concentration profile of expanding colonies and the
evolved response threshold values of (Reg, Reg)-cells. (a) Colonies were grown from
a single (Reg, Reg)-cell to characterise the radial density cue concentration profile of an
expanding colony. Measured values from the simulations correspond well to the analytical
approximation (see Supporting Text 4.8.2). (b) Distribution of the evolved response
threshold values in (Reg, Reg)-cells at the end of the simulation (time = 600, 000), plotted
against the background of the cue concentration sensed by these cells at the end of a
transfer cycle (i.e. when the population approaches carrying capacity) for five replicate
simulations. The evolved response threshold values vary somewhat between replicates, but
are always lower than the cue concentration at local carrying capacity (grey distributions)
and higher than the maximum of the cue concentration at the edge of a growing colony.
Hence, cells on the colony edge never express their toxin production and resistance genes,
while cells in the colony interior and at the interface between colonies (where local cell
density is close to carrying capacity) are resistant and do produce toxin.

evolved (Reg, Reg)-cells hence do produce toxin (and consequently pay fitness costs)
when the local cell density is high, suggesting that these cells have been selected
to exhibit their competitive phenotype (i.e., toxin production) when the population
locally approaches carrying capacity. Importantly, such high cell densities not only
occur in the interior of expanding colonies, but also at interfaces between colonies
where cells of two colonies (with potentially different genotypes) compete. At the
interfaces between colonies, (Reg, Reg)-cells hence express their toxin producing
phenotype (Supporting Movie S4.3). The evolved regulating cells adjust their phe-
notype to varying growth conditions, exhibiting a sensitive phenotype when repli-
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cating into unoccupied space, and expressing toxin production and resistance when
in competition with other cells.

Over many transfer cycles, the (Reg, Reg)-, (Off, Reg)- and (Off, Off)-
cells show KRS-dynamics.

So far, we have focused on explaining the evolution of cells that regulate both their
toxin production and resistance. However, a large fraction of the evolved populations
is made up of cells that do not produce toxin and regulate their resistance only
(Figure 4.5a and Supporting Figure S4.7). These (Off, Reg)-cells had response
threshold values very similar to those of (Reg, Reg)-cells (Supporting Figure S4.7),
and hence express the same fast-growing sensitive phenotype at the edges of growing
colonies, but exhibit a resistant phenotype at the colony interior and where colonies
interact (Figure 4.5c, Supporting Movie S4.2 and Supporting Movie S4.3).

While the toxin-producing phenotype of (Reg, Reg)-cells provides an advantage
when competing with a colony of sensitive (Off, Off)-cells, it confers a disadvan-
tage when competing with a colony of (Off, Reg)-cells. Similarly, the competitive
resistant phenotype of (Off, Reg)-cells yields a competitive advantage against (Reg,
Reg)-cells, but a disadvantage against (Off, Off)-cells. Hence, within the evolved
regulating genotypes we again found cyclic dominance (see Supporting Movie S4.3),
and this is reflected in the long term population dynamics (Figure 4.5a): the number
of (Off, Off)-cells, (Off, Reg)-cells and (Reg, Reg)-cells oscillated in a K-R-S order.
These KRS oscillations now occur on the time scale of many transfer cycles.

The evolution of regulation under serial transfers is highly robust to
variations in the transfer regime, cue concentration and phenotype ex-
pression timing.

Because serial transfers have such a profound impact on the evolution of regulation,
we examined how the evolutionary outcome depends on the frequency of transfers
and the number of founder cells used to seed the next population (Supporting Fig-
ure S4.8). The evolution of regulation depends on the balance between selection
for fast colony growth in sparsely populated environments, and selection for com-
petitive phenotypes in dense environments. When transfers were very frequent, or
the number of founder cells was very small, cells were continuously selected for fast
growth and the sensitive (Off, Off)-genotype fixed in the population. On the other
hand, when transfers were very infrequent or the number of founder cells was very
large, we recovered the results found in the absence of serial transfers. In between,
however, regulation was found in a wide parameter range: regulating genotypes
still evolved when the time between transfers was increased 5-fold compared to the
example parameter set of Figure 4.5, or the number of founder cells was increased
by an order of magnitude (Supporting Figure S4.8).
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Regulation also readily evolved when we relaxed the assumption that the time
between subsequent transfers is fixed and instead transferred the population with
a fixed probability per time step (that is, as a Poisson process, producing an ex-
ponential waiting-time distribution) (Supporting Figure S4.9). Results of these
simulations were similar to the results obtained with fixed cycle lengths, indicating
that the evolution of regulation is robust against variation in transfer timing.

Furthermore, the evolution of regulation was also robust to variation in the
time delay 𝜏delay between expression of resistance and toxin production in (Reg,
Reg)-cells, with (Reg, Reg)-cells evolving even when 𝜏delay = 0 and the ring of non-
producing resistant cells in colonies disappears (Supporting Figure S4.10). Regu-
lation also readily evolved when significant lag times (up to 3 bacterial doubling
times) were implemented between the first instance that cells sense a change in
cue concentration and the moment these cells change their phenotype accordingly
(Supporting Figure S4.11).

Lastly, the regulatory mechanism that evolved under serial transfers is highly ro-
bust to noise in the cue concentration. Even when large Gaussian noise (𝜎noise = 0.1,
on cue concentrations varying between 0 and 0.85) was added to the cue concen-
tration at each lattice site at each time step, regulation still evolved (Supporting
Figure S4.12). The regulation mechanism that evolved under the serial-transfer
regime is hence more robust to noise in the cue concentration than the mechanism
that evolved in a fixed habitat.

4.3.3. Spatial structure is crucial for the evolution of toxin
production and regulation

So far, we have considered a spatially structured population in which reproduction
and competition occur locally. This implementation was chosen because previous
work has shown that constitutive toxin production is not evolutionarily stable in
well-mixed environments (Durrett and Levin, 1997; Kerr et al., 2002) (see Introduc-
tion). We therefore did not expect toxin production to evolve in our model in the
absence of spatial structure, even if regulation was allowed.

To test this, we repeated all runs of our parameter sweep (both in a fixed habi-
tat and under serial transfers) but now randomised the positions of the bacteria at
each time step. We then classified the evolutionary outcome of these simulations in
the same way as we analysed the spatially structured simulations (see Supporting
Figure S4.1). As expected, the sensitive genotype (Off, Off) fixed in all 4000 simula-
tion runs. Particularly, even under parameter conditions that did yield (regulating)
toxin producing cells in the spatially structured simulations, toxin production did
not evolve under well-mixed conditions. This result underscores the crucial impor-
tance of spatial structure for the evolution of toxin production, regulated or not.
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4.4. Discussion

Using a simulation model, we have shown that the production of anticompetitor
toxins can become regulated by a cell-density cue in evolving populations under two
different growth regimes: in a fixed habitat, and in serial-transfer cycles. Under
both regimes, regulation of toxin production evolves because it allows cells to adjust
their investment in toxin production to changes in the local competition and growth
opportunities. However, the selection pressures driving the evolution of toxin pro-
duction at high density, and the resulting types of regulation that evolve, differ
between the growth regimes.

In the fixed habitat, regulating killer cells evolved that produce toxin only at very
high local cell densities (Figure 4.4). We showed that these cells use the density cue
to produce toxin only if reproduction opportunities are very scarce and the effective
fitness costs of toxin production are therefore low (Supporting Figure S4.4). This
type of regulation relies on the fact that, in the model, cells that cannot reproduce
due to a lack of empty neighbouring lattice sites can nevertheless produce toxin,
at very low or even zero fitness cost. This phenomenon could occur in reality
if at low cell density reproduction and toxin production are limited by the same
resource(s) (e.g., the availability of carbon or nitrogen substrates), while at high
cell density reproduction is limited by a different resource that does not limit toxin
production (e.g., crowding or a lack of substrate not required for toxin production).
Interestingly, such conditions have previously been found to stabilise cooperative
secretions of swarming-promoting biosurfactants in P. aeruginosa (Xavier et al.,
2011). Production and secretion of these carbon-rich biosurfactants is regulated by
nutrient availability, such that they are only produced when growth is limited by
another nutrient than carbon (in this case, the nitrogen source) and the fitness costs
of biosurfactant secretion are hence low, a mechanism called metabolic prudence by
Xavier et al. (2011). Our model hence predicts that such metabolic prudence could
also promote the evolution of density-dependent toxin regulation in long-term local
competition environments by reducing the effective fitness costs of toxin production.

Under the serial transfer regime, we find that the evolution of regulation is
dictated by two selection pressures: (i) selection for fast reproduction at the edge of
expanding colonies, and (ii) selection for the expression of competitive phenotypes
(toxin producing and/or resistant) at the interface between colonies (Figure 4.5-
4.6). The dynamics of single cells founding expanding colonies leads to competition
between these clonal colonies, and bacteria are selected for the colony structure that
they produce (see Supporting Movie S4.3). After a serial transfer, those colonies
that express a sensitive phenotype at their edges expand more rapidly into the newly
available empty (or “resource-rich”) space. Regulation allows cells to recognise the
expanding edges of their colonies, because the local cell density at colony edges is
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low, and to thus express a sensitive phenotype at these edges.

The selection for fast colony expansion explains why cells are selected to express
a sensitive phenotype at the edge of expanding colonies, but does not explain why
expression of resistance and/or toxin production at high cell density is favoured.
As long as a colony clonally expands without interacting with other colonies, the
production of toxins does not confer any benefit. However, since the colony expands
at its edges and the spatial range of the toxin is limited, the observed production
of toxin in the interior of the colony also does not hamper the fast expansion of
the colony. As soon as the expanding colony meets another colony, the situation
changes: toxin production then yields a potential benefit in the competition with
cells of the other colony (which might be sensitive to the toxin). Regulating cells
cannot distinguish between the interior of a single colony or the interface between
two colonies, because at both sites the local cell density is high. Responding to high
cell density however allows the cells to express their competitive phenotype (toxin
production or resistance) when in direct competition with cells of another colony
(thus performing “competition sensing” c.f., Cornforth and Foster (2013)), while
expression of the competitive phenotype in the interior of the colony does not slow
down the colony’s expansion.

The marked differences between results obtained in the fixed habitat and under
serial transfers show that the evolutionary dynamics in the model strongly depend on
the growth regime. This is not just true for the model presented here. For instance,
in experimentally grown colonies of toxin-producing, resistant, and sensitive E. coli
strains it was found that populations under range expansion do not always show
the coexistence patterns found in a stationary environment (Weber et al., 2014). In
experimental evolution, it has also long been known that the experimental regime
can pose strong selection pressures on evolving populations (Atwood et al., 1951;
Levin et al., 2000). Because results obtained in one growth condition often do
not generalise to other conditions, it is important to consider multiple regimes in
theoretical and experimental evolutionary studies.

The differences between the evolution of regulation in the two growth regimes
also warrant the question which results provide the more likely explanation for
the observed density-dependent regulation of toxin production in nature. In our
model, regulation evolved more frequently in the serial transfer regime than in the
fixed habitat (Supporting Figure S4.6). The regulation that evolved under serial
transfers was also more robust to a lag between the change in cue concentration and
the switch in phenotype (Supporting Figures S4.5 and S4.11), and to noise in the cue
concentration (Supporting Figure S4.12). Lastly, the limitation of toxin production
to instances where the effective fitness cost is very low (similar to metabolic prudence,
c.f., Xavier et al. (2011)) which we found in the fixed habitat, can only explain the
evolution of density-dependent toxin regulation if specific conditions on the resources
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limiting reproduction and toxin production are met (see discussion above). The use
of the density cue to recognise the edge of an expanding colony after a serial transfer,
however, can favour the evolution of density-dependent toxin regulation as long as
bacterial replication is limited by a resource that is present at higher concentration
on the edge of a colony than in its interior. This seems to be a fairly general
condition. Although “metabolic prudence” might contribute to the evolution of
regulation for some toxins, we consider selection for the ability to switch between
a fast-growing phenotype when colonising a new environment and a competitive
phenotype when competing with other bacteria as the biologically more feasible
and general candidate to explain evolution of density-dependent toxin regulation.

A similar switch between a fast-growing phenotype when colonising an environ-
ment and slower-growing social phenotypes when cell density is high was recently
found in a model of quorum-sensing (QS) regulated cooperative public good produc-
tion in growing biofilms (Schluter et al., 2016). In this model, cells that regulated the
production of costly public good through QS were found to outcompete constitutive
producer cells, because the regulating cells exhibited a fast-growing, non-producer
phenotype during the early stages of biofilm growth, and only switched to public
good production when cell density increased. Regulation hence allowed colonies to
expand rapidly when cell density was low, and to express a cooperative phenotype
when cell density was high. Although this selection for fast colonisation is indeed
reminiscent of our results, the selection pressures underlying the social behaviour
(public good secretion or toxin production) differ substantially. In the case of pub-
lic good secretion, Schluter et al. show that the QS signal acts as a measure of
local relatedness, allowing cells to delay the secretion of public good until they are
surrounded by clone mates and the benefit of public good production is high. In
the case of toxin production, however, relatedness is a double-edged sword. While
toxin production is promoted by high relatedness between toxin producers and those
benefitting from the killing, this benefit only arises when non-related sensitive cells
are present in the local neighbourhood (Queller, 1994; Gardner and West, 2004). In
the model presented here, the benefits of the toxin production at high cell density
are not explained by high local relatedness, but rather by the presence of (unrelated)
sensitive competitors.

A key feature of the density cue considered in this study is that it is produced
by all bacteria. The choice of such a “total-density” cue was inspired by many
natural examples. For instance, expression of the bacteriocin mutacin in the dental
bacterium Streptococcus mutans is regulated by autoinducer-2 (AI-2) (Qi et al., 2004;
Merritt et al., 2005), a general quorum sensing molecule that is produced by many
species of bacteria as a metabolic byproduct (Hense and Schuster, 2015; Whiteley
et al., 2017). AI-2 is also involved in the regulation of bacteriocin production in
the insect pathogen Photorhabdus luminescens (Krin et al., 2006). Additionally,
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in P. aeruginosa the production of the broad-spectrum antimicrobial pyocyanin is
enhanced by the presence of peptidoglycan fragments, which indicates high local
density of gram-positive bacteria (Korgaonkar and Whiteley, 2011).

In addition to the examples of regulation by total-density cues provided above,
a wide variety of density-dependent toxin regulation mechanisms exists. Instead of
using a density cue as an indicator for the presence of competitor cells, some bacteria
more directly sense the presence of competitors, for instance through cell damage
caused by these competitors, and respond with toxin production (Be’er et al., 2009;
Mavridou et al., 2018). Other toxins promote their own production; examples in-
clude several colicins (Mavridou et al., 2018; Pugsley, 1983; Ghazaryan et al., 2014)
and the lantibiotics, a large class of bacteriocins produced by Gram-positive bacteria
including nisin and subtilin (Kleerebezem and Quadri, 2001; Alkhatib et al., 2012).
For these bacteriocins, a modelling study showed that during invasion events, cells
that regulate their bacteriocin based on cell density outcompete cells that constitu-
tively express bacteriocin, if the cost of bacteriocin production and the amount of
bacteriocin produced are high (Blanchard et al., 2016). Although this study did not
consider long-term evolutionary dynamics and did for instance not include resistant,
non-toxin-producing strains, its prediction agrees with the conditions that we find
for the evolution of regulation (see Figure 4.3 and Supporting Figure S4.6).

Notably, the expression of many other toxins is regulated by quorum sensing
molecules that seem to be produced specifically for regulation of the toxin (Cornforth
and Foster, 2013; Hibbing et al., 2010; LeRoux et al., 2015). These QS molecules
are often produced by toxin producing cells only, and hence act as “killer-specific”
cues. A population in which such a killer-specific quorum sensing signal evolves
might be prone to social cheating on the signal, e.g., by cells that produce the signal
but do not produce the toxin, or by cells that cease their signal production and go
“under the radar”. Such social signalling cheaters cannot arise for total-density cues,
because these are by definition produced by all cells. The evolutionary explanations
presented in this work for regulation by total-density cues therefore cannot neces-
sarily be generalised to regulation by killer-specific cues. As far as we are aware,
only a single modelling study has been undertaken to examine the co-evolution of
toxin production and potentially killer-specific quorum sensing, which found that
QS control of toxin production was unstable to social cheating (Czárán and Hoek-
stra, 2007) (see also the Introduction). In this model, however, cell density was
fixed, and only the local population composition (e.g., the fraction of toxin produc-
ing bacteria) varied over time. In the model presented here, we have seen that large
fluctuations in cell density drastically change the evolution of social behaviours asso-
ciated with cell density, and might favour the evolution of regulation. Studying the
evolution of toxin regulation by killer-specific cues under serial transfers is therefore
an interesting and promising direction for future research.
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Testing whether or not bacteria employ the types of regulation we identified
would require the careful monitoring of the temporal dynamics of toxin production,
resistance and cell division in bacterial colonies expanding after serial transfers or
growing on a plate at high density, preferably at single-cell level (as e.g., done by
Mavridou et al. (2018)). Under serial transfers, the model predicts that bacterial
colonies should consist of toxin-producing cells at the interior of the colony, and
sensitive cells on the edge of the colony. Furthermore, these sensitive cells at the edge
should switch to a toxin-producing phenotype when encountering another colony.
These predictions can be tested by following toxin production at the single-cell level
in growing bacterial colonies of bacteria known to regulate their toxin production
with a general cell-density cue. Ahead of such experiments, our modelling work
has provided more insight into the mechanisms underlying the evolution of complex
regulation systems in microbial populations.

4.5. Methods

The general set-up of the model is discussed in the Model section. Below, we provide
details on the implementation and analysis. The model was implemented in C. Code
is available from the corresponding author upon request.

4.5.1. Spatially structured individual-based model
We developed a spatially explicit individual-based model of bacteria evolving their
production of an anticompetitor toxin, resistance, and response to a cell-density cue.
Bacteria in the model are characterised by a genotype of four characteristics: a toxin
production gene, a resistance gene, a toxin production rate 𝜋T and a cue response
threshold 𝜃 (Figure 4.1a). The bacteria live on a square 𝑁×𝑁 lattice (𝑁 = 512 for
all simulations in this paper) with periodic boundary conditions. Each lattice site
can contain at most one bacterium.

4.5.1.1. Concentration profiles of the cell-density cue and the toxin

The production, degradation and diffusion of the cell-density cue and the toxin are
described with partial differential equations. Let 𝑐𝑘(𝐱, 𝑡) be the concentration of
secreted product 𝑘 at location 𝐱 at time 𝑡, where the index 𝑘 can be replaced by
“cue” or “toxin”. Then

𝜕𝑐𝑘(𝐱, 𝑡)
𝜕𝑡 = 𝑃𝑘(𝐱, 𝑡)⏝⎵⏟⎵⏝

production

−𝑑𝑘𝑐𝑘(𝐱, 𝑡)⏝⎵⎵⏟⎵⎵⏝
degradation

+𝐷𝑘∇2𝑐𝑘(𝐱, 𝑡)⏝⎵⎵⎵⏟⎵⎵⎵⏝
diffusion

, (4.1)

where 𝑑𝑘 is the degradation rate, 𝐷𝑘 the diffusion rate, and 𝑃𝑘(𝐱, 𝑡) the production
rate at location 𝐱. For simplicity, we assume that the cue molecule is produced by
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all bacteria at a fixed rate 𝑝cue: 𝑃cue(𝐱, 𝑡) equals 𝑝cue if the lattice site at location
𝐱 is occupied, and is 0 otherwise (similar to previous implementations of density
cue dynamics (Nadell et al., 2008; Schluter et al., 2016)). For the toxin, 𝑃tox(𝐱, 𝑡)
equals 𝜋T(𝐱), i.e., the toxin production rate of the bacterium at location 𝐱, if the
lattice site is occupied by a bacterium expressing its toxin production gene, and is
0 otherwise.

Each simulation time step, the quasi-steady-state concentration profile 𝑐𝑘(𝐱) of
molecule 𝑘 is found by equating the right-hand side of Eq 4.1 to zero and solving
for 𝑐𝑘. Taking the 2D finite-difference approximation of Eq 4.1 and dropping the
index 𝑘 for brevity, this yields

𝑃𝑖,𝑗 − 𝑑𝑐𝑖,𝑗 − 4𝐷𝑐𝑖,𝑗 + 𝐷(𝑐𝑖−1,𝑗 + 𝑐𝑖+1,𝑗 + 𝑐𝑖,𝑗−1 + 𝑐𝑖,𝑗+1) = 0, (4.2)

for each position (𝑖, 𝑗) on the simulation lattice. Here, 𝑃 is the production matrix
containing the production rates of the molecule at each position, 𝑑 is the degradation
rate and 𝐷 the diffusion rate. Since we consider periodic boundary conditions, all
indices in Eq 4.2 should be read modulo 𝑁.

Eq 4.2 is a linear system of 𝑁 × 𝑁 equations. To solve it efficiently, we make
use of Fourier transformations. Because we assume a square simulation lattice and
periodic boundary conditions, 𝑐𝑖,𝑗 is a discrete periodic function with period 𝑁 in
both indices. Let 𝐺 be the degradation-diffusion kernel at (1, 1):

𝐺 ∶=
⎛
⎜⎜

⎝

−4𝐷 − 𝑑 𝐷 0 ⋯ 𝐷
𝐷 0 0 ⋯ 0
0 0 0 ⋯ 0
⋮ ⋮ ⋮ ⋱ ⋮
𝐷 0 0 ⋯ 0

⎞
⎟⎟

⎠

, (4.3)

such that 𝐺𝑖,𝑗 describes the diffusion and degradation effects of the molecule con-
centration in lattice site (𝑖, 𝑗) on the concentration in lattice site (1, 1). The 𝑁 × 𝑁
equations defined by Eq 4.2 can then be rewritten as

𝑃 + (𝑐 ∗𝑁 𝐺) = 0, or 𝑐 ∗𝑁 𝐺 = −𝑃, (4.4)

where 𝑐 ∗𝑁𝐺 is the circular discrete convolution of matrices 𝑐 and 𝐺. By the circular
convolution theorem, 𝑐 ∗𝑁𝐺 is equal to the inverse Fourier transform of the element-
wise product of the individual Fourier transforms of 𝑐 and 𝐺, i.e. we can solve ℱ(𝑐)
from

ℱ(𝑐) ⋅ ℱ(𝐺) = ℱ(𝑃), (4.5)

and then compute the inverse Fourier transform to get the concentration matrix
𝑐. Since the degradation and diffusion rates of the molecules are constant over the
simulation, so is 𝐺. Hence, ℱ(𝐺) needs to be calculated only once per simulation,
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and at each simulation time step we are left with finding the Fourier transform ℱ(𝑃)
of the production matrix, dividing the result element-wise by ℱ(𝐺), and then using
the inverse Fourier transform to find 𝑐. Fourier transformations were performed
using the fftw3-library (Frigo and Johnson, 2005). Since algorithms for Fourier
transformations are highly efficient (Frigo and Johnson, 2005), Eq 4.5 allows us to
rapidly find the quasi-steady-state concentration profiles even for large simulation
lattices.

4.5.1.2. Population dynamics of bacteria

Every time step, the phenotype of bacteria (toxin production 𝜙T, resistance 𝜙R, and
cue response 𝜙C) is determined based on their genotype and the current local cue
concentration (Figure 4.1a). If a gene is regulated, it is expressed only if the cue
concentration exceeds the cell’s response threshold 𝜃.

The probability of cell death per time step has a basal value 𝛿 and increases
linearly with the local toxin concentration 𝑐tox(𝐱), unless the bacterium is resistant:

ℙ(death of cell 𝑗|𝐱) = 𝛿 + (1 − 𝜙R𝑗)𝛿tox𝑐tox(𝐱). (4.6)

The slope 𝛿tox describes the toxicity of the toxin. When bacteria die, they leave
behind an empty lattice site.

Empty sites can be repopulated by reproduction of bacteria on the eight neigh-
bouring lattice sites. For each empty lattice site, the probability that it becomes
occupied by reproduction of any of its neighbouring bacteria in the current time
step is

ℙ(reproduction|𝐱) = 1 − e−𝛾
1
8 ∑𝑖∈neighbours 𝑅𝑖 , (4.7)

where 𝛾 is a scaling factor determining the maximal reproduction rate per time step
and 𝑅𝑖 is the reproductive fitness of the 𝑖-th neighbour (further specified below). If
reproduction occurs, neighbour 𝑗 is selected as the parent with probability

ℙ(reproduction of cell 𝑗|𝐱) =
𝑅𝑗

∑𝑖∈neighbours 𝑅𝑖
. (4.8)

Eq 4.7 and 4.8 ensure that (i) the overall probability of reproduction increases with
the total reproductive fitness of the eight neighbours but never exceeds 1, and (ii)
the probability of reproduction of a specific cell is determined by its reproductive
fitness relative to its local competitors.

Toxin production, resistance, and the ability to respond to the density cue bear
metabolic costs. The metabolic costs of cell 𝑗’s phenotype are linearly incorporated
in its reproductive fitness as

𝑅𝑗 =max[0, (1 − 𝜙T𝑗 (𝐶T0 + 𝑏T𝜋T𝑗)⏝⎵⎵⎵⏟⎵⎵⎵⏝
toxin production cost

− 𝜙R𝑗 𝐶R⏟
resistance cost

− 𝜙C𝑗 𝐶C⏟
response cost

)]. (4.9)
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The costs for resistance (𝐶R) and the ability to respond to the cue (𝐶C) are given by
single parameters. The cost for toxin production linearly depends on the cell’s toxin
production rate 𝜋T, with offset 𝐶T0 and slope 𝑏T. Note that we do not include a cost
for cue production. Because all cells produce the density cue (at the same rate),
such a cost would be the same for all phenotypes, and hence would not influence
the competition between cells of different phenotypes.

4.5.1.3. Mutations

When a bacterium reproduces, the daughter cell generally inherits the genotype of
its parent. With small probability, however, mutations are introduced. First, mu-
tations can alter the toxin and resistance gene. If a mutation generates a cell that
produces toxin while not simultaneously expressing resistance, this cell is considered
non-viable and discarded from the simulation. Second, mutations in the response
threshold value 𝜃 are introduced with a fixed probability 𝜇. If the parent cell has
a regulating genotype, the mutated response threshold is generally drawn from a
uniform distribution on the interval [𝜃parent−𝜎𝜇; 𝜃parent+𝜎𝜇] (if the new threshold
value is below 0, it is set to 0). However, to ensure that the genotype space is
sufficiently accessible, with probability 𝑝largemut = 10−3 the new response thresh-
old is chosen randomly between 0 and 1. Response threshold values of regulating
daughter cells with a non-regulating parent are also uniformly sampled from [0, 1].
Third, mutations in the toxin production rate 𝜋T are introduced in the same way as
response threshold mutations, with the same rate 𝜇, step size 𝜎𝜇, and probability of
not inheriting the parental value 𝑝largemut.

The number of ways a functional sequence can be removed or destroyed by
small-scale mutations (substitutions, short indels) usually greatly exceeds the num-
ber of mutations that can create such a functional sequence, simply because most
sequences do not perform the desired function. For larger scale mutations, gene loss
is thought to be the major driver of evolution of many prokaryotic lineages over
relatively short evolutionary times (e.g., within genera), occurring several times
more frequently than de novo gene discovery and gene gain through horizontal gene
transfer (Makarova et al., 2006; Puigbò et al., 2014). We therefore consider gain-
of-function mutations (Off → On, Off → Reg, and On → Reg) to be less likely than
loss-of-function mutations (On → Off, Reg → Off, and Reg → On).

4.5.2. Parameter sweep
4.5.2.1. Parameter reduction and parameter values

Altogether, the model has 18 parameters. Brute-force sampling an 18-dimensional
parameter space in an exploratory parameter sweep is computationally infeasible.
Fortunately, the parameter space can be reduced by identifying lumped parameters
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(Table 4.1, see Supporting Text 4.8.1 for derivations). The 13 parameters remaining
after the parameter reduction include the 5 mutation parameters and the delay
between expression of resistance and toxin in (Reg, Reg)-cells 𝜏delay. Over many test
runs we observed that these parameters only marginally affect the simulation results,
as long as mutations happen reasonably frequently. The mutation parameters and
𝜏delay were therefore fixed at default values (Table 4.1). To further reduce the
number of parameters included in our parameter sweep, we finally noted that the
offset 𝐶T0 defines a minimal cost of toxin production and should hence be > 0 to
make sure toxin production is never “free”, but should also not be too large because
else toxin production can never evolve. Because �̂�T is also a measure for the cost
of toxin production, we chose to keep 𝐶T0 = 0.01 constant, and only vary �̂�T in the
parameter sweep along with the five other remaining parameters (Table 4.1).

To capture the different potential evolutionary outcomes for varying bacterial
species and environments, we varied our parameters over relatively broad ranges in
a parameter sweep (Table 4.1). Since we aimed to investigate regulation by local cell
density, the characteristic length scale 𝐿cue of the density cue was chosen between 2
and 20 lattice sites. To set reasonable values for the toxin length scale 𝐿tox, we noted
that in many KRS-models toxin-dependent killing is limited to direct neighbours in
space (Durrett and Levin, 1997; Czárán et al., 2002; Kerr et al., 2002; Czárán and
Hoekstra, 2007). Experiments show, however, that the inhibition range of toxins
is generally much larger, and can span several tens or even hundreds of 𝜇m (Chao
and Levin, 1981; Mavridou et al., 2018). For colicins, a length scale of 100 - 175
𝜇m has been reported (Weber et al., 2014), which corresponds in size to at least
50 bacteria. We therefore chose the range of 𝐿tox twice as broad as the range for
𝐿cue (Table 4.1). KRS-systems in general, and regulation of toxin production in
particular, evolved more readily for small values of 𝐿tox (see Figure 4.3), so an even
wider range would not yield more insight into the model.

To determine bounds on 𝛿/𝛾, note that this lumped parameter is equal to 𝑅0−1
of the bacteria, where 𝑅0 is the maximal expected number of offspring of a sensitive
cell (i.e. when it is completely surrounded by empty space). Any population with
𝑅0 < 1 is nonviable. Note, furthermore, that for a sensitive population at carrying
capacity the cell density is equal to 1 − 𝑅0−1. Since toxin production is most likely
to evolve in high-density environments where competition for empty space is strong,
the range of 𝛿/𝛾 was chosen such that the density of cells at carrying capacity is at
least 50%.

For the three cost parameters, a lower bound of 0.01 was chosen to avoid the
occurrence of “free” phenotypes that are not selected for. Metabolic costs for toxin
production and resistance have been shown to exist for various toxins, although
the extent of these costs may differ between toxins and bacterial species (Chao
and Levin, 1981; Dykes and Hastings, 1997; Kerr et al., 2002; Riley and Wertz,
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Table 4.1. Model parameters
Varied in parameter sweep
Parameter Description Range

𝐿cue = 2√
𝐷cue
𝑑cue

Characteristic length scale of the cell-density
cue concentration profile (lattice sites)

[2, 20]

𝐿tox = 2√
𝐷tox
𝑑tox

Characteristic length scale of the toxin con-
centration profile (lattice sites)

[2, 38]

𝑅−10 = 𝛿
𝛾

1
𝑅0

of the bacteria, where 𝑅0 is the maximal
expected number of offspring per
bacterial life time (dimensionless)

[0, 0.5]

�̂�T =
𝛾𝑑tox
𝛿tox

𝑏T Scaled slope of toxin production cost function
(dimensionless)

[0.01, 0.8]

𝐶R Cost of resistance (dimensionless) [0.01, 0.25]
𝐶C Cost of responding to the density cue

(dimensionless)
[0.01, 0.1]

Fixed
Parameter Description Value
𝐶T0 Offset of toxin production cost function 0.01
𝜏delay Delay between expression of resistance and

toxin production in (Reg, Reg)-cells
50 time steps

𝜇gain Probability of a gain mutation
upon reproduction

5 ⋅ 10−5

𝜇loss Probability of a loss mutation
upon reproduction

5 ⋅ 10−4

𝜇 Probability that a mutation occurs in response
threshold 𝜃 or toxin production rate 𝜋T
upon reproduction

5 ⋅ 10−4

𝑝largemut Probability that a mutation in 𝜃 or 𝜋T yields
a random value

10−3

𝜎𝜇 Maximum size of a mutation in 𝜃 or 𝜋T
otherwise

0.05

2002b; Weber et al., 2014). To capture these different scenarios, we vary the toxin
production cost and resistance cost parameters between the lower bound of 0.01
and relatively high values. For the resistance cost, we go up to a cost of 25% of
the reproduction rate, while for the toxin production we set an upper bound on �̂�T
such that the reproduction rate of producing cells would be 0 if its production rate
𝜋T = 1. Since we expect regulation to evolve only if the costs of regulation are
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lower than the costs of the regulated behaviours (toxin production and resistance),
we consider a narrower range for the cue response cost 𝐶C (Table 4.1).

4.5.2.2. Simulations and analysis

To sample the parameter space, 2000 simulations were performed for random com-
binations of the six lumped parameters. Parameter values were independently sam-
pled from uniform distributions with a wide, parameter-specific range (Table 4.1).
Simulations were initialised with a randomly selected 10% of lattice sites occupied
by cells with random genotypes (response threshold values and the toxin production
rate values were randomly chosen between 0 and 1), and were run for 400, 000 time
steps (generally sufficient to reach evolutionary steady state). The mean fraction of
cells with each possible geno-/phenotype combination was calculated over the last
50, 000 simulation time steps. Based on these genotype and phenotype abundances
the simulations were classified using a decision tree with several steps (Supporting
Figure S4.1). In the first step, simulations were assessed on the abundance of pheno-
types (S: sensitives, R: resistants, or K: killers), and a phenotype was called “fixed”
if it was present at > 98% abundance. Only fixation of sensitives was observed; re-
sistance or toxin production never fixed. If cells of all three possible phenotypes (K,
R and S) occurred at appreciable abundance (defined as > 2% of the population),
the simulation was classified as “KRS”. Simulations that did not yield fixation of a
single phenotype or KRS-dynamics were classified as “other”. In the second step,
simulations within the KRS-class were called as “potential regulation” if at least
one regulating genotype was present at > 2% abundance. In the final third step,
these “potential regulation” cases were only classified as “true regulation” if at least
10% of the cells of the regulating genotype were in the inactive phenotype (regulated
gene not expressed), and at least 10% were in the active phenotype. Altogether, this
classification assigned all simulations to one of four evolutionary outcomes: (1) Sen-
sitives fix, (2) KRS-dynamics, no regulation evolved, (3) KRS-dynamics, regulation
evolved, and (4) other (Supporting Figure S4.1).

4.5.3. Invasion speeds
To understand why the regulating killer cells (genotype (Reg, On)) can outcompete
constitutive killer cells (genotype (On, On)) under certain conditions, we compared
invasion dynamics of these two killer types. To allow for a fair comparison, we first
evolved constitutive killers under conditions that would usually favour regulation
by removing the possibility of regulation from the model (Supporting Figure S4.3A,
evolved under the same parameter conditions as Figure 4.4). Over three replicate
simulations, constitutive killers under these conditions evolved a mean toxin pro-
duction rate of 𝜋T = 0.13. Over the ten replicate simulations of evolving (Reg,
On)-killers, these cells evolved a mean toxin production rate of 𝜋T = 0.8 and a
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mean response threshold of 𝜃 = 0.875 (Supporting Figure S4.2). We therefore con-
structed two “average evolved killer strains”, a constitutive killer with genotype
(On, On) and 𝜋T = 0.13, and a regulating killer with genotype (Reg, On), 𝜋T = 0.8
and 𝜃 = 0.875, and compared the invasion dynamics of these two constructed killer
strains.

To characterise the invasion into a sensitive population, a 20-cell-wide strip of
one of the two killer strains was placed on a lattice that was otherwise filled with
a sensitive population at carrying capacity (Supporting Figure S4.3B). Population
dynamics were then simulated and the decline of the number of sensitives over time
was followed (Supporting Figure S4.3B). The invasion speed was calculated as

𝑣invS =
−𝛽S on 𝑡
𝐾S𝑁

lattice sites
time , (4.10)

where 𝛽S on 𝑡 is the linear regression coefficient of the number of sensitive cells on
time, 𝑁 is the number of rows of the simulation lattice and 𝐾S = (1 − 𝛿/𝛾) is
the density of sensitive cells at carrying capacity. Similarly, the invasion speed of
resistant cells (genotype (Off, On)) into a population of (Reg, On)-cells and (On,
On)-cells was measured by placing a 20-cell-wide strip of resistant cells on a lattice
otherwise filled with (Reg, On)-cells or (On, On)-cells at carrying capacity and
calculating

𝑣invR =
𝛽R on 𝑡
𝐾R𝑁

lattice sites
time , (4.11)

where 𝛽R on 𝑡 is the linear regression coefficient of the number of resistant cells on
time and 𝐾R = (1− 𝛿/(𝛾(1− 𝑐R)) is the density of sensitive cells at carrying capac-
ity. (The invasion speeds we measure here serve as a tool to quantify the difference
between the two killer strains and thus better understand the evolutionary outcome
of the simulations. For a more formal analysis of the effect of toxin production and
quorum sensing on invasion speeds, see Bewick et al. (2017).)

Note that to calculate 𝑣invS the decline of the number of sensitives is used, while
in the calculation of 𝑣invR the increase in the number of resistant cells is considered.
This choice was made because the characteristics of the sensitive strain and the
resistant strain are the same in both invasion experiments, while the two killer
strains differ. For each invasion experiment, 10 replicate runs were performed.

4.5.4. Serial transfers
Under the serial transfer regime, simulations were again initialised with cells with
random genotypes placed at a random 10% of lattice sites. Population dynamics
were simulated as before, except that the simulations were periodically paused and
a transfer was performed. At each transfer, a random sample of the population at
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the end of the growth cycle was taken as founder cells for the new population. These
founder cells were then randomly placed on an otherwise empty simulation lattice,
and the simulation of the population dynamics was resumed until the next transfer.
Unless otherwise noted, transfers were performed every 500 simulation time steps,
and each new cycle was seeded with 1, 000 founder cells. Simulations were continued
for 800 (parameter sweep) or 1, 200 (example runs) transfer cycles. Evolutionary
steady state was generally reached well before the end of the simulation.

4.6. Supporting Videos

S4.1 Video. KRS-dynamics with a regulating killer type.
Dynamics of an example simulation that yielded KRS-dynamics with regulating
killers. Parameter settings as in Figure 4.4. The concentration of the density cue
(left panel), the spatial distribution of cells (central panel), and the concentration of
the toxin (right) are shown. Cells are colour-coded for their genotype and phenotype,
see Figure 4.5 for legend. A dynamic steady state is reached in which three genotypes
coexist: sensitives (genotype (Off, Off), blue), resistants (genotype (Off, On), white)
and cells that regulate their toxin production (genotype (Reg, On), dark orange
when toxin production phenotype 𝜙T = 1, light orange when 𝜙T = 0). These
genotypes follow KRS-dynamics, with the (Reg, On)-cells in the role of killers.
Within patches of the (Reg, On) genotype, cells frequently switch between a resistant
and toxin producing phenotype.
https://doi.org/10.1371/journal.pcbi.1007333.s003

S4.2 Video. Model dynamics under a serial-transfer regime.
Parameter settings as in Figure 4.5, panels and legend as in Supporting Movie S4.1.
Because dynamics under transfers are much faster than in the fixed environment, this
video runs 20 times slower than Supporting Movie S4.1. After a transfer, colonies
rapidly grow into the empty space. Cells of the three most abundant genotypes,
(Off, Off), (Off, Reg) and (Reg, Reg), all initially have a sensitive phenotype. In
the interior of growing colonies and wherever colonies meet, the concentration of
the density cue increases and regulating cells switch to a resistant and/or toxin
producing phenotype.
https://doi.org/10.1371/journal.pcbi.1007333.s004

https://doi.org/10.1371/journal.pcbi.1007333.s003
https://doi.org/10.1371/journal.pcbi.1007333.s004
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S4.3 Video. Growth dynamics of and interactions between colonies of
the (Off, Off)-, (Off, Reg)- and (Reg, Reg)-cells that evolved under serial
transfers.
To better illustrate the colony dynamics under serial transfers, we seeded three
colonies at equal distances, each with one of the three genotypes that are found in
the evolved population (see Figure 4.5 and Supporting Figure S4.7): (i) the sensitive
genotype ((Off, Off)-cells), (ii) the regulating resistant genotype ((Off, Reg)-cells,
𝜃 = 0.67), and (iii) the regulating killer genotype ((Reg, Reg)-cells, 𝜋T = 1, 𝜃 =
0.67). Bacteria are coloured based on their genotype and phenotype as in Figure 4.5.
Cells in all colonies initially express a sensitive phenotype. As the colonies expand,
the concentration of the density cue inside the colonies increases. After some time,
regulating cells in the colonies’ interior therefore switch to a resistant phenotype and,
in the case of (Reg, Reg)-cells, subsequently to a toxin producing phenotype. Where
two expanding colonies collide, the local cell density is also high so that regulating
cells express their resistant or toxin producing phenotype. At the interfaces between
the colonies, KRS-dynamics emerge: the regulating killer colony slowly invades the
sensitive colony, the sensitive colony slowly invades the regulating resistant colony,
and the regulating resistant colony slowly invades the regulating killer colony.
https://doi.org/10.1371/journal.pcbi.1007333.s005

https://doi.org/10.1371/journal.pcbi.1007333.s005
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4.7. Supporting Figures

All simulations
(2000)

Sensitives fix
(1737)

Some kind of KRS
(228)

Other
(35)

Split based on 
phenotype 
abundance

S > 0.98

S > 0.02
R > 0.02
K > 0.02

Potential regulation,
genotypes present

No potential
regulation

Regulation evolved
(22)

No true regulation

Split based on 
genotype 
abundance

(0,R) > 0.02, or
(R,1) > 0.02, or
(R,R) > 0.02

Split based on 
phenotype 
distribution within 
regulating genotypes

0.1 < fON < 0.9 
for at least one 
genotype with 
abundance > 0.02 

No Regulation 
(206)

Supporting Figure S4.1. The evolutionary outcome of runs in the parameter
sweep was classified based on genotype and phenotype abundance. For 2000
different parameter combinations a simulation was run for 400000 time steps, and for each
simulation the mean abundance of genotypes and phenotypes in the last 50000 time steps
was calculated. Based on these abundance distributions, simulations were classified as
showing one of four possible evolutionary outcomes: (i) the sensitive genotype (Off, Off)
fixed, (ii) KRS-dynamics arose, no regulation evolved, (iii) KRS-dynamics arose, regulation
evolved, and (iv) “other”. This classification was performed in several steps: (1) considering
the abundance of different phenotypes in the population (sensitive / resistant / toxin
producing), (2) asking if any regulating genotype was present at appreciable abundance
(≥ 2% of the population), and (3) asking if such a regulating genotype expressed both of its
potential phenotypes (both phenotypes expressed by at least 10% of the regulating cells).
This final step ensures that cells identified as regulators indeed switch between phenotypes.
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Supporting Figure S4.2. Evolution of regulation in a fixed habitat is highly
reproducible. Results of ten independent replicates of the simulation shown in Figure 4.4.
Simulations were run for 400000 time steps, and the genotype distribution was calculated
from the mean abundance of genotypes in the last 50000 simulation time steps. In all runs,
a KRS-system evolved with regulating (Reg, On)-killer cells, and the genotype distribution
at steady state is very consistent over replicates. The evolved toxin production rate did
vary somewhat over replicates, but 0.5 < 𝜋T < 1.0 in all simulations (middle panel). The
distribution of response threshold values 𝜃 in the (Reg, On)-cells at the end of the
simulation is highly consistent over replicates (bottom panel).
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Supporting Figure S4.3. Regulation provides the evolved (Reg, On)-cells with
an advantage over constitutive killers both when invading sensitives and in the
competition with resistant cells. (A) To allow for a fair comparison with the evolved (Reg,
On)-cells, constitutive killer cells (genotype (On, On)) were evolved under the same parameter
conditions as Figure 4.4. The example shown here is representative of three replicate runs. (B) Invasion
experiments were initialised by placing a 20-cell wide strip of the invading strain in a simulation lattice
otherwise filled with the to-be-invaded strain at carrying capacity. The illustration shows the invasion
of the (On, On)-strain and the (Reg, On)-strain in a sensitive population; similar experiments were
performed for the invasion of a resistant strain in an (On, On)- or (Reg, On)-population. Invasion
speed 𝑣inv was measured as the decline in the number of sensitives over time, or as the increase of the
number of resistant cells over time. (C) Invasion speed of the (Reg, On)-strain into sensitives is higher
than the invasion speed of the (On, On)-strain, while invasion speed of the resistant strain is lower in a
(Reg, On)-population than in an (On, On)-population. Mean invasion speed ±2 SEM is shown for 10
replicate invasion experiments per combination of invading and invaded strain.
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Supporting Figure S4.4. Regulation allows the evolved (Reg, On)-cells to
produce toxin only when few of their neighbouring sites are empty. The number
of empty neighbouring lattice sites was counted for evolved (Reg, On)-cells at steady state
(end of simulation in Figure 4.4). (A) The concentration of the density cue is highest when
cells have no empty neighbours, and decreases with the number of empty neighbours. The
mean evolved response threshold value (𝜃 = 0.875) is indicated by a dotted line. Of the
cells with no empty neighbours, over half sensed a cue concentration > 𝜃, whereas of the
cells with 4 or more empty neighbours, none did. (B) The proportion of cells currently
producing toxin as a function of their number of empty neighbours. Around 50% of cells
without any empty neighbours produce toxin, while (almost) no cells produce toxin when 3
or more of their neighbouring sites are empty.
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Supporting Figure S4.5. Regulation evolves only if phenotypic adaptation is
sufficiently fast. The simulations were repeated for cells that cannot instantaneously
adjust their phenotype to the sensed cue concentration, but rather have a lag time between
sensing a change in cue concentration and expressing the corresponding phenotype. For
each value of this lag time, 5 replicate runs were performed and the genotype distribution
was calculated from the mean abundance of genotypes in the last 50000 simulation time
steps (evolutionary steady state). For a relatively short lag (5 time steps, which is
equivalent to 50% of the minimal bacterial doubling time), regulation still evolved in 3 out
of 5 replicates. For longer lag times (≥ 10 time steps), no regulation was found.
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Supporting Figure S4.6. Parameter sweep results under a serial-transfer
regime. Simulations were run for the same 2000 parameter settings as used for Supporting
Figure S4.1 and Figure 4.3, with the exception that serial transfers were performed once every 500
time steps, reseeding the new population with 1000 founder cells. (A) Table of simulation outcomes,
classified as indicated in Supporting Figure S4.1. Parameter conditions in simulations with different
outcomes. Significance is shown for 2-sided 𝑡-tests with Bonferroni correction for multiple testing: ***:
𝑝 < 10−10, **: 𝑝 < 10−3, *: 𝑝 < 0.05, n.s.: not significant.
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Supporting Figure S4.7. Evolution of regulation under a serial-transfer regime
is highly reproducible. Independent replicate runs of the simulation shown in Figure 4.5.
The top panel shows the genotype abundance profile, which was calculated as the mean
proportion of genotypes in the population over the last 50000 time steps of the simulation.
The middle and bottom panel show the mean evolved toxin production rate of (Reg,
Reg)-cells and the distribution of evolved response threshold values in (Reg, Reg)- and (Off,
Reg)-cells at the end of the simulation (Time = 600000). Some quantitative variation
exists between replicates, especially in the evolved toxin production rate. However, in all
replicates (Off, Off)-, (Off, Reg)- and (Reg, Reg)-cells are selected with similar response
threshold values.
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Supporting Figure S4.8. Evolution of regulation under serial transfers is robust
to variations in the time between transfers and the number of founder cells.
Simulations were performed with parameter conditions as in Figure 4.5, with the exception
of the time between transfers or number of founder cells, which were varied. For each
parameter setting, five independent replicate runs were performed. The mean proportion of
genotypes over the last 50000 time steps was calculated in the pooled population of all
cells in these five replicates. (A) Results of varying the time between transfers. When
transfers are very frequent sensitive cells dominate the population, while if transfers are
very infrequent non-regulating killer, resistant and sensitive cells are found. However, under
a wide range of intermediate transfer intervals regulation readily evolves. (B) Results of
varying the number of founder cells. When the population is seeded with very few cells
after a transfer, only sensitive cells are selected, while when the number of founder cells is
very large a non-regulating KRS-system arises. Again, regulation does evolve for a wide
range of intermediate numbers of founder cells.
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Supporting Figure S4.9. Regulation also evolves if transfers happen
stochastically. Instead of a fixed time interval between transfers, the length of each
transfer cycle was drawn independently from an geometric distribution with mean
𝜏transfer = 500. This way, the mean length of a cycle was kept constant, but transfers now
happened at a fixed probability per time step. Other settings were the same as in
Figure 4.5. (A) Population dynamics over a relatively short time interval, illustrating the
irregular transfers. (B) Simulation results for five independent replicate simulations. In all
five replicates regulation evolved. The results are very similar to the case with regular
transfer (Figure 4.5 and Supporting Figure S4.7).
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Supporting Figure S4.10. Regulation under serial transfers also evolves when
there is no delay between expression of resistance and toxin production. Evolved
genotype distribution for varying values of the delay between expression of resistance and
toxin production in (Reg, Reg)-cells, 𝜏delay (mean outcome of 5 replicate runs per 𝜏delay
value). Regulation of toxin production and resistance (genotype (Reg, Reg)) still evolves
when there is no such delay (𝜏delay = 0 time steps), and when the delay is up to three times
higher than the default value (𝜏delay = 150 time steps).
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Supporting Figure S4.11. Regulation still evolves under serial transfers when
there is substantial lag between the change in cue concentration and the
corresponding change in phenotype in regulating cells. A lag time between cue
sensing and phenotype adjustment was implemented as in Supporting Figure S4.5, and
simulations were run for varying values of this lag (5 replicate simulations per lag time
value). Under serial transfers, the evolution of regulation is robust to relatively long lag
times: regulation still evolved for lag times up to 30 time steps, or 3 bacterial doubling
times.
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Supporting Figure S4.12. Under serial transfers, regulation is highly robust to
noise in the cue concentration. Simulations were run with the same settings as
Figure 4.5, but at each time point at each lattice site a Gaussian noise term (mean
𝜇noise = 0, standard deviation 𝜎noise = 0.1) was added to the local concentration of the
density cue. (A) Simulation results of a single, representative run. (B) Summarised results
of five replicate runs. Regulation evolved in all five replicate runs. The noise term
substantially increased the variation in cue concentrations sensed by cells (grey distribution
in right panel of A; note the larger range on the 𝑦-axis (c.f., Figure 4.6)). The evolved
response threshold values are however very similar to the values found in the absence of
noise (red distribution in right panel of A, compare to Figure 4.6).
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4.8. Supporting Texts

4.8.1. Parameter reduction
To efficiently sample the parameter space in a parameter sweep, the number of
parameters was reduced by convenient scaling of the variables. We here consider the
cue and toxin concentration profiles and the population dynamics of the bacteria, but
do not include mutations and the delay between expression of toxin and resistance,
𝜏delay (See Model and Methods sections).

In the simulations, time progresses in discrete steps, and probabilities for repro-
duction and death of bacteria are calculated for each time step (Methods, Eq 4.6–
4.9). Because we ensure that these probabilities are always small, the simulated
discrete-time process approximates a continuous-time Poisson process with (time-
dependent) reproduction and death rates. This association with a continuous-time
process is necessary to allow the time variable to be scaled continuously.

In particular, let Δ𝑡 be the simulation time step. Then the death rate 𝑑𝑘 of cell
𝑘 is given by

𝑑𝑘 ≈
ℙ(death of cell 𝑘 in simulation time step)

Δ𝑡 =
𝛿 + (1 − 𝜙R𝑘)𝛿tox𝑐tox(𝐱𝑘)

Δ𝑡 .
(S4.1)

For the reproduction dynamics (Methods, Eq 4.7–4.9), the scaling factor 𝛾 is
always chosen ≪ 1, which ensures that the probability of reproduction per time
step is small. Then, the probability of reproduction into an empty lattice site is
approximately linear in the sum of the reproductive fitnesses 𝑅𝑖 of the neighbouring
bacteria:

ℙ(reproduction|𝐱) ≈ 𝛾
8 ∑
𝑖∈neighbours

𝑅𝑖 ,

and the probability that a specific neighbouring bacterium 𝑘 reproduces into the
empty site is 1

8𝛾𝑅𝑘. Since a bacterium can reproduce into any empty neighbouring
site, the expected number of offspring of a given cell 𝑘 in a time step is 𝑓empty𝛾𝑅𝑘,
where 𝑓empty is the fraction of its eight neighbouring lattice sites that is empty.
Conventionally defining a cell’s reproduction rate 𝑟𝑘 as the rate at which a cell
reproduces when surrounded by empty space, we then find

𝑟𝑘 ≈
𝛾𝑅𝑘
Δ𝑡 =

max[0, 𝛾(1 − 𝜙T𝑘(𝐶T0 + 𝑏T𝜋T𝑘) − 𝜙R𝑘𝐶R − 𝜙C𝑘𝐶C)]
Δ𝑡 . (S4.2)
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The concentration profiles of the density cue and toxin are found from

𝑃𝑖,𝑗 − 𝑑cue𝑐cue + 𝐷cue∇2𝑐cue = 0, (S4.3)

where 𝑃𝑖,𝑗 = {
𝑝cue if there is a cell at position (𝑖, 𝑗),
0 if not,

and

𝜋𝑇𝑖,𝑗 − 𝑑tox𝑐tox + 𝐷tox∇2𝑐tox = 0, (S4.4)

where 𝜋𝑇𝑖,𝑗 = {
𝜋𝑇 of the cell at position (𝑖, 𝑗) if that cell produces toxin,
0 otherwise.

Taken together, the simulation dynamics are hence captured by four equations:
Eq S4.1 – S4.4.

To reduce the number of parameters in Eq S4.1 – S4.4, we introduce the scaled
variables

𝜏 = 𝛾
Δ𝑡 𝑡, �̂�cue =

𝑑cue
𝑝cue

𝑐cue, �̂�tox =
𝛿tox
𝛾 𝑐tox, �̂�𝑇 =

𝛿tox
𝛾𝑑tox

𝜋𝑇 . (S4.5)

In terms of these variables, the equations for the cue and toxin concentration reduce
to

�̂�𝑖,𝑗 − �̂�cue +
1
4𝐿
2
cue∇2�̂�cue = 0, (S4.6)

where �̂�𝑖,𝑗 = {
1 if there is a cell at position (𝑖, 𝑗),
0 if not,

and

�̂�𝑇𝑖,𝑗 − �̂�tox +
1
4𝐿
2
tox∇2�̂�tox = 0, (S4.7)

where �̂�𝑇𝑖,𝑗 = {
�̂�𝑇 of the cell at position(𝑖, 𝑗) if that cell produces toxin,
0 otherwise,

with only one lumped parameter per equation:

𝐿cue = 2√
𝐷cue
𝑑cue

, 𝐿tox = 2√
𝐷tox
𝑑tox

. (S4.8)

The parameters 𝐿cue and 𝐿tox represent the characteristic length scales of the con-
centration profiles; they are equal to the mean square displacement of the diffusing
cue or toxin molecules before they are degraded.
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The death and reproduction rates have the dimension of 1/time. Therefore, after
scaling time according to Eq S4.5 the scaled death rate reads

�̂�𝑘 =
Δ𝑡
𝛾 𝑑𝑘 =

𝛿
𝛾 + (1 − 𝜙R𝑘)�̂�tox(𝐱𝑘), (S4.9)

while the reproduction rate reduces to

�̂�𝑘 =
Δ𝑡
𝛾 𝑟𝑘 =max[0, 1 − 𝜙T𝑘(𝐶T0 + �̂�T�̂�T𝑘) − 𝜙R𝑘𝐶R − 𝜙C𝑘𝐶C], (S4.10)

with lumped parameter

�̂�T =
𝛾𝑑tox𝑏T
𝛿tox

.

After scaling, seven parameters are left in the description of the system: the
characteristic length scales of the concentration profiles 𝐿cue and 𝐿toxt, the ratio
𝛿
𝛾 , which is equal to 𝑅−10 with 𝑅0 the maximum number of expected offspring per
bacterial life time, the scaled slope of the toxin production cost function �̂�T and its
offset 𝐶T0 , the cost of resistance 𝐶R, and the cost of responding to the cue 𝐶C.

4.8.2. Analytical approximation of the cue concentration in
a single growing colony

Here, we present an analytical approximation for the cue concentration profile of a
single colony, which we use to derive a theoretical maximum for the cue concentra-
tion experienced by cells at the colony edge. Analytical solutions were found using
the DSolve, Solve and Limit functions of Wolfram Mathematica 11.0.

Consider a growing, genotypically homogeneous colony of model bacteria. To
find the cue concentration profile of this colony, we should solve

𝜕𝑐cue(𝐱, 𝑡)
𝜕𝑡 = 𝑃cue(𝐱, 𝑡) − 𝑑cue𝑐cue(𝐱, 𝑡) + 𝐷cue∇2𝑐cue(𝐱, 𝑡) = 0 (S4.11)

for a given production function 𝑃cue(𝐱, 𝑡). We approximate the shape of the growing
colony at a given time by a disk of radius 𝜌, and furthermore assume that the
density of bacteria within the disk is equal to the carrying capacity 𝐵∗ = 1 − 𝛿/𝑅,
where 𝑅 is the reproduction rate of the bacteria and 𝛿 their death rate, while there
are no bacteria outside of the disk. Let 𝑟 be the distance from the colony centre.
Transforming Eq S4.11 to polar coordinates then yields

𝜕𝑐(𝑟, 𝑡)
𝜕𝑡 = 𝑃(𝑟) − 𝑑𝑐(𝑟, 𝑡) + 𝐷 (𝜕

2𝑐(𝑟, 𝑡)
𝜕𝑟2 + 1𝑟

𝜕𝑐(𝑟, 𝑡)
𝜕𝑟 ) = 0, (S4.12)
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dropping the subscripts for convenience. Let 𝑝 be the cue production rate per
bacterium. The production function 𝑃(𝑟) is then

𝑃(𝑟) = { 𝑝𝐵
∗ if 0 ≤ 𝑟 ≤ 𝜌

0 if 𝑟 > 𝜌.
(S4.13)

We proceed by solving Eq S4.12 for two cases: outside the disk of bacteria (𝑟 > 𝜌)
and inside the disk (0 ≤ 𝑟 ≤ 𝜌). To find the concentration profile outside the disk,
we set 𝑃(𝑟) = 0 and impose the boundary condition 𝑐(∞) = 0. The concentration
𝑐(𝑟) is then given by

𝑐out(𝑟) = 𝐴1𝐾0(√
𝑑
𝐷 𝑟), (S4.14)

where 𝐾𝑛(𝑧) is the modified Bessel function of the second kind and 𝐴1 is an arbitrary
constant. We ignore any imaginary terms because we are only interested in real
solutions. To solve the concentration profile inside the disk, set 𝑃(𝑟) = 𝑝𝐵∗ and
remove the boundary condition for 𝑐(∞), because the concentration cannot converge
to zero if there is uniform production. Then, the real solution of Eq S4.12 becomes

𝑐in(𝑟) =
𝑝𝐵∗
𝑑 + 𝐴2𝐼0(√

𝑑
𝐷 𝑟), (S4.15)

where 𝐼𝑛(𝑧) is the modified Bessel function of the first kind and 𝐴2 is again an
arbitrary constant.

At the perimeter of the colony, 𝑟 = 𝜌, the solutions for the concentration within
and outside the disk should be equal, and since the concentration profile should be
smooth, so should their derivatives:

𝑐out(𝜌) = 𝑐in(𝜌);
d𝑐out
d𝑟 |

𝑟=𝜌
= d𝑐in

d𝑟 |𝑟=𝜌
. (S4.16)

From Eq S4.16, the constants 𝐴1 and 𝐴2 can be solved to find the solution for the
full concentration profile:

𝑐(𝑟) = {
𝑝𝐵∗
𝑑 (1 − √

𝑑
𝐷 𝜌 𝐼0(√

𝑑
𝐷 𝑟) 𝐾1(√

𝑑
𝐷 𝜌)) if 0 ≤ 𝑟 ≤ 𝜌,

𝑝𝐵∗
√𝑑𝐷(𝜌 𝐼1(√

𝑑
𝐷 𝜌) 𝐾0(√

𝑑
𝐷 𝑟)) if 𝑟 > 𝜌.

(S4.17)

In Figure 4.6 𝑐(𝑟) is plotted for the default parameters used in the simulations. The
analytical solution provides a good approximation of the observed concentration
profile, although it does slightly overestimate the cue concentration in the colony
interior. This overestimation occurs because the local carrying capacity decreases
when the phenotype of cells switches from sensitive to resistant and toxin producing,
but this effect is not incorporated in the analytical approximation.
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In the model, bacteria have the size of 1 lattice site and the dimension of distance
is lattice site width. Hence, the concentration of density cue molecule experienced
by bacteria at the colony edge is given by 𝑐(𝜌− 1

2). Furthermore, as the colony size
(i.e. 𝜌) increases, the cue concentration at the colony edge will also increase. To
find the maximal concentration experienced by cells on a colony edge, we should
therefore consider 𝑐(𝜌 − 1

2) for 𝜌 → ∞. For the default model parameter values (see
Table 4.1),

lim
𝜌→∞

𝑐(𝜌 − 1
2) = 0.484. (S4.18)

Hence, the cue concentration sensed by bacteria at the colony edge will be < 0.49.
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Abstract
Spatial population structure is a key determinant of many evolutionary processes.
Most formal theory quantifying the effect of such structure on natural selection
has focussed on populations divided into distinct, non-overlapping groups. Many
biological populations, however, are not structured in this way, but rather show (self-
)organisation in spatial patterns. Here, a new mathematical framework is presented
that quantifies how spatial scales affect natural selection. Combining the Price
equation and kernel estimates, we define the Kernel Selection Differential (KSD): a
measure of the selection pressure acting on a trait within a given local environment.
We then present a spatial decomposition of the global selection differential into a
contribution of local selection acting within local environments, and a contribution
of interlocal selection acting among these environments. Varying the size of these
local environments allows one to measure how different length scales contribute to
selection. The use of this new framework is illustrated in two spatial simulation
models of the evolution of traits known to be affected by population structure,
altruism and pathogen transmissibility. In both models, the spatial decomposition
of selection identifies the relevant length scales for natural selection.
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5.1. Introduction

Spatial structure is the rule, rather than the exception, in biological populations,
with examples ranging from the large spatial heterogeneity observed in bacterial
biofilms (Stacy et al., 2016; Nadell et al., 2016; Yanni et al., 2019) to patterns in
vegetation cover (Thiery et al., 1995; Rietkerk et al., 2004). It may arise from
heterogeneities in the abiotic environment, such as resource availability, or from
self-organisation as a result of ecological interactions between individuals (Lion and
van Baalen, 2008).

Because spatial population structure determines with whom organisms interact
and compete, it is a key factor shaping evolution. A classical example of this is the
evolution of altruism: behaviour that negatively affects an individual’s own fitness,
but increases the fitness of its interaction partners (Hamilton, 1964; West et al.,
2006). It has long been recognised that some form of interaction structure is neces-
sary for such behaviour to evolve, such that the behaviour of altruistic individuals
preferentially benefits other altruists (Hamilton, 1964; Wilson, 1975; Lehmann and
Keller, 2006; Fletcher and Doebeli, 2009). A natural way for such structure to arise
is spatial assortment through local interactions and local reproduction (Nowak and
May, 1992; Killingback et al., 1999; Le Galliard et al., 2003; Nadell et al., 2010,
2016; Colizzi and Hogeweg, 2016).

Most general theoretical work on the effect of population structure on evolution
so far has focused on populations that are divided in distinct groups, e.g., trait-
groups in which selection is compartmentalised for periods of time (Wilson, 1975).
Selection is then considered to act at two levels, within and between groups, and the
selection pressures at these two levels can be quantified (Price, 1972; Okasha, 2006).
However, many biological populations are not subdivided into distinct groups, but
are rather structured in space. In such populations, selection pressures could be
said to depend on spatial scale, with local selection favouring a certain behaviour
(e.g., lower investment in altruism) that not necessarily coincides with the selection
pressures at the level of the whole population (Johnson and Boerlijst, 2002; Lion
et al., 2011). A formal treatment of selection pressures in such multiscale evolution,
however, is currently lacking.

Here, we present a mathematically rigorous way to quantify natural selection at
different length scales. A spatial decomposition of selection is derived which splits
up global selection into a local component, which describes the average selection
within local environments, and an interlocal component, which describes the selec-
tion among these environments. To illustrate this framework, we apply it to two
models of the evolution of traits known to be affected by spatial structure: altruism
and pathogen transmissibility. We show how the spatial decomposition of selection
captures the contribution to selection of processes and patterns at different length
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scales. This new framework furthermore allows us to identify which spatial scales
are relevant to natural selection, rather than a priori defining those scales.

5.2. Results

5.2.1. A spatial decomposition of selection
Consider a spatially structured population of individuals that differ in some phe-
notypic value, 𝜙. This could be a quantitative trait value (e.g., an individual’s
investment in altruistic behaviour) or an indicator variable that is 1 if the individ-
ual displays a certain phenotype (e.g., altruism), and 0 if it does not. Exactly 50
years ago, a highly general mathematical description of the evolutionary change in
the mean value of 𝜙 over a given time interval was published by George R. Price
(Price, 1970):

Δ𝜙⏟
change in mean value of 𝜙

= Cov (𝜙,𝑤)⏝⎵⎵⏟⎵⎵⏝
change due to selection

+ 𝑤Δ𝜙⏟
change due to transmission biases

(5.1)

Here, 𝑤 is the relative fitness of individuals over the time interval, and Δ𝜙 captures
biases in the transmission of phenotype values from parents to offspring. Impor-
tantly, the first term of the Price’s equation shows that the effect of selection on the
mean phenotype is captured by the covariance between phenotype and fitness; this
term is also called the selection differential, 𝑆.

The selection differential describes the effect of selection at the level of the whole
population. In structured populations, however, this may fail to capture the whole
story. As an example, consider the hypothetical population in Figure 5.1a. Here,
the covariance between phenotype and fitness is positive at a global scale (black
line in Figure 5.1b), but negative if the analysis is restricted to individuals within
smaller-scale local environments (red lines in Figure 5.1b); an evolutionary Simp-
son’s paradox (Chuang et al., 2009).

To measure selection at these smaller scales, we define local environments through
a kernel function (c.f., Tekwa et al. (2015)): a probability density function that for
any point in space describes how individuals contribute to the local environment
around that point. In this paper, we use disk-shaped kernel functions that include
an individual in the local environment only if its distance to the environment’s
midpoint is smaller than a given radius, 𝑟. Other reasonable choices for the kernel
function include multivariate normal or exponential distributions, such that individ-
uals close to the midpoint are weighted more than individuals further away. For any
point in space, the local selection can now be measured as the covariance between
phenotype and fitness with individuals weighted by the kernel function centred on
this point; we call this the Kernel Selection Differential (KSD; see Methods). Note
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Figure 5.1. Illustration of the spatial decomposition of selection. (a) Spatially
structured population of individuals that differ in some phenotypic characteristic. At each
point in space, a local environment is defined by a kernel function (see Methods). In this
paper, disk-shaped kernel functions are used. (b) Example of global and local selection
pointing in different directions. The global covariance between phenotype and fitness is
positive (i.e., global selection is positive) while the covariance between phenotype and
fitness within local environments is negative everywhere (i.e., local selection is negative).
This is an example of Simpson’s paradox. (c) The negative local selection is counteracted
by a positive correlation between the mean phenotype and mean fitness of local
environments. Local environments are weighted by their population density and mean
fitness (size of points). This correlation measures the selection among environments, i.e.,
the interlocal selection.

that local environments can overlap and that they are not necessarily centred around
individuals (Figure 5.1a).

Using this definition of local selection, we can derive a spatial decomposition of
the selection differential (see Methods):

𝑆 = ⟨Covk (𝜙,𝑤 |𝐦, 𝑟)⟩s + Covs ({𝜙 |𝐦, 𝑟}k , {𝑤 |𝐦, 𝑟}k) , (5.2)
≡ 𝑆local(𝑟) + 𝑆interlocal(𝑟).

Here, { ⋅ |𝐦, 𝑟}k denotes the “kernel mean” of a characteristic of the individuals
present in the local environment defined by midpoint 𝐦 and scale 𝑟, and ⟨ ⋅ ⟩s de-
notes the spatial mean of a quantity defined at each point in space, weighing each
point in space by the local population density. The subscripts “k” and “s” in the co-
variance terms similarly indicate whether the covariance is calculated within a local
environment (“kernel covariance”) or over space. The first term of the right-hand
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side of Eq 5.2 is calculated by sliding the kernel function (in the case of Figure 5.1, a
disk) over the space, and averaging the KSD found at each point in space, weighed
by the local population density and local mean fitness. It is hence the mean of local
selection, and represents the selection within local environments. The second term
of the right-hand side of Eq 5.2, on the other hand, captures the covariance between
local mean phenotype and local mean fitness, weighing each local environment by
its density (see Figure 5.1c). It can hence be interpreted as the selection among
environments, which we will call interlocal selection.

The measures for local and interlocal selection in Eq 5.2 depend on the size
of the local environments that we consider, which is set by the kernel function’s
scale parameter 𝑟 (e.g., the radius of the disks in Figure 5.1a). 𝑆local(𝑟) captures
the effects of selection mechanisms operating at all length scales below 𝑟, while
𝑆interlocal(𝑟) captures the effects of selection mechanisms operating at larger scales,
above 𝑟. To describe the contribution of a specific length scale 𝑟 to selection, we
should ask how the local selection changes if we slightly expand a local environment
of that specific scale, i.e., consider the derivative of 𝑆local(𝑟) with respect to 𝑟, which
we denote by 𝑠(𝑟):

𝑠(𝑟) ≡ d𝑆local
d𝑟 = − d𝑆interlocal

d𝑟 . (5.3)

Using Eq 5.3, we can rewrite the expression for 𝑆local(𝑟) as

𝑆local(𝑟) = 𝑆local(0) + ∫
𝑟

0
𝑠(𝑟′)d𝑟′. (5.4)

From this equation, we see that if the local environments become very large, i.e.,
𝑟 → ∞, then 𝑆local(𝑟) → 𝑆 and 𝑆interlocal(𝑟) → 0. This makes sense, large “local”
environments should capture the global population dynamics. On the other hand,
if two individuals cannot be at the same point in space, for very small scales 𝑟 → 0,
𝑆local(𝑟) → 0 and 𝑆interlocal → 𝑆. This also makes sense, if there is no variation
within local environments there cannot be local selection.

To illustrate the use of the spatial selection decomposition (Eq 5.2), we apply
it to two models of classical examples of multiscale selection: (i) the evolution of
altruism, and (ii) the evolution of pathogen transmissibility.

5.2.2. Example I: Evolution of altruism in self-organising
colonies

We model a population of individuals in two dimensional space that reproduce, die,
move around slowly and locally compete for resources (Figure 5.2a; Supplemen-
tary Text 5.6.1). Individuals are characterised by a continuous trait that represents
their investment in altruism. Altruistic behaviour directly reduces an individual’s
reproduction rate, but benefits all individuals in the local social environment of the
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Figure 5.2. Evolution of altruism. (a) Model illustration. (b) Snapshot of part of the
simulation plane (see Supplementary Movie S5.1 for dynamics). The hexagonal lattice
constant of the emerged colony pattern is 𝑎 = 8.4 𝜎a, where 𝜎a is the range of altruism. (c)
Mean level of altruism over time, in a population that is well-mixed (grey) or spatially
structured (blue). (d) Spatial decomposition of selection differential 𝑆 at evolutionary
equilibrium for varying length scales of the local environments. Space was scaled such that
the range of altruism 𝜎a = 1. 𝑆local and 𝑆interlocal were calculated as averages over 10000
instances of the simulation plane obtained between Time = 36000 and 40000 generations
(shaded area in panel c). Dotted vertical lines indicate the range of altruism, 𝜎a, the range
of resource competition, 𝜎rc, and the lattice constant, 𝑎. (e) Contribution to selection of
different length scales (Eq 5.3). Red areas indicate a negative contribution to selection,
green a positive contribution. Dotted vertical lines again indicate the ranges of altruism, 𝜎a,
and resource competition 𝜎rc.

altruistic individual. The effects of altruism and competition are both implemented
using normal interaction kernels, such that individuals close to each other benefit
more from altruistic action, but also experience stronger competition.

If the scale of altruism, 𝜎a, is sufficiently smaller than the scale of resource com-
petition, 𝜎rc, the model population shows intriguing self-organisation (Figure 5.2b,
Supplementary Movie S5.1): a Turing-like instability results in a hexagonal pattern
of distinct colonies that display Darwinian dynamics of their own. In colonies with
a high local mean level of altruism, the density of individuals is high because they
all benefit from the altruistic behaviour of colony members. Over time, however,
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the level of altruism within a colony declines because mutants with lower levels of
altruism are selected (“defectors” or “cheaters”). This decline eventually results in
the demise of the colony, after which it is replaced by a newly-formed colony that
buds from one of the surrounding colonies (see bottom row of Figure 5.2b, Supple-
mentary Movie S5.1). These emergent colony dynamics are studied in depth in a
forthcoming paper.

Due to these within- and between-colony dynamics, the mean level of altruism
in the population stabilises after a transient (Figure 5.2c). If we perturb the self-
organised pattern by mixing the population (i.e., randomly assigning positions to
individuals every time step), altruism does not evolve at all (Figure 5.2c). The
emergent spatial patterns are hence crucial for the evolution of altruism, a result
consistent with previous modelling work (Nowak and May, 1992; Killingback et al.,
1999; Le Galliard et al., 2003; Wakano et al., 2009; Uppal and Vural, 2020).

Once the mean level of altruism has stabilised, we would expect the global se-
lection differential to be equal to zero. To average out fluctuations arising from
the stochastic dynamics in the finite population, we take the mean of the selection
differential over 4000 generations (shaded area in Figure 5.2c), and indeed find that
over this period, 𝑆 ≈ 0 (black line in Figure 5.2d). However, when we consider the
spatial decomposition of selection (Eq 5.2), we see a completely different picture
(Figure 5.2d). Even though there is no global directional selection, the mean local
selection, as measured by 𝑆local(𝑟), is negative for a significant range of 𝑟-values.
This negative local selection is however compensated by positive interlocal selec-
tion, 𝑆interlocal(𝑟). These results capture and formalise the verbal explanation given
above: within local environments individuals with a lower level of altruism are se-
lected because they benefit from the altruistic behaviour of others nearby but pay
less costs, but local environments in which the mean level of altruism is low also
tend to have a low mean fitness, i.e., selection among local environments favours
higher levels of altruism.

Figure 5.2d provides insight in how 𝑆local(𝑟) and 𝑆interlocal(𝑟) depend on the scale
of local environment that is considered, 𝑟. The effects observed for very small and
large 𝑟-values represent general properties of the spatial decomposition of selection
(see Eq 5.4): for large 𝑟, 𝑆local(𝑟) converges to the global selection differential (which
is close to zero in Figure 5.2d) and 𝑆interlocal(𝑟) converges to zero, while for small
𝑟, 𝑆local(𝑟) declines because the variation in phenotype and fitness within the local
environments is reduced. Hence in small environments selection is necessarily weak.

Naively, one might expect that the negative selection on altruism happens within
single colonies, balanced by positive selection at large scales. The shortest distance
between colonies is given by the hexagonal lattice constant of the emerged colony
pattern, 𝑎 = 8.4𝜎a (see Figure 5.2b). Indeed, for local environments with radius
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𝑟 < 𝑎
2 (such that most disks contain individuals of one colony only), 𝑆local(𝑟) is

clearly negative, while 𝑆interlocal(𝑟) is positive (Figure 5.2d). However, when we
consider the contribution of varying length scales to selection, we see that only very
small length scales of 𝑟 < 𝜎a contribute negatively to selection, while length scales of
𝑟 ⪆ 𝜎a contribute positively to selection (Figure 5.2e). This indicates that colonies
are not homogeneous: already within colonies we observe assortment of individuals
with more or less investment in altruistic behaviour, and this assortment contributes
positively to the selection on altruism. This is not unreasonable: when individuals
are very close together (distance < 𝜎a), they experience a similar level of altruism in
their neighbourhood. In very small local environments, cheaters hence must have an
advantage over altruists. But once local environments become a similar size as the
altruism interaction kernel, individuals within the same local environment might
experience different levels of altruism, and the local environment hence starts to
capture the effect of these smaller-scale heterogeneities.

As a final remark, we note that the length scale for which the differences between
𝑆local and 𝑆interlocal vanish does reflect the lattice constant 𝑎 (Figure 5.2d). This
suggests that once most local environments cover more than one colony, the global
selection is captured within these local environments.

In conclusion, the spatial decomposition of selection allows us to mathematically
show that selection for altruism is negative within local environments, but that this
is compensated by positive interlocal selection. It furthermore provides a way to
quantify how specific length scales contribute to selection.

5.2.3. Example II: Evolution of pathogen transmissibility in
an SI-model

As a second example, we consider the evolution of the transmission rate of an
endemic pathogen in a spatially structured population of host individuals. This
model is rooted in a long tradition of such epidemiological models (e.g., Rand et al.
(1995); Haraguchi and Sasaki (2000); Boots and Sasaki (1999); Goodnight et al.
(2008); Heilmann et al. (2010)).

Host individuals in the model live on a 2D square simulation lattice (Figure 5.3).
They can be either susceptible to infection, or infected. Susceptible individuals re-
produce asexually, in which case the offspring is placed on a neighbouring lattice site.
Each lattice point can however hold at most one individual; susceptible individuals
therefore locally compete for empty space. Infected individuals do not reproduce,
and they die at a rate higher than susceptible individuals. The pathogen is trans-
mitted locally at a rate that depends on the transmissibility of the pathogen. For
simplicity each infected individual is considered to carry a single strain of pathogen,
with mutations instantaneously changing the transmissibility of all pathogens within
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Figure 5.3. Evolution of pathogen transmissibility. (a) Model illustration. (b)
Snapshot of part of the simulation lattice for two different values of the reproduction rate of
susceptible individuals, 𝛾. Susceptible individuals are plotted in grey, infected individuals
are coloured based on the transmissibility of the pathogen they carry. See Supplementary
Movies S5.2 and S5.3 for dynamics. (c) Mean transmissibility of the pathogen over time in
populations that are well-mixed (grey) or spatially structured, with different initial
transmissibility values (blue) (d) Spatial decomposition of selection differential S at
evolutionary equilibrium for varying length scales of the local environments. For both
values of 𝛾, 𝑆local and 𝑆interlocal were calculated as averages over 10000 instances of the
simulation lattice obtained between Time = 9500 and 10000 generations. We define the
critical scale of selection, 𝑟C, as the length scale at which the contribution to selection
switches from positive to negative (i.e., where 𝑠(𝑟) = d𝑆local

d𝑟 switches sign). (e) Critical scale
of selection, 𝑟C, plotted against size of the emerged patterns for different values of the
susceptible reproduction rate 𝛾. Pattern size was determined using the pairwise correlation
function (see Supplementary Text 5.6.2).

a single infected individual (i.e,, newly arising pathogen variants rapidly sweep the
within-host pathogen population). We consider the evolution of pathogen transmis-
sibility.

The population again self-organises into spatial patterns: patches of susceptible
individuals are chased through space by the infection (Figure 5.3b, Supplemen-
tary Movies S5.2 and S5.3). These patterns strongly influence the evolution of
pathogen transmissibility (Figure 5.3c): If pattern formation is prevented by con-
stantly mixing the population, pathogens are selected with ever increasing transmis-
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sibility because these pathogens spread faster among the available susceptible hosts.
In spatially structured populations, however, the mean transmissibility stabilises af-
ter some time (blue lines in Figure 5.3c). This result is explained by the feedback
between evolution and the emergent spatial patterns: individuals shape their local
environment, and this environment in turn determines the individual’s fitness (Savill
et al., 1997; Johnson and Boerlijst, 2002; Lion and van Baalen, 2008). In particular,
pathogens with very high transmissibility are affected by ‘self-shading’ (Boots and
Sasaki, 1999; Boots and Mealor, 2007): they rapidly deplete the susceptible hosts
in their vicinity and are then left with little opportunity to spread, resulting in low
pathogen fitness. In contrast, more prudent pathogens shape their environment in
such a way that sufficient susceptible hosts remain available to allow continuous
spreading of the infection (van Baalen and Sabelis, 1995; Goodnight et al., 2008).

This effect is captured by the spatial decomposition of selection (red and blue line
in Figure 5.3d). When the population has reached evolutionary equilibrium, i.e., the
gobal mean transmissibility no longer changes and 𝑆 ≈ 0, selection within local en-
vironments still favours pathogens with high transmissibility (𝑆local(𝑟) > 0 for small
𝑟), but this effect is counteracted by negative interlocal selection (𝑆interlocal(𝑟) < 0),
which captures the effect that pathogens with high transmissibility more often re-
side in local environments in which susceptible host availability and hence pathogen
spread is limited.

The size of the spatial patterns that emerge in the population depends on sev-
eral model parameters (Goodnight et al., 2008), including the reproduction rate of
the susceptible hosts, with larger patterns emerging for lower reproduction rates
(Figure 5.3b). To demonstrate how these larger patterns are reflected in 𝑆local and
𝑆interlocal, we repeated our analysis with a lower susceptible reproduction rate (right
panel in Figure 5.3b, pink and light blue lines in Figure 5.3d). The curves for 𝑆local
and 𝑆interlocal are stretched towards larger scales, showing that the scales of selection
depend on the size of the patterns in the population. This makes sense: selection for
pathogen restraint can only be observed if the local environments are large enough
to cover multiple patches.

We define the critical scale of selection 𝑟C as the length scale at which the con-
tribution of length scales to selection, 𝑠(𝑟), switches sign (Figure 5.3d), such that
scales smaller than 𝑟C contribute positively to selection, and scales larger than 𝑟C
contribute negatively. By repeating the analysis for a range of susceptible growth
rates, we find that this critical scale of selection is proportional to the size of the
emergent patterns (Figure 5.3e). Hence, the 𝑆local- and 𝑆interlocal−curves, and specif-
ically the critical scale of selection 𝑟C, indicate the spatial scale of the population
structures that are relevant for natural selection.



5

164 Chapter 5. Quantifying multiscale selection

In conclusion, this second example illustrated that the spatial decomposition of
selection can be used to measure and quantify self-shading. It furthermore allows the
identification of the scale(s) of population structures relevant to natural selection.

5.3. Discussion

We have presented a new, multiscale selection framework of evolution in spatially
structured populations. This framework consists of a spatial decomposition of selec-
tion (Eq 5.2) that quantifies local and interlocal selection for any length scale. Using
two example models, we have illustrated how this framework can be used to deter-
mine how processes and patterns at varying length scales contribute to selection,
and how spatial scales relevant to natural selection can be identified.

The spatial decomposition of selection illustrates how natural selection in local
environments might substantially differ from the selection in the global population,
even if an average is taken over all local environments. Evolutionary studies based
on observations at small local scales can hence provide an incomplete picture of the
evolutionary dynamics in the global population, if structures larger than the consid-
ered local environments exist that contribute to selection. The framework presented
here provides a way to determine whether a local sampling area is representative
of the whole population under selection. As the local selection measure 𝑆local(𝑟)
converges to the global selection differential 𝑆 for increasing 𝑟, the contribution of
specific length scales to selection, 𝑠(𝑟), converges to zero. Hence, 𝑠(𝑟) indicates if
the local environments considered in a study are large enough to capture all evolu-
tionary dynamics. However, a word of caution is in order here: to reliably capture
the 𝑆local- and 𝑆interlocal-curves, and hence measure 𝑠(𝑟), observations from many
individuals are required (although this depends on the magnitude of the selection
differential: if selection is very strong, fewer observations suffice). While such data
is easily obtained in simulation studies, it remains to be seen if the multiscale se-
lection framework can also be successfully applied to observational or experimental
data.

The examples of multiscale selection studied here, the evolution of altruism and
of pathogen transmissibility, were chosen because they are among the best-known
examples of a feedback between spatial patterns and eco-evolutionary dynamics
(Lion and van Baalen, 2008; Johnson and Boerlijst, 2002), and because this feed-
back has also been confirmed experimentally. For instance, increased population
viscosity facilitates the evolution of altruistic public good production in lab popula-
tions of Pseudomonas aeruginosa (Diggle et al., 2007; Kümmerli et al., 2009), and
several experiments have shown that increased host population viscosity and/or lo-
calised pathogen spread select for lower virulence in an insect larval virus (Boots
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and Mealor, 2007) and several bacterial viruses (Kerr et al., 2006; Berngruber et al.,
2015). The effect of spatial structure on natural selection is however by no means
limited to these two examples. The effect of spatial self-organisation on evolutionary
dynamics was first described in catalytic hypercycles of self-replicating molecules,
which give rise to self-organised rotating spirals that select for higher death rates of
the individuals constituting these spirals (Boerlijst and Hogeweg, 1991a,b). The evo-
lution of anticompetitor toxin production in bacteria is also strongly dependant on
spatial structure (Chao and Levin, 1981; Durrett and Levin, 1997; Kerr et al., 2002;
Bucci et al., 2011; Doekes et al., 2019). Applying the multiscale selection framework
to these, and other, examples, might lead to new insights in these systems as well.

The spatial decomposition of selection in Eq 5.2 resembles the decomposition of
selection into within- and between-group components for distinct, non-overlapping
groups derived by Price (Price, 1972). However, there are several differences. Most
importantly, the distinct-groups approach ignores any structure other than the divi-
sion of individuals into groups, such that all individuals within a group are assumed
to experience the same local environmental conditions. In spatially structured pop-
ulations, this is typically not the case: each individual has a slightly different local
environment. Furthermore, the distinct-groups approach requires that distinct and
non-overlapping groups are defined. If the spatial structures change over time, such
as the patches in the model of pathogen transmissibility, distinct groups cannot be
defined and the multiscale approach presented here is more appropriate. If distinct
groups can be easily recognised, such as in the altruism model, Price’s original ap-
proach is feasible (indeed, this approach is used to analyse the altruism model in
depth in a forthcoming paper). However, even then the multiscale approach might
provide additional insight, showing for instance that even within groups structure
exists that is relevant for selection (such as in the altruism model).

While the multiscale decomposition of the selection differential is new and uniquely
untangles local and interlocal selection in spatially structured populations, it is not
the only, nor the only correct way the selection differential can be decomposed.
Next to Price’s distinct-groups approach discussed above, the selection differential
can also be decomposed in terms that capture the effect of an individual’s own
character on its fitness, and the effect of its environment (the contextual analysis
approach to multilevel selection) (Damuth and Heisler, 1988), or in terms that cap-
ture the effect of an individuals behaviour on its own fitness and on the fitness of
related interaction partners (the inclusive fitness framework) (Marshall, 2011; Lion
et al., 2011; Gardner, 2020). Each decomposition of the selection differential tells
a potentially new story about the underlying mechanisms driving evolution. The
multiscale selection framework presented here is an addition to the toolbox available
to address complex evolutionary questions.
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5.4. Methods

Below, we derive Eq 5.2. Full specifications of the simulation models and the com-
putational calculation of the two terms of Eq 5.2 are provided in the Supplementary
Text.

Background: Definition of the selection differential 𝑆
Consider a population in space that at some time 𝑡 consists of 𝑁 individuals that
each possess a phenotype 𝜙𝑖. Let 𝑊𝑖 be the fitness of individual 𝑖, defined as the
number of offspring at some later time 𝑡 + Δ𝑡, including the individual itself if it
survived over the time step Δ𝑡. The selection differential (Eq 5.1, Price (1970))

𝑆 = Cov (𝜙,𝑤) , (5.5)

where 𝑤𝑖 = 𝑊𝑖/𝑊, is the relative fitness of individual 𝑖 (we use the common notation
�̄� to denote the population mean of characteristic 𝑐). The analysis presented here
focusses on the selection differential only; for a full version of the Price equation
with overlapping generations, including transmission and survival bias effects, see
e.g., Day and Bonduriansky (2011).

Selection in a local environment: the Kernel Selection Differential (KSD)

Let 𝐾(𝐲 | 𝑟) be a normalised centred kernel function with band width 𝑟 that describes
how an individual at position 𝐲 contributes to the local environment centred on the
origin. For any point in space 𝐦, the local density is found as the kernel density
estimate:

𝐷(𝐦 | 𝑟) ≡
𝑁

∑
𝑖=1
𝐾(𝐦 − 𝐱𝐢 | 𝑟), (5.6)

where 𝐱𝐢 is the position of individual 𝑖. Since 𝐾(𝐲 | 𝑟) is normalised (i.e., the integral
of 𝐾(𝐲 | 𝑟) over space is equal to one), it follows that

∫
S
𝐷(𝐦 | 𝑟)d𝐦 = 𝑁, (5.7)

where ∫S represents the integral over the entire space. For any characteristic 𝑐 of
individuals, such as phenotype or fitness, we define the kernel mean at point 𝐦 as

{𝑐 |𝐦, 𝑟}k ≡
∑𝑖 𝐾(𝐦 − 𝐱𝐢 | 𝑟)𝑐𝑖

𝐷(𝐦 | 𝑟) , (5.8)

which is the average of 𝑐 over all individuals, weighted by their distance to 𝐦 ac-
cording to the kernel function. We will often write {𝑐}k as a shorthand for {𝑐 |𝐦, 𝑟}k
to avoid clutter.
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Analogous to the selection differential in Price’s equation, we can now calculate
local selection around point 𝑚 as the local covariance between phenotype and rela-
tive fitness within the environment, which we call the Kernel Selection Differential
(KSD):

𝑆k(𝐦 | 𝑟) ≡
{𝜙𝑤 |𝐦, 𝑟}k − {𝜙 |𝐦, 𝑟}k {𝑤 |𝐦, 𝑟}k

{𝑤 |𝐦, 𝑟}k
(5.9)

≡ Covk (𝜙,𝑤/ {𝑤}k |𝐦, 𝑟) .

Decomposing the selection differential into local and interlocal selection

For any function over space 𝑔(𝐦), we define the spatial mean as

⟨𝑔(𝐦) | 𝑟⟩s ≡
∫S 𝐷(𝐦 | 𝑟)𝑔(𝐦)d𝐦
∫S 𝐷(𝐦 | 𝑟)d𝐦

= 1
𝑁 ∫S

𝐷(𝐦 | 𝑟)𝑔(𝐦)d𝐦. (5.10)

For readability, we will often write ⟨𝑔(𝐦)⟩s for ⟨𝑔(𝐦) | 𝑟⟩s. Note that, with the
definitions of Eq 5.8 and 5.10, the spatial mean of the kernel mean is simply the
population mean, i.e., ⟨{𝑐}k⟩s = 𝑐.

We can now derive

𝑆 = Cov (𝜙,𝑤) = 𝜙𝑤 − 𝜙𝑤
= ⟨{𝜙𝑤}k⟩s − ⟨{𝜙}k⟩s ⟨{𝑤}k⟩s
= ⟨{𝜙𝑤}k − {𝜙}k {𝑤}k⟩s + ⟨{𝜙}k {𝑤}k⟩s − ⟨{𝜙}k⟩s ⟨{𝑤}k⟩s
= ⟨Covk (𝜙,𝑤 |𝐦, 𝑟)⟩s + Covs ({𝜙}k , {𝑤}k)
≡ 𝑆local(𝑟) + 𝑆interlocal(𝑟). (5.11)

Hence, 𝑆local is the average of the KSD over all possible local environments (i.e., all
midpoints in space), where each environment is weighted by its local density and its
local mean fitness:

𝑆local(𝑟) = ⟨{𝑤}k 𝑆k(𝐦 | 𝑟)⟩s . (5.12)
It hence captures the total effect of selection within local environments. On the other
hand, 𝑆interlocal(𝑟) is the spatial covariance (defined in terms of spatial means) of
the local mean phenotype and local mean fitness. This term captures the selection
among environments.
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5.5. Supplementary Movies

Supplementary Movies are available from
https://theory.bio.uu.nl/hilje/PhDthesis/Ch5_Movies.

S5.1 Movie Dynamics of the altruism model. Simulation lattice points are
coloured by the mean level of altruism of the individuals in that position, according
to the colour scale shown in Figure 5.2b. Empty lattice points are white.

S5.2 Movie Dynamics of the SI-model if reproduction of susceptibles
is fast (𝛾 = 0.05). Empty lattice points are coloured black, susceptible individuals
white, and infected individuals are coloured according to the transmissibility of the
pathogen they carry (see colour scale in Figure 5.3b). To reduce file size, only
1/16-th of the simulation lattice is shown (movie shows 256 × 256 lattice points,
simulation lattice is 1024 × 1024 lattice points).

S5.3 Movie Dynamics of the SI-model if reproduction of susceptibles
is slow (𝛾 = 0.02). Same colour scheme as S5.2 Movie. Again, only 1/16-th of the
simulation lattice is shown (same sizes as in S5.2 Movie).

5.6. Supplementary Text

5.6.1. Individual-based model of the evolution of altruism
As a first example of multiscale selection, we consider the evolution of altruism in
a spatially explicit individual-based model. A full analysis of this model will be
provided elsewhere.

Model description

We model a population of individuals living in a 2D space with periodic boundary
conditions. Each individual can reproduce asexually, die, and move in an undirected
fashion. Individuals differ by one continuous phenotype, 𝜙, that specifies their level
of altruism. By itself, altruistic behaviour is costly: it directly reduces the individ-
ual’s rate of reproduction. An individual with a highly altruistic phenotype does
however improve the living conditions of all individuals in its local neighbourhood
(including itself), irrespective of their phenotype. Individuals locally compete for
resources: the rate of reproduction of an individual decreases with the density of
individuals in its local neighbourhood. Both altruistic interactions and competition
are modelled through a 2-dimensional normal interaction kernel function, 𝐽(𝐲 | 𝜎j),
which describes the local interaction neighbourhood. The label j can indicate either

https://theory.bio.uu.nl/hilje/PhDthesis/Ch5_Movies
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competition or altruism; the standard deviation (i.e., scale) of the resource compe-
tition neighbourhood, 𝜎rc, may differ from the standard deviation of the altruism
neighbourhood, 𝜎a. We denote the total level of altruism experienced by individuals
at position 𝐲 by

𝛼(𝐲 | 𝜎a) ≡
𝑁

∑
𝑖=1
𝜙𝑖 𝐽(𝐱𝐢 − 𝐲 | 𝜎a). (S5.1)

In the simulations, space is discretised into a regular square lattice with lattice
constant Δ𝑥, and time is discretised into steps Δ𝑡. Every time step, the following
sequence of events occurs:

1. Reproduction Every individual reproduces with probability 𝛾𝑖Δ𝑡. The repro-
duction rate of an individual is given by

𝛾𝑖 = 𝛾0 max

⎡
⎢
⎢
⎢
⎣

⎛

⎝

1 − 𝑐 𝜙𝑖 +
𝑏max ⋅ 𝛼(𝐱𝐢 | 𝜎a)

𝑏max/𝑏0 + 𝛼(𝐱𝐢 | 𝜎a)⏝⎵⎵⎵⎵⎵⎵⏟⎵⎵⎵⎵⎵⎵⏝
benefit from local altruism

⎞

⎠

× (1 −
∑𝑁𝑗=1 𝐽(𝐱𝐣 − 𝐱𝐢 | 𝜎rc)

𝐾 )
⏝⎵⎵⎵⎵⎵⎵⎵⎵⏟⎵⎵⎵⎵⎵⎵⎵⎵⏝

competition

, 0
⎤
⎥
⎥
⎥
⎦

,

(S5.2)
where 𝛾0 is the basal reproduction rate, 𝑐 the cost of altruism, 𝐱𝐢 the position of
the individual, and 𝐾 is a factor scaling the local carrying capacity. The benefit
of altruism is an increasing, saturating function of the locally experienced
altruism: it is 0 if the local environment does not contain any altruists, and
𝑏max if 𝛼(𝐱𝐢 | 𝜎a) → ∞. When an individual reproduces, a new organism is
born and placed at the same lattice point as its parent.

2. Heritability and mutation The phenotype 𝜙child of the child is copied from
its parent, but mutated with probability 𝜇. The effect size of the mutation is
drawn from an exponential probability distribution with mean 𝜆; its sign is
chosen to be positive or negative with equal probability. If a mutation would
result in a negative phenotype, 𝜙child is set to zero.

3. Death Individuals die with probability 𝛿Δ𝑡.The death rate 𝛿 is independent of
phenotype.

4. Dispersion All individuals are displaced by adding a random number to both
coordinates of their position. These random numbers are independently drawn
from a discretised normal distribution with standard deviation 𝜎d ≡ √2𝑘DΔ𝑡.
This results in movement by diffusion, with diffusion constant 𝑘D.

Units and parameters

In the formulation above, we are free to choose the scaling of the phenotype 𝜙; this
allows one to eliminate one parameter. We choose to set the cost to 𝑐 = 1. We
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can eliminate another parameter by choosing suitable units of length; we choose to
set 𝜎a = 1, so that all lengths become expressed in units of the interaction range of
altruism. A last parameter can be eliminated by choosing convenient units of time;
we set the death rate 𝛿 = 1, such that time is measured in generations.

Other parameter values are shown in Table 5.1. While some parameters were
chosen arbitrarily, the following rationale was followed: To resolve the altruistic
interactions, the spacing of the lattice needs to be smaller than the range of altruism,
𝜎a = 1. We therefore set the size of a lattice point to be 0.1𝜎a. Similarly, to ensure
that 𝛾𝑖 and 𝛿 can indeed be interpreted as rates, the time step should be chosen
such that 𝛾𝑖Δ𝑡 and 𝛿Δ𝑡 are much smaller than 1. We therefore set Δ𝑡 = 0.08.
Colony formation happens only if the range of competition is significantly larger
than the range of altruism (further explored in an upcoming publication). Since
the evolution of altruism is favoured under positive genetic assortment (i.e., close
proximity of parents and offspring) (Hamilton, 1964), a low diffusion constant was
chosen. Lastly, the basal benefit from altruism 𝑏0 was chosen to ensure that the
benefit experienced by an isolated individual, 𝛼(𝐱𝐢) =

𝜙𝑖
2𝜋 , is considerably smaller

than the cost 𝑐𝜙𝑖 = 𝜙𝑖.

Supplementary Table 5.1. Altruism model parameters
Parameter Description Value

𝜎a Range of altruism 1
𝜎rc Range of resource competition 4
𝛾0 Basal reproduction rate 5
𝑐 Cost of altruism 1
𝑏0 Basal benefit of altruism 1
𝑏max Maximal benefit of altruism 5
𝐾 Scaling factor local carrying capacity 40
𝛿 Death rate 1
𝑘D Diffusion constant 0.04
𝜇 Mutation probability upon reproduction 10−3

𝜆 Mean of mutation step size 5 × 10−3

Δ𝑥 Simulation lattice constant 0.1
Δ𝑡 Simulation time steps 0.08

Simulation lattice size (lattice points) 1024 × 1024
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5.6.2. SI-model of the evolution of pathogen transmissibility
As a second example, we consider the evolution of pathogen transmissibility in
a spatial SI-model. This model is based on a long history of simulation models
exploring pathogen evolution (Rand et al., 1995; Haraguchi and Sasaki, 2000; Boots
and Sasaki, 1999; Goodnight et al., 2008).

Model description

Consider a population of individuals living on a 2D square lattice. Each lattice point
contains at most one individual. Individuals reproduce, die and move randomly
(Figure 5.3a). Individuals can be either susceptible to infection with a pathogen,
or infected. Infected individuals no longer reproduce, and die at a higher rate
than susceptible individuals. The infection spreads locally; the probability that an
infected individual transmits the pathogen to a susceptible neighbour depends on
the transmissibility of the pathogen that they carry, 𝜙. We consider the evolution
of this transmissibility.

Time in the model progresses in discrete time steps. Every time step, the fol-
lowing series of events takes place:

1. Reproduction Since each lattice point can be occupied by at most one indi-
vidual, individuals reproduce only if one or more of their neighbouring lattice
points is empty. Empty lattice points are repopulated by a susceptible indi-
vidual with probability 𝛾 𝑛S, where 𝛾 is the reproduction rate per susceptible
individual, and 𝑛S is the number of susceptible individuals among the eight
neighbours (including diagonals) surrounding the empty lattice point.

2. Infection For each susceptible individual 𝑖, let 𝐼𝑖 be the set of infected neigh-
bours among the eight lattice points surrounding the susceptible individual’s
position. Individual 𝑖 gets infected with probability

𝑃i =
∑𝑗∈𝐼𝑖 𝜙𝑗

ℎ + ∑𝑗∈𝐼𝑖 𝜙𝑗
. (S5.3)

This infection probability is zero when the susceptible individual has no in-
fected neighbours, and approaches 1 if many of the neighbours are infected
with highly transmissible pathogens. If an infection takes place, one of the
infected neighbours is chosen as the source of this new infection; the proba-
bility that a neighbour is chosen is proportional to the transmissibility of its
pathogen, 𝜙𝑗. The newly infected individual “inherits” the transmissibility
value of the chosen infected neighbour;

3. Mutation Since we consider mutation of the pathogen rather than of the host
individuals, mutations are not coupled to reproduction events of the hosts.



5

172 Chapter 5. Quantifying multiscale selection

Instead, each time step the transmissibility of the pathogen within each in-
fected individual is mutated with a small probability 𝜇. This resembles a
within-host mutation of the pathogen that (instantly) sweeps the within-host
pathogen population. If a mutation occurs, a new transmissibility 𝜙′𝑖 is chosen
from a uniform distribution [𝜙𝑖 − 𝜆;𝜙𝑖 + 𝜆]. If 𝜙′𝑖 < 0, it is set to zero.

4. Death Susceptible individuals die with probability 𝛿S. Infected individuals die
with probability 𝛿I > 𝛿S.

5. Dispersion In a randomly assigned order, each individual moves with prob-
ability 𝑝D. If an individual moves, a random neighbouring lattice point is
chosen. If the chosen lattice point is empty, the individual moves there; else
the individual swaps places with the individual in the chosen lattice point.
This procedure approximates movement by random walk, while ensuring that
the number of individuals does not change and that the rate of movement per
individual does not depend on local population density.

Parameters

An overview of all model parameters and their values is provided in Table 5.2.
Reproduction and death probabilities were set to values significantly smaller than 1
per time step, so that these probabilities can be interpreted to good approximation
as rates of a Poisson process. To allow spatial patterns to arise, a small value was
chosen for the dispersal probability 𝑝D.

Supplementary Table 5.2. SI model parameters
Parameter Description Value

𝛾 Reproduction rate
(per susceptible per time step)

0.05

𝛿S Death rate of susceptible individuals
(per time step)

0.05

𝛿I Death rate of infected individuals
(per time step)

0.2

ℎ Scaling factor of infection probability 20
𝑝D Dispersal probability (per time step) 0.05
𝜇 Mutation rate (per time step) 0.005
𝜆 Maximal mutation step size 0.5

Simulation lattice size (lattice points) 1024 × 1024
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Scale of emergent spatial patterns

To measure the size of the emergent spatial patterns, we determine the pair corre-
lation function 𝑔(𝑟) for all individuals. This function measures the mean density of
individuals at distance 𝑟 from a lattice point, given that this lattice point is occu-
pied by some individual. It thus indicates whether the occupancy of a lattice point
correlates with the occupancy of lattice points a distance 𝑟 away. The function is
normalised by the average density of the field. Hence, if 𝑔(𝑟) = 1, the probability of
finding other individuals at distance 𝑟 from a given focal individual is equal to the
probability of finding individuals in any random position; if 𝑔(𝑟) > 1 the probability
of finding other individuals at distance 𝑟 from a focal individual is larger than one
would expect from random sampling of the population.

For patch structures such as the emergent patterns studied here, 𝑔(𝑟) can be
approximated by an exponential function

𝑔(𝑟) = 1 + exp (𝑎 − 𝑏𝑟) . (S5.4)

Eq S5.4 was used to fit the observed pair correlation functions using least-squares
fitting. The fitted exponent 𝑏−1 was used as a measure of the size of the patches
emerging in the field (Figure 5.3e).

5.6.3. Implementation of calculations of 𝑆local(𝑟) and 𝑆interlocal(𝑟)
In the Methods section, we gave a general analytical derivation of the spatial decom-
position of the selection differential 𝑆 in components 𝑆local and 𝑆interlocal. Below, we
describe how these quantities were calculated in practice.

When deriving the spatial decomposition of selection (Methods), we considered
a population in continuous space. In the simulations, however, space is discretised.
This is easily dealt with by replacing the integral over space in Eq 5.10 with a double
summation over the coordinates of the 2D simulation space.

For both models, simulations were performed using periodic boundary conditions
(a common choice for these kinds of simulations). Calculating local population den-
sities (Eq 5.6) then requires one to not only take the individuals in the simulation
lattice into account, but also their periodic images. The circular convolution theo-
rem provides an efficient way to do this using Discrete Fourier Transforms (DFTs).
This is a standard technique from signal processing; we shortly discuss it here for
completeness.

For ease of notation we here present derivations for a 1D space, the 2D case
follows analogously.

Assume that a sequence 𝑜0, 𝑜1, … , 𝑜𝑛−1 specifies the occupancy (number of in-
dividuals) at discrete positions 𝑗 ∈ {0, 1, … , 𝑛 − 1} in a simulation field, and let
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𝑁 = ∑𝑛−1𝑗=0 𝑜𝑗 be the total number of individuals. Because we assumed periodic
boundary conditions, we should consider this finite field to represent a finite stretch
taken from an infinite field that is periodic with period 𝑛; that is, the full field,
including periodic images, is a sequence �̃�𝑗 with 𝑗 ∈ ℤ defined by �̃�𝑗 = 𝑜(𝑗mod𝑛).

On the discretised space, the kernel function is represented by an infinite non-
negative sequence 𝑘𝑗 with 𝑗 ∈ ℤ, whose sum converges to 1. Because the kernel
function is a function of distance, it is symmetric, i.e., 𝑘−𝑗 = 𝑘𝑗. The kernel density
𝑑𝑗 for positions 𝑗 ∈ {0, 1, … , 𝑛 − 1} (c.f. Eq 5.6) is now given by

𝑑𝑗 =
∞

∑
𝑚=−∞

�̃�𝑚𝑘(𝑗−𝑚). (S5.5)

Eq S5.5 can be rewritten as follows:

𝑑𝑗 =
∞

∑
𝑝=−∞

𝑛−1

∑
𝑙=0

�̃�𝑙+𝑝𝑛 𝑘𝑗−𝑙−𝑝𝑛

=
𝑛−1

∑
𝑙=0

�̃�𝑙
∞

∑
𝑝=−∞

𝑘𝑗−𝑙−𝑝𝑛

=
𝑛−1

∑
𝑙=0

�̃�𝑙�̂�(𝑗−𝑙)mod𝑛 , (S5.6)

where we introduced the periodic summation �̂�𝑗 for 𝑗 ∈ {0, 1, … , 𝑛 − 1} as

�̂�𝑗 ≡
∞

∑
𝑝=−∞

𝑘𝑗−𝑝𝑛 . (S5.7)

The sequences �̃�𝑗 and �̂�𝑗 are both periodic with period 𝑁. Eq S5.6 is the circular
convolution of these two sequences, which we denote by �̃� ∗𝑁 �̂�. By the circular
convolution theorem, the DFT of �̃� ∗𝑁 �̂� is equal to the element-wise product of the
DFTs of �̃� and �̂�, i.e.,

ℱ(𝑑𝑗) = ℱ(�̃� ∗𝑁 �̂�) = ℱ(�̃�𝑗) ⋅ ℱ(�̂�𝑗). (S5.8)

Using Eq S5.7 and S5.8, we can calculate the local density 𝑑𝑗 by

1. calculating the periodic summation �̂�𝑗 of 𝑘𝑗;

2. calculating the DFTs of �̂�𝑗 and 𝑜𝑗, and calculating their element-wise product;
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3. calculating the inverse DFT of this element-wise product, which yields 𝑑𝑗.

Because algorithms for Fourier transformation are highly efficient (Frigo and John-
son, 2005), this proceure allows us to rapidly solve local densities for varying scales
𝑟. Fourier transformations were performed using the fftw3-library (Frigo and
Johnson, 2005).

The kernel mean of a property 𝑐 of individuals, {𝑐 | 𝑗, 𝑟}k (Eq 5.8), can be cal-
culated in a very similar way. Let �̃�𝑗 be the sequence of the sum of 𝑐-values of
individuals at position 𝑗. In terms of this sequence, we can write

{𝑐 | 𝑗, 𝑟}k =
∑𝑛−1𝑙=0 �̃�𝑗�̂�(𝑗−𝑙)mod𝑛

𝑑𝑗
(S5.9)

In other words, the total local kernel value of 𝑐, {𝑐 | 𝑗, 𝑟}k,tot ≡ 𝑑𝑗 {𝑐 | 𝑗, 𝑟}k, is given
by the circular convolution of the sequences �̃� an �̂�, and can hence be easily cal-
culated using Fourier transformation as described above. To find the kernel mean,
this total local kernel value is divided by the local density, 𝑑𝑗. Note that, for some
positions 𝑗, the local density might be very small or zero. To avoid numerical prob-
lems, division by local density is treated with caution in the calculations of 𝑆local(𝑟)
and 𝑆interlocal(𝑟) (see below).

By definition, 𝑆local(𝑟) is the spatial mean of the KSDs, weighted by the local
mean fitness {𝑤}k. It is therefore possible to calculate 𝑆local(𝑟) directly from the
kernel selection differential, 𝑆k((𝑥, 𝑦) | 𝑟):

𝑆local(𝑟) ≡ ⟨{𝑤}k 𝑆k(𝑗 | 𝑟)⟩s
= 1
𝑁 ∑

𝑗
𝑑𝑗 {𝑤}k 𝑆k(𝑗 | 𝑟). (S5.10)

However, noting that ⟨{𝜙𝑤}k⟩s = 𝜙𝑤 we can also calculate 𝑆local(𝑟) using Eq 5.12:

𝑆local(𝑟) = ⟨{𝜙𝑤}k − {𝜙}k {𝑤}k⟩s
= 𝜙𝑤 − ⟨{𝜙}k {𝑤}k⟩s

= 𝜙𝑤 − 1
𝑁 ∑

𝑗

{𝜙}k,tot {𝑤}k,tot
𝑑𝑗

, (S5.11)

which is less likely to cause numerical inaccuracies (if the local density 𝑑𝑗 = 0 for
some position 𝑗, the corresponding term in the summation is set to zero).

Using the definition of Eq 5.11, the value of 𝑆interlocal(𝑟) can be calculated di-
rectly as the covariance between {𝜙 | 𝑗, 𝑟}k and {𝑤 | 𝑗, 𝑟}k, in which each position 𝑗 is
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weighted by the local kernel density 𝑑𝑗. However, we can again derive an expression
that is numerically more stable:

𝑆interlocal(𝑟) = ⟨{𝜙}k {𝑤}k⟩s − 𝜙𝑤

= ⟨({𝜙}k − 𝜙) ({𝑤}k −𝑤)⟩s

= 1
𝑁 ∑

𝑗

({𝜙}k,tot − 𝑑𝑗𝜙)({𝑤}k,tot − 𝑑𝑗𝑤)
𝑑𝑗

, (S5.12)

where again the summation term for index 𝑗 is set to zero if the local density 𝑑𝑗 = 0.
Eq S5.11 and S5.12 were used in the simulations.
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In this thesis, we have used mathematical and computational models to explore
how the evolution of microbes is shaped by processes spanning varying spatial and
temporal scales.

In chapter 2, we studied the evolution of the human pathogen HIV under the
different selection pressures it faces within a single host and when spreading through
a host population. We showed that long-lived latent reservoirs, in which the virus
does not replicate nor mutate, can markedly affect the evolutionary dynamics at
the within-host level. Subsequently, this within-host effect partly explains how the
virus may avoid short-sighted evolution at the between-host level (c.f., Levin and
Bull (1994); see chapter 1).

Chapter 3 addressed the evolution of peptide-based communication between
bacteriophages. We provided a proof of concept that such communication can evolve
because it allows phages to adjust their infection strategy to the availability of sus-
ceptible host cells, i.e., causing lytic infections early in an outbreak (when suscepti-
ble hosts are still abundant), and lysogenic infections later (when susceptible hosts
have become scarce). However, we also showed that such communication can only
evolve under specific conditions, namely if the phages cause repeated outbreaks in
large pools of susceptible host cells.

In chapter 4, we considered the evolution of toxin regulation by cell-density
cues in bacteria. We found two distinct types of density-dependent regulation that
evolved under different growth conditions. Notably, when bacteria were exposed to
a serial transfer regime in which they repeatedly had to colonise new environments,
they were selected on the spatial structure of the colonies they form. The evolved
bacteria used the cell-density cue to express a fast-growing sensitive phenotype when
located on the edge of an expanding colony and a slower-growing, toxin-producing
phenotype when in a crowded area such as the middle of a colony (see Figure 4.6a).

Lastly, in chapter 5 a new mathematical framework was presented for the anal-
ysis of selection at different spatial scales in spatially structured populations. Using
two simple example models, we showed how this framework measures local and in-
terlocal selection for any length scale, and how it identifies the spatial scales that
are relevant for selection.

Together, chapters 2–5 span a wide range of microbes and microbial behaviours.
Even so, several recurrent themes can be identified. Next to increasing our un-
derstanding of the specific systems we studied, our results thus also provide more
general insights into the multiscale processes that shape microbial evolution. In this
discussion, our results are synthesised by discussing four common themes.
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6.1. The evolution of viral latency

Many pathogens possess the ability to cause latent infections, in which they do not
exploit their current host cell for reproduction, but rather lay dormant until they
are reactivated. Latent strategies are found in a several human pathogens, such as
Mycobacterium tuberculosis (Esmail et al., 2014), Herpes simplex virus (Kinchington
et al., 2012) and of course HIV (Siliciano and Greene, 2011; Castro-Gonzalez et al.,
2018). Latent viruses are also highly abundant in microbial communities; it has
been estimated that approximately half of all bacteria carries at least one integrated
prophage in their genome (Touchon et al., 2016).

In chapter 2 we studied how viral latency affects the multilevel evolution of HIV,
and in chapter 3 we investigated under what conditions a communication system can
evolve that regulates latency in bacteriophages. Prior to these questions, however,
lies the question of how viral latency itself evolved. In bacteriophages, this question
has attracted some attention over the years (starting with the seminal paper by
Stewart and Levin (1984) and recently reviewed by Gandon (2016)), with a focus
on the coliphage 𝜆 as a model species. As reviewed in chapter 3, phage 𝜆, and
temperate phages in general, are thought to have evolved latency to survive “bad”
periods of low host cell availability (Stewart and Levin, 1984; Maslov and Sneppen,
2015). Viral latency hence acts as a persistence mechanism.

Does a similar explanation apply to the presence of latent reservoirs in HIV in-
fections? This is not directly obvious. In fact, it is not even clear to what extent
HIV latency is an evolved property of the pathogen. Phage 𝜆 encodes several genes
that coordinate its lysis-lysogeny decision, latency maintenance, and the eventual
reversal to the lytic cycle (Golding et al., 2019). While the exact mechanisms of la-
tency establishment in HIV remain to be elucidated, so far no viral factors strongly
controlling this process have been found (Siliciano and Greene, 2011; Romani and
Allahbakhshi, 2017). Rather, the main route to HIV latency seems to be the spon-
taneous reversion of a subset of infected activated CD4+ T cells (the cell type that
is most vulnerable to HIV infection) to a resting state, a process that normally
ensures the establishment of immunological memory (Siliciano and Greene, 2011).
The latent viral reservoirs are then a byproduct of a naturally occurring process in
the host organism. However, even if it did not evolve for that purpose HIV latency
might still act as a persistence mechanism. In fact, the obstacles we face in finding
a cure for HIV show that it does: even if viral growth is completely suppressed by
antiretroviral treatment, the latent reservoirs cause HIV to persist for many years.

Next to its role as a persistence mechanism, latency may also shape the evolution
of viruses in different ways. In chapter 2, we found that latent reservoirs (i) slow
down all evolutionary dynamics because each viral lineage at some point cycles
through the reservoir, thus temporarily evading mutation and selection, and (ii)
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provide an archive of previously circulating viral strains that are constantly fed
back into the active viral population. This second effect enhances the diversity of
the viral population, retaining viral variants that otherwise might have been lost
due to - potentially short-sighted - selection. Similarly, prophages have also been
suggested to act as genetic reservoirs that promote viral diversity and for instance
facilitate quick adaptation to resistant bacterial strains (Nadeem and Wahl, 2017).

In summary, latency affects the evolutionary dynamics of viruses in several ways.
It serves as a persistence mechanism, allowing the virus to survive periods of poor
environmental circumstances that do not support an ongoing active infection. It
furthermore provides an archive of viral variants, thus increasing viral diversity.
Reactivation of dormant variants may help a viral quasispecies adapt to new se-
lection pressures (whether these arise from transmission to a new host, from the
evolution of resistance in the host organisms, of from something else), especially if
these new selection pressures are similar to selection pressures experienced by the
virus in the past.

6.2. The role of out-of-equilibrium dynamics in
evolution

In many introductory theoretical biology courses, one of the first things discussed is
how to find the equilibria of biological models (in this case: systems of differential
equations) and determine their stability. These are critical skills that allow us to
analyse the long-term dynamics of models and help us develop expectations for their
behaviour. However, focussing on equilibria might not always tell the full story.

A prime example of this are the results we obtained for the evolution of bacterio-
phage communication (chapter 3). Firstly, we showed that for most bacteriophages
parameter values are such that we should not expect phages and susceptible bac-
teria to coexist in equilibrium (in well-mixed populations). Since new infections no
longer occur once this equilibrium is reached, the lysis-lysogeny decision cannot be
under selection in equilibrium. To study the evolution of the lysis-lysogeny decision,
repeated or ongoing perturbations away from equilibrium are hence necessary; we
include this in our model by imposing a serial-transfer protocol.

Secondly, we argued that regulation by density cues by its very nature does not
line up with microbes living in equilibrium conditions. In deterministic models, such
as the ODE-model in chapter 3, this is very clear: once the system has converged
to equilibrium, the densities of different cell and phage types no longer change
over time and a cue conveying information about these densities is useless. In
populations with demographic stochasticity, such as the individual-based simulation
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model of chapter 4, the information conveyed by a density cue in a population close
to equilibrium is however also limited to small fluctuations in local density. While we
did find a regulatory mechanism that exploits these small, local density fluctuations
to control toxin production (chapter 4), regulation by cell density cues much more
readily arose under large, externally induced density fluctuations.The regulation
mechanisms that then evolved are highly robust against a range of perturbations
(chapter 4).

The serial transfer protocols that we used in chapters 3 and 4 expose the microbes
to different selection pressures at different times. Shortly after a transfer, the number
of competing microbes is low, resource (i.e., susceptible host cells or empty space
to expand into) is abundant, and the microbes are selected for fast exploitation of
this resource. As the resource is consumed and the number of microbes increases,
selection for fast resource exploitation becomes less important and the microbes are
selected for survival in a crowded microbial population. Regulation by arbitrium
(chapter 3) or a local cell density cue (chapter 4) allows the microbes to navigate
these changing environments, because they can thus adjust their phenotype to the
current balance between selection for fast resource exploitation and selection for
long-term competitiveness.

It might seem pedantic to so elaborately discuss the importance of culture con-
ditions for evolution. Obviously, culture conditions affect the environment the mi-
crobes grow in, and hence influence their evolution. The ways in which they do,
however, can be quite surprising. In a recent study, van Dijk et al. (2019) showed
that virtual microbes can evolve to anticipate the 24h-cycle of a serial transfer proto-
col. After a transfer, these virtual microbes rapidly deplete the available resources,
and then need to survive until the next transfer. While most microbes in these
evolved populations indeed survive for 24h, they die en masse if no new resource
is added for another few hours. Under the balance of selection for fast resource
exploitation and long-term persistence, these microbes have evolved to deplete the
available resource as fast as possible under the constraint that they still need to
survive long enough afterwards to just make it until the next transfer. These re-
sults should remind us to never take common protocols for granted, but to always
carefully consider how the conditions we expose microbes to (in models or in the
lab) might shape their evolution.
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6.3. Exploring the diversity of microbial warfare
and density-dependent regulation

When studying the evolution of bacterial toxin production and its density-dependent
regulation (chapter 4), we chose to model toxins with a relatively small action range
(low diffusion constant) that are potentially regulated by a density cue that is pro-
duced by all bacteria. These choices were made based on real-life examples of toxin
regulation (discussed in chapter 4). However, they are by no means the only rea-
sonable choices. Bacteria display a staggering diversity in mechanisms by which
they harm others (recently reviewed by Granato et al. (2019)), ranging from the
secretion of small toxic molecules to the expression of large speargun-like protein
structures that directly deliver toxins to neighbouring cells (the Type-VI secretion
system, T6SS (Basler, 2015)). The action spectrum of these mechanisms varies
widely: some toxins only affect bacteria of the same genus as the toxin-producing
strain, while others harm a broad range of microbes (Riley and Wertz, 2002a). The
spatial scales over which these mechanisms act are also very diverse. Diffusible
toxins, such as the colicins, act over several tens or hundreds of cell lengths from
the place they were produced (Chao and Levin, 1981; Weber et al., 2014). T6SS
and contact-dependent inhibition (CDI), on the other hand, require direct cell-cell
contact. The spatial scales of these interactions are bound to influence the spa-
tial structure of the populations in which they occur, which in turn will alter the
selection pressures on the interactions.

Microbial warfare mechanisms are also regulated in a large variety of ways (Corn-
forth and Foster, 2013; Gonzalez and Mavridou, 2019). Some toxins are produced
in response to highly specific quorum sensing signals that are produced by cells
of the same strain only, others in response to very general density cues, such as
peptidoglycan fragments (Korgaonkar and Whiteley, 2011) or the widely produced
auto-inducer 2 (Qi et al., 2004; Krin et al., 2006). Several toxins are secreted as part
of generic stress responses, others in response to cell damage, yet others in response
to nutrient limitation (see Cornforth and Foster (2013) for an extensive review).

Where did all this diversity come from? Is it functional? It has been argued
that many of these different stimuli are proxies for the same environmental con-
ditions: the presence of competitors (“competition sensing”; c.f., Cornforth and
Foster (2013)) or the direct threat of cell damage (“danger sensing”; c.f., LeRoux
et al. (2015)). If several different cues all convey approximately the same informa-
tion, diversity in regulatory mechanisms may arise from evolution “using whatever
is available”. However, it seems unlikely that the information conveyed by all these
different cues is equally useful for the regulation of any type of toxin. As an exam-
ple, consider toxins that, to be effective, require a minimum concentration that can
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only be reached if a substantial number of cells produces the toxin (such that toxin
production is effectively a cooperative behaviour among killer cells). For producers
of these toxins, information about the local density of co-killer cells is crucially im-
portant. Hence, a strain-specific quorum sensing signal seems more likely to evolve
than regulation by a more generic cue.

Which type of regulation should we expect for which toxins? Models like the one
presented in chapter 4 can help to assess the evolutionarily feasibility of different
toxin regulation mechanisms under different circumstances. Recent experimental
developments now also allow us to look at bacterial communities at the level of
single cells, tracking the expression of toxin genes and signalling molecules over time
(Mavridou et al., 2018; von Bronk et al., 2019; Bottery et al., 2019; Lories et al.,
2020). Combining models with such experiments will allow us to further explore the
complexity of bacterial interference competition and competition sensing.

6.4. The many scales of natural selection

Throughout this thesis, we have emphasised that microbial evolution is a multiscale
or multilevel process. In chapter 2, we explicitly incorporated two levels in the model
of HIV evolution. These levels correspond to different time scales: within-host evolu-
tion happens over much shorter time scales than between-host evolution. The serial
transfer protocols in chapter 3 and 4 also exposed the microbes to selection pres-
sures that vary over time: on short time-scales fast resource exploitation is favoured,
while on longer time-scales other phenotypes (lysogeny or toxin production) are se-
lected to ensure persistence. Furthermore, in the spatially structured populations of
chapter 4 bacteria were selected on the spatial structure of the colonies they form.
In other words, colony-level selection emerged. Finally, in chapter 5 we developed
a formal definition of multiscale evolution in space, defining local and interlocal
selection for varying length scales.

How do selection pressures at these different scales (e.g., space and time) relate
to each other? I will here argue that they are often different sides of the same coin,
but that adopting several perspectives (e.g., a spatial and a temporal view) might
lead to additional insights.

As an example, consider the evolution of pathogen transmissibility in the SI-
model discussed in chapter 5. In chapter 5, we showed that this is a spatial multi-
scale evolutionary process: local selection favours higher values of transmissibility,
but interlocal selection on transmissibility is negative (see Fig 5.3). The spatial de-
composition captures the effects of local self-shading (Boots and Sasaki, 1999): while
pathogens with higher transmissibility spread faster than their neighbours within a
local environment (and hence have higher fitness), pathogens with high transmissi-
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bility rapidly deplete their surroundings of susceptible individuals, such that they
are often found in areas with few susceptible individuals (i.e., in patches with high
mean transmissibility, pathogen fitness tends to be low). The spatial decomposition
of selection formally describes these differences between local and interlocal selec-
tion, and allows one to determine how each spatial scale contributes to selection. It
is however not the only framework in which this system can be analysed.

First, we could consider the system in a multilevel selection framework, stating
that global selection for pathogen transmissibility is the result of positive selec-
tion favouring increased transmissibility at the individual level, and negative selec-
tion favouring pathogen restraint at the level of patches. To formalise this argu-
ment, we would need to define this higher-level entity (“the patch”), after which we
could calculate within-patch and between-patch selection (similar to the within- and
between-group selection components in Wilson’s trait group model of altruism, see
chapter 1). An advantage of this multilevel approach is that it explicitly acknow-
ledges the existence of emergent higher-level entities. This is not well illustrated
in the example considered here, because the spatial structures that emerge in the
SI-model are highly variable and higher-level entities cannot be easily defined (see
Fig 5.3b). In other models of evolution in spatially structured populations, however,
clear, distinct higher-level entities can emerge. For instance, in a model of pathogen
evolution that includes host resistance (SIR-model), the system self-organises into
spiral waves and evolution is shaped by selection pressures at the level of these
spiral waves (van Ballegooijen and Boerlijst, 2004). The colony structure in the
altruism-model in chapter 5 is another example (see Fig 5.2b). A disadvantage of
the multilevel approach, however, is that structures other than the recognised levels,
e.g., any spatial structure within the higher-level entities, are ignored (see chapter 5:
discussion of the altruism model).

Second, we could consider selection over different time scales, rather than differ-
ent spatial scales (Goodnight et al., 2008). Consider a mutant pathogen with high
transmissibility that arises in a population of pathogens with intermediate trans-
missibility. Over short time scales, this mutant has a high fitness. Because of its
fast local reproduction the mutant will however reduce the number of susceptible in-
dividuals in its vicinity (self-shading), resulting in a decreasing contribution to new
generations of pathogen. Over long time scales, the mutant’s fitness is hence low.
This approach nicely captures the time it takes for spatial self-structuring to arise
and affect pathogen evolution. It however only implicitly captures the reason why
the mutant’s fitness over long time scales is low, namely, the spatial confinement of
interactions and resulting spatial self-structuring.

Last, we could consider the system in an inclusive fitness framework (Wild et al.,
2009), describing the fitness of a mutant pathogen in terms of how its behaviour
impacts its own fitness and the fitness of its relatives. This approach is also able to



6

186 Chapter 6. Discussion

capture the effects of self-shading, now stressing that individuals with high transmis-
sibility have a relatively low inclusive fitness because they exhaust the environment
of individuals that tend to be related and hence have a high transmissibility too.
The inclusive fitness framework highlights the impact of assortment (i.e., individu-
als mostly affect their relatives). It however only implicitly captures the underlying
reason for this assortment: the spatial confinement of interactions and resulting
spatial self-structuring.

The discussion above shows that the same process (self-shading by pathogens
results in the selection of intermediate levels of pathogen transmissibility) can be
approached from different perspectives. Is one perspective better than the others?
Each perspective highlights the effects of a particular structure that is present in
the simulated population: (i) spatial structure (multiscale framework), (ii) hierarchi-
cal levels of organisation (multilevel framework), (iii) temporal correlation between
phenotype of ancestors and the environment of their descendants (time scale frame-
work), and (iv) phenotypic assortment (inclusive fitness framework; note that in
this model inheritance happens at the phenotype level). Each of these frameworks
is a tool that may help us to recognise these structures and determine how they
affect evolution. Which type of structure provides most insight - and hence which
framework is most useful - depends on the system we study and the questions we
ask.

6.5. Concluding remarks

Microbes live in complex environments, in which their evolution is shaped by many
different selection pressures. Experimental and (meta)genomic studies continue to
reveal new ways in which microbes interact with each other and their environment.
Modelling these interactions allows us to investigate the feasibility of specific hy-
potheses, but also more generally lets us explore the structures that emerge from
microbial interactions bottom-up. Combined with experiments, models will con-
tinue to increase our understanding of microbial evolution as the multiscale process
it is.
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Samenvatting

Overal ter wereld leven microben: levensvormen die te klein zijn om met het blote
oog te zien, zoals bacteriën en virussen. Microben zijn een onmisbaar onderdeel
van ecosystemen. Zo breken zij bijvoorbeeld organisch materiaal af, waardoor bio-
logische bouwstoffen weer beschikbaar komen voor andere organismen. Ook het
menselijk leven wordt sterk beïnvloed door microben. De meeste infectieziekten
worden veroorzaakt door bacteriën en virussen. Maar aan de andere kant worden
bepaalde voedingsmiddelen, zoals yoghurt, geproduceerd met behulp van bacterie-
culturen, en helpen de microben in onze darmen bij het verteren van voedsel.

Onder de juiste omstandigheden planten veel microben zich meerdere keren per
dag voort, en soms zelfs een paar keer per uur. Hun generatietijd is dus erg kort.
Daarnaast bestaan microbiële populaties doorgaans uit erg grote aantallen orga-
nismen. In zo’n grote populatie ontstaat gemakkelijk genetische diversiteit door
mutaties. Door overerving en natuurlijke selectie zullen vervolgens microben met
de gunstigste eigenschappen de populatie gaan domineren. Vanwege de korte gene-
ratietijd van microben gaat deze evolutionaire aanpassing doorgaans erg snel. Dit
maakt populaties van microben tot goede modelsystemen voor het bestuderen van
evolutie, en evolutionaire experimenten in laboratoria hebben op dit vlak al tot veel
nieuwe inzichten geleid. Het maakt echter ook duidelijk dat evolutie een cruciaal
onderdeel is van de dynamica van populaties van microben. We kunnen pas echt
begrijpen hoe een ziekteverwekker zich op lange termijn in een populatie van gast-
heren gedraagt, of hoe de interacties in een gemeenschap van bacteriën ontstaan en
blijven bestaan, als we de evolutie van deze microben bestuderen.

Evolutie door middel van natuurlijke selectie zorgt ervoor dat een populatie van
organismen zich aanpast aan de omgeving. Deze omgeving is echter vaak veran-
derlijk in de tijd en in de ruimte. Meerdere tijd- en ruimte-schalen kunnen dan
een rol spelen in het evolutionaire aanpassingsproces. Neem bijvoorbeeld een virus
dat een infectieziekte veroorzaakt. Wanneer dit virus een gastheer (bijvoorbeeld
een mens) infecteert, zal het zich snel aanpassen aan zijn huidige omgeving: het
lichaam van deze specifieke gastheer. Op korte termijn worden dus virusdeeltjes
geselecteerd die zich het beste kunnen vermeerderen in de huidige gastheer. Echter,
om op lange termijn succesvol te zijn zal het virus ook van gastheer op gastheer
overgedragen moeten worden, zodat het zich kan verspreiden in de gastheerpopu-
latie. Er vindt dus op twee verschillende niveaus natuurlijke selectie plaats: op
het binnen-gastheer en het tussen-gastheer-niveau. Deze niveaus komen overeen
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met verschillende tijdschalen: aanpassingen op het binnen-gastheer-niveau vinden
plaats op korte tijdschalen, aanpassingen op het tussen-gastheer-niveau op langere
tijdschalen. De selectie op de twee niveaus kan verschillende aanpassingen van het
virus vragen: een virusvariant die zo is aangepast dat hij zich snel vermenigvuldigt
binnen het lichaam van een gastheer is niet noodzakelijkerwijs ook goed toegerust
om zich te verspreiden van gastheer op gastheer. De uiteindelijke resultaten van
het evolutieproces, en dus de eigenschappen van het virus, worden bepaald door de
combinatie van selectiedrukken op de verschillende niveaus.

Het belang van verschillende tijd- en ruimteschalen voor evolutie komt ook naar
voren in de structuur van populaties van microben. De afgelopen decennia is steeds
duidelijker geworden dat de meeste microben niet afgezonderd leven, maar als on-
derdeel van complexe microbiële gemeenschappen. In deze gemeenschappen con-
curreren de microben om voedingsstoffen, maar wordt er ook samengewerkt. Zo
produceren sommige microben signaalstoffen waarmee zij hun aanwezigheid commu-
niceren aan anderen. Ook worden er zogeheten public goods geproduceerd: stoffen
die niet alleen een voordeel opleveren voor degene die de stof produceert, maar voor
alle microben in de buurt. Een voorbeeld hiervan zijn enzymen die voedingsstoffen
vrij maken uit de omgeving, zodat die vervolgens opgenomen en verteerd kunnen
worden. Hier tegenover staat dat veel microben ook gifstoffen produceren, waarmee
zij naburige concurrenten aanvallen. Al deze interacties vinden plaats binnen een
bepaalde, vaak beperkte, afstand. Uit de lokale interacties tussen microben komt
een ruimtelijke structuur voort waarin bepaalde microben op bepaalde locaties goed
kunnen gedijen, terwijl op andere locaties andere microben het beter doen. Deze
ruimtelijke structuur, die afhangt van de ruimtelijke schalen waarop de onderlig-
gende interacties plaatsvinden, bepaalt hoe de omgeving van microben eruitziet, en
beïnvloedt zo hun evolutie.

De titel van dit proefschrift, “Evolutie van microben op verschillende schalen”,
heeft een dubbele betekenis. Ten eerste beschrijft dit proefschrift meerdere studies
waarin wordt gekeken hoe de evolutie van microben afhangt van processen op ver-
schillende tijd- en ruimteschalen. Hiervoor worden wiskundige modellen en digitale
simulatiemodellen gebruikt. We bekijken verschillende voorbeelden, zoals het effect
van ruimtelijke structuur op de interacties tussen microben en het effect van selectie
op binnen-gastheer- en tussen-gastheer-niveau op de evolutie van ziekteverwekkers.
Ten tweede vertegenwoordigen de voorbeelden die we behandelen microben op ver-
schillende “schalen”: we bestuderen de evolutie van een humaan virus (HIV; Hoofd-
stuk 2), virussen die bacteriën infecteren (Hoofdstuk 3) en bacteriën (Hoofdstuk
4).

Hoofdstuk 2 is een studie naar de evolutie van het humaan immunodeficiën-
tievirus (HIV), het virus dat de ziekte AIDS veroorzaakt, waarin we ons specifiek
richten op de gevolgen van latente celinfectie. Wanneer HIV een cel infecteert, leidt
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dit meestal tot een actieve infectie van die cel: het virus vermeerdert zich in de cel
en na 1 tot 2 dagen wordt de cel opengebroken zodat de nieuwe virusdeeltjes vrijko-
men. Naast deze actieve celinfectie komen er echter ook latent geïnfecteerde cellen
voor, waarin het virus zich niet vermenigvuldigt. Deze cellen kunnen maanden en
soms zelfs jaren een inactief virus met zich meedragen, totdat het virus gereacti-
veerd wordt en de cel alsnog actief geïnfecteerd raakt. Deze reservoirs van latent
geïnfecteerde cellen zijn de belangrijkste reden waarom HIV-patiënten niet genezen
kunnen worden: omdat het virus in de latent geïnfecteerde cellen niet actief is, is
het onzichtbaar voor het immuunsysteem en voor medicijnen. De aanwezigheid van
de latente reservoirs heeft echter mogelijk ook gevolgen voor de evolutie van het
virus: omdat het virus zich niet voortplant in deze cellen, zijn de reservoirs een
soort evolutionaire vriezers, waarin oude varianten van het virus bewaard blijven.

In hoofdstuk 2 gebruiken we een wiskundig model om te onderzoeken hoe groot
het effect is van de latente reservoirs op de evolutie van HIV. We laten eerst zien
dat een latent reservoir de evolutie van het virus binnen een gastheer flink kan ver-
tragen. Hierdoor past het virus zich langzamer aan aan de huidige gastheer en blijft
de virusvariant waarmee de gastheer oorspronkelijk geïnfecteerd is geraakt lange
tijd aanwezig. Vervolgens bekijken we hoe deze vertraagde binnen-gastheer-evolutie
doorspeelt op het tussen-gastheer niveau. Ook zonder behandeling leven mensen met
HIV vaak lang voordat zij AIDS ontwikkelen en uiteindelijk sterven (2–20 jaar), en
het virus veroorzaakt al die tijd actieve celinfecties die een levenscyclus hebben van
1–2 dagen. Dus zou je verwachten dat het virus zich in die tijd volledig aanpast
aan zijn huidige gastheer, zelfs als deze aanpassingen ten koste gaan van het ver-
mogen om van gastheer op gastheer overgedragen te worden. Dit zien we inderdaad
gebeuren in het model wanneer we het latente reservoir buiten beschouwing laten;
het virus blijkt zich dan nauwelijks aan te kunnen passen op het tussen-gastheer ni-
veau. Maar wanneer we een latent reservoir meenemen in ons model, verandert dit:
de vertraging in de binnen-gastheer-evolutie zorgt ervoor dat het virus zich beter
aan kan passen op tussen-gastheer niveau, waardoor het virus op de lange termijn
succesvoller is. Deze modelvoorspellingen zijn in lijn met observaties uit verschil-
lende epidemiologische datasets, die suggereren dat HIV inderdaad aangepast lijkt
om optimaal van mens op mens overgedragen te kunnen worden. Het wiskundige
model helpt ons dus om de observaties uit de natuur te begrijpen.

Hoofdstuk 3 gaat ook over virussen, maar met een andere gastheer: bacteriën
(deze bacterie-virussen worden bacteriofagen of fagen genoemd). In dit hoofdstuk
onderzoeken we de evolutie van een recent ontdekt communicatiesysteem tussen
bacteriofagen (Erez et al., 2017). Deze fagen dragen de code voor een signaalmo-
lecuul in hun genetische materiaal. Wanneer zo’n faag een bacterie infecteert, zet
hij de bacterie aan tot de productie van dit signaalmolecuul. Dit signaal beïnvloedt
vervolgens het gedrag van andere fagen in latere infecties. Steeds wanneer deze fa-
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gen een bacterie infecteren, moeten zij “beslissen” om ofwel een actieve infectie te
veroorzaken, waarin nieuwe virusdeeltjes worden geproduceerd en de bacterie wordt
opgeblazen om deze vrij te laten (de lytische cyclus), of een latente infectie, waarin
het virus-DNA bewaard blijft in de bacterie en alleen vermeerderd wordt wanneer
de bacterie zich deelt (de lysogene cyclus). Deze beslissing wordt genomen op basis
van biochemische interacties, en het signaalmolecuul wordt hierin gebruikt als bron
van informatie. Als de concentratie van dit signaal laag is, “kiezen” de fagen vaak
voor een actieve infectie, maar als de signaalconcentratie hoog is, “kiezen” ze juist
vaak voor een latente infectie.

De ontdekking van dit virus-communicatiesysteem roept veel vragen op. Waarom
produceren de fagen deze signaalmoleculen? Hoe heeft dit systeem kunnen evolue-
ren? En welke communicatiestrategieën zijn evolutionair gezien het voordeligst? In
hoofdstuk 3 beschrijven we een evolutionair wiskundig model waarmee we antwoord
kunnen geven op deze vragen. We vergelijken de communicerende fagen met fagen
die bij iedere infectie willekeurig kiezen tussen actieve of latente infectie, waarbij
de kans op latente infectie wel kan evolueren (en dus geoptimaliseerd kan worden
onder de omstandigheden die de fagen ervaren). De communicerende fagen blijken
een evolutionair voordeel te hebben omdat zij zich tijdens een virusuitbraak kunnen
aanpassen aan de beschikbaarheid van gastheercellen. Vroeg in een uitbraak zijn er
veel gastheercellen beschikbaar omdat er nog maar weinig infecties hebben plaats-
gevonden (de concentratie van het signaalmolecuul is dan dus laag). Het is dan
voordelig om actieve infecties te veroorzaken, omdat de nieuw geproduceerde virus-
deeltjes weer andere cellen kunnen infecteren. Later in de uitbraak, als een groot
deel van de gastheercellen al geïnfecteerd is geraakt (en de concentratie van het
signaalmolecuul hoog is), vervalt dit voordeel. Een latente infectie kan er dan juist
voor zorgen dat de faag voor langere tijd bewaard blijft in de latent geïnfecteerde
bacterie. Alhoewel deze uitleg hoe de communicatie tussen virussen kan evolueren al
eerder was geopperd, is ons model het eerste dat deze verklaring in theorie heeft be-
vestigd. Maar nog belangrijker is dat het model inzicht geeft in de omstandigheden
waaronder communicatie tussen virussen kan ontstaan (en wanneer dus niet): het
communicatiesysteem is alleen evolutionair voordelig als het virus regelmatig grote
uitbraken veroorzaakt in nieuwe, nog niet geïnfecteerde gastheerpopulaties. On-
der deze omstandigheden voorspelt het model een optimale communicatiestrategie
waarbij de virussen vroeg in een uitbraak uitsluitend actieve infecties veroorzaken,
en omschakelen naar latente infecties wanneer de helft van de gastheerpopulatie
geïnfecteerd is geraakt.

De concentratie van het door de fagen geproduceerde signaalmolecuul geeft in-
formatie over het aantal bacteriën dat recent door een faag geïnfecteerd is, en is
daarmee een maat van de “infectiedichtheid”. Het gedrag van de fagen wordt ver-
volgens gereguleerd door deze dichtheidsmaat. Regulatie aan de hand van dichtheid
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komt ook veel voor onder bacteriën. Een belangrijk voorbeeld hiervan is de produc-
tie van giftige stoffen (toxines) die gericht zijn tegen andere bacteriën. Veel bacteriën
produceren deze toxines niet continu, maar alleen als er veel andere bacteriën in de
buurt zijn (oftewel: als de lokale dichtheid van bacteriën hoog is). In hoofdstuk
4 wordt een computersimulatiemodel beschreven dat wij ontwikkeld hebben om de
evolutie van dit soort dichtheidsgereguleerde toxineproductie te bestuderen. In dit
model wordt een groot aantal bacteriën gesimuleerd, die kunnen verschillen in een
aantal “genetische” eigenschappen: of ze toxines produceren of niet, of ze resistent
zijn tegen de toxines of niet, en of ze veranderingen in de lokale bacterie-dichtheid
gebruiken om hun toxineproductie en -resistentie te reguleren. Het fenotype van de
bacteriën – of ze toxine produceren of niet, en of ze resistent zijn of niet – hangt af
van deze “genen” én de lokale bacterie-dichtheid. Op basis van dit fenotype, en de
fenotypes van naburige bacteriën waarmee zij in competitie zijn, heeft elke bacterie
in het model een bepaalde kans om zich voort te planten en om dood te gaan. Aan
de hand van deze kansen simuleren we de populatiedynamica van honderden tot
duizenden generaties bacteriën, en kijken vervolgens welke bacterie-eigenschappen
succesvol zijn en welke niet. Zo kunnen we een evolutionair proces digitaal simu-
leren. In dit simulatiemodel wordt expliciet rekening gehouden met de ruimtelijke
structuur van bacteriepopulaties: bacteriën in het model bevinden zich in een 2D
ruimte en hebben alleen interacties met bacteriën in hun directe omgeving. Deze
lokale interacties zorgen ervoor dat er ruimtelijke patronen kunnen ontstaan, waarin
de omgeving van een bacterie (en dus de selectiedrukken op de eigenschappen van
de bacterie) sterk afhangt van waar hij zich in het patroon bevindt.

In het model stellen we de bacteriepopulaties bloot aan twee verschillende om-
standigheden: (1) een constante habitat, waarin de enige schommelingen in lokale
dichtheid voortkomen uit de interacties tussen bacteriën (bijvoorbeeld doordat bac-
teriën worden gedood door de toxines van een ander), en (2) een regelmatig veran-
derende (fluctuerende) habitat, waarin regelmatig een klein deel van de populatie
wordt geselecteerd en wordt overgebracht naar een nieuwe omgeving die vervol-
gens door de bacteriën wordt gekoloniseerd. Deze laatste situatie lijkt bijvoorbeeld
op een ziekteverwekker die voortdurend wordt overgedragen op nieuwe gastheren.
De simulaties laten zien dat dichtheidsafhankelijke toxineproductie kan ontstaan in
beide habitats maar vaker voorkomt in de fluctuerende habitat (waarin de dichtheid
veel sterker varieert over tijd en ruimte dan in de constante habitat). Bacteriën die
in de fluctuerende habitat zijn geëvolueerd vormen kolonies met een heel specifieke
ruimtelijke structuur (zoals te zien in Figuren 4.5c en 4.6a): aan de randen van de
kolonie produceren deze bacteriën geen toxines, terwijl zij dat in het midden van
de kolonie wel doen. Deze structuren zijn ontstaan omdat de bacteriekolonies bloot
worden gesteld aan twee verschillende selectiedrukken. Aan de ene kant moeten
de bacteriën regelmatig een nieuwe omgeving koloniseren, en dat gaat het snelst
wanneer er niet in de productie van toxines hoeft te worden geïnvesteerd. Aan de
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andere kant kan het produceren van toxines heel voordelig zijn wanneer de bacte-
riekolonie in contact komt met een andere kolonie, die mogelijk gevoelig is voor het
toxine. Door de productie van toxines te reguleren op basis van de lokale dichtheid,
kan een bacteriekolonie én snel groeien (omdat aan de randen, waar de lokale dicht-
heid laag is, geen toxines worden geproduceerd), én competitief zijn in het contact
met anderen (omdat er bij hoge dichtheid wel toxines worden geproduceerd). Het
simulatiemodel voorspelt dus dat bacteriën geselecteerd worden op een specifieke
kolonie-structuur. De volgende stap is om te onderzoeken of bacteriekoloniën in de
natuur ook daadwerkelijk zulke structuren vormen.

In hoofdstuk 4 hebben we gezien dat ruimtelijke structuur bepalend kan zijn voor
evolutionaire processen. In hoofdstuk 5 stellen we de algemene vraag of, en zo ja
hoe, we het effect van verschillende ruimtelijke schalen op evolutie wiskundig kun-
nen definiëren. We richten ons hierbij op populaties met lokale interacties waaruit
ruimtelijke patronen kunnen ontstaan (zoals de bacteriepopulaties van hoofdstuk
4), en ontwikkelen nieuwe wiskundige theorie om selectie op verschillende ruim-
teschalen in dit soort populaties te beschrijven. Als uitgangspunt nemen we de
selectie-differentiaal uit de Price-vergelijking (Price, 1970). De selectie-differentiaal
geeft weer welk gedeelte van de verandering in een eigenschap van organismen over
een bepaalde tijd kan worden toegeschreven aan (natuurlijke) selectie. We laten zien
dat we deze selectie-differentiaal kunnen opdelen in een lokale selectiecomponent,
die het effect beschrijft van alle processen die op kleine schaal plaatsvinden, en een
interlokale selectiecomponent, die het effect beschrijft van alle processen op grotere
schaal. Hierbij kan bijvoorbeeld worden gedacht aan de evolutie van de productie
van een public good: een product dat een competitief voordeel oplevert voor alle
individuen in de buurt. Als we alleen de lokale competitie bekijken, is het voor een
individu voordelig om minder public good te produceren dan zijn buren. Dit indi-
vidu hoeft dan immers minder te investeren in de productie van public good, terwijl
hij wel profiteert van het public good dat door zijn buren geproduceerd wordt, en
daardoor kan hij zich sneller voortplanten dan zijn buren. Als we op een grotere
schaal kijken, zien we echter het tegenovergestelde: individuen die zich in een om-
geving bevinden waarin gemiddeld veel public good wordt geproduceerd, zijn beter
af dan individuen in omgevingen waarin weinig public good geproduceerd wordt.
Vanwege lokale reproductie zullen individuen die veel public good produceren vaker
in de buurt zitten van anderen die ook veel public good produceren. Op de grotere
schaal vinden we dus een voordeel voor individuen die meer public good produceren.
De lokale en interlokale selectiecomponent vangen deze twee effecten, en laten zien
hoe groot hun bijdrage is aan de uiteindelijke selectie op de productie van public
good. Door de schaal waarop we “lokaal” en “interlokaal” definiëren te variëren,
kunnen we vervolgens meten hoe verschillende ruimteschalen bijdragen aan de to-
tale selectie op een eigenschap als public-good-productie. Dit stelt ons in staat om
de voor natuurlijke selectie relevante ruimtelijke schalen te identificeren.
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De studies in dit proefschrift geven nieuwe inzichten in de evolutie van microben,
en laten zien hoe processen op verschillende tijd- en ruimteschalen hierin belangrijk
zijn. Wiskundige modellen en computermodellen, zoals gebruikt in dit proefschrift,
stellen ons in staat om specifieke hypotheses over microbiële evolutie te testen (zoals
in hoofdstuk 3), maar kunnen ook worden gebruikt om te verkennen welke structu-
ren kunnen voortkomen uit de interacties tussen microben (zoals in hoofdstuk 4).
Door modellen te combineren met lab-experimenten en data uit de natuur, daarbij
rekening houdend met de vele tijd- en ruimteschalen die een rol spelen, zullen we
de evolutie van microben steeds beter begrijpen.
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