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Abstract

Organisms in nature cooperate with one another, facilitating each other’s survival and repro-
duction. Since cooperators may experience reduced fitness compared to non-cooperators, why
cooperation evolves has been an enigmatic question in evolutionary biology. Ecologically, due
to a phenomenon called the Allee effect, small populations of cooperators can be particularly
vulnerable to extinction. How do cooperators persist despite these seemingly adverse phenom-
ena that threaten their survival on ecological and evolutionary timescales? Spatial structure
is known to be one of the factors that can allow cooperation to evolve. However, the links
between the ecology of Allee effects and the evolution of cooperation in spatially structured
populations remain unexplored. In this thesis, I use a stochastic metapopulation framework
to mathematically model the ecology and evolution of cooperation. Using numerical analyses,
I reveal that small-scale Allee effects can disappear on larger spatial scales, enabling small
populations to colonise spatially structured habitats. Further, I show that a metapopulation
structure favours the evolution of cooperation in a situation where cooperation cannot evolve
in a well-mixed population. I connect these results to metacommunity concepts, unifying the
theories of cooperation and metacommunity ecology. My results suggest a mechanism rooted
in metacommunity ecology, to explain the evolution of cooperation. In addition to contributing
new paradigms to ecological and evolutionary theory, these findings are also relevant to applied
fields such as wildlife conservation and invasion biology.
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Chapter 1

Introduction

The problem of pattern and
scale is the central problem in
ecology, unifying population
biology and ecosystems science,
and marrying basic and applied
ecology.

Simon Levin (1992)

Ecology and evolution are complex disciplines that are deeply interconnected. They tran-
scend spatiotemporal scales and levels of biological organisation, producing a large and diverse
quantity of biological results through experiments and observation. To make sense of these
observations of the natural world, it is essential to have a body of theory that serves as a
conceptual framework to explain and predict ecological and evolutionary phenomena. Theoret-
ical work often involves constructing mathematical models of a system and analysing them to
obtain insights into its characteristics. Mathematical models also help strip the system of its
non-essential parts and focus on what matters biologically (Levins, 1966).

Today, ecology and evolution are among the subdisciplines of biology with the richest theory
available. A central concept in both ecology and evolution is competition, which has acted as
a mainspring of ecological and evolutionary theories. Organisms compete with each other for
resources, and this competition negatively impacts their growth. In ecology, prominent models
ranging from the logistic model (Verhulst, 1838) to Lotka-Volterra competition models (Lotka,
1932; Volterra, 1926) to Tilman’s consumer-resource models (Tilman, 1982) have focused on
competition as a driver of population dynamics. In evolution, the idea of a “struggle for exis-
tence” (Darwin, 1859) dominated for a long time. Individuals have varied competing abilities,
and the best ones survive and reproduce better, increasing in proportion in the population.
While competition is indeed the cornerstone of ecology and evolution, an excessive focus on it
leaves out another important biological phenomenon: cooperation.

As is largely documented, organisms can also cooperate with each other, helping each other’s
survival and reproduction. Cooperation is known to take place in taxa ranging from bacteria
to mammals. Cooperation can occur both among individuals of the same species and among
individuals of different species and is now recognised to play an important role alongside compe-
tition. Though cooperation has received less attention than competition in theoretical studies,
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a large body of literature also exists on the role of cooperation in shaping population dynam-
ics. However, the ecology and evolution of cooperation have largely been treated separately
despite the obvious links between the two fields. This thesis is an attempt to bridge the ecology
and evolution of cooperation and understand how cooperation interacts with competition on
different spatiotemporal scales.

While an idealist mind may be at first delighted to hear about the importance of cooperation
in biology, the biological world is not a utopia. As we will see throughout the thesis, cooperation
is fragile on both ecological and evolutionary timescales. Nevertheless, cooperation persists in
nature in a wide range of taxa. What factors cause cooperation to be fragile and sensitive? What
enables cooperation to persist despite its vulnerability to these factors? How do the ecology and
the evolution of cooperation influence each other? What scenarios allow cooperators and non-
cooperators to coexist? This thesis engages with these questions using the tools of mathematical
modelling.

Particularly, we concentrate on two features of biological populations that can allow coop-
eration to persist on ecological and evolutionary timescales: spatial structure and stochasticity.
Populations are distributed in space, which affects who interacts with whom. Additionally,
chance phenomena play a major role in biology, making interactions inherently stochastic. The
thesis explores how the interplay of these two factors affects cooperation.

Spatial structure and stochasticity point towards a branch of ecology, namely, metacommu-
nity ecology (Leibold and Chase, 2017), where the ecological effects of these two facets have
been deeply investigated, both theoretically and empirically. However, metacommunity ecology
and the evolution of cooperation have remained detached topics (but see Parvinen, 2011, 2013),
leaving the links between them unexplored. Here, we ask, can metacommunity theory help us
understand the evolution of cooperation? Although our answer is affirmative, the thesis ex-
plains in detail the nuanced relationship between metacommunity theory and the evolution of
cooperation. Using the tools of metacommunity theory, we situate cooperation in an ecological
context. This allows us to investigate the evolutionary ecology of cooperation, revealing deep
associations between metacommunity concepts and the theories of cooperation.

Moreover, spatial structure brings one more factor into the picture: dispersal, or the move-
ment of organisms throughout their lifespans. We investigate how dispersal affects the ecology
and evolution of cooperation and how cooperation, in turn, affects the evolution of dispersal.
Finally, we probe the coevolution of cooperation and dispersal.

As we perform mathematical modelling in the thesis, parts of it may seem fraught with
equations and mathematical details. Nonetheless, we constantly insist on the biological impli-
cations of the results, which we hope makes the thesis accessible to anyone with a background
in ecology and evolution. The prerequisites assumed include the basics of ordinary differential
equations, linear algebra, dynamical systems and probability theory. The knowledge of stochas-
tic processes, metacommunity theory, and adaptive dynamics is useful but not required, as we
elaborate on these topics in the required detail in appropriate places. These methodological
prerequisites aside, a knowledge of the fundamentals of ecology and evolution is essential for
understanding the results of this thesis and their broader implications.

1.1 Cooperative interactions in nature

Cooperative behaviours and positive interactions are ubiquitous in nature. Organisms cooperate
in different contexts, including breeding, resource production or procurement, hunting, defence
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from predators, environmental conditioning and several other social interactions. In this section,
we provide illustrative examples of different types of cooperation. We use the term cooperation
sensu Jacobs (1984), i.e., in a wide sense, that refers to any interaction with conspecifics that
increases individual fitness.

Cooperation has important consequences for the ecology and evolution of populations. Eco-
logically, cooperation can lead to Allee effects that have negative consequences for population
growth and persistence. Evolutionarily, cooperation is susceptible to invasion by defectors who
freeload on the cooperators’ efforts, enjoying the benefits without contributing anything on
their own. This thesis aims to seek explanations for the ecological and evolutionary persistence
of cooperation and connect it to certain ecological theories.

In birds and mammals, cooperation takes numerous forms, including cooperative hunting,
cooperative feeding, cooperative breeding alarm calls to signal the presence of predators or
cooperative defence from predators through mobbing (Dugatkin, 1997). In these examples,
cooperators share the benefits they obtain or put themselves at risk for the sake of other
individuals.

In plants, examples of cooperation include creating favourable conditions for other plants,
supporting a useful resource, communicating about the presence of herbivores and synchronous
seed production or masting (Dudley, 2015).

An example of cooperation in microbial systems is the secretion of siderophores by bacteria.
Siderophores are iron-scavenging compounds that aid microbes in iron acquisition (Kramer
et al., 2020). Bacteria secrete siderophores in the surroundings, which sequester iron molecules,
followed by their uptake. Since these are extracellular compounds, some individuals could
defect by not manufacturing them but yet benefit from the siderophores produced by other
individuals (Kramer et al., 2020).

A similar situation occurs in yeast, where cells secrete an enzyme called invertase to break
down sucrose. Since the enzyme is released into the surroundings, cells can defect by reaping
its benefits without producing the enzyme (Greig and Travisano, 2004).

In cases such as these microbial examples, cooperation can be thought to occur through
a common good or a public good (Rankin et al., 2007), which is a resource shared among
individuals. Individuals contribute to this common good, and the benefits are shared with
everyone.

1.2 Allee effects: A consequence of cooperative interac-
tions

Obviously, cooperation requires multiple individuals to be present together. When organisms
cooperate, the consequences of such interactions can surface in population dynamics in the
form of Allee effects (Odum and Allee, 1954). The facilitatory interactions become dominant
over competition in small or sparse populations, with the consequence that increasing abun-
dance leads to an increase in each individual’s survival and reproduction and, hence, in the
population’s per capita growth rate. The effect of increased cooperation is greater than the
effect of increased competition at small abundances, due to which increased abundance benefits
population growth.

Allee effects can arise through several mechanisms. In addition to cooperative interactions
such as cooperative feeding, defence, and breeding, Allee effects also arise through mechanisms
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including limited availability of mates or habitat alteration (Kramer et al., 2009). Allee ef-
fects have been documented in several species that are important from the point of view of
conservation or harvest management or are invasive or pests (Kramer et al., 2009).

Allee effects can be classified into component Allee effects and demographic Allee effects
(Stephens et al., 1999). Component Allee effects refer to an increase in a particular component
of fitness with increasing abundance, whereas demographic Allee effects refer to an increase in
the overall fitness with increasing abundance. In this thesis, we will only be concerned with
demographic Allee effects. Another important classification of Allee effects is into strong and
weak Allee effects (Courchamp et al., 2008). In the case of strong Allee effects, a population’s
growth rate is negative below a threshold abundance called the Allee threshold. With a weak
Allee effect, the growth rate is positive but increasing at small abundances. In this thesis, we
shall only deal with strong Allee effects.

Due to strong Allee effects, a small population has a negative growth rate, making it difficult
for it to grow. Even for a large population, perturbations that reduce its size below the Allee
threshold can impede its regrowth. Then, how do populations experiencing strong Allee effects
persist in nature? How do they establish in newer habitats from small initial abundances? This
thesis explores two potential processes that can answer these questions.

First, natural populations are not governed by deterministic rules. Population dynamics
are inherently noisy. When stochastic fluctuations play an important role in the population
dynamics, the Allee threshold no longer remains a strict barrier. Instead, small populations
may be able to increase in abundance if the stochastic dice roll in their favour. However,
stochasticity can also undermine the stability of large populations and may cause them to
collapse.

Second, if the population in a certain location collapses, recolonising it would require in-
dividuals to arrive from outside. Migration from other spatial locations can also prevent a
population from going extinct due to Allee effects. To understand this, one needs to take a
broader outlook, viewing a patch inhabited by a population as embedded within a collection
of multiple such patches, from where immigrants can arrive to recolonise the patch or prevent
its extinction. Since the population within this patch faces an Allee effect, one might wonder
if the aggregate collection of patches also faces an Allee effect. Put differently, can the entire
landscape of patches be colonised by a population that has a small abundance, or is there a
threshold abundance required to colonise it? If such a threshold exists, how is it related to the
threshold at the level of a single patch?

To explore these questions, we inspect how patterns of Allee effects appear on different
spatial scales. We build a mathematical model of cooperation that displays strong Allee effects,
where the carrying capacity and the Allee threshold vary with the level of cooperation. Then,
we look at cooperators in a metapopulation and investigate whether a patch-scale Allee effect
produces a metapopulation-scale Allee effect.

1.3 Evolution of cooperation: A paradox?

As we have seen, cooperators are sensitive to Allee effects, which undermines their propensity
to persist and invade new habitats. But how does cooperation evolve in the first place? Coop-
eration often comes with a cost that affects survival and reproduction. While cooperation may
be beneficial if everyone cooperates, a defector who seeks the benefits without paying the cost
may fare better than cooperators who suffer from the cost.
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As an example, consider a scenario where each individual in the population can contribute
to producing a common good. This good can be consumed indifferently by everyone in the pop-
ulation. Producing the good is accompanied by a cost of reduced fitness, while its consumption
increases fitness. Suppose all individuals are cooperators, to begin with, and contribute to the
common good. Now, due to a mutation or external immigration, a defector enters the popula-
tion. The defector consumes the common good but does not produce it. It has a higher fitness
than the cooperators, because it reaps the benefits of the common good without paying the
cost that goes into its production. Thus, the defector survives and reproduces better. Eventu-
ally, the defector population increases and the cooperators disappear. In a population full of
defectors, the common good is not produced. If the common good is essential for survival, the
population will go extinct. This phenomenon, where individuals exploit a common resource
and destroy its value, is called the tragedy of the commons (Hardin, 1968).

While crude intuition may suggest that a tragedy of the commons should occur wherever
cooperation is involved, the biological examples previously discussed show that cooperation
clearly persists in nature. This apparent paradox demands an explanation.

There are several reasons that can be responsible for the evolution of cooperation, making
it robust against defectors (Nowak, 2006). First, though a tragedy of the commons occurs
in the common good example mentioned above, the way cooperation affects fitness may be
different in different situations. The payoffs received by individuals in their interactions may not
always facilitate defectors (Maynard Smith and Price, 1973). Second, individuals may interact
with each other multiple times during their lives, due to which cooperating once can lead to
future benefits, directly from the recipient (Trivers, 1971) or indirectly from others (Nowak
and Sigmund, 1998). Third, selection on the level of collectives of individuals may favour
cooperation if groups of cooperators are fitter than the groups of defectors (Maynard Smith,
1976). This is called multilevel selection (Lion and van Baalen, 2008), an example of which
is kin selection (Hamilton, 1963, 1964a,b). According to kin selection, cooperative behaviours
that increase the fitness of relatives can be favoured by selection. Fourth, in spatially structured
populations, cooperators may be able to huddle together and keep defectors at bay, promoting
the evolution of cooperation (Hauert and Doebeli, 2004; Nowak and May, 1992). These and
other factors, or their combinations thereof, may play a role in sustaining cooperation in the
long term.

Furthermore, cooperators and defectors are not always binary categories. Cooperation can
exist on a continuum, where the strategy of an individual lies somewhere between complete
cooperation and complete defection (Doebeli and Knowlton, 1998; Doebeli et al., 2004; Killing-
back and Doebeli, 2002; Wahl and Nowak, 1999). For example, in the common good example
described above, the investment into the common good can take continuous rather than dis-
crete values. Then, the population dynamics may depend on the level of cooperation in the
population (Lehmann, 2008), due to which the strength of the Allee effect and the equilibrium
abundance of the population varies with the level of cooperation. Under this scenario, what
happens when populations with different levels of cooperation compete? To what level does co-
operation evolve? Can populations with varying levels of cooperation coexist? These questions
demand an integration of ecological and evolutionary dynamics in a combined framework.

Though several resolutions to the apparent paradox of cooperation are possible, in this
thesis, we focus on the role of spatial structure. Incidentally, it also leads to an interpretation
through the angle of multilevel selection. To study the role of spatial structure, we employ a
metacommunity framework, which enables us to connect metacommunity theory and both the
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ecology of Allee effects and the evolution of cooperation.

1.4 Connecting metacommunity theory, Allee effects and
evolution of cooperation and dispersal

A metapopulation is a collection of populations interconnected by dispersal, whereas a meta-
community is a collection of such interconnected communities. Like most metacommunity
models, we shall use a model of two scales: local and regional. Throughout the thesis, the term
‘local’ shall refer to a single population or community in such a collection, present on a single
patch of habitat in space. The term ‘regional’ shall refer to the scale of the entire metapop-
ulation or metacommunity. We use the terms ‘local abundance’ (or ‘patch abundance’) and
‘regional abundance’ to refer to the population sizes on a patch and in the metapopulation,
respectively.

Since metacommunity ecology is a key aspect of this thesis, we briefly introduce some perti-
nent concepts from the field. Particularly, we discuss the four metacommunity archetypes (Lei-
bold and Chase, 2017), which are frameworks that represent metacommunities by highlighting
different properties and assuming different premises regarding the nature of metacommunities.

The four metacommunity archetypes are neutral theory, patch dynamics, species sorting and
mass effects. Neutral theory is the simplest of the archetypes, as it assumes that community
assembly and species coexistence occur due to stochastic events and dispersal rather than
niche differences. A central concept in neutral theory is ecological drift, the changes in species
abundances due to stochasticity.

The patch dynamics archetype assumes that the local abundances vary as a result of repeated
colonisations and stochastic extinctions. The habitat is assumed to be homogenous, due to
which coexistence can occur when species niches differ sufficiently. The local extinctions also
make the role of dispersal important. A central concept in this archetype is competition-
colonisation trade-off. This trade-off takes place when one species is a better competitor than
the other, but the other is better at colonising empty patches (for example, has a higher dispersal
rate). Thus, a competition-colonisation trade-off allows regional coexistence of different species,
though one of them is locally the superior competitor.

The species sorting archetype focuses on habitat heterogeneity and posits that different
species get sorted across local habitats according to the niche differences among them. Both lo-
cal and regional coexistence can be possible, depending on the species niches and the differences
in conditions (such as resources) across local patches.

Finally, the mass effects archetype assumes high dispersal rates that allow a species to
coexist in local habitats with conditions detrimental to its survival. A locally inferior competitor
may be able to locally coexist with the superior competitor, if it has a sufficiently high dispersal
rate. Mass effects can lead to source-sink dynamics, where large abundance patches (sources)
coexist with small abundance patches (sinks).

While these archetypes are distinct ways to look at metacommunities and make different
predictions, natural metacommunities are quite kaleidoscopic. They can be better understood
by integrating the archetypes and observing which processes have a greater role to play in
different types of metacommunities (Leibold and Chase, 2017; Lerch et al., 2023). In this thesis,
we apply these metacommunity concepts to cooperation to study its ecology and evolution.

As discussed above, dispersal is a key factor that influences metacommunity patterns and
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processes. Therefore, we explore how dispersal affects the evolution of cooperation. Since
dispersal is such an important trait, it is also under selection pressure. Naturally, one can flip
the argument and ask, how does cooperation affect the evolution of dispersal? We also deal with
this question and consider the evolution of dispersal as well as the coevolution of cooperation and
dispersal. Thus, we attempt to develop a holistic understanding of cooperation and dispersal
in the light of metacommunity ecology.

At various points in the thesis, we will come across patch dynamics, competition-colonisation
trade-offs, mass effects and source-sink dynamics. Ecological drift also forms the backbone of
several ideas presented throughout the thesis. Hence, this thesis serves to connect the theories
of metacommunities and cooperation using mathematical models.

1.5 An outline of the rest of the thesis

Summarising, we couple the tools from metacommunity theory and adaptive dynamics and
study how cooperators invade and persist in spatial habitats. Importantly, we view cooperation
through the lens of metacommunity concepts and propose a mechanism rooted in metacom-
munity ecology for the evolution of cooperation. The rest of this thesis is organised into five
chapters, whose contents can be briefly sketched out as follows:

e Chapter 2 is a methodological chapter. Different interconnected modelling formalisms are
discussed in short, and our choice of framework is expounded in detail.

e Chapter 3 explores cooperation on an ecological scale. The scaling of Allee effects from
smaller to larger spatial scales is investigated. Specifically, we study whether a patch-level
(local) Allee effect produces a metapopulation-level (regional) Allee effect.

e Chapter 4 is perhaps the most important chapter of the thesis. In this chapter, we
capitalise on Chapter 3 and examine the evolution of cooperation in a metapopulation.
Specifically, we ask whether cooperation can evolve on the metapopulation (regional)
scale, if defectors always win over cooperators on the patch (local) scale. If yes, what
conditions favour the evolution of cooperation? We also delve into the coexistence of coop-
erators and defectors, scrutinising the factors that lead to regional and local coexistence.
We propose a metacommunity theory-based mechanism for the evolution of cooperation.

e In Chapter 5, we consider the evolution of dispersal and its coevolution with cooperation.

e Chapter 6 is the Discussion. In this ultimate chapter, we discuss the implications of our
results for ecological and evolutionary theory, their relations to the results from other
studies and their applications. We conclude by discussing some unanswered questions,
the limitations of our work and suggestions for how future studies could overcome them.

e Appendices A, B and D provide supporting analytical and numerical results for Chapter 2
and 3. Appendix E provides supporting results for Chapter 4. Appendix F mentions
technical details on numerical calculations and programming.

In a nutshell, this thesis is an attempt to connect metacommunity ecology and the evolution
of cooperation. Using a model of linked patches, we link the two theories and reveal elegant
explanations for the observed phenomena based on both theories. We hope that the thesis
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piques the readers’ curiosity in metacommunities and cooperation and motivates a broader
integration of concepts in ecology and evolution.



Chapter 2

Modelling stochastic, spatially-structured
populations

Paradoxically, perhaps the
major weakness of traditional
community ecology, and why it
has so conspicuously failed to
come up with many patterns,
rules and workable contingent
theory, is its overwhelming
emphasis on localness.

John Lawton (1999)

In nature, it is rare to find a population where an individual is equally likely to interact with
every other individual in the population. Location in space is one of the most important factors
that influence the likelihood of interaction among individuals. Thus, to develop ecological and
evolutionary theory that provides deeper biological insights, it is essential to take space into
account.

Lawton (1999) attributed the shortcomings of contemporaneous ecological theory to an
excessive focus on local dynamics that overlooks spatial interactions and scaling. Although
metacommunity ecology (Leibold et al., 2004; Leibold and Chase, 2017) has remedied several
of the drawbacks rooted in an emphasis on local themes, it has also underscored the importance
of understanding the scaling of outcomes.

As explained in Chapter 1, our objective is to investigate the evolutionary ecology of cooper-
ation in metapopulations. On an ecological scale, we shall explore how local Allee effects appear
at the metapopulation level. On an evolutionary scale, we shall explore how a metapopulation
structure allows cooperation to evolve where defecting is the locally dominant strategy. It is
essential to choose an appropriate modelling framework that is methodologically simple and
elegant but permits sufficient ingredients to model cooperative interactions and Allee effects in
a spatial setting. Moreover, since stochasticity plays a key role in metacommunity theory, we
need a framework that seamlessly integrates space and stochasticity in a manner that we can
use to explore our research questions.

Myriad approaches exist for modelling spatially structured populations, ranging from meth-
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ods that characterise individuals by spatial coordinates to those that treat space in a tacit,
indirect fashion. In this chapter, we briefly summarise the gist of different modelling methods.
Then, we explicate the Lerch et al. (2023) framework used throughout this thesis. Starting
with a single species nonspatial deterministic model, we add layers of complexity to construct
a stochastic metapopulation model. While the simpler models serve to build intuition as well
as to focus on local outcomes, the metapopulation model helps us understand the outcomes
on a regional scale. Further, we explain how the model extends to two species and the eco-
evolutionary methods applied to study invasion dynamics in the model, including adaptive
dynamics in the nonspatial model and the use of pairwise invasibility plots (PIPs).

2.1 Methods to model spatially structured populations

Approaches to model spatial population dynamics in ecology and evolution can be broadly
classified into spatially explicit and spatially implicit methods (Tilman et al., 1998), though they
may also be thought to exist on an explicit-implicit continuum. Spatially explicit models assume
that organisms are present and move in a hypothetical space— usually a two-dimensional
plane— and certain coordinates can characterise their location. Thus, these models constitute
a simplified projection of the actual spatial dynamics.

Examples of spatially explicit modelling frameworks include reaction-diffusion equations
(Kierstead and Slobodkin, 1953; Skellam, 1951) and cellular automata models (Hogeweg, 1988).
Lattice-based models, such as cellular automata, divide space into a grid of sites where an
individual on a site interacts with its neighbours. Dispersal takes place locally, from one site
to nearby sites. Often, agent-based simulations are run on such spatial arrays to analyse the
dynamics. As the results from these simulations may not be clearly apparent, running repeated
simulations is sometimes necessary to obtain interpretable results, amplifying the computational
burden of such models.

Adding a layer of simplicity, reaction-diffusion models consider space as a continuous vari-
able with populations as waves in this continuous space. The reaction refers to a population
growth function, whereas the diffusion term highlights the spread of the population in space.
This class of models offers slightly greater analytical tractability and can be studied better with
powerful numerical techniques for partial differential equations. Such models have been suc-
cessfully applied to a wide range of phenomena and are particularly useful for studying spatial
patterning. While these spatially explicit models are useful to capture minute details and may
be well applicable to specific systems (DeAngelis and Yurek, 2017), more often than not, they
lack analytical tractability or involve running intensive simulations which may not be easy to
interpret.

On the other hand, spatially implicit frameworks “incorporate space without taking space
into account”. Though this may sound paradoxical, spatially implicit models are neither merely
illusory nor do they involve some mathematical sorcery. In fact, spatially implicit models have
dominated most of the theory of ecology (DeAngelis and Yurek, 2017).

The fundamental idea in spatially implicit models, such as Levins’s metapopulation model
(Levins, 1969), is to assume that the individuals are distributed within patches. A patch is a
local population present within a spatially bounded area. These models assume global dispersal
and focus on the proportion of patches harbouring specific population sizes at a given instant.
Global dispersal implies that all patches are equally connected to each other, with dispersal
occurring at equal rates across them. This kind of dispersal is equivalent to building a disperser
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pool that collects individuals from all patches and redistributes them. Thus, there is no notion
of distance in these models. Space is considered “implicitly” by allowing for distinct patches
but without any equations for spatial coordinates. Following this assumption, one can write
equations for the proportions of empty and occupied patches or the proportions of patches
with specific population sizes or densities. Importantly, these models are mathematically and
computationally simpler to analyse than spatially explicit models and may be preferable for
developing general theoretical results (Roughgarden, 2018).

Levins’s model, which is a spatial analogue of the logistic model, describes such a population
spread across patches. It focuses only on the presence and absence of individuals in patches,
ignoring the population size. In this way, Levins’s model tracks the proportion of occupied
and empty patches in a metapopulation, explaining the conditions for persistence and the
equilibrium proportion of occupied sites. In Levins’s model, the colonisation rate depends
on the proportion of occupied patches, and the occupied patches go extinct at a constant
rate. A primary insight from Levins’s model is that a species can invade a region when its
rate of colonising new patches is greater than the rate at which local populations go extinct.
Additionally, even at equilibrium, a certain proportion of the patches remain empty. While
Levins’s model only considers occupied and empty patches, the abundances of small populations
fluctuate due to ecological drift. A recently colonised patch is not equivalent to an established
large-abundance patch, as the former is more sensitive to stochastic extinction. Thus, further
work has developed frameworks that can account for variation in population size on different
patches (Casagrandi and Gatto, 2002; Drechsler and Wissel, 1997; Metz and Gyllenberg, 2001)
which may also be used to study the evolution of traits in a metapopulation.

Overall, one may use diverse approaches to investigate the role of spatial structure in ecology
and evolution. Spatially implicit models are not only good approximations of well-connected
systems, but also have the advantage of tractability and interpretability over explicit models,
because of which they may be more beneficial than the latter in exploring spatial scaling and
generalising eco-evolutionary phenomena. Thus, in this thesis, we employ a spatially implicit
modelling framework developed by Lerch et al. (2023) to investigate how populations with Allee
effects establish and persist, how local Allee effects scale to the metapopulation level and how
cooperation and dispersal evolve in a population spread across space.

2.2 Modelling framework with one species

We build the modelling framework in three steps: First, we take a nonspatial deterministic
model and convert it into an open system, i.e., a mainland-island model, by including dispersal
into the focal patch from a region with a constant abundance. This allows us to study the
influence of the region on a local population. Second, we convert this model into a stochastic
model by defining the demographic processes of birth, death, immigration and emigration
as stochastic processes occurring at specific rates. This stochastic open system reveals how
demographic noise alters the local dynamics within the patch of focus. Last, we take this
stochastic open system model and close it, obtaining a stochastic closed system model that
describes our metapopulation of interest. This metapopulation is assumed to consist of infinitely
many equally connected patches. We can now compute metapopulation-level equilibria, their
stability and the criteria for invasion into an empty or occupied metapopulation habitat. Since
the metapopulation model is a closed system without migration from outside, we can compare
it to the nonspatial deterministic model to observe how spatial structure and stochasticity affect



12 From linking patches to linking theories: Cooperation in metapopulations

Patch (N) Region (NR)

Fig. 2.1. Schematic figure showing the focal patch with variable population size N and the
connected region of constant population size Ny in the determinisitic open system model. The
arrows represent the transfer of individuals occurring at rate m.

the outcomes. In the following subsections, we elucidate in detail the steps to construct our
model and the numerical and analytical methods implemented for the analysis.

2.2.1 Deterministic open system model

To begin with, consider a population in an isolated patch whose per-capita birth rate and per-
capita death rate are given by b(N) and d(N) respectively, where N is the population size.
The per-capita growth rate is g(N) = b(N) — d(N). The overall birth and death rates in the
population are B(N) = b(N) - N and D(N) = d(N) - N. The net population growth rate is
the difference between the birth and the death rate, i.e., f(N) = B(N) — D(N). Hence, the
population dynamics are given by the equation

dN
o= V) (2.1)

The equilibrium population sizes Noq are the values of N where f(NN) = 0. An equilibrium
is stable if %|N:Neq < 0 and is unstable if %|N:Neq > 0.

The simplest way to incorporate spatial structure in such a deterministic model is to couple
this patch to a regional reservoir, making it a mainland-island model (Hanski and Gyllenberg,
1993), where processes occurring on the island do not affect the mainland. Thus, we add
constant immigration and emigration to this model by assuming that the population we are
modelling is in a patch connected to a region with a constant abundance Ny (Fig. 2.1). Im-
migration occurs in our patch of focus from this region at a rate given by I, and emigration
takes place at the rate E(N). Throughout this thesis, we assume density-independent dispersal,
defining

I:mNR
E=mN
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where m is termed as the dispersal rate. Note that the rate of immigration into the patch does
not depend on the population size of the patch. Dispersal in nature is often costly or risky
and can lead to increased mortality (Gaines and McClenaghan, 1980; Greenwood and Harvey,
1982; Lucas et al., 1994; Yoder et al., 2004), which can be incorporated into our model simply
by including a survival factor 0 < 6 < 1 into the immigration rate, redefining it as

I = 6mNpg (2.4)

which assumes that only a fraction ¢ of the migrants entering the patch survive the dispersal
events. Unless mentioned otherwise, we always assume § = 1, i.e., no dispersal mortality.

Hence, considering all four demographic processes of birth, death, immigration and emigra-
tion, the equation for our deterministic open system model becomes

dN
— = F(N) +m(Ng — N) (2.5)

We can analyse this equation to explore the influence of dispersal on local population dy-
namics and abundance.

2.2.2 Stochastic open system model

While deterministic equations may well approximate the dynamics of large populations, the ef-
fects of stochasticity cannot be neglected in small populations. Therefore, in the next step, we
wish to explore the effects of demographic noise on our model, for which we introduce stochas-
ticity, creating our stochastic open system model. The population on our patch fluctuates in a
stochastic fashion, while the population of the connected region stays constant at Ng.

We define the demographic events of birth, death, immigration and emigration as continuous-
time stochastic processes (Karlin, 2014) occurring at rates given by B(N), D(N), I and E(N)
respectively, as in the deterministic case. We also include catastrophes that cause local ex-
tinction at a rate X. The catastrophes represent large disturbances that wipe out the entire
population within a patch. Thus, the population on our focal patch increases from N to N + 1
at the rate B(N) + I and decreases from N to N — 1 at the rate D(N) 4+ E(N), respectively.
Local extinctions take the population on the patch from N to 0 at the rate X. These “rates” of
demographic processes are rates in the sense of stochastic processes, i.e., a process with a rate Z
takes place in a short time interval 6t with the probability Zdt. The rates are not probabilities
of transition between population sizes and thus can take any value in the range [0, c0).!

The patch population size is described by a continuous-time Markov chain whose states
are the discrete population sizes N € {0,1,2,3,...}, and transitions occur across these states
at the rates defined above (Fig. 2.2). The probability distribution P(N,t) over these states
represents how likely the system is to be in the state N at a given instant of time ¢. Thus, we

Empirical biologists sometimes use the term “dispersal rate” or “migration rate” to refer to the fraction of
individuals that emigrate from a patch, which, being a fraction, lies in the range [0, 1]. However, it is important
to note that our definitions of “dispersal rate” (m), “immigration rate” (I) and “emigration rate” (E) in this
thesis, as defined in (2.2, 2.3) and (2.4) are not fractions and can take any non-negative value. Rather, the
rates I and E(N) are the rates at which a patch with N individuals turns into a patch with N +1 and N — 1
individuals solely due to migration, respectively.
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can write the master equation for this Markov chain as

%P(O, t)=[D(1) + E(1)]P(1) — [B(0) + I + X]P(0) + X
CP(N.1) = (BN ~ 1) + [|P(N ~ 1) (2.6)

+[D(N+1)+ E(N+1)]P(N +1)
—[B(N)+ I+ D(N)+ E(N)+ X]P(N) for N #0

the equilibrium solution of which returns the stationary distribution of the Markov chain. This
stationary distribution Pe,(/N; Ng) describes the probability of the patch having population N
when there is no knowledge of the preceding time series, thus revealing the behaviour of the
system on a long-term.

Since the master equation (2.6) is linear in the probabilities P(N), we can write it in the
form % = TP, where T is the transition-rate matrix of our Markov chain and P is the vector
whose ' term is the probability P(i).

T is a sparse matrix, which necessarily has a unique zero eigenvalue (Keizer, 1972). The
stationary distribution is the eigenvector corresponding to the zero eigenvalue, which can be
obtained numerically. For numerical calculations, we need the transition-rate matrix to be
finite, and thus to set an upper limit N,,, on the population size. Hence, the population
states are given by N € {0,1, ..., Npax}. Setting Ny.. as twice the carrying capacity of the
patch suffices to ensure that the numerical analysis well-approximates the dynamics without
an upper limit (Lerch et al., 2023). This upper limit changes our master equation to the one
given by

%P(o, D) = [DA) + E()PA) — [BO) + I + X]P(0) + X
%P(N, t)=[B(N — 1)+ I]P(N — 1)
+ [D(N+1)+ E(N+1)]P(N +1) (2.7)
— [B(N) + I+ D(N) + E(N) + X]P(N) for 0 < N < Nyax
%P(Nmax, t) = [B(Nmax — 1) + I]P(Nmax — 1) = [D(Nmax) + E(Nmax) + X]P(Niax)

At this point, it is helpful to explain the behaviour of the system in two different limits: no
dispersal (m = 0) and high dispersal (m — oo). With no dispersal, the population always goes
extinct since isolated finite populations eventually collapse to zero (MacArthur and Wilson,
1967). Simply put, over a long time, a finite population will necessarily attain a state of zero
population size due to random fluctuations. The absence of immigration leaves no room for
regrowing this population, causing it to remain extinct forever. Mathematically, since zero is an
absorbing state of the Markov chain when I = 0 (Karlin, 2014), the population on the patch will
go extinct when there is no dispersal. For a simple proof, see Appendix A, Section A.1. However,
the time to extinction increases with increasing population sizes and can be large compared
to the life spans of individuals (Méléard and Villemonais, 2012). Under such scenarios, the
system may settle to a transient distribution called the quasi-stationary distribution (Méléard
and Villemonais, 2012). However, we do not perform quasi-stationary analysis in this thesis,
since our main focus is on the effects of dispersal and not on closed populations.
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B(N—-1)+1 B(N) +1

D(N) + E(N) D(N+1)+E(N+1)

X

Fig. 2.2. Schematic figure showing the transitions between states of the Markov chain in the
stochastic open system model. The arrows represent the transitions across states that take
place at the adjacently mentioned rates.

The case of the high dispersal limit is more interesting. Intuitively, one might assume that
with increasing dispersal, the patch equilibriates increasingly with the region, its population
ultimately reaching the regional abundance Ny as m — oo. However, the stochastic component
of dispersal in the model maintains the fluctuations, and the probability distribution of the
patch does not become a sharp peak at Ng. Actually, we show that the probability distribution
over the patch population becomes a Poisson distribution with average Ng, which we denote
by Pois(N; Ng). Thus,

lim Poy(N; Ng) = Pois(N; Ng) (2.8)

m—0o0
where P (N; Ng) is the stationary distribution of the patch. A proof of (2.8) is given in
Appendix A, Section A.2. However, a simple way to understand this is to know that it is a
consequence of assuming density-independent dispersal (2.2). At very high dispersal rates, the
local dynamics are completely dominated by immigration and emigration processes, and the
birth and death terms can thus be ignored in (2.7). Since immigration and emigration processes
occur at constant per-capita rates, one migration event (immigration or emigration) does not
influence the probability of another. Hence, the distribution is determined by events that occur
at constant rates and independently of other events, which is the defining characteristic of the
Poisson distribution.? In the deterministic open system model (2.1), the equilibrium in the
high-dispersal limit is Ng, which happens to be the average of the stationary distribution in
the stochastic equivalent of the model with high dispersal.

It is worth mentioning that this method of including demographic stochasticity differs from
adding a noise term to a deterministic equation (Richter-Dyn and Goel, 1972). Here, the
demographic processes are discrete events occurring stochastically at certain rates. Thus, we
can use the Gillespie algorithm (Gillespie, 1977) to simulate the dynamics within a patch. By
sampling the time to the next event and the type of the event (birth / death / immigration /
emigration / local extinction), this algorithm simulates how the population size on the patch
varies with time.

2If you know some queuing theory, the model becomes an M /M /oo queue (Guillemin and Simonian, 1995)
at high dispersal rates.
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In brief, the stochastic open system model considers the population of a single patch coupled
to a regional reservoir through constant immigration and describes the pattern of population
variation on the patch in terms of a probability distribution.

2.2.3 Metapopulation model

While the open system models elucidate the role of dispersal, mass effects (Loreau and Mouquet,
1999; Shmida and Whittaker, 1981; Shmida and Ellner, 1984; Shmida and Wilson, 1985) and
ecological drift (Leibold and Chase, 2017; Vellend, 2010) in establishment and persistence of
populations, they are insufficient to obtain insights into the feedback between local (patch-
level) and regional (metapopulation-level) processes. After all, the region is itself a collection
of smaller patches that the open system models abstract into a single combined region. To
explore how local and regional processes interact to produce metapopulation-level patterns, we
turn to our metapopulation model, which we obtain by modifying the stochastic open system
model.

We consider a spatially implicit model comprising an infinite number of patches equally
connected to each other (Fig. 2.3). All patches are identical except for their population sizes,
which leads to identical population dynamics on every patch. We consider the probability
distribution of the population on a single patch. Ergodicity guarantees that this probability
distribution of a single patch through time is the same as the frequency distribution over all
the patches at a given instant. In simpler words, if we track the population size on a given
patch over time, we will obtain a certain frequency distribution. As all patches are identical,
we will get the same distribution for all the patches. Thus, the population size on each of the
infinitely many patches is effectively a sample from this distribution. Therefore, the population
size at a given instant sampled over all the patches shall recover the same distribution as the
one obtained by tracking the population size in a single patch over time. Our goal is to calculate
this distribution at equilibrium.

Further, we need to appropriately redefine the regional abundance, as we are no longer
dealing with an external regional reservoir. The regional abundance should now be a func-
tion of the local probability distribution. However, even at a non-zero equilibrium, the local
population sizes will keep fluctuating despite the probability distribution of population sizes
staying constant. Due to the assumption of global dispersal and an infinite number of patches,
a particular patch can still be thought of as being connected to a regional pool with to-and-fro
migration between them. This regional pool is equivalent to the entire metapopulation, as there
are infinitely many patches. We define the regional abundance to be the average abundance
over all the patches,

Np=N (2.9)

i.e., as the mean value of the probability distribution given by

N(t)=) P(N,t)N (2.10)

The average abundance N (2.10) also happens to be the average abundance over time on a
single patch, as mentioned above. Hence, in a way, a patch in the metapopulation model is
connected to a “temporally extended mirror to itself”.

To obtain the dynamical equations for our metapopulation model, we thus simply substitute
the average local abundance N(t) in place of Nk in the immigration terms in the master
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Fig. 2.3. Schematic figure showing a probability distribution at a given instant and the
corresponding state of the metapopulation with infinitely many patches in the model. A P(N, )
is the distribution at time ¢ that gives the probability of finding N individuals in a patch. B
The circles represent patches with individuals within them, and the connecting lines represent
the strength of coupling. All of the infinitely many patches are equally connected to each other.

equation (2.6, 2.7). Having Ny dependent on the probabilities themselves makes our master
equation nonlinear, but we can obtain stable equilibria for the model by numerically integrating
it.

Alternatively, we can use what we call the LMAO (local mean abundance output) function®
to compute both stable and unstable equilibria. This approach employs the stochastic open sys-
tem to calculate the average local abundance on a patch for a given regional abundance. In the
metapopulation model, the average local abundance on a patch equals the regional abundance
due to the aforementioned equivalence of distributions. Thus, the regional abundance values in
the stochastic open system that output identical average local abundance values of stationary

distributions correspond to the metapopulation model equilibria. The LMAO function is given
by

finao(Ng) = Peg(N; Np)N (2.11)

where P, (N;Ng) is the stationary distribution in the stochastic open system model for a
regional abundance of Ng.

As described above, the LMAO function takes in a value of regional abundance and returns
the open system average local abundance of the stationary distribution. In other words, it cal-
culates the open system transition matrix, its eigenvector corresponding to the zero eigenvalue
and returns the weighted average of the eigenvector. We can apply a root-finding algorithm to
this function to find its fixed point, and thus find out the metapopulation equilibria. Thus, we
obtain the average local abundance (which is also the regional abundance) in the metapopula-

3In Lerch et al. (2023), this function is referred to as the “black-box function”.
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tion at equilibrium. However, it is important to note that the dynamics of this metapopulation
is an Nya-dimensional system of equations (2.7, 2.9), whose steady states are probability dis-
tributions given by vectors in an N,,.-dimensional space. On the other hand, the fixed points
from the LMAO function are the average values of these equilibrium distributions. Since the
distributions cannot be entirely characterised by their average values, the overall equilibrium
distributions may remain an informative component of the model. We shall return to this
question in Chapter 3 (see also Appendix D, Section D.2) when we define metapopulation-level
Allee thresholds.

Once we know the equilibria, we can calculate their stability. The most straightforward way
is to compute the N.-dimensional Jacobian matrix at the equilibrium (see Appendix B) and
extract its eigenvalues. If all the eigenvalues are negative, the equilibrium is stable; otherwise, it
is unstable. However, a more straightforward heuristic method is to exploit the LMAO function
again, using its slope at the equilibrium instead. If the slope ﬁ fimao < 1, the equilibrium is
stable; otherwise, it is unstable. While we do not present proof of the previous statement, this
result based on intuition was systematically compared to the Jacobian-based matrix mentioned
above and never resulted, to our knowledge, in any discrepancy.

Interestingly, the nonlinear nature of the metapopulation dynamics results in the existence
of multiple fixed point solutions, such as a (trivial) extinction equilibrium and potentially
several persistence equilibria. The extinction equilibrium always exists, and it may be stable or
unstable. If it is stable, there may be either no other equilibria or a non-zero stable equilibrium
and a non-zero unstable equilibrium. If it is unstable, there exists only a non-zero stable
equilibrium. We define the regional carrying capacity as the equilibrium average local (regional)
abundance, which is the largest among the averages of all stable equilibria, denoted by Kg. If
there is an unstable equilibrium present in the metapopulation dynamics, we call it the regional
quasi-Allee threshold, denoted by Ar. We will describe the details of these emergent parameters
in Chapter 3.

It is worth noting that the results in the two limits of the dispersal rate mentioned in the
stochastic open system model (Subsection 2.2.2) continue to be valid even for the metapopu-
lation model. As we can remove one patch from the infinitely many patches without changing
anything, the metapopulation model is equivalent to the stochastic open system model, except
for the regional abundance being a function of the probability distribution. As the regional
abundance is constant at equilibrium, the results from the stochastic open system apply to
the equilibrium metapopulation. Thus, in the absence of dispersal, the metapopulation goes
extinct, implying that zero is an equilibrium point of the system. Extinction occurs as each of
the disconnected populations eventually collapses. The zero equilibrium is not specific to the
limiting case of no dispersal, as it exists for all dispersal rates. For high dispersal, the metapop-
ulation equilibrium distribution F., approaches a Poisson distribution with the average local
abundance Neq as the mean.

lim Poy(N) = Pois(N; Neg) (2.12)

m—r 00

Moreover, it is possible to write an equation for the average local abundance N itself, in terms

of the birth-death function f(NV) (2.1).

g _ Zf(N)P(M t) — [ X +m(1 - 6N (2.13)
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We derive this equation in Appendix A, Section A.3. While (2.13) is not a closed-form equation
but depends on the probability distribution P(N,t), it is advantageous to explore the model
equilibria in the high-dispersal limit. Since we know that the equilibria in the high-dispersal
limit are Poisson distributions, their average local abundances are obtained by solving

> " F(N)Pois(N; Neg) — [X +m(1 = §)]N =0 (2.14)

For example, consider a birth-death function given by the logistic equation (i.e., f(N) = rN(1—
N/K)) in the absence of any catastrophes or dispersal mortality. In the high dispersal limit,
the equilibrium average local abundance is given by N, = K — 1 (Appendix A, Section A.4).

If our birth-death function of interest f(/V) is more complicated than the logistic model, an
analytical solution for Neq like the one shown above may not be possible. In such a case, one
can compute N, by applying a numerical root-finding equilibrium to (2.14).

As the dispersal rate increases, one might intuitively expect the metapopulation model to
homogenise, behave like a single well-mixed patch and approach the deterministic nonspatial
model given by f(N). However, as shown above, that is not the case, and the equilibria in the
deterministic nonspatial model and the stochastic metapopulation model may be unequal.

Notably, in the high dispersal limit, the regional carrying capacity is always smaller than
the local carrying capacity,

lim Kr < K (2.15)

m—ro0
as in the above example where lim Kz = K — 1. In loose words, the whole is smaller than the

part. The regional quasi—AHeenEEl?gshold in the high dispersal limit may be smaller or larger
than its local counterpart, depending upon the latter’s magnitude. This difference between the
deterministic and the average stochastic equilibria is well-known to occur in both spatial (Ches-
son, 1981; Klok and De Roos, 1998; Nachman, 2000) and nonspatial (Chesson, 1991) stochastic
models. Mathematically, it can be interpreted as a consequence of nonlinearities in f(N) that
alter the behaviour of the averaged function. Biologically, it may be understood as a result
of stochastic fluctuations in demography that maintain some heterogeneity despite the patches
almost fusing with high migration. We provide analytical justifications based on Jensen’s in-
equality for this local-to-regional difference in Appendix A, Section A.4, Subsection A.4.1.

Thus, we conclude the description of the one-species framework. This model provides insights
into the interactions between local and regional processes and the role played by stochasticity.
In Chapter 3, we use this model to study the spatial dynamics of Allee effects. Going step
by step from the deterministic nonspatial to the stochastic metapopulation model, we weave a
thread through questions related to the establishment and persistence of stochastic, spatially-
structured populations experiencing local Allee effects. Employing this model reveals how the
metacommunity archetypes of patch dynamics and mass effects explain the dynamics of single
species as well. In the following section, we extend the model to two species and elaborate on
the methods to study invasion dynamics and the evolutionary fate of populations.

2.3 Invasion dynamics and evolution

Hitherto, we have dealt with a spatial model of a single species. Naturally, one may ask what
happens when multiple kinds of species characterised by different demographic parameters are
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both present and compete in this spatial landscape of patches. The framework can easily ascend
one level of organisation, going from a metapopulation to a metacommunity (Lerch et al., 2023).
In a similar vein to the one-species model, we can take steps that start with a deterministic
nonspatial model and culminate into a stochastic metacommunity model. Due to its generality,
this extension can represent either two different species or two morphs within the same species.

If two species are present in the habitat, they can influence each other’s birth and death rates.
We assume that one species does not affect the immigration and emigration rates of the other
species. The birth and death rates of species 1 and 2 in the deterministic nonspatial model
are denoted by Bj(Niy, Ny), Bo(Ny, N3), D1(Ny, No), Do(Ny, Na), respectively. The associated
deterministic net growth rates are fi(Ny, No) = ¢1(Ny, No) Ny = B1(Ny, No) — D1(N1, Ny) and
fa(N1, Na) = g2(Ny, No) Ny = By(Ny, Nao) — Do(Ny, Ny), where ¢, go are the per capita growth
rates. We can now connect this local patch to a region of constant abundances Ng1, Ngo of
species 1 and 2, respectively. The immigration and emigration rates are given by

L = 5m1NR,1

I, = 5m2NR72 (2 16)
E1 = le ‘
EQ = mN2

where my, my are the dispersal rates and ¢ is the survival probability during dispersal. The
deterministic open system model with two species is given by

dN
d_tl = Bi(Ny, Na) — D1(N1, Na) +m(0Ngy — M) (2.17)
dN.
D2 = Bo(Ni, No) = Do(Ni, Ny) + (3N — M) (2.18)

Next, similar to the one-species model, we can convert this model into a stochastic open system
model with a linear master equation

M = TP(Ny, Ny) (2.19)
dt
and obtain a two-dimensional stationary distribution Pe,(N7, N2) that describes the long-term
local population dynamics. In the stochastic open system model, the regional abundances are
fixed values Ng; and Ngs.

Finally, to obtain the stochastic closed system model, we redefine the regional abundance
of species i as the average over the probability distribution, i.e.,

where
(N1,N2)

to obtain the metacommunity model.
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2.3.1 Adaptive dynamics in the nonspatial case

We use adaptive dynamics (Dieckmann and Law, 1996; Geritz et al., 1997, 1998; Metz et al.,
1992, 1995; see Brénnstrom et al., 2013; Klausmeier et al., 2020 for reviews) to study how
evolution proceeds in the deterministic nonspatial model. Then, we develop the tools to do the
same for our stochastic metapopulation model, which allows us to compare the results from the
two models.

The core idea of adaptive dynamics is to first assume that the resident is at its demographic
equilibrium, with no invader present. Then, we assume that an invading species has arrived but
has a small population size £. We calculate the per-capita growth rate of the invader population
in the environment created by the resident, also called the invasion fitness (Brannstrom et al.,
2013). Here, the crucial assumption is that since the invader is rare, it does not influence the
population dynamics of the resident. If the rare invader has a positive growth rate when the
resident is at equilibrium, its abundance increases, due to which we say that the invasion is
successful.

Now, suppose that we initially have a single resident (say, species 1) with a trait v = ;. Its
equilibrium population size is K;. Then, due to a mutation, a small population ¢,, of mutants
(species 2) with trait -, arises. The per-capita growth rate of this mutant given by

92(K1(71),0)

is called the invasion fitness. The derivative of the invasion fitness w.r.t. 7,, evaluated at
Ym = 71 is called the selection gradient. The selection gradient describes evolution with small
mutations (7, close to 7). If the selection gradient is positive, y evolves to higher values, and
if it is negative, v evolves to lower values. We assume that mutations are rare so that if a
mutant invades, it reaches its own equilibrium before another mutation takes place. The values
of v for which the selection gradient is zero are called evolutionarily singular strategies.

A singular strategy can be either evolutionarily stable (uninvasible by nearby mutants)
or evolutionarily unstable (invasible by nearby mutants). Additionally, the strategy may be
convergence stable (evolution leads towards that strategy) or convergence unstable (evolution
does not lead towards that strategy). Thus, the singular strategies can be classified into four

types:

e Continuously stable strategy (CSS; Fig. 2.4 A): Evolutionarily stable and convergence
stable. Such a strategy is an evolutionary endpoint.

e [Ewolutionary branching point (Fig. 2.4 B): Evolutionarily unstable but convergence stable.
Such a strategy is attained through evolution but is invaded by nearby mutants on either
side, leading to a dimorphic population.

e “Garden of Eden” (Fig. 2.4 C; Hofbauer and Sigmund, 1990; Nowak, 1990): Evolutionarily
stable but convergence unstable. Such a strategy will never be attained, although it would
have been an endpoint had it been attained.

e FEwvolutionary repeller (Fig. 2.4D): Evolutionarily unstable and convergence unstable. It
potentially indicates the presence of another CSS.

Note that it is also possible to have an evolutionarily stable and convergence stable strategy
on the trait space boundary. While the criterion with nearby mutants defines local evolutionary
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stability, a global evolutionarily stable strategy is one that cannot be invaded by any other
strategy in the trait space. For the purpose of this thesis, the distinction between local and
global stability does not matter.

The methods to classify a singular strategy (that use the second derivatives of invasion
fitness) are not particularly relevant to this thesis, so we avoid discussing them here. Instead,
we describe how we can visually interpret the convergence and evolutionary stability of a
singular strategy using pairwise invasibility plots (PIPs) (Brannstrom et al., 2013; Geritz et al.,
1998; Kisdi and Meszena, 1995).

PIPs are a tool to visualise the invasion dynamics. For each value of the resident trait
“res, & PIP shows whether an invader with a trait 7;,, can invade (coloured region marked
with +) or not (white region marked with -). In a PIP, a singular strategy (v*) is the point
where the boundary of the coloured and the white region intersects the diagonal. If the region
directly above and below a singular strategy point is white (marked with —), it is evolutionarily
stable, i.e., nearby mutants cannot invade it. If the region above and below is coloured (marked
with +), the strategy is evolutionarily unstable. If the region above the diagonal for ~ slightly
smaller than v* and the region below the diagonal for v slightly larger than +* are both coloured
(marked with +), the strategy is convergent stable, i.e., the population evolves towards that
strategy value. If these regions are white (marked with —), it is convergence unstable. With
these criteria, one can classify a singular strategy into the four types mentioned above. For a
finer classification of the singular strategies, see Geritz et al. (1998). Note that it is possible for
v to evolve to ever lower (Fig. 2.5A) or ever higher (Fig. 2.5B) values, or evolve to the trait
space boundary if the trait values are bounded within a range.

Fortunately (because it makes the analysis and interpretation easier) or unfortunately (be-
cause we don’t observe richer dynamics), in this thesis, we come across only three possibilities
for the evolution of a trait: a continuously stable strategy (Fig. 2.4 A) and evolution to lower
(Fig. 2.5 A) or higher (Fig. 2.5 B) values of the strategy. The PIPs we use to portray our results
contain a couple of more details than the PIPs shown in this chapter. However, we shall explain
them further only in Chapter 4.

2.3.2 Adaptive dynamics in the metapopulation model

Since stochastic metapopulation models can be challenging to study analytically, one may be
unable to directly use the concepts of invasion fitness and selection gradient explained above.
One option to study invasion dynamics is to calculate the Jacobian of the two-species master
equation at the resident equilibrium and use its eigenvalues to infer the stability of the resident
equilibrium, which determines whether an invader can invade or not. Another way to perform
adaptive dynamics in metapopulations is to use the invasion criterion R,, developed by Metz
and Gyllenberg (2001) (see also Casagrandi and Gatto, 2002) and proven by Massol et al. (2009).
This criterion calculates the average number of dispersers produced by a colony founded by a
newborn disperser.

However, as the calculations of R,, or the Jacobian matrix can involve tedious computations,
we use the methodologically simpler numerical invasion criteria defined by Lerch et al. (2023)
based on the LMAO function. Coupled with concepts from adaptive dynamics, the LMAO
approach allows us to study evolution in the metapopulation. The two-species LMAO function
is defined as
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Fig. 2.4. Pairwise invasibility plots (PIPs) showing different possibilities for singular strategies:
A Continuously stable strategy, B Branching point, C Garden of Eden and D Evolutionary
repeller. The coloured regions indicate the strategy combinations for which a resident can
be invaded by an invader with a given strategy, and the white regions indicate the strategy
combinations where the resident cannot be invaded.
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A Evolution to lower values B Evolution to higher values

Invader trait

0 0.5 1 0 0.5 1
Resident trait Resident trait

Fig. 2.5. Pairwise invasibility plots (PIPs) showing singular strategies on the trait space
boundary. A Evolution to lower values. If the trait space is bounded below at 0, the singular
strategy is at the trait value of 0. B Evolution to higher values of the trait. if the trait space is
bounded at 1, the singular strategy is at the trait value of 1. If the trait space is not bounded
above, runaway evolution to higher values occurs. The coloured regions indicate the strategy
combinations for which a resident can be invaded by an invader with a given strategy, and the
white regions indicate the strategy combinations where the resident cannot be invaded.

fimao(Nr1, Nr2) = { > Peg(N1,No; Ngi, Ng2)Ni, D Peg(N1, No; Ny, Ngo) N
(N1,N2) (N1,N2)
(2.22)
where Poy(Ni, Nao; Nr1, Ng2) is the stationary distribution in the stochastic open system
model obtained with N, Ngo as the regional abundances of species 1 and 2.

If Ngeq is the resident monoculture equilibrium, (Ngeq, 0) is an equilibrium point of fr\a0-
To identify whether an invader can invade with a small initial abundance, we check whether
it grows when its regional abundance is a small positive number €. If fiyao(Npgeq: €)[2] > €,
we call it a successful invasion, where fiyao(Nreq, €)[2] is the second component of the vector
given by finao(Nreq, €). Otherwise, the invasion fails. In other words, In(fiyao (NVr.eq, €)[2]/€)
serves as a stand-in for invasion fitness, whose sign indicates whether invasion is possible or
not.

We use this method to construct PIPs by performing pairwise calculations for different
resident and invader traits, thus obtaining the singular strategy for a given set of parameters.
Then, we can use the visual criteria (or, more rigorously, invasibility calculations for nearby
residents and mutants) to determine the evolutionary and convergence stability of the singular
strategy. Conceptually, the LMAQO invasion criterion is related to R,, (Metz and Gyllenberg,
2001) in the sense that both criteria envision fitness in terms of the output number of individuals
produced by a specific input number of individuals in the system.
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Does invasion imply replacement?

What happens if two strategies can invade each other? Then, we have coexistence between the
two strategies. If neither of the two strategies invades each other, it is said to be a case of
founder control, where an initially present strategy prevails.

If we want our PIPs to inform us about the evolutionary trajectory of a population (with
small, rare mutations), it is essential that a nearby mutant that can invade also entirely replaces
the resident. We need this condition because if the resident and the mutant coexist, the simple
tools based on pairwise comparisons are insufficient to determine the fitness of another mutant
that would arise in this co-inhabited landscape. While one might be able to extend the model
to three species to do so, that would likely make it computationally too heavy and slow.
Fortunately, a sign switch at the diagonal is enough to conclude that a protected coexistence
between a resident and a similar invading mutant (Poulsen, 1979; Prout, 1968), i.e., a situation
where both the resident and the invader are protected from extinction due to mutual invasibility,
is not possible. Simply put, if a resident ~,.s can be invaded by a nearby rare mutant v,,,, but
if the vice versa is not true, then there is no possibility of a protected coexistence between 7yes
and .. However, strictly speaking, the possibility of an unprotected coexistence, where a
coexistence equilibrium exists without mutual invasibility (Poulsen, 1979) cannot be ruled out.

Several attempts have been made to characterise the conditions where invasion implies re-
placement. An example is the Tube theorem that shows that a similar mutant always “inherits
the resident attractor” when it replaces it in the absence of a nearby bifurcation point (Geritz
et al., 2002; see also Gyllenberg et al., 2002). While conditions that prevent unprotected coex-
istence have also been characterised (Geritz, 2005), applying them to metapopulations like ours
can be difficult. One possible way to confirm the absence of unprotected coexistence between
nearby strategies might be to numerically integrate the two-species master equation (2.19) with
a non-constant regional abundance, i.e., in conjunction with (2.20). Alternatively, one may con-
sider exploring the high-dimensional phase space or a projected version of it (see Appendix E,
Section E.4). If nearby strategies cannot coexist, we can be confident that evolution with small
and rare mutations will cause our population to evolve to the singular strategy.

However, if mutations are large, coexistence may indeed be possible. Such cases where
different strategies coexist with each other are discussed in Chapter 4.

This marks the end of this methodological chapter. We have explained our modelling framework
in detail, along with some interesting results that emerge from it. In a similar metapopulation
model, Metz and Gyllenberg (2001) surmised “that it is possible to obtain bistability by incor-
porating a sufficiently strong Allee-type effect”. In the subsequent chapter, we embark precisely
in this direction and investigate how local Allee effects scale to the metapopulation level using
our single-species model.



Chapter 3

Scaling up Allee effects

Investigators in the topic [of
Allee effects] have an Allee effect
of their own, so to speak.

Brian Dennis (2002)

Allee effects arise in a population when mechanisms like resource cooperation, cooperative
defence, or mate limitation necessitate cooperative interactions among individuals and influence
their survival and reproduction. Due to these intraspecific positive interactions, the per capita
growth rate of the population increases with increasing abundance when the abundance is small.

The Allee effect is called weak if the per capita growth rate is positive and increasing at
small population sizes (Fig. 3.1 A). On the other hand, an Allee effect is said to be strong when
there is a minimum abundance level, called the Allee threshold (denoted A), below which its per
capita growth is negative (Fig. 3.1 B). Therefore, populations with initial abundance smaller
than A tend to go extinct, and those with larger abundances tend to establish themselves and
reach their carrying capacity (denoted K). Thus, strong Allee effects epitomise bistability:
there are two stable equilibria at N =0 and N = K, separated by the unstable equilibrium at
N = A, where N is the population abundance.

The bistability resulting from strong Allee effects (henceforth, Allee effects) amplifies the risk
of extinction due to perturbations that may reduce the abundance below the Allee threshold.
Additionally, Allee effects impede a population’s propensity to invade new habitats and expand
its range. These two factors raise the question of how populations experiencing Allee effects
persist and how they establish themselves in the first place.

3.1 Allee effects, space and stochasticity

Ecological theory hints at least two factors that can potentially mitigate the fragility of pop-
ulations engendered by Allee effects: stochasticity and space. First, small populations may be
able to invade if stochastic fluctuations occasionally favour them, allowing them to leap over
the Allee barrier. Second, migrants from other spatial locations can recolonise extinct habitat
patches or rescue dying patches.

For instance, consider Levins’s (1969) metapopulation model, which explains the regional
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Fig. 3.1. Per-capita growth rates as a function of the population abundance (N) that char-
acterise Allee effects. A Weak Allee effect. B Strong Allee effect. Strong Allee effects are
characterised by an Allee threshold (A), below which the per-capita growth rate is negative. K
is the carrying capacity.

dynamics as a consequence of local extinctions and recolonisations. If local Allee effects are
present within patches, recolonising extinct patches may require either chance events or mass
effects from the region to overcome the threshold. Indeed, spatial models show that Allee effects
tend to restrain the ability of populations to invade novel habitats (Kanarek and Webb, 2010;
Lewis and Kareiva, 1993; South and Kenward, 2001) and turn dispersal into a double edged-
sword that facilitates or hampers population growth, depending on other parameters (South and
Kenward, 2001; Kanarek et al., 2013). Restrained by Allee effects, some patches in the spatial
habitat may exist as low-abundance sinks maintained by an inflow of immigrants from high-
abundance source patches, enhancing spatial heterogeneity (Ackleh et al., 2007; Amarasekare,
1998b; Crespo-Miguel et al., 2022; Ferdy and Molofsky, 2002; Gruntfest et al., 1997; Gyllenberg
et al., 1999; Kang and Lanchier, 2011; Kang and Yakubu, 2011; Vortkamp et al., 2020).

Though stochasticity allows some local populations to jump over the Allee threshold and
grow to large abundances, it often intensifies the chance of large populations going extinct, due
to which a threshold-like behaviour appears in the probabilistic population dynamics (Allen
et al., 2005; Dennis, 1989, 2002; Dennis et al., 2016; Hui and Li, 2004; Liebhold and Bascompte,
2003; Surendran et al., 2020). In this chapter, our goal is to understand how the interplay of
stochasticity and spatial structure with local Allee effects materialises at the metapopulation
level.

Extending Levins’s model, Amarasekare (1998a) considers such a metapopulation-level
“Allee-like extinction threshold” formally imposed on the proportion of occupied patches. The
metapopulation goes extinct if it initially occupies a smaller fraction of patches. This threshold
can prevent a population from establishing itself even in suitable habitats. Here, our aim is to
link a higher-scale Allee threshold of this kind to a lower-scale Allee threshold.

Some models suggest that a lower-scale Allee effect may or may not manifest at a higher
scale, being negated by aggregation of individuals (Jorge and Martinez-Garcia, 2024), pack
formation in social animals (Lerch et al., 2018) or spatial configuration of populations (Sato,
2009). However, characterising how a patch-level Allee effect translates into a metapopulation-
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level Allee effect in the presence of stochasticity remains a standing question that warrants
further exploration.

In this chapter, we develop a general theory of spatial scaling of Allee effects from the
local to the regional level using the modelling framework explained in Chapter 2. First, we
describe our baseline deterministic nonspatial model. Then, we use deterministic and stochastic
mainland-island models to study the influence of migration and demographic stochasticity on
local populations with Allee effects. Next, we analyse the scaling of Allee thresholds from
patches to a metapopulation. Lastly, we interpret our results in the light of concepts such as
ecological drift and mass effects.

3.2 Modelling Allee effects

We begin with the model of Allee effects given by Jacobs (1984) and further studied by Dennis
(1989, 2002). In this model, the per-capita birth rate given by b(N) = a’;—NN increases with NV and
saturates at p (Fig. 3.2 A). a is the population size at which the per-capita birth rate reaches half
its maximum value. Such an increasing birth rate can arise in a population when individuals
cooperate to produce or procure a common good or a public good that can be indifferently
utilised by the members of the population (see Appendix C). A part of the per-capita death
rate d(N) = ¢ + aN is the constant per-capita death rate c¢. Additionally, death also occurs
due to intraspecific competition captured by the competition coefficient @ (Fig. 3.2B). Thus,

the overall birth and death rates in this model are given by

pN°
B(N) = TN (3.1)
D(N) = cN + aN? (3.2)
yielding an overall growth rate g(N) given by
dN N2
—= ap+ ~ — N —aN? (3.3)

For ¢ > 0,a > 0, this model shows strong Allee effects (Fig. 3.2 C,D). For a = 0, this model
is equivalent to the logistic model.

While the birth and death rates in this model make it a natural extension of the logistic
model to Allee effects, viewing the equation in terms of its equilibria helps analyse the model
and compare local and regional equilibria. Hence, we rewrite (3.3) in terms of a carrying
capacity (K) and an Allee threshold (A) (Fig. 3.2D; see Appendix C), obtaining the growth

rate given by
dN rN N\ (N
R 1—-=)|=-1 3.4
dt %+1( K)(A ) (3:4)

For a fixed A and K in (3.4), taking the limit a« — oo recovers the usual quadratic per-capita
growth function used to model Allee effects. This deterministic model has three equilibria: two
stable equilibria at 0 and K and an unstable equilibrium at A. Thus, a population smaller
than A goes extinct, and one larger than A establishes itself by reaching the carrying capacity
(Fig. 3.2D).
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Fig. 3.2. Growth rates as a function of the population abundance (V) in the deterministic
model. A Per-capita birth rate, B Per-capita death rate, C Per-capita growth rate and D
Population growth rate. A is the Allee threshold (open circle) and K is the carrying capacity
(closed circle). Other parameters p, a, ¢ and « are marked in subfigures A and B.

3.3 Mass effects and stochastic source-sink dynamics

In spatially extended systems, the flux of individuals can locally reduce the minimum population
size required for persistence. To explore this phenomenon, we connect our focal patch to a region
with a constant abundance Ng. This converts (3.4) into a deterministic open system model
(i.e., a mainland-island model; Chapter 2, Section 2.2, Subsection 2.2.1). Thus, we introduce
density-independent immigration and emigration at rates I = mNg and E = mN, respectively,
where m is the dispersal rate.
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Fig. 3.3. Migration can cause source-sink dynamics and nullify Allee effects. A Bifurcation
diagram for the deterministic open system model w.r.t. the dispersal rate (m). The vertical
lines mark the dispersal rate values in subfigures B—E. B, C, D, E Stationary distributions in
the stochastic open system model and corresponding representative time series obtained using
the Gillespie algorithm for m = 0.01, 0.025, 0.035 and 0.1 respectively. Parameters: A = 10,
r=1, K =50,a=10, X =0, Ng = 50.
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The bifurcation diagram for this model w.r.t. the dispersal rate m is shown in Fig. 3.3 A.
For low dispersal rates, there are two stable equilibria, where the population either persists
in a high or a low abundance state. The low abundance state is now non-zero, where the
population persists but without any growth. As the dispersal rate increases, the unstable
equilibrium decreases, and the lower stable equilibrium increases in magnitude. Thus, for small
initial population sizes, the patch stays in a low-abundance sink state, with the region acting
as a high-abundance source. With increasing dispersal rates, the Allee threshold vanishes at
a critical point. The source-sink dynamics no longer occur, and the population attains the
high stable equilibrium for any initial abundance. This qualitative shift in the dynamics occurs
through a saddle-node bifurcation (Strogatz, 2018), where the lower stable equilibrium merges
with the unstable equilibrium. The system is not bistable anymore.

Therefore, with excess dispersal rates, mass effects from the region overcome the Allee effect
and allow the population to fully establish in the patch where it would otherwise remain at
a low or zero abundance. As immigrants pour in from the region, mass effects effectively
subdue the Allee threshold. This result implies that for strong enough dispersal, immigration
can overcome the Allee threshold, and the patch can be colonised irrespective of its initial
abundance. A change in the dispersal rate does not affect the higher stable equilibrium in
Fig. 3.3 A, because we choose the regional abundance to be equal to the carrying capacity of
the patch (Ngp = K). Otherwise, the higher stable equilibrium would also approach Ng with
very high dispersal rates (Appendix D, Fig. D.1).

The source-sink dynamics become more interesting when stochasticity is introduced, as
low-abundance sinks can cross the Allee threshold due to stochastic events, and vice-versa. We
convert the mainland-island model into a stochastic model and obtain a stationary probability
distribution that describes the long-term population dynamics in the patch (Chapter 2, Sec-
tion 2.2, Subsection 2.2.2). Alongside this distribution, we simulate the time series of the patch
population using the Gillespie algorithm (Gillespie, 1977).

Fig. 3.3 B—E shows the stationary distributions and single representative stochastic time
series obtained using the Gillespie algorithm. For low dispersal rates, the probability distribu-
tion is bimodal with a high peak at N = 0 and a short peak near N = K (Fig. 3.3B). Thus,
the population predominantly remains in the extinct state with intermittent leaps to high pop-
ulation sizes. As the dispersal rate increases, the low-abundance peak becomes shorter and
shifts to a small non-zero value. Thus, there is now a sink state where the population is small
but non-zero. In contrast, the high-abundance peak becomes larger in height (Fig. 3.3C,D).
The patch alternates between high- and low-abundance states in this bimodal regime. Beyond
a critical dispersal rate, the distribution becomes unimodal with a single peak close to N = K
(Fig. 3.3 E). Thus, for high dispersal rates, the population stops alternating between two dif-
ferent states as mass effects take over the dynamics of the patch. Notably, the value of the
dispersal rate for which alternative stable states disappear in the deterministic open system
does not correspond to that for which bimodality disappears in the stochastic open system. At
m ~ 0.035, there are no alternative stable states in the deterministic model (Fig. 3.3 A), but
the small abundance mode continues to persist in the stochastic model for that (Fig. 3.3D) and
a range of higher values (see also Appendix D, Section D.1). This difference occurs because,
unlike the deterministic model, stochasticity can cause populations with high abundances to
go extinct and require higher dispersal rates to compensate for these chance extinctions.

The stochastic model shows that chance events can also allow small populations to invade
and persist at high or low abundances in a patch. Small populations may get lucky and
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cross the Allee threshold and reach high population sizes where a deterministic system would
predict them to stay as a sink. The modes in the stochastic model approximately follow the
deterministic equilibria, but the fluctuations around them create a possibility of stochastic
switching from one mode to another.

3.4 Metapopulation-level Allee thresholds

We have seen that migration and stochastic drift can alleviate Allee effects in local patches,
enabling populations to invade and persist despite the Allee threshold. The key ingredient in
both the above models was migration from the region, which we assumed to have a constant
abundance. But what about the Allee effects faced by the region itself? Knowing that the region
itself consists of different patches, each with its own Allee effect, we return to the question we
asked at the beginning of this chapter: How do local Allee effects scale up to the level of the
region?

Following the Lerch et al. (2023) methodology, we construct our metapopulation model
with infinitely many patches, all equally coupled to each other (Chapter 2, Section 2.2, Sub-
section 2.2.3). The metapopulation model describes the region in terms of a probability distri-
bution over the population abundance N, which may be considered to be the distribution of
individuals over all patches at a given instant of time, or the distribution within a given patch
over time. The regional abundance is defined as the average patch abundance (N), i.e., the
average over the probability distribution (2.20, 2.21). We compute the equilibrium distributions
and the corresponding regional abundances.

As it turns out, the metapopulation model always has a zero equilibrium point corresponding
to population extinction. What about the other equilibria? Does the metapopulation mimic
the local dynamics, producing an unstable Allee threshold and a stable carrying capacity? In
some cases, the answer is yes.

Fig. 3.4 shows the simplest possible scenario in the metapopulation model. The extinction
equilibrium is always stable. Interestingly, there is a minimum dispersal rate required for
persistence (M), below which the population always goes extinct. This is similar to the
minimum colonisation rate required in Levins’s (1969) model. When m > my,, the nature of
the equilibria resembles the local dynamics: besides the stable zero equilibrium, there is a stable
equilibrium at a higher value. The average abundance at this higher stable equilibrium is called
the regional carrying capacity (Kg), as defined in Chapter 2. These two stable equilibria are
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separated by an unstable equilibrium, whose average abundance is called the regional quasi-Allee
threshold (Ag). At m = My, a sharp transition occurs through a saddle-node bifurcation,
where the equilibria Kz and Ar emerge. With increasing dispersal rate, K increases and Ag
decreases.

Recall that we began with the question of how a local Allee threshold scales up to the
metapopulation level. Fig. 3.4 shows that for a sufficient dispersal rate, the metapopulation
dynamics are qualitatively identical to the local dynamics. But is this always the case? Metic-
ulous readers would have noticed the choice of the local Allee threshold in Fig. 3.4 may be
considered relatively high (A = 25) when one looks at the local carrying capacity chosen
(K = 50). What happens if the local Allee threshold is lower? Indeed, the situation becomes
more complicated.

Fig. 3.5 shows how the equilibria and their stability change with the dispersal rate for
smaller Allee thresholds. As with the previous case, a minimum dispersal rate (my;,) is always
necessary for persistence. However, for A = 5 (Fig. 3.5A), the zero equilibrium becomes
unstable (Ag = 0) at m = my,;,. For a range of dispersal rates, it remains unstable. This implies
that there is a range of dispersal rates where there is no regional Allee effect! A population can
invade the region irrespective of its initial abundance. However, as the dispersal rate increases
further, a regional Allee threshold reappears, and the extinction equilibrium becomes stable.
The qualitative transitions, in this case, take place through transcritical bifurcations.

For intermediate Allee thresholds (Fig. 3.5 B,C), the transition at m = my,, is sharp, but
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with increasing dispersal rate, Ar decreases, reaches a minimum, and then increases again. The
minimum value may fall to zero (Fig. 3.5 B), producing an intermediate range of dispersal rates
where invasion from small abundances is possible.

Further, the pattern in the limit of high-dispersal rates (m — oo) deserves a mention. The
regional carrying capacity (Kg) always saturates at a value smaller than the local carrying
capacity (K). On the other hand, the regional quasi-Allee threshold (Ag) saturates at a value
smaller or larger than its local counterpart (A). This pattern can be analytically explained,
and we can recover the deterministic nonspatial model with increasing carrying capacity (see
Appendix A, Section A.4).

Thus, the primary result of our model is that local Allee effects can disappear when one
zooms out from the level of a single patch to that of the metapopulation. Essentially, the
presence of local Allee effects does not imply that the metapopulation also faces strong Allee
effects. For certain parameters, Ap = 0, signifying that the zero equilibrium is unstable and
a population can invade irrespective of its initial regional abundance. In other cases, we also
see a positive Ag, implying that the population requires a positive, non-infinitesimal regional
abundance to invade.

To highlight the combined effect of the two main parameters in our metapopulation model—
local Alle threshold (A) and dispersal rate (m)— we depict two-dimensional bifurcation dia-
grams that exhibit the averages of metapopulation equilibria as a function of both A and m
(Fig. 3.6). We can discern three different regimes in the parameter space of m and A: the
extinction regime, the invasion regime, and the bistability regime. In the extinction regime,
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Fig. 3.6. Three different outcomes in the metapopulation model. A The regional carrying
capacity (Kg) as a function of the dispersal rate (m) and the local Allee threshold (A). B
The regional quasi-Allee threshold (Ag) as a function of m and A. Three distinct regimes
corresponding to a guaranteed extinction, invasion from small abundances and bistability are
observed. Parameters: r =1, K =50, a =10, X = 0.
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the population can never persist, no matter how large its initial abundance is. In the invasion
regime, the population can always invade, no matter how small its initial abundance is (as long
as it is positive): there is no regional strong Allee effect. In the bistability regime, the popu-
lation can invade if it has a certain threshold abundance: a regional Allee effect does emerge
from local Allee effects.

The extinction regime boundary in Fig. 3.6 shows that higher local Allee thresholds require
higher minimum dispersal rates (mpy,) for persistence. For small A, Kr gradually rises from
zero (transcritical bifurcation) at m = my,;,, whereas its transitions discontinuously (saddle-
node bifurcation) for a larger A (Fig. 3.6 A). In Fig. 3.6 B, the invasion regime corresponds
to Agr = 0. For small A, Ar increases continuously from 0 with increasing m, leading to the
bistability regime. For intermediate A, there is no invasion regime separating extinction and
bistability, but Ag is the minimum for an intermediate value of m. For high A, Ar decreases
with increasing m. We discuss potential causes for this pattern in Section 3.5.

In the invasion regime, it is possible to estimate the rate at which a small population invades
the habitat, using the Jacobian matrix (see Appendix B) of the metapopulation master equation
(2.6, 2.9). This rate is maximum for an intermediate value of m and decreases with increasing
A (Appendix B, Fig. B.1).

Further, we point out that even when the metapopulation is at its carrying capacity, some
patches may persist at sub-Allee threshold levels, i.e., as sinks, while other patches with higher
abundances act as sources. This source-sink dynamics occurs where m is close to muy, (see
Appendix D, Fig. D.2). To emphasise this aspect of our results, we further characterise the
regional carrying capacity (Kg) using square-pie charts (Lerch et al., 2023).

Fig. 3.7 shows square-pie charts concentrating on the part of parameters space where the
dispersal rate is close to my;,. Each square in the grid represents a combination of m and A.
A square is divided into two parts, whose area depicts the probability mass below and above
the local Allee threshold (A) in the stable equilibrium distribution (corresponding to Kg). The
colour of the parts stands for the average abundance below and above A, respectively. The
average local abundance is calculated on the condition that the patch is a source (average
greater than A) or a sink (average smaller than A). For m below my,, the population is
always zero. For the values of m close to my;,, source-sink dynamics are observed within the
patches. The probability mass below A decreases, and that above A increases with increasing
m. The population in the high-abundance sources is higher for higher m and lower A. For high
dispersal rates, the distribution is unimodal with no sinks and a negligibly small probability
mass below the local Allee threshold. This transition takes place at higher dispersal rates for
higher Allee thresholds.

Until now, we have mostly overlooked a particular detail in the metapopulation model.
Since our framework is stochastic, the metapopulation equilibria are probability distributions.
The “equilibria” shown in Figs. 3.4, 3.5 are the averages of these probability distributions. We
elaborate on this attribute of our model in Appendix D, Section D.2 and discuss why it has
little consequences for our main conclusions.

Metapopulations can be affected by local catastrophes that occur stochastically, wiping off
an entire patch. Such a patch requires immigration in order to be recolonised, emboldening
the patch dynamics where the equilibrium is maintained as a result of local extinctions and
recolonisations. The effect of catastrophes on metapopulation dynamics is similar to increasing
the local Allee threshold (see Appendix D, Section D.3).

Along with the sporadic catastrophes, a species can also fail to take over potentially colonis-
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able patches due to mortality during the dispersal process. Here, dispersal mortality only makes
high dispersal detrimental (see Appendix D, Section D.3), but later (in Chapter 4 and 5) we
will find that it has important consequences on evolutionary dynamics.

3.5 Ecological drift-driven establishment of populations

We have seen that demographic stochasticity and spatial structure are potential answers to the
question of how populations with Allee effects establish and persist in nature. Here, we present
a plausible explanation for the phenomena exhibited by our model. It is possible to break down
our model into three salient factors: birth-death processes, migration and stochastic ecological
drift. The interactions between these three forces produce the rich dynamics observed in our
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results. The effect of birth-death processes depends on the local population abundance. If it is
smaller than the local Allee threshold (A) or larger than the local carrying capacity (K), they
reduce the abundance. If it is between A and K, the birth-death processes increase it. On the
other hand, the net effect of migration depends on the difference between the local and the
regional abundances. If the local population is smaller than the regional average, immigration
exceeds emigration, and the overall effect is an increase in the local abundance. Ecological drift
can push the abundance in either direction, as it acts neutrally. However, the effects of drift
are more relevant for small rather than large populations as deterministic processes are more
dominant in the latter case (Leibold and Chase, 2017).

Consider our deterministic nonspatial model of Allee effects (3.4). The only processes in-
volved here are birth and death. Hence, whether a population establishes or goes extinct is
solely determined by whether its initial abundance is above or below A (Fig. 3.2D). However,
when we add dispersal from a region with a larger abundance, the net effect of migration en-
ables the population to persist in a sink state (Fig. 3.3 A) with a small but non-zero abundance.
With increasing dispersal rate, the mass effects dominate, and the population no longer faces
an Allee effect. Thus, high dispersal can rescue populations with Allee effects and allow them
to persist.

Including demographic stochasticity adds a third force, due to which a small population
can cross the Allee threshold and reach high local abundances (Fig. 3.3 B—E). However, drift
can also push a large population to a smaller value, because of which eliminating alternative
modes takes a higher dispersal rate in the stochastic model than eliminating alternative stable
states in the deterministic model (Fig. 3.3 A,D; Appendix D, Section D.1).

In the metapopulation model, all these factors converge to create the three different regimes
of extinction, invasion and bistability (Fig. 3.6). Ecological drift and mass effects can explain
the observed pattern. For a given A, a minimum dispersal rate (my,, Figs. 3.4, 3.5) is required
for persistence because if immigrants are too rare, every population eventually goes extinct due
to ecological drift. This threshold dispersal rate gives rise to the extinction regime.

With a sufficient dispersal rate, stochasticity acts as a mechanism for establishing small
populations. First, let us explain the case of small local Allee thresholds (Fig. 3.5 A). Consider
an invading population with a small regional abundance. If A is small, the effect of birth-death
processes on reducing the population of sub-Allee threshold patches is compensated by drift,
causing some of them to grow above A and establish locally. Additionally, a population can
be regionally small but locally abundant to begin with. Emigrants from the newly created or
pre-existing source patches enter the empty patches. Again, drift causes some of these patches
to grow, allowing the population to spread in the spatial habitat. Thus, we get the region
of invasion where there is no regional Allee threshold. However, if the dispersal rate is too
high, individuals in the growing sinks tend to leave it midway, preventing the population from
expanding. In such a case, mass effects produced by a non-infinitesimal regional abundance and
the high dispersal rate are necessary to compensate for the individuals that leave the growing
sinks. Such compensation could occur through migration into sinks that some individuals have
abandoned or simply by producing more and more sinks, increasing the likelihood that some
of them reach high population sizes. This process generates the bistability region for small
A. The minimum regional abundance needed behaves effectively as an Allee threshold on the
entire metapopulation, which we term the regional quasi-Allee threshold (Ag). Ag increases
with increased dispersal (Fig. 3.5 A) due to a greater loss of individuals from rising sinks.

Now, let us consider the case of intermediate and high Allee thresholds (Figs. 3.4, 3.5 B,C).
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For small dispersal rates, drift alone falls short of helping patches grow above the larger local
Allee thresholds. The probability of a sink turning into a source is smaller for larger A values,
causing small populations to go regionally extinct. But when a sufficient regional abundance is
present, mass effects pump enough individuals into patches to allow some of them to overcome
the local Allee threshold. This may occur by rescuing dying sinks or creating enough sinks so
that some of them are established locally due to drift. Increasing dispersal rate enhances mass
effects and sink creation or rescue, decreasing the required threshold regional abundance Ag
(Figs. 3.4 B.C, 3.5). This decrease may produce an invasion regime (Fig. 3.5 B) for an interme-
diate range of dispersal rates. For intermediate A, very high dispersal turns counterproductive
for the same reason discussed for low A: the growth of sinks is arrested due to emigration.
Hence, Ag reaches a minimum and increases again (Fig. 3.5 B,C). For high dispersal rates, a
minimum like this is not observed because the chance of a sink turning into a source is so
small that the advantage of creating newer sinks exceeds the disadvantage caused by the loss
of individuals from existing sinks (Fig. 3.4).

Summarising, ecological drift and dispersal can unfetter cooperating populations from their
strong Allee effects. In a situation where bistability is the only outcome on a smaller spatial
scale, a larger spatial scale may show different possibilities of extinction, invasion and bistability.
A local Allee effect does not necessarily scale up to produce a regional Allee effect. Thus, we
reiterate that to understand ecological phenomena, one must look at the “big picture” and think
beyond the local dynamics. These results have intriguing implications for ecological theory and
its applications, which we discuss in Chapter 6. They also serve as a fundamental basis for the
next chapter.

While stochasticity and dispersal may tender some respite to cooperating populations, they
continually face another threat: invasion by cheaters who free-ride on the efforts of cooperators.
Cheaters who put little effort into local interactions can arise due to mutations and breach a
cooperator fortress, causing the cooperator population to collapse. In the next chapter, we shift
our attention to this problem and propose a mechanism rooted in metacommunity theory to
explain the persistence of cooperation on an evolutionary timescale.



Chapter 4

Evolutionary ecology of cooperation

Today, Gause is most closely
associated with ecology, but
before the Second World War it
is clear that ecological
competition and natural
selection were synonyms.

James Mallet (2012)

Cooperation is observed in nature in a wide range of taxa. Cooperating can involve in-
creasing others’ fitness at the cost of one’s own. Since it may seem logical that defectors would
be able to exploit cooperators and grow at their expense, why cooperation evolves is an im-
portant question. Spatial structure can promote the evolution of cooperation by restricting
the benefits of cooperation within a group of cooperators (Akgay, 2020). Here, our goal is to
understand whether a metapopulation structure can favour the evolution of cooperation and
explore possible mechanisms behind it.

To do so, we slightly modify the model dealt with in the previous chapter to view it with a
focus on cooperation. We extend it to two strategies and show that cooperation cannot evolve
in a well-mixed population in this model. Then, we employ our stochastic metapopulation
framework with the same model to observe whether cooperation can evolve. We analyse the role
of different factors and explore the possibility of the coexistence of cooperators and defectors.
We conclude by proposing a metacommunity theory-based mechanism that can explain the
evolution of cooperation.

4.1 Evolutionary suicide in a well-mixed population

We begin by studying how cooperation evolves in a well-mixed system with a deterministic
model. This first step sets a baseline to compare with, as we later switch to our stochastic
metapopulation framework and observe the differences in the results.

To study the evolution of cooperation, we include a term  in (3.3), which can be obtained
by rescaling the parameter a from the model in the previous chapter (3.3). We refer to ~
as a “cooperation”, as this trait captures the investment of an individual in a cooperative
interaction. Such an investment could take the form of a contribution towards producing or
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securing a common good that can be utilised indifferently by all the members present on a
patch. This common good is implicit in our model, as we do not include a term that measures
its abundance. However, it is possible to arrive at our model starting with a more mechanistic
model that involves the common good (see Appendix C).

We assume that the per-capita birth rate increases with increasing cooperation and saturates
at p so that it takes the form b(N) = %. Cooperation also comes at a cost given by b7?,
which increases the death rate. We mostly assume quadratic costs (6 = 2), which implies
that the cost increases faster with increasing cooperation. In Appendix E, Section E.2, we
also explore the effect of linearly rising costs. Including these new terms, the growth rate a of

population where all individuals have the trait v is given by

dN pyN?
dt — a+~yN

Note that apart from the cost term, this model is the same as Jacobs’s model of Allee
effects (3.3) that we studied in Chapter 3 (for v = 1). Thus, the modified model also contains
a local Allee threshold implicit in (4.1). Introducing the explicit cooperation term + produces
upper and lower limits on v, Ymax and Ymin, below and above which a population fails to persist
(Fig. 4.1). Hence, a population with the strategy  has a non-zero stable equilibrium only if
¥ € (Ymin, Ymax)- Lhis implies that a population goes extinct if it cooperates too much or too
little. In the viable range of cooperation, the carrying capacity is the maximum and the Allee
threshold is the minimum for an intermediate level of cooperation (Fig. 4.1).

Now, we extend this model to a situation with two morphs, 1 and 2, characterised by the
strategies 7 and -, with abundances N; and Ns, respectively. We call the morph with a larger
~ as the cooperator and the morph with a smaller v as the defector. Note that “cooperator”

—c¢N —aN? —b’N (4.1)




Fvolutionary ecology of cooperation 41

and “defector” are relative terms, without an absolute distinction between them. When the
population is closed (no migration) and well-mixed, the birth and death rates of the two morphs
are given by

p(71 N1 + 12 N2) Ny
a + 71Ny + 12Ny
Di(Ny, Ny) = ¢Ny + a(Ny + No) Ny + /N
Dy(Ny, Ny) = cNy + a(Ny + Ny) Ny + by§ Ny

By(Ny, Np) =
(4.2)

where B;, D; are respectively the birth and death rates of the morph 7. Thus, the presence
of one morph increases the birth rates of another morph. This implies that the implicit com-
mon good is beneficial to both the morphs. However, each morph bears the cost of its own
cooperation, which increases its death rate. The overall death rate is the sum of a constant
death rate cN;, the death due to competition a(Ny + N3)V; and the death due to cooperative
investments by? ;.

Therefore, in the deterministic model, the growth rates of the two morphs are given by

dN, o {P(%]\G + Y2 N3) B
dt n CL+’}/1N1 +’YQN2

dN, . {P(%]\G + Y2 N3)
dt a+ 1 N1+ 12N

c—a(N; + Ny) — bfyf} M
(4.3)

—c—a(Ny+ Ny) — byg] N,

Now, we analyse this deterministic model using adaptive dynamics (Chapter 2, Section 2.3,
Subsection 2.3.1) to study the evolution of the cooperation trait 7. Here, we are focused on
the dynamics of two morphs within a single patch. First, we assume that there is only a single
morph with trait v, present at its carrying capacity given by K;i(7y1). Now, we consider a new
morph with a small abundance, Ny = €5. The per-capita growth rate of this invader (morph
2) in the environment set by the resident (morph 1), denoted gs, is called the invasion fitness.
The invader grows if the invasion fitness is positive, and it goes extinct if the invasion fitness is
negative. Here, the invasion fitness is given by (see Appendix E, Section E.1 for a derivation)

g2 = (7] =) (4.4)

which is positive when v, < v and negative when ~, > ~;. Thus, a more cooperating strategy
will always be invaded by a less cooperating mutant. This mutant will eliminate the resident
and take over the population. The process continues, decreasing the level of cooperation in the
population.

As we have seen, there are upper and lower limits on 7 for persistence. If a mutant that
invades is not viable on its own (v < ~Ymn), the invasion leads to the extinction of both
the morphs. This phenomenon, whereby a population evolves to its own extinction, is called
evolutionary suicide (Parvinen, 2005) or Darwinian extinction (Webb, 2003).

We draw a pairwise invasibility plot (PIP) that portrays this phenomenon (Fig. 4.2A). In
the PIP, the coloured region marked with a “4” represents the resident-invader trait combina-
tions where invasion is possible, and the white region marked with a “—" represents the trait
combinations where invasion is not possible. The black region indicates the trait values for
which a resident cannot persist (the values outside the range (Viin, Ymax)).- The upper bound-
ary Ymax is not shown in Fig. 4.2 A because it is too high. Additionally, we include a bar on
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the right side that indicates whether an invader with a trait value 7;,, can invade the empty
habitat (coloured part with “+7) or not (white part with “—"). The colour in the bar is black
with a “—" if the morph cannot persist. Invasion into an empty habitat is not possible in the
local deterministic case due to the strong Allee effect in our model. However, note that a small
mutant population need not face an Allee effect when a resident is already present at a high

abundance.
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Fig. 4.2. Evolutionary suicide in a single patch (the deterministic nonspatial model, 4.3). A
Pairwise invasibility plot (PIP). In the square, the coloured (+) and white (—) portions indicate
the resident-invader strategy combinations for which invasion occurs. The black portion shows
the strategies for which a resident cannot persist. In the sidebar, the coloured (+), white (—)
and black (—) parts correspond to the strategy values that can invade an empty system, can
persist but cannot invade an empty system and cannot persist, respectively. A sequence of suc-
cessive invasions and replacements corresponding to panel B is plotted on the PIP. B Successive
invasions by less cooperating strategies lead to a reduction in population size and, ultimately,
evolutionary suicide. The box corresponds to the suicidal trajectory further explained in panels
C and D. C Nullclines for the last invasion trajectory. The colours correspond to those in panel
B. The grey dashed line shows the invasion trajectory through time. Closed circles are stable
equilibria and open circles are unstable equilibria. D A zoomed-in view of the last invasion
trajectory in panel B. Parameters: p = 3.5, a =10,c=1, a = 0.04, b = 0.05, § = 2.

As the PIP reveals, every possible resident trait v..s can be invaded by a mutant with a



FEvolutionary ecology of cooperation 43

lesser level of cooperation 7i,y, i.e., when 7y, < Yres- A mutant that cooperates more, on the
other hand, can never invade a less cooperating population. Thus, selection favours lesser and
lesser values of cooperation until the trait value in the population falls below the limit for
persistence, and the population goes extinct. The bar on the right side (Fig. 4.2 A) has only
black and white parts, as the Allee effects prevent a small population from invading an empty
habitat for any value of the cooperation trait (Fig. 4.1).

Fig. 4.2 B shows successive invasions by less cooperating strategies and the fall in the popu-
lation size until extinction occurs. When a less cooperating strategy invades a more cooperating
resident, the resident goes extinct and is replaced by the invader. However, in the last invasion
trajectory (Fig. 4.2D), the invader cannot persist on its own. Initially, the invader population
rises and the resident population falls. When the resident population falls below a certain point,
the invader population reaches a maximum and decreases sharply. After this, both populations
decrease and go extinct. Fig. 4.2 C show the nullclines for the last trajectory. The resident
has a non-zero carrying capacity and an Allee threshold, whereas the invader has no non-zero
equilibrium point. The extinction of both strategies is the only stable equilibrium.

Hence, although cooperating less harms the population in the long term, the short-term
gains on the ecological timescale provide an advantage to defectors who make smaller coopera-
tive investments. This outcome is called a tragedy of the commons, where a focus on individual
benefit engenders a disaster on the population scale. Evolutionary suicide of this kind is an ex-
treme example of the tragedy of the commons, in which these short-term advantages inevitably
lead to extinction.

4.2 Cooperation in a stochastic metapopulation

To explore whether a metapopulation structure allows cooperation to evolve, we convert our
model into a stochastic metapopulation model along the same lines as we did in Chapter 3. The
demographic processes of birth, death, immigration, emigration and catastrophes are defined to
be stochastic processes (Chapter 2, Section 2.3). The birth and death rates are given by (4.2),
and the immigration and emigration rates by (2.16). The local population dynamics over
time are now described by a probability distribution, which is equivalent to the distribution
over all the patches at a given instant. Using the LMAO function (Chapter 2, Section 2.3,
Subsection 2.3.2), we construct PIPs and study invasion dynamics in this model.

A metapopulation structure averts the tragedy of the commons and allows cooperation to
evolve. Fig. 4.3 shows PIPs for different dispersal rates. The value of cooperation () at the
intersection point of the invasion boundary with the diagonal is the singular strategy. In all the
cases that we observe, there is only one singular strategy. As the strategy can invade its nearby
strategies, it is convergence stable. With evolution, the population will eventually attain this
strategy. As it cannot be invaded by nearby strategies, it is evolutionarily stable. Hence, it is a
continuously stable strategy (CSS) that will be an evolutionary endpoint. We denote the CSS
of the cooperation strategy by 7*. As the PIPs show, v* decreases with increasing dispersal
rate. Additionally, the minimum value of the cooperation trait ~,,;, required for persistence
also decreases with increasing dispersal rate. High dispersal rates allow persistence for a larger
range of cooperation strategies but also decrease the CSS values. Besides, the bars adjacent to
the PIPs show that the range of cooperation strategies which can colonise an empty habitat
also changes with the dispersal rate. For high dispersal rates, no strategy can colonise an
empty habitat starting with a small abundance as regional Allee thresholds that disappear for
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Fig. 4.3. Pairwise invasibility plots
w.r.t. cooperation () in the stochas-
tic metapopulation model for different
dispersal rates (m). A m = 0.001 B
m=001Cm=01Dm=1Em=
10. The resident strategies are shown
on the z-axis and the invade strategies
on the y-axis. The black portion shows
the strategies for which a resident cannot
persist. In the square (Column i), the
coloured (+4) and white (—) portions in-
dicate the resident-invader strategy com-
binations for which invasion occurs. The
point where the invasion boundary inter-
sects the diagonal is the singular strat-
egy (7*). In all these cases, the singu-
lar strategy is a continuously stable strat-
egy (CSS). Unlike the deterministic non-
spatial model (Fig. 4.2), cooperation now
evolves in the population and a tragedy
of the commons is averted. The value of
~v* is smaller for higher dispersal rates,
meaning that the extent of cooperation
in the population decreases with increas-
ing dispersal rates. Further, the range of
permissible strategy values increases with
increasing dispersal rates. In the sidebar
(Column ii), the coloured (+), white (—)
and black (—) parts correspond to the
strategy values that can invade an un-
occupied habitat, can persist but cannot
invade an unoccupied habitat and can-
not persist, respectively. Invasion into
an unoccupied habitat with a small ini-
tial abundance can be possible in the
metapopulation model, as a population
may not face a regional Allee effect de-
spite the presence of the local Allee ef-
fect (Chapter 3). The minimum v need
for invasion (sidebar) does not always co-
incide with the minimum + needed for
persistence (PIP), highlighting the differ-
ences caused by the presence and absence
of regional Allee thresholds. Parameters:
p =35, a =10, ¢c = 1, a = 0.04,
=0.05,0=2,X=0,0=1.
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Fig. 4.4. CSS for cooperation (v*) as a function of dispersal rate (m). ~* decreases with
increasing m, but evolutionary suicide does not occur. The upper and lower limits v, and
Ymax decrease and increase with increasing m, respectively, and saturate as m — oco. The purple
area (e4) is the part of the parameter space where invasion into an unoccupied habitat with
a small initial abundance is possible, i.e., where there is no regional Allee effect. Equilibrium
population distributions at CSS are depicted for certain values of m. A Competitive exclusion
of defectors. B Successive evolution to a strategy that cannot invade from rarity. Parameters:
p=35,a=10,c=1,a=0.04,0=0.05,0=2, X =0,0=1.

intermediate dispersal rates appear again for high dispersal (see Chapter 3).

Interplay of cooperation and dispersal rate

Fig. 4.4 captures the essence of these results and displays various outcomes as a function of
the dispersal rate (m). First, there is a minimum value of m below which no strategy can
persist, consistent with the results we saw in Chapter 3. Second, the maximum permissible
value of cooperation, V,.x, increases with increasing m and saturates at a certain value. Third,
the minimum permissible value of cooperation, Y, decreases with increasing m and saturates
at a certain value. Fourth, invasion into unoccupied habitats is possible within a part of the
parameter space, where there is no regional Allee threshold. We mark these combinations of ~
and m as €;.

Importantly, consider how CSS ~* varies with m. Though ~* decreases with increasing m,
it saturates at a certain point for very high m values. This implies that, in this case, a CSS
exists even for high dispersal rates, completely averting evolutionary suicide! Although ~v* is
close to Yyin for high m, the population does not go extinct with evolution. In Chapter 3,
we saw that the metapopulation equilibria differ from the local equilibria even for very high
dispersal rates, suggesting that stochasticity plays a key role even though high dispersal fuses the
metapopulation into a single aggregate patch. The outcome here reflects the same phenomenon,
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where stochasticity enables evolutionary persistence by maintaining heterogeneity, disallowing
a complete melding of the patches at high dispersal rates. Nevertheless, it is noteworthy that
for some of the other parameter values we will encounter further in the chapter, evolutionary
suicide indeed occurs for high dispersal rates.

In addition, Fig. 4.4 also plots the stable equilibrium distributions P(N) (with N on a
hidden z-axis) at the strategy v* for different m. The distributions are bimodal for low m, and
the probability mass associated with the non-zero peak increases with increasing m. However,
since the local carrying capacity for v* decreases with decreasing v* (at least in the values taken
by ~*, Fig. 4.1), the non-zero peak shifts to smaller values of population abundance. For high
m, the distribution is a Poisson distribution, as shown in Appendix A.

A careful thought reveals some intriguing properties presented by Fig. 4.4. First, for low
dispersal rates, the zone in the trait space corresponding to the colonisation of empty habitat
(e+) extends below the v* curve. Thus, for these dispersal rates (for example, the vertical line
marked A), a small population with a v smaller than v* can invade an empty system. But the
same population fails to invade when there is a resident with the strategy +*. Hence, a small
defector population that would have grown in abundance in the absence of a resident fails to
invade a resident cooperator population. This implies that the defector can be competitively
excluded by the cooperator. This completely contrasts the local deterministic outcome, where
a defector is always a superior competitor and excludes a cooperator. In Section 4.3 and 4.4,
we further look into this phenomenon.

Second, consider intermediate dispersal rates in Fig. 4.4 where a population at the CSS ex-
periences a regional Allee effect, but strategies that cooperate more do not face it (for example,
the vertical line marked B). Here, an empty habitat can be colonised by a small population that
assumes a strategy in the 4 zone. However, evolution will push the population strategy to lower
and lower values until it reaches v*. In this way, the metapopulation will ultimately consist of
individuals with a strategy that could not have invaded in the first place. This phenomenon
is akin to ecological succession (Koffel et al., 2018), where a pioneer community modifies the
environment in a manner that enables other species to invade, finally producing a climax com-
munity with an entirely different composition, which may not consist of the pioneering species.
Along similar lines, our metapopulation may begin with a pioneer strategy that invades an
empty habitat and secures the common good such that a relatively defecting population can
invade. The subsequent replacement of populations would lead to the CSS. Now, if a large-scale
disturbance wipes out the entire metapopulation at CSS, recolonising would require either a
large abundance or beginning with a cooperator population that can invade with a small initial
abundance.

We further explore these connections and potential mechanisms for our results in detail
in Section 4.4. Here, we discuss the impact of the evolution of cooperation on two ecological
parameters: carrying capacity and Allee threshold, both at the local and regional scales. Recall
that unlike in Chapter 3, the local carrying capacity K and the local Allee threshold A are not
fixed parameters of the model but vary as a function of 7. Also, recall from Chapter 3 that
the regional carrying capacity Kr and the regional quasi-Allee threshold A depend on the
dispersal rate m. We plot these local and regional equilibria values at the cooperation CSS as a
function of the migration rate m in Fig. 4.5. We denote the local carrying capacity, local Allee
threshold, regional carrying capacity and regional quasi-Allee threshold at the CSS as K(v*),
A(v*), Kr(v*) and Ag(v*), respectively.

For low dispersal rates, the CSS strategy produces a high K(~*) but a low Kgr(~y*). This
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Fig. 4.5. Local and regional ecological parameters at the CSS as a function of dispersal rate
(m). Local carrying capacity, regional carrying capacity, local Allee threshold and regional
Allee threshold at the CSS are denoted by are denoted by K (v*), Kr(v*), A7), Ar(7*),
respectively. Parameters: p=3.5,a =10, c=1,a=0.04,6=0.05,0=2, X =0, = 1.

implies that most of the patches are empty, but the few occupied patches have a high abundance.
This scenario corresponds to the bimodal distributions in Fig. 4.4. With increasing m, K(v*)
shows a small initial increase and then decreases, ultimately saturating at a value for high
dispersal rates. Kg(v*) is the maximum for an intermediate dispersal rate and saturates below
K(v*). A(y*) increases with increasing dispersal rates. Ag(7y*), on the other hand, is zero
for small dispersal rates, corresponding to the ¢4 zone in Fig. 4.4. Beyond this invasion zone,
ARg(~*) rises from zero and saturates at value larger than A(y*). All these parameters show
saturating behaviour at high dispersal rates because v* saturates, as shown in Fig. 4.4.

Examples of evolutionary suicide in the metapopulation

The constant death term c is a key life history parameter in our model that determines the
natural death rate of individuals in the absence of competition and cooperation. The effect of
such life history traits on the evolution of cooperation depends on how they affect population
dynamics (Lion and Gandon, 2010). Increasing ¢ amounts to pushing the per-capita growth rate
curve downwards (see Chapter 3, Fig. 3.2), increasing the local Allee threshold and decreasing
the local carrying capacity. Moreover, changing c also alters Vyin and Yiax-

Increasing the constant death rate promotes the evolution of greater cooperation but can
cause evolutionary suicide (Fig. 4.6). For a higher value of ¢ (Fig. 4.6 AB), evolutionary
suicide occurs for high m. High dispersal rates lead to loss of spatial heterogeneity and the
metapopulation behaving similarly to a single patch, recovering the deterministic nonspatial
result (Fig. 4.2). Interestingly, evolutionary suicide can also take place when the dispersal rates
are too low (Fig. 4.6). In such a case, persistence on an evolutionary scale is possible for a
range of intermediate dispersal rates. Extreme dispersal rates cause extinction. Evolutionary



48 From linking patches to linking theories: Cooperation in metapopulations

>

=

Trait value (y)

C

v 50 50 — K
|9 — A
= [ 2 R B K
T 40 40 "
C ....... AR
5 \

2 30 30

e )
.S 20 20
o T

=)

3 10 10 /

o
a .

O ............................ - 0
1073 1072 107! 10° 10! 102 1073 1072 1071 10° 10! 102
Dispersal rate (m) Dispersal rate (m)

Fig. 4.6. CSS (v*) as a function of dispersal rate (m) for A ¢ =1.2 and B ¢ = 1.4. The CSS
for ¢ = 1 is also shown for comparison. Local and regional ecological parameters at the CSS
as a function of dispersal rate (m) for C ¢ = 1.2, D ¢ = 1.4. Local carrying capacity, regional
carrying capacity, local Allee threshold and regional Allee threshold at the CSS are denoted
by are denoted by K*, K}, A*, Ay, respectively. The terminal dots in A and B indicate
evolutionary suicide. Parameters: p = 3.5, a =10, a =0.04, b =0.05,0 =2, X =0, 0 = 1.

suicide with low dispersal rates can also be interpreted as a loss of spatial heterogeneity because
each patch functions independently on its own. As cheaters dominate cooperators locally, every
patch is prone to invasion by cheaters, leading to evolutionary suicide.

From a dynamical systems point of view, a connection between evolutionary suicide and
the regional ecological parameters is worth mentioning. Gyllenberg et al. (2002) proved that a
discontinuous transition to extinction is a necessary condition for evolutionary suicide. In other
words, evolutionary suicide cannot occur if the population abundance is a continuous function
of the evolving parameter. Our results are consistent with Gyllenberg et al.’s theorem (2002).
For example, in Figs. 4.4, 4.6 A B, evolutionary suicide cannot take place in the purple-shaded
part of the parameter space, where there is no regional Allee effect. A barrier such as an Allee
effect is essential for evolutionary suicide. In Fig. 4.6 A, evolutionary suicide does not occur
in a situation where A}, = 0, i.e., when there is no regional Allee effect. But with increasing
m, as Ar becomes non-zero, evolutionary suicide is observed. It takes place on both ends in
Fig. 4.6 B, as Agr the parameter zone with no regional Allee effects does not touch the vy,
extinction boundary and the transition is always discontinuous. Note that the converse of the
Gyllenberg et al.’s theorem (2002) is not true, and evolutionary suicide, in general, may not
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occur despite a discontinuous transition like an Allee effect (as with Fig. 4.4).

Effect of other factors

In addition to the constant death rate, we also look at the effect of catastrophes, dispersal
mortality and the cost of cooperation its evolution. Interestingly, we find that catastrophes
and dispersal mortality promote the evolution of cooperation, and that the nature of cost has a
nuanced effect. While being somewhat subsidiary, these results serve to support the explanation
we propose in Section 4.4. The details of these results are explained in Appendix E, Section E.2.

We have seen that a metapopulation structure allows cooperation to evolve in a situation
where defection is the locally dominant strategy. Starting with a monomorphic population,
the metapopulation will evolve to a CSS if mutations are small and rare and if strategies close
to each other cannot stably coexist. This concept of the non-coexistence of almost identical
strategies is related to the concept of limiting similarity (Meszéna et al., 2006) and Gause’s
competitive exclusion principle (Molles Jr and Sher, 2019).

On the other hand, if mutations are sufficiently large, it is possible that two strategies
coexist and produce interesting metacommunity dynamics. However, we surmise that such a
coexistence would be temporary on the evolutionary scale. With invasions by a third mutant,
coexisting dimorphic metapopulations would likely converge to the CSS (Diekmann et al., 2004),
if the third mutant that invades also replaces either or both the coexisting strategies. Our
model is computationally burdensome with even two coexisting strategies, making it difficult
to rigorously assess this phenomenon.

Nevertheless, although temporary, studying the coexistence of different strategies enables
us to determine what transient states can occur on the evolutionary trajectory. Thus, in the
following section, we explore the coexistence of cooperators and defectors and connect it to
concepts from metacommunity theory.

4.3 Ecological co-existence of cooperators and defectors

While the coexistence of different strategies, i.e., cooperators and defectors, may not last on an
evolutionary timescale, the very possibility of coexistence motivates us to look into the ecological
nature of this phenomenon. As the coexistence state would probably be transient during
evolution, it is important to investigate which strategies can coexist and how large mutations
are required for coexistence. Since we are working with a metapopulation model, the possibility
of coexistence raises further questions: When two strategies coexist in the metapopulation
(regional coexistence), are they segregated into separate patches (absence of local coexistence)?
Or do they coexist on a single patch (local coexistence)? What role does the metapopulation-
level Allee effect play? Can we relate the coexistence to metacommunity theory? To probe these
questions, we dig deeper into different ways cooperators and defectors coexist in our model.

We first tackle the question of whether the strategies coexist locally or on separate patches.
We find that the dispersal rate determines whether local coexistence is possible or not, and
that we can identify three different categories of coexistence (Fig. 4.7):

e Segregated coezistence: For low dispersal rates, the two morphs can coexist regionally,
but they are segregated into different patches (Fig. 4.7 A). The equilibrium distribution
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Fig. 4.7. Examples of coexistence of cooperators and defectors. A Segregated coexistence.
v1 = 1.25, 75 = 0.95, m = 0.01. B Sink coexistence. v; = 1.0, 79 = 0.8, m = 0.1. C Local
coexistence. v; = 0.75, 79 = 0.65, m = 1. The left column shows equilibrium probability
distributions (the proportion of patches in a given state (Ny, Ny). The distributions are di-
vided into the basins of attraction of different peaks and are coloured according to the relative
abundance at the peak. The black peak corresponds to the extinction of both morphs. The
square pie-charts adjacent to each graph summarise the distribution: Each part represents the
probability mass under a given peak, and its colour represents the relative abundance of morph
2 (Ny/(Ny + N3)) at the peak. When the peak occurs where Ny # 0 and Ny # 0 (intermediate
colour), the coexistence is local. If either N; = 0 or Ny = 0 (either red or blue peak), there is
no local coexistence. The right column shows a single instance of a stochastic simulation run
using the Gillespie algorithm, which depicts how the abundance of a patch varies at equilibrium.
In all three subfigures, morph 1 (blue) is chosen as the cooperator and morph 2 (red) as the
defector. Parameters: p=3.5,a=10,¢c=1,a=0.04,b=0.05,0=2, X =0, = 1.
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shows three peaks located on the boundaries of the state space, thus corresponding to the
presence of morph 1 only (the cooperator), morph 2 only (the defector) and the extinc-
tion of both. We interpret this as an example of patch dynamics: regional coexistence
is maintained through local extinction and recolonisation. The time series of abundances
in a given patch of the metacommunity obtained using the Gillespie algorithm illustrates
this: a given patch harbours either only one of the morphs at a given instant or none of
them. When the patch is empty, the cooperator (blue) colonises them more often. How-
ever, the defector (red) takes over the cooperator patches more often than the other way
round. Thus, the cooperator is a better coloniser and the defector is a better competitor.
Coexistence occurs due to a competition-colonisation trade-off.

e Sink coexistence: For intermediate dispersal rates, source-sink dynamics driven by local
Allee effects are observed. In this case, the two morphs can coexist locally, but only
within a sink, where each of them has a low abundance. We call this situation as sink
coexistence. The equilibrium distributions show three peaks, one corresponding to each
of the morphs and one corresponding to the sink. Fig. 4.7 B shows an example of this
type of distribution. The local time series obtained using the Gillespie algorithm shows
that a given patch harbours either of the morphs or a low abundance of both of them at
a given instant.

e Local coezistence: For high (but not very high) dispersal rates, mass effects drive the local
coexistence of different morphs. The equilibrium distribution is unimodal, and the peak
corresponds to the coexistence of both the morphs (Fig. 4.7C). Within a given patch,
both morphs exist simultaneously with possibly different abundances.

For very high dispersal rates (see Fig. 4.10 E), the coexistence is lost due to reduced spatial
heterogeneity that makes the model approach its nonspatial limit (Leibold and Miller, 2004).

In the cases we considered above, both strategies were also viable on their own. They could
invade each other at equilibrium, meaning that the coexistence took place through mutual
invasibility. This type of coexistence is protected, as a morph can invade the other when it is
rare and the other is abundant. However, what if a resident strategy is invaded by a strategy
that can’t persist on its own? Is coexistence still possible? It turns out that the answer is yes.

To illustrate this scenario, consider the following example: morph 1 (say, the cooperator)
can persist on its own, whereas morph 2 (say, the defector) cannot. However, when morph 1 is
present in the system, morph 2 can invade it and then coexist with morph 1. Since a necessary
condition for this coexistence is the presence of morph 1 when morph 2 invades, we call this
conditional coexistence. This concept is similar to obligate parasitism, as the defector needs the
cooperator to be present in order to survive. If the cooperator does not have a regional Allee
effect, the coexistence is protected from extinction. If the cooperator has a regional Allee effect,
the coexistence is unprotected, i.e., both the morphs go extinct if the cooperator becomes rare.
Conditional coexistence can also be classified into three different types:

o Segregated coezistence (Fig. 4.8 A): This is an extreme example of patch dynamics. When
the defector invades a cooperator patch, the cooperator population collapses. The de-
fector cannot persist in the patch on its own for long and collapses as well. Now, the
cooperator can again colonise the patch and establish, continuing the cycle of extinction
and recolonisation. In other words, the defector is the superior competitor but an inferior
coloniser.



52 From linking patches to linking theories: Cooperation in metapopulations

Equilibrium distribution Local stochastic simulation
/\ 100

80
0.0314

0.0209
P 0.0105

60

Ny, N

40

20

0 500 1000 1500 2000
100
80

60

Ny, Ny

40

2

o

i L il | l,]‘ H [ I ’“hlq M( / ’

0 500 1000 1500 2000
100

80

o
< 60
z

40

20

0 500 1000 1500 2000

| )
0.0 0.5 1.0 Time
Relative abundance = N,/(N1 + N>)

0 0

Fig. 4.8. Examples of conditional coexistence. A Segregated coexistence. 7, = 1.5, v5 = 0.8,
m = 0.01. B Sink coexistence. v = 1.3, 75 = 0.6, m = 0.1. C Local coexistence. v, = 1.5,
~v2 = 0.55, m = 1. The left column shows equilibrium probability distributions(the proportion
of patches in a given state (N7, Ny). The distributions are divided into the basins of attraction
of different peaks and are coloured according to the relative abundance at the peak. The black
peak corresponds to the extinction of both morphs. The square pie-charts adjacent to each
graph summarise the distribution: Each part represents the probability mass under a given
peak, and its colour represents the relative abundance of morph 2 (No/(N; + Ns)) at the peak.
When the peak occurs where Ny # 0 and N # 0 (intermediate colour), the coexistence is local.
If either Ny = 0 or Ny = 0 (either red or blue peak), there is no local coexistence. The right
column shows a single instance of a stochastic simulation run using the Gillespie algorithm,
which depicts how the abundance of a patch varies at equilibrium. In all three subfigures,
morph 1 (blue) is chosen as the cooperator and morph 2 (red) as the defector. Parameters:
p=35,a=10,c=1,a=0.04,0=0.05,0=2, X =0,0=1.
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e Sink coexistence: For intermediate dispersal rates, the two morphs may coexist within a
sink (Fig. 4.8 B).

e Local coexistence: For high dispersal rates, the cooperator and the defector may coexist
within a patch since mass effects maintain their local abundances. In such a situation,
it is possible that the cooperator has a very low regional and local abundance, but it
supports a much larger defector population (Fig. 4.8 C).

Thus, we have seen that coexistence can take multiple forms, and that the regional Allee
effect determines whether conditional coexistence is protected or not. Next, we engage with
the question of which strategies can coexist or conditionally coexist.

One can visualise the combinations of strategies that can coexist using mutual invasibility
plots (MIPs). A MIP is constructed by overlaying a pairwise invasibility plot (PIP) with its
flipped version. A mutual invasibility plot shows three different regions in the strategy space:
two corresponding to each of the species being excluded and one corresponding to coexistence.
However, because of the metapopulation structure, Allee effects and conditional coexistence in
our model, exploring coexistence necessitates us to dive deeper than what a MIP can show.
Thus, we depict our results using a version of MIPs that we call “regional coexistence plots”
(RCPs) (Figs. 4.9, 4.10).

Similar to MIPs, we obtain an RCP by overlaying a PIP with its transpose. For different
values of the strategies 7, and 9, an RCP shows whether they coexist or not. In an RCP, the
black portion shows the strategies for which extinction is the only stable equilibrium. The black
dashed line is the persistence line, i.e. the value of ;. The white dashed line is the invasion
line, i.e., the minimum value of v needed for a single morph to colonise an empty habitat with a
small population. The blue portion marked with +, — shows the strategy combinations where
morph 1 (z-axis) excludes morph 2, and the red portion marked with —,+ shows the vice
versa. The purple portion marked with +, 4+ shows the combinations where both morphs can
invade each other and thus coexist. The meanings of the remaining combinations of colours and
signs can be found in Table 4.1. Briefly, it suffices to know the first sign in each pair indicates
whether morph 1 can invade morph 2 when the latter is at its carrying capacity (which may
be zero), and the second sign indicates vice versa. In the cases where ~; < i, so that the
carrying capacity of morph i is zero, a 0 is added in the subscript to the i sign in the pair.

Fig. 4.9 shows an RCP along with example outcomes for specific 71, 7, combinations. The
upper panels subfigures A—L in Fig. 4.9 show the nullclines for different 7,2 combinations.
These nullclines are the projections of the actual high-dimensional nullclines in the P(Ny, N)
space onto a two-dimensional plane spanned by the vectors N; and N,. The details on how
these nullclines were obtained can be found in Appendix E, Section E.4. The lower panels
show the time series of invasion, assuming that morph is initially at its (possibly zero) regional
carrying capacity and morph 2 has a small initial regional abundance !.

Further, we use square-pie charts (Lerch et al., 2023) to summarise the equilibrium distri-
butions for various 7, 72 combinations. Each square represents a particular ~;, 7, combination.
Within a square, each distinctly coloured wedge stands for a peak in the equilibrium distribu-
tion. The colour of the wedge represents the relative abundance of morph 2 at the peak. The
area of the wedge represents the probability mass within the basin of attraction of that peak.

Fig. 4.10 shows RCPs (Column i) and square-pie charts (Column ii) for different dispersal
rates. For m = 0.001 (Fig. 4.10A), the invasion and persistence lines coincide (Column 1i).

IThe time series figures were obtained using a modified version code originally written by Dr. Jonas Wickman.
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Fig. 4.9. A regional coexistence plot (RCP) showing different outcomes that can occur when
two strategies interact. The guidelines for interpreting different combinations of signs and
colours are given in Table 4.1. The dashed black line is the persistence boundary, i.e. Ypi,.
The dashed white line is the invasion boundary for an unoccupied habitat, i.e., the minimum
value of v needed for invading an empty habitat from a small initial abundance (the sidebar in
Fig. 4.3 C). In the subfigures A—L, the upper panels show the projections of the nullclines into
a two-dimensional space spanned by N; and N,. The lower panels in subfigures A—L show
time series assuming that morph 1 is at its regional carrying capacity (which may be zero) and
morph 2 is invading with a small regional abundance. Parameters: m = 0.1, p = 3.5, a = 10,
c=1,a=004,b=0.0560=2 X=0,0=1.
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Signs | Colour | Can morph 1 [ If  yes, can | What is the final outcome?
persist on its | morph 2 invade
own? morph 17 If
no, can morph
2 invade the
empty system?
+,— | Blue Yes No Morph 1 wins
—,+ | Red Yes No Morph 2 wins
+,4+ | Purple | Yes Yes Coexistence
+, 40 | Purple | Yes Yes Conditional coexistence
(coexistence if morph 1
is present when morph 2
invades)
9,4+ | Purple | No Yes Conditional coexistence
(coexistence if morph 2
is present when morph 1
invades)
+,—o | Blue Yes No Morph 1 wins
—0,+ | Red No Yes Morph 2 wins
—,—o | Blue Yes No Morph 1 wins but can’t in-
vade with a small initial
abundance
—0,— | Red No No Morph 2 wins but can’t in-
vade with a small initial
abundance
—, 4o | Purple | Yes Yes Conditional coexistence
(coexistence if morph 1 is
present at high abundance
when morph 2 invades)
~+9, — | Purple | No No Conditional coexistence
(coexistence if morph 2 is
present at high abundance
when morph 1 invades)
—, 40 | Black | Yes Yes Extinction of both morphs
when morph 2 invades
morph 1
~+o, Black | No No Extinction of both morphs
when morph 1 invades
morph 2

Table 4.1: Meanings of different combinations of signs and colours in Figs. 4.9 and 4.10.
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Fig. 4.10. Coexistence of different strategies in cooperation in the metacommunity model.
(i) Regional coexistence plots (RCPs). The RCPs show whether a stable coexistence
equilibrium is present for a given combination of 77,7, or not. The colour key is as follows:
Purple: Stable coexistence possible. Blue: No stable coexistence. Species 1 has a non-zero
stable equilibrium. Red: No stable coexistence. Species 2 has a non-zero stable equilibrium.
Black: Extinction of both species is the only stable equilibrium. Among the pairs signs on the

figures, the first sign indicates whether species 1 can invade (+) when species 2 is at its carrying
capacity (which may be zero) or not (—), and the second sign indicates whether species 2 can
invade (4) when species 1 is at its carrying capacity (which may be zero) or not (—).

caption continues on the next page).
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Fig. 4.10. (Continued from the previous page) When a species has a zero regional carrying
capacity (v < Ymin), the same is indicated with a 0 as the subscript to the corresponding sign.
The dashed black line is the persistence boundary, i.e. . The dashed white line is the
invasion boundary for an unoccupied habitat, i.e., the minimum value of 7 needed for invading
an empty habitat from a small initial abundance (the sidebars in Fig. 4.3). The resulting
meanings of different combinations of signs and colours are given in Table 4.1. (ii) Square-
pie charts. The square pie charts summarise the equilibrium probability distributions. Each
square-pie chart represents a 7;,7, combination. It is divided into different parts, each of
which corresponds to a peak in the equilibrium probability distribution. The colour of each
part indicates the relative abundance of species 2 at the peak, i.e., No/(N1+ N3). A bluer colour
implies greater N7, and a redder colour implies a greater N, at the peak. An intermediate colour
indicates local coexistence. Sinks of species 1 and 2 (peaks where N; is small but non-zero and
Ny = 0, and vice versa) are shown by lighter shades of blue and red, respectively. The entirely
black squares correspond to the 7;, v, combinations where extinction of both species is the only
stable equilibrium. Dispersal rates: A m =0.00l Bm =001 Cm=01D m=1E m = 10.
Parameters: p=3.5,a=10,c=1,a=0.04,6=0.05,0=2, X =0,0 = 1.

There is a mutual invasibility region and a small conditional coexistence region. The equilibrium
coexistence distributions (Column ii) show three peaks, corresponding to the dominance of each
species and extinction. Thus, there is no local coexistence. Regional coexistence occurs through
a competition-colonisation trade-off.

For m = 0.01 (Fig. 4.10 B-i), the mutual invasibility region is relatively reduced compared
with m = 0.001. The conditional coexistence region is larger. The invasion and persistence
lines do not coincide, and we have small region where a morph can exclude another morph, but
fails to invade the empty system due to a regional Allee effect. The equilibrium distributions
still show a separation of peaks (Fig. 4.10 B-ii), with no local coexistence.

For m = 0.1 (Fig. 4.10 C-i), the mutual invasibility region is relatively larger compared with
m = 0.01. Several different outcomes can be clearly discerned, including exclusion of one species
by another (+, — and —, +), coexistence with mutual invasibility (4, +), conditional coexistence
(4, +o0 and +¢, +), and the exclusion of a defector can’t persist on its own, without (4, —g and
—0,+) or with (—, —g and —¢, —) regional Allee effects in the cooperator. We spell out these
outcomes perspicuously in Fig. 4.9, where we plot the nullclines and time series for each of
these cases. The equilibrium distributions (Fig. 4.10 C-ii) now contain sinks, and two morphs
can locally coexist within a sink. Sinks containing only one of the morphs can also occur. The
square-pie charts also reveal that even in the cases of mutual invasibility (for m = 0.1), one
morph often has a higher regional abundance, such that the other morph does not even have
a peak corresponding to it. Additionally, conditional coexistence also takes place with sinks
containing one or both morphs. Importantly, consider the conditional coexistence where ~; is
close to 1.5 and 75 < Vi, i-€., morph 1 is a cooperator and morph 2 is a defector that can’t
persist on its own. Here, the coexistence distributions are dominated by the defectors, and
only a small proportion of cooperators exist (the red area is larger compared to the blue area).
However, if the cooperators were completely absent, the defectors would have gone extinct.
Hence, we observe that a small population of cooperators is able to sustain a large defector
population, allowing it to coexist with itself.

For m = 1 (Fig. 4.10 D-i), the mutual invasibility region is again relatively smaller compared



FEvolutionary ecology of cooperation 59

to m = 0.1. A regional Allee effect exists for all values of 7. Hence, conditional coexistence is
now unprotected from extinction, as the cooperator in this situation is unable to invade from
rarity. Mass effects now lead to local coexistence (Fig. 4.10 D-ii), where a single peak exists
in the probability distribution. Local coexistence also occurs in situations with conditional
coexistence. Similar to the previous case, the equilibrium distributions can be dominated by
the defectors so that a small cooperator population— now without a corresponding peak—
sustains a much larger defector population that wouldn’t have existed on its own.

For m = 10 (Fig. 4.10 E), the mutual invasibility region is reduced even further because the
metacommunity becomes homogeneous (Leibold and Miller, 2004) and approaches the nonspa-
tial model. In addition to conditional coexistence, there are now black regions with the sign
combinations —, 4+ and 4o, —. In this portion, the cooperator (the morph with a higher v) can
persist on its own but cannot invade from rarity. A defector can invade the cooperator, but this
invasion takes the entire population to extinction. This phenomenon is similar to evolutionary
suicide but occurs through a large rather than a small mutation. Interestingly, this suicide
through large mutation takes place if the cooperator cooperates to a sufficiently high extent,
whereas conditional coexistence takes place for the same defector strategy if the cooperator
cooperates lesser. Thus, to protect itself from a suicidal defector invasion, a cooperator should
cooperate to a smaller extent. For the nullclines and invasion time series for such an outcome,
see Appendix E, Section E 4.

Here, we saw that patch dynamics promotes the coexistence of cooperators and defectors,
even allowing defectors who cannot self-sustain to live off the cooperator population without
collapsing them. Regional coexistence happens as a result of local colonisations and extinctions.
This is essentially the concept of competition-colonisation trade-off, where two species can
coexist due to one of them being better at occupying empty patches and the other being better
at competing with the first species. The results presented here reveal a direct connection
between the dynamics of cooperation in our model and the competition-colonisation trade-off.
In the subsequent section, we discuss a potential extension of this concept to an evolutionary
scale and explore how it can explain the evolution of cooperation in a metapopulation.

4.4 Evolution of cooperation: A competition-colonisation
trade-off?

As we saw in Section 4.1, defection is the locally dominant strategy in our model. In a given
patch, defectors will always have a higher growth rate than cooperators.? An inescapable ques-
tion is what mechanism allows the evolution of cooperation when we switch from a deterministic
nonspatial to a stochastic metapopulation model.

One longstanding explanation for the evolution of cooperation in spatially structured pop-
ulations is that a spatial structure allows cooperators to cluster together and form aggregates
where they flourish. These clusters are dynamic, as they are prone to invasion by cheaters.
However, cooperators can continue to persist in the long term as they form newer clusters,
particularly when dispersal rates are low. If cooperation takes place through a common pool
resource, such a spatial structure allows its privatisation within clusters, facilitating coopera-

2 As previously noted, though we use the terms “cooperators”’ and “defectors” as if they were binary categories,
we imply them in a sense relative to each other. Cooperation in our model exists on a continuum, with its
magnitude given by the strategy ~.
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tion. Indeed, this is the reason why cooperation evolves in spatially explicit models (Hauert
and Doebeli, 2004; Nowak and May, 1992).

At the same time, a closer look exposes that this classic description fails in the case of our
model. In our metapopulation model, the population inside each patch is well-mixed, ruling out
any possibility of within-patch clustering of individuals. Likewise, all the patches are equally
connected to each other, effectively rendering the metapopulation a well-mixed collection of
well-mixed patches. Thus, any possibility of inter-patch clustering is also ruled out. Hence, the
reason why cooperation evolves may still seem mysterious. Here, drawing upon concepts from
metacommunity theory, we present a more elegant explanation that lies behind the phenomena
exhibited by our model.

To elucidate this solution, we need to revisit Allee effects and stochasticity. Local popu-
lations in our model suffer from a strong Allee effect that emerges as a result of cooperation
driving the population dynamics. Further, cooperation also affects the carrying capacity. As
Fig. 4.1 shows, the carrying capacity is the maximum for an intermediate value of cooperation,
and it decreases both when cooperation is too low or too high. Conversely, the local Allee
threshold is the minimum for an intermediate level of cooperation, and it increases when co-
operation moves towards either of the extremes. While the local outcomes in a deterministic
model depend only on the initial conditions, stochasticity can alter them and cause large pop-
ulations to collapse and small populations to grow. Particularly, a higher carrying capacity
implies a smaller probability of collapse. Conversely, a higher Allee threshold implies a greater
probability of collapse.

We quantify the previous statement using the mean first-passage times (MFPTs) in our
stochastic open system model (Chapter 2, Section 2.2, Subsection 2.2.2) with only one morph
(see Appendix E, Section E.3 for the results). We observe that for an intermediate level of
cooperation, the average survival time of the patch is the highest. Similarly, the average time
required to colonise an empty patch to reach the local carrying capacity is the highest for an
intermediate level of cooperation. Thus, intermediate cooperators are the best colonisers.

Next, we observe that defectors are always better competitors against cooperators. In a
given patch, defectors will always have a higher per-capita growth rate than cooperators. We
have already seen this in Section 4.1 and explained further in Appendix E, Section E.1. We
further substantiate the same using MFPT analysis (see Appendix E, Section E.3).

Powered by these insights, we assert that cooperation evolves in our model as a balance
between the strength of cooperators to colonise new patches and the strength of defectors to
compete with them. Cooperators are better at colonising empty patches and persisting in them.
Defectors are better at taking over the patches where resident cooperators are present but are
worse at holding onto them and expanding into empty patches. On an evolutionary scale, the
invasion dynamics of mutants result from this trade-off between competition and colonisation.
A cooperator can invade a defector metapopulation if it colonises empty patches at a sufficient
rate to compensate for the rate at which defectors invade and collapse its patches. A defector
can invade a cooperator metapopulation if it can invade and collapse the cooperator patches
at a sufficiently high rate to compensate for the rate at which cooperators invade new empty
patches. The cooperation trait value where both these tendencies match is the evolutionarily
stable strategy.

Further, the baffling ability of certain cooperators to regionally exclude defectors (Fig. 4.4)
is likely a consequence of stochasticity. To recap, we have seen in Fig. 4.4 that for low dispersal
rates, a defector that successfully invades an empty habitat can fail to invade when a cooperator
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is already present. In a deterministic system, an invading defector would have had a positive
growth rate in both cooperator patches and empty patches, due to which invasion into an empty
habitat would also mean a successful invasion into a cooperator metapopulation. However,
because of the stochastic nature of our model, a defector that enters a cooperator patch may
fail to invade it. Oppositely, a cooperator may successfully invade a defector patch. Hence, a
small defector population attempting to invade a cooperator metapopulation will face resistance
from the residents at both local and regional levels. If the defector’s competitive ability is not
strong enough to counteract this stochastic resistance, it will fail to invade and be excluded by
the cooperator.

With an increasing dispersal rate, the CSS decreases because the availability of empty
patches decreases, hindering cooperators from invading. Evolutionary suicide may or may not
occur at high dispersal rates, depending upon the characteristics of mutants near the extinction
boundary. If the mutants with ~ slightly above the extinction boundary are sufficiently good
colonisers to resist the invasion by defectors below the boundary, evolutionary suicide (with
small mutations) will be prevented. If they are not, the population will evolve to extinction.

The results in the presence of catastrophes and dispersal mortality (Appendix E, Sec-
tion E.2) further support our proposed paradigm about the evolution of cooperation as a
competition-colonisation trade-off. These two factors create more empty patches that bolster
the ability of cooperators to invade.

To sum up, a metapopulation structure combined with stochasticity can avert the tragedy
of the commons, allowing cooperation to evolve despite defectors being locally dominant. View-
ing the evolution of cooperation through the lens of a competition-colonisation trade-off offers
a simple explanation of our results. The MFPT results (Appendix E, Section E.3) quantify
this notion and substantiate our idea. The somewhat counterintuitive effects of catastrophes
and dispersal mortality (Appendix E, Section E.2) are a testament to the proposed explanation.

While we studied the subtle effects of dispersal mortality on how cooperation evolves, we
assumed dispersal to remain constant during the process. However, populations that pay this
mortality cost of dispersal also face selection pressure on their dispersal rates. In the next
chapter, we switch our focus to this question and explore the evolution of dispersal in our
metapopulation model. Then, we also consider how the two traits might coevolve.



Chapter 5

Evolving dispersal and cooperation

But this power |...] of ranging
widely, though so unexpected,
can, I think, in most cases be
explained by their having
become fitted, in a manner
highly useful to them, for short
and frequent migrations from
pond to pond, or from stream to
stream; and liability to wide
dispersal would follow from this
capacity as an almost necessary
consequence.

Charles Darwin (1859)

In the previous chapter, we saw the importance of dispersal rate on the dynamics of cooper-
ation. The dispersal rate determines whether cooperation evolves, and to what extent. It also
affects the nature of the coexistence of cooperators and defectors. Being such a fundamental
trait, dispersal will also be under selection. What happens when populations with different
dispersal rates compete? How does cooperation affect the evolution of dispersal? Though we
have seen that low dispersal rates promote cooperation, is it possible for such low dispersal
rates to evolve? What happens when cooperation and dispersal evolve together? In this chap-
ter, we deal with these questions and study the evolution of dispersal and its coevolution with
cooperation.

5.1 Evolution of dispersal

First, we explore how dispersal evolves when cooperation is constant. To study the evolution
of dispersal in our metapopulation model, we take an approach similar to that we took in the
case of cooperation. We study pairwise invasibility and construct PIPs for dispersal rate, and
we look at how different factors influence the evolution of dispersal. The primary difference
here is that, unlike for cooperation, we do not have a local model to compare with. Recall that
the cost of dispersal materialises in the immigration term I; = émNg; (2.4), where ¢ gives the
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Fig. 5.1. A pairwise invasibility plot (PIP)
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fraction of dispersing individuals that survive and successfully land on some patch. Thus, the
cost affects individuals only when moving from one patch to another.

As a first step, we consider how dispersal evolves in the absence of any dispersal cost. When
there is no cost of dispersing, the dispersal rate evolves to infinity (Fig. 5.1). In other words,
dispersing more is always beneficial when there is no mortality caused by the process. The
reason is straightforward: higher dispersal allows a population to occupy more of the habitat
and efficiently recolonise the patches that undergo stochastic local extinctions.

However, faster dispersers need not always successfully invade slower dispersers. Remember
that a regional Allee threshold is present for some dispersal rate. In the sidebar in Fig. 5.1,
the portion marked with a “+4” are the values of the dispersal rate that face no regional Allee
effect. If the resident has a low dispersal rate and the invader has a dispersal rate higher than a
certain value, the invader cannot invade because it faces a regional Allee effect. However, if the
resident has a high enough dispersal rate, the invader with a higher dispersal rate does not face
the Allee effect and can invade. Recall that low dispersal rates produce bimodal distributions,
whereas high dispersal rates produce unimodal distributions (Chapter 3). If the resident has a
low dispersal rate, a large fraction of the patches will remain empty. Consequently, the invader
faces an Allee effect. However, for higher dispersal rates, the resident occupies a sufficient
proportion of patches for the invader to not face the Allee effect. Nevertheless, Fig. 5.1 reveals
that dispersal rates evolve to higher and higher values when there is no cost of dispersing.

On introducing a dispersal cost through mortality, a CSS occurs in dispersal rate (Fig. 5.2).
Populations dispersing too fast lose too many individuals during the dispersal process, whereas
those dispersing too slowly are unable to sufficiently spread out in the metapopulation. Thus,
there is an optimal dispersal rate. In Fig. 5.2, we see another example of evolution to a strategy
that cannot invade when rare (see Chapter 4, Section 4.2). The CSS dispersal rate has a regional
Allee effect, due to which it will not be able to invade an empty habitat. However, if a resident
is already present, it can invade and replace the resident.

Fig. 5.3 further reveals the patterns in the model by showing the CSS dispersal rate (m*)
as a function of cooperation () for different levels of dispersal mortality. Keep in mind that
we also have upper and lower limits for v that also vary with dispersal mortality, due to which
the horizontal extents of different curves in Fig. 5.3 are different. In accordance with what one
might expect, m* is lower for higher dispersal mortality (lower fraction of survivors). Further,
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m* increases with increasing ~, except when 7 is close to Ypax- The increase in m* is sharp as
~ increases from 7, followed by a decrease in the slope. Close to Ymax, m* decreases with
increasing +.

The explanation for this pattern lies again in the ecology of the model. It’s crucial to
note that in the absence of a cost, the dispersal evolves to infinity. Thus, the only incentive
for individuals not to disperse is the probability of death during the process. Further, the
incentive to disperse is greater when the likelihood of collapse of a patch is greater, as having
more colonised patches means a lesser probability of a collapse of all of them.

Near the extremes (Ymin and Jmax), the local carrying capacity K and the local Allee thresh-
old A are close to each other (see Chapter 4, Fig. 4.1). As the equilibrium distributions peak
near K, a considerable fraction of the patches will have populations smaller than A, i.e., a
negative growth rate. Under such conditions, dispersing more will create sinks that have a
smaller likelihood of growing. Additionally, dispersing will enhance the decay of existing high-
abundance patches. Thus, dispersing less is beneficial and m* decreases as we move towards
either of the extremes.

Increasing cooperation increases both the birth rate and the death rate (4.1). The effect
of increasing the birth (death) rate is two-fold: First, it allows populations to send out more
(less) dispersers and colonise more (less) patches despite dispersal mortality. Second, it de-
creases (increases) the likelihood of the stochastic collapse of a patch, decreasing (increasing)
the incentive to disperse and colonise more patches. These two factors oppose each other. As
both the birth and the death rate increase when ~ increases, we have a total of four effects that
interact with each other to produce the trend in m*. Their combined effect causes the dispersal
CSS to increase with increasing cooperation.

We also test the effect of the constant death rate (¢) on the evolution of cooperation (see
Appendix E, Fig. E.8), which shows that an increased likelihood of collapse promotes greater
dispersal. Populations that spread out more by dispersing more are more likely to survive
stochastic extinctions than those that are concentrated within a few patches.

Similar is the effect of catastrophes (see Appendix E, Fig. E.9), as increasing catastrophes
promote greater dispersal. Since catastrophes hit individual patches, having distributed a
greater proportion of patches is more beneficial. However, m* can also have a maximum when
it is varied as a function of the catastrophe rate.
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Fig. 5.3. The CSS in dispersal (m*) as a function of cooperation. Increasing cooperation
increases the dispersal CSS, except when cooperation is too high. A higher fraction of dispersal
survivors leads to the evolution of a higher dispersal rate. The effect of cooperation is more
pronounced when the fraction of dispersal survivors is high, i.e., when the dispersal cost is
small. Parameters: p=3.5,a=10,c=1, a=10.04, b=10.05,0 =2, X = 0.

We have seen that higher cooperation promotes higher dispersal and also that higher disper-
sal promotes lower cooperation (Chapter 4). How do these two traits interact when both of them
evolve? To study this, we move to the question of coevolution of dispersal and cooperation.

5.2 Coevolution of cooperation and dispersal

To study the situation where both cooperation and dispersal evolve, we make another simplify-
ing assumption. We assume a lack of pleiotropy, i.e., cooperation and dispersal are controlled
genes on independent and non-interacting loci. Under such a situation, a coevolutionary CSS
(coCSS) is given by the intersection of the curves v*(m) and m*(y), where v* and m* are the
one-dimensional CSSs in cooperation and dispersal rate, respectively. In all the cases consid-
ered, we have observed at most one coCSS.

It may be possible to investigate the coevolution of cooperation and dispersal when the
two traits do not evolve independently, but it might require additional assumptions about the
genetic correlations between the two traits. We leave this question for the future and focus
here on their independent coevolution.

Fig. 5.4 shows the coCSS values as a function of the fraction dispersal survivors. Increasing
dispersal mortality leads to the evolution of increasing cooperation and decreasing dispersal.
As dispersal rates evolve to smaller values with increased dispersal mortality, and as smaller
dispersal rates promote cooperation, we observe that the evolved level of cooperation is high
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when dispersal mortality is high.

Thus, there is a negative feedback loop between cooperation and dispersal. Increased co-
operation promotes higher dispersal, which in turn promotes lower cooperation. While highly
simplistic due to the assumptions of independent mutations, this result on coevolution serves
to qualitatively demonstrate the possible outcomes when both dispersal and cooperation evolve.

This was the last of the three chapters that explained the results of our model. Here, we saw
how dispersal evolves in populations with local Allee effects, and how cooperation and dispersal
coevolve. In the following chapter, we synthesise all these results and discuss their implications
and limitations.



Chapter 6

Discussion

Mountain tops, lakes, individual
host plants, a fallen log, a patch
of vegetation, a mammalian gut,
or, less obviously, a region of
optimal temperature or
humidity are all islands for the
appropriate organisms.

Richard Levins (1970)

We began our quest with the following question: How do cooperators invade and persist de-
spite their ecological and evolutionary fragility that makes them prone to extinction? Knowing
that recolonising habitats where the population goes extinct would require immigrants from
other spatial locations, we viewed a patch as embedded in a landscape of several patches. To
incorporate such a spatial structure, we used a stochastic metapopulation framework. Using
this framework, we modelled Allee effects and showed that local Allee effects don’t always
produce regional Allee effects. Further, we extended the model to evolution and showed that
a metapopulation structure favours the evolution of cooperation. Cooperators can be better
colonisers and defectors are better competitors. Cooperation can be maintained in a metapop-
ulation due a competition-colonisation trade-off. In this chapter, we synthesise these results
together with other related concepts and discuss their applications and limitations.

6.1 Synthesising the ecology and evolution of cooperation

Perhaps the greatest advantage of our modelling framework for studying cooperation is that it
is deeply rooted in ecology. Classical frameworks such as the replicator equation (Schuster and
Sigmund, 1983) assume constant population sizes and equal growth rates for cooperators and
defectors and track the frequencies of cooperators and defectors. These assumptions limit their
applicability in biological systems (for example, see Tarnita and Traulsen, 2024). We allow
the population sizes to vary as a function of cooperation, enabling us to connect the ecology
and evolution of cooperation. Thus, our framework provides a more natural description of the
evolution of cooperation by situating it in ecological contexts. Because of the connected nature
of our framework, we can also relate the evolution of cooperation with ecological phenomena
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like Allee effects and explore the evolution of carrying capacity and Allee thresholds along with
their spatial scaling.

The scaling of Allee effects highlights inherent connections between ecological concepts. In
ecology, a species is thought to occupy a certain niche if it can overcome the constraints of
dispersal limitation, environmental filtering and biotic interactions. In other words, the species
has to physically reach the location (dispersal limitation), tolerate the abiotic conditions (en-
vironmental filtering) and survive the biotic interactions that take place there. Allee effects
materialise through biotic interactions such as cooperation, mate finding or predation or pos-
sibly even through environmental filtering. However, the metapopulation-scale strong Allee
effects in our model could be interpreted as another scale of dispersal limitation. Here, the lim-
itation is not in the species’ ability to reach the habitat but in its ability to spread across the
metapopulation to enable its persistence. With an appropriate dispersal rate, the species can
exit the extinction regime for the parameter space and invade the habitat. Thus, in addition to
the classical dispersal limitation, biotic interactions place additional requirements on a species’
dispersal rates for it to persist in a spatial habitat.

With an appropriate dispersal rate, we see how ecological drift propels the invasion of the
spatial habitat (Chapter 3, Section 3.5). When the metapopulation is bistable, large abundances
are needed to invade and persist. At equilibrium, the local patches remain dynamic, affected
by extinctions due to stochasticity and catastrophes and recolonisations due to migration.
Therefore, we draw connections between Allee effects and the metacommunity concepts like
patch dynamics, mass effects and ecological drift. Illuminated by these insights, we proceed to
study the evolution of cooperation in a metapopulation.

While it is well known that spatial structure allows cooperation to evolve, the widely recog-
nised mechanism for that is the spatial clustering of cooperators. As discussed in Chapter 4,
there is no possibility of clustering in our model due to its spatially implicit nature. As all
patches are well-mixed and equally connected, a cooperator can never surround itself with
other cooperators. Instead, we hypothesise that a competition-colonisation trade-off is respon-
sible for the evolution of cooperation in our model. The core idea is that spatial heterogeneity
allows cooperators to avoid being exploited by defectors and create enough immigrants that
colonise newer patches before their natal patch is taken over by defectors. In principle, this idea
is related to Huffaker’s (1958) experiments, which concluded that spatial heterogeneity allows
prey and predators to coexist.

While we propose a metacommunity theory-based mechanism for the evolution of coopera-
tion, its relationship with other mechanisms merits some discussion. We have already discussed
in Chapter 4 how cooperation can arise through clustering in spatially explicit models but not
in the implicit model we use. Here, we elaborate on another known mechanism that allows
cooperation to evolve, namely, kin selection, and explain how it is distinct from our model yet
related (no pun intended) to it. In doing so, we present a scaled interpretation of our results
that again draws upon metacommunity theory.

Hamilton (1964a,b) proposed the concept of inclusive fitness, and his eponymous rule
(Hamilton, 1963), which states that altruistic behaviours should evolve when the relatedness
between individuals is greater than the cost-to-benefit ratio. According to this theory of kin
selection, behaviour costly to an individual can evolve if it benefits its relatives, because of
shared genes. Since our model doesn’t have a notion of relatedness, this concept cannot explain
our results. Of course, one may argue that all individuals in our model are equally related to
each other, as they are identical in all traits except cooperation. However, this trivial example
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of relatedness does not add anything to the explanation.

A similar concept is group selection or multilevel selection, which imagines selection acting
on higher levels like groups of individuals rather than individuals themselves. Due to the
broader scope of multilevel selection, kin selection can be considered a particular subcase of
multilevel selection (Lion and van Baalen, 2008) and Hamilton’s rule can be derived from
ecological equations in spatial models (Le Galliard et al., 2003; Lion and van Baalen, 2007,
2008; van Baalen and Rand, 1998).

Multilevel selection offers another angle to look at our model. Because defectors are always
locally dominant over cooperators, long-term local coexistence requires mass effects that operate
through high dispersal rates. Particularly, with low dispersal rates, the interactions within
patches occur much faster than the interactions across patches. Under such conditions, the
competition-colonisation trade-off in our model can be recast to view patches as individuals. In
other words, a patch full of cooperators can be thought of as a cooperator and a patch full of
defectors can be thought of as a defector. Then, our model becomes a well-mixed model with
a large constant population size and three kinds of patches: cooperator, defector and empty.
The rate at which these three interact with each other depends on the dispersal rate. Defector
patches are superior competitors against cooperators. Due to local stochasticity, a cooperator
patch can also replace a defector patch, and empty patches can replace both cooperator and
defector patches. Whether cooperator or defector patches are better off against empty patches
depends on the level of cooperation, as those with an intermediate cooperation level are the
best colonisers. Thus, a patch becomes an emergent unit of selection, as is seen with several
other spatial models (Lion and van Baalen, 2008).

However, note that our model does not formally consider patches as units of selection.
Cooperation and competition take place only between individuals, not between patches. All the
ecological parameters are defined explicitly for the populations within the patches. The patches
are merely spatial containers that restrict individuals within an area. Yet, we observe dynamics
where patches seem to act as units of selection. Thus, our work shows that outcomes resembling
multilevel selection can occur solely through demographic processes and stochasticity in smaller-
scale interactions. Not only does this offer an interpretation of our model, but it also highlights
the similarities between the ecological concept of patch dynamics and the evolutionary concept
of multilevel selection.

Now, we describe some relations between our work and previous spatial models for the evo-
lution of cooperation. It is known that the scale of cooperation matters in spatially structured
systems (Lion and van Baalen, 2008). Kin selection models have shown that when the local
abundances are fixed, dispersal has a negligible impact on the evolution of cooperation, while
low dispersal promotes cooperation if cooperation increases the local abundance (Lehmann
et al., 2006; West et al., 2002). Further, as cooperators are prone to invasion by defectors,
cooperators need to be able to disperse to create new colonies (Lion and van Baalen, 2008;
Wilson et al., 1992). Despite being based on kin selection, these insights may be applicable
more generally due to kin selection being a special case of multilevel selection. Indeed, the vari-
ation in population abundance as a function of cooperation is an important factor that creates
a competition-colonisation trade-off in our model. The evolutionary suicide we observe with
decreasing dispersal rates in some cases (Fig. 4.6; Appendix E, Fig. E.1) could be considered an
example of a tragedy of the commons occurring due to the inability of cooperators to “export”
individuals and create new cooperator patches (Wilson et al., 1992).

Like most models, we observe that increasing dispersal reduces the level of cooperation
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(Akgay, 2020). In an individual-based spatially implicit model, Purcell et al. (2012) studied
the coevolution of cooperation and dispersal, observing that patch-level extinction leads to the
evolution of greater dispersal rates. This result is similar to the effect of catastrophes on the
evolution of dispersal in our model. Their model also showed that empty patches promote
cooperation, as is the case with our model. Similar results were obtained by Lion and Gandon
(2009), though they found the effect of empty space to be nuanced and dependent on the
form of cooperation and competition. In an intricate model with a large number of parameters,
Lehmann et al. (2006) showed that cooperation can evolve when cooperating leads to an increase
in the ability to invade new patches and a decrease in the extinction rate of the patches. We
obtain similar results using a much simpler model. Overall, our model not only recreates these
outcomes of previous studies but also sets a metacommunity frame around them.

Finally, we elaborate on the similarities and differences between our results and those of
Lerch et al. (2023), on whose framework our model is based. Unlike their Lotka-Volterra com-
petition model, our model does not have the possibility of local coexistence in the deterministic
well-mixed case. While they observed that the parameter space allowing coexistence decreased
in the spatially structured case, we see the opposite results: spatial structure allows regional and
local coexistence, unlike the well-mixed case. They observed that a competition-colonisation
trade-off can allow coexistence, and we use the same concept to explain why cooperation evolves
in our model. Note that their competition-colonisation trade-off is based on differences in two
parameters: the interspecific competition coefficient and the dispersal rates. However, the
trade-off in our model emerges from a single parameter, i.e., cooperation, even for equal dis-
persal rates. This makes more sense if we consider an inclusive definition of colonisation that
takes into account not only the ability to enter a patch but also to hold on to it. Another
important difference is that Lerch et al. (2023) formally define parameters like intrinsic growth
rate and local carrying capacity, whereas we assume them to emerge from cooperative interac-
tions. Their approach allowed them to explore the metacommunity archetypes in the model,
while ours is more suited towards focusing on the evolution of cooperation.

6.2 Implications for applied ecology

Our model generates several insights that could potentially inform the practices employed in
fields such as conservation biology and invasion biology. Needless to say, one must exercise
high caution while applying the results from general theoretical work such as this, as these
results emerge from several modelling assumptions and without any thought about a specific
organism or ecosystem. Examining which of these assumptions are relevant to a system under
consideration is essential while deducing practical measures based on such theoretical frame-
works. Nevertheless, one can conjecture a few possible applications of our models to real-world
metapopulations. We first discuss the relevance of our results to species conservation and then
discuss how they could be apposite in managing the spread of invasive species.

Conservation biology aims to protect species from extinction for various reasons, including
beliefs in the intrinsic value of diversity (Soulé, 1985). Allee effects are a vital concern in
conservation praxis due to the role they play in small or sparse populations that may be close
to extinction (Courchamp et al., 2008). The switch in the sign of the growth rate, when the
population falls below the Allee threshold, is of particular concern, as recovery becomes difficult
and the population heads towards extinction. Allee effects have been detected in a number of
species of concern from the point of view of conservation, including several mammal, bird, fish,
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arthropod and other species (reviewed in detail in Kramer et al., 2009).

Habitat fragmentation due to human activities has narrowed the ranges of a large number
of species and divided their populations into several small groups. These populations cornered
into narrow ranges suffer a greater risk of extinction due to Allee effects. One of the measures
taken to protect fragmented populations is to connect them via “wildlife corridors”, which are
areas that link habitat patches separated by anthropogenic activities (Rosenberg et al., 1997).
These links can facilitate the dispersal of animals and prevent extinction due to Allee effects
and adverse genetic effects like inbreeding depression. Our model indicates that if a patch has a
stable population, connecting it to a small-abundance patch can save the latter from extinction.
However, if multiple patches have small abundances, taking the magntidue of the Allee effects
may be crucial when planning corridor design, as an excessive increase in the dispersal rates can
be counterproductive in that case if individuals desert patch while its abundance is growing.

A related question is the single large or several small (SLOSS) debate, which asks whether
it is more beneficial to conserve an at-risk population within one large patch or multiple smaller
patches. In the context of our model, increasing the dispersal rates is similar to melding all
the patches into one, whereas decreasing them could be thought of as having several distinct
patches. Once again, the magnitude of the local Allee threshold plays a role, denoting that
single large patches may be favourable when the local Allee threshold is high, whereas having
intermediate dispersal rates is the most favourable for low local Allee thresholds. Our model
thus broadly agrees with that of Zhou and Wang (2006), whose simulations showed that an
intermediate size and number of reserves is optimal to enhance metapopulation persistence
when Allee effects are present.

Allee effects have concerned conservationists because of their importance in small popu-
lations. Our work evinces that along with reduced population sizes, a reduction in dispersal
rates can also fuel extinction. Specifically, the transition between the extinction regime and
the bistability regime (Figs. 3.4, 3.5B,C, 3.6) occurs abruptly through a saddle-node bifurca-
tion. Thus, reduced dispersal rates due to habitat loss or fragmentation may cause an entire
metapopulation to go extinct without a preceding decline in population size. As the popula-
tion may not fall to a small size before going extinct, monitoring population sizes may not be
able to predict such extinctions. Anticipating these events would require detailed knowledge
of the severity of the Allee effect and the rates of movement of individuals across patches.
Hence, using well-mixed models can underestimate the extinction risk, and the spatial struc-
ture of the habitat should be accounted for while analysing the state of a population. However,
observing strong bimodality in the system may possibly indicate the closeness to the critical
dispersal rate, as we observe bimodal distributions near the extinction boundary (Figs. 3.6, 3.7).

As humans traverse different parts of the world, they also sometimes carry species from one
geographical region to another, intentionally or unintentionally. When these species are intro-
duced into new environments, they have the potential to adversely affect the native species and
the interactions among them. The newly introduced species can turn invasive and dominate
the new environment. Along with their destructive ecological influence, some invasive species
also have negative consequences for human health and the economy. To restore the ecological
balance and avoid other harmful effects, it is essential to take steps to eradicate invasive species
and control their outbreaks.

While Allee effects may be a bane for conservation, they are a boon for managing the
spread of invasive species. Invasive species like gypsy moth, house finch, Eurasian ruffe and
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nutria rodents have been shown to face Allee effects (Kramer et al., 2009).

One can bank upon this flipside of Allee effects to curb the growth and spread of invasive
populations. Our model hints at some conceptual propositions and conceivable methods for
controlling invasive species in spatial habitats, which could be further explored by studies that
model specific ecosystems.

It is often observed that invasive species are maintained at small abundances for a long
time before their population explodes (Courchamp et al., 2008). This phenomenon has been
attributed to weak Allee effects, due to which a population has a small growth rate until it
reaches a sufficiently large abundance. Our results suggest that in spatial habitats, this type
of pattern can occur due to low dispersal rates. An invasive species with a small abundance
may stay close to the extinction boundary with a bimodal distribution, such as it occupies very
few patches where its population is large enough to overcome the local Allee effect. Increased
dispersal rates due to changes in the environment or repeated introductions due to human
activities might enable mass effects and fuel its spread in the region.

Since dispersal rates play a key role in the dynamics, it may be possible to envision eradica-
tion strategies that target the dispersal of populations. Modulating dispersal between patches
can not only prevent the direct spread of invasive populations but also strengthen the Allee
effect, helping restrain its spread.

Additionally, another strategy employed for controlling invasive species is to induce an Allee
effect in the population by techniques such as introducing sterile individuals or parasites into the
populations (Courchamp et al., 2008). According to our results, in situations where an invasive
population occupies the region despite local Allee effects, it can be possible, in principle, to
induce a regional Allee effect by performing local eradications. Akin to catastrophes, focusing
on the removal of the species from certain parts of the region can raise the regional Allee
threshold, making re-invasion more difficult.

Although our model could be suggestive in several ways for applied branches of ecology,
as mentioned previously, pragmatically considering which of our assumptions are germane to
particular systems is necessary while making practical decisions. Felicitous system-specific
models that derive ideas from our framework could potentially serve such purposes. In this
regard, one must also be careful about the limitations and core assumptions on which our
model is based. We discuss these limitations in depth in the following section and specify some
of the ways in which future research could overcome or build upon them.

6.3 Limitations and future directions

Numerous limitations of our model and the results presented ought to be highlighted. Some
of these limitations are intrinsic to the assumptions of our framework, rectifying which may
require an entire shift in its mathematical structure. On the other hand, relaxing some of the
assumptions and overcoming the limitations could form directions for future work.

We begin by discussing the former kind of limitations. First, we assume that the metapop-
ulation consists of infinitely many patches. While such a model may well approximate a system
where the number of patches is large, assuming an infinite number of them is an important lim-
itation despite its mathematical advantages. Specifically, this assumption allows us to equate
the instantaneous regional probability distribution with the local probability distribution over
time, and make use of the black-box function to calculate equilibrium points. In our model,
stochasticity plays a role in the demographic processes. However, the regional outcomes are de-
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terministic. With a finite number of patches, stochasticity may become important at a regional
scale. Thus, assuming a finite number of patches may preclude us from elegantly modelling
the probability distributions but may also provide us with more realistic insights about natural
systems.

Second, we assume global dispersal, i.e., that all patches are equally connected to each
other. Again, this mathematical idealisation serves us in developing a general theory but fails
to take distances between the patches into account. Patches in natural habitats are at different
distances from each other, due to which dispersal need not take place at equal rates across all
patches.

While these assumptions are central to our framework, modifying them may be essential
while constructing models applicable to specific systems to pragmatically study the interplay
of spatial dynamics with Allee effects and cooperation.

Now, we look at the limitations of our work that can potentially act as stepping stones for
future research in the field. These include exploring transient dynamics, the density dependence
of dispersal, the role of timescales and the individual payoff dynamics.

First, we impose some assumptions on the role of time in our model. As with several evolu-
tionary models, we assume a clear separation of timescales between ecological and evolutionary
processes. Though our framework incorporates ecological factors such as population sizes and
Allee effects, our analysis of the evolution of cooperation separates the ecological dynamics
from its evolutionary counterpart. Particularly, we assume that mutations are rare so that a
dimorphic population reaches its equilibrium before a mutation occurs. Nevertheless, with the
growing understanding that evolution can take place at much faster timescales than previously
expected (for instance, see Hairston Jr et al., 2005), it is important to also investigate the eco-
evolutionary dynamics of cooperation. Additionally, we have shown that two different morphs
can coexist with large mutations. Though we expect such coexistence to be transient on the
evolutionary timescale, future work could try to confirm this and explore how evolution pro-
ceeds when two different morphs co-occur in the metapopulation. However, as the two-morph
metacommunity model is already computationally heavy, multi-species theoretical investiga-
tions would likely require methodological innovations that can handle stochasticity along with
multi-strategy dynamics.

Second, though our model can stand for cooperative interactions mediated by a common
good (see Appendix C), the dynamics of the common good are subsumed within the equations
for population dynamics. This formulation ignores the timescale of the common good itself, such
as its growth, lifespan, and decay. Future studies could explicitly incorporate the common good
dynamics into our model, to potentially reveal the feedback between the cooperative strategy
and the resource. For instance, differential timescales may lead to oscillatory dynamics between
the resource and the consumer (Weitz et al., 2016). It may also influence our results on Allee
thresholds, such as reducing the invasion propensity in the metapopulation if the common good
is slow to build up. Further, depending on whether the common good is stationary or mobile,
different levels of cooperation may be favoured. For example, mobile common goods may favour
defection due to the reduced ability of individuals to privatise them.

Third, besides the interactions mediated by common goods, cooperation in nature can take
several different forms. How a metapopulation structure affects the evolution of cooperation in
these cases remains a standing question that future studies could explore. To illustrate, consider
the case of the Hawk-Dove game (Osborne and Rubinstein, 1994). In a well-mixed population
playing this game, the evolutionarily stable strategy is a mixed strategy to cooperate or defect
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with a certain probability. This result arises because an individual receives the maximum payoff
on interacting with an individual with the opposite strategy. Hence, an equilibrium population
consists of a mixture of cooperators and defectors. When one considers strategies varying
on a continuum, this game can favour either cooperation or defection and produce wonderful
phenomena such as evolutionary branching and bistability (Doebeli et al., 2004). Moreover,
spatial structure in the Hawk-Dove game can actually hamper the evolution of cooperation, if
the cost of cooperation is high (Hauert and Doebeli, 2004). Thus, incorporating different kinds
of payoff structures into our metapopulation model can form another line of work. Including
explicit game dynamics into our model would require appropriately transforming the payoffs
into population growth rates. For example, to convert our model to Hawk-Dove, one might
consider including a cost of defection in the per-capita growth rate, that makes competition
with the opposite strategy the best outcome. Such analyses for different payoff structures may
reveal deeper associations between metacommunity ecology and the evolution of cooperation.
Fourth, our metapopulation model assumes density-independent dispersal. The probability
of an individual migrating into a patch and away from that patch is not influenced by the
local population on that patch. Though this assumption may be valid for certain organisms,
local densities often influence the probability that an individual migrates (Matthysen, 2005).
For example, individuals in overcrowded patches may be more likely to migrate. In cognitively
complex organisms, if individuals are aware of the benefits of having a threshold abundance level
and can sense the population sizes, sparsely occupied patches may attract fewer immigrants.
Preferential group sizes can coevolve with cooperation (Powers et al., 2011) or even produce
coevolutionary cycles (Avilés, 2002). When dispersal evolves, the cost of dispersal can affect its
relationship with population density (Travis et al., 1999). Future work could explore how Allee
effects, cooperation, and dispersal evolve under such scenarios of density-dependent dispersal.

6.4 Conclusion

Populations can span multiple spatial scales, where the processes at one scale affect the processes
at other scales. This feedback between scales can have consequences for the ecological and
evolutionary dynamics of populations, producing distinct patterns on different scales. Thus,
how phenomena at one scale manifest at other scales is an important question in ecology and
evolution.

In this thesis, we have explored the scaling of cooperation to understand its persistence on
ecological and evolutionary timescales. Ecologically, we saw that the interplay of spatial scales
can make Allee effects disappear, producing contrasting patterns on different scales: locally,
small populations tend to shrink, yet, the population can grow on the regional scale. Evo-
lutionarily, we saw that competition between cooperators and defectors can produce opposite
patterns on different scales: although defectors locally outcompete cooperators, cooperators
can outcompete defectors on the regional scale. We explain these results using concepts in
metacommunity ecology, a field whose heart is the problem of spatial scales.

Thus, the research presented here highlights the significance of scale in ecology and evolution
in general, as well as in the particular case of cooperation. By integrating metacommunity
ecology and cooperation, we hope to have unveiled new paradigms and perspectives that may
inspire future breakthroughs in ecology and evolution.






Appendix A

Analytical proofs and explanations

In this appendix, we provide some analytical and numerical justifications for the model results.
Specifically, we prove the outcomes for no dispersal and high dispersal, derive an expression
for the regional abundance, use it to calculate the equilibria in the high-dispersal limit and
analytically explain the comparison between high-dispersal equilibria and the local equilibria
in the nonspatial deterministic model. Finally, we also show that the local deterministic model
is recovered in the limit of large abundance and high dispersal.

A.1 Stochastic population collapse in the absence of dis-
persal

Here, we prove that the only equilibrium in the stochastic open system model and in the
metapopulation model in the absence of dispersal is extinction. Le.,ifm=0(= [ = E =0),
then the equilibrium distribution is given by Poq(0) = 1, Poq(N) = 0 for N > 0. We first prove
the two base cases of P(1) = P(2) = 0 and then use mathematical induction.

Consider the master equation (2.6) with / = 0. As B(0) = 0 for a population to make sense
biologically, the equation for £ P(0,¢) in the absence of immigration (I = 0) is

d

EP(O’ t)=[D1)+ E1)]P(1)— XP0)+ X
If X =0, then it is obvious that at equilibrium P, (1) = 0. If X > 0,

Pea(0) = 1D(1) + E(Q]P(1) + 1

Because probability cannot be greater than 1 and as D(1) # 0, E(1) # 0, Peq(1) = 0. Now,
consider the equation for £ P(1,t). As B(0) =0, I = 0 the equation for £ P(0,¢) in the absence
of immigration is

d
%P(l, t)=[D(2)+ E(2)|P(2) — [B(1) + I+ D(1)+ E(1) + X]P(1)

But as P.q(1) = 0 as shown above, P.,(2) = 0. Now consider the general master equation
(2.6) again. At equilibrium, if Po(N — 1) = Poq(N) = 0, it is clear that P.q(N + 1) = 0. With
the two base cases, Poq(1) = Peq(2) = 0, the proof that Pq(N) = 0 for N > 0 is complete by
mathematical induction, implying that P.,(0) = 1 in the absence of dispersal.
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Fig. A.1. The stationary distribution in the stochastic open system model approaches a
Poisson distribution for high dispersal rates. Parameters: »r = 1, A = 10, K = 50, a = 10,
Ng =50, X =0.

In the metapopulation model, each local population will go extinct in the absence of dis-
persal, as proved above. Thus, the metapopulation goes extinct in the absence of dispersal.

Note that extinction in the absence of dispersal is only a long-term outcome, and it may
take a long time for the population to go extinct, depending on its abundance. The difficulty in
tracking the transient dynamics and evolutionary outcomes in such cases is indeed a drawback
of our model.

A.2 Poisson distribution in the high-dispersal limit

Consider the stochastic open system model (Subsection 2.2.2) with a constant regional abun-
dance of Ny and no catastrophes (X = 0). At the stationary distribution, 4 P(i) =0V i. As
m — 00, locally, the process is driven solely by migration events since the immigration and
emigration rates are very large compared to the birth and death rates. We use mathematical

induction to prove that the resulting stationary distribution is given by

P(n) = %P(O) (A.1)

First, we prove the two base cases P(0) and P(1). For n = 0, it is trivial from (A.1) that
P(0) = P(0).
From (2.6), we can write that at equilibrium, under the limit m — oo,
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I mNR

P(l)= —P(0) = —

which satisfies (A.1). Now, we assume that the equation applies to n = k and n = k + 1
and then prove that it applies to n = k + 2. From (2.6), at equilibrium

P(0) = NpP(0)

(I + E(k))P(k) — IP(k — 1)

P(k+1) =

E(k+1)
(mNg + mk)P(k) — mNgP(k — 1)
- k41
k k—1
- ﬁ ((NR + k;)%P(O) — NR%P(OQ
Nk+1
- . iP0)

By induction, we have proved equation (A.1). Now, we calculate the value of P(0) by
observing that the probability distribution must sum to 1, giving us

Ni
Y SEP0)=1 = M P(0) =1 = P(0) ==
7!

%

Hence, we have proved that

NTL
P(n) = n—?e_NR (A.2)

i.e., the stationary distribution in the stochastic open system is a Poisson distribution with
a Poisson parameter Ny. Fig. A.1 compares the stationary distribution for a high dispersal
rate (m = 10°) to a Poisson distribution, showing that they are near identical.

A.3 An expression for the regional dynamics

The dynamics of the average local (i.e., regional) abundance N in the metapopulation model
are given by (2.13). We can derive it as follows:

N(t) = i NP(N,t) = i NP(N, 1)
N S d B
= 2:: N—-P(N.1)
AN &
= = > N{[B(N —1)+I(N —1)]P(N - 1,t)
+ Z;N+1) + E(N 4+1)]P(N +1,1)
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Splitting the summation over the terms, we have

iN N —1)+I(N - 1)]P(N —1,t)

+ZN (N 4+1)+ E(N + 1)]P(N +1,t)

— Z N[B(N) +I(N) + D(N) + E(N) + X]P(N,t)
Now, we change the variabl—es and put = N — 1 and y = N + 1.
g = i(m + 1)[B(x) + I(2)] Pz, t)
+Z y— DID(y) + E()IP(y.1)

— > N[B(N) +I(N) + D(N) + E(N) + X]P(N,t)

Expanding, we get

finally giving us
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which we expand further.

O =Y IB() - D)~ aX|P(a,1) + S I(x) ~ B@)Pla )

=0

Since I(N) = 6N and E(N) = mN, we have

o0

Thus, we get
% — 3 [B(x) — D(a)P(x,t) — [X + (1 — §)m|N

which is equation (2.13).
In the absence of catastrophes and dispersal mortality,

o

=3 FNP(N.1)

> [(z) — BE(x)|P(x,t) = 6mN > P(x,t) =mY_xP(z,t) = 6mN —mN = (§ — )mN.

(A.3)

A.4 Metapopulation equilibria in the high-dispersal limit

Consider a birth-death function given by the logistic equation (i.e., f(N) = rN(1 — N/K))
in the absence of any catastrophes or dispersal mortality. The equilibria in the high dispersal

limit can be calculated as follows:
> F(N)Pois(N;N) =0
N
— > rN(1- E)Pois(N-Ne )=0
N K S

) — rN?_ ~
— ZrNPms(N; Neq) — Z YPOIS(N; Neg) =0
N N

— 1 — —
= Neg — §<Neq + qu) = 0 (from the moments of the Poisson distribution)

= Neg=0o0r Nogg=K — 1

An analytical calculation of this kind is not possible for f(NN) given by (3.3). Hence, we
apply a numerical root-finding algorithm to (2.14, f(N) given by 3.3) in the absence of dispersal
mortality (§ = 1) to calculate the equilibria as m — co. We consider the case without dispersal
mortality because high dispersal causes extinction when 6 < 1. In Fig. A.2, we compare the
equilibria obtained from (2.14) to the equilibria obtained from the LMAO function (2.11) for a
high value of the dispersal rate (m = 10°). The close match highlights that with high dispersal,

the system dynamics indeed approach (2.13).
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In addition, we also plot alongside the local equilibrium values in Fig. A.2. This comparison
demonstrates that as the dispersal rate approaches infinity (m — o0), the regional carrying
capacity (Kg) approaches a value smaller than the local carrying capacity (2.15, Fig. 3.5). The
regional quasi-Allee threshold (Ag), on the other hand, approaches a value smaller than its
local counterpart (A) if A is small, but a value larger than A if A is large.

A.4.1 Heuristics based on Jensen’s inequality

We use Jensen’s inequality (Ross, 2010) to explain the mathematical reasons for the behaviour
of our model in the limit of high dispersal.

The regional carrying capacity with high dispersal

Here, we illustrate why lim Kp < K. We denote lim Kp as K. Jensen’s inequality states

m—o0 m— 00

that for a convex function ¢ and a random variable X, ¢(E[X]) < E[¢(z)]. The equality occurs
when ¢ is linear or when X is degenerate. For a concave function, the opposite is true, i.e.,

¢(E[X]) > El(z)].

Take the death rate function in the deterministic nonspatial model, which is given by
D(N) = ¢N + aN? 3.1. In the overall growth rate f(N) = B(N) — D(N), this function
takes a negative sign. The function —D(N) is concave in nature. By Jensen’s inequality,

—D(>  NPois(N; K7)) > — > D(N)Pois(N; K)
N N
Since Y NPois(N; K¥) = K7,
N

~D(Ky) > = D(N)Pois(N; K7Y) (A.5)
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Now, consider the birth rate function B(N) = ]%Qa This function is convex in nature.

However, for high enough N, it is approximately linear. The second derivative is given by
20>

B//(N) — m

For the parameters a = 10 and N = 50, B”(N) ~ 0.0009. The small second derivative shows
the approximate linearity. Moreover, assuming that K is sufficiently large and that K7 is close
to K, the distribution Pois(N; K%) provides a negligibly small weight to the highly nonlinear
parts of B. So, by Jensen’s inequality, we can write

B(ZNPois(N;KR ) +5_ZB )Pois(N; KF)
N

where ¢ is a small positive number.
Thus, we have

B(Ky)~ Y B(N)Pois(N; K) (A.6)
N
Adding (A.5) and (A.6), we have

B(Ky)+ D(Ky) > (B(N)+ D(N))Pois(N; K7)

N
FIK) >Zf )Pois(N; KF)

From (A.3), in the absence of catastrophes, we have
dN (
dt

Since K35 is a regional equilibrium, %(N = K¥) =0 = f(K%) > 0. Thus, the

non-zero stable equilibrium of the metapopulation model occurs when f is positive, i.e., at a
smaller value than K. Hence, as Fig. A.2 depicts,

= f(KR) > Ng = K7)

m—r0o0

The regional quasi-Allee threshold with high dispersal

The difference between lim Ap (henceforth, A¥) and A can be partly explained using Jensen’s
m—00

inequality. The overall growth rate function (3.3) has a convex part and a concave part. They
are separated by an inflection point, which some tedious algebra shows to occur at Nge, =
[a(A+ a)(K + a)]'/? — a. The distribution corresponding to A% is a Poisson distribution, as
we have seen. For A < Nge, A is in the convex part. Assuming that A% is close to A and
that A is sufficiently small, the probability mass corresponding to the distribution is mostly
concentrated in the convex part. By Jensen’s inequality,

Zf )Pois(N; AR)
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Since A% is a regional equilibrium,

= f(A%) <0

Thus, the unstable equilibrium of the stochastic closed system occurs when f is negative,
i.e., at a smaller value than A. However, as A becomes larger, the probability mass in the
concave region of the function keeps growing and cannot be ignored. Beyond a threshold, A%
exceeds A (Fig. A.2).

A.4.2 Recovering the original model

While we have shown above that the regional carrying capacity (Kg) in the high dispersal limit
must always be smaller than the local carrying capacity K, the former approaches the latter as
the latter tends to infinity. I.e., lim Kpr = K. Consider the example of the logistic model

m,K—0c0
(A.4) given at the beginning of Section A.4. Clearly, I}im Kpr = K in that case.
—00

Fig. A.3 A shows lim % as a function of K for our metapopulation model with Allee
m—0o0

effects (Chapter 3, Section 3.4). The parameters A and a are scaled with K. The ratio %
approaches 1 with increasing K.
Similarly, the regional quasi-Allee threshold (Ag) also approaches the local Allee threshold
(A) if both A and K tend to infinity. In Fig. A.3 B, we scale A with K and plot lim ‘%R against
m—r0o0
increasing K to depict that lim Agr = A where k € [0, 1) is a constant. Interestingly, the Ag

m,K—oo,
A=kK

approaches A only if we scale A with K. If A is kept constant as K increases, lim Apg # A.

m,K—o00
In other words, for large population sizes, stochastic fluctuations— the source of the differ-

ence between the deterministic and average stochastic equilibria— become irrelevant, and we
recover the original deterministic model for high dispersal rates.

A B
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E10.950 €1 S
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Carrying capacity (K) Carrying capacity (K)

Fig. A.3. The averages of the metapopulation equilibria for high dispersal rates approach the
local equilibria with increasing carrying capacity. A The ratio of regional carrying capacity and
local carrying capacity (Kr/K) as a function of the local carrying capacity (K) for m — oo.
A = K/5. B The ratio of regional quasi-Allee threshold and local Allee threshold (Ar/A) as
a function of the local carrying capacity (K) for m — oo for different constant A/K ratios.
Parameters: r =1, a = K/5, X = 0.



Appendix B

Jacoblian calculations in the metapopula-
tion model

In this appendix, we derive the Jacobian matrix for the metapopulation model (Chapter 2,
Section 2.2, Subsection 2.2.3), i.e., the Jacobian matrix of (2.7) in conjunction with (2.9). The
eigenvalues of this matrix can be used to assess the stability of a fixed point. Additionally,
we use its eigenvalues to measure a “rate of invasion” for the parameter combinations where a
regional Allee effect does not exist (Chapter 3, Section 3.4, Figs. 3.5, 3.6).

Since the probability distribution must sum to 1, we have an additional condition on our
Nmax + 1 variables P(N), which renders one of the dimensions redundant. Hence, the Jacobian
of the entire master equation necessarily has a zero eigenvalue. Thus, we ignore P(0) and focus
on the Ny variables from P(1) to P(Npyax). We write P(N) as Py for short, and de(tN) as gy.

Partially differentiating the master equation (2.7, 2.9) we get

91 (mj(Py— P)—2I — B(1)— D(1) — E(1) forj=1
8_Pj: mj(Py—P)+D2)+E(2)—1 for j =2 (B.1)
(mj(Po— P1) —1 for j £ 1,2
(mj(P,y — P)+B(i—1)+1 for j=1—1
06 | mi(Ps — P) = B(i) — I~ D)~ E(i) for j =i )
OP; mj(P_1 — P)+D(i+1)+ E(i+1) for j=i+1
(mj(P—1 — P) forj#£i—1,4,i+1
Db mjPnae—1 + B(Npax — 1) + 1 for 7 = Npax — 1
TE = | M Pt~ Do) ~ E(Nos) o j = N (B.3)
L1 PN —1 for j # Nuax — 1, Nimax

The term in the i row and the j® column of the Jacobian matrix is given by gﬁ?.
J

Further, for the combinations of m and A for which Az = 0 (Fig. 3.6), we calculate the
eigenvalues at the zero equilibrium (P(0) = 1, P(N) = 0, N > 0). The eigenvalue with the
largest real part provides a measure of how rapidly a population invades this empty habitat.

For a given Allee threshold, this rate of invasion is the maximum at an intermediate dispersal
rate, signifying that intermediate dispersal rates are optimal when a population faces local but
not regional strong Allee effects (Fig. B.1).

84



Appendiz B: Jacobian calculations in the metapopulation model 85

A B
9 9

<

S

[e}

c 6 6

(%]

0}

—

c

-+

o

v

< 3 3

©

(@)

o

-
0 0

104 103 1072 107! 100 10! 102 104 103 1072 107! 10° 10! 102

Dispersal rate (m) Dispersal rate (m)
0.0 0.125 0.25 0.375 0.5 1073 1073 1071 10! 10°
Eigenvalue with the largest real part Eigenvalue with the largest real part

Fig. B.1. The eigenvalue with the largest real part for the combinations of dispersal rate (m)
and local Allee threshold (A) where there is no regional Allee threshold. The white-coloured
parts possess a non-zero regional Allee threshold. The eigenvalue acts as a proxy for the rate
of invasion of a small population, which is the maximum for an intermediate dispersal rate.
Both panels show the same values but on different colour scales to highlight different factors.
A Linear colour scale clamped above at 0.5, to show that invasion rate is the maximum for
an intermediate value of the dispersal rate. B Logarithmic colour scale, to show that there is
no abrupt transition, unlike the illusion panel A creates. Parameters: r =1, K = 50, a = 10,
X =0.



Appendix C

Derivation based on a more mechanistic
model

In this appendix, we begin with a more mechanistic consumer-resource model and show that
we can arrive at (4.3) through quasi-steady state assumptions. Note that these derivations are
only illustrative, and there may be other ways to obtain the same equation starting with other
models. The aim is to show that our model can be obtained based on cooperation for a common
good or a public good. We also explain how one rewrites the model in terms of its equilibria.

Derivation for two morphs

We assume there are two strategies v; and -9 present, which may represent either different
morphs within the same species or two different species. These morphs are the consumers,
whose abundances are denoted by N; and N,. There are two resources, whose abundances are
represented by R; and R,. In the absence of any consumer resource 1 grows logistically. it is
harvested by the consumers at certain rates. On the other hand, resource 2 is a common good.
It does not grow by itself but requires some investment from the consumers. This investment
is measured by the strategy v, for which the consumers also pay a cost. It decays at a constant
rate. Both these resources promote the growth of the consumers. Resource 1 affects the growth
linearly, but resource 2 has a saturating effect. Thus, we can express this model with the
following equations:

dN, Ba Ry / 0
V1 o N
TR G ey i AL VA
dN, B2 Ry / 0
P R —c — bys) N
e CEC Ry g (1)
dR
Ed—tl = (r1 — a1 R1)Ry — ¢B1RiNy — qBi RN,
dR
Ed_tQ = 7Ny + 72Ny — da Ry

Here, [3; is the per-capita growth rate of the consumers per unit resource 1 and (5 is the
maximum per-capita growth rate of the consumers due to resource 2. h is the resource 2
abundance at which the per-capita growth rate of the consumer is §5/2. ¢ is the constant

86



Appendiz C: Derivation based on a more mechanistic model 87

death rate, and 7! is the cost paid by consumer 4.r; and a; are the intrinsic growth rate and
the intraspecific competition coefficient of resource 1, respectively. ¢ is a conversion coefficient.
dy is the per-capita decay rate of resource 2 (which may be considered an intrinsic decay rate
in the case of a public good, or a decay due to consumption by individuals in the case of a
common good). Additionally, ¢ << 1. The terms like 3;,, B2, h, ¢, b, ¢ could in principle have
different values for different consumers. However, for simplicity, we assume here that they are
the same for both consumers.

The ¢ terms indicate the assumption that the resource timescales are much faster than the
consumer timescales so that each resource is present at its quasi-steady state. The quasi-steady
states of these resources are given by

1

R, = a_(rl — qB1 Ny — qB1No)
o (C.2)
Ry = d_(’YlNl + Y2 N3)

2

Putting these back into the equations for N; and Ny, we get

% = (%(7“1 —qBiN1 — qB1N2) + N %gé\;\ftfzzﬁ —d =N ©3)

% = (%(ﬁ — qBi Ny — Q51N2) + h %gzi\lfl]vTiQi\f]z[Q) —c - b’Yg)N2
Rearranging the terms, we get

- [ an el

s -0~ B eaeile

Thus, we have obtained a saturating birth rate that arose from resource 2. From resource 1,
2

we got a constant birth rate %rl and the competition term ’%I(Nl + Ny) We assume that

the constant birth rate is smaller than the already existing constant death rate, i.e., %rl <ec,

which gives us strong Allee effects. We define

p =5
(I:hdg

c= érl - (C.5)
g

~ Biq
o = —
(651

with which we get

dNy [P(%J\G +72N2)
dt CL+’}/1N1 +’}/2N2

dNy {P(%]\ﬂ + 72N2)
dt n CL+’}/1N1 +’YQN2

c—a(N; + Ny) — byf} N
(C.6)

—c—a(Ny+ Ny) — bfyg} N,
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which is (4.3). Combining different terms (like the constant birth and constant death terms) has
no consequences in the deterministic model. However, when we convert this into a stochastic
model, the choice of transition rates determines the magnitude of fluctuations.

Restricting to one morph and rewriting in terms of the equi-
libria
If only one strategy is present, we can put Ny = 0 to get the equation from morph 1 as

dNy [ p(71N1)
dt a+71N1

—c—a(N) —bvf} N, (C.7)

Putting 74 = 1, b = 0 and writing N; = N, we get
dN ( pN

which is (3.3).
Equations (3.3) and (3.4) are related by the following expressions:

ra®*  ra(A+K)

P AR T T AR
ra

a=—
AK

cC=7rT

Putting these into (C.8, i.e., 3.3) after rearranging it, we get

N +adN 9
N %—pN—ca—cN—ozaN—ozN
N +adN ra’>  ra(A+ K) ra ra
— = N—-ra—rN—-—aN — —N
— TN & <T+AK+ AK TN T AR T AR
N +adN a>  a(A+K) a? a . 5
g Nea-N-2 Nn- 2N
— TN & <+AK+ AK ¢ AR T AR
N+adN (a(A+K) a
— /N %‘( AK )N oA o
_ NtadN_N N N (C9)
raN dt K A AK
_ N4adN _( N\(N
raN dt K)\A

:>dN_mN . N\ /N .
dt  N+a K)\A

which is (3.4).



Appendix D

Supporting results: Spatial Allee effects

In this appendix, we provide supporting results for Chapter 3. We compare the three mod-
els studied in Chapter 3, explain the significance of the term “quasi” in the name “regional
quasi-Allee threshold”, and describe the effects of catastrophes and dispersal mortality on
metapopulation-scale Allee effects.

D.1 Mainland-island vs metapopulation

In the deterministic open system model (3.5), the upper stable equilibrium approaches the
regional abundance with increasing dispersal rates. This is simply because

. dN : rN N\ (N
T)}%@E:%@m(%ﬁ_l(l_?) (Z—l) -I—m(NR—N)> :m(NR—N) (Dl)

whose equilibrium point is at N = Npg. It is trivial to show that this equilibrium is stable.
Fig. D.1 shows an example of this.

Now, we compare the three different models in Chapter 3: the two open system (i.e.,
mainland-island) models (deterministic and stochastic), which we use as steps towards our
metapopulation model, and the metapopulation model. When we compare the determinis-
tic (Fig. D.2 A) and the stochastic (Fig. D.2 B) mainland-island models, we observe that the
bimodality parameter space in the stochastic model is larger than the bistability parameter
space in its deterministic counterpart. As previously discussed in Chapter 3, Section 3.3, this
is because, in the deterministic model, a large population can never collapse. However, it can
collapse in the stochastic model. Thus, a greater dispersal rate is required to overcome the Allee
effect in the stochastic (getting rid of bimodality) than in the deterministic model (getting rid
of bistability).

When we compare the mainland-island models (Fig. D.2 A,B) and the metapopulation
model, we observe that the main difference is that the former models do not have an extinction
regime, while the latter does. Clearly, this occurs because the mainland-island models have
fixed regional abundances, whereas it is a function of the local probability distributions in the
metapopulation model. Further, note that the invasion/unimodality and bistability /bimodality
regimes of the mainland-island models are not exactly the same as the invasion and bistabil-
ity regimes of the metapopulation model. In the mainland-island models, we are concerned
with the local dynamics, where the regional abundance is constant. The invasion regime, here,
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Fig. D.1. The upper stable equilibrium in the deterministic open system model approaches
the regional abundance with high dispersal rates. Parameters: A =10, r =1, K = 50, a = 10,
X =0, Ng = 60.
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Fig. D.2. Comparison among the three models in Chapter 3. A Deterministic mainland-
island model. B Stochastic mainland-island model. C Metapopulation model. The parts of the
parameters space corresponding to different regimes are marked accordingly. The grey shaded
area in panel C is where the metapopulation model has a bimodal equilibrium distribution.
Parameters:r =1, K =50, a = 10, X =0; A, B Ng = 50.
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corresponds to invasion in a single patch. The bistability is the initial abundance dependence
for invading a single patch. Similarly, the bimodality and unimodality regimes refer to the
modality in the local probability distribution. This situation corresponds to the equilibria in
the metapopulation model.

On the other hand, the extinction, invasion and bistability regimes in the metapopulation
model refer to the properties of the entire metapopulation. The metapopulation equilibrium
distribution can be bimodal, which happens close to the boundary of the extinction regime
(Fig. D.2C). Hence, the mainland-island models can be interpreted as the local dynamics when
the metapopulation is at equilibrium. Thus, bistability appears in the metapopulation model
with increasing dispersal rates, whereas bistability /bimodality disappears in the mainland-
island models with increasing dispersal rates. This difference highlights the separation of spatial
scales and the distinction between the equilibria at different spatial scales.
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Fig. D.3. The minimum average population required for persistence for different types of
initial distributions and the average of the unstable equilibrium point for different local Allee
threshold values: A A=5, B A=7, C A=8, D A=25. The initial distributions assumed are: (i)
Poisson distribution; (ii) Negative binomial distribution: P(n) ="**=1 C, (p*)(1 — p)", k = 10;
(iii) Delta distribution: P(0) = 0.5, P(ceil(2N)) = 0.5, P(n) = 0 for n # 0,2N. Parameters:
r=1, K =50,a=10, X =0.
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D.2 Why is the regional Allee threshold “quasi”?

In our metapopulation model with Allee effects, we found that there can be an unstable equi-
librium point, which we call the “regional quasi-Allee threshold”, denoted by Ag (Chapter 3,
Section 3.4). We could have very well called it a “regional Allee threshold”, but we chose to
include the prefix “quasi” in the name. Here, we explain our choice of the name.

As described in Chapter 2, the equilibrium points in the metapopulation model are located
in a high-dimensional space in which the N* dimension corresponds to the value of P(N). Each
point in this high-dimensional space is related to a distribution. Since Ap is only an average
of the unstable equilibrium point, it cannot completely characterise the ecological fate of a
population. Basically, whether a population can invade or not depends not only on its average
initial abundance but also on its initial distribution in space. This is why the term “quasi” is
included in the name “regional quasi-Allee threshold”. However, we analyse the average initial
population sizes required for invasion for multiple types of distributions and find that they are
often close Ag (Fig. D.3), indicating that Agr may still hold some value and be an informative
measure. Additionally, when Ar = 0, the population can invade from any positive initial
population size irrespective of the initial distribution.

In Fig. D.3, we show the results for three different kinds of distributions:
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Fig. D.4. Metapopulation model bifurcation diagrams with catastrophes. Catastrophes alter
the bifurcation scenario in a similar way to increasing the local Allee threshold. Parameters:
r=1, K =50, a=10, X = 0.01.
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e Poisson distribution: P(n) =

=N
N
n!

e Negative binomial distribution: P(n) ="**=1 C, (p*)(1 — p)"

e Delta distribution: P(0) = 0.5, P(ceil(2N)) = 0.5, P(n) = 0

For each of these distributions, we compute the minimum average value N needed for
invasion, and call it the regional Allee threshold for that particular distribution. Comparing
these values with the unstable equilibrium shows that all of them lie close to each other.

D.3 Catastrophes, dispersal mortality and metapopulation-
level Allee effects

We explore how catastrophes affect the regional equilibria by taking them into account as
a stochastic process taking place at the rate X (Chapter 2, Section 2.2, Subsection 2.2.2).
Catastrophes modify the way bifurcations take place in the model (Fig. D.4). They lower the
regional carrying capacity and increase the minimum dispersal rate required for persistence.
Concerning the regional quasi-Allee threshold (Ag), the effect of catastrophes is similar to
increasing the local Allee threshold A. For example, the pattern for A = 5 with catastrophes
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Fig. D.5. Metapopulation model bifurcation diagrams with dispersal mortality. High dispersal
causes an additional bifurcation, producing an upper limit dispersal rate (myay) for persistence.

Parameters: r =1, K =50, a =10, X = 0.0, § = 0.99.
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(Fig. D.4 A; compare with Fig. 3.5 A) is similar to that seen for A = 7 without catastrophes
(Fig. 3.5B). The pattern for A = 7 with catastrophes (Fig. D.4 B; compare with Fig. 3.5B) is
similar to that seen for A = 8 without catastrophes (Fig. 3.5 C).

We incorporate dispersal mortality in our model to study its influence on metapopulation
equilibria (2.4). Since only a fraction of dispersers survive, the process comes at the cost
of lowering the abundance. Consequently, high dispersal becomes detrimental (Fig. D.5). Kg
increases with increasing dispersal rate when the latter is small but decreases when the dispersal
rate is too high. Agr behaves similarly to the model without dispersal mortality for low dispersal
rates but increases for high dispersal rates, ultimately merging with Kz. We call the dispersal
rate at the point where these two equilibria merge as my.x. At m = M.y, another bifurcation
occurs such that extinction is the only equilibrium for higher dispersal rates.



Appendix E

Supporting results: Evolution of coopera-
tion and dispersal

In this appendix, we provide supporting results for the findings in Chapter 4 and Chapter 5.
We derive the invasion fitness and selection gradient for the deterministic model of a well-mixed
population (Chapter 4, Section 4.1), and show that evolutionary suicide occurs in the model.
We show how catastrophes, dispersal mortality and cost functions affect the evolution of co-
operation in our metapopulation model. We also provide the data on mean first-passage times
(MFPT) in the metapopulation model. Additionally, we explore the coexistence of cooperators
and defectors in further detail. We distinguish between protected and unprotected conditional
coexistence, explain how a suicidal invasion with large mutations occurs using projected null-
clines and also elaborate on how these nullclines are obtained. We conclude with supporting
figures for the evolution of dispersal.

E.1 Invasion fitness and selection gradient for the evolution
cooperation

Suppose morph 1 with strategy ~; is the resident in the well-mixed population at its carrying
capacity given by Ki(7;). Now, assume that morph 2 having a strategy ~, with a small
population e5 invdes the resident population. From (4.3), its per-capita growth rate is given by

LdNQ _ p(m K1+ ee)

= —c—a(Ky+ &) — b8 E.1
NQ dt a+’71K1+’YQ€2 ( ! 2) t ( )

where Assuming that e, is small, we can neglect its effect on the per-capita growth rate of
morph 2. Thus, the per-capita growth rate is

1 dNy  p(nkKy) 0
— = —c—aK;—b E.2
N2 dt a+ fYIKl ¢ At t ( )

As we can see, the trait value v, appears only in the cost term. This per-capita growth
rate of a rare morph is called invasion fitness. Observe from (4.1) that the carrying capacity of

morph 1 is given by
p(n K1)

—c—alK)) -0 =0 E.3
at ok, c—a(Ky) — by (E.3)
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From (E.2) and (E.3), the invasion fitness is given by

b( —5) (E.4)

Thus, invasion is always successful when ~, < ;. Hence, a defector can always a cooperator
population. If the defector strategy is not viable (72 < Ymi), the invasion leads to extinction
of both the morphs (Fig. 4.2).

The evolutionary trajectory with small and rare mutations is given by the selection gradient
(Chapter 2, Section 2.3, Subsection 2.3.1), which is the derivative of the invasion fitness w.r.t
the mutant strategy, evaluated where the mutant strategy equals the resident strategy. Here,

the selection gradient is
d 1 dN,y
d’)/Q NQ dt

Evidently, the selection gradient is always negative. A negative selection gradient implies
that the trait v evolves to lower and lower values. With small and rare mutations, the process
continues, decreasing the level of cooperation in the population. As v decreases with evolution,
it eventually crosses the persistence boundary and falls below v,,;,. Then, the population cannot
persist and goes extinct. Evolutionary suicide occurs.

While the concept selection gradient is applicable only in the small mutation limit, note
that the result in Fig. 4.2 is stronger: it does not require the assumption of small mutations.
Even with large mutations, the population will evolve to extinction.

In the metapopulation model (Chapter 4, Section 4.2), we use numerical methods to deter-
mine whether the invasion is successful. Specifically, a proxy for the invasion fitness is obtained
using the LMAO function. The details are given in Chapter 2, Section 2.3, Subsection 2.3.2.

=00yt <0 (E.5)

Y2=71

E.2 Evolution of cooperation: Effect of various factors

Here, we illustrate how catastrophes, dispersal mortality and cost functions affect the evolution
of cooperation. These results support our idea of the evolution of cooperation as a competition-
colonisation tradeoff (Chapter 4, Section 4.4).

Catastrophes and evolution of cooperation

Perhaps the most surprising result of our model is the effect of local catastrophes, whereby they
enhance the evolution of cooperation in a seemingly counterintuitive fashion. These catastro-
phes wipe out entire patches and make persistence harder on an ecological scale. As discussed
in Chapter 3 and Appendix D, catastrophes lower the regional carrying capacity and increase
the regional quasi-Allee threshold. However, despite being detrimental on an ecological scale,
they seem to promote the evolution of cooperation.

Fig. E.1 shows the CSS (7*) as a function of dispersal rate (m) for different catastrophe
rates (X). In these figures, the point where v* falls below 7y, causing evolutionary suicide,
is marked with a dot. Note that changing the catastrophe rate changes the limits ~.,;, and
Ymax, as well the minimum dispersal rate required for persistence. However, we do not show
the trends in v, and Ymax to avoid cluttering the figure. The inset shows v* as a function of
X for a fixed dispersal rate. v* increases with increasing X.
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Fig. E.1. Catastrophes favour the evolution of cooperation. Main plot: CSS for cooperation
(v*) as a function of dispersal rate (m) for different values of the catastrophe rate (X). The
grey vertical line marks the dispersal rate in the inset. The terminal dots indicate evolutionary
suicide. Inset: CSS for cooperation (7*) as a function of the catastrophe rate (X) for m = 0.1.
Parameters: p=3.5,a=10,c=1,a=0.04,06=0.05,0 =2, 6 = 1.

For X = 0.01, v* is higher than for X = 0.0 for all values of m. For X = 0.1, evolutionary
suicide takes place when the dispersal rates are low. However, in the range where a v* exists, it
is higher than in the case with no catastrophes. A hint for this perplexing phenomenon lies in
the creation of more empty patches by catastrophes, which we discuss in Chapter 4, Section 4.4.

Dispersal mortality and evolution of cooperation

In addition to catastrophes, a greater proportion of unoccupied patches can arise via mortality
during dispersal. As a result, dispersal mortality also has a positive effect on the evolution
of cooperation (Fig. E.2). For all dispersal rates, v* is higher when the fraction of dispersal
survivors is smaller. With increasing dispersal rates, evolutionary suicide takes place due to
increasing vnin. However, prior to evolutionary suicide, v* increases with increasing m. The
inset shows the CSS as a function of the fraction of dispersal survivors (¢), depicting that ~+*
decreases with increasing d§ (decreasing dispersal mortality). Hence, when dispersal is costly,
greater cooperation evolves.

Effect of cost functions

Besides observing the effect of the cost of dispersal, it is also important to investigate how the
form of the cost of cooperation affects its evolution. As we see in Fig. E.3, for low dispersal
rates, a higher cost of cooperation promotes cooperation, whereas it hampers the evolution of
cooperation at higher dispersal rates. +* is smaller for a quadratic cost (# = 2) than for a linear
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Fig. E.2. Dispersal mortality favours the evolution of cooperation. Main plot: CSS for
cooperation (7*) as a function of dispersal rate (m) for different values of the fraction of dispersal
survivors (0). The grey vertical line marks the dispersal rates in the inset. The terminal dots
indicate evolutionary suicide. Inset: CSS for cooperation (7*) as a function of the fraction of
dispersal survivors (9) for specific dispersal rates. Parameters: p = 3.5, a = 10, ¢ = 1, a = 0.04,
b=0.0560=2 X =0.

*

cost (6 = 1), except at low dispersal rates. Further, v* is smaller when the coefficient b in the
cost function bv? is larger, except as small dispersal rates. Thus, if individuals disperse less, a
greater cost of cooperating enhances cooperation on an evolutionary scale.

We believe that this counterintuitive result is again due to the creation of more empty
patches. With a higher cost, the probability of stochastic collapse is greater. Thus, at low dis-
persal rates, a higher cost promotes the evolution of cooperation. However, when the dispersal
rate is high, these empty patches will be colonised again more rapidly, reducing the effect of
the stochastic collapse due to greater cost. This trade-off results in the pattern depicted in
Fig. E.3.

E.3 Mean first-passage times

In this section, we calculate mean first-passage times, specifically, the average survival time of
a patch, the average time to colonise a patch and the average time to replace a resident for
different levels of cooperation. These results quantify the notion of competition-colonisation
trade-off in our model. Note that MFPTs are calculated for the stochastic open system models
with one and two morphs (2.7, 2.19) because the metapopulation model is nonlinear in the
probabilities. However, as we will see, using the stochastic open system model also allows us
to dissect the effect of dispersal and regional abundance.

In order to disentangle the role of dispersal, we first look at the case with no dispersal (m =
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Fig. E.3. Effect of cost functions on the CSS for cooperation (7*). The terminal dots indicate
evolutionary suicide. Parameters: p =3.5,a =10, c =1, a =0.04, X =0, 0 = 1.

0). Such a population will eventually collapse due to stochastic fluctuations (see Appendix A,
Section A.1). The MFPT measures the average time taken for transition from one state to
another. Fig. E.4 A shows the MFPT from N = |K(7y)] to N = 0. The MFPT is the largest
for intermediate values of v and peaks around v = 2.0. Thus, when left on its own without
any dispersal, a morph with an intermediate level of cooperation can survive for the longest
duration.

Next, we consider the time it takes for a morph to colonise an empty patch and reach its
local carrying capacity. Fig. E.4 B shows the MFPT from N = 0to N = | K(v)]|. Here, we also
take dispersal into account and show the MFPT for different dispersal rates. To disentangle the
effect of dispersal, we assume that the regional abundance is equal for all values v. The MFPT
is the minimum for an intermediate value of gamma. Thus, a morph with an intermediate
value level of cooperation is the quickest in colonising an empty patch and reaching its carrying
capacity.

As Figs. E.4 A,B highlight, populations with an intermediate level of cooperation are the
least prone to collapse and the most predisposed to rise from small local abundances. In other
words, the ability to colonise new patches and retain them is the best for an intermediate ~.
Populations that cooperate either too less or too much are worse colonisers.

Now, we shift our attention to competition between different morphs. As shown in Sec-
tion E.1, defectors always have a higher growth rate than cooperators on a local scale. In other
words, defectors are the better competitors. Again, we can use MFPTs in the stochastic open
system model to further characterise this notion. To separate the effect of dispersal, we consider
a case where two morphs have equal dispersal rates and equal regional abundances and then
calculate the MFPT for transition from the attractor of one population to another. Fig. E.4C
shows the MFPT for transition from the state (K(y; = 2.5),0) to (0, K(72)) as function of ~.
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Fig. E.4. Mean first-
passage times (MFPTs) in
the stochastic open system
model. A MFPT for the
collapse of a monomorphic
population, i.e. the MFPT
to reach the state 0 from
an initial local abundance
of [K(7)]. B MFPT
for the establishment of a
monomorphic population,
i,e. the MFPT to reach
the state | K ()] from an
initial local abundance of
0. C MFPT for morph 2
to take over a patch occu-
pied by morph 1, i.e., the
MFPT to reach the state
(0, | K2(72)]) from an ini-
tial state of (| Ki(m1)],0).
|.] denotes the nearest in-
teger function. Panels A
and B show that cooper-
ators with an intermediate
level of cooperation are the
best colonisers since their
patches take the longest to
go extinct and the short-
est to be colonised. Panel
C shows that defectors are
always the superior com-
petitors since they take
the shortest time to take
over the patch from an-
other morph. Cooperation
evolves in our model due
to this trade-off between
competition and colonisa-
tion. Parameters: p = 3.5,
a=10,c =1, a = 0.04,
X=0,6=1. Am=0,
Nr = 0. B Nrp = 50.
C Y1 = 25, NRI = 50,
Ngy = 50.
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Fig. E.5. Mean first-passage times (MFPTs) in the stochastic open system model for the
transition to (0, | K2(72)]) from an initial state of ([Ki(y1)],0) A m = 0.001. B m = 0.01.
C m = 0.1. [.] denotes the nearest integer function. Parameters: p = 3.5, a = 10, ¢ = 1,
Oz=004,X=0,5=1 Am:O, NRZO BNR=5O C’)/1=25, NR1:50, NR2:50

Evidently, morphs with a smaller value of v require a shorter amount of time to take over a
patch occupied by a morph with v = 2.5. Hence, defectors are the better competitors.

Fig. E.5 shows the MFPT for a transition from (K(71),0) to (0, K(72)). Again, we see that
a defector is always a better competitor than a cooperator. For given v, the transition takes
the least time when 7, is the smallest (except near the extremities of the trait space). However,
for a given 7., the transition takes the longest for an intermediate value of v;. This reflects the
same phenomenon shown in Fig. E.4 A, as the MFPT for a transition also takes into account
the probability that morph 1 collapses on its own.

E.4 Further exploring coexistence

In this section, we further describe the coexistence of cooperators and defectors in our model.
Thus, this section supplements Chapter 4, Section 4.3. We explain how the projected null-
clines in Fig. 4.9 and the figures in this section were obtained, distinguish between protected
and unprotected conditional coexistence and show an example of extinction caused by large
mutations?.

E.4.1 Obtaining projected nullclines

The nullclines in Fig. 4.9 are the projections of the actual high-dimensional nullclines in the
space of probabilities P(Ny, N2) onto the two-dimensional space spanned by the two vectors

> NyP(Ny,Ng) and > NyP(Ny, Ns). To obtain these projected nullclines, we use the
(N1,N2) (N1,N2)

LMAO function (2.22).

IThe time series figures in this section were obtained using a modified version code originally written by Dr.
Jonas Wickman.
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Fig. E.6. Examples of A Protected and B unprotected conditional coexistence. In panel A,
the coexistence is protected from extinction since the morph 1 has no regional Allee effect. In
panel B, morph 1 has an Allee effect, due to which the coexistence is unprotected. Parameters:
p=35,a=10,c=1, =004, X =0,0=1. Am=0.1,v =13, 75 =0.65. Bm = 1.0,
v1 = 1.0, 2 = 0.55.

Multiple possible methods to obtain the nullclines exist. One way is to calculate the LMAO
function keeping Ny o constant and solving for fianao(Nga, &)[1] = 0, which gives the morph 1
regional abundance where the growth rate of morph 1 is 0, where & is a constant and [1] is the
first component of the vector. Solving it for several x values gives the morph nullcline. Similarly,
solving fiaao (K, Ngr2)[2] = 0 for different values gives the morph 2 nullcline. Alternatively, one
can solve fiyao(k, Nr2)[l] = 0 fomao(Vr1, #)[2] = 0 for different s values to obtain the two
nullclines.

Another way is to compute fiyao(Nr1, Nr2)[1] fumao(Ngi, Nr2)[2] for a grid of Ng; and
Np o values and to draw the contours where each of them equals 0, thus obtaining the respective
nullclines for morphs 1 and 2.

E.4.2 Conditional coexistence: Protected vs unprotected

In Chapter 4, Section 4.3, we described a type of coexistence which we call conditional coez-
istence. In this situation, a resident is present at its metapopulation equilibrium. An invader
with an inviable strategy invades. This invader cannot persist on its own. However, when
it invades the resident metapopulation, it coexists with the resident. In Fig. 4.9, we showed
an example of conditional coexistence. In this example, the coexistence was protected, as the
resident did not have a regional Allee effect. If the resident becomes rare, it can invade back.
However, it is possible to have a scenario where the conditional coexistence is unprotected. If
the resident has a regional Allee effect, both the morphs go extinct if the resident becomes rare.
Here, we show an example of such a scenario (Fig E.6).
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Fig. E.7. An example of invasion leading to the extinction of both the morphs. A Projected
nullclines. The black line with the arrow shows the time series. B Time series of invasion.
Parameters: v = 1.0, %2 =0.55, m =10, p=3.5,a=10,c=1, a=0.04, X =0, 0 = 1.

E.4.3 Suicidal invasion with large mutations

We also saw in Chapter 4, Section 4.3 that an invasion by an inviable mutant need not lead to
conditional coexistence. For one, it is possible that invasion by such a mutant fails (Fig. 4.9).
If the invasion is successful, it may lead either to conditional coexistence or to the extinction
of both morphs. A clear example is seen in Fig. 4.10 E (the black area marked with —, +¢ and
+0, —). Here, we show the projected nullclines and the time series for such a suicidal invasion.

As seen in Fig. E.7 A, the morphs do have a coexistence equilibrium, similar to the situ-
ation with conditional coexistence. However, this coexistence equilibrium is unstable. Thus,
extinction is the only stable equilibrium. The defector initially increases in abundance slowly,
followed by a rapid increase. Simultaneously, the cooperator abundance decreases. The defec-
tor abundance reaches a maximum and then falls rapidly, following which both the morphs go
extinct.

E.5 Evolution of dispersal: Effect of various factors

Here, we provide supporting results for the evolution of dispersal. We show how dispersal
evolution is affected by the constant death rate ¢ and catastrophes.

Effect of the constant death rate

Increasing ¢ increases the chances that a patch collapses due to stochastic fluctuations. Thus,
for higher ¢, having spread more widely in the spatial habitat should be beneficial, due to which
a higher dispersal rate should evolve. Indeed, we observe that m* increases when c increases,
except when 7 is close t0 Yin OF Ymax (Fig. E.8). Changing c¢ also changes the limits 7y, and
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Fig. E.9. Evolution of dispersal in the presence of catastrophes. A The CSS in dispersal (m*)
as a function of cooperation for different values of the catastrophe rate (X). B The CSS in
dispersal (m*) as a function of the catastrophe rate (X) for different values of cooperation.
Parameters: p=3.5,a=10,c=1, a=0.04, b =0.05, 6 =2, 6 = 0.9.
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Ymax, due to which the horizontal extent of different curves is different in Fig. E.S.

Catastrophes and the evolution of dispersal

Adding catastrophes directly enhances the collapse of patches by causing sporadic local extinc-
tions. Having spread across more patches should be beneficial in the presence of catastrophes,
as it reduces the chances of extinction due to all individuals lying in the same patch. In ac-
cordance with our expectations, catastrophes generally increase m* (Fig. E.9). However, the
slope of m* w.r.t. the catastrophe rate (X) decreases with increasing X. A maximum in m*
may also occur with increasing X (Fig. E.9).



Appendix F

Numerical analysis and code

All numerical analyses were performed in Python, except in the time series figures in Chap-
ter 4 and Appendix E. The code is available in a GitHub repository. As of the date of the
submission of the thesis, the GitHub repository is private, since the contents of the the-
sis are being processed for publication in scientific journals. After their publication, the
repository will be made public and should be accessible at https://github.com/pentathis/
kaustubh-ms-thesis-code.

Constructing PIPs

The PIPs for the metapopulation model were calculated using the LMAO function (2.22).
Specifically, for a grid of strategy values v; and 7., we computed % fimao(N1(m1),e(72)), where
N, is the equilibrium regional (average local) abundance of morph 1 with the strategy ~;, and
¢ is a small number. Using these values for the entire grid, the invasion boundary was obtained
by drawing a contour where % fimao(Ni(m),e) = 1.

CSS calculations

The CSS calculations for cooperation were also performed using the LMAO function. We
constructed a wrapper function

~ fanro(Ma(n), £ +£) = = fissro(Wa(n), (0 — )

where ¢ and ¢’ are small positive numbers. This function was solved numerically using the
bisection method.
For dispersal we used the wrapper function given by

éfLMAO(Nl(ml)a e(mi(14¢€"))) - éfLMAo(NK%), e(myi(1—¢€"))

and solved it using the bisection method. For the coCSS, we used a combinations of these two
functions.
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