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Abstract

Ecology and evolution of complex microbial communities
Katharine Z. Coyte, Jesus College
Hilary 2016

Microbial communities colonise virtually every habitable environment on earth.
They live on us, inside us, and all around us, and are key components of the earth’s
ecosystem. However, due to the complexity of microbial communities we still under-
stand relatively little about the mechanisms that drive their ecology and evolution. The
aim of this thesis is to develop novel experimental and mathematical approaches, in
order to investigate complex microbial communities. Specifically, this thesis is split
into two parts, focussing in turn on how environmental complexity, and interspecies
interactions shape microbial ecology and evolution. In the first part I have studied mi-
crobial evolution in porous environments such as one might find in soil or aquifers.
Here I have combined microfluidic experiments, mechanistic models, and game theory
to study how hydrodynamics mediate competition between bacterial genotypes. With
these I have demonstrated how even subtle environmental complexity can fundamen-
tally affect microbial competition, enabling slow growing genotypes to outcompete their
faster counterparts. In the second part of this thesis I have investigated how interspecies
interactions influence the stability and initial assembly of microbial communities. Here
I have developed new tools — from theoretical ecology — in order to study the microbial
communities within the mammalian gastro-intestinal tract. With these I have demon-
strated how strong, cooperative interactions between species can undermine both the
stability, and the assembly of communities. Moreover, I have illustrated how these tools
can be applied to real microbiome data, in order to better understand these important
communities. In sum, this thesis explores two key drivers of microbial ecology and
evolution, and presents a new set of tools for the future investigation of complex micro-
bial communities.



Contents

1 Introduction
1.1 The diversity and complexity of microbial life . . . . . . ... ... .. 1
1.2 Mathematical modelling as a tool for understanding microbial commu-
NES . . . . o o e e e e 3
1.3 Thesisoutline . . . .. .. ... ... ... ... 9
2 Flow mediates microbial evolution in porous environments 11
2.1 Abstract . . . . .. L e e 11
2.2 Introduction . . . . . . . . .. e 13
23 Results. . . . . . . e 14
24 DISCUSSION . . . . v v v e e e e e e e e e e 26
2.5 Materialsand methods . . . . . ... ... ... oL L. 28
2.6 Supplementary figures . . . . . ... ... Lo L 34
3 The ecology of the microbiome: Networks, competition, and stability 36
3.1 Abstract . . . . ... 36
3.2 Introduction . . . . . . . . ... 37
3.3 Resultsand discussion . . .. ... ... ... ... ... 40
3.4 Materialsand methods . . . . . ... ... L L. 49
3.5 Supplementary Figures . . . . . .. ... ... ... ... 88
4 The assembly of microbiome communities 99
4.1 Abstract . . . . . . .. e 99
42 Introduction . . . . . . . . ... e 100
43 Resultsand discussion . . . . . ... ... oo 102
44 Conclusions . . . . . . .. e e 114
4.5 Materialsand methods . . . . . ... ... ... ... ... ... .. 114
5 Conclusions 122
Bibliography 126



Introduction

1.1 The diversity and complexity of microbial life

Microbial communities are ubiquitous on earth, colonising seemingly uninhabitable re-
gions at the bottom of the ocean, through soils and sediments, to the nutrient rich habi-
tats within our own bodies (Azam and Malfatti, 2007; Gill et al., 2006; Lozupone et al.,
2012; Martiny et al., 2006; Whitman et al., 1998). These microbial communities are not
only pervasive, but they are also vitally important. Which species colonise a particular
environment and how these communities change over time impacts processes ranging
from geochemical cycling to human health (Clemente et al., 2012; Hall-Stoodley et al.,
2004; Tortell, 1999). Disentangling the drivers of microbial community dynamics thus
represents a fundamental goal for many disparate disciplines. However, although se-
quencing technology now enables us to resolve the composition of microbial commu-
nities, we still lack a mechanistic understanding of how, and why, communities behave

and respond the way that they do.
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This major gap in understanding is due, in large part, to the sheer complexity of
most microbial communities. Research in microbiology has tended to focus on single
strains growing in shaking culture. However, the reality is that microbes typically live
in genetically diverse communities, and in habitats with complex physical and chemical
landscapes (Azam and Malfatti, 2007; Bever et al., 2009; Horner-Devine et al., 2004;
Schluter and Foster, 2012; Young and Crawford, 2004). Habitat complexity is thought
to influence microbial ecology in settings ranging from seemingly simple laboratory
environments to the human lung (Azam and Malfatti, 2007; Bever et al., 2009; Horner-
Devine et al., 2004; Markussen et al., 2014; Rainey and Travisano, 1998; Schluter and
Foster, 2012). Moreover, the interaction between microbes and their environment is
not a one-way process: microbial growth in turn shapes the environment, altering the
physical conditions experienced by the community as a whole (Koza et al., 2011; Rainey
and Travisano, 1998). If we wish to fully understand the mechanisms driving microbial
community dynamics, then, it is vital that we take into account the interplay between
microbes and their environment.

The challenge of understanding microbial community dynamics is heightened fur-
ther by the sheer diversity, and interconnectivity, of most microbial communities. Far
from being solitary organisms, microbes typically live in dense communities, in which
cells interact with members both of their own species and of others (Cornforth and Fos-
ter, 2013; Mitri and Foster, 2013; West et al., 2006). These interactions range from
the production of toxins that kill other cells, through simple competition for resources,
to cross-feeding where one species feeds on the by-products of another (Belenguer
et al., 2006; Ze et al., 2012, 2013). Such interactions have been intensively studied
both mechanistically and theoretically. However, the typical focus has been on simple
communities composed of only a few species and interactions. How ecological interac-
tions scale up to drive the properties of complex, multispecies microbial communities

remains poorly understood. If we wish to understand microbial community dynamics,
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then, we must begin to disentangle the role of interspecies interactions within diverse,
interconnected communities.

The goal of this thesis is thus to investigate the role of environmental complexity and
interspecies interactions upon microbial ecology and evolution. Accordingly, the thesis
is divided into two main parts. The first part asks how environmental complexity in
porous environments shapes microbial ecology and evolution. The second part asks how
interspecies interactions shape the stability and assembly of microbial communities,

with a particular focus on the microbes that live inside us.

1.2 Mathematical modelling as a tool for understanding
microbial communities

In particular, much of this thesis focuses on building novel mathematical models of
microbial communities. Mathematical modelling can offer a unique insight into sys-
tems that are often too complex to manipulate experimentally. Such models provide us
with a broad conceptual understanding of the dynamics underlying complex systems,
but crucially, can also generate testable predictions. Yet despite this, much of modern
microbiology has progressed without the integration of formalised mathematical theory.
A key goal of this thesis is to address this gap — integrating mathematics, ecology, and
evolution with traditional microbiology, in order to gain fundamental insights into the

factors driving microbial community dynamics.

The role of environmental complexity and microbes in porous envi-
ronments

I focus first on the role of environmental complexity, examining microbial communities
within porous environments, such as one might see in soil or aquifers (e.g. see Figure
1.1). Bacteria in such porous environments constitute approximately one-half of the

carbon within living organisms globally (Whitman et al., 1998) and play pivotal roles
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Figure 1.1: A porous environment colonised by Escherichia coli cells. Fluorescently labelled
bacteria (white) colonise the spaces between silicon posts (black circles) in a microfluidic ex-
periment mimicking bacterial colonisation of a porous environment. The large mass of white
indicates an area where the bacteria have completely blocked their pore spaces, such that the
cells at the centre will no longer be receiving nutrients, nor be able to disperse downstream.

in processes that range from nitrogen fixation through to microbially enhanced oil re-
covery (Danhorn and Fuqua, 2007; Nicolella et al., 2000; Pintelon et al., 2009; Wang
and Hendry, 2012). In these settings, microbes colonise the spaces between grains of
sand or sediment, typically existing as biofilms: close-knit associations of cells, sur-
rounded by self-secreted matrices of polysaccharides (Costerton et al., 1995; Ghiorse
and Wilson, 1988). Here, diverse bacterial genotypes live under intense competition
for limited resources (Rothman and Forney, 2007; Torsvik, 2002) and the flow of fluid
through the environment is of pivotal importance. Flow delivers nutrients, thus enabling
cells to disperse to new habitats (Hall-Stoodley et al., 2004). However, as they grow,
biofilms fundamentally alter the hydrodynamic properties of their environment — reduc-

ing its porosity and permeability, and potentially choking off their own access to nutri-
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ents (Figure 1) (Cunningham et al., 1991; Shafahi and Vafai, 2009). A key challenge
then is to understand how the interplay between the biotic and hydrodynamic features
of an environment affects microbial ecology and evolution.

Engineers interested in bioremediation and wastewater treatment have modelled ex-
tensively how microbial populations colonise porous media. However, existing models
have either been highly simplified (large-scale analytic models of broad environmental
features, (Cunningham et al., 1991; Seifert and Engesgaard, 2012)), or very detailed
(fine-scale individual based models of small, precisely defined porous geometries (Pin-
telon et al., 2009, 2012; von der Schulenburg et al., 2009)). Neither approach is appro-
priate for studying the ecology and evolution of microbial communities within complex
environments. For this we require models detailed enough to capture the community
dynamics occurring within the environment, but generalizable enough that we are not
limited to a single, specific parameter regime. Here I have developed a mechanistic
model that couples one-dimensional biofilm growth with traditional fluid mechanics.
This model captures the interplay between microbes, their environment, and their neigh-
bours, yet remains simple enough to be embedded within a theoretical framework based
on the logic of evolutionary game theory. Each aspect of this model taken singly is
relatively simple; however, in combination I am able to address an important biological
question: “how do microbial communities compete and evolve within porous environ-

ments?”’

The role of interspecies interactions and the microbial communities
within us

Having focused on the environment, I next turn to communities themselves to exam-
ine how interspecies interactions affect community dynamics. I have chosen to con-
centrate primarily on the dense microbial communities within the mammalian gastro-

intestinal tract, which are currently a major focus of international research (Turnbaugh
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et al., 2007). The human body contains approximately 100 trillion microbial cells that
occur predominantly within the gastro-intestinal tract (Faith et al., 2013; Gill et al.,
2006; Lozupone et al., 2012). Termed the gut microbiome, this microbial community
is thought to be critical for our own health and wellbeing. A healthy gut community
is implicated in processes ranging from the breakdown of complex molecules for food,
through to healthy immune development (Bidckhed et al., 2005; Dethlefsen and Relman,
2011; Lee and Mazmanian, 2010; Mazmanian et al., 2008). However, while we have
a vast and growing body of experimental data on these communities, we are still rela-
tively ignorant about what governs their dynamics. In particular, we know little about
how these communities initially assemble, nor do we understand what renders them
stable once they have established.

It is clear, however, that to understand the microbiome we need to take careful ac-
count of how its members interact both with one another, and with the host. Microbiome
communities are not only dense, but also highly interconnected; species interact with
one another through a number of different mechanisms (Faust and Raes, 2012). In na-
ture these interspecies interactions are thought to be predominantly competitive, yet
the gut is often thought of as relatively cooperative, with microbes working together to
break down complex food molecules 1 (Belenguer et al., 2006; Foster and Bell, 2012;
Ze et al., 2012, 2013). These cooperative interactions are considered important for
microbiome functioning. However, neither the nature, nor the effects of interspecies
interactions within the microbiome have yet been substantially researched. Similarly,
microbes interact in complex ways with their host species. These interactions include
the host immune system targeting specific bacteria; epithelial secretions that have the
potential to spatially segregate cells; and even the host actively feeding members of the
microbiome (Derrien et al., 2010; Hooper, 2009; Johansson et al., 2008; Macpherson,
2000; Macpherson et al., 2005, 2008; Macpherson and Uhr, 2004; Petnicki-Ocwieja
et al., 2009; Salzman et al., 2010; Wehkamp et al., 2004, 2005). The gut microbiome
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thus represents a critical setting in which to understand the role of interspecies interac-
tions in governing microbial community dynamics.

Despite this complexity, however, the field of microbiome research is lacking sub-
stantially in appropriate mathematical theory; rather, the majority of work to date has
focused on gathering large amounts of empirical data. So far, most of the accompany-
ing mathematical effort has therefore focused on developing tools to interpret this data
— for example, mapping co-occurrence networks that determine whether certain bacte-
rial groups are more or less likely to be observed together within experimental samples
(Faust and Raes, 2012; Levy and Borenstein, 2013; Zhang et al., 2014). While use-
ful, this approach does not tell us about the nature of the interactions between species,
nor the underlying community dynamics. For example, while species might seem to
co-occur because they are helping one another, it may actually be because both are
attempting to occupy the same niche. More recent work has instead attempted to disen-
tangle the precise nature of the interactions between species (Buffie et al., 2015; Marino
et al., 2014; Stein et al., 2013) but these studies remain a small minority. Similarly,
some work has set out to capture the interspecies dynamics within the microbiome us-
ing detailed individual based models (Schluter and Foster, 2012; Schluter et al., 2015),
focusing on smaller sub-communities; however, such approaches are computationally
intensive, and cannot easily be scaled up to complex microbiome communities. There
is a clear need then for the development of predictive, systems level models that can

capture the complexity of microbiome communities (Borenstein, 2012).

'Throughout chapters 3 and 4 we will refer to this cross-feeding process, where the net sign of the
interaction is positive for both players (+/+) as “cooperation”. This is so as to be consistent with its usage
in the current literature in both theoretical ecology and microbiome research (e.g. (Allesina and Tang,
2012; Faust and Raes, 2012; Mougi and Kondoh, 2012)). However, it is important to note that the field
of social evolution has invested a great deal in correctly defining terms such as cooperation. In particular,
strictly speaking, cross feeding should not necessarily be considered cooperation in the sense that we are
not strictly requiring that it incurs any fitness cost for either actor. Correctly defining this process will
be especially important when moving from thinking about the ecology to the evolution of microbiome
communities.
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Figure 1.2: Network models of microbial communities. Theoretical ecology often models
complex communities as networks, in which nodes represent individual species, while edges
capture the interactions between them (whose strengths are captured by parameters a and s).
Applying this technique to microbial communities offers a novel perspective with which to ap-
proach microbiome research.

In this thesis I draw upon modelling approaches developed in theoretical ecology
where researchers for many years have been developing techniques to study diverse,
interconnected communities. In particular, I model microbiome communities as eco-
logical networks, in which each species is represented as a node in the network, while
each edge captures the interactions between them (Figure 1.2). Rather than needing to
simulate vast communities, I can ask instead how changing the biological aspects of
a community influences this network, and the subsequent effects this will have on its
ecological properties. This approach thus offers an excellent tool for interrogating com-
munities that would otherwise be too complex to study using techniques traditionally
associated with modelling microbial communities.

The greatest gains in our understanding of complex microbial communities will,
however, come through the combination of mathematics with careful experimental work.
Such a combination is vital for motivating initial modelling, forming predictions, and
ultimately testing theories experimentally — iteratively repeating this process in order

to continuously build our understanding of a given system. To this end, in Chapter 2 |
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have conducted such experimental work myself, while in Chapters 3 and 4 I have per-
formed some first tests of my predictions using a pre-existing dataset. However, there
is much still to be done, and my concluding chapter discusses the approaches that will
be critical to building a combined experimental and theoretical framework of microbial

communities.

1.3 Thesis outline

Chapter 2: Flow mediates microbial evolution in porous environ-
ments

This chapter focuses on how bacteria interact and evolve within porous environments.
Here I combine novel microfluidic experiments, mechanistic models, and game theory
to study how hydrodynamics mediate competition between bacterial genotypes. With
these I show that hydrodynamic interactions between competing genotypes give rise to
an evolutionarily stable growth rate that stands in stark contrast with that observed in
typical laboratory experiments: a strain can outcompete other genotypes by growing
slowly. This work reveals that fluid dynamics can play a pivotal role in how bacteria

compete and evolve within complex environments.

Chapter 3: The ecology of the microbiome: Networks, competition,
and stability

Here I focus on developing predictive models to understand the factors driving ecologi-
cal stability within the gut microbiome. I combine analytical and numerical mathemat-
ics with individual-based models in order to understand how interspecies interactions
and host biology influence microbiome stability. This work suggests that cooperation
— often thought to be important for microbiome function — can be destabilizing, and

therefore that hosts may benefit from permitting inefficient competitive species.
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Chapter 4: The assembly of microbiome communities

This chapter develops a theoretical framework to capture the principles underlying the
assembly of microbiome communities. Specifically, I extend concepts from theoretical
ecology to understand what promotes the robust assembly of diverse microbial commu-
nities. This shows again that cooperation between species can cause problems for micro-
bial communities. Here, cooperation can render communities difficult to assemble and
generate strict order effects, leading to hysteresis in the assembly process. Moreover, |
illustrate how this modeling framework can be applied to real data in order to identify
key processes or community members involved in the assembly of known microbiome

communities.



Flow mediates microbial evolution in
porous environments

2.1 Abstract

Microbes often live in dense communities called biofilms where competition between
strains and species is fundamental to both evolution and community function. While
biofilms are commonly found in soil-like porous environments, the study of microbial
interactions has neglected a key currency for competition in these settings: fluid flow.
Here we use novel microfluidic experiments, mechanistic models, and game theory to
study how porous media hydrodynamics can mediate competition between bacterial
genotypes. Our experiments reveal a fundamental challenge faced by microbial strains
that live in porous environments: dividing too rapidly can block fluid flow and redirect
resources to a competitor. To understand how these dynamics influence the evolution of
bacterial growth rates we couple a model of flow-biofilm interactions with a game theory

analysis. This reveals that hydrodynamic interactions between competing genotypes

11
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give rise to an evolutionarily stable growth rate that stands in stark contrast with that
observed in typical laboratory experiments: a strain can outcompete other genotypes
by growing slowly. Our work reveals that hydrodynamics can profoundly affect how
bacteria compete and evolve in porous environments, the habitat where most bacteria

live.

Statement of significance

The overwhelming majority of bacteria live in porous environments, like soil, aquifers,
and ocean sediments, where they facilitate many important processes. Despite this, we
understand little about how these complex environments shape the composition of the
microbial communities that live within them. Here we combine two major bodies of
theory for the first time — fluid dynamics and game theory — to understand how bacteria
evolve. We show that bacteria in porous environments face a fundamental dilemma:
they rely on flow for nutrients and dispersal, however, as cells grow they tend to reduce
their access to flow, diverting it instead to competitors. This means that slower-growing
bacteria can have a competitive advantage and suggests that current paradigms of mi-

crobial competition need revision.
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2.2 Introduction

Modern microbiology relies on growing cells in liquid cultures and agar plates. While
these generate homogeneous conditions that enable high throughput and repeatability,
they lack the complex physical and chemical landscapes that microbes experience in
their natural environments. This environmental heterogeneity is increasingly recog-
nized to exert a powerful influence on microbial ecology across a wide diversity of
habitats, ranging from the ocean to the human gut (Azam and Malfatti, 2007; Bever
et al., 2009; Horner-Devine et al., 2004; Schluter and Foster, 2012). While advances in
sequencing technology now allow us to resolve how the genetic composition of micro-
bial communities changes in response to environmental conditions (Allen and Banfield,
2005; Franzosa et al., 2015), we often lack a mechanistic understanding of the under-
lying processes. Novel empirical approaches, which simulate the conditions found in
realistic microbial habitats, are needed to understand the strategies that cells use to gain
an advantage over their competitors (Rusconi et al., 2014).

The overwhelming majority of bacteria live in porous environments, between the
particles that compose soil, aquifers, and sediments, where they constitute approxi-
mately one-half the carbon within living organisms globally (Whitman et al., 1998).
Cells in porous environments typically reside in surface attached structures known as
biofilms (Ghiorse and Wilson, 1988), in which diverse bacterial genotypes live under
intense competition for limited resources (Rothman and Forney, 2007; Torsvik, 2002).
Recent efforts have identified specialized mechanisms that cells use to gain advantage
over competing genotypes in biofilms, ranging from the secretion of toxins, to polymer
production, and metabolic regulation (Hibbing et al., 2010; Kim et al., 2014; Klausen
et al., 2003; Moons et al., 2009; Nadell et al., 2008; Rao et al., 2005; Xavier and Foster,
2007). While genotypic competition is most frequently studied in biofilms growing on

simple flat surfaces, biofilms growing in the interstitial spaces within porous structures



2.3 Results 14

face additional constraints. In porous environments space is much more limited, and
biofilm growth tends to attenuate the fluid flow that supplies cells with nutrients and
facilitates dispersal.

Biofilms typically reduce the flow through porous environments by orders of magni-
tude at the macroscopic Darcy scale, where the flow is averaged over many pore spaces
(Thullner, 2010). Harnessing this effect, biofilms can be used to limit the transport
of pollutants that have leaked into groundwater aquifers and to facilitate the extraction
of petroleum from recalcitrant regions of reservoirs (Cunningham et al., 2003; Wang
and Hendry, 2012). However, biofilm-induced clogging also generates unwanted ef-
fects: for example it severely limits the efficiency of porous filtration systems (Nicolella
et al., 2000) and curtails the rate at which water infiltrates into aquifers, exacerbating
droughts (Kim et al., 2010). Due to its importance, the attenuation of flow by biofilms
has long been studied at the Darcy scale (Cunningham et al., 1991; Shafahi and Vafai,
2009) and more recent works have sought to resolve how this is in turn mediated by
biofilm-hydrodynamic interactions at the microscopic pore scale (Drescher et al., 2013;
Dupin et al., 2001; von der Schulenburg et al., 2009). However, it is unknown how
these interactions influence the ecology and evolution of the bacteria themselves. Here,
we combine experiments and models to show that porous media hydrodynamics can

dramatically affect the principles of bacterial competition and evolution.

2.3 Results

A conceptual model to study hydrodynamic interactions between com-
peting biofilms

Bacteria within biofilms tend to form patches of genetically-identical cells, even when
the cells from which they are founded are initially mixed. This occurs because in situ

growth, combined with the low mobility of cells within biofilms, tends to aggregate mul-
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tiple generations of cells in the same place (Millet et al., 2014; Nadell et al., 2010). This
clonal patchiness occurs because biofilms are often initiated from relatively sparse cells,
and because nutrient limitation promotes population bottlenecks as a biofilm expands
(Hallatschek et al., 2007; Mitri and Foster, 2013; van Gestel et al., 2014). Based on
these observations, we focus here on the competition between localized biofilm patches
that are each comprised of a single genotype.

To investigate how biofilm growth influences the flow through a porous environment
we calculated the flow through a representative network of pore spaces that is driven
by a difference in pressure at the boundaries (Figure 2.1 A, Materials and Methods).
The addition of a small impermeable biofilm ‘patch’ sharply reduces the flow through
the pore in which the biofilm resides, while concurrently increasing the flow through
neighboring pores (Figure 2.1 B, C). While the magnitude of this flow diversion depends
on the specific geometry of the pore space, this simulation shows that as a biofilm patch
proliferates, it tends to decrease its access to flow, whilst increasing the flow to patches
of biofilm that reside along other flow paths. This differs from bacterial competition
in classical biofilm assays, where different genotypes growing together on flat surfaces
typically have to be in close proximity to interact, for example through capturing one
another’s nutrients, or via secretions. In porous environments, biofilms can influence
one another over much larger distances by affecting one another’s access to flow.

Though porous substrates harbor many biofilm patches that can simultaneously per-
turb one another’s flow environment, we idealize this network of interactions as a col-
lection of its constituent pairwise interactions. We then resolve the dynamics of compe-
tition between a single pair of biofilm patches, each of which is composed of a different
genotype. In this pairwise approximation, the proportion of the total volumetric flow
rate, gr, that passes each biofilm is a function of the hydrodynamic resistance of both
its pore space and that of its competitor, which each are in turn a function of the thick-

nesses of the biofilms, £ and &, (Figure 2.1 D, E). In this model the growth of a biofilm
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Figure 2.1: A growing biofilm tends to decrease its access to flow whilst increasing the
flow to its competitors. (A) Viscosity dominates inertia in most porous environments, owing
to the relatively small pore spaces ( 10 um - 1 mm) and slow fluid velocities ( 1 - 1000 pum
s~1) (Biggar and Nielsen, 1976; Sinton et al., 2010), which allows flow to be modeled using
the Stokes equations. Here, we numerically solved the Stokes equations within a representative
two-dimensional porous geometry. Flow is driven by a fixed pressure difference between the
top and bottom boundaries, whilst the left and right boundaries are impermeable (see Materials
and methods for further details). Black lines show streamlines and the color map shows the
flow speed in arbitrary units (A. U.). (B) The flow field after the addition of a small imperme-
able patch of biofilm (white arrows). All other parameters of the simulation remained constant.
(C) The relative change in flow speed measured as (s, — Sp)/Sq, Where s, is the initial flow
speed and s, is the flow speed after the addition of the biofilm patch, shows that the biofilm
sharply decreases the flow through the pore in which it resides and increases the flow through
neighbouring pore spaces. (D) A cartoon of two biofilm patches (green, red) that interact hydro-
dynamically. The proportion of the total flow, g7, that moves past each biofilm changes as the
biofilms grow and increase the hydrodynamic resistance of their respective pore spaces. A third
flow path (dotted line) models the ability for flow to divert around the two competing biofilms.
(E) Our conceptual model where two biofilms, with thicknesses k; and ko, live in neighbouring
pore spaces of width L, that are connected to a flow path of width M that does not harbor any
biofilm. The proportion of the total volumetric rate flow, g7, that passes along each of the three
flow paths is calculated using Kirchoff’s laws assuming planar Poiseuille flow in each pore space
(see Materials and Methods). (F) Analogous to our Stokes flow simulations, if k; increases in
thickness the proportion of the total flow rate through its pore space, q1/qr, decreases, whilst
increasing the amount of flow, ¢2/qr, received by the neighbouring biofilm. Here ky/L = 0.3
and M/L = 1.
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tends to decrease its access to flow and increase the flow past its competitor (Figure 2.1
F). Importantly, our pairwise model captures the dynamics observed in our Stokes flow
simulation, but is much more tractable and easily parameterized. Flow through a net-
work of porous spaces can be modeled by fixing either the pressure gradient or the flow
rate at the boundaries (Pintelon et al., 2009), with the former better characterizing flow
through natural systems. However, localized biofilm growth in either of these scenarios

will produce a flow diversion at the pore scale, as observed in our conceptual model.

Microfluidic experiments show bacteria that grow more slowly have
a competitive advantage when flow is relatively weak

We next developed a microfluidic version of our pairwise flow model to experimentally
test how pore scale hydrodynamics affects the competition between genotypes that grow
at different rates (Figure 2.2). For this we chose a well-studied Escherichia coli exper-
imental system. Specifically, we competed wild-type E. coli cells with ArpoS cells.
The latter cells lack the ability to produce the sigma factor RpoS and, as a result, form
biofilms at a much slower rate than the parental genotype (Figures 2.2 E, S2.5, (Adams
and McLean, 1999; Ito et al., 2008)). The two genotypes were inoculated separately in
each arm of the device, each of which represents a pore (Figure 2.2 A, B). One of the
pores was irrigated with media mixed with dye, whilst the other was irrigated with clear
media, which allowed us to measure the relative proportion of flow passing through each
pore by tracking the dye interface downstream of their juncture. Control experiments
showed that neither the dye, nor the fluorescent proteins used to differentially label the
strains, had an appreciable effect on biofilm formation (Figure S2.5).

In porous environments biofilm growth is opposed by flow-induced detachment,
which reduces the thickness of biofilms by shearing away cells from its surface (Stew-
art, 1993; Stoodley et al., 2002; Trulear and Characklis, 1982). To simulate different

ambient flow conditions in our experiment, and thus the relative amount of detachment,
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Figure 2.2: Microfluidic competition experiments show that slower growing genotypes are
favored when flow is relatively weak, whereas faster growing genotypes are favored when
flow is relatively strong. (A, B) The left pore of each device was seeded with wild-type cells
(green), whereas the right pore was inoculated with ArpoS cells (red). Dyed media flows
through the right pore, whereas clear media flows through the left pore. The dye interface
downstream of the two pores (yellow line) allows us to dynamically track relative proportion of
the total flow, g, moving through each pore space (Methods). (C) Following the movement of
the dye interface (yellow circles in A, B) shows in the weak flow treatment (A) the wild-type
biofilm fully blocked its pore space 39 hours after seeding. However, in the strong flow treat-
ment (B) both biofilms are able to maintain access to flow for more than 70 hours after they are
initiated. (D) In the weak flow treatment (dashed white squares in, A), the wild-type biofilm was
thicker than the ArpoS null biofilm, which was responsible for the diversion of flow (see text).
In strong flow, both biofilms were much thinner, such that the difference in biofilm thickness
between the two strains was small. (E) The observation that wild type biofilms grow at a faster
rate than ArpoS biofilms was confirmed in separate microfluidic experiments that exposed at-
tached cells to much smaller shear stresses than in the competition experiment (see Materials
and Methods), which minimized the effect of flow induced detachment.
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we applied a total flow rate of either gz = 0.1 ml h~! or g7 = 2 ml h™!. In the low flow
treatment, the rapidly growing wild-type biofilm increased its pore’s hydrodynamic re-
sistance and diverted flow to the neighboring pore space containing the ArposS biofilm.
The reduction in flow experienced by the wild-type biofilm further reduced its detach-
ment, driving a positive feedback loop that ultimately ended with the wild-type biofilm
completely blocking its pore space (Figure 2.2 A, C, D). In contrast, under the high
flow treatment, the growth of the wild-type biofilm was balanced by flow-induced de-
tachment such that both genotypes were able to maintain access to flow for the entire
duration of the experiment (Figure 2.2 B, C, D). Access to flow is essential for biofilms
to acquire nutrients and disperse progeny downstream: these results suggest that a slow
growing biofilm has a competitive advantage over fast growing biofilm when the magni-
tude of flow is below a critical value. However, fortunes reverse when flow is stronger,
because faster growing genotypes are able to disperse more cells downstream than their

slower growing competitors.

A mathematical model of two hydrodynamically coupled biofilms re-
veals a diversity of competitive regimes

Our microfluidic competition experiments represent a proof-of-principle that rapid pro-
liferation within a pore space can lead to blocking and ultimately a redirection of re-
sources to slower-growing genotypes. In order to understand this process better, we
next moved to a model that resolves how two competing biofilms interact via hydro-
dynamics, enabling us to explore a much wider range of competitive scenarios. While
the two pores in our experiment are strongly coupled, such that flow diverted from
one pore is fully absorbed by the other pore, in a network of pores the strength of the
hydrodynamic coupling between two competing biofilms will vary depending on the
geometry of the pore space and their relative proximity to one another (Figure 2.1 A, B).

To account for this, we consider two identical fluid pathways of width L colonized by
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biofilms of thickness &; and k5, which are connected in parallel to a channel of width M
that does not contain biofilm. The dimensionless parameter M* = M /L then measures
the ability for the two biofilms to influence one another via flow: AM* = 0 corresponds
to the strong coupling observed in our experiments, whereas for increasing M* flow is
more likely to be diverted around the focal biofilms as they proliferate. Importantly, for
M* > 0, both biofilms are capable of clogging. This model then provides us a tractable
way to resolve how changing the strength of the hydrodynamic interaction between two
biofilms affects their dynamics, without requiring an explicit representation of the pore
structure.

A wide range of physical and biological processes can affect biofilm development
(Donlan, 2002), however, the thickness of biofilms in flowing environments is chiefly
governed by the balance between cell division and flow induced detachment (Duddu
et al., 2009; Van Loosdrecht et al., 1995). Cell division in biofilms is often confined to
a layer at the exterior of the biofilm, where substrates are exposed to nutrients from the
flow (Werner et al., 2004; Williamson and McCarty, 1976). The characteristic thickness,
0, of this metabolically active layer is set by the balance of the diffusion of the substrate
into the biofilm with its consumption, which yields the expression § = \/m
(Pirt, 1967), where ¢y is the substrate’s concentration at the outer surface of the biofilm,
D is the diffusion coefficient of the substrate in the biofilm, « is the bacterial growth
rate, and Y the yield with which cells convert substrate to biomass. The rate at which
the biofilm increases in thickness due to cell division is then given by the product of
the growth rate, a, and min (9, k), such that dk/dt = amin (6, k), which takes into ac-
count that the entire thickness of a biofilm is actively growing when k£ < ¢. Increases in
biofilm thickness are countered by the detachment of cells due to mechanical forces ex-
erted at the surface of the biofilm by fluid motion (Trulear and Characklis, 1982). While
the literature contains a diversity of parameterizations to model flow-induced biofilm

detachment (see (Horn and Lackner, 2014) for a comprehensive review), a formulation
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based on the empirical study of (Rittmann, 1982) is one of the most widely used (Abbas,
2011; Abbas et al., 2012; Brovelli et al., 2009; Duddu et al., 2009; Ebigbo et al., 2010;
Wanner and Gujer, 1986) and has been independently confirmed for biofilms growing
in porous media (Brovelli et al., 2009; Ebigbo et al., 2010). Here the detachment rate
1/2

is approximated by dk/dt = —xkt
/length /mass that measures the ability of the biofilm to resist detachment, and 7 is the

, where x is an empirical parameter with units of

shear stress exerted by the flow on the surface of the biofilm. Assuming planar Poiseuille
flow, a biofilm in our model experiences a shear stress of 7 = 6q;/h(L — k;)* where ¢;
is the flow rate through the pore in which the biofilm resides, & is the span wise depth
of the pore, and p is the dynamic viscosity of the fluid. As such, we model changes in
the thickness of biofilm via the superposition of cell division growth and flow-induced

detachment,

dk;
dt

= o; min (0, k;) — k2. 2.1

We used our model to simulate the development of two biofilms, which grow at
rates o1 and aw, respectively and are coupled using our simplified flow model (Figure
2.1 E, Materials and Methods). To reduce the number of tuneable parameters, we non-
dimensionalized the coupled differential equations governing the biofilm thicknesses,
k;, to yield four dimensionless parameters: a* = as /a1, the ratio of growth rate of the
two biofilms, 5* = \/W, the magnitude of growth relative to flow induced
detachment for the slower growing biofilm, §* = \/W the non-dimensional
growing edge thickness of the slower growing biofilm, and M* = M/ L the strength of
the hydrodynamic coupling between the two biofilms. Analogous to our experiments,
we initialized each pore with a thin biofilm layer (k; = 0.01) and calculated the thick-
nesses of the two biofilms until they reached steady state. To isolate how the relative
strength of the flow affected the biofilms, we fixed 6* = 0.3 and M* = 1 to focus our

attention on the (o*, 5*) phase plane.
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Figure 2.3: Diverse ecological regimes emerge from a model of biofilm competition where
two strains are coupled by flow. (A) The phase space formed by «*, the growth rate of a fast
growing biofilm (green) divided by that of a slower growing biofilm (red), and £*, the non-
dimensional parameter that measures the importance of biofilm growth relative to flow induced
detachment, reveals six different regimes at steady-state. (B, a-f) Here we plot the biofilm thick-
nesses, k1, ko (solid lines), and the dispersal rates, W, W (dashed lines), for a representative
simulation in each of the regimes (circles in A). When a biofilm is fully scoured from the surface
(k; = 0) or completely blocks its pore space (k; = 1) its dispersal goes to zero (W = 0). In
contrast, if a biofilm thickness reaches a non-trivial fixed point 0 < k; < 1, it disperses cells
downstream at steady-state. Here M* = 1,* = 0.3. For clarity, we have omitted the third flow
path from the cartoons in A.

Our model predicted a diversity of different ecological outcomes (Figures 2.3, S2.6).
When flow was relatively weak (5* < 0.8), biofilm growth dominated detachment, such
that the positive feedback between increased flow diversion and reduced detachment
ultimately led to both biofilms fully blocking their pore spaces (region c). In the opposite
limit when flow was relatively strong (5* > 1.5), detachment dominated the growth
of the slower growing biofilm, which was completely scoured away from the surface.
In this case, the faster growing genotype either fully detached (region a), reached a

steady equilibrium thickness (region d), or blocked its own pore entirely (region e)
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depending on the asymmetry in growth rates, o*. When flow was at an intermediate
level (6* ~ 0.8 to 1.5), two outcomes were possible depending upon the value of a*: if
genotypes grew at a similar rate (a* ~ 1) the fast growing biofilm initially diverted flow
away from its own pore space. However, as the thickness of slower growing biofilm
increased over time, it diverted flow back towards the faster strain, and this stabilizing
effect allowed both strains to access flow and disperse cells downstream at steady state,
with the faster growing biofilm dispersing at a larger rate (Figures 2.3b, S2.6). If the
asymmetry in the growth rates of the two strains was larger (a* > 1) in this intermediate
flow regime, the slower growing strain was not able to stabilize the runaway growth of
its neighbour and the faster growing genotype blocked its pore space (Figure 2.3 f).
Using the biofilm’s dispersal rate at steady state, W, (equivalent to the rate at which
new biofilm is formed at steady state) as an objective measure of fitness, these results
indicate that slower growing biofilms are favored when flow is relatively weak, whilst
faster growing biofilms are favored when flow is relatively strong. This finding is in

agreement with the two distinct flow regimes observed in our microfluidic experiments.

The impact of flow on the evolution of bacterial growth rate

Our model shows that a biofilm’s fate depends not only on its growth rate, but also on
the growth rate of other biofilms elsewhere within the porous network. But how do these
hydrodynamic interactions impact the evolution of bacteria? To answer this, we imple-
mented our mechanistic model in a game-theoretical invasion analysis that simulates
how bacterial growth rate evolves over many successive rounds of competition. More
specifically, we used adaptive dynamics (Brannstrom et al., 2013), which tests whether
a “mutant” genotype that grows at rate «v), is able to invade a population of “resident”
biofilms that grow at rate g, to determine if the flow conditions within a given porous
environment will select for bacteria with a specific growth rate. Again we assume that

the fitness of a genotype is directly proportional to its rate of cell dispersal at steady
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state, which balances the rate of biofilm growth at steady state (Eqn. 2.1). The fitness
of a biofilm, W, is a function of its own growth rate, its competitor’s growth rate, and
the properties of the pore space (Figure 2.3). Two conditions must hold for a mutant to
supplant the resident genotype. First, the fitness of the mutant when competing against
the resident, denoted W («vy, aug), must be larger than or equal to that of the resident
competing against itself, W (ag, ar). This determines whether an initially rare mutant
is able to gradually increase in frequency within the population. Second, the fitness of
the resident when competing against the mutant, W (ag, aps), must be smaller than that
of the mutant competing against itself W (c s, ap). This determines if the original res-
ident growth strategy will be able to re-invade the system once the mutant has increased
in frequency. More formally, the following two criteria must hold for a mutant to invade

a resident population:

W (o, ar) > W(ag, ag), (2.2)

W(OéR,OéM) < W(Oé]y[,aM). (23)

These criteria were then used to construct a pairwise invasibility plot (Figure 2.4,
(Briannstrom et al., 2013)), with which we could then infer the evolutionary trajectory
of the population’s growth rate.

Our analysis reveals that competition between strains in porous environments will
ultimately drive a population towards an evolutionarily stable biofilm growth rate, aggss
(Figure 2.4 A). Intuitively, when a biofilm that grows at aggs competes against a faster
growing strain, the latter will block its pore space. Conversely, when a biofilm that
grows at aggs competes against a slower growing strain the latter will disperse cells
downstream at a slower rate. We resolve how aggg varies as a function of the envi-
ronmental conditions (Figure 2.4 B-D). Increasing 5* — for example by increasing the

total flow rate — leads to a larger avpgg, whilst increasing the non-dimensional growing
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Figure 2.4: A game theoretical analysis of the coupled biofilm model predicts an evolution-
ary stable growth rate. (A) We used adaptive dynamics to construct a pairwise invasion plot,
which maps the region of parameter space where a mutant, which grows at rate s, can invade
a resident population of biofilms, which grow at rate ar (see text). The mutant can invade in
the dark blue regions (4) and cannot invade in the light blue regions (—). In the white regions
the mutant and the resident biofilms both have a fitness of zero (W = 0) because they have
either been fully detached by flow, or have blocked their pore space. Arrows show an example
evolutionary trajectory where mutant genotypes successively replace the resident population,
driving the growth rate towards the evolutionary stable growth rate, aggg (red circle). Here we
set 6 = O.3a]_%1/2 and B* = 1.104}_%1 and M* = 1. (B, C, D) To determine the effect of 5*,
0%, and M™ on aggg, we held two of these parameters constant and varied the third (red circles
show fixed values).

edge thickness 0* — as can occur when nutrients are more plentiful — leads to a smaller
apss. Moreover, the connectivity of the porous structure also influences this process:
increasing M*, which increases the ability of flow to bypass the focal biofilms, leads to
a reduction in aggg. All of these trends are consistent with the idea that increasing the
potential for blocking, whether through reduced detachment, increased growing layer
thickness, or an increased ability for flow to divert around competing biofilms, would

promote the evolution of slower-growing genotypes. These results suggest that pore
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blocking places a fundamental physical limitation on the evolution of bacterial growth
rates in porous environments, and stand in stark contrast with that observed in many lab-
oratory assays, where evolution often selects for the fastest growing genotype (Hibbing

et al., 2010).

2.4 Discussion

Biofilms growing in porous environments facilitate a wide range of important processes
in the natural environment and industry (Danhorn and Fuqua, 2007; De Muynck et al.,
2010; Kim et al., 2010; Leite et al., 2008; Michalakos et al., 1997; Mitchell et al., 2010;
Nicolella et al., 2000; Wang and Hendry, 2012; Whitman et al., 1998). Our proof-of-
principal experiments, mathematical modelling and game-theoretic analyses show that
the feedback between biofilm proliferation and porous media hydrodynamics dramat-
ically affects how different genotypes compete. We find that relatively fast and slow
flow conditions favor fast and slow growing biofilms respectively, while intermediate
flow rates allow biofilms with different growth rates to maintain access to flow (Figure
2.3).

In industrial settings, these new principles could be exploited to engineer micro-
bial systems to favour a bacterial species with a particular growth rate, or keep multi-
ple species with different growth rates active over longer time scales. For example, in
porous wastewater reactors relatively fast growing species of bacteria convert ammonia
to nitrite, but it is desirable to inhibit often slower growing species that further oxi-
dize these products into nitrate, a potent environmental contaminant (Cho et al., 2011).
Our work predicts then that using a larger flow rate may be a way to favour the former
species of bacteria over the latter. In contrast, the remediation of mercury contaminated
wastewater in porous reactors can be enhanced by maintaining multiple species of bac-

teria that grow at different rates (Von Canstein et al., 2002). Moreover, our findings
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suggest that inoculating porous substrates with a community of cells from the effluent
of a porous system would favor the growth of biofilms that do not block their pore space,
whilst inoculating cells from communities that have evolved in homogeneous laboratory
conditions would promote blocking. Such information has implications for the design
of effective water treatment systems, where blocking reduces efficiency, or in the design
of bio-barriers to stifle the movement of groundwater contaminants, where blocking is
the main objective.

Our results may also shed light on how cells compete in natural environments. We
expect that heterogeneity in pore size and temporal fluctuations in flow will promote
diversity. These are expected to be common due to geological processes that generate
localized patches of different sized particles (Rehfeldt et al., 1992) and episodic pat-
terns of rainfall. However, some groundwater aquifers and packed bed bioreactors have
a more uniform distribution of pore spaces and nearly constant rates of flow, which may
promote competitive exclusion. In systems where blocking does occur, natural selection
may favour cells periodically detaching en masse to regain access to flow. Broadly con-
sistent with this, quorum sensing and nutrient deprivation induced biofilm weakening
have both have been observed empirically (Kong et al., 2006; Sauer et al., 2004).

Bacteria are the subject of intense empirical and theoretical study. However, the
vast majority of work on bacteria focuses on their behavior in liquid cultures or in sim-
ple biofilm assays. Here we have combined diverse bodies of theory, including fluid
dynamics and game theory, to understand how bacteria compete and evolve within the
complex porous environments where most bacteria live. Our assumptions greatly sim-
plify the complexity of these systems, so there is considerable potential for useful ex-
tensions to our work. Nevertheless, our approaches are sufficient to show that porous
habitats can have a profound impact on bacterial evolution. Consideration of fluid flow,
and the competition that this brings, shows how slow growing-genotypes can evolve.

While rapid division gives a microbe a distinct advantage in typical laboratory environ-
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ments, our results suggest that this paradigm does not extend to the majority of bacterial

habitats.

2.5 Materials and methods
Modelling Stokes flow through a representative network of pore spaces

The geometry of the pore space (Figure 2.1 A-C) was obtained using PFC2D (Particle
Flow Code in Two Dimensions, ITSCA), which models the mechanical processes that
form many porous substrates. The particle locations were then imported into COMSOL
Multiphysics to model incompressible Stokes flow within the pore spaces between the
particles using the finite element method. Zero flux, no slip boundary conditions were
used at the left and right boundaries of the computational domain as well as on the
surfaces of all the particles. At the top and bottom boundaries of the computational
domain the pressure was fixed at two different values, such that the resulting pressure
gradient was responsible for driving flow. The Stokes equations were solved with and
without the presence of a biofilm ‘patch’ in one of the pore spaces. Results were then

exported into Matlab 2015a (MathWorks) for further analysis and plotting.

Bacterial strains and culturing

Our experiments used Escherichia coli strain K12-W3110 and a mutant with a rpoS819
allele insertion (Keymer et al., 2008; Lambert et al., 2011). Each strain was labeled with
either green fluorescent protein (GFP) or red fluorescent protein (RFP). Cell cultures
were grown overnight in Tryptone broth (1 x TB, 10 g Tryptone per 1 L water) at 37°C,
diluted to an optical density of 0.1 (at 600 nm), and then grown for a further hour at
37°C so that cells were in exponential phase when they were first introduced into the

microfluidic devices.
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Competition Experiments

Microfluidic device masters were fabricated from SU-8 on silicon wafers using stan-
dard soft lithography techniques (Whitesides and Stroock, 2001) and were cast with
polydimethylsiloxane (PDMS, Sylgard 184, Dow Corning). The depth of these devices
was 75 pm. Cured PDMS was bonded to glass coverslips (50 mm by 75 mm, No. 1
thickness, Agar Scientific) with a corona discharge system (BD-20AC, Electro-Technic
Products) using previously described techniques (Haubert et al., 2006). Tygon tubing
(Microbore, 0.51 mm inner radius) was used to plumb the inlets and outlets of the de-
vice.

For the high-flow rate treatments (¢r = 2 ml h™!) the outlet was connected to a 140
mL syringe (Harvard Apparatus), which was mounted on a Harvard Apparatus 2000
syringe pump. In the low-flow treatments (¢ = 0.1 ml h™!), the outlet was connected
to a 20 mL syringe (Becton Dickinson) mounted on a Harvard Apparatus PhD Ultra
syringe pump.

After the microfluidic device and tubing was primed with 1 x TB to remove air
from the system, cells were introduced into the device by pulling a culture of wild type
or ArpoS mutant cells through the device at g7 = 0.1 ml h™!. Unlike many biofilm
experiments, where cells are allowed to attach to surfaces in the absence of flow (e.g.
(Drenkard and Ausubel, 2002; Klausen et al., 2003; Moller et al., 1998)), we inoculated
cells under flow to keep the two strains confined to their respective pore spaces. Cultures
of the wild type and ArpoS mutant were simultaneously flowed through the device for
20 hours to allow cells to attach and then we switched over to withdrawing tryptone
broth (0.5 x TB, 5 g Tryptone per liter of water) through the device for a further 48
hours so that a thin biofilm was established in each of the pore spaces. We initiated the
biofilms in the high and low flow treatments in the same way in the first three days of the

experiment to ensure that the cell attachment was identical between the two treatments.



2.5 Materials and methods 30

After this initial inoculation phase, we connected one of the inlets of the device to a
reservoir containing tryptone broth (0.5 x TB) mixed with dye (Chicago Blue, Sigma
Aldrich) that enabled us to dynamically track the relative proportion of flow passing
through each side of the device.

After the initial inoculation phase, we applied a flow rate of gr = 2 ml h™! in the
high flow rate treatment, whereas in the low flow rate treatment, we used a flow rate of
gr = 0.1 ml h™!. We imaged the devices every thirty minutes for the next 70 hours,
which allowed both treatments to reach a steady state. Each treatment was repeated 3
times and each of these yielded the same result at steady state. The time points shown

in Figure 2.2 are measured from the end of the inoculation phase.

Control Experiments

We performed separate experiments to ascertain if the dye used in the competition ex-
periments or the different fluorescent markers had an effect on biofilm development.
We injected cells into straight microfluidic channels (1 mm width, 75 pm depth) and
then clamped the tubing on either side of the channel to allow cells to attach in the ab-
sence of flow for 60 mins. We then started an injection of tryptone broth (0.5 x TB,
5 g Tryptone per liter of water, with or without dye) at a flow rate of 0.1 ml h=* and
imaged the biofilm within each of the channels every 30 minutes for 78 hours. These
microfluidic devices were fabricated and plumbed using the same techniques described
above. In these experiments we used 60 ml syringes mounted on a Harvard Apparatus
PhD Ultra syringe pump. To minimize flow induced detachment, and thus more accu-
rately measure biofilm growth, these experiments used relatively small shear stresses.
Here the shear stress at the beginning of the experiment was 7 = 0.030 kg m~* s72, ap-
proximately 8 times smaller than that of the low flow rate treatment in the competition

experiment. See section below for calculation of shear stresses.
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Microscopy and image processing

We imaged microfluidic experiments using a Zeiss Axio Observer inverted microscope
with an AxioCam MRm camera, and a Definite Focus system. A Zeiss 20X Plan Apoc-
hromat objective was used for competition experiments (Figure 2.2), whilst a Zeiss EC
Plan Neofluar 10X objective was used for control experiments (Figure S2.5). We used
the software package Zen Blue (Zeiss) to automatically record brightfield, GFP, and
RFP images at each time point. As our devices were larger than a single field of view
we recorded multiple adjacent images and stitched them together in post processing.
To quantify the proportion of flow moving through each arm of the competition
device over time, we manually tracked the location of the dye interface using the image
analysis software Fiji (Schindelin et al., 2012) and applied a moving average filter to
reduce high frequency fluctuations. To clarify the presentation of Figure 2.2A, B, D, we

plotted bacterial fluorescence only in the arms of the device.

Biofilm model

Our mathematical model of biofilm competition considered the two dominant processes
that affect biofilm development in flowing environments: biofilm growth and the de-
tachment of biomass induced by shear stress at the surface of the biofilm (Abbas et al.,
2012; Duddu et al., 2009). There are other processes that can potentially affect biofilm
development, such as the formation of filamentous biofilm streamers (Drescher et al.,
2013; Valiei et al., 2012). However, we note that streamer formation has not been ob-
served in experiments that use the slow growing bacterial species and weak nutrient
conditions that are typical of many porous environments (e.g. (Tang et al., 2013)).

The two differential equations that govern the thicknesses of the biofilms, k; (Eqn
2.1, main text) are hydrodynamically coupled using Kirchoff’s laws, which hold for

the low Reynolds number flows typical of porous environments (Stone, 2007). The
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amount of flow that each pore receives, ¢;, is a function of both its own instantaneous

hydrodynamic resistance and that of the other two pore spaces:

/R, !

(2.4)

qi = qr

where R; is the hydrodynamic resistance of pore ¢ per unit length. Here R; =
(61)/h(L — k;)* where h is the span wise width of the pore space, and we have assumed
planar Poiseuille flow and L < h. Substituting this expression into Eqn. 2.1 yields,

after some algebra,

dk’l 61Q (L—k1)
_dt = mln (5 kl k \/ L TX \/ T— k1)3+ — kQ 31M3 (25)
dky : 61Q )
prli asmin(4, kg) — /{?2\/ k th \/(L7k1)3+(L72k2)3+M3. (2.6)

We non-dimensionalized the model above using the pore width L as our character-
istic length scale and the growth rate of strain 1 as our characteristic time scale o, such

that k = LK*,and t = T™ /c. This yields the dimensionless governing equations

dT"l‘ = mln(K175 K \/ (27)

dK; K*
de = « mln(Kf, * B*K; — (2.8)
where Z = (1— K>+ (1 — K3)® + (M*)?, (2.9)

which were solved numerically using Matlab.

Estimation of the shear stresses in experiments

The mean shear stresses within our microfluidic devices can be derived from the equa-

tions for Poiseuille flow through a rectangular channel (Stone, 2007). For a channel
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width of L and depth h, where L < h, the mean shear stress on the side of length A is

given by

6gp
T=37: (¢), (2.10)

where p is the dynamic viscosity of the media, ¢ is the volume flux through the
channel, and f(¢) is solely a function of the aspect ratio ¢ = L/h. The function
f(¢) can be determined by using separation of variables to solve the governing non-
dimensional equations (Stone, 2007). The resulting expression is complicated so here

we provide more compact quadratic interpolation for f(¢)

f(#) = 1+0.06827¢ + 0.1173¢%, 2.11)

where relative errors are no more than 1073 for L < h.

For the competition channels (Figure 2.2), this expression yields a mean shear stress
7 = 0.23 kg m~! s72 for the low flow rate treatment and 7 = 4.7 kg m~* s~2 for the
high flow rate treatment condition. In the control experiment (Figure 2.5) ¢ = 0.075

1572 Here, ¢, h, and L are defined as

giving the mean shear stress as 7 = 0.030 kg m™
above and p = 1.0 mPa s, the standard value for the viscosity of water at 20°C. These
calculations estimate the shear stresses at the beginning of the experiments when the
thickness of the biofilm is negligible and the flow through the two arms of the device

are equally balanced.
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Figure 2.5: Wild type biofilms grow at a faster rate than RpoS null biofilms. We inoculated
straight microfluidic channels (1 mm by 754 m cross section) with either WT or ArpoS cells
(Materials and Methods) and tracked biofilm formation over 96 hours. The wild type cells
always formed much thicker biofilms than the mutant. Controls show that neither the fluorescent
protein (RFP, GFP) nor the Chicago Blue dye was responsible for this difference.
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Figure 2.6: The impact of flow on biofilm competition. As a biofilm grows it increases the
hydrodynamic resistance of its pore space, which tends to decrease both its access to flow (Figure
2.1) and flow-induced detachment. This creates a positive feedback loop because decreased
detachment further increases its hydrodynamic resistance. When flow is relatively weak (A)
this process can lead to the faster growing genotype (green, ¢ = 1) completely blocking its pore
space, such that it can no longer disperse cells downstream (Figure 2.3 f). However, when flow
is stronger (B), increased detachment prevents the faster growing biofilm from blocking, but as
the slower growing biofilm (red, ¢ = 2) increases in thickness it diverts flow back to the faster
growing biofilm, which then reduces in thickness. Here M* = 1,* = 0.3,a* = 1.5, and the

yellow line indicates flow through a third flow path (: = 3, Figure 2.1).
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The ecology of the microbiome:
Networks, competition, and stability

3.1 Abstract

The human gut harbors a large and complex community of beneficial microbes that
remain stable over long periods. This stability is considered critical for good health but
is poorly understood. Here we develop a new body of ecological theory to understand
microbiome stability. While cooperating networks of microbes can be efficient, we
find that they are often unstable. Counter-intuitively this finding suggests that hosts
can benefit from microbial competition when this dampens cooperative networks and
increases stability. More generally, stability is promoted by limiting positive feedbacks
and weakening ecological interactions. We analyze host mechanisms for maintaining
stability — including immune suppression, spatial structuring and feeding of community

members — and support our key predictions with recent data.
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3.2 Introduction

The human microbiome contains hundreds of species and trillions of cells that occur pre-
dominantly in the gastrointestinal tract (Gill et al., 2006; Lozupone et al., 2012). These
microbes provide many health benefits, including the breakdown of complex molecules
in food, protection from pathogens, and healthy immune development (Béckhed et al.,
2005; Dethlefsen and Relman, 2011; Lee and Mazmanian, 2010; Mazmanian et al.,
2008). The gut microbiome is often noted for its ecological stability. Different people
may carry different microbial species but any one individual tends to carry the same
key set of species for long periods (Dethlefsen and Relman, 2011; Faith et al., 2013;
Vanhoutte et al., 2004). This stability is considered critical for host health and wellbe-
ing by ensuring that beneficial symbionts and their associated functions are maintained
over time (De Cruz et al., 2012; Giongo et al., 2011; Lozupone et al., 2012; Relman,
2012). Consistent with this, major shifts in microbial community composition are often
associated with ill health (Hsiao et al., 2013; Mazmanian et al., 2008).

Research into gut communities has been characterized by a large volume of empir-
ical work. Despite this, we are far from a clear understanding of microbiome commu-
nities and, in particular, what promotes or disrupts their stability. There is a pressing
need for complementary theory to identify overarching principles and patterns for the
microbiome. Some progress has been made through the use of individual-based mod-
els (Schluter and Foster, 2012) and other analyses of two-species communities (Bucci
et al., 2012). However, the microbiome contains many diverse species interacting with
one another (Stein et al., 2013), which makes the full system complex and challenging
to understand. The field of theoretical ecology has a long history of using network mod-
els that are specifically intended to deal with large and complex communities (Allesina
and Tang, 2012; May, 1972). Here we develop ecological network theory to identify

the general principles underlying microbiome stability. We then use these principles to
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identify and analyze candidate mechanisms that a host can use to promote stability in
their microbiome. Finally, we show that our key predictions are supported by recent
data from the mammalian microbiome.

Seminal work by May suggests that species diversity can be problematic for commu-
nity stability (May, 1972; McCann, 2000) . However, May’s work focused on networks
where the types of interactions between species are randomly distributed, meaning that
+/+ (cooperation) and —/— (competition) interactions occur with half the probabil-
ity of +/— (exploitation) interactions. And, while ecological competition is thought to
be prevalent in natural microbial communities (Foster and Bell, 2012), it is commonly
assumed in the literature that the functioning of microbiome communities rests upon
species that engage in cooperative metabolism (+/+) and provide health benefits for
the host (Béckhed et al., 2005; Di Cagno et al., 2011; Eberl, 2010; Sleator, 2010; Van
den Abbeele et al., 2011). There is a clear rationale for this assumption. Competition
between microbes — captured by the number and magnitude of mutually negative in-
teractions in our models — is associated both with antibiotic warfare (Clemente et al.,
2015; Fiegna and Velicer, 2005) and a reduction in the cooperative secretions that pro-
mote community productivity (Oliveira et al., 2014). Both of these have the potential
to severely reduce the efficiency of any cooperative metabolism that benefits the host
(Béckhed et al., 2005; Di Cagno et al., 2011; Eberl, 2010; Samuel and Gordon, 2006;
Sleator, 2010; Van den Abbeele et al., 2011). However, while intuitive, this argument
neglects the potential effects of cooperation or competition on the ecological stability of
microbiome communities.

To understand ecological stability in the microbiome, therefore, we must consider
the specific effects of cooperation, and how cooperation interacts with other commu-
nity characteristics, such as microbiome diversity, to influence community dynamics.
To do this, we have developed a dedicated body of theory based upon Wigner’s semi-

circle law and subsequent analyses (Allesina and Tang, 2012; Sommers et al., 1988;
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Figure 3.1: Ecological theory and microbiota stability. (A) Ecological network theory cap-
tures networks of microbial species that interact with themselves (—s) and other genotypes (a;;).
(B) Coupled ordinary differential equations capture all possible combinations of connectivity,
interaction types (e.g., cooperation, competition, exploitation), and species numbers (S) cover-
ing any biologically feasible equilibrium microbiota. Three example networks are shown. (C)
Communities that return to their previous densities following perturbation are classified as sta-
ble; those communities that return to their equilibrium faster are classified as more stable, and
those that continue to diverge from the equilibrium as unstable (Allesina and Tang, 2012; May,
1972). (D) Linear stability analysis uses the eigenvalues’ real (Re) and imaginary (Im) parts,
shown plotted here. The largest real part of the eigenvalues underlying a community determines
whether, and how fast, the community will return following perturbation. If negative, the com-
munity is stable, and more negative values mean the community returns to stability more quickly.
The imaginary parts of the eigenvalues predict the extent of oscillations in species densities dur-
ing a return to equilibrium — larger imaginary components predict more frequent oscillations.
Eigenvalues are shown for the three example communities (purple, brown, green), and our ana-
lytic bound for their localization (black ellipse). Our analysis also derives one special eigenvalue
location that for some parameters will lie outside of the ellipse (black dot).

Wigner, 1958). First, we derive a general analytic stability criterion that captures all
potential community types, covering the full range of possible interactions and species
diversities (Figure 3.1; Method 1 Materials and methods). We develop our theory for
unstructured ecological networks because, unlike plant-pollinator communities or food
webs (Mougi and Kondoh, 2012; Rohr et al., 2014), there is no evidence of strong struc-

turing within microbial communities (Stein et al., 2013). However, while no single



structure type dominates in these communities, our mathematics concurrently analyzes
all network arrangements and therefore naturally captures biologically critical network
motifs, including chains of cross-feeding metabolic exchanges between species (Louis
et al., 2014). Furthermore, a strength of studying unstructured networks is that they are
amenable to comprehensive mathematical analysis. This means we can simultaneously
analyze the ecological stability of all possible network permutations as a function of our
focal parameters. Specifically, we can account for any variation in the proportion of co-
operation (+/+), competition (—/—), exploitation (+/—), commensalism (+/0), and
amensalism (—/0), in networks with any combination of connectivity, C, and species
number, S (Method 1 Materials and methods). Stability is assessed from the network’s
eigenvalues, which give three measures of stability: the probability that the community
will return to its previous state after a small perturbation, the population dynamics dur-
ing this return, and how long the return will take, which is a form of resilience ((Holling,

1973), Figure 3.1).

3.3 Results and discussion

We first show that May’s (May, 1972) destabilizing effect of species diversity still
holds in communities with any mixture of interaction types. From purely cooperative
networks, through mixed interaction networks, to purely competitive networks (Figure
S3.5), our model predicts that high species diversity leads to unstable microbiome com-
munities. How though does altering the level of cooperation between species affect
microbiome stability? We find that gradually increasing only the proportion of coopera-
tive interactions within communities nearly always decreases the overall return rate and
the likelihood of stability (Figure 3.2, Method 1b Materials and methods). We confirm
our analytic results with numerical analyses (Figures 3.2 B, S3.7 — S3.10, Method 1f

Materials and methods). This result contrasts with a recent analysis of macroscopic
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Figure 3.2: Cooperation reduces community stability. (A) Illustration of changing the pro-
portion of cooperative links in networks (B) Linear stability analysis (also see Figure S3.6).
Left hand plot shows solutions for eigenvalue locations as a function of increasing cooperation
(shown as increasing red). The largest value of the real components (x-axis) determines whether,
and how fast, a return to equilibrium occurs (stability), while the imaginary components (y-axis)
determine the frequency of oscillations in population densities following perturbations (see Fig-
ure 3.1). The solutions give the position of all eigenvalues in the form of an ellipse, with the
exception of a single eigenvalue that corresponds to the average row sum of the interaction ma-
trix (represented by a dot that may lie outside of the ellipse). Increasing cooperation increases
the largest eigenvalues, and therefore stability decreases. Solutions hold for any permutation
of a community network with a given parameter set (here: S = 100, C = 0.7, —s = —1,
o = 0.05, see Method 1b Materials and methods for parameter sweeps that show that cooper-
ation is nearly always destabilizing). The right hand side plots simulation results showing the
proportion of communities that are stable and confirms our analytic results. (C, D, E) The ef-
fect of cooperation on community stability shown with linear stability analysis (C, also shown
in B), permanence analysis (D) and individual-based modeling (E). The latter two methods are
computationally expensive, which requires we study smaller networks than for linear stability
analysis (see Materials and methods). Shown is: S = 10, C = 0.7, —s = —0.2, 0 = 0.05 for
100 samples, errorbars: standard error of the mean (SEM). (F) Dynamics of individual-based
model. Permanent communities maintain all their original species following a perturbation, even
if species densities do not return back to their initial values. In non-permanent communities per-
turbations to species densities will lead to the extinction of some or all species.

communities, which predicts that ecological stability can be maximized for an interme-
diate frequency of cooperative interactions (Mougi and Kondoh, 2012). In the supple-

ment we show that our analytical model recapitulates these numerical simulations, and
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show that their predictions rest on assumptions that suit macroscopic communities but
not the microbiome (Method 1g Materials and methods, Figures S3.11 — S3.13, and
(Kondoh and Mougi, 2015; Mougi and Kondoh, 2012)).

This method, known as local stability analysis, has the benefits of both being ex-
tremely general and able to analyze communities with large numbers of species. How-
ever, this approach has the shortcoming of only analyzing whether viable communities
are stable when they are close to their equilibrium (Chen and Cohen, 2001); it pro-
vides no information on how communities behave away from this equilibrium. We
therefore also develop a second new analysis, based on a different method known as
permanence analysis ((Jansen, 1987), Method 2 Materials and methods). Permanence
analysis is considered one of the most rigorous methods of community analysis but the
numerical analysis of permanence was, until now, limited solely to purely competitive
or exploitative communities. Therefore, we expand traditional permanence methods
here to study the effects of cooperation. While the method is very different to local sta-
bility analysis, we find the same prediction that cooperation is destabilizing. However,
as discussed in the supplement, positive feedbacks arising from cooperative interactions
can still constrain this analysis such that it may underestimate the number of permanent
communities. We therefore also develop a third method — an individual-based model —
to evaluate the relationship between cooperation and ecological stability in a microbial
community (Method 3 Materials and methods). While less general than the other meth-
ods, our individual-based model is more explicit. It allows us to follow the dynamics of
each species over time and examine additional factors, including explicit spatial struc-
ture that puts an upper limit on the community size. This third method again confirms
our finding: cooperation is destabilizing for the community (Figure 3.2 E).

The reason for the destabilizing effect of cooperation in our models is that cooper-
ation causes coupling between species and positive feedbacks. This means that if, for

example, one species decreases in abundance, it will tend to pull others down with it



and destabilize the system. It has been hypothesized that cooperative and productive
microbial communities are the reason for the remarkable stability of the microbiome
(Van den Abbeele et al., 2011). However, even though cooperation means one species
is helping another to survive and replicate, and might facilitate colonization, this does
not equate to stability. This is because cooperation can create dependency and the po-
tential for mutual downfall. Under these circumstances, therefore, our analyses suggest
that the host faces a trade-off: while increased cooperation within communities is ex-
pected to promote overall metabolic efficiency (Bickhed et al., 2005; Di Cagno et al.,
2011; Fiegna and Velicer, 2005; Oliveira et al., 2014), it comes at the cost of decreasing
ecological stability.

Our model predicts that ecological competition improves microbiome stability. How-
ever, a striking feature of the mammalian microbiome is species diversity, and we have
seen that high species numbers tend to be destabilizing (Figure S3.5). Therefore, we
next investigate how the stabilizing effects of ecological competition interact with the
destabilizing effects of increasing diversity. Specifically, we ask: is a diverse and com-
petitive community a route to a stable microbiome? We again turn to local stability
analysis because this can deal with communities containing many species (Figure 3.3
A, Method 1 Materials and methods). While increasing species number is a destabi-
lizing process (Figure S3.5), the increase in competition introduces negative feedback
loops that are stabilizing. We find a wide range of diversities where this stabilizing ef-
fect dominates the destabilizing effect of increased species numbers (Figures 3.3 B, C,
and S3.14). Even though competition may drive inefficiencies, therefore, it dampens
the destabilizing effects of cooperation that can lead to the loss of community members
(Figure 3.2 F). The key is that the new interactions from the introduction of additional
species are competitive (or exploitative, Figure S3.15). The additional species need not
necessarily be other bacteria; there is a growing recognition of the role of phage in mi-

crobial communities (Waller et al., 2014) that have the potential for similar effects to
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Figure 3.3: Introducing species can stabilize a network of cooperators. (A) Illustration of
increasing species number and competition (green) in a network that originally only contained
cooperating species (red). (B) Eigenvalue distribution changes following the addition of com-
petitor species to 100 cooperating species (Connectivity, C' = 0.7, —s = —1.75, 0 = 0.05).
As in Figures 3.1 and 3.2, the eigenvalues are contained within ellipses, except for one eigen-
value that may lie outside the ellipse. Crucially, this latter eigenvalue is reduced when we add
competitive species (dot moves left), which is stabilizing. However, the ellipse containing all
other eigenvalues becomes wider with additional species, leading to a reduction in stability with
additional species once the ellipse contains the rightmost eigenvalue (once dot moves inside
ellipse). (C) Ecological stability as a function of the number of competing species that are
added (solid black line). Competitors are initially stabilizing because they reduce the proportion
of cooperative interactions (F,,, blue line). Eventually, however, adding competitors becomes
destabilizing, which corresponds to the widening of the ellipse in B. This behavior holds for a
wide range of self-regulation strengths (—s, dashed black lines). Note that we do not apply per-
manence analysis or the individual-based model here as these analyses are limited to low species
diversities (supplement Materials and methods).
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exploitative species in our model (Figure S3.15, (Hofbauer and Sigmund, 1989)).

Our analyses allow us to identify key principles (Fredrickson, 2015) that are impor-
tant for a stable microbiome community. In particular, the stabilizing effect of competi-
tion reflects the more general principle that dampening of positive feedback loops will
promote stability. Can we use such principles to better understand host biology and,
more specifically, how a host should interact with its symbionts? To answer this, we
develop a further set of analyses dedicated to understanding how key features of host
biology influence ecological stability. A clear candidate for promoting stability in the
gut is the immune system. During dysbiosis and infection, adaptive immunity is thought
to help re-establish a healthy microbiome by suppressing species whose abundance is
causing harm (Bickhed et al., 2005; Lee and Mazmanian, 2010; Mazmanian et al.,
2008; Van den Abbeele et al., 2011). We can add such density-dependent regulation
to our model and find that it is indeed stabilizing. Moreover, the reason this occurs is
because immune regulation, like competition, will prevent run-away positive feedback
loops (Method 1d Materials and methods).

Dampening positive feedbacks is an important route to stability. A second key prin-
ciple affecting stability in our models is the strength of interactions between species.
Stability will generally be promoted by processes that weaken interactions between
species, because this reduces the coupling that drives instability. Redundancy can pro-
mote stability when a few strong cooperative interactions are replaced by several weaker
ones (Method le
emphMaterials and methods, Figure S3.17). But a key candidate mechanism by which
a host can actively weaken ecological interactions is through the introduction of spa-
tial structure (Kim et al., 2008; Oliveira et al., 2014). In particular, introducing spatial
structure (e.g., patchy growth with limited mixing, Figure S3.18) between species is
known to reduce the strength of between-species interactions without reducing interac-

tions within a species (Kim et al., 2008). Implementing this effect in our models greatly
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Figure 3.4: Host strategies to promote ecological stability. (A) Spatial structure promotes
ecological stability in, from left to right, linear stability analysis (LAS), permanence analysis
(PA), and an individual-based model (IbM). P, is the proportion of cooperation. (B) Targeted
feeding. Host-supplied nutrients that weaken cooperative interactions promote ecological stabil-
ity. We observed an exception where targeted feeding may destabilize more competitive com-
munities in the IbM (P, = 0.25) but the effect is weak. (C) Non-targeted feeding may stabilize
communities when it increases the growth rates of all species such that they become limited by
the host’s capacity (left). However, limited space means most previously cooperative species
become competitors. Competition is demonstrated by removing one species from a commu-
nity, and observing increased densities for most remaining species (bar chart, P,, = 0.9). IbM
time-series plots show that feeding can stabilize communities upon species removal. (D) Left:
empirical interaction parameters (mouse microbiome communities) (Stein et al., 2013) confirm
our predictions: most interactions are weak (less than self-interaction, 5), and predominantly
competitive or exploitative, with a small set of cooperative interactions (Experimental validation
Materials and methods). Right: Our general analytical model predicts stability in a real com-
munity using community parameters from the mouse dataset (S, C, Py, P., 0, 5). In A-C, LAS:
S =300,C =0.7,—s = —1,0 = 0.05. PA, IbM: S = 10, —s = —0.2, errorbars: SEM). PA
and IbM are computationally expensive and require smaller communities.

improves the potential for community stability (Figure 3.4). We predict, therefore, that
a host can benefit from compartmentalizing species within gut communities to control
interactions and limit the risk of extinctions.

Another candidate mechanism to influence microbial interactions is host epithe-
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lial feeding. Nutrients are provided for symbionts from the epithelial surface, espe-
cially during starvation periods, when lumen nutrient concentrations are less abundant
(Hooper et al., 1999). Recent work has shown that knockout mice lacking the ability
to feed the microbiota with fucose show a significantly decreased community diversity
(Kashyap et al., 2013). There is also the potential for some specificity in host feeding
that occurs through fucose residues whose digestion relies on specific enzymes (Hooper
et al., 1999; Sonnenburg et al., 2005; Tremaroli and Bickhed, 2012). Studying feed-
ing in our models indicates that feeding will indeed promote the stability of communi-
ties, provided such feeding can preferentially weaken interactions between cooperating
species by, for example, providing an alternative carbon source to that involved in mi-
crobial cross-feeding (Figures 3.4 B, S3.16).

So far we have studied communities that are intrinsically limited by their own in-
teractions. Feeding has the potential to alter this if it causes populations to grow until
they are extrinsically limited by the capacity of the host. While high symbiont popula-
tion sizes might harm a host for reasons independent of stability (Login et al., 2011),
we can nevertheless examine the effect of this scenario on ecological stability using our
individual-based model. Specifically, we ask: what happens if feeding, or indeed any
process that drives high intrinsic growth rates, causes communities to expand until they
become extrinsically limited by the capacity of the host environment. We find that such
communities are stable to further perturbations (Figure 3.4 C), even those that start with
many cooperative interactions. The possession of strongly growing communities that
are extrinsically regulated by the host then is another potential route to ecological sta-
bility. However, after expansion, these communities are much less cooperative, because
the increase in population densities means that species are now competing for the lim-
ited capacity of the host (Figure 3.4 C). Once again, we find that ecological stability is

associated with competition.
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Although the stability and composition of gut microbial communities is considered
central to the benefits they provide to a host (De Cruz et al., 2012; Giongo et al., 2011;
Lozupone et al., 2012; Relman, 2012), we lack a clear understanding of what underlies
the striking stability of microbiome communities. Here, we have developed a body of
theory to identify key principles underlying microbiome stability. We have also shown
how these principles allow us to reinterpret and predict key features of host biology,
including immune suppression, the potential for spatial structuring, and host feeding of
microbes. Can we use existing data to test whether the principles we have identified
are indeed at work in real communities? There are currently few data available on eco-
logical interactions within the microbiome. Nevertheless, we can validate our approach
and test our key predictions with recently published data on interactions in the mouse
gut microbiome (Stein et al., 2013). The authors used time-resolved metagenomics and
machine learning to infer the interactions within communities. In Figure 3.4 D we use
these data to parameterize our general model and show that it correctly predicts stability
within a real community. In addition we plot the distribution of ecological interactions
within the mouse microbiome. Exactly as we predict, ecological interactions tend to be
both non-cooperative and weak (Figure 3.4 D, Method 4 Materials and methods).

In conclusion, microbiome communities consist of many interacting species, mak-
ing it difficult for a host to exercise control over each species individually. However,
our work emphasizes that hosts can act as ecosystem engineers that manipulate gen-
eral, system-wide properties of their microbial communities to their benefit. Identifying
when and how hosts alter their symbionts’ ecology will be important if we are to un-
derstand the dynamics of microbiome communities. More generally, while there is a
vast and rapidly growing body of data on the mammalian microbiome, little attention
has been paid to the strength or sign of ecological interactions within communities. To
understand and manipulate the microbiome, we will need to both dissect and engineer

the interactions within these critical communities.
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3.4 Materials and methods

In the following we provide a detailed account of our analyses. The supplement is
structured by methods; first linear stability analysis, second permanence analysis, third

individual-based simulations, and fourth experimental validation.

Method 1

1a. Linear stability analysis

Our model considers networks of interacting species in which each species’ growth is
determined by its own intrinsic growth rate, interactions with other members of the
same species, and interactions with members of other species. This is in accordance
with previous models (Allesina and Tang, 2012; May, 1972; Mougi and Kondoh, 2012)
and a generalization of classic Lotka-Volterra equations that allows us to incorporate
multiple species and interaction types. Species are represented as densities averaging
over many individuals — an approach that is well suited to the large population sizes of
microbial species.

We analyze equilibrium populations and ask: will a population return to this equi-
librium following a perturbation? This allows us to investigate the effect of different
between-species interaction types on both the asymptotic stability of populations (May,
1972), and another measure of stability, the speed at which such a stable population re-
turns to its equilibrium point (Haydon, 1994). The former definition of stability has
been applied widely to analyze fundamental properties of dynamical systems, and gen-
erates similar predictions to other measures of ecological stability, which ask whether
any species will be lost from a system following perturbation (Chen and Cohen, 2001).
In later sections (Methods 2 and 3, below) we also consider alternative methods and def-
initions of stability, which show consistent results. Note that all our analyses are based

on the logic of asking how community properties, like degree of connectedness or coop-
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eration, affect ecological stability. This focus means we do not deal with the interesting
corollary of how communities of a particular set of properties arise. However, we refer
the reader to the literatures on both community assembly (Nemergut et al., 2013) and
the evolution of species interactions (Mitri and Foster, 2013) that focus on this ques-
tion. In addition, we acknowledge that there is the potential for important interactions
between these processes and those that we study here, which are interesting targets for
future work.

Our analytical approach is based upon calculating the eigenvalues of the Jacobian
matrix of the dynamical system considered — a matrix that tells us how a change in the
density of any of the species at equilibrium will affect the whole community. A popula-
tion is asymptotically stable provided the real part of each of its associated eigenvalues
lies below zero, and the community will return to its equilibrium following a small per-
turbation faster, the more negative its largest real part is. Both measures of stability,
therefore, can be determined from the region in the complex plane to which all eigen-
values will be restricted, and we extend the recent analytic results of Allesina and Tang
to derive these regions for an ecosystem with any potential mixture of interaction types
(Allesina and Tang, 2012). Specifically, we show that given certain assumptions about
the distribution from which interaction strengths are drawn, eigenvalues will be local-
ized within an ellipse in the complex plane with horizontal radius 7., centered about
—s. One single eigenvalue may be localized outside of this ellipse; we denote this by
rs which is given by the average row sum of the Jacobian matrix minus the average
self interaction s. The equilibrium community will therefore be asymptotically stable
provided both the ellipse and 7, lie within the negative real part of the complex plane,

equivalent to,

Rightmost point = max(r.,7s) — s < 0.
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We can further deduce that the more negative this rightmost point is, the quicker
the community will return to equilibrium, and thus the stability of the system can be
determined from the negative of this rightmost value. We are therefore able to study the
effect of changing various community characteristics upon stability by examining the
subsequent effects upon this rightmost value. In the following we discuss in detail how

the eigenvalue bounds can be derived.

Problem outline

Throughout this work, we consider a microbiota community composed of S interact-
ing species, whose population dynamics are determined by a Holling type 1 functional

response, such that the change in the density of species ¢ is given by,

dX;
dt

S
j=1.#i

Here r; represents the intrinsic species growth rate, s; captures the effect of a species
upon itself, and a;; the effect of species j upon species i (for 7 # j). We assume that each
species competes to the same extent with members of their own species (i.e. resulting
in the same degree of self-regulation), such that s; = s,7 = 1,...,S. The connectivity
C' € |0, 1] of the community determines the fraction of all S species that a single species
¢ interacts with (i.e., the average number of links between species such that a;.; 7# 0)

We assume that non-zero interactions between species 7 and j can take one of five
possible forms based on the signs of a;;/a;;; +/— (exploitative), —/— (competitive),
+/+ (cooperative), +/0, and — /0. For a given community, the proportion of interac-

tions taking each of these forms are defined as,
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+/- = P,
/- = P,
+/+ = P,
+/0 = Py,
—/0 = P,
where P, + P.+ P, + P, + P. = 1.

Following the same approach as Chen and Cohen and others (Allesina and Tang,
2012; Chen and Cohen, 2001; Mougi and Kondoh, 2012), we assume the system has
a positive definite equilibrium given by the S x 1 vector X*. This is equivalent to

examining the system

dy; 5
T Yi(ri + ¢i:Yi + j;# ¢ijY;),

normalized by replacing each y; by x; = f’;— We ignore systems that do not have a
positive definite equilibrium, as they will automatically be deemed unstable by our defi-
nition, and contradict experimental evidence suggesting equilibrium communities in the
gut exist for extended periods of time. We can therefore determine the stability of a thus
normalized equilibrium point by examining the distribution of the eigenvalues of the

Jacobian of the system, evaluated at X*, whose entries are given by,

Al] = Qj, Z,jzl,,s
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Derivation of stability criterion

The basis of our stability criterion can be traced back to the seminal work by Ger-
schgorin, who showed for a complex S x S matrix M with elements m;; that each
eigenvalue )\; lies within at least one of S Gerschgorin disks, which are centered at the
diagonal entries (m;;) with radii

S

R; = Z lai;],

j=1,j#i
(Gerschgorin, 1931). This was used by Sommers ef al in 1988 (Sommers et al., 1988),
who examined the eigenvalues of an S x S matrix M* with elements drawn from a

Normal distribution with mean,

E(M;;)

Var(M;;) =

S = L2

* —_—
M; =

The authors proved that as S — oo then the eigenvalues of M* will be distributed
on an ellipse described by (£)? 4 (£)? < 1 centered at the origin, with a = 1 + 7 and
b =1—7 where 7 = SE(M;;M). Allesina and Tang (Allesina and Tang, 2012),
motivated by Tao et al. (Tao et al., 2010), showed that this conclusion is also applicable
to non-Normal distributions, save for one eigenvalue that is approximately equal to the
average row sum of M*, and further noted that setting each of the diagonal entries a;;
to —s will move the center of this ellipse to (—s, 0), thus the system will be stable if the
half-horizontal radius of the eigenvalue ellipse is less than s.

Here we follow a similar approach to that used in (Allesina and Tang, 2012), and use
various rescaling arguments to derive a bound upon the eigenvalues of the Jacobian, A,

corresponding to our dynamical system of the microbiota evaluated at the equilibrium
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X* for any mixture of different interaction types. We assume that between-species
interaction strengths a;; are drawn from a half Normal distribution | N (0, o2)| such that
the mean strength of realized interactions is given by E(| X|) = \/%2 , and the variance
Var(|X|]) = 02(1 - %).

When S is large, the row sum of A is constant and equal to

S
lim m = Sil E Aij,

e ij=15i%j

thus 1 is an eigenvector of A. The mean of the off-diagonal entries of A, E(A;;) = m,
and thus A does not meet the requirements of Sommers’s theorem, so we next define
a new matrix N = A + (—s + m)l — m.1.17. Rothblum and Tan showed that for
any m € R, the half horizontal radius of the eigenvalue ellipse for the matrix N =
A+ (=s +m)I —m.1.1T will have the same value as the half horizontal radius for
A (Allesina and Tang, 2012; Rothblum and Tan, 1985). We can therefore calculate a
bound on the distribution of the eigenvalues of A by first calculating the distribution of
the eigenvalues of V.

We begin by taking into account the different interaction types present in our com-
munity, and decompose the mean of the off-diagonal entries according to these different
types. The average off-diagonal row sum for mixed interaction type matrices is then

given by,

E(A;) = C(PRE(X]) = PE(X]) + 0.5 E(|X]) — 0.5P-E(|X])),
= CE(|X|)(Pn —P.+0.5(P.—P.)),

and we note that m = E(A,;), and the matrix N is therefore,
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such that N and any scalar multiple of this matrix will obey the first requirement
of Sommers’s theory, i.e. E(cN) = 0,c € R. We next consider the variance of N,

Var(N;;) = Var(A;; —m). As m is simply a constant, we have,

Var(N;;) = Var(A;),
— E(4Z) - E(4;),

Further, using the fact that P, + P. + P,, + P, + P_ = 1, and the definition of the

second moment of the half-normal distribution from which the A;;s are drawn, we have,

E(A}) = C(P.E(A})+ PE(A}) + P.E(A}) + 0.5P,E(A7) 4+ 0.5P_E(A3))),

)

= CE(A})(1—0.5P, —0.5P),

P P
= Co?(1— L), and therefore,
P P
Var(N,;) = Co*(1— %) ~m. (3.2)

We next rescale N, setting N* = % with 5 = /SVar(N;;), such that the matrix

N* fulfills both of the requirements of Sommers’s theory. That is:

E(N*) =

=

Var(N*) =

»| =

Thus all eigenvalues of N* will be contained in the ellipse with half-horizontal ra-
dius a* = 1 + 7 and half-vertical radius b* = 1 — 7 with 7 = E(N;;N;;) = 22,
Further, we note that eigenvalues are closed under scalar multiplication, thus if A is an
eigenvalue of the matrix N*, then S\ will be an eigenvalue of N. This means that the

eigenvalues of IV will be contained in the ellipse with half-horizontal radius a = 5(1+7)
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and half-vertical radius b = (1 —7). This gives us a bound on the half-horizontal radius

of the ellipse containing the eigenvalues of /V, and therefore of A of:

SE(N,; N,
re = ,/SVar(Nij)(1 + WM) (3.3)

We must then calculate E(V;;N;;), which we do by noting that:

E(Ny;N;i) = E(AyAj) — 2mE(A;) +m?, (3.4)
= E(4;4;) —m’
where,
E(Ai;jAji) = C(PuB(AjAjl + /+) + PE(A;Ajl — /=) + ...
PE(AiAjil + /=) + PrE(A;; Aji| + /0) + P_E(A;;Aj:| — /0)),
= C(PuE(AjAji| + /+) + PE(A;Aji| — /=) + PE(A; Aj| + /=),
= C(PE(IX|)* + PE(IX])* — PE(IX])?),

— CE(IX|)%(2(Py+ P.)+ Py + P_ —1).

We can substitute (3.2) and (3.4) into (3.3) to give the expression for the half-

horizontal radius of the eigenvalue ellipse of A as:

o= \fscen - P Corxipm, - re P

E(|X|)2((2Py + 2P, + Py + P_ —1) — C(P,, — P.+0.5P, — 0.5P_)?)
(1+ )
02(1 = 0.5P, —0.5P_) — CE(|X[)?(Py — P, + 0.5P, — 0.5P_)?

Finally, we observe that the eigenvalue corresponding to the average row sum will
be given by,

P,

ro = (S —1)C(Py — Pt %)]E(LXD.
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From these we generate a stability criterion for a network with any mixture of inter-
action types,

max(r.,rs) — s < 0.
1b. Analysis of stability criterion

The analyses presented in the main paper suggest that cooperation has a destabilizing
influence on microbial communities (Figure 3.2). Here we provide supplementary anal-
yses of our model to show that this prediction holds for the vast majority of conditions
and parameters in our analytical model. We first show that cooperation has a universally
destabilizing effect on exploitative or random communities for any realistic combina-
tions of species number and connectivity. We then analyze the effect of cooperation
on purely competitive networks. Here, increasing cooperation nearly always destabi-
lizes communities except for a minor parameter range where increased cooperation can
have a weakly stabilizing effect. Moreover, as we show below, the weakly stabilizing
effect is further minimized when we consider realistic communities with a mixture of
competitive and exploitative interactions.

To determine how cooperation affects community stability we take the derivative of
our measure of stability, U, with respect to F,,,. This tells us how stability changes with
respect to the level of cooperation -— with a negative derivative meaning cooperation

decreases stability. We can therefore examine the effect of cooperation by looking at

au
> dPy?

the sign of this derivative across parameter space.

In the analysis below we treat each type of community (exploitative / random / com-
petitive) separately, and follow the same series of steps. For simplicity we consider
communities with only +/+, —/—, and +/— interactions, however, the same analysis
can equivalently be extended to cover communities that also contain +/0 and —/0 in-

teractions. We begin by recalling that stability of a community at equilibrium is defined
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as the negative of the rightmost bound upon its underlying eigenvalues (that is, commu-
nities whose eigenvalues lie further to the right in the complex plane are less stable),

which are contained within an ellipse centered at —s with half-horizontal radius,

E(NiiNji)
Var(N;j) >’
= V/SC(0? — CE(IX|)?(Pn — P.)?) ..
<1+E(|X]) (2P, +2P.—1) — C’(Pm—PC)2)>
— CE(|X|)2(Pn — Pe)? ’

re = \JSVar(Ny)(1+ (3.5)

save for a single eigenvalue that may lie outside the ellipse, and is approximated by,

rs=-—s+ (S —-1)C(P, — P.)E(]X]). (3.6)
Stability is therefore defined as U = —(max(r. — s,75)). As such, the derivative
of stablhty, w111 be defined differently, depending upon whether the ellipse or the

dot represents the rightmost bound. In our analysis, we therefore calculate separately
the derivative of the ellipse, % and of the dot, dcgj then for each combination of
P,,, C, and S check which component is governing stability for that parameter set, to
determine the appropriate derivative. We then plot a heatmap across parameter space,
to indicate in which regions cooperation is stabilizing ([ﬁTUm > 0) and in which it is
destabilizing (% < 0).

We begin by noting that in all community types, the self-regulation, s, does not affect
the impact of cooperation upon community stability and so our conclusions on how
cooperation influences stability are general for all values of self-regulation. Specifically,
in our measure of stability the self-regulation is a constant, independent of F,,, and as
such, it does not appear in 55— (equwalently, note that df) [iz = 0 for both the ellipse and

the dot). Moreover, whilst increasing species number, .S, will increase the magnitude of

the role cooperation plays upon community stability, it will not affect the directionality
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— thus if we find that increasing cooperation is destabilizing, increasing species number
will not affect this conclusion. This can be seen from the derivative of % with respect

to S for the ellipse and dot. For the ellipse,

U 1 d
e N (1
dP,dS 2\/§de< Var(Ny) (1 +

and so only the magnitude of the effect of increasing cooperation upon stability is

Tatny)

affected. Specifically, the magnitude will decrease with the inverse of the square root of
S when the ellipse governs stability. Similarly for the dot,
d*U d

AP, dS _deC(Pm - o),

which is constant over .S, so again only the magnitude of the effect of cooperation

upon stability is affected. Crucially, these observations mean that any conclusions drawn
about the effect of increasing cooperation upon stability for low species number will
also hold for all larger communities (and any value of self-regulation). As such, in
our analysis we can set species number and self-regulation to constants, S = 100 and
—s = —1 respectively, and focus exclusively upon whether changing connectivity, C,

will affect the role of cooperation upon stability.
Exploitative communities

We start by considering the case of increasing cooperation in communities in which all
interactions are otherwise exploitative (+/—). In this case there are never any competi-
tive interactions, so we substitute . = (0 into our equations for stability, (3.5) and (3.6).
We then take the derivative of each with respect to P, to get the equation for the ellipse

bound,

dUfpis  CSIE(X|)*(2C° PAE(1X])* — CP.E(|X])* — 3CPyu0® + 20°)

dP,, (~CP2E(]X])? + 02)/C(0? — CPZE(|X])?)

Y
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and for the dot,

dUg:g;t)loit

It is evident from the form of %dot that in cases where the dot governs commu-

nity behavior stability will decrease linearly with cooperation. However, the form of

ellipse . .
dU—"" is less obvious, and we therefore plot £~ across C'/P,, parameter space for

a community with 100 species (Figure S3.8). This illustrates how cooperation will
always decrease stability (j?[{n is always negative) and moreover, as explained above,
this behavior will hold true for any equivalent communities with differing levels of self-
regulation or greater species numbers. Figure S3.8 also illustrates how this destabilizing
effect of increasing cooperation upon the community will be stronger in communities

with higher network connectivity.
Random communities

We next examine the effect of increasing cooperation in communities that are other-
wise “random®. In these communities networks start with cooperative, exploitative, and
competitive interactions in a 1 : 2 : 1 ratio. As cooperation increases, exploitative
and competitive interactions are replaced with equal probability, such that exploitation
: competition remains at a ratio of 2 : 1. To capture this, we substitute . = %(1 - P,)
in equations (3.5) and (3.6). We then take the derivative of each with respect to P, to

calculate the derivative for the ellipse,

Juetivse  ACS3E(|X|)? (202E(|X|)2(64P; — 48P2 + 12P,, — 2) — 2702(4CP,, — C — 1))

rand

P, 3(0Co? — C?E(|[X|)2(4P,, — 1)2)2(E(|X|)2(16CP2 — 8CP,, + C) — 902)

and for the dot,

dUde, 4
__rana __ _ — DOE(IX].
Tpm = — (S ~ 1)CE(|X])

I
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Again it is clear by inspection that when community behavior is determined by
the dot, stability will decrease linearly with cooperation, and at a greater rate than for
exploitative communities (the value of “”Ld is constant and less than that of % .
As in the exploitative case, we plot - across C/P,, for S = 100 (Figure S3.9). Again
we see that in this case cooperation is always destabilizing, regardless of whether the
dot or the ellipse determines community behavior (the derivative is always negative),
and as outlined above, this will hold for any level of self-regulation and any larger

communities. Moreover, again it is evident that this destabilizing effect is greater for

communities with higher network connectivity.

Competitive communities

Finally we consider increasing cooperation in systems that are otherwise purely com-
petitive, so substitute . = 1 — P, in equations (3.5) and (3.6). As before, we take the

derivative of each with respect to P, to find the change with cooperation to the ellipse,

Wegnpere _ 2C2STE(|X|)2(2P — 1)(E(|X|)*(2C + 1 + 8C Py (P — 1)) — 30%)
AP, ((Co? = C2E(|X[)2(2P — 1)) 2(4C PuE(|IX])? (P — 1) + CE(|X])2 — 02)’

and to the dot,

dUcd(;)g"L ete

As before, we observe that when the behavior of the community is determined by
the dot, stability will decrease linearly with cooperation, and at a rate twice as fast as
equivalent exploitative communities. However, in this case, we find regions of C'/P,,
parameter space where increasing cooperation can in fact have a stabilizing effect upon

the community (that is > 0), as illustrated by Figure S3.10. However, the mag-

’dP

nitude of this effect is small such that it will rarely make an unstable system stable

(Figure S3.10 C). Moreover, this effect is further reduced when one considers more
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realistic communities that contain even just small amounts of exploitative interactions
such that the total proportion of cooperative and competitive links are no longer kept
constant (Figure S3.10 D — F). From these analyses, we conclude that cooperation be-
tween species is a destabilizing influence on ecological stability for the vast range of

network compositions, species numbers, and connectivities.

1c. Independent scaling of interaction types

In order to study the effects of host manipulation (Figure 3.4), we want to independently
scale the interaction strengths within communities. In this section, we outline how this is
done. For simplicity, below we derive our new stability criterion with only +/—, —/—,
and + /+ interactions. However, the same methods could be applied to also incorporate
+/0 and — /0 interactions. We begin by weighting interactions such that the average

magnitude of each interaction type is given by,

JE(IX])  for  +/+,
gE(IX]) for —/—,

KE(|X]) for 4/,

whilst self-regulation will now take the form —s * k. The mean of the off-diagonal

entries of the Jacobian will now be given by,

E(Ay) = CE(|X|)(f P — gF),

and similarly, the variance and covariance by,

Var(Ay) = Co*(f*Pn + ¢*P.+ h*(1 — P,, — P.)) — C*E(|X|)*(f P — gP.)%,
E(A’L]A]l) = C(fQPmEﬂXDQ + g2Pc]E(|X|)2 - h2(1 - Pm - PC)E(|X|)2)
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We can then use the same logic as in supplementary section 1 to get an expression

for the half-horizontal radius of the ellipse,

rv = \/SC(c%(f2P,, + ¢?P, + h?(1 — P,, — P.)) — CE(|X|)2(f P, — gP.)?) ...
(14 EUXDPP 1) 1 PG 1) 12— CU P —gP))
0’2(f2Pm—|—92PC—{—h2(1 _Pm _Pc)) _CE(|X|>2(me _ch)2 ’

and the average row sum,

Y = C(S = DE(IX|)(f P — gP2).

s

From these our stability criterion for a network with any mixture of interaction types,
each of which can now be weighted independently, is given by

max(ry, ry) — sk < 0.

e’’’ s

With this we can now investigate how different manipulations to the microbiota will
affect the stability of the community. Specifically, we consider three distinct cases: in
the first, we consider spatial structure that reduces between-species interactions while
self-regulation stays the same, corresponding to a decrease in f, g, and h, whilst k re-
mains the same (Figure 3.4). In the second, we consider the case where a host provides
a generic food source with which all microbes interact instead of interacting with each
other, corresponding to a decrease in f, g, h and k£ (down-weighting all interaction types,
Figure S3.16). In the final case, only cooperative links are weakened by host nutrient
secretion, for example when a nutrient source is diverting interaction efforts away from
cross-feeding interactions towards consumption of host provided nutrients. This cor-
responds to a decrease in f only (Figure 3.4). See methods 2 and 3 below for further

analyses of these three cases.
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1d. Effect of host-mediated killing on community stability

The immune system is thought to act, via inflammation and other mechanisms, to help
suppress pathogens or other species that reach densities where they are harmful to a
host (Bickhed et al., 2005; Lee and Mazmanian, 2010; Mazmanian et al., 2008; Van
den Abbeele et al., 2011). We can capture this effect in our model as species-specific

density dependent killing at a rate k; where,

dX;
dt

= Xi(ri — s X + Z ai;; Xj — kiX),
= Xz(rz — S;k)(Z + Zainj), (37)

with s7 = s; + k;. As such, density dependent killing acts in the same way as
self-regulation, which has a stabilizing effect on the community.

We can also ask what happens should the host kill members of each species at a
constant rate independent of the population sizes. Here, we observe no change in the
stability of communities. Killing does put extra demands on community members, it
will favor faster growing community members that can survive in the face of the killing.
But for viable communities that can persist in the face of the killing, there is no net effect
on ecological stability. This can be seen incorporating a global increased death rate in
our model. The term r; is the intrinsic growth rate of species ¢, which is a combination
of the rates of birth, b;, and death, d;, of cells of species i, that is, r; = b; — d;. In the
absence of general host killing, stable communities with a given set of interactions, a;;,

fulfil,

T, = S;FAXVZ — ZQUX]
If the host kills members of each species at a constant rate, k;, then this will be

incorporated into our original system describing community dynamics as,
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dX;
dt

= XI(T: — SiXi + Z ainj) — k’LXh

Species members of a stable community must now have an intrinsic growth rate, 7*,

such that,

r* = ;X1 — Zainj + k;.

A community will therefore have to possess a stronger intrinsic growth rate when

subject to a constant level of killing to be viable. However, we note that,

T’* — kz = SiXi — ZCLZ]XJ =T,
such that the equations governing the dynamics of both populations are in fact iden-
tical, regardless of the level of killing, and thus will have an identical probability of
being stable. While the evolution of non-responsive killing may cause shifts in which

species are able to make a viable community, therefore, we find no net effect on the

stability of the communities that can persist in the face of the killing.

le. Effect of redundancy on community stability

Our models indicate that the instability of highly cooperative communities stems from
having strong positive dependencies between species. What happens though if the inter-
actions between cooperating partners is less specific and, instead of interacting strongly
with few partners, cooperators interact weakly with several partners? Such redundancy
is common in biological networks and we want to understand its effects here. One sim-
ple effect of such redundancy will be to weaken the strength of cooperative links, which

has a stabilizing effect (Method 1b). However, redundancy is also expected to increase



3.4 Materials and methods 66

the number of interactions. For example, rather than interacting with one species with
an interaction strength of a;; = 1, a species may instead interact with 3 others, where
each interaction now has strength %

We capture this in our analytic model with the parameter ¢, which represents the
average number of new links that each original cooperative link is replaced with. Each
new link has, on average, a strength a;;q, where a;; represents the strength of the original
interaction. As redundancy increases so too will the connectivity of the community,
C", as well as the overall proportion of cooperation, P'*". However, concurrently
the average strength of cooperative interactions, and interactions in the community as a

whole, will decrease. These changes are captured by,

= C'(Plg+ Pl

wew _ Py

Where qul, PCI , and C' represent the initial levels of cooperation, competition, and
connectivity respectively.

We can then examine the effect of increasing redundancy in communities with dif-
ferent initial levels of cooperation (Figure S3.17). We find that redundancy does not
affect communities that start with high levels of cooperation, as any stabilizing effects
of reduced link strength are canceled out by equivalent increases in the levels of cooper-
ation and connectivity. However, in communities that begin with intermediate levels of
cooperation, the stabilizing effect of reduced interaction strengths outweigh the destabi-
lizing effects of increased cooperation and connectivity. To conclude, when redundancy
means that cooperators interact with several other species weakly rather than few species

strongly, ecological stability can increase.
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1f. Numerical simulations of representative communities

In the sections below we present two fundamentally different methods for analysing
ecological stability: permanence analysis and individual-based modelling. However,
we first directly confirm our analytical method by simulating representative networks
and explicitly calculating the eigenvalues of the corresponding Jacobians. As above, we
consider the generalized Lotka-Volterra model with S species outlined in (3.1), and now
follow the same approach as (Mougi and Kondoh, 2012) and (Allesina and Tang, 2012),
whereby each species’ intrinsic growth rate r; is solved for so as to ensure a feasible
equilibrium at X = 1. The corresponding Jacobians will therefore have off-diagonal
entries J;; = a,j, and diagonal entries J; = —s;. We can then construct representative
Jacobians as follows.

We first create an S x S matrix M with our desired connectivity, C'. For each
interaction pair (M,;, M;;) we draw a random variable p; from a Uniform U (][0, 1]) dis-
tribution, if p; < C then we set M;; and M;;, = 1, else, both are set to 0. We next
impose the relevant distribution of interaction types on this network, where P, repre-
sents the proportion of cooperative, +/+, interactions, P, the proportion of competitive,
—/—, interactions, and 1 — P,, — P. the proportion of exploitative, +/—, interactions
(for simplicity we confine ourselves to these types, however, this method can easily be
extended to also incorporate +/0 and — /0 interactions). For each non-zero interaction
pair (those where M,;; and M;; = 1) we draw a new random variable p, from a U (][0, 1])

distribution. If p, > 1 — P, then (M;;, M;;) represents a cooperative interaction, and

B
we draw values for the entries of our Jacobian J;; and Jj; from a half-normal distribu-
tion |[N(0,02)|. If p, < P, then (M;;, M;;) represents a competitive interaction, and
we draw the entries .J;; and .J;; from a negative half-normal distribution —|N(0, o?)|. If

P. < py, <1— P, then (Mij, M ji) represents an exploitative interaction, in this case

we draw a further random variable p3 from a U([0, 1]) distribution. If p3 < 0.5 then
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species ¢ benefits from the interaction whilst species j suffers and we draw .J;; from
an |N(0,0?)| distribution and J;; from an —|N (0, 0?)| distribution. If p3 > 0.5 then
the converse is true, and we draw J;; from an —|N (0, )| distribution and J;; from an
|N(0,0%)| distribution. Finally, we set each diagonal entry .J;; to —s. Thus we are able
to generate Jacobians corresponding to networks with any mix of different interaction
types, then solve to find the corresponding eigenvalues using Matlab (Mathworks, Nat-

ick, MA, USA).

The effects of feeding or spatial segregation on network stability are incorporated
through altering the strengths of the interactions between species. Here, representative
Jacobians are generated as outlined above, then, in the case of general feeding, all en-
tries of the Jacobian are reduced by the weighting factor, in the case of targeted feeding,
only the Jacobian entries corresponding to cooperative interactions are reduced, and in
the case of spatial segregation, all Jacobian entries except for those on the diagonal, J;;,

are reduced.

1g. Comparison with previous numerical work

In this section we analyze a recent study of macroscopic communities by Mougi and
Kondoh (Mougi and Kondoh, 2012) to show that our analytical method can recapitulate
the behaviour of previous numerical analyses. In addition, we explain the relationship
of our predictions to (Mougi and Kondoh, 2012), as we reach different conclusions
owing to our focus on microbial communities. Both our work and that of (Mougi and
Kondoh, 2012) investigate the stability of a community of S’ species whose dynamics

are described by the system of Lotka-Volterra equations,

dX;

N
di = XZ(TZ — SiXZ' -+ Z CLZ'ij).

j=1j#i
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Here X; is the density of species i, r; its intrinsic growth rate, s; the strength of
self-regulation, and a;; the effect of species j on 7. A proportion C' of possible inter-
actions between species are realized, and these interactions are split such that P, are
cooperative (+/+) and P. = 1 — P, are exploitative (+/—). Our work also allows for
—/—,4+/0, and — /0 interactions, however, for comparison, we here limit ourselves to

just +/+ and +/— interactions.

Mougi and Kondoh numerically simulated communities with varying proportions of
interaction types, and showed an increase in ecological stability for intermediate levels
of cooperation (intermediate F,,). However, we find a monotonic decrease in ecological
stability as cooperation is increased. Here we show that the finding of peak stability
at intermediate cooperation is a consequence of specific assumptions in (Mougi and
Kondoh, 2012) on how organisms in macroscopic communities function. As we discuss
below, these assumptions are unlikely to generally apply to microbial communities.
Nevertheless, we show here that our analytic approach can recapitulate these earlier
numerical results.

The key assumption can be understood in terms of a focal species having a separate
“capacity” (time budget) for each of its interaction types. Consider, for example, an ant
species that is in in a mutualism with an acacia plant. Mougi and Kondoh assign the ant
species a separate time budget for a) the exploitative interactions with other species and
b) the cooperative interactions with other species. As a result, if the ant species takes
on more mutualistic partners, a second acacia species, it is assumed that the strength
of its interaction with the original plant is weakened but, critically, the strength of its
interaction with prey species is not weakened. Therefore, if one adds more coopera-
tive (mutualistic) interactions to a network, it will down-weight only the cooperative
interactions, and if one adds more exploitative (predator) interactions to a network it

will down-weight only the exploitative interactions. However, this particular form of
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weighting, by interaction type, does not have a clear application to microbial commu-
nities. Interactions between microbial species can readily switch from cooperative to
exploitative (or competitive) in a manner that is inconsistent with each interaction type
being a distinct enterprise with its own capacity. For example, a bacterial mutualism can
change to another interaction type if a focal species simply stops providing a metabolite
for another, or if the focal species up-regulates the production of an antibiotic (Mitri and
Foster, 2013). Such switches — effectively from a mutualist to a predator — highlight
that different interaction types function within a single capacity, and give no justifica-
tion for the weighting scheme illustrated with the ants and acacias above. And, as we
show next, this assumption is key to the conclusion that community stability peaks at an
intermediate proportion of cooperative interactions.

Mathematically, the weighting assumption is described by,

- eifur Aij
aij =
Zkeresources of mutualist ¢
for cooperative (mutualistic) interactions, and,

)
A

Gifalij
Q55 = A and
Zkéresources of predator % ik
A fadji
Jje T )
ZkEresources of predator % AZk‘

for the predator and prey respectively in an exploitative interaction. Here A;; rep-
resents the potential preference of species 4 to interact with species j, whilst e;; and
gi; describe the efficiency of cooperative (mutualistic) and exploitative (predatory) in-
teractions respectively. Each of these variables are drawn from Uniform U(0, 1) dis-
tributions with means E(A;;) = A, E(e;;) = e and E(g;;) = ¢. fu and f4 describe
the relative importance of mutualism versus predation, although these are simply set to
fu = fa = 1 (Mougi and Kondoh, 2012). In the limit of large .S, C, and F,, this can

be approximated by,
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i A4
Mutualistic, (+/4) a;; = %7
i fagijAij
Predation, (/=) a;; = 0.5P?S]_1])CA’
— faAij

Prey, (=/+) @i = G5p(S—1)CA’

In their supplementary material, Mougi and Kondoh showed numerically that the
increase in stability at intermediate levels of cooperative interactions was not present
when omitting this weighting in networks with a cascade structure. In Figures S3.11 and
S3.12 we first confirm numerically that the increase in stability at intermediate levels of
cooperation also disappeared without the frequency dependent scaling of interaction
strength in unstructured networks, such as our microbial networks. We next derive
a stability criterion that captures frequency-dependent scaling of interaction strengths
analytically. We determine stability by analyzing the Jacobian, M corresponding to this
system, whose off-diagonal entries are given by M;; = a,;X;, whilst the on-diagonal
entries are simply M;; = —s;X;. In the following derivation, we assume a constant
level of self-regulation and equilibrium species densities, such that X; = XVi and s; =
sVi. The general results still hold when these factors are also drawn from probability
distributions, but the ellipses become less accurate.

We use the same analysis employed when deriving our previous stability criteria,
which hinges upon the observation made by Sommers (Sommers et al., 1988), that a
matrix N with mean 0, variance %, and correlation £(N;;N;;) (the mean of the product
of all entries) centered at O will have eigenvalues uniformly distributed within an ellipse
(z/a)?+ (y/b)* < 1wherea=1+7,b=1— 7 and 7 is defined as T = SE(N;; N;;).
Further, Rothblum and Tan showed that the only affect of adding the matrix m1.1T
to IV will be to change the eigenvalue, \*, corresponding to the average row sum and

the eigenvector 1 (which will become A + Sm). Finally, adding a constant factor d to
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each diagonal entry of the matrix will simply shift all eigenvalues by d along the real
axis, such that each \; = \; + d. Thus, whilst the Jacobian, M, corresponding to our
equilibrium community does not meet the requirements of Sommers’s work, the net-
work N* = m, with N = M — E(M), does, and therefore, the eigenvalues of

our Jacobian will be contained within the ellipse centered at —s.X, with half-horizontal

radius, a, and half-vertical radius, b, given by,

o = SVar(N)(1+£i§gri—?]]\\]fgi)), (3.10)
b = SVaMAU(l—Jg%%%§$>. G.11)

We now derive expressions for Var(N) and E(N;;Nj;) in terms of the various com-
munity parameters (S, C', and the proportions of interaction types), such that we can
determine how the eigenvalue distribution, and therefore stability, of our community

varies as these parameters change. We first note that the mean of our Jacobian is given

E(My) = C(PuB(My|+/+) +0.5PE(My| + /=) + 05LE(My| - /+)),

JueX JagX faX
_JueX L gsp _05P
Pos—D0 R s 1)C 0560Ma5—n0»

- (SXj<fM€ + falg — 1)>7

- (J(Pm

and the second moment £ (M) by,



3.4 Materials and methods 73

E(M2) = C(PmE(ng +/4) + 05PE(M] + /=) + 0.5P. E(Mj] —/+)),

. f]%/IGQAQXQ fi92A2X2
B C<Pm (Pn(S —1)CA)? +0.5F (0.5P.(S —1)CA)2 "
+ ff;AzXZ )
(0.5P.(S —1)CA)?2/)’

_ X2A, <f]%4€2 2ffx(92+1))
C(s—1242\ P, )

Where A,, e, and g, are the second moments of A;;, e;; and g¢,;, Ay = E(Afj),
ea = F (e?j) and g, = E(gfj) respectively. We can then calculate the variance of M,

which is also the variance of N = M — E(M;;), such that,

X2 <f1%/1@2142 2f4(g2 +1)A,

Var(M):Var(N):C(S_1>2 P2 Ve

— C(fue+ falg = 1))*}B.12)

From Sommers’s theorem, we next require E(N;;N;;) = E(M;;M;;) — E(M)?, for

our stability criterion, and note that,

E(M;;My;) = C<PmE(GijaﬁXin!+/+)+PeE(az‘jajiXin! +/—)>,
BEX Xy
(Pn(S—1)C)2 ~“(P(S—1)C)2)°
X2 fue®  4fig
0(5—1)2< P, P )

- C(Pm

‘We can, therefore, calculate the correlation of NV,

X? (fﬁez _Afig

Clfue+ falg 1)) (13)

Combining this with equations (3.12) and (3.13) in (3.10) and (3.11) allows us to

determine the coordinates of our eigenvalue ellipse. As before, there will also be an
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eigenvalue that corresponds to the eigenvector 1 which does not necessarily lie within

the ellipse, and is approximately equal to the average row sum, in this case equal to,

fuXe faXyg

X
—0.5P, S

oW sum c(s )( m 0.5P.C(S —1) “0.5P.C(S

m + 0.5F,
= X(fue+ falg—1)).

We can then see analytically how the distribution of eigenvalues changes as we
increase the proportion of cooperative interactions, F,,, for the frequency-dependent
weighted and unweighted cases. For example, in Figure S3.13, we plot the numerical
stability (line) and average maximum eigenvalue from 10 networks, showing how our
distributions match, and we reproduce the phenomenon of peak stability for intermedi-
ate P, under the assumption of frequency-dependent, interaction specific weighting of

interaction strengths.

Method 2

2a. Permanence analysis

We next consider a different method to analyze the ecological stability of communities.
Permanence analysis asks whether a community will retain all its members, indepen-
dent of the scale of any perturbation. Mathematically, this means that the boundary
of the state space — the points where one or more species have gone extinct — behaves
as a repeller, such that if the densities of any of the species within the community ap-
proach zero, these species will not collapse but instead grow, meaning no trajectory of
the system leads to the extinction of any species. In contrast to the analytics that can
deal with large community sizes, permanence analysis is computationally expensive and
so we will analyze small communities with S = 10 and where interactions are either

+/+ or —/— in varying proportions. As we discuss below, permanence analysis also
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has further restrictions in applicability such that it may under-estimate the proportion
of permanent communities. Nevertheless, permanence analysis remains a much more
complete study of the stability properties of a network, which makes it a valuable com-
plement to the analytics. Moreover, despite its restrictions, we will show that it leads
to the same conclusions as the analytical model and, subsequently, our individual-based
model.

A sufficient condition for permanence was derived by Jansen in 1987 (Jansen,
1987). This derivation requires that not only must no species go extinct, but that it is not
possible for any species to grow infinitely. In mutualistic Lotka-Volterra systems this is
not always the case — some communities have the propensity for positive-feedbacks to
drive species growth in such a way that some species will never stop growing. These
situations are clearly unrealistic as microbiota populations will at least be capped by
limited space within the gut. As this kind of cap is difficult to capture with first order
differential equations, we investigate the effects of space limitation using an individual-
based model (see supplementary section 3), and develop constraints for our permanence
analysis so as to guarantee that we only analyze communities where infinite growth is
not possible, while classifying those communities that permit infinite growth as non-
permanent.

Specifically, the permanence analysis of a given community can be broken into the
following parts. First, as in previous sections, we use Lotka Volterra equations to find
a feasible equilibrium for the whole community by solving for the growth rates r using
X = 1 (supplementary section 1a). We next check whether the community is un-
bounded — if the community is not bounded, and therefore has the capacity for infinite
growth we classify it as non-permanent. If the community is bounded, we next check
whether the boundary of the state space is also a repeller — if so then no species will
ever go extinct, nor will any ever grow to infinity, and thus we classify the community

as permanent. We outline these steps in more detail below.
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2b. Boundedness of cooperative communities

In communities of mixed competitive and cooperative interactions, any growth towards
infinity will be driven by the cooperative components of the community. Therefore, if
the purely cooperative subsystem of a mixed community is bounded above then so too
will be the mixed community.

In a purely cooperative community, interactions are described by an interaction ma-
trix that is negative on the diagonal and non-negative elsewhere. Such a matrix is termed
a Metzler matrix, and it has been shown that if a dynamical system described by a Met-
zler matrix is locally stable, then the it will also be globally stable (Goh, 1979). This
means that, if a feasible equilibrium point of a purely cooperative community is glob-
ally stable, this community will be bounded, such that no species will grow to infinity.
We can therefore determine whether a mixed community is bounded above by checking
whether the cooperative subsystem of the community is locally stable.

To check the boundedness of a given community described by the matrix J, we
therefore first determine the cooperative subsystem of the community by removing all
competitive between species interactions — setting all the negative off-diagonal elements
of J to zero, to create a new community matrix .J*. We then solve for a new equilibrium
X*, using the new community matrix J*. J* is now a Metzler matrix, as all diagonal
entries are negative (= —s, s > 0) and all off-diagonal entries are non-negative. There-
fore, if the new equilibrium is feasible, i.e. X > 0 for all ¢, and locally stable, i.e. the
largest real part of the eigenvalues of J* at equilibrium is negative, then we categorize
the whole community as bounded.

Note, while global stability is a sufficient condition for boundedness, it is not nec-
essary. This means we may underestimate the number of permanent communities as
we discard those partially cooperative communities that do not permit a globally stable

equilibrium yet do not grow to infinity. However, this confines our permanence anal-
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ysis to bounded communities, and we employ the individual-based model to directly
study properties of communities that we here classify as unbounded and non-permanent

(Method 3, below).

2¢. Permanence of bounded communities

The necessary conditions for permanence in Jansen’s work yields the following linear
programming problem (Jansen, 1987):

Minimize z subject to:

s S
Zhl(m — S,Xf(k) + Z %XJB(’“)) +2>0
i=1 j=1,j

and h; > Oforall: = 1,..,S.

The h; and z are variables of the linear programming problem taking into account the
constraints arising from all feasible boundary equlibria X ? indexed by & = 1,..,m,
where m < 2. We here perform permanence analysis in communities where S =
10. All other parameters and values, and the assembly of community matrices are the
same as in the previous sections of this work with the exception that for the analysis of
permanence, we choose a smaller self-regulation parameter, s. The small networks that
we are studying here using permanence analysis are intrinsically more stable than the
more realistically-large networks that we studied with the analytics above. All networks
would simply be stable if we used the same self-regulation parameter as above. In order
to study the effects of cooperation and other factors on stability, therefore, we lower
s to 0.2 for the permanence analysis. Host manipulations such as feeding or spatial
segregation are implemented as scaling factors for the entries of the Jacobian matrix, i.e.
a;; X f —1 where f is the strength of host manipulation. We simulate 200 independent

communities for each set of parameters and plot the frequency of permanent systems.



3.4 Materials and methods 78

Method 3

3a. Individual-based model

In addition to our permanence analysis, to verify our analytical work we also developed
an individual-based model (IbM) of the microbiome. This cellular automaton explicitly
models all cells in the community, and tracks their growth, death, and spatial location
over time. The computationally intensive nature of our IbM limits the number of species
that we are able to investigate, and in accordance with our permanence analysis, we
again set species number S = 10.

This approach offers several important pieces of information. First, whilst our other
models focus on the binary question of whether or not an equilibrium community will
be stable to perturbation, this approach gives us added information as to how we expect
a community to behave following perturbation, and allows us to track population sizes
of all species over time. Additionally, we can explicitly take into account spatial struc-
turing of a community. This allows us to more directly examine the effect of spatially
segregated communities upon community stability. Similarly, we can more explicitly
examine the effect of host-supplied nutrients on the manner in which cells interact with
one another, and the subsequent effects on stability. Additionally, this approach intro-
duces the realistic stochasticity of birth and death events, and cell-cell interactions.

As in our analytical work, we consider a community of S species, where species
interact with one another with probability C' (consistent with our previous work, here
C' = 0.7 throughout). These interactions may be competitive, exploitative, or coop-
erative (the model can also easily be extended to incorporate commensalism and am-
mensalism), and are defined by an interaction matrix, A. The interaction strengths are
initially drawn from a half normal |N(0, 0?)| distribution. We then scale A such that
overall a discrete approximation of the Jacobian associated with the community at equi-

librium is of a similar magnitude and distribution to that of our analytic work. Although
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each cell has a spatial location, we initially assume that diffusion in the environment is
high, such that each cell can interact with every other cell within the environment. How-
ever, when we study the effects of spatial structure, cell interactions are constrained to
a region around each cell (below).

We model the environment as a square lattice with periodic boundary conditions
and sides of size NNV, such that the environment can contain a maximum of N? cells
(throughout, N = 100). However if the population exceeds a certain cap (in our case,
90% of the maximum population size) then a random selection of cells are removed to
reduce the overall population size to the level of the cap — this can be thought of as a
density dependent sloughing that imposes an upper limit on population size whilst still
enabling cells to grow.

Unless stated otherwise, each simulation begins by seeding the environment such
that it is 80% full (initial population size 0.8 x N?), with each species composed of a
roughly equivalent number of cells, distributed at random. Once the environment has
been seeded, we count the starting number of each species, and set this as our initial
equilibrium point, X.,. We then solve to find the intrinsic growth rate if each species,

r;, Necessary to maintain this equilibrium,

r=—(AxX.).

Simulations then consist of the following series of steps, described in further detail

below.

1. Count how many cells of each species are present in the environment at the start

of the time point, contained in the vector X,.

2. Calculate the growth rate for each species as dependent on X;. In our initial

simulations, all cells of the same species will grow at the same rate.
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3. Randomly list all of the cells present in the environment, consider each cell in

turn according to this order.

4. Instigate growth / death of each cell depending upon its species’ growth rate and

whether there are free spaces such that growth is possible.

At the start of each time point we count the total number of each species, X;, then

calculate the growth / death rate of each species, defined by,

growthRates = r + AX; — diag(A).

The —diag(A) term removes the interaction of each specific cell with itself while
maintaining interactions with other cells of the same species. We next rescale all the
rates to be between [0, 1] by dividing each rate by the magnitude of the maximum growth
/ death rate at that time point. This gives us an adaptive time-step that enables us to
distinguish between species with very small differences in growth rates.

We next list all cells in random order, then assign an independent U ([0, 1]) random
number, ¢, to each cell. We consider each cell in the list in turn. For each cell, if
its growth rate is positive and greater than its assigned random number, ¢, we assume
growth will occur, and a new cell of the same type will be placed in an adjacent spot (up,
down, left, or right, chosen at random). If there are no free spots immediately adjacent
to the focal cell, then no growth occurs. Similarly, if the cell’s growth rate is negative,
and its magnitude greater than its assigned random number, ¢, then we assume death
occurs, and that cell is removed from the environment.

Once each cell has been considered, we check to see whether the population has
grown over the pre-defined population cap, and if so we remove a randomly chosen set
of cells, such that the population is reduced down to the population cap. This marks the

end of the time-point, and the process repeats again.
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We initially allow the simulation to run for five time-steps, then perturb the commu-
nity — reducing the population size of each species by 10%. The simulation process then
returns to run as normal for 1000 time-steps, and we evaluate the stability of the com-
munity following this perturbation. Specifically, we define stability as the proportion of

communities that retain all their initial species throughout the simulation.

3b. Effect of cooperation on community stability

We begin by investigating how changing the proportion of cooperation within a com-
munity affects its stability. As in our analytic work, we achieve this by altering the inter-
action matrix, A, to change the proportion of cooperative interactions. We investigate
this in three different settings — increasing cooperation in initially purely competitive
communities, in purely exploitative ones, and in communities where interactions are

otherwise randomly assigned.

3c. Effect of spatial segregation on community stability

We are interested in what potential mechanisms the host might possess to promote a
stable microbiome. As discussed in the main text, one possible mechanism is spatial
segregation, whereby the host reduces the probability of species interacting with one
another. Specifically, we consider a case where populations start from a varying ini-
tial density and then grow clonally to create patches of a single genotype. The lower
the density of the initial inoculation, the stronger the spatial structure (figure S3.18).
Moreover, whilst in our original simulations we assumed that each cell could interact
with every other cell, we now assume that each cell only interacts with a subset of cells
within a certain radius of it.

As in our initial simulations, we define the capacity for interactions between species

by the S x S matrix A, the parameters of which are drawn from a half normal | N (0, 0?)|
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distribution, with signs chosen so as to achieve the desired levels of cooperation, com-
petition, and exploitation. We next take the distribution of cells described above, and set
this as our equilibrium community, and solve for the intrinsic growth rate of each cell
necessary to achieve this. Due to the addition of spatial structure and limited interaction
neighborhood each cell will interact with a different subset of the population, so we
must now calculate the growth rate of each cell individually. We define the vector X
as the number of of cells of each species within the neighborhood of cell . We then

calculate the growth rate for cell ¢ as,

rt = —(A(lall). x X.,),

where [ is the species type of cell i. For each species we then average the growth
rates, r;, of all the cells of that type, and set this as the intrinsic growth rate for that
species. The simulations then progress in the same manner as in our first, non-structured
model; the cells are randomly ordered, their growth rates calculated, then any action
(growth / death) implemented according to this random order. Unlike our original sim-
ulations where all cells of the same species had the same instantaneous growth rate,
each cell will now have a different overall growth rate depending upon the subset of the
population that lies within its neighborhood. As in our initial simulations, we run the
model for five time steps before perturbing all of the species densities, then observe the

ability of the community to retain all of its initial species over time.

3d. Effect of feeding on community stability

Hosts further manipulate their microbiome via epithelial feeding of microbes within the
gut community. Here we extend our simulations to capture this behavior, and examine
the consequences for community stability. We focus on two potential effects of host pro-
vision of nutrients upon the behavior of the gut community — first, the scenario whereby

host provided nutrients act as an alternative nutrient sources for the gut microbes, and
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second, the case in which nutrients act as an extra source of energy by which to increase

cell growth rates. We discuss each of these approaches in detail below.

Case 1: food as an alternative to interactions

One potential effect of host-provided nutrients is that they act as an alternative to bacteria-
provided substrates — that is, the use of a host supplied nutrient weakens the interactions
between the microbes in the community. For example, the host supplied nutrient may
be an alternative carbon source to a nutrient supplied by another community member.
This case is directly analogous to the case explored in our analytic work (Figures 3.4
B, S3.16). Here, we explore two possible options; in the first all interactions between
cells can potentially be weakened by interacting with the host supplied nutrients (gen-
eral feeding, Figure S3.16) whilst, in the second, host supplied nutrients only have the
effect of weakening interactions between cooperative species (targeted feeding, Figure
3.4 B). In both cases we assume that each species’ initial equilibrium density is deter-
mined from a combination of both its interactions with other microbes and with the host
supplied nutrient.

In our simulation we capture this with the presence of an additional nutrient source,
kept at a constant level, which can be metabolized by members of the gut community.
Like cells themselves, this nutrient has a spatial component, and will only weaken in-
teractions when a cell overlaps with the location of the nutrient. We define the effect
of using the nutrient, ¢, (here ¢ = 107° so as to be on the same order of magnitude as
a single cell-cell interaction in our models) and the simulation is then composed of the
following steps, listed below.

As in our initial simulations, the process begins by seeding the environment with
roughly equal numbers of each species, placed at random (without any structure), and
setting this distribution as the community equilibrium. In the same manner, set quanti-

ties of nutrients are also placed at random in the environment (to be redistributed each
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timestep). We set 7y to be the proportion of cells that will on average overlap in loca-
tion with nutrient molecules, and of this, § represents the proportion of these overlaps
in which, on average, nutrients are metabolized in favor of an interaction with neigh-
boring cells. This equates to whether cells have a preference for interacting with other
microbes (when § < 0.5), or with the host provided nutrients (when > 0.5). We then

use this to calculate the intrinsic growth rates, r, of each species as,

r=—(A(Xeg =07 Xeg) +10 67 N?),

so as to set the initial population as the community equilibrium. The simulation then

follows the same series of steps to our previous implementations of the model.
Case 2: Food as a supplement to cell-cell interactions

We next investigate the scenario where host-provided nutrients acts as an extra resource
that acts in addition to pre-existing microbial interactions. In this case we consider
a population that is already at equilibrium, then study the effect of adding nutrients
to the environment. As in Case 1, we begin by seeding the environment with a random
distribution of each species, and a set amount of nutrients. We then calculate the intrinsic
growth rates of each species, r, independent of any nutrients present in the environment,

such that,

r=—(AXe)).

Each time-step then begins by counting the population size of each species, con-

tained in X, then calculating each species’ growth rate, now given by,

growthRates = r + AX — diag(A) + ¢ v N?,

where as before ¢ represents the strength of an interaction with the host supplied

nutrients, and v/N? the number of nutrient molecules that each cell interacts with. As
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such, the last term on the right represents the contribution to the overall growth rate from
interactions with host-supplied nutrient molecules. As before, growth rates are rescaled
by the magnitude of the maximum rate of cell growth or death in the community, cells
ordered at random, then each cell considered in turn, with any actions (growth / death /
nothing) decided based on the value of their species’ growth (or death) rate.

When the additional nutrients provided by the host remain at a constant level through-
out the simulation, this increases intrinsic growth rates (growth not dependent upon mi-
crobial interactions) and therefore reduces the likelihood of species going extinct. By
the measure of stability used to analyze our IbM results — whether a community is able
to maintain all of its initial species over time, feeding therefore acts to increase the sta-
bility of the microbial community (Figure 3.4 C). This is a different form of stability
to that above. As is typical in the literature, our earlier analyses consider communities
maintained at a stable equilibrium by the interactions between the community members.
However, the effect of increased growth rates here is to push the species’ populations
to their maximum size, such that they are now regulated extrinsically by the capacity of
the host. This is critical because it can turn what were formerly cooperating species into
competitors.

To see this, it is important to realize that the occurrence of competition versus co-
operation can be more nuanced than simply examining the interaction parameters (a;;)
between species in the model. In the presence of an external population cap, these in-
teraction terms only define the net effects of one species on another during early stages
of growth, before the community has reached the cap. However, once the community
has reached its steady state at the cap, the effect of one species on another is now a
combination of both the direct interaction terms (a;;) and competition for limited space.
This latter effect can change previously cooperative interactions into competitive ones.

The change to competition can be demonstrated in our model by removing a pre-

viously cooperative species and observing how this removal affects the other species.
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If the focal species is cooperating, removing it should harm the other species (Mitri
and Foster, 2013). However, removing the focal species, we see that the other species
typically both increase in their densities and their rate of cell production per unit time
(Figure 3.4 C). The removed species was then, at this point, primarily a competitor with

negative effects on most other species.

4. Experimental validation

While there is a rapidly growing body of data on species abundances in the mammalian
microbiome, there have been few studies focused on deciphering the interactions be-
tween these species. However, the work by Stein ef al. (Stein et al., 2013) is one such
study. The authors used time-resolved metagenomics and machine learning to infer the
interactions between community members — species or genera — within a mouse model.
These data then allowed us to test our predictions about the profile of ecological inter-
actions within the mammalian microbiome.

We first looked at the distribution of interaction types between the community mem-
bers. Our analysis predicts that a stable community within the microbiome will contain
only a small proportion of destabilizing cooperative interactions, amongst a larger num-
ber of competitive or exploitative links. We found that this is indeed the case in the
Stein et al. dataset (Figure 3.4 D, bar chart), in which of all possible interactions, only
14.8 % are cooperative.

A second key prediction from our analysis is that, in a stable microbial commu-
nity, the interactions between species should be predominantly weak relative to the self-
regulation that each species experiences due to within-species competition, captured by
s (see equation S1). Again we find our prediction is supported by the Stein et al. data —
the histogram in Figure 3.4 D shows how the vast majority of ecological interactions be-
tween community members are weaker than that of the average interaction of a species

with itself (5), with only a few strong ecological interactions between members.
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The models we have presented here are general, which makes them widely applica-
ble and able to identify general principles. However, a criticism of such models is that
generality might come at a cost of accuracy if important details are not accounted for.
Do our models then make correct predictions when we parameterize them using real
data? We evaluated this question using the Stein ef al. data. Specifically, we obtained
the general community parameters — S, C, P,,, P,, 0, 5 — of a stable mouse microbiome
community from Steinet al. Using these in our analytical model (supplementary sec-
tion 1) we can predict the bound on the eigenvalues, and therefore the stability, of this
community. Not only did our analysis correctly predict the community to be stable, but
we also correctly estimated the location of the stability determining dominant eigen-
value in the community when this value was explicitly calculated using each individual

member’s densities and interaction strengths (Figure 3.4 D, right).
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3.5 Supplementary Figures
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Figure 3.5: Diversity destabilizes communities. Here we plot our analytic measure of sta-
bility over increasing species number for random networks with different interaction types
(C =0.7,—s = —1,0 = 0.05). Increasing the species number has destabilizing effects across
communities of all interaction types. Mathematically, adding new species to a network in this
way always increases the largest real part of the community’s eigenvalues and, therefore, the
stability of the community decreases. The higher the proportion of positive interactions within
the community, the larger this effect -— and thus diversity is most destabilizing for cooperative
communities. Note that we use a break in the y axis of some plots in order to allow the early
behaviour of all plots to be directly compared.
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Figure 3.6: Increased proportions of cooperative interactions decrease stability in exploita-
tive and random communities. A) Illustration of different network types; competitive (green),
exploitative (blue), random, and cooperative (red). B) Linear stability analysis. Left hand
plot shows analytical solutions for eigenvalue locations as a function of increasing cooperation
(shown as increasing red). The largest value of the real components (x-axis) determines whether,
and how fast, a return to equilibrium occurs (stability), whilst the imaginary components (y-axis)
determine the frequency of oscillations in population densities following perturbations (Figure
1). The solutions give the position of all eigenvalues in the form of an ellipse, with the exception
of a single eigenvalue that corresponds to the average row sum of the interaction matrix (repre-
sented by a dot that may lie outside of the ellipse). Increasing cooperation increases the largest
eigenvalues, and stability decreases. Solutions hold for any permutation of a community net-
work with a given parameter set (here: S = 100, C = 0.7, —s = —1, o = 0.05, see supplemen-
tary section 1b for parameter sweeps that show that cooperation is nearly always destabilizing).
Right hand plots are simulation results showing the proportion of communities that are stable to
confirm our analytic results. C, D) Increasing cooperation also decreases community stability
in our permanence analysis and individual-based model (here: S = 10, C' = 0.7, —s = —0.2,
o = 0.05, errorbars: SEM for 100 samples). E) Increasing commensalism (+/0) within an
ammensal (—/0) community has a similarly destabilizing effect.
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Figure 3.7: Numerical confirmation of the analytical model for increasing cooperation in
an exploitative community. The stability of a community is dependent upon the localization
of its eigenvalues within the complex plane, which we can predict using our analytic measure.
We confirm the accuracy of this analytical approach by simulating representative communities
(S =100,C = 0.7,—s = —1,0 = 0.05) and explicitly calculating their eigenvalues (black
dots), which we can see are contained within our analytically calculated bound (red, Figure 3.2).
For example, we confirm that stability decreases (the largest real eigenvalue part becomes less
negative) when we increase the proportion of cooperation in an otherwise exploitative network.
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Figure 3.8: Effect of increasing cooperation on stability in exploitative communities. The
derivative of stability with respect to the level of cooperation, P,,, across C'/ P,,, parameter space
reveals how increasing cooperation always destabilizes exploitative communities, regardless of

the connectivity of the network — that is, % < 0 for all values of connectivity, C, and co-
operation, P,,,. Here we illustrate this in a community with species number S = 100, and
self-regulation, —s = — 1, however, the same behavior holds true for equivalent communities

with different levels of self-regulation, and higher species numbers. The two visually distinct re-
gions of the heatmap indicate the regions where the ellipse determines stability (left) and where
the dot does (right), illustrating how the dot decreases stability at a linear rate, whilst this rate
is much slower in regions where community behavior is driven by the ellipse. The magnitude
of dd?[{n is larger for higher C, indicating how increasing cooperation is more destabilizing in
communities with higher connectivity.
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Figure 3.9: Effect of increasing cooperation on stability in random communities. The deriva-
tive of stability with respect to the level of cooperation, P,,, across C'/ P,,, parameter space re-
veals how increasing cooperation always destabilizes random communities, regardless of the
connectivity of the network — that is, dd% < 0 for all values of connectivity, C', and cooperation,
P,,. Here we illustrate this in a community with species number S = 100, and self-regulation,
—s = — 1, however, the same behavior holds true for equivalent communities with different
levels of self-regulation, and higher species numbers. The two visually distinct regions of the
heatmap indicate the regions where the ellipse determines stability (left) and where the dot does
(right), illustrating how the dot decreases stability at a linear rate, whilst this rate is much slower
in regions where community behavior is driven by the ellipse. The magnitude of % is larger
for higher C, indicating how increasing cooperation is more destabilizing in communities with
higher connectivity.
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Figure 3.10: Effect of cooperation on stability in competitive communities. A) The derivative
of stability with respect to the level of cooperation, P,,, across C'/ P,,, parameter space reveals
how the effect of cooperation upon stability in competitive communities changes across C'/ P,
parameter space. When % < 0 cooperation is destabilizing, whilst when % > 0itis
stabilizing. Note that the magnitude of the rate of stabilization is far smaller than the average
rate of destabilization. B) Black regions highlight parameter space where increasing cooperation
is destabilizing, whilst white regions mark where it is stabilizing. The size of the region where
increasing cooperation is stabilizing decreases as connectivity, C', or species number, .S, increase
(here S = 100). C) The stabilizing influence of cooperation increase does not typically affect
the transition from stable to unstable communities. This is illustrated by plots of ecological
stability for a community with S = 100,60 = 0.05. D, E) In realistic communities that also
contain exploitative interactions (here at 20%), the range of parameter space where increasing
cooperation can be stabilizing is further reduced. F) Plot of ecological stability for communities
that also contain exploitative interactions; again the stabilizing effect of increasing cooperation
does not affect the stability threshold.
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Figure 3.11: Numerical confirmation that intermediate levels of cooperation (mutualism)
can promote stability in a model of a macroscopic community. We reproduce the numerical
model of (Mougi and Kondoh, 2012) in an unstructured network, and demonstrate how certain
interaction dependencies can lead to increased stability for intermediate levels of cooperative
interactions. Specifically, here different interaction types (cooperative versus exploitative) are
weighted independently in a frequency dependent manner — such that a given species always
dedicates a constant level of effort towards cooperative interactions, and a separate constant level
towards exploitative interactions. As in (Mougi and Kondoh, 2012) we numerically simulate
such communities for varying values of species number, .S, and connectivity, C, and plot the
proportion of communities that are stable for each parameter combination in 25 independent
repeats.
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Figure 3.12: Numerical confirmation that increased stability at intermediate levels of co-
operation (mutualism) is not observed when each interaction type is not weighted indi-
vidually. We numerically simulate communities in .S, C' parameter space for varying levels of
cooperative interactions (mutualism) without the frequency dependent weighting of interaction
types. We simulate 25 independent communities for each parameter combination, with interac-
tion strengths drawn from a Uniform U ([0, 0.1]) distribution so as to, on average, be of a similar
magnitude to those in Figure 3.11, and plot the proportion of communities that are stable.
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Figure 3.13: Our analytical model captures the stability behavior seen numerically in
(Mougi and Kondoh, 2012). Ecological stability is dependent upon the localization of the com-
munity’s underlying eigenvalues in the complex plane. Here we demonstrate that our analytic
approach can predict the change in eigenvalue localization for communities in which interac-
tions between species are weighted in a frequency dependent manner, as in (Mougi and Kondoh,
2012). A-E) Eigenvalues (black dots) of 4 simulated communities (S = 100, C' = 0.7) with the
frequency dependent weighting on interaction types as implemented in Figure 3.11 and (Mougi
and Kondoh, 2012), alongside our analytical prediction of the eigenvalue distribution (red line
and dot). Some eigenvalues lie outside the ellipse because we sample interaction strengths from
a random distribution, but this does not affect our ability to capture the general behavior. Panel
F compares our analytical prediction of stability (red line) against the average observed stability
for 100 representative networks (black dots), with blue lines representing the standard devia-
tion. This demonstrates how our analysis can capture the behavior seen in (Mougi and Kondoh,
2012), and our numerical simulations, when each interactions type is weighted individually.
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Figure 3.14: Numerical confirmation of the analytical model for introducing competitive
species to a network of cooperators The stability of a community is dependent upon the lo-
calization of its eigenvalues within the complex plane, which we can predict using our analytic
measure. A) We confirm the accuracy of our analytical results by numerically simulating com-
munities in which competitive species are added to an initially purely cooperative community
of 100 species (C = 0.7,—s = —1.75,0 = 0.05). We plot the eigenvalues of these simulated
communities (black dots) and show how their localization is accurately predicted by our analytic
bound (red line) B) We then simulate independent sample communities with different numbers
of competing species, calculate their average stability (10 each, black line), and compare this
with our analytical results (red line). The addition of competitors changes the proportion of
cooperative links (P, blue line) which has a stabilizing effect that initially is stronger than the
destabilizing effect of larger species numbers.
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Figure 3.15: Introducing exploitative species to a network of cooperators is also stabilizing,
but adding random species is not. We consider an unstable cooperative network in which all
interactions are concentrated between a small number of species (Sipiy = 100,C' = 0.7, —s =
—1,0 = 0.05), then gradually add new species such that the original cooperative interactions are
now distributed between a larger number of species. The new species interact with community
members in a manner that is either exploitative (A) or “random” (B). We plot our analytic mea-
sure of stability as a function of the number of new species added (black line), and (A) demon-
strate how adding exploitative species can initially stabilize the focal community, although, at
high numbers of additional species, the destabilizing effect of high species numbers (Figure 3.5)
will dominate, and the community will again destabilize. To capture this we break the plot into
two sections (note the x-axis break) as the destabilizing behavior occurs at a much lower rate
than the initial stabilization that occurs at low species numbers. (B) Adding species that inter-
act in a “random” manner (25 % cooperatively, 25 % competitively, and 50 % exploitatively)
does not have a stabilizing effect, as it does not sufficiently decrease the overall proportion of
destabilizing cooperative interactions (blue line).
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Figure 3.16: Non-targeted feeding does not make communities stable. Host-supplied nu-
trients that weaken all interaction types equally do not increase community stability in linear
stability analysis (A), permanence analysis (B), or an individual-based model (C). In order to
capture any effects of host manipulation, we study parameters for which some communities are
stable and some are unstable. For linear stability analysis: .S = 300, C' = 0.7, —s = —1,
o = 0.05. For permanence analysis and IbM: .S = 10, —s = —0.2, errorbars: SEM). We use
different parameters for the second two methods because they are computationally expensive
and can only be applied to smaller communities.
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Figure 3.17: Redundancy in cooperation can increase ecological stability. We use linear
stability analysis to examine the effect of replacing strong cooperative links with multiple weaker
cooperative interactions. For example, one interaction of strength 1 may be replaced with three
interactions, each of strength 1/3. Whilst this manipulation does not affect highly unstable,
highly cooperative communities, it can increase the stability of communities with lower levels
of cooperation. The cross in the two curves for P,, = 0.25 and P,, = 0.5 occurs because the
former has fewer cooperative links to make redundant and so the effects making cooperative
links highly redundancy is overall weaker. We examine a network with a low initial level of
connectivity, C' = 0.2, to allow a wide range of redundancy to be examined (here: S = 100,
—s=—1,0=0.05).
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Figure 3.18: Implementation of increasing spatial structure in the individual-based model.
To increase structure, we decrease the number of randomly arranged cells that start communities,
which leads to the emergence of larger clonal patches. In these models, we also assume that each
cell can only interact with those cells within a certain local neighborhood.



The assembly of microbiome
communities

4.1 Abstract

Every generation, humans and many other host species must establish a diverse commu-
nity of symbiotic microbes in order to function properly. Yet despite their importance,
we currently lack a general understanding of what promotes, or inhibits, the assembly
of these vital communities. Here we develop ecological theory to identify key factors
underlying microbial community assembly. Specifically, we develop a new method for
mapping out ecological landscapes that has strong analogies to the study of fitness land-
scapes in evolutionary biology. We show that diverse communities will most reliably
assemble when their constituent species interact both weakly and competitively. By
contrast, strong or cooperative interactions can create barriers to community assembly
whereby many species must arrive simultaneously for a community to establish. More-

over, in these communities, the loss of one or a few species can lead to the system
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collapsing down to a state of very low diversity. Communities dominated by cooper-
ative and strong interactions, therefore, also tend to be less diverse on average. Our
methods allow us to identify the most probable communities from any given set of mi-
crobiome species and open up the way for the rational design of communities from the

bottom up.

4.2 Introduction

The human gastro-intestinal tract harbours a dense community of microbes that are vital
for our own health, providing benefits ranging from protection from pathogens, through
to priming our immune systems (Béickhed et al., 2005; Dethlefsen and Relman, 2011;
Lee and Mazmanian, 2010; Mazmanian et al., 2008). The initial acquisition of a healthy
microbiome community is, therefore, a critical period in infant development (Bergstrom
et al., 2014; Cox et al., 2014; Jost et al., 2012). Typically this assembly process is
assumed to follow a relatively predictable pattern, with the infant gut progressing from
initially uncolonised to possessing a stable, diverse microbiome that resembles that of
an adult within the first years of life (Koenig et al., 2011; La Rosa et al., 2014; Lim et al.,
2015). This development process is considered crucial for good health; a stable, diverse
microbiome is thought to correlate to host wellbeing, and disruptions to this process
contribute to a number of diseases, including necrotising enterocolitis — the second most
common cause of death in premature infants (Decker et al., 2010; Neu and Walker, 2011;
Zhou et al., 2015). However, despite its clear importance, we still understand little about
the causative factors that enable a healthy microbiome community to initially assemble
and persist.

A key barrier to establishing a general understanding of microbiome communities
is their complexity. There is a large and rapidly growing body of empirical data on

microbiome communities. However, on its own this data is poorly placed to disentan-
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gle the drivers of microbiome assembly, because so many species and processes are
involved that can potentially be conflated. There is a clear need then for complemen-
tary theory to identify general principles and testable hypotheses underlying the rules
of microbiome community assembly. The field of theoretical ecology has a long his-
tory of using mathematical approaches in order to understand the ecological dynamics
of complex macroscopic communities (Allesina and Tang, 2012; Campbell et al., 2011;
Capitdn and Cuesta, 2010; Law and Morton, 1996; May, 1972; Morton and Law, 1997;
Warren et al., 2003). However, while these approaches have been widely applied to the
study of plant and animal communities, they have received little attention in the context
of the microbiome. Based on these methods, we recently developed ecological theory to
understand the factors underlying the stability of established microbiome communities
(Chapter 3, (Coyte et al., 2015)). This identified a number of general ecological proper-
ties that are predicted to influence the stability of microbiome communities, which we
verified using published empirical data. However, our work was silent on how these
communities assemble and establish in the first place.

Here we develop a new theoretical framework in order to investigate the key drivers
underlying the robust assembly of diverse microbiome communities. Our framework
captures the different stages of microbiome assembly as a series of ecological networks
that can contain different numbers and combinations of species. We evaluate what hap-
pens when a species is added to, or removed from each one of these networks, in order
to examine the potential pathways by which any state of the microbiome can move to a
position of increased, or decreased diversity. With this, we ask how species properties
affect the ability of a microbiome community to reliably assemble up to a diverse state
as new species successively arrive. Our work predicts that diverse communities can
most robustly assemble when the constituent species have strong within-species inter-

actions, weak between-species interactions and when the interactions between species
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are predominantly non-cooperative. These simple and testable predictions provide a

basis to both understand and manipulate the assembly of microbiome communities.

4.3 Results and discussion

To explore the dynamics of microbiome assembly we develop a method to build com-
plete assembly landscapes for communities (Figure 4.1), inspired by studies in theo-
retical ecology of plant and animal communities (Campbell et al., 2011; Capitan and
Cuesta, 2010; Law and Morton, 1996; Morton and Law, 1997; Warren et al., 2003). We
choose viable communities of a certain size then identify all the possible pathways by
which they could have assembled. This is analogous then to observing a particular mi-
crobiome community in nature and trying to determine the characteristics of its original
assembly. Specifically, we identify all the sub-communities of a given total species pool
that are able to persist within the environment, then determine all the possible transi-
tions between them that can occur through the addition or removal of a species — thus
building the assembly landscape for the focal community (Figure 4.1, Materials and
methods Section 1). We focus throughout on systems where species arrive or are lost
one by one, but the same principles may be used to identify the possible transitions that
would occur were two or more species to arrive at one time.

We capture the dynamics of each of the sub-communities using unstructured gener-
alised Lotka-Volterra models — systems of ordinary differential equations that describe
each species’ growth within a complex community (Materials and methods, Section 2).
This approach naturally captures biologically critical network motifs such as chains of
cross-feeding metabolic exchanges between species (Louis et al., 2014), and, crucially,
has been shown to well capture microbiome dynamics (Buffie et al., 2015; Marino et al.,
2014; Stein et al., 2013). Current microbiome data do not indicate strong deviations

from such unstructured communities, making them a good starting point for our anal-
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Figure 4.1: Schematic of an assembly landscape. The assembly landscape maps out all viable
sub-communities of a given species pool, as well as all the possible transitions (via gain or
loss of species) between them. Here orange circles represent individual sub-communities, while
solid black lines indicate the ability of a community to transition from one state to another via
the successful invasion of a new species. Dashed red lines indicate transitions due to the loss of
species. By assigning rates to each of these transition events, given by ~ and 4, (for example,
based on the likelihood of a new species arriving) we can predict features such as the likely
long-term state of the community.

ysis of community assembly. However, there remains the possibility to incorporate the
effects of structured ecological networks should the data warrant it.

We embed our models of community dynamics in an assembly framework that anal-
yses whether the addition, or removal, of a species to a given sub-community leads to
a viable new community (Materials and methods, Sections 3 and 4). We define viable
communities as those that are robust to species fluctuations, such that the community
will not collapse if any one species is lost, and every constituent species is individu-
ally capable of invading when rare (Figure 4.2). We can then identify all of the viable
sub-communities for a focal community. This method is built upon the logic of per-
manence in ecological theory (Jansen, 1987). Permanence analysis is a method that
identifies extremely robust communities, which once assembled will retain all of their
constituent species even in the face of incredibly strong perturbations. In our method,
these extremely robust communities are identified but so too are communities that are

still highly robust, but do not meet the stringent mathematical requirements of a tradi-
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Figure 4.2: Classification of viable communities. For a given sub-community (A) to be viable
it must meet the criteria that (B, left) if any of its members are removed, the remaining species
can achieve new, non-negative equilibrium densities and (B, right) the missing species should
be able to reinvade when rare. If the sub-community cannot achieve a new equilibrium when
any one member is removed (C) or the removed species is unable to reinvade (D) then the sub-
community will be classed as unviable.

tional permanence analysis. With this, we can ask how key ecological factors influence

the number and nature of paths to the assembly of diverse communities.

Strongly interacting and highly cooperative communities are difficult
to assemble, and prone to collapse

Systematically varying the ecological properties of species reveals clear effects on com-
munity assembly. We find that strong ecological interactions between species, cooper-
ation, and the connectivity of the ecological network all reduce the probability that a
focal community can reliably assemble (Figure 4.3). Even though all the communities
we are studying are viable when all constituent species are present, we find that strong
or positive ecological interactions reduce the probability that there is a continuous path

through the assembly landscape. Put another way, we see an increase in the number of
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Figure 4.3: Increasing cooperation or interaction strength reduces the probability that a
community will be able to assemble via stochastic species arrival and loss alone. Here we
generate pools containing a total of S species and construct each of their assembly landscapes.
Probability of assembly refers to the likelihood that a path exists from the initial uncolonised
environment to the fully assembled community containing all S species, and we see that this
decreases with increasing levels of cooperation or interaction strength. This trend is consistent
for varying levels of connectivity. When varying cooperation (left) the remaining interactions
within the species pool are distributed randomly, giving approximately 2/3rds exploitative and
1/3 competitive interactions. When varying interaction strength (right) then interaction types
are distributed as 1/3 cooperative, 2/3 exploitative, and 1/3 competitive. Here, S = 7,—s =
—0.1,0 = 0.05, repeats = 100, errorbars = SEM.

communities with fractured assembly landscapes (Figure 4.4 A, B). In these cases, the
diverse final community may be relatively resilient to small to medium perturbations —
such that if one or two species were lost the community would be able to reassemble —
but it cannot be reached from the initial uncolonised state.

What is the intuitive reason for the formation of fractured assembly landscapes?
Previous work has shown that interaction strength, cooperation, and connectivity can all
destabilise communities (Allesina and Tang, 2012; Coyte et al., 2015; May, 1972). The
reason for this is that cooperation and strong interactions increase the coupling between
species and the potential for positive feedbacks, whereby the loss of one species can
drive the loss of others. In the context of community assembly, this effect takes on new

significance, as co-dependence can mean that some species cannot invade a community
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Figure 4.4: Increasing cooperation or interaction strengths fractures the assembly land-
scape. (A) When the total species pool contains little cooperation or weak interactions then the
assembly landscape generally forms a single connected component, as illustrated in (B, left)
(cooperation = 45%, strength = 1). Here orange circles represent viable sub-communities and
blue lines capture transitions between them due to the addition of new species (for clarity, transi-
tions due to species loss are not shown). At higher levels of cooperation or interaction strengths
the landscape breaks into multiple components, as illustrated in (B, right) (cooperation = 90%
strength = 1). (C) Treating the assembly landscapes in (B) as Markov processes we can examine
the long-term probability of observing different sub-communities. (C, top) when the species ar-
rival rate equals that of species loss we are more likely to observe less diverse communities. (C,
bottom) when the species arrival rate is much higher (x10) than that of loss then more diverse
communities are more probable. However, even though highly diverse communities are viable
for high levels of cooperation, these are unlikely to be observed in the long-term due to fractures
in the assembly landscape (B, C, right). Here S = 7, —s = —0.1,0 = 0.05, repeats = 100,
errorbars = SEM.
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without the presence of certain other species that support their growth. Accordingly,
even though a final community may be viable — with any one species able to bounce back
from low numbers — this does not mean that the subsets of this community are similarly
robust. A key implication of such fractured landscapes then is that even once assembled
communities can be prone to collapse, whereby the loss of one or two species can drive
a runaway effect where many further species are lost, and diversity drops precipitously.
This phenomenon is analogous with the “Humpty-Dumpty” effect observed by Law
and Morton when examining macroscopic food-web systems (Law and Morton, 1996).
In this work species were strictly classified as producers or consumers and thus the
community contained only exploitative (+/—) interactions (with no direct competition
or cooperation) but similarly the authors observed certain communities that were stable

once present, yet could not be reassembled from scratch.

Cooperative communities have a stereotyped assembly process

A well-known property of community assembly in many contexts, including the micro-
biome, is that species tend to establish in a relatively predictable order (Begon et al.,
1996; Koenig et al., 2011; La Rosa et al., 2014; Palmer et al., 2007). We therefore next
examined how community properties influenced the predictability of assembly within
our landscape framework. The goal of this analysis has overlaps with the study of fitness
landscapes in evolutionary biology, where viable paths of increasing fitness are sought
through mutational space. There, a general property observed is that there are only a few
pathways through a mutational landscape that increase fitness with each new mutation
(Poelwijk et al., 2007; Weinreich et al., 2006) . Analogously, we observe that assembly
landscapes are also often relatively sparse. That is, even though there may be several
different paths through a landscape, these paths are a small subset of the total number

of possible paths were all sub-communities viable.
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Figure 4.5: Communities with strong or cooperative interactions have fewer viable path-
ways to full assembly. Here we plot the number of feasible assembly pathways in land-
scapes for which there exists at least one pathway to the fully diverse state. A S = 7 species
community will have a total of 7! = 5048 possible assembly pathways, however, the unvi-
ability of some sub-communities will reduce the proportion of these pathways that are actu-
ally achievable. Increasing cooperation (left) or interaction strength (right) reduces the num-
ber of viable sub-communities, and thus the number of feasible assembly pathways. Here
S =17—s=—-0.1,0 = 0.05, repeats = 100, errorbars = SEM.

There is often a degree of predictability, therefore, in how communities assemble,
because many of the potential steps in assembly do not lead to viable communities.
We can then ask how the ecological properties of species affects this measure of pre-
dictability. Consistent with our earlier results, we observe that communities with strong
or cooperative interactions tend to have fewer viable paths through them, such that as-
sembly when it is possible is more predictable and stereotyped (Figure 4.5). A related
signature of order effects within community assembly landscapes is the existence of
species that are unable to invade initially, and require the presence of another species in
order to colonise. Intuitively, such species are those that rely on strong positive ecolog-
ical interactions from other species in order to be viable. As expected then, we observe
that the number of secondary colonising species during assembly increases with both
positive and strong interactions (Figure 4.6). However, this trend reverses at high levels

of cooperation (Figure 4.6 A). Here the members of the community have become so
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Figure 4.6: Changing the level of cooperation or interaction strength exerts order effects
upon the assembly landscape. (A) Increasing cooperation initially increases observations of
species that cannot invade until others have established themselves (termed “secondary colonis-
ers”), due to increasing dependency between species. However, this trend reverses at high levels
of cooperation. At this point members of the community have become so dependent upon one
another than few will be capable of initial invasion at all (“primary colonisers”), reducing the
probability of observing one species facilitating the other, and rendering the community unable
to form via stochastic species arrival alone (B). (C) Increasing the strength of interspecies in-
teractions also increases the probability of observing secondary colonisers, with this trend only
reversing at high levels of connectivity. While increasing interaction strength also increases the
potential level of dependency between species, only in the case of high connectivity does it do
so enough to substantially reduce the number of primary colonisers, and prevent the entire com-
munity from assembling (D). Here S = 7,—s = —0.1,0 = 0.05, repeats = 100, errorbars =
SEM.
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dependent upon one another that few will be capable of initial invasion (Figure 4.6 B),
reducing the ability of a diverse community to assemble at all, and thus reducing the
probability of observing one species facilitating another. In sum, while cooperation and
strong ecological interactions both generally inhibit the potential for community assem-
bly, an important corollary of this is that when such communities can assemble, they

will do so following relatively predictable sequences.

Community landscapes as dynamic and hysteretic systems

So far, we have only considered the structure of assembly landscapes. However, in
reality, they represent dynamic systems where species can continually arrive or go ex-
tinct. In order to study these dynamics and understand their implications for community
assembly, we next explicitly study the arrival and extinction of species (as a Markov pro-
cess, Materials and methods Section 6). This approach makes it clear that communities
can spend significant time at a wide range of possible diversities. Moreover, the high-
est diversity state need not be the most probable state in a community landscape, as
species can be lost as well as gained. More formally, the probability of spending time
at the highest diversity will depend critically on the rate of supply of new species. In-
creasing the rate at which new species arrive increases the chance of observing the most
diverse communities (Figure 4.7). By contrast, increasing cooperation or interaction
strengths decreases the probability of observing larger communities (Figure 4.7). This
is expected, as these communities often have fractured landscapes that lack a continuous
path from the initial state to a fully assembled community (Figure 4.4). Such commu-
nities will spend more time at a low diversity, therefore, than comparable communities
with weaker or more competitive interactions.

Our Markovian analyses also reveals more nuanced effects, such as the potential for
non-fractured landscapes to get stuck in sub-communities of low diversity (Figure 4.8

A). As just discussed, the rate at which species arrive and go extinct is central to the
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Figure 4.7: Changing species migration rates or interspecies cooperation influences the
likely state of the community. Increasing the relative rate at which new species arrive (theta =
~/0) increases the probability of observing larger communities when the system is allowed
to assemble over time, even when the bias towards arrival is small. Increasing the level of
cooperation decreases the probability of observing large communities, as does increasing the
strength of interactions (though here the effect is weaker). Here S = 7, —s = —0.1, o = 0.05,
repeats = 100 C' = 0.7, errorbars = SEM.

average diversity of a given community landscape (Figure 4.7). However, even when
the rate of arrivals far outstrips extinctions we observe landscapes in which there are
multiple low-diversity community states, which once assembled cannot be changed, no
matter how frequently new species arrive (Figure 4.8 B). In these situations, even though
there is a clear pathway to peak diversity, the particular route that is taken through the
assembly landscape will determine whether or not the community can attain this fully
diverse state. Such hysteretic effects again have interesting analogies in the study of
evolutionary landscapes. There, a long-standing question has been whether such local
peaks exist and, if so, how often systems are stuck at them. Similarly, in ecology, the
potential for hysteresis has been noted in the context of aquatic microcosms, as well as
in simpler two-species microbial communities (Bucci et al., 2012; Drake, 1991). And,
though we observe this phenomenon rarely, we most often see such locally absorbing,
low diversity states for intermediate levels of cooperation and relatively strong inter-

species interactions (Figure 4.8 C, D).
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Figure 4.8: Hysteresis in community assembly. (A) An assembly landscape with multiple

potentially absorbing communities. Orange circles represent sub-communities, blue lines indi-
cate transitions between them due to the addition of new species, while red lines capture cases
where a new species replaces an existing one. Though there are feasible pathways to the as-
sembly of the full community, this system can get stuck at a state of lower diversity (dashed
green box). (B) A Markovian analysis of this landscape indicates that this lower diversity sub-
community is more probable, even when the species arrival rate is much greater than the rate
of loss (here cooperation = 55%, strength = 1, # = 100). (C, D) Such examples of multiple
absorbing states (hysteretic communities) are rare, but occur most often in communities with
intermediate levels of cooperation, or relatively high interspecies interaction strengths. Here
S =7 —s=—-0.1,0 = 0.05, repeats = 100

Do these attracting low-diversity states occur in natural microbiome communities?
Currently, there are few available data on ecological interactions within the microbiome.
However, one key study to date has attempted to map the ecology of microbiome com-
munities to generalised Lotka-Volterra models (Stein et al., 2013). While this dataset

contains 11 potential phylogenetic groups, our analysis predicts that the largest com-
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Figure 4.9: Identifying key sub-communities in real microbiome data. Applying our analy-
sis to real microbiome data (Stein et al., 2013) identifies a robust sub-community of three groups
that is more likely to be observed than any others, even when new species arrive frequently and
extinctions are rare (indicated by the largest red bar). However, increasing the rate of species
arrival to loss (increasing § = ~y/d) can none-the-less increase the probability of observing more
diverse communities.

munity that can be assembled contains only 7 of these groups. In addition, applying a
Markov process identifies a particularly robust combination of three groups that is an
attractor in this system, even when new species arrive frequently and extinctions are rare
(Figure 4.9). This includes two groups that cooperate with one another (Barnesiella and
unclassified Lachnospiraceae), and a third mixed group from the analysis that exploits
the first two (“Other”). Applying parameters from microbiome communities, therefore,
again appears to warn of the potential for assembly landscapes to have attracting peaks
of low diversity. Such low diversity states have the potential to be problematic should
the host rely on a diverse community for correct microbiome function. However, cru-
cially in these data this low-diversity community is not fully absorbing, meaning it can
be altered provided new species arrive frequently enough. As such, our model also
provides an intuitive solution to avoiding these low diversity states. Increasing the rate

at which new species arrive can gradually increase the probability of the community

achieving a state of maximal viable diversity (Figures 4.9, 4.4 C).
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4.4 Conclusions

Here we have presented new ecological theory in order to investigate the factors govern-
ing the assembly of microbiome communities. Our work emphasizes how the ecological
properties of species, and in particular their interactions, are central to their ability to
robustly form a diverse community. Strong interactions between species, and positive
interactions between species, can both form barriers to community assembly. Such in-
teractions lead to reduced and fractured assembly landscapes that can get stuck at states
of low diversity. However, when cooperative and strongly interacting communities can
assemble, they do so much more predictably, because of the relatively few viable routes
by which assembly can proceed. Applying our methods to data from the mouse mi-
crobiome highlights how our theory can be used to predict which species, or groups of
species, can robustly coexist. Such considerations will become increasingly important
as we seek to rationally engineer microbiome communities by introducing species that
perform a missing function for a host (Aroniadis and Brandt, 2013; Preidis and Versa-
lovic, 2009). More generally, our work emphasizes the need to increase our understand-
ing of the ecological interactions within microbiome communities. Only by taking into
account the ecology of the microbiome in this way, both theoretically and experimen-

tally, will we be able to understand and ultimately manipulate the microbiome.

4.5 Materials and methods
1. An introduction to assembly landscapes

As outlined in the main text, this work focuses on determining the assembly landscapes
for given communities. These structures first calculate all the possible sub-communities
of a focal species pool that are capable of persisting within the environment (termed

viable sub-communities), and then determine all the possible transitions between them.
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As such, they capture all possible developmental pathways of a habitat from initially un-
colonised, through various sub-communities, to a final state in which no further species
can be added (Figure 4.1). Specifically, we assume that there is a limited pool, 7', of
possible species !, and that new species arrive rarely enough that we only need to con-
sider the arrival of species one at a time. With these assumptions in place the problem
collapses down into establishing which of the possible sub-communities of the species
pool are viable, and determining the transitions between these communities based on
the gain or loss of individual species. This is an approach that has been used a number
of times in theoretical ecology in order to investigate specific community types, thus
here we adapted existing methodologies in order to better suit the microbiome (Camp-
bell et al., 2011; Capitan and Cuesta, 2010; Law and Morton, 1996; Morton and Law,
1997; Warren et al., 2003).

Below we outline the details of each of the core components of our assembly frame-
work in turn. First we describe the underlying model used to capture community dy-
namics, then the manner in which we define viable sub-communities. Next we discuss
the algorithm for building the assembly landscape itself, and finally detail the way in

which these assembly landscapes can be analysed.

2. Underlying community models

In order to properly capture the dynamics of microbiome assembly we require an un-
derlying community dynamics model that is not constrained by strict assumptions about
community structure. To achieve this we capture microbiome community dynamics us-
ing the generalised Lotka-Volterra equations introduced in Chapter 3. Under this model

the rate of change of species 7 is given by,

! An alternative here is to make no initial assumption about the total species pool, but rather repeatedly
draw new species from some pre-determined distribution. While this has the advantage of not limiting
the analysis ahead of time, this approach only allows us to analyse a single developmental pathway, and
it may therefore miss rare but important aspects of community assembly.
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dX;
dt

S
= X;(ri — s Xi + Z(ainj))> 4.1)
j=1

where r; represents the intrinsic species growth rate, s; captures the effect of a
species upon itself (termed the self-regulation), and a;; the effect of species j upon
species ¢. These inter-species interactions (a) can take one of five possible forms based
on the signs of a;;/a;;; +/— (exploitative), —/— (competitive), +/+ (cooperative),
+/0, and —/0, and crucially, unlike previous work on community assembly, we can
manipulate the proportions of each of these forms in order to fully examine how spe-
cific interaction types affect community assembly. The magnitude of these interspecies-
interactions are drawn from a half-normal distribution, with standard deviation o.

Importantly, we also modify the canonical generalised Lotka-Volterra model with
the addition of a cap on growth once individual species’ populations reach a certain size.
This is to prevent unrealistic infinite growth, which can otherwise arise in cooperative
Lotka-Volterra models. Specifically, we assume that each species, ¢, will grow according
to Lotka-Volterra growth dynamics unless it exceeds a threshold population size, K*,
after which its population cannot increase any further. Moreover, we also assume that
the community as a whole has a maximum population size, K7, for example, analogous
with there being a limited amount of space within the environment. Importantly, these
caps not only prevent infinite growth, but also introduce the potential for second order
competition, similar to that observed in the individual based models used in Chapter
3 (see Figure 3.4 C). Specifically, in the event that the total community cap is lower
than the sum of the individual caps, that is, K7 < > (K*) then at high population sizes
species will begin to compete for the limited space within the environment, even when
their intrinsic interactions are classified as cooperative (i.e. a;; and a;; are both positive).

The ratio of these two caps — and the subsequent introduction of second-order com-

petition — is likely to have an effect on community assembly dynamics. In particular,
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if communities are fully saturated this may reduce the ability of new species to invade,
stifling the assembly process. For this initial investigation we therefore set K7 and K7
so as to prevent this second order competition, however, fully investigating the role of
such behaviour will be an important component to understanding community assembly,

thus we highlight this as a key next direction for this work.

3. Determining community feasibility

We then determine whether or not communities are viable based on their robustness to
species loss (Figure 4.2). Specifically, for a community to be considered viable and
thus included within the assembly landscape it must fulfil the criteria that if any of its

resident species are removed then,

1. The remaining community must still be able to persist — i.e. no further species

should immediately go extinct.

2. The removed species would be capable of reinvading if reintroduced (i.e. the

removed species has a positive growth rate when reintroduced at a low density).

The aim here is to include communities within the assembly landscape that are rel-
atively robust to small scale perturbations (affecting just one species) without enforcing
stringent requirements on the entirety of the state space. This measure can thus intu-
itively be thought of as a weaker form of the permanence concept described in Chapter
3 (see Chapter 3 Materials and methods Section 2), which formally checks whether the
boundary of state space is always a repeller (and thus once assembled no species will
ever go extinct). In practice, we find that communities classified as viable under our
framework are typically also classified as permanent. However, our less stringent re-
quirements enable us to examine larger communities with higher levels of cooperation,
which we find in simulations are capable of persisting over long periods of time but

would be discounted when using traditional permanence as a metric.
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4. Constructing the assembly landscape

A species pool of size S will have 2° possible sub-communities, including the un-
colonised state. Therefore, the assembly landscape can be described by a single (2 x 2%)
matrix, (), in which each entry ();; represents the ability of sub-community ¢ to tran-
sition to sub-community j. In order to construct the assembly landscape, @), for a
given species pool we go through the following process, using the total species pool
T = [ABCD] as an example. First, to calculate the transitions within the assembly

landscape due to the arrival of new species:

1. Calculate which of the sub-communities of 7" are viable (see above, “3. Deter-

mining community feasibility™).

2. For each viable sub-community, identify each of the sub-communities that could
be reached via the arrival of a single new species — termed the augmented com-
munities. For example, for sub-community : = [AB] these would be j = [ABC]
and k = [ABD)]. For those augmented communities that are also viable, add a

connection in the assembly landscape, i.e., if j is also viable, set ();; = 1.

3. For those augmented communities that are not viable, calculate the growth rate of
the new species when introduced to the initial community at a low density, i.e.,
calculate whether this species would be capable of invading. For example, in our
case, if community k& = [AB D] was not permanent, check the growth rate of [D)]
when introduced to [AB]. If this growth rate is negative then set Q;; = Q;i11, if

not:

4. Check which of the sub-communities of the augmented community are viable,
this will include the initial community but may also contain others. For example,
for k = [ABD] both i = [AB] and [ = [AD] may be viable. As such, the invasion

of species D could either be transient such that the community eventually returns
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to state [AB] or it could trigger the replacement of species B with species D. As

such, set Q; = 1 and Q;; = Qjit1.

5. Repeat this process for each of the viable sub-communities of 7.

Next, we wish to determine the transitions within the assembly landscape that are
a consequence of stochastic extinction events (i.e. the random loss of a single species)

within a community.

1. For each viable state, determine the sub-communities that would result from
the loss of a single species, termed the reduced communities. For example,
for j = [ABC] the reduced communities would be i = [AB] m = [AC] and
n = [BC]. For those reduced communities that are viable, add a link in the as-

sembly landscape. For example, if ¢ and m are viable, set );; = 1 and @), = 1.

2. If any of these reduced communities are themselves not viable, check to see which
of their own reduced communities are viable, iterating downwards until you find
a viable community. For example, if n = [BC| were not viable, we would check
the viability of p = [B] and ¢ = [C]. If these two reduced communities were
viable, we would set ;, = 1 and ()j, = 1, if not, we would check the next
level downward (in this case, the empty set). This corresponds to a community

randomly losing one species, and this event triggering further extinctions.

5. Which communities to examine?

In our main text analysis we focus on the assembly of communities that are viable once
assembled, and whose dynamics are governed by their own interspecies interactions.
However, what happens if we instead focus on communities that are chosen entirely at
random, with no requirements on the interactions between species or viability of the

final community? Specifically, we can generate species pools in which the interaction
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parameters and intrinsic growth rates are each drawn from a normal distribution, scaled
to be of a similar magnitude to those in the main analysis. Applying our community
assembly framework to these species pools we see domination by species that are rarely
competitive, and are no longer at all dependent on one another. Members of these com-
munities will continue to grow until they hit the external cap on their population size,
and the full assembly landscape will typically be almost fully connected — meaning
there is very little required order to the invasion of new species. Moreover, this inde-
pendence means that the loss of one species from the species pool would have little if
any effect on the assembly of the remaining community members, and we do not see
the ‘Secondary coloniser’ species types described in the main text. This system thus
represents the opposite scenario to that examined in our main text — a world in which
community assembly is relatively independent of the interactions between members,

and is therefore relatively unpredictable.

6. The successional landscape as a transition matrix

To predict the long-term assembly behaviour of given communities, we treat the as-
sembly landscape as a Markov chain process in which transitions between states are
determined by the gain or loss of individual species. Specifically, we assume that new
species arrive at a rate «y per arbitrary time unit, and that species are lost from the com-
munity due to random extinctions at a rate 9. Moreover, we assume that each of these
gain or loss events occur rarely enough that only one such event will ever occur during
any given time-step. We can then use our assembly landscape, (), to generate a transi-
tion matrix that describes the rate at which each sub-community can transition to each
other sub-community. Each entry in the transition matrix can take one of four possible

values:

1. Entries that correspond to the simple addition of a single species to an existing

community are set at y/.S — the rate at which the new species in question arrives.
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2. Entries corresponding to cases where the addition of a new species can have b
possible outcomes (for example where a new species either invades transiently
and then disappears, or replaces another), are set to y/(b x .S) — as above, but now

assuming that each of the b possible events occurs with equal probability.

3. Entries that correspond to the simple loss of a single species are set to 0/5 — the
rate at which the species in question goes extinct (note, here the total extinction
rate d corresponds to the rate at which any of the species in the total pool go

extinct, not the rate of loss of species within the current community).

4. Entries corresponding to cases where the loss of a single species can have b possi-
ble outcomes (i.e. where the loss of a species triggers the potential loss of multiple
others) are set to § /(b x S) - as above, but now assuming that each of the b possible

events occurs with equal probability.

We can then use this matrix to find the stationary distribution of the assembly process
— and therefore predict the most likely states in which to observe the community. Setting

0 =~ 0 allows us to determine any absorbing states for the community.



Conclusions

My thesis explores microbial communities in two relatively disparate settings: in porous
media like soil, and within the human gut. Each chapter has its own detailed discussion,
thus here I take the opportunity to briefly summarise the major conclusions before dis-
cussing the general observations and future directions for this work.

In Chapter 2, I combined novel microfluidics experiments with mechanistic models
and game theory to study how the interplay between microbes and their environment
(in this case, via the influence of fluid flow) affects microbial competition and, ulti-
mately, evolution. This work is intended as a proof-of-principle to show how subtle
changes in an environment can fundamentally affect community ecology and evolution.
Specifically, I demonstrated how a slight change in the geometry of an environment
could enable slow growing genotypes, which would typically be outcompeted in simple
settings, to supplant their faster growing counterparts. Microbiology to date has fo-
cused predominantly on communities within simple environments; however, this work

demonstrates how crucial it can be to take into account environmental complexity when
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thinking about microbial community dynamics.

My analysis is inevitably a simplification of the realities of porous media, in which
microbes interact in complex three-dimensional geometries, likely via a variety of dif-
ferent mechanisms. A natural extension is to compare experimentally the outcomes
of genotypic competition within yet more complex porous environments. To date, our
ability to interrogate microbial communities within such settings has been limited pri-
marily by technical restrictions; it is harder to achieve the high-throughput, repeatable
experimentation possible in simple laboratory systems once considering environments
that are both dynamic and spatially heterogeneous. It will be interesting then to see how
the continuing improvements in microfluidics will change this, and thus provide novel
insights into the role of environmental complexity in microbial ecology and evolution
(Ho et al., 2015; Sackmann et al., 2014).

In Chapters 3 and 4, I changed setting, moving to consider the dense microbial com-
munities within the mammalian gastro-intestinal tract. In both chapters I focused on
the role of interspecies interactions — and in particular cooperation between species — in
governing microbiome ecology. In Chapter 3, I developed a new body of ecological the-
ory in order to investigate what makes microbiome communities so surprisingly stable.
Contrary to suggestions in the literature, this work revealed that cooperation between
species is likely to have a destabilising effect upon communities as a whole. Moreover,
this work reinforced the intuition that hosts should benefit from any mechanisms that can
keep their microbial communities in check. Though simple, this work has demonstrated
the important ways in which interspecies interactions (both microbe-microbe and host-
microbe) can influence microbiome dynamics. My hope is that this will help to move
empiricists away from simply cataloguing the members of microbiome communities to
more explicitly determining the ecology of these systems.

In Chapter 4, I extended this modelling framework yet further to investigate the dy-

namics of initial community assembly within the gut microbiome. Here I demonstrated
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the fundamental ways in which ecological interactions can influence community assem-
bly, and in particular, impact the predictability of assembly processes. Specifically, I
illustrated that cooperation between species can render communities difficult to assem-
ble, and enforce strict order effects on the community assembly. This work also lays out
a number of testable predictions for empirical work, and a key next step is to integrate
this modelling with relevant empirical data to allow empirical tests. More generally, 1
hope that Chapters 3 and 4 illustrate the advances that can be made through the applica-
tion of ecological theory to our microbiome communities.

This thesis has presented one of the first theoretical models of the microbiome; how-
ever, the application of mathematical theory to the microbiome is still very much in its
infancy, and there are a number of avenues yet to be explored. These fall broadly into
two categories: improving the underlying mathematical framework, particularly to in-
corporate further aspects of biology, and integrating these models with relevant biolog-
ical data.

The focus of my work has been on constructing models that are detailed enough
to capture the relevant aspects of biology, but still simple enough to be mathematically
tractable. In the case of the microbiome this has been aided greatly through the use
of Lotka-Volterra models, which are amenable to mathematical analysis, but crucially
can still capture microbiome behaviour. There is value then in using simple models as
a first step to understand complex systems. Nevertheless, there remains a broad scope
for considering more complex models in order to incorporate particular details of mi-
crobiome biology, or indeed the biology of other microbial communities. This applies
both to the study of community stability and community assembly processes. In par-
ticular, incorporating host biology — for example, aspects of the host immune system
— into our assembly framework is a key priority for the immediate future. Other im-
portant avenues for future work include allowing plasticity in how species interact (for

example, explicitly enabling species to switch between interaction types depending on
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their environmental context) a phenomenon that is predicted to play an important role
in community ecology and evolution (Agrawal, 2001). And, similarly, more explicitly
taking into account how microbial communities respond to antibiotic perturbations or
dietary changes — two key components of host lifestyles that are already known to sig-
nificantly impact microbiome communities (Bucci et al., 2012; Turnbaugh et al., 2009).
Finally, in the longer-term a key goal will be to embed this ecological modelling frame-
work within one that can be used to study the evolutionary dynamics of microbiome
communities.

It is also crucial that these theoretical investigations are further integrated with ex-
perimental data. While there is a vast body of data concerning the composition of the
microbiome, there is relatively little information available about underlying community
dynamics — particularly concerning the nature of the interactions within these communi-
ties. There has been a recent rise in studies attempting to disentangle these interactions
(Buffie et al., 2015; Marino et al., 2014; Stein et al., 2013), and the results stemming
from this work will provide valuable information for theoreticians, both for informing
modeling decisions and to ultimately test hypotheses. More fundamentally however,
the most progress will be made when experiments and theory are tightly linked from the
start. Accordingly, my plan is to now work closely with empiricists interested in neona-
tal microbiome community assembly. My aim is to parameterize the assembly models
presented in Chapter 4 using combined data from both neonatal and adult microbiome
communities, in order to try and predict the neonatal assembly process and identify key
members, or interspecies interactions, involved in microbiome assembly. We hope to
then test these predictions using community reconstruction experiments in vitro and ul-
timately in vivo, with the results then feeding back to further improve the modelling
framework. This is clearly an ambitious goal, but one that I believe is essential if we

wish to understand, and ultimately manipulate microbial communities.
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