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Microbial communities are ubiquitous and perform functions fundamental to life on
earth. The high density of organisms within them and the many ways in which these species
interact with each other result in limitless opportunities for competition and cooperation to affect
the fitness of individual species. Gaining a better understanding of the evolutionary process
within such dense communities has important implications for both clarifying genomic variation
observed in the present as well as predicting future changes in microbial communities of
particular interest to human health and industry. Coevolution is challenging to study due to the
high dimensionality of mutations interacting with ecological dynamics which further affect the
fitness of future mutations arising in the same and other species. Previous studies of coevolution

tend to use in vivo systems with limited scope or abstracted interactions and adaptations in



theoretical or in silico systems to achieve broader scope. In this study I focus on one type of
bacterial interaction, competition and cooperation over metabolic resources, and use a
computational model that captures mechanistic detail of the genomic and metabolic basis of such
interactions and yet is amenable to studying large scales of replicates and conditions. In chapter
1, 1 describe the behaviors and mechanisms through which bacteria interact, the current state of
knowledge of coevolution, and the computational methods that have been applied to microbial
ecology and evolution. In chapter 2, | consider the evolutionary dynamics that occur within the
tightly coupled, reductive evolution regime of insect endosymbionts. Using a modeling
approach, | simulate thousands of replicate evolutionary trajectories and identify relationships
between changes to genome content and cooperative metabolic phenotypes. In chapter 3, | apply
a similar modeling approach to study how the fitness landscape of a focal species changes
depending on what other species live in the same community. By simulating over one thousand
mutations and hundreds of community compositions I identify complex and prevalent
relationships between mutations and community contexts. Finally, in chapter 4 I reflect on
commonalities in the findings of these studies, future directions for similar research, and

potential applications to synthetic biology.
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Chapter 1. INTRODUCTION

1.1  MicROBIAL COMMUNITIES

Although unseen to the naked eye, microbial communities cover nearly the entire earth.
They are found in the oceans, in the soil, on every terrestrial surface and even on and inside the
digestive systems of animals. Formed from viruses, archaea, bacteria, protists, and fungi, these
communities are among the most diverse, dense, and productive of all life on earth and account
for a huge portion of total life [1]. They are the foundation of natural ecosystems and are
involved in global scale biogeochemical systems such as the nitrogen cycle [2,3]. Although
microbiology was long focused on the study of individual species, sequencing technologies have
allowed measurements of entire communities to identify the constituent species and their
abundances [4]. This has greatly propelled interest in understanding and utilizing these
communities.

In addition to their ecological importance microbial communities also play essential roles
in many processes of import to many aspects of human life. They are a powerful component of
wastewater treatment in methods such as activated sludge, where sewage is aerated to allow
aerobic bacteria to break down organic matter [5]. They also live on and inside humans, playing
a key role in host health [6]. The human microbiome is important for the development of the
immune system [7] and the gut microbiome has been associated with various diseases [8]. Thus,
gaining a better understanding of these communities and the activities of individual species

within them will have broad impacts.



1.2 INTERSPECIFIC INTERACTIONS BETWEEN BACTERIA

These communities aren’t just mixtures of independently acting species, but instead
bacteria interact with each other in many ways [9]. On a basic level bacteria compete for limited
environmental resources like carbon and nitrogen sources [10]. They can also cooperate through
metabolic interaction with one species leaking or excreting a metabolite that can be beneficially
consumed by another. Many such examples have been found to occur in natural conditions,
sometimes essential for growth [11-13]. Experimental studies have identified many more
metabolites that can potentially be beneficially cross-fed [14-16]. However in general most
forms of interaction are competitive, not cooperative [17]. Bacteria may actively harm or kill
each other through various mechanisms of secreting or injecting toxins, such as the type VI
secretion system [18,19]. They may send signals to members of their own species or others
through quorum sensing to coordinate behavior of individual cells in response to environmental
conditions [20]. And finally they may construct biofilms, physical structures of linked cells that
act to create a more favorable environment for the cells and species included in the film while
physically excluding competitors [21]. This large array of potential interactions creates a
daunting level of complexity in microbial communities for ecological interactions to play out.

There is plenty of evidence that such interactions are important for determining the
composition of microbial communities and the fitness of individual species. Significant evidence
for widespread co-dependence between microbes comes from the large number of species that
cannot be cultured in isolation in laboratory conditions. Many of these “unculturable” species
can be grown in devices that separate cells but allow small molecules to pass between chambers,
showing the importance of cooperative interactions [22,23]. Evidence of the importance of

competition comes from the reproducibility of community composition when similar species are



grown in co-culture, where primary and secondary resource preference can play a large role in
determining species abundance [24]. Similar reproducibility of composition was found in
experimental evolution of a co-culture of six species [25]. Lastly analysis of many data sets has
found evidence that metabolic cooperation results in consistent co-occurrence of species across
disparate environments [26]. All these lines of evidence paint a picture of a tangled web of

interspecies interactions that is vitally important for the involved bacteria.

1.3 BACTERIAL EVOLUTION

Bacteria evolution occurs rather differently than most plants and animals due to their
asexual reproduction. This makes it difficult to define what a bacterial species, due to the large
set of strains that may deviate from each other but retain many similarities. Despite the potential
for clonal sweeps to reduce diversity it has been found that wild bacterial populations harbor a
large amount of genotypic diversity [27,28]. Without sexual reproduction bacteria lack the ability
for recombination to separate beneficial from harmful mutations during reproduction, but they
make up for this limitation through various mechanisms to acquire new external genetic material.
Through several different mechanisms of horizontal gene transfer bacteria can gain new genes or
mutations that can give them a fitness advantage. Overall these features of bacterial evolution
create many differences to the evolution of plants and animals and demand their own care and
thought.

Bacterial evolution is further complicated by the vast order of interspecific interactions
occurring in microbial communities, which create countless opportunities for species to influence
the fitness of other species, and thus to coevolve. Coevolution between species has been a topic
of study for as long as evolution has been studied, with Darwin’s image of the tangled bank
summarizing the high potential complexity of evolution when many species influence each other.
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Several frameworks have been proposed to view the mechanisms of coevolution. The red queen
hypothesis states that direct competition between two species will accelerate the evolution of
both species as they gain adaptations to continue getting an advantage over the other [29]. This
has been demonstrated in a parasitic relationship between a phage and bacteria [30]. With
cooperation, on the other hand, the focus of study is more on the evolutionary origins. Several
mechanisms have been suggested for how cooperation can evolve even in the face of natural
selection, such as direct reciprocity and group selection [31]. One bacteria specific hypothesis for
the evolution of cooperative interactions is the black queen hypothesis, which states that when a
beneficial function is leaky there is a selective advantage for some members of the community to
lose the ability to produce it themselves [32]. This has been experimentally demonstrated with
hydrogen peroxide resistance and found to stabilize species co-existence [33]. Interspecies
interactions result in complicated coevolutionary dynamics but are important to study to fully
understand bacterial evolution in the context of communities.

Some bacterial systems that show the strongest evidence of coevolution are the obligate
endosymbionts of sap feeding insects. These endosymbionts live inside specialized cells called
bacteriocytes and complement the host’s metabolism and nutrient poor diet by producing amino
acids and vitamins [34]. The endosymbionts have greatly reduced genomes compared to their
nearest free-living relatives and, like their host, lack the ability to synthesize many amino acids
and vitamins and thus reciprocally rely on metabolites produced by their host [35]. These tight
mutualistic associations between host and symbiont have lasted for millions of years and have
convergently evolved repeatedly. Some insects have a single endosymbiont, such as aphids and
their symbiont Buchnera, while others have two or more endosymbionts, such as the glassy

winged sharpshooter with its dual symbionts Baumannia cicadellinicola and Sulcia muelleri



[36]. When multiple endosymbionts are present they also metabolically complement each other.
Even within this diversity endosymbionts have been found to further diversify and subspecialize
within a single host. In one case Candidatus Hodgkinia cicadicola, an endosymbiont of cicada of
the genus Tettigades, was found to have diverged into two lineages which each lacked at least
twenty genes that the other had retained [37]. More recently another species of Tettigades has
been found to contain six distinct Hodgkinia strains [38]. This phenomenon of mutualistic
relationships arising within such small communities of endosymbionts is a consequence of the
general mode of reductive evolution that these bacteria experience. Due to their small population
sizes, vertical transmission between hosts, and asexual reproduction, endosymbionts experience
weak selective forces and instead primarily evolve through genetic drift and heavy gene loss
[39]. The lack of selection allows their genomes to dramatically degrade and results in
endosymbionts having the smallest known genomes of all bacteria [40]. This coevolutionary
process is theorized to be extremely similar to the origin of the symbiotic relationships between
organelles and their eukaryote hosts [41]. Thus endosymbionts provide a fascinating example of
the evolutionary origin and maintenance of cooperation, albeit one that occurs under very

particular circumstances.

1.4 COMPUTATIONAL METHODS TO STUDY ECOLOGY AND EVOLUTION

Experimental studies have been foundational in the study of bacterial ecology and
evolution, but many advances into coevolutionary processes have also been made with
theoretical and computational approaches. Computational approaches are a powerful tool for
studying complicated phenomena such as ecological and evolutionary processes due to the
ability to consider scales and levels of generality not possible in experiments. Both theoretical
and simulation-based approaches have been widely used to understand the fundamental
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processes and behaviors that underlie many features of natural systems. The dimensionality and
complexity of coevolution makes it a particularly appealing topic to apply theoretical and
computational methods.

In particular theoretical approaches have been often applied to study the emergence of
cooperation. A major tool has been the use of simple games such as the prisoner's dilemma. The
prisoner’s dilemma involves two players each making a single binary choice, to cooperate or to
defect. The best global outcome occurs when all players cooperate, but cheaters have an
advantage over naive cooperators. Despite this simplicity complex dynamics arise when
considering which strategies are superior, and under what conditions cooperation is encouraged.
Simulations have been used to identify the best strategies for playing the game in a mixed
population of competitors and examine which conditions allow cooperation to succeed [42,43].
The Prisoner’s Dilemma and Snowdrift, a similar game, have been used to study the conditions
that facilitate the emergence of cooperation such as spatial structure and iterative encounters
[44,45].

Games like the prisoner’s dilemma are powerful in their simplicity, but are so abstract
that it can be hard to generalize findings from them to evolution in specific real communities.
Other studies have studied bacterial ecology and evolution using models that account for the
specific lifestyles and behaviors of bacteria. Systems of differential equations for modeling
bacterial growth have been used to study the evolutionary dynamics of cooperative cross-feeding
between bacteria [46,47]. Agent-based modeling methods have similarly been used to simulate
the growth and interactions of communities of bacteria [48,49]. Such methods are powerful in
their flexibility, but limited in their mechanistic detail to what is believed to be important for

interaction.



1.5 CONSTRAINT BASED MODELING WITH FLUX BALANCE ANALYSIS

Constraint based metabolic modeling is a powerful approach that incorporates genomic
content and the metabolic network without requiring the detailed kinetic information used in
some dynamic models. Flux balance analysis (FBA) is a popular method that can simulate the
growth of a cell using a genome scale metabolic model of the organism [50]. FBA finds a
solution of fluxes through a metabolic network that optimized some objective function, which is
often biomass production, equivalent to growth rate. The method works on the assumption that
the internal abundances of metabolites are at a steady state, creating the constraint that fluxes
through all reactions must be balanced so that there is no change in internal metabolites, only
exchange of metabolites with the environment (both consumption and excretion) and production
of biomass. In this method a model of a cell consists of all the metabolic reactions that can be
catalyzed in the cell and the stoichiometry of each reaction, with upper and lower bounds on the
flux through each of those reactions. It is assumed that enzyme abundance is high enough to not
be limiting for any possible flux between the bounds. Reaction stoichiometries and bounds are
formulated into a matrix and vectors, respectively, that are used as inputs for a linear
programming solver to find the optimal growth solution. FBA is a flexible tool that has been
extended to variations on objective functions [51], approaches that account for and describe the
uncertainty in predictions [52], and extensions that incorporate gene regulation [53].

FBA has previously been used to study issues in ecology and evolution of microbes.
Sometimes FBA is used to mechanistically study growth in a small community of interest, for
example FBA has been used to model mutualistic growth between two species [54]. Other
studies have exploited the power of FBA to quickly assay growth phenotype in order to examine

large scales. For example, one study characterized the prevalence at which co-culturing two



species results in production of a metabolite that neither species would produce on their own, and
looked for such instances across all pairs of six species across one hundred different media [55].
Another study examined thousands of media compositions to find ones that induced synthetic
obligate cross-feeding relationships between pairs of bacteria [56]. FBA was used to assay a
large scale of pair-wise growth between different bacterial species to identify competition and
cooperation [57]. FBA was used to simulate in detail the divergence of genotypes within a single
co-culture at a fine temporal scale [58]. Another study used FBA to model the long term
evolution of an endosymbiont. Starting with a model of a close extant relative (Escherichia coli),
they randomly and continually removed genes that were not vital for growth. The resulting

minimal genomes compared favorably to actual endosymbionts in terms of genome content.

1.6 METABOLIC MODELING AS A TOOL TO STUDY BACTERIAL COEVOLUTION

Constraint based modeling has already proven useful for studying bacterial ecology and
evolution, but there is more that can still be done. In the chapters that follow | have taken
advantage of the power of FBA and applied it to new coevolutionary scenarios to study large
scale questions in bacterial coevolution. The evolution of endosymbionts has been previously
studied, but more could be done to study how specifically metabolic cooperation between
diverging strains arises. In Chapter 2 1 model the coevolutionary process of two bacteria
evolving reductively, such as the conditions experienced by endosymbionts. Using the scale
afforded by FBA | simulate thousands of evolutionary trajectories and study the frequency at
which obligate cross-feeding interactions emerges between the two species, and how genomic
and ecological factors influence the emergence. Most evolution does not occur in such
constrained circumstances with such relaxed selection, and so in Chapter 3 | conversely examine
the opposite situation of a more complex community at a short time scale and use simulations to
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explore how the fitness consequences of all possible mutations in a focal species vary depending

on what other species are present in the same community.



Chapter 2. METABOLIC MODEL-BASED ANALYSIS OF THE
EMERGENCE OF BACTERIAL CROSS-
FEEDING VIA EXTENSIVE GENE LOSS

This chapter is based on the manuscript:
McNally CP, Borenstein E. Metabolic model-based analysis of the emergence of bacterial cross-

feeding via extensive gene loss. BMC systems biology. 2018 Dec;12(1):69.

2.1 SUMMARY

Metabolic dependencies between microbial species have a significant impact on the
assembly and activity of microbial communities. However, the evolutionary origins of such
dependencies and the impact of metabolic and genomic architecture on their emergence are not
clear. To address these questions, we developed a novel framework, coupling a reductive
evolution model with a multi-species genome-scale metabolic model to simulate the evolution of
two-species microbial communities. Simulating thousands of independent evolutionary
trajectories, we surprisingly found that under certain environmental and evolutionary settings
metabolic dependencies emerged frequently even though our model does not include explicit
selection for cooperation. Evolved dependencies involved cross-feeding of a diverse set of
metabolites, reflecting constraints imposed by metabolic network architecture. We additionally
found metabolic ‘missed opportunities’, wherein species failed to capitalize on metabolites made
available by their partners. Examining the genes deleted in each evolutionary trajectory and the
deletion timing further revealed both genome-wide properties and specific metabolic
mechanisms associated with species interaction. Our findings provide insight into the evolution
of cooperative interaction among microbial species and a unique view into the way such
relationships emerge.
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2.2 INTRODUCTION

Most microorganisms in nature do not live in isolation but are rather part of complex
communities [59]. The various species that form these communities not only share a common
environment, but rather interact with other community members in various ways including
competition for extracellular nutrients, cooperation through metabolite cross-feeding, signaling,
biofilm formation, and antimicrobial secretion [9,60]. Such interactions allow community
members to impact each other’s behavior and thus play an important role in shaping community
structure and activity. A better understanding of how these interactions emerge through
ecological and evolutionary dynamics, how they are maintained or lost, and how they impact
community-level behavior is therefore crucial for both elucidating the forces that have shaped
current natural communities and for designing synthetic communities or targeted modulation of
natural communities [15].

Perhaps the most intriguing form of microbial interaction is interspecies cooperation. The
prevalence of cooperative interaction is evident from the large number of microbes that cannot
be individually cultured, suggesting that they are reliant on symbiotic interactions with other
members of their communities [22]. In the context of metabolism, cooperation often takes the
form of cross-feeding, where one species secretes metabolites that other species uptake and
utilize. Indeed, metabolic cross-feeding has been found to occur in a wide variety of
environments and between diverse species [61], often benefiting both partners [62]. For example,
Bifidobacterium species in the gut microbiota regularly cross-feed fermentation products and
partial digestion byproducts of polysaccharides to butyrate-forming bacteria [63]. Furthermore,
evidence suggests that metabolic cooperation drives species co-occurrence in diverse microbial

communities [26].
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Importantly, however, metabolic cooperation is not limited to complex communities and has also
been demonstrated in small two- or three-species communities, such as those occupying various
insect hosts. For example, it was shown that the two endosymbionts that occupy a sharpshooter
insect (and the insect host) each lack necessary steps of several amino acid synthesis pathways,
and consequently only when the three organisms grow together can they synthesize the entire
complement of amino-acids [64,65]. Similarly, it was shown that two endosymbiotic bacteria
that inhabit a Cicadoidea host had recently diverged into 3 species, with metabolic
complementarity between the two recently split lineages [37]. In such small communities,
cooperation likely emerges not through selection (e.g., via the Black Queen hypothesis [66],
where loss of metabolic capabilities and development of dependence has a selective advantage
[16,67,68]), but rather by chance as a consequence of extreme genome reduction [35]. Indeed,
most insect endosymbionts have extremely small genomes (some of which are the smallest
bacterial genomes known) that are majorly reduced compared to their closest free-living relatives
[40]. Moreover, such tightly coupled minimal metabolic systems, where two or three species
strongly depend on each other for survival, can be viewed as an idealized model of microbial
cooperation and provide insight into the evolution of cooperative interactions [69].

Notably, however, despite the prevalence and diversity of cooperative endosymbiont
systems, the process through which extensive long term genome reduction leads to metabolic
cross-feeding and the mechanisms involved in such evolution are not clear and are challenging to
study. Experimental evolution studies, for example, have demonstrated the emergence of
cooperative interactions between divergent polymorphic sub populations [70,71], but are
generally limited in both the duration of evolution and the number of replicates. These

limitations hinder a systematic and comprehensive study of long term genomic reduction or
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identification of general principles in the emergence of species interaction. On the other hand,
theoretical and computational models have been broadly useful for studying microbial
communities [46,72], and indeed several recent studies have used computational models to
specifically address the evolution of cooperation [73,74]. Such studies have allowed long time
scales to be easily modeled and have produced useful insights into genetic and environmental
determinates of cooperation, but tend to explicitly model interaction in a non-mechanistic
manner. Such models may therefore fail to capture the mechanisms underlying metabolic cross-
feeding and the processes through which genome reduction can give rise to such mechanisms.

To address this gap, in this study, we utilized a model of microbial evolution over a long time
scale coupled with a mechanistic model of multi-species microbial metabolism and growth. Our
model is inspired by a previous study that modeled reductive evolution of a single endosymbiont
species and investigated how historical contingency and timing of gene deletions affects future
genome reduction [75,76]. In the work we present here, we extended this evolutionary
framework to a co-culture model of two species, using a mechanistic model of microbial growth
in co-culture based on a multi-species genome-scale metabolic modeling approach [55]. Such a
framework allows us to simulate long evolutionary trajectories, to investigate metabolic
mechanisms on a genome-level, and to generate a large number of simulated trajectories for
inferring general principles in the evolution of metabolic interaction.

We specifically aim to examine whether species interaction can emerge in a simple multi-
species community without explicit selection for it, which mechanisms can drive a selfishly
evolving species to support a dependent species, and how the architecture of the metabolic and
genetic networks affects the evolution of such interactions. Notably, we do not model the process

by which an evolving population bifurcates into multiple subpopulations, but rather explicitly
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assume the community harbors two evolutionary isolated species (e.g., following an initial split),
each undergoing an extreme reductive evolution process (such as the one experienced by insect
endosymbionts). This assumption allows us to examine evolutionary trajectories and species
interactions between two well-defined linages in a fixed community context (and see also
Discussion). We further assume that these two species co-exist over a long time scale, without
one outcompeting the other. It is also important to note that we do not necessarily aim to model
the evolution of any specific species or community, nor the evolution of any specific metabolic
pathway, but rather to examine general principles and patterns that may be observed when the
evolution of species’ metabolic networks are driven by such a reductive evolutionary scheme.
Using this framework, we simulated thousands of independent evolutionary trajectories, tracked
the emergence of metabolic cross-feeding, and carefully analyzed the evolving species. Our
findings shed light on the evolution of species interactions and could inform future effort to

construct stable microbial communities for medical, agricultural, and industrial applications.

2.3 RESULTS
2.3.1 A Framework for Modeling the Evolution of Species Interactions

To study the emergence of metabolic species interaction in bacteria we developed a
computational framework that integrates models of microbial coevolution, metabolic activity,
and ecological interaction (Figure 2.1). Briefly, in this framework, we model a community
comprised of two generalist species growing in a shared environment (and that can therefore
exchange metabolites) that go through a reductive evolution process. In our model, evolution is
an iterative process (as in [75]) in which a gene is first chosen at random from either of the two
species for deletion (Figure 2.1A). The fitness effect (measured as the change in growth rate) of

losing that gene in the context of the community is calculated using a co-culture metabolic model

14



(described below). If the decrease in fitness to the species losing this gene does not exceed a
predefined threshold the deletion is assumed to fix; otherwise the deletion is assumed to be
selected against and is reverted. Importantly, during the course of this coevolutionary process,
the presence of each of the two species in the community can markedly impact the evolution of
the other (and specifically, the set of genes that can be deleted). This process repeats until no

more genes can be deleted from either species.

A

Evolution
Model

Co-culture
Growth
Model

FBA
Growth
Model

Figure 2.1. A framework for modeling the evolution of species interaction.

(A) To model reductive evolution, genes are iteratively chosen at random as candidates for deletion, the
fitness effect of their deletion is evaluated (using a co-culture growth model; panel B), and if the fitness
effect is relatively small, these genes are deleted. (B) The co-culture growth model simulates the growth
of the two species in a shared environment, and is based on a previously introduced dynamic multi-
species model (28). This model iteratively infers the behavior of each species in the shared environment
based on an FBA approach (panel C). The predicted growth of each species and the predicted rates at
which it uptakes and excretes various metabolites are used to update the abundances of species in the co-
culture and the concentration of metabolites in the shared environment over time. (C) An FBA model is
used to predict the growth of each species in a given environment based on the set of metabolic reactions
and constraints encoded by the species and the concentration of metabolites in its environment.
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To model growth in co-culture and to determine the fitness consequence of gene
deletions while accounting for the way the presence of one species in the community may impact
the fitness of the other, we used a co-culture metabolic modeling framework [55]. This
framework employs dynamic Flux Balance Analysis (FBA) [77] to predict the metabolic activity
and growth of two species in a shared environment over discrete time points (Figure 2.1B). At
each time point and for each species in the co-culture, this framework uses a genome-scale
metabolic model of the species (based on its metabolic capacity as determined by the set of genes
present in its genome), the current concentration of metabolites in the environment, and a flux
balance analysis to predict the species’ behavior, including its growth rate and the rate at which it
imports and excretes various metabolites [50] (Figure 2.1C). The estimated growth rates of the
two species are then used to update the abundances of the species in the community and the
predicted uptake and excretion fluxes are used to update the concentration of metabolites in the
shared environment. Growth is simulated over several time points and the growth rates of each
species at the last time point are used as proxies for their fitness. This co-culture model accounts
for gene loss only through the resulting loss of metabolic capacities, and therefore includes only
metabolic genes and ignores the potential consequences of loss of other genes.

To classify the interaction between the two species in each community and at each
evolutionary step, we also simulated and evaluated the growth of each of the two species in
isolation (i.e., in mono-culture). We define a species as being dependent on its partner if it can
grow in co-culture but not in mono-culture. We further distinguish between three possible types
of interaction a given community can exhibit: (i) Independent — neither species is dependent on
the other, (i) commensal — one species (‘dependent’) is dependent on the other species but the

other (‘provider’) is not, and (iii) mutualistic — both species are dependent on each other. Note
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that we use the terms ‘commensal’ and ‘mutualistic’ to describe the presence/absence of
dependency and whether dependency is unidirectional or mutual, ignoring the more subtle
distinction (and pertaining ecological definitions) of whether species harm each other or not. The
observed interaction type at the end of the simulation run (i.e., when both species reach minimal
genomes) was used to label each evolutionary trajectory (Figure 2.2A). Notably, in some cases,
one of the two species can go through a catastrophic drop of fitness (>50%) even in co-culture
(e.g., due to a change in the other species’ behavior that limits the availability of a metabolite it
requires). In such cases, that species was considered to have gone extinct and the simulation was
labeled as a collapsed community. A detailed description of the framework is provided in

Methods.

2.3.2  The Emergence and Prevalence of Metabolic Species Interaction

We used the framework described above to simulate 16,317 independent evolutionary
trajectories of a simple community comprising two generalist species that go through a reductive
evolution process (see Methods). As noted above, we assumed that the community composition
is fixed as a two genotype community, with no new species migrating into the community and no
standing genetic diversity. In each simulation, we initialized the community with two identical E.
coli strains (as a generalist model species [75]), representing the evolution of two obligate
symbionts that may have diverged from a common ancestor [37].

Surprisingly, although our framework does not impose an explicit pressure toward
species interaction, we found that a substantial fraction of simulations resulted in a community
with some sort of metabolic dependency between the two species. Specifically, 35.3% of the

simulations ended with a commensal community, and 3% of the simulations ended with a
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Figure 2.2. Metabolic interactions and their emergence over time.

(A) Evolutionary simulations could result in one of four unique outcomes, determined by the ability of
evolved species to grow in mono-culture and co-culture. Plotted are examples of each of these four
outcomes, illustrating the fitness of each of the two species in mono-culture and in co-culture over
evolutionary time. (B) The changes in interaction type over time for all 16,317 simulation runs. Each
horizontal bar represents a single simulation run, and the color corresponds to the interaction type using
the same colors as the titles in panel A. (C) Example of an evolved mutualistic community. In the
ancestral species tyrosine is produced through the shikimate pathway and dTTP is produced from UDP. In
this example evolved mutualistic community, deletions in both species have led to obligate cross-feeding
of tyrosine and thymidine. The relevant gene deletions and their impact on metabolic fluxes in each
species are highlighted.
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mutualistic community (Figure 2.2B). In 10.7% of the simulation, the community collapsed as
described above. The remaining 51% of simulations ended with independent communities.

We additionally examined the impact of various simulation settings on the prevalence of
different interactions types. We first tested the effect of using different fitness cutoff values. In
natural communities the strength of selection against deleterious gene deletion reflects multiple
factors, ranging from population size to environment stability, which therefore indirectly affects
the likelihood of emergent cooperation. Indeed, we found that using different fitness cutoffs for
allowing deleterious gene deletions to fix affected the ratio of the different interaction types, with
a more stringent cutoff resulting in more independent communities and a less stringent cutoff
resulting in more commensal and mutualistic communities (see Appendix A: Supporting Text).
We next examined the impact of evolving communities in rich rather than minimal media. A
richer media may hinder the emergence of species interactions since useful metabolites could be
obtained from the environment rather than via cross-feeding. Exploring the impact of several
types of richer media, including media with additional carbon sources or with various sets of
amino acids, we found that indeed such media generally increased the prevalence of independent
communities, though the specific effect was different for different media types, with varying
balance between commensal, mutualistic, and collapsed communities (see Appendix A:
Supporting Text). Finally, we examined the impact of different gene deletion strategies,
including using different gene loss rates by the two species or allowing deletion of more than one
gene at a time. We found that these strategies generally had little impact on the prevalence of
various interaction types, although deleting multiple genes at each iteration did increase the

prevalence of collapsed communities (see Appendix A: Supporting Text).
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2.3.3  An Example of an Emergent Cross-Feeding Interaction

Before exploring large-scale patterns concerning emerged mechanisms involved in species
interaction, we set out to characterize in detail one evolved mutualistic community as an example
of the kind of metabolic interaction that could emerge and the gene deletions that underlie such
an interaction. In this community, the two species (arbitrarily referred to below as species A and
species B) had retained only 306 and 304 genes respectively, compared to 1260 genes in the
ancestor species. Per our definition above, these two minimal species could still grow in co-
culture (albeit at only 78% and 73% of the ancestor’s growth rate, respectively), but neither
could grow in mono-culture. Analyzing the evolved metabolic dependency of these species
(Methods), we found that species A became dependent on tyrosine (and could grow on the initial
medium once tyrosine was added) and that species B became dependent on thymidine (and
similarly could grow on the initial medium once thymidine was added).

We further examined the fluxes through the metabolic models of the evolved species and
compared them to the fluxes observed in the ancestor species, to identify the specific gene
deletions that gave rise to these dependencies (Figure 2.2C). We found that species A became
dependent on external tyrosine due to a loss of the gene tyrA, which is necessary for tyrosine
synthesis [78]. Indeed, species A’s loss of tyrA occurred at the exact same point in the
evolutionary trajectory as its loss of the ability to grow in mono-culture. Similarly, Species B
became dependent on external thymidine due to a loss of the gene thyA, which is necessary for
dTMP synthesis [79].We were also able to identify the evolved mechanisms that allowed each of
the two species to excrete the metabolite necessary for growth of the other species. Specifically,
species A started excreting thymidine due to a loss of the gene cmk, which is necessary to

phosphorylate CMP to CDP [80]. The loss of several other reactions prevented species A from
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converting CMP to cytidine, uridine, uridine monophosphate, excreted uracil, or thymine, which
resulted in species A only being able to eliminate excess CMP by converting it to thymidine and
excreting it. Notably, a cmk deletion in E. coli has been shown experimentally to result in 30-fold
elevated CMP and dCMP pools relative to wild-type [80]. Species B similarly excreted tyrosine
due to an overproduction of this metabolite following a complex combination of gene losses that
resulted in elevated activation of the pentose phosphate pathway and converting excess
erythrose-4-phosphate into tyrosine. This example highlights the complex mechanisms that may
be involved in the evolution of metabolic species interaction and how the architecture of the

metabolic network could facilitate such interactions.

2.3.4  Metabolite Cross-Feeding and Dependency in Evolved Pairs

After characterizing one cooperating pair in detail, we set out to examine the complete set of
communities evolved by our model, focusing initially on identifying the metabolites underlying
emergent species interactions (Methods). We found that the majority of dependent species
(94.3%) required only a single essential metabolite to be cross fed from their partner, with only a
small fraction of dependent species requiring two or three such metabolites (5.6% and 0.2%
respectively), and no species requiring more than three. Formate was the most common essential
metabolite (68.7% in commensal dependent species; Figure 2.3), followed by Tyrosine (18.8%)
and Phenylalanine (6.9%). Notably, the dependence on a single (or very few) metabolites
reported above contrasts observations made in several insect symbionts systems where
cooperating symbionts exchange multiple essential compounds (and see Discussion below), yet
the exchange of aromatic amino-acids is in agreement with cross-fed metabolites often observed

in such systems [36,64].
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Figure 2.3. Frequencies of metabolites’ availability, cross-feeding, and dependence.

The frequencies of metabolites’ availability, cross-feeding, and dependence are shown for species of each
interaction type and for each metabolite. Each set of nested circles shows the frequency at which the
given metabolite is produced by their partner species and hence available for uptake (blue), the frequency
at which this metabolite is utilized by the species through cross-feeding (yellow), and the frequency at
which this metabolites is depended on (red). The area of the circle scales with the frequency, but for
visualization purposes the portions of the circle extending beyond the rectangular box are not shown.
Only metabolites that are depended upon at least 10 times or consumed at least 30 times are shown.

Complete dependence on cross-fed metabolites (such as those identified above) is the
most defining feature of species interactions in these communities, but may represent an extreme
form of interaction. Clearly, cross-feeding can be beneficial to a species even when it is not
essential for growth, and in fact this form of cross-feeding may be a common precursor state of
complete dependence. Examining secretion and uptake fluxes (Methods), we indeed identified
multiple metabolites that are being cross-fed but are non-essential to growth (Figure 2.3, yellow
circles). Many of these non-essential cross-fed metabolites were rarely if ever depended on (such
as acetaldehyde and pyruvate) and were observed at similar frequencies across all interaction
types. Interestingly, however, we also detected non-essential cross-feeding of metabolites that

were commonly depended upon (such as tyrosine and phenylalanine; Figure 2.3), but these were
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rare in independent communities and occurred surprisingly often in commensal communities
where providers were cross-fed such metabolites by the dependent partner. This finding suggests
that species cooperation may involve two species that evolve a similar metabolic strategy (and
therefore have the potential to both excrete and utilize a similar set of metabolites). In such cases,
cross-feeding is likely to emerge, first as a non-essential process, which may later evolve into
species commensal or mutual dependence. To confirm this hypothesis, we specifically examined,
for each dependent species, the time that elapsed from when this species started consuming a
metabolite via cross-feeding to when it became dependent on that metabolite. In most cases
dependence does not immediately follow cross-feeding, and there is often a substantial delay
between cross-feeding and dependency (Figure A.1).

Clearly, uptaking a metabolite is only possible if the partner species is producing that
metabolite and excreting it to the shared environment, thereby providing an opportunity for
cross-feeding. We additionally quantified the frequency and time at which such opportunities
arose, regardless of whether the metabolite was consumed or not (Figure 2.3, blue circles). We
found that metabolites vary greatly in the frequency at which they are excreted, and in a way that
is not fully correlated with the frequency at which they are cross-fed or dependent on. For
example, various metabolites, including cytidine, succinate, and acetate, are excreted at relatively
similar frequencies in all interaction types, suggesting that dependency on these metabolites is
not limited by their availability. Conversely, other metabolites such as serine and thymidine are
rarely excreted in independent communities, suggesting that the availability of these metabolites
often leads to cross-feeding and dependency on them. Most importantly, while cross feeding
often started almost immediately after the metabolite was available (in cases in which it

occurred; see Figure A.1), in many cases evolving species failed to utilize available metabolites,
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thus completely missing cross-feeding (both essential and non-essential) opportunities (Figure
2.3). This finding implies an intriguing dichotomy where available opportunities are either

utilized immediately or are not utilized at all, potentially due to evolutionary constraints.

2.3.5  The Genomic Basis of Evolved Species Interactions

Our mechanistic model of microbial metabolism allows us to move beyond a phenotype-level
description of evolved communities and to directly investigate patterns of genome evolution and
identify genomic mechanisms involved in species interactions. We first examined the number of
genes that were retained or lost in different simulations to explore the relationship between
genome size (in terms of the number of genes retained) and species interaction. Surprisingly,
with the exception of collapsed communities, evolutionary trajectories exhibited a markedly low
variation in the total number of genes retained, with an average of 297.6+4.4 genes retained in
each species. Yet, we found that both dependent and mutualistic species had slightly but
significantly smaller genomes compared to independent species (P < 10-30 and P < 10-9
respectively; two sample t-test; Figure 2.4A), while provider species had slightly but
significantly larger genomes than independent species (P < 0.001). Similarly, within commensal
communities, the genomes of dependent species were slightly but significantly smaller than the
genomes of provider species (P < 10-30). Moreover, while these differences in average genome
size were generally very small (often less than a single gene; see Discussion), the differences
between the smallest genomes observed in the dependent or mutualistic species and the smallest
genomes observed in provider or independent species was much larger (Figure 2.4A). These
results are consistent with the idea that cross-feeding allows dependent species to lose genes they

would not be able to lose otherwise [65,81]. Interestingly, provider species had on average
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Figure 2.4. Genome size and gene retention frequency in evolved genomes.

(A) Distributions of the genome size of evolved species from each interaction type. (*: P < 10-3; **: P <
10-9 ; ***: P < 10-30). (B) The distribution of retention rates of different genes in the model. Each gene
is plotted as a vertical bar with height equal to the fraction of species in non-collapsed simulations that
retained it, and the genes are sorted in ascending order of this overall retention rate. Each bar is colored
by the fraction of species retaining that gene that are in each of the different interaction types.

slightly larger genomes than independent species (P < 10-3). This could suggest that provider
species retain additional genes (i.e., that are generally lost in independent species), likely as a
result of constraints associated with earlier gene deletions. Such genes and the extended

metabolic capacities with which they endow provider species may in turn give rise to metabolite

overproduction. Alternatively, additional genes may be retained by provider species to allow
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overproduced metabolites to be excreted outside the cell. Additional simulations further
demonstrated that the genome size of independent species was similar to the genome size of
species evolving in mono-culture conditions (see Appendix A: Supporting Text).

Notably, examining the genes retained across the evolved species, we found that of the
initial 1260 genes present in the ancestral species, 560 were always lost and 149 were always
retained, with only 551 genes being retained at intermediate frequencies (Figure 2.4B). The
specific subset of these 551 genes that were retained in each evolved species therefore
determines the types of interaction that emerged, and indeed a statistical analysis was able to
detect specific genes whose retention or loss was associated with specific types of interaction
(Figure 2.5A, Appendix A: Supporting Text). Further examining how similar, on average, are the
sets of genes retained between the two partners in each community, we also found that
cooperating partners (i.e., from mutualistic or commensal communities) were less similar to each
other than independent partners, suggesting that the evolution of metabolic dependency is
associated with a process of functional diversification (Appendix A: Supporting Text).

To better understand the diversification between partners in commensal communities (in
which the two species can be labeled clearly as dependent and provider and therefore the
direction of dependency is clear), we compared the set of genes retained in providers vs. those
retained in dependents, identifying 80 genes that are more frequently retained in the provider and
41 that are more frequently retained in the dependent species. For example, pflA, a pyruvate
formate lyase, was retained in 55.5% of providers but only 16.8% of dependents, whereas aceE
and aceF, both components of the pyruvate dehydrogenase complex, were retained in 81.1% in
dependent species and only 19.0% in provider species (these genes were also those with the

greatest differential retention rate). We additionally identified a set of 263 gene pairs that are
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significantly exclusively-retained in commensal communities (i.e., the dependent species
retained the first gene when the provider lost the second gene or vice-versa more often than
expected by chance; Methods). Interestingly, this set was enriched for gene pairs that shared a
pathway annotation (P < 10—4; permutation-based test), suggesting complementation at the
pathway level. To finally examine the dynamics of gene deletion events in these commensal
communities and to reveal key evolutionary steps on the route to cross-feeding, we further used a
permutation-based analysis to identify instances where a gene in one species tended to be deleted
only after another gene was deleted in the partner species (Methods). Our analysis discovered
several such ordered events, where a deletion leading to dependency on a given metabolite in one
species could occur only after deletions that promoted over-production and excretion of that

metabolites occurred in the second species (Appendix A: Supporting Text and Figure A.2).

2.3.6  Linking Genome Evolution to Metabolite Cross-Feeding

Having identified both the metabolites involved in cross-feeding and the genes involved
in the emergence of species interaction, we finally turned to examine the association between
specific gene retention or loss events and the cross-feeding of specific metabolites. Towards this
end we again considered the set of all commensal communities and, for each of the 13 cross-fed
metabolites that were depended upon in at least 10 communities, identified genes whose
retention or deletion are significantly correlated with the excretion of this metabolite in the
provider or with the dependency on this metabolite in the dependent (Methods). In total we
identified 310 gene-metabolite associations (including 204 retentions and 106 deletions) in
provider species associated with essential metabolite excretion, and 315 gene-metabolite
associations (114 retentions and 201 deletions) in dependent species associated with metabolite

dependency (Figure 2.5B; y2 test, 1% FDR). In total, retention or loss of 194 of the 551 variable
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Figure 2.5. Genes and pathways associated with species interaction and cross-feeding phenotypes.
(A) The fraction of genes whose deletion is associated with each interaction type that are assigned to
each pathway. The overall size of the pie indicates the number of genes associated with that interaction
type. Pathways that are significantly enriched among this set of genes are highlight (bold font and
asterisk). Only pathways that contain >4% of the genes are listed (the rest are pooled into the ‘Other’
category) (B) Associations between providing or depending on specific metabolites and deletion or
retention of specific genes. Orange (purple) bars indicate genes that are lost (retained) significantly more
often in species that provide or depend on a specific metabolites compared to independent species. Genes
are sorted by membership to pathways (see (C)), and only genes present in at least one pathway are
shown. (C) Pathway membership of genes. Black bars indicate that a gene belongs to that pathway.
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genes was significantly associated with excretion of or dependence on at least one metabolite,
with many genes associated with the excretion of or dependence on multiple metabolites. This
finding demonstrates how the interconnectedness of the metabolic network impacts the evolution
of species cooperation, wherein the loss of a key gene could give rise to multiple metabolic
phenotypes.

Interestingly, certain genes were associated with both the excretion of a metabolite by the
provider and with the dependence on that same metabolite in the dependent species (Figure
2.5B). For example, retention of tyrP and aroP (aromatic amino acid transporters) were
associated with both providing tyrosine and dependence on tyrosine, as cross-feeding of that
metabolite required that both species in the pair could exchange it with the shared environment.
In other cases the same gene was associated with a metabolite being excreted by the provider and
utilized by the dependent but in a different direction. For example serA and serB — genes
involved in serine biosynthesis — tended to be lost in species dependent on serine, but retained in
species producing it. In rare cases there were genes whose loss was associated with both
dependence and providing of a specific metabolite. For example, the loss of the gene codA was
associated with both excretion of cytidine by providers and dependency on cytidine in dependent
species (and see our analysis of that gene above). Combined, these associations suggest that
metabolite cross-feeding can evolve via multiple mechanisms and that such mechanisms are
often metabolite- and gene-specific.

Finally, to further explore metabolic mechanisms that may be involved in cross-feeding,
we examined the pathways to which genes associated with various metabolic phenotypes are
assigned (Figure 2.5C). Many pathways reflect expected associations, such as the pyrimidine

metabolism pathway (that includes many genes whose loss or retention is associated with
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cytidine cross-feeding) and the pyruvate metabolism pathway (that includes many genes
associated with formate cross-feeding). In other cases the link between deletion of genes from a
specific pathway and metabolic cross feeding is less obvious. For example, cross-feeding of
thymidine and uracil, both pyrimidines, is associated with the deletion/retention of several genes
in the pyrimidine metabolism pathway but also with a number of genes in the purine metabolism
pathway. This could suggest that cross feeding of these metabolites is driven by a metabolic
overflow that originates in the purine metabolism pathway but results in excess nucleotides being
converted to pyrimidines before being excreted as waste. More generally, the association of
genes from multiple pathways with cross-feeding of a single metabolite further highlights how
the interconnectedness of the metabolic network gives rise to non-trivial links between gene

deletion and cross feeding.

2.4 DISCUSSION

In this study we investigated the potential for metabolic interactions to emerge between
two species inhabiting a shared, constant, nutritionally limited, and isolated environment and
undergoing extensive gene loss. We found that cross-feeding interactions emerged frequently in
these settings, and that such evolved communities exhibited diverse, multifaceted, and non-trivial
metabolic interactions that were not necessarily optimized at the community level; useful
metabolites were often excreted by one species but not utilized by its partner and other
metabolites were cross-fed without evolving complete dependency. Such “suboptimal”
interactions and missed metabolic opportunities are a reasonable outcome of selfish species
evolution in the absence of explicit selection for interaction, and could also occur in natural
communities. Another potential contributor to such suboptimal interactions is the
interconnectedness of different metabolic phenotypes. This interconnectedness may also account,
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for example, for the relatively frequent occurrence of provider species utilizing metabolites
excreted by their dependent partners, where the gene retention and loss events that cause a
dependent relationship in one direction may also facilitate emergence of a reciprocal cross-
feeding relationship.

Indeed, our analysis has demonstrated that genes were often associated with the excretion
and/or production of multiple different metabolites and that the excretion and/or production of
each cross-fed metabolite generally involved combinations of multiple deletions. This ‘many-to-
many’ mapping between gene loss events and emerged interactions iS perhaps not surprising
given the coupling between different pathways induced by the architecture of the metabolic
network. With each gene deletion metabolic fluxes are redistributed across the network,
ultimately rendering the link between gene deletions and cross-feeding of specific metabolites
non-trivial and challenging to understand. This observation can also be viewed as an instance of
genetic epistasis, where the deletion of two (or more) genes results in an unexpected and non-
additive behavior that cannot be easily explained by the cumulative effect of the deletion of each
gene in isolation. Moreover, in this context, our framework highlights an exciting extension of
genetic epistasis, wherein unexpected and non-trivial interactions between gene deletions can be
observed when the two genes are encoded by two different community members (and see [82]).
Future work can further delineate and explore this form of multi-species, community-level
epistasis.

Interestingly, in our simulations, metabolic dependency usually involved a single
metabolite, while real world mutualistic endosymbionts often exchange and are dependent on
multiple metabolites [64]. One potential explanation is that in our model bacterial growth is

optimized (given the metabolic capacities encoded by their reduced genome), whereas in reality
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extreme genome reduction likely impacts cell regulation and control of growth. Put differently,
while generally a reduction in genome size is likely associated with a reduced set of metabolites
the cell can synthesize, such disrupted regulation (e.g., via extreme loss of non-metabolic genes)
may potentially cause cells to excrete a larger variety of the metabolite they still synthetize and
these could be beneficial to their partners. This growth optimization may also account for the
relatively small difference in genome size observed in our simulation between dependent and
independent species. Our analysis also suggests that the likelihood of missed metabolic
opportunities may vary across metabolites, with some metabolites (e.g., cytidine, succinate, and
acetate) being excreted at relatively similar frequencies in all interaction types and others (e.qg.,
serine and thymidine) being rarely excreted in independent communities.

Our findings additionally demonstrated how functional diversification leads to metabolic
cooperation, where each species retains certain metabolic capacities that the other species has
lost. Given a diversification process, it is interesting to speculate about what causes one
community to evolve a commensal interaction and another to evolve a mutualistic interaction.
We found, for example, that provider species had on average a slightly larger genome than
independent species, suggesting that a provider state is the outcome of more constrained
evolutionary trajectories that end with larger minimal genomes (e.g., due to early gene deletion
events that render other genes essential for growth). This could be the result of providers being
forced to eliminate flux overflows through longer pathways that results in more useful waste
metabolites being excreted. Moreover, examining the total number of metabolites being excreted
by each species, we found that dependent species in fact tend to excrete more metabolites at the
beginning of the evolutionary process (see Appendix A: Supporting Text and Figure A.3),

potentially suggesting that early ‘wasteful’ metabolic strategies may contribute to the evolution
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of dependence. Another interesting outcome of our results was the dichotomy observed when a
new metabolite became available, with species either starting to consume it immediately and
later becoming dependent on it or never consuming it at all. These missed opportunities seem to
be examples where the evolutionary events that occurred before the availability of the metabolite
precluded utilization of that metabolite by potentially losing the necessary transporter or other
reactions necessary for uptake. With this in mind, the non-essential cross feeding observed in
commensal communities may simply represent communities that were on the path toward
mutualism, but where cross-feeding emerged too late in the evolutionary process when the
providers have already lost genes that would be necessary for dependence. This suggests a role
for historical contingency in the emergence of cross-feeding, though its importance compared to
chance and the extent to which it limits accessible states in coevolution settings will need to be
further examined [75,83].

Despite these exciting results, there are clearly some caveats in the framework used in
this work. For example, our framework assumes that bacteria grow selfishly, and accordingly
cross-feeding often requires extensive gene deletions to force excretion of cross-fed metabolites.
In reality bacteria can be leaky and release metabolites into their environment even without
mutations [15,66]. Alternative community-modeling methods assume that species evolve to
optimize total community growth [54] or to simultaneously optimize their own growth and the
community growth [84]. Such assumptions may not be evolutionarily reasonable in various
settings but will likely result in markedly more prevalent cooperative behavior. Moreover, our
modeling framework can only account for the function of metabolic genes, whereas in reality, a
large variety of non-metabolic regulatory mechanisms could potentially impact the evolution of

cross-feeding. Another drawback stems from the fact that FBA does not take into account factors
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such as entropy or pH. For example, the emergence of formate cross-feeding that occurred in our
simulations might be less biologically feasible because excess formate accumulation inhibits E.
coli growth and acidifies the local environment [85]. Another key simplification underlying our
work is the assumption of exactly two species that co-exist over a long time scale. This
simplification is based on the small population size and drift-dominated evolution in insect
endosymbiont systems. More importantly, however, this simplification facilitates many of the
analyses reported above, as it enables a clear, rigorous, and well-defined quantification of the
impact of one community member on the other. With only two genotypes, the causality and
direction of symbiotic relationships is clear, evolutionary emergence of cross-feeding can be
compared across trajectories in a fixed context, and the simulation of many replicates is
computationally feasible. Finally, following the study reported in [75], our simulations all used
E. coli as the evolutionary starting point and accordingly some gene- or metabolite-specific
results identified in our study may be restricted to this species. We believe, however, that many
key patterns observed in the study during the emergence of species interaction would generalize
to other bacterial systems.

Future work can further extend our framework or explore the impact of various
environmental and evolutionary settings on the emergence of species interactions. For example,
most of our analyses above are based on simulating genome reduction as occurring one gene at a
time [86], but do not account for the possibility of simultaneous loss of larger genomic regions
[87]. Such a process could give rise to different patterns, and indeed our limited analysis of the
impact of deleting pairs of genes in each iteration (Appendix A: Supporting Text) has
demonstrated an increase in the prevalence of collapsed communities. Notably, however, a study

of a single reductively evolving species that examined both evolutionary regimes did not observe
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qualitative differences [75]. Similarly, we have demonstrated that using richer media (as opposed
to the minimal media used in our primary simulation set to promote cross-feeding) or a different
fitness cutoff could have a marked impact on the prevalence of different interactions (see
Support Text). Future work can further explore the effects of different media compositions or of
different limiting concentrations on the emergence of species interaction and on the evolving
underlying mechanisms in a more systematic and comprehensive manner [56]. A potential future
extension of this study could also aim to identify minimal sets of gene deletions that could still
give rise to the obligate cross-feeding phenotypes observed in our study after extreme gene loss.
Such reduced sets could be, in principle, explored experimentally to validate specific cross-
feeding behaviors or more general trends observed in our study. It would also be interesting to
expand our framework and to model the evolution of more complex communities (which we did
not do here in consideration of simulation time) or to account for spatial heterogeneity [58,88].
Using our model, we identified frequent emergence of metabolic dependencies (under
specific environmental and evolutionary settings) despite selfish evolution of each species, and
we further identified genes and metabolites involved in such evolved cross-feeding interactions.
Looking forward, the framework presented in this study could be broadly relevant for improving
our understanding of how mutualistic relationships can naturally emerge between bacterial
species. This, in turn, would facilitate a deeper understanding of both simple communities, as in
the case of insect endosymbionts, and significantly more complex communities, such as those
inhabiting the human gut. Moreover, translationally, our approach could be useful to aid and
inform the design of dependencies between bacterial species in order to increase the stability and

reliability of synthetically constructed bacterial communities or interventions.
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2.5 METHODS

251 Evolution and Growth Simulations

Every evolution simulation was initiated with two identical copies of the iAF1260 E. coli
model [89]. During each step in the evolutionary process, a gene (and all the metabolic reactions
that depend on this gene) from one of the two species was selected randomly for deletion. If the
fitness effect of this deletion in the context of the community (using the co-culture growth model
described below) was smaller than the chosen cutoff (5%, as in [75]), the deletion became
permanent and the process repeated with the reduced model. Otherwise, the deletion was
considered too harmful to occur and the process repeated until a gene that could be deleted was
found. The evolutionary process continued until no additional genes could be deleted. The co-
culture growth simulation was based on a previously introduced dynamic flux balance analysis
framework and is described in detail in Ref [55]. Briefly, given a multi-species community
inhabiting a shared medium, the framework assumed that at each time step, each species grew
optimally given the current concentration of metabolites in the medium, and then updated the
abundance of each species and the concentration of metabolites in the medium based on the
predicted growth and activity of each species. For the purpose of this study, both species started
at a biomass of 0.01 grams dry mass in 1L volume for mono-culture or 2L for co-culture,
resulting in the same cell density for both (which is equal to about 4x10’cells per liter for E.
coli). The species were grown on a medium based on M9 minimal media [90]. A low
concentration (0.0001 mM) of ‘jumpstart’ metabolites were also included to allow growth of
obligate mutualistic pairs. Each co-culture simulation consisted of 8 steps of 0.125 hours
followed by 4 steps of 0.5 hours. Additional co-culture growth simulations were performed on

the resulting minimal models using a finer time resolution and until the medium was exhausted
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to confirm that evolved interactions were stable and consistent. For a more detailed description
of the evolutionary simulation, the co-culture growth model, and the media see Supporting

Methods.

2.5.2  Determining Interaction Types and Metabolic Dependencies

Interaction type was determined by comparing the fitness of each species when grown in
co-culture with its fitness when grown in mono-culture, to assess whether the species was
dependent or independent. Communities were labeled as independent, commensal, or mutualistic
based on the relationships between the two species. The metabolites (if any) a species depends
on were determined by first identifying metabolites that were exchanged between the two species
at the final co-culture growth time, and then assaying the growth of each dependent species on
minimal medium supplemented with all possible combinations of these exchanged metabolites.
If no combination of supplement metabolites allowed such growth the search was expanded to
include all combinations of metabolites present in the medium at the end of the co-culture
simulation and that were not part of the minimal media (to account for metabolites excreted by
the provider at previous time steps). Simulations with ambiguous metabolite dependencies were
excluded from metabolite analyses. Additional details can be found in the Supporting Methods

(Appendix A).

2.5.3  Analyzing Evolved genomes and Gene Retention/Deletion

The Jaccard similarity coefficient was used to measure the similarity of two genomes
(e.g., in an evolved community). A hypergeometric test was used for determining whether a pair
of genes has been co-retrained significantly more or less often than expected by chance (at

1%FDR). This analysis was limited to gene pairs that were both retained and deleted at least
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three times and genes were grouped into sets of perfectly co-varying genes to efficient
calculation. Test for enrichment of shared pathways among significant gene pairs was done by
permuting the links between pairs. To identify significantly common ordered pairs of gene
deletions (at 1% FDR), the number of times gene A in the dependent was deleted before gene B
in the provider was recorded and compared to the number observed once the times of deletion

(i.e., the positions in the ordering of all gene deletions in that simulation) were permuted.

2.5.4  Ildentifying Gene-Metabolite Associations

To identify associations between retention or deletion of specific genes and metabolic
phenotypes, the frequency of deletion of a given gene in commensal species that are dependent
on a given metabolite was compared to the frequency of deletion of that gene in independent
species. This was repeated for commensal species that provided the metabolite their partner
depends upon. In both cases, genes being deleted more often or retained more often in species
with that metabolic phenotype were identified (at 1% FDR). Only genes that were both deleted
and retained at least 10 times and metabolites that were depended upon at least 10 times were
considered. These cutoffs were chosen to restrict analysis to genes and metabolites for which

sample size would provide statistical power to confidently identify significant correlations.
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Chapter 3. EFFECT OF COMMUNITY COMPOSITION ON THE
EVOLUTIONARY POTENTIAL OF MICROBIAL
SPECIES

3.1 SUMMARY

The patterns and mechanisms by which the evolution of individual species depend on
their ecological context is an area of interest, but past studies have not considered how the full
fitness landscape changes across contexts. Here we use a computational model of microbial co-
culture growth to explore how the adaptive landscape of an individual species changes as a
function of other species inhabiting the same environment. We used dynamic flux balance
analysis to model the growth of a community of representative human gut dwelling bacterial
species in a shared environment. Specifically, using this framework, we measured the fitness of
all possible single reaction deletion mutants of Escherichia coli in co-culture with all possible
subsets of nine other species. We found that indeed, community composition can have a marked
impact on the fitness effect of a given mutation. In some cases, for example, a beneficial
mutation in one community composition was deleterious in another. Out of 1568 mutants tested,
135 showed variance in fitness effect across community backgrounds. We found that community
context similarity was a strong determinant of fitness landscape similarity, but different
community members had different relative importance. Increasing community diversity
increased the evolutionary potential for E. coli to gain beneficial mutations, in accordance with
several prior studies. Finally we investigated the mechanisms underlying this community-

dependent fitness for each mutation. Gaining a better understanding of how evolutionary forces

39



act in microbial communities could inform future efforts to design robust targeted interventions

in communities of clinical, environmental, and industrial interest.

3.2 INTRODUCTION

The evolution of a species can be influenced by both its abiotic and biotic environments.
Adaptation of an individual species to its biotic environment has the potential to then alter
community dynamics and the evolution of other species, resulting in complex feedback between
ecology and evolution [91,92]. Despite this daunting complexity, a tractable starting point is the
study of the adaptation of individual species to their specific biotic environment on short time
scales. Here we will refer to the set of other species existing in the same environment as the
community context. Adaptation to a community context is the result of selective pressures
exerted by interspecies interactions. Many such types of interactions can lead to selective
pressures, including competition, predation, symbiosis, and niche construction. In diverse
communities the evolutionary dynamics may be dominated by pairwise interactions or by
complex, non-additive selective pressures, called diffuse coevolution [93]. Previous research into
coevolution has investigated systems such as the dependence of a sexually selected trait in an
amphipod on the level of predation [94], the dependence of swimming speed in damselfly larvae
on the level of predation [95], and the dependence of adaptive diversification of a bacteria in a
new environment on the presence of a native bacterial community [96]. Such prior investigations
have primarily examined adaptation of single traits to different ecological contexts.

A fuller understanding of the community-context dependence of the evolutionary
potential of a focal species could be gained by considering the full fitness landscape in different
community contexts. Such a fitness landscape, or adaptive landscape, would encompass the
fitness effect of all possible mutations in a particular community context [97]. Studying how
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fitness landscapes change as community context changes could provide more generalizable
insight into patterns of coevolution. However, the throughput needed to measure the fitness of
many variants in many community contexts is not feasible in the macro-organism systems that
have been used for most previous research on coevolution. Simulation based approaches, on the
other hand, allow easy manipulation of ecology and genotype across vast numbers of conditions.
In particular, models of microbial metabolism can be used to simulate growth of multiple species
in co-culture while perturbing gene content and community composition [98]. Such a system
provides the scale and control needed to measure a fitness landscape across different community
contexts.

Bacteria have importance far beyond just being a useful model system. Microbial
communities are ubiquitous and play key roles in many important natural and artificial processes
[2,6]. Evolution occurs within these communities on time scales relevant to human life and has
the potential to alter or disrupt the functioning of such communities [99,100]. The high density
and diversity within bacterial communities creates a massive scale of potential interactions
between species and thus great potential for coevolution [9,60]. These interactions come in many
forms, including secretions of toxins, quorum sensing, biofilm construction, and competition for
metabolic resources, all of which may result in significant selective pressures [101]. Many of
these mechanisms are not purely competitive but can also result in cooperation. For example,
bacterial species antagonistically compete for limited metabolic resources in the environment but
may also cooperate with each other when metabolic products excreted or leaked from one
species can be beneficially consumed by another [26,61,62]. Such competitive and cooperative
interactions have been shown to affect the evolution of bacterial species in lab conditions. One

study found that forcing two species into a cooperative metabolic interaction results in extensive
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adaptive mutations that increased the stability and productivity of this interaction while reducing
independence [102,103]. Another study found that coevolving four wild species resulted in less
antagonistic interactions and higher diversity of resource usage than when the species were
evolved in mono-culture and later combined [104]. Finally coevolution has been found to result
in reproducible ecological dynamics that were largely driven by dominant species that gained
early advantageous mutations [25]. Further contributions to understanding mechanisms and
patterns of coevolution in bacteria will aid understanding of evolution in complex microbial
communities.

Many different computational frameworks have been used to study microbial growth and
interaction, but one flexible model is the use of genome scale models paired with dynamic flux
balance analysis (DFBA) to simulate growth of multiple bacterial species in a co-culture [50,77].
FBA has previously been shown to accurately predict bacterial growth and has been widely used
[105,106]. Growth can be simulated quickly, and such models have proven useful for generating
large scales of environmental and evolutionary perturbations [56,107]. These metabolic models
are useful for studying evolution because they can explicitly link genotype (presence of genes
and reactions in the species) to phenotype (growth pattern, which is optimized to the current
environment). In fact this type of model has been previously used in a two-species interaction to
examine changes in a species’ adaptive landscape when it is in a competitive or cooperative
relationship with a second species, and found greater robustness under cooperative conditions
[108].

Here we take a similar basic approach but consider a more complex community of ten
species in order to ask how the fitness landscape of a focal species varies across many different

community contexts. Using a set of bacterial species commonly found in the human gut
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microbiome, with E. coli as the focal species, and a previously developed dynamic FBA
framework [55] we simulated the growth of all E. coli deletion mutants in co-culture with all
possible subsets of the other species. With these results we sought to explore the patterns of
landscape change and the mechanisms by which the community context causes this change.
Specifically, we investigated which reactions show community dependent fitness and what those
reactions have in common. We tested whether more similar community contexts cause more
similar fitness landscapes and identified which community member species had the largest
influence on the fitness landscape. We explored the structure of the fitness landscape’s
dependence on the community and tested whether mutations alter the nature of E. coli’s
interactions with other species or just the dynamics of how the interactions play out. Along the
way we used our findings to address questions of interest in the coevolution field, such as
whether coevolution primarily acts through pairwise or diffuse mechanisms, and whether

diversity in the community stifles potential adaptation or creates new opportunities [109-111].

3.3 RESULTS

3.3.1  Quantifying mutant fitness across community contexts

We investigated community-dependent fitness on a broad scale by utilizing a DFBA
model of microbial co-culture growth. In DFBA the growth rate of each species is individually
optimized based on both the metabolic reactions encoded in their genome (compiled in a genome
scale metabolic model) and the metabolites available to them in the media. At each time point
this optimization finds a new growth solution for each species. The rates of metabolite uptake
and excretion in these solutions are then used to update the abundances of metabolites in the
media and the growth rates from these solutions are used to update the species abundances.

Interspecies interactions are not modeled explicitly but instead arise spontaneously as the past
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growth of other species alters the available metabolites. Competition arises when multiple
species consume the same metabolite until it becomes limiting, and cooperation arises when
species excrete waste metabolites into the media that are then consumed by other species. For
this study we used a previously developed multi-species implementation of DFBA [55].

Our community of study was modeled on a simple gut microbiome community. It
consisted of the ten representative members of the human gut microbiome that had previously
been used in an experimental mouse gut microbiome model [112]. We used high quality, semi-
automatically constructed genome-scale metabolic models of the ten bacterial species (Table 3.1)
[113] and further modeled the co-culture conditions and media after the mouse gut and diet in
which this community was experimentally grown. The system was modeled as a chemostat and
growth was simulated for 96 hours with two time steps per hour. The media was taken from one
of the mouse chow diets used by Faith et al., resulting in a rich media containing several carbon
sources and all amino acids. Out of the ten species in this community E. coli was chosen as a
focal species due to its long history as a model organism.

To get at the community-dependence of adaptation, we investigated how the fitness
consequence of each reaction deletion in the E. coli model would vary across different
community contexts (Figure 3.1A). The set of all reaction deletions was used as the mutational
landscape to explore. Deletions in the metabolic network have a clear effect on growth in this
model and deletion of reactions directly rather than genes avoids dependencies and redundancies
in the genetic network. Reaction deletions were modeled by limiting flux through the reaction to
zero in the E. coli model, and the set of community contexts used was the full 511 possible
combinations of between one and nine of the remaining species. We modeled the growth of all

1568 reaction deletion mutants in co-culture with every community context, with E. coli forming
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Figure 3.1. Method for measuring community-dependent fitness.

A) Each mutant is grown in co-culture with each community context. The biomass of each mutant at the
end of a simulation is divided by the biomass of wild-type E. coli under the same conditions to get a
fitness value. Mutants show community-dependent fitness if their fitness varies across different
community contexts. B) The large majority of mutations tested had neutral fitness under all community
contexts. A smaller set of 135 mutations showed varying fitness across community contexts, while the
remaining 80 mutations were always lethal.

10% of the initial biomass and the rest of the community members forming equal portions of the
remaining 90%. The mono-culture growth of each E. coli mutant was similarly modeled but as
100% of the same total initial biomass. In each case we generated a fitness value of a mutant in a
community-context relative to wild-type in the same context by taking the final biomass of E.
coli at the end of the simulation and dividing it by the final biomass of wild-type E. coli grown in
the same context. Using this data set we proceeded to identify reactions with variable fitness

across community contexts.

3.3.2  Mutations with community-context dependent fitness

As a first step toward understanding the influence of community-context on the adaptive

landscape of E. coli we identified which of the 1568 mutants showed evidence of varying fitness
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across different contexts. We considered each mutation separately and quantified the variance of
its fitness effect across all communities. The large majority of mutations had zero variance, with
80 being always lethal and 1353 being always neutral (Figure 3.1B). The remaining 135
mutations showed variation in fitness across community contexts (Figure 3.2). These showed a
wide range of patterns, from mutations that were nearly always neutral except for small
deviations from neutral in a handful of contexts to mutations that had severe fitness defects in
every context but to varying degrees. Some mutations resulted in better-than wild-type fitness,

with 62 having positive fitness in at least one context. The highest fitness in any context was
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Figure 3.2. Community dependent reactions.

The central heatmap shows the fitness of all community-dependent reaction deletion mutants in each
community context. Reaction deletions are sorted by mono-culture fitness and communities are
hierarchically clustered. Left: the fitness of each reaction across all contexts is plotted to visualize the
range of variation across communities. Top: The presence and absence of each community member in
each community is shown. Any clustering of species is a consequence of clustering communities by E.
coli’s fitness landscape.
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1.29, achieved by the formate transport deletion mutant when co-cultured with Clostridium
symbiosum and Bacteroides caccae. All of the mutations in this study are loss of function and the
model doesn’t include any benefit to having a smaller genome so each cases of greater than wild-
type fitness must be caused by an indirect mechanism. For example, it is possible that a mutation
alters the way E. coli interacts with one or more other species such that those species grow
differently in a way that then benefits the E. coli mutant.

Of the variable fitness mutations 45 had neutral fitness in mono-culture but non-neutral
fitness in one or more co-culture conditions, while the remaining 90 had reduced mono-culture
fitness. Every mutant with a non-lethal growth deficit in mono-culture had varying fitness across
contexts, and among these mutants the magnitude of growth defect in mono-culture was
significantly correlated with the variation in fitness across community contexts (r = -0.48, P <
10, Pearson). This raises the possibility that, for at least some of these mutants, the observed
community-dependent fitness is not a consequence of altered interspecies interactions but rather
a consequence of slow growers being “punished” to a large or smaller degree depending on the
context. We investigate this further in the section “Mechanisms of how community affects
fitness”. However this alternative hypothesis cannot explain the 45 mutants with neutral mono-
culture fitness or the instances of greater than wild-type fitness, meaning that altered interspecies
interactions must underlie much of the community-dependent fitness observed.

An illustrative example of a mutation causing community-dependent fitness is the loss of
alcohol dehydrogenase for ethanol. While wild-type E. coli generally can’t consume ethanol as a
carbon source, some strains over-expressing alcohol dehydrogenase have been found to be
capable of doing so [114], and in our model E. coli can consume it. We found that the alcohol

dehydrogenase (ethanol) deficient mutant had neutral fitness in mono-culture as well as many
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(238/511) other community contexts, but altered fitness in the remaining contexts (Figure 3.3A).
In a clear pattern, every community context where it had altered fitness had a non-zero amount
of ethanol in the media by the end of the simulation, while every context where it had wild-type
fitness had zero ethanol in the media. Ethanol was not present in the growth media so its
presence must be caused by other species excreting it. Every community containing Collinsella
aerofaciens had ethanol in the media, suggesting it constitutively produces ethanol, while the
remaining 17 communities with ethanol but no C. aerofaciens all contained Desuflovibrio piger,
suggesting that it produces ethanol conditionally (depending on the other species present). This

shows a clear example of community-dependent fitness, where losing the ability to utilize a

A B

C. aerofaciens

oot Speest
O
095 l... .'-‘1*".
YO A
AW g ~a .
%) .’_ . -,- &
E 0.90 -:1- - /
i . T
<t D. piger
085 ¢
— C. aerofaciens
0.80 .
’ N 4
«
Ethanol in media x V V . /

C. aerofaciens D. piger
in community x V x P Growth ++

Figure 3.3. Example of community-dependent fitness in an alcohol dehydrogenase deletion mutant.
A) The alcohol dehydrogenase deletion mutant has wild-type fitness in all communities where ethanol
hasn’t been excreted by any species. It has non-zero fitness when ethanol is present, which is usually in
communities containing C. aerofaciens. B) Proposed mechanism for this behavior. Loss of this reaction
doesn’t cause a phenotype when no community members are excreting ethanol because it is not in use.
However when ethanol is available there is a selective disadvantage to losing alcohol dehydrogenase
because E. coli can’t consume the ethanol.
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resource is neutral when that resource isn’t available, but is harmful when another species is
present who can produce that resource (Figure 3.3B). Note that the ethanol transport deletion
mutant also had identical fitness across all communities (several other groups of functionally
related reactions also showed identical fitness to each other when deleted).

Looking more broadly at the functions of these reactions resulting in variable fitness
revealed enrichment of several categories. The mutation that caused the highest overall variance
in fitness between communities was loss of ammonia transport, and deletions of hydrogen sulfide
transport, cysteine transport, and water transport were also in the top ten mutants with the highest
variance. Overall transport reactions were significantly enriched among reactions with
community-dependent fitness (47 transport reactions; Permutation test; P < 10°). A further 17
community-dependent reactions showed identical fitness to a transport reaction deletion,
indicating that these are reactions needed for consumption or production of exported or imported
metabolites. The enrichment for transport reactions is unsurprising given that in this model all
interactions between species must occur through exchange of metabolites with the external
environment. Looking at pathway annotations we found significant enrichment for nine
pathways among mutations with community-dependent fitness (permutation test, 1% FDR).
These were carbon fixation in photosynthetic organisms, butanoate metabolism, carbon fixation
pathways in prokaryotes, TCA cycle, methane metabolism, glycolysis / gluconeogenesis,
pyruvate metabolism, alanine, aspartate and glutamate metabolism, and arginine and proline
metabolism. The number of pathways related to central carbon metabolism and amino acid
metabolism suggest that these elements of metabolism play a major role in the interactions
between E. coli and the other community members. Competition for these metabolites or cross-

feeding of them may underlie some of the community-dependent fitness effects. In total, we

49



identified mutations with a wide range of functions that cause widely ranging patterns of
community-dependence landscapes, with evidence of both direct and indirect causes through

interspecies interactions.

3.3.3  Adaptive landscape dependence on community context

The breadth of mutations measured in this study enables going beyond analyzing them
individually and considering the full adaptive landscape in each community context. This
adaptive landscape is the set of fitness consequences of all mutations in a particular community
context. One expectation of such fitness landscapes is that, if community member identity is
important in determining community-dependent fitness, then communities with more similar
species compositions should result in more similar fitness landscapes for E. coli. This hypothesis
breaks down further into two expectations, 1) communities that have more species in common
will have more similar fitness landscapes, and 2) communities with more species differing
between them will have less similar fitness landscapes. We tested this hypothesis by comparing
the Euclidean distance between fitness landscapes for every pair of communities, and then
binning pairs by the number of species present in both communities or exclusive to one
community (Figure 3.4). The results matched expectations, with a higher number of community
member species in common resulting in higher average adaptive landscape similarity and higher
number of differing species resulting in lower average adaptive landscape similarity, almost
independent of each other and across the ranges of species shared and exclusive. The phenomena
of more similar communities causing more similar fitness landscapes may act through two
separate mechanisms: interactions between E. coli mutants and the species in common may
buffer the effects of interactions with other species, but also more species in common will

decrease the initial abundance of exclusive species.
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Figure 3.4. Effect of community composition similarity on the adaptive landscape similarity.

The distance between E. coli’s fitness landscape in different contexts was measured for every pair of
community contexts and binned by the number of species in common and differing between the pair.
Square colors show the mean euclidean distance for all pairs of communities that have the given number
of community member species in common and in different, with blue being a low difference in adaptive
landscapes and yellow a high difference.

Given that community species composition is important, we next asked if community
member species differ in the magnitude of their effect on the adaptive landscape of E. coli. To
answer this we measured the Euclidean distance between adaptive landscapes for every pair of
communities that differ by a single species, and grouped those comparisons by which species
was added/removed (Figure 3.5). Species did indeed vary greatly in their relative importance,
with C. symbiosum, B. thetaiotaomicron, E. rectale, and B. ovatus having the largest effect (in

that order). D. piger had the smallest effect which matched its consistently low abundance. In

fact, the average abundance of each species was correlated with its average effect size (Pearson;
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Figure 3.5. Difference in fitness landscape caused by adding/removing each species individually.
Each dot represents the Euclidean distance between a pair of communities whose species are the same
except for differing in the presence of the given species. The black lines show the mean distance of all
community comparisons for each species.

P < 0.02), but this correlation did not fully explain variance in importance of different
community members, indicating that differing types and magnitudes of competition and
cooperation between E. coli and different community members also play a role. All species
showed variance in the magnitude of their effect on the fitness landscape where in some
community contexts their addition/removal had a larger effect. Although B. thetaiotaomicron
and B. ovatus caused a lower mean distance than C. symbiosum there were some outlier contexts
in which they caused a much larger distance than any communities with C. symbiosum. E.
rectale showed an interesting bimodal behavior in which it affects E. coli’s fitness landscape
differently in different contexts. This bimodality is caused by the presence or absence of C.

symbiosum, where the impact on the landscape from adding E. rectale is significantly lower
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when C. symbiosum is present than when it is absent (t-test; mean 0.23 vs. 0.49; P < 10-10). This
kind of interaction between other community members, as well as the general variance of effect
size across communities, paints a complicated picture of the fitness landscape’s dependence on
community composition.

To explore the structure of how the fitness landscape of E. coli differs between
community contexts we utilized dimensionality reduction. We applied principal component
analysis (PCA) to the community-dependent fitness, treating communities as observations and
mutations as variables (Figure 3.6). The first two principle components explained 69.5% of the
variance. Interestingly, the first principal component was significantly correlated with the
number of species present in the community (Pearson’s correlation = 0.6; P < 10-10), suggesting
that it may be capturing the degree of competition which E. coli faces in each community and the
variation in the fitness landscape caused by that competition. The second principle component
was not significantly correlated with community size (P = 0.06). Marking communities by the
presence or absence of the three species found to have the largest effect on the fitness landscape
showed clustering of communities with similar species compositions. Communities with C.
symbiosum and B. thetaiotaomicron or all three species clustered closely together, showing a
relatively stable fitness landscape between these communities. In contrast communities with just
one of the three species or the other two pairs are more dispersed, possibly suggesting that the
fitness landscape is more stable in large communities with high competition.

We next investigated how the potential for adaptation changes with the complexity of the
community. The number of mutations with positive fitness in each community context were
significantly positively correlated with the number of species in the community (Figure 3.7 Top;

Pearson; P < 10-8). Interestingly, the number of mutations that are accessible at a particular
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Figure 3.6. Structure of fitness landscape variation.

Each circle is a community and its position represents the location of that community on principal
coordinates calculated using the fitness landscape of each community. Colored wedges indicate the
presence of the three species found to have the largest impact on the fitness landscape. To the top and
right are plots showing the correlation or lack of correlation between the principal components and the
number of species in the community context.

fitness penalty shows an inverse trend. For example, the number of mutations accessible with a
1% fitness penalty or less is significantly negatively correlated with the number of community
members (Figure 3.7 Bottom; Pearson; P < 10-15). This pattern held and was significant for all

fitness penalties tested from 0.01% to 50%. This suggests that higher diversity communities have
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Figure 3.7. Effect of increasing community diversity on the number of mutations accessible.

Box plots show the number of mutations with a fitness value over a threshold within each community of a
given number of members. Top: Mutations with a fitness value over 1. Bottom: Mutations with a fitness
value over 0.99. The Pearson correlation coefficient and P-value for correlation are shown for each
threshold.

increased competition and fewer available niches which punish harmful mutations, but the higher

potential for interactions between species create opportunities for indirect beneficial effects.

3.34  Mechanisms of how community affects fitness

To gain a fuller understanding of how the community context affects the fitness of E. coli

mutants we sought to explore the mechanisms underlying the community-dependent fitness of
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individual mutants. As described previously, the correlation between mono-culture growth
defects and variance of community-dependence suggested a mechanistic null hypothesis
whereby mutations do not alter the way E. coli interacts with other species but merely slow down
its growth while it consumes and excretes metabolites the same way. Variation in fitness
between communities would then arise through simple ecological dynamics as slower growing
E. coli mutants are out-competed by other species to a more severe degree than wild-type E. coli,
without altering the nature of the competition. The alternative mechanistic hypothesis is that
community-dependent fitness results from perturbed dynamics when E. coli alters its
consumption and/or excretion of metabolites in a way that affects its interactions with other
species. To test these hypotheses we created modified versions of the E. coli model by
multiplying all inputs and outputs to the biomass reaction by a modifier, thus slowing growth by
increasing the resource demand of growth. We generated modified models with mono-culture
growth matched to each reaction deletion mutant and ran co-culture simulations across all
community contexts using these models (with the unaltered models for the other nine species)
(see Methods). By comparing the variance in fitness across communities of each community-
dependent reaction with its control we found that many mutants showed variance equal to or less
than the control, but several others showed greatly elevated variance (Figure 3.8A). Those with
elevated variance can be assumed to have different underlying mechanisms involving changed
interspecies interactions, but the mutants with variance similar to that expected from controls
could either act through simple slowed growth as the controls or altered interspecies interactions.
To further differentiate between the two possibilities we measured the spearman correlation
between the fitness landscapes of each mutant with a mono-culture growth defect and its

matched control correlation (Figure 3.8B). Approximately half of these mutants were well
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Figure 3.8. Comparison to biomass modified controls.

A) Variance of fitness across communities as measured from reaction deletion mutants (black) compared
to the same measure in mono-culture growth matched controls (green). The dotted line interpolates the
variance of the controls. B) Spearman correlation between the fitness across communities of the reaction
deletion mutants and their matched controls.

correlated with the controls with correlation over 0.8, while the remaining half showed a large
range in correlation down to below 0. The fact that nearly all mutants fell somewhere in-between
1 and 0 suggests that the mechanism behind most community-dependent fitness is a combination
of dynamics due to slowed growth and altered interactions, with different ratios of contribution
for each mutant.

To further identify the mechanisms of community-dependent fitness we turned to
regression analysis. We sought to regress the fitness of a mutant to the species present in the
community contexts to identify which species harm or benefit each mutant. Regression
additionally provides the opportunity to test whether community members alter fitness

independently or whether interactions between them are important. To accomplish this, we

applied three different methods, basic linear regression, LASSO regression, and Logic
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Regression, to the top 40 most variable reactions. Basic linear modeling does not include any
interaction terms, while in our LASSO regression we included second and third order AND and
OR interaction terms, but limited the total parameters to nine to be consistent with the other
methods. Logic regression fits data to Boolean expressions of binary variables (in this case the
presence/absence of the nine community members) using simulated annealing [115]. These
Boolean expressions can potentially capture even more complicated relationships between
community members. For example, if mutant Y grows much worse when either species C or D is
present, the algorithm will likely create a term for (C OR D) with a negative coefficient. We
performed 16-fold cross-validation using all three methods on the top 40 most variable reactions
and found that on average logic regression performed significantly better than the other two
(ANOVA, P < 10-10; Figure 3.9). Since logic regression can account for more complex
interactions between variables, interactions between community members must play an
important role in determining mutant fitness. This suggests that the coevolutionary process in
this community is not merely the sum of pairwise interactions, but is more akin to diffuse
coevolution [93]. The mechanism of action of the diffuse coevolution is likely the metabolites in

the environment which may be consumed or secreted by several species.

3.4 DISCUSSION

In this study we utilized a computational model of a bacterial community to broadly
study the consequences of community context on the fitness landscape of a focal species. Our
computational model allowed testing the fitness of over a thousand mutations in hundreds of
community contexts, producing a scale of data not previously available in similar studies of
coevolution. We identified community dependent fitness in over one hundred mutations and
found many functions involved, including an enrichment for transport reactions. Differences in
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Figure 3.9. Cross-validation accuracy of fitness regression to community context.
Regressions were fit to the fitness of the 40 reactions with the most variable fitness (taking only reactions
with unique profiles) using three different methods and 16-fold cross-validation. Plotted are the root-mean
square error of each of the forty reactions for the three different methods. Logic Regression produced
significantly lower error.
fitness landscapes between communities were closely related to differences in community
members, although species varied in their relative importance to altering the fitness landscape.
We rejected our null hypothesis that community-dependent fitness was arising as a mere
consequence of slowed growth in all mutations and found varying relationships to community
composition among these mutations. Overall, our findings suggest complex but prevalent
relationships between community context and the fitness effect of mutations.

An open question of study is whether diversity in the community increases or decreases
the potential for an individual species to adapt. Some previous studies have found that higher
diversity cuts off opportunities for adaptation because niches are filled [96,116], while others

have found that diversity in the community increases opportunities for a species to adapt to

utilize underexploited resources [109,110]. In this study we found evidence to support the later
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view, in that as the number of community members increased the number of beneficial mutations
increased (Figure 3.7). This effect plateaued rather than increasing indefinitely, suggesting that
having some diversity of community members enabled new interspecies interactions to form and
thus new dynamics that could be exploited by particular mutants, but these dynamics stayed the
same as even more species were added. Alternatively the plateau effect may simply be a result of
the limited number of community members used in this study.

One drawback to our approach is that we are only considering loss of function mutations.
Other studies have, for good reason, primarily focused on how adaptive mutations can increase
the fitness of a species depending on the biological environment. How the extent of negative
fitness consequences of a mutation vary across community contexts is less relevant to the course
of evolution since it will be selectively disadvantageous in all contexts. Gain of function
mutations could be studied using a similar model to the one used here by modeling mutations as
adding metabolic reactions to a model. In order for the model to be able to utilize these new
reactions it may be necessary to add entire pathways at a time, analogous to horizontal gene
transfer of entire operons [117]. This approach may work better starting from a lower abundance
species so that there is more potential for its growth to improve.

Another drawback of our model is the constant inflow of nutrients which is starkly
different from the environments experienced by wild bacteria. A constant source of fresh media
allows interspecies interactions to form and be maintained over time, thus resulting in larger
fitness consequences depending on which species are present [118]. In a real gut the nutrient
inflow is not constant, varying as the host eats and sleeps, and the nature of the inflowing

nutrients can vary depending on the diet [119]. All of these variations in the abiotic environment
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could act to weaken the effect of interspecies interactions on mutant fitness, so by excluding
them in our model we may have strengthened the observed effect of community-dependence.
There are several potential future directions from these results. In this study we limited
the time scale of evolutionary change to a single mutation, which is a major simplification of the
potential for change. Future studies could use a similar framework to study how multiple
mutations may together produce adaptations to novel ecological environments. It would also be
possible to experimentally test a subset of our predicted community-dependent fitness results.
Re-running our framework using other focal species in the same community could test the
generality of these findings. For this study we focused on how the evolution of individual species
can be influenced by the ecology around them, but future studies could expand that scope to
consider how that evolution in turn feeds back to alter ecology and the evolution of other species.
These findings expand our understanding of the evolutionary potential of individual
microbial species in complex communities. The dynamics of the fitness landscape across
community contexts can generalize to the study of community-dependent fitness in other systems
where such high-throughput interrogation of the fitness landscape is not possible. The results will
additionally be of relevance to continued study of evolutionary and ecological dynamics in
microbial communities and their applications to medical, environmental, and industrial

processes.

3.5 METHODS

351 Co-culture Growth Model

Community growth was modeled using a previously developed dynamic FBA framework
[55]. This model assumes a well-mixed culture and that each species grows selfishly, optimizing

its own growth rate. Briefly, the cell and media concentrations are initialized and then three steps
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iteratively repeat. First, the amount of each metabolite available to each cell is calculated and
used to set the bounds for transport reaction fluxes. Second, given these and other constraints in
the model, the optimal growth flux solution is calculated for each species. Third, using the
growth rate and transport reaction fluxes calculated, the concentrations of cells and metabolites
in the culture are updated. A more detailed description of this method can be found in Chiu et al.

Co-culture and media conditions were designed to simulate a mouse gut. The co-culture
was modeled as a chemostat with volume (1.34 mL) and dilution rate (0.0472 per hour) similar
to a mouse gut. The species used were 10 bacterial species that had been previously used as a
model gut microbiome community [112], and the media used was based on media F from that
same study, which contains a ratio of roughly 40% carbohydrates, 40% protein, and 20% fat. The
contents of that media were translated into abundances of individual metabolites that could be
input to the co-culture model. The genome scale models used for the 10 species were acquired
from the AGORA collection [113](Table 3.1). Each co-culture simulation was initialized with
the same total biomass of 0.5 grams dry cell weight / L, of which 10% was formed by E. coli and
the remaining 90% was divided equally between the other species present. Co-culture growth

was simulated for 96 hours with time steps of 0.5 hours.

3.5.2  Community Dependent Fitness Framework

E. coli mutants were made by setting the upper and lower bounds of the flux of the
reaction to be deleted to 0. Exchange reactions, source/sink reactions, and the biomass reaction
were excluded from the study. Community contexts were constructed by taking all 512 possible
subsets (from 0 to 9 species) of the 9 non-E. coli species. Co-culture growth of all combinations

of mutant and community context was modeled as described above. The biomass of E. coli at the
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last time point (96 hours) was used as a proxy for its fitness. The community dependent fitness of
each mutant in each community was calculated by dividing the biomass of that E. coli mutant in
that community by the biomass of wild-type E. coli when grown in the same community. This
resulting fitness value was found to contain a very small amount of noise for many mutations,
where mono-culture growth occasionally showed very slightly negative or positive deviations
from 1. It is not possible for a reaction deletion to cause an increase in growth rate in mono-
culture, indicating that these deviations are indeed noise. To exclude this low level of noise from

the analysis all community dependent fitness values were rounded to the nearest 10,

3.5.3 Growth Deficit Controls

Control data was generated using mutations that slow growth of E. coli without altering
resource consumption or excretion, thus capturing the ecological effect of decreased mutant
growth in the absence of altered interspecies interactions. To accomplish this the stoichiometry
of the biomass generation reaction in the E. coli model was modified by multiplying the
coefficient of each metabolite other than biomass by a modifier value. The inverse of this
modifier roughly corresponds to the mono-culture fitness and so modifiers ranging from 1 to 2
were used, covering the range of mono-culture fitness found in the non-lethal reactions from the
main data set. Simulations were run using 32 modifiers across this range and otherwise the same
conditions as the regular simulations, and then a linear regression was fit to the inverse of these
modifiers using the resulting mono-culture growth of each mutant. The fit of this linear
regression was extremely tight, with an R? of 1 and a maximum absolute residual below 1x107°.
This linear fit was used to identify modifier values corresponding to the mono-culture fitness of

each reaction deletion mutant in our dataset. Simulations were then run across all community

63



contexts using these modifier values to generate mono-culture growth equivalent control data for
all reaction deletion mutants. The fitness of each control mutant in each community context was

calculated using the same method as the regular data.

3.5.4  Analysis of Variable Reactions

Reactions with variable community dependent fitness were identified by calculating the
variance of the community dependent fitness of each reaction across all communities.
Transporter categories were manually curated by finding reactions that moved metabolites
between the external and cytosolic compartments. Kyoto Encyclopedia of Genes and Genomes
pathway annotations for each reaction were taken from the AGORA model paper [113,120].
Pathway and transporter enrichment was tested by counting the abundance of each pathway
annotation among community-dependent reactions, then taking 1,000,000 random subsets of all
the reactions, with the same size as the set of community-dependent reactions, and again
counting the abundance of each pathway annotation. For each pathway the P-value for
enrichment was the fraction of permuted subsets with the same or more counts of that pathway.

A false discovery rate of 1% was used [121].

3.5.5  Analysis of Mechanisms of Community Effect on Fitness

Cross-validated regression analysis was performed to determine which regression method
best described the data. Cross-validation was done 16-fold and the same training/test sets were
used for all regression methods, and the data were standardized. Linear regression was
performed normally. For LASSO regression a A value was chosen to keep the number of non-
zero parameters at ten, to be comparable to basic linear regression. Logic Regression is a method
for finding Boolean expressions of binary variables, implemented in the R package LogicReg
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[115]. For logic regression simulated annealing was run with 100,000 iterations across a

temperature range of 0 to -3.

Species Strain
Eubacterium rectale ATCC 33656
Collinsella aerofaciens ATCC 25986
Desulfovibrio piger ATCC 29098
Blautia hydrogenotrophica DSM 10507
Clostridium symbiosum ATCC 14940
Marvinbryantia formatexigens 1-52, DSM 14469
Escherichia coli K-12 substr. MG1655
Bacteroides ovatus ATCC 8483
Bacteroides thetaiotaomicron VPI 5482
Bacteroides caccae ATCC 43185

Table 3.1. Species used in the study.

All models are from the AGORA v1.01 collection. In that collection each model was constructed using
the genome of a particular strain, which are listed in the right column. E. coli was used as the focal
species in this study.
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Chapter 4. CONCLUDING REMARKS AND FUTURE
CONSIDERATIONS

4.1 GENOME-SCALE METABOLIC MODELING INFORMS COEVOLUTIONARY

DYNAMICS

In these two works | have described novel research into the mechanisms and patterns of
coevolution between bacteria. | have utilized genome-scale metabolic modeling to study how the
actual genome content and metabolic networks of bacteria influence the evolutionary
consequences of metabolic interaction in co-culture growth. The simulation-based nature of these
works has allowed them to cover wide scales, with sufficient time resolution for co-culture
dynamics to resolve and large numbers of mutations and varying ecological contexts considered.
This combination of detail and scale allows identification of general patterns of how individual
mutations affect ecological interactions and vice versa.

In chapter 2 | applied this model to the evolutionary regime of endosymbionts tightly co-
occurring while experiencing reductive evolution. By simulating many replicate evolutionary
trajectories | identified frequent emergence of metabolic dependencies even though cooperation
was not explicitly defined or selected for. The numerous and tangled associations between
metabolic phenotypes of providing and depending on different metabolites and loss or retention
of genes revealed the importance of the interconnectedness of the metabolic network. Historical
contingency resulted in opportunities for cooperation being missed when necessary genes had
already been lost.

In chapter 3 I applied this model to the dependence of a focal species’ fitness landscape
on its ecological context. Community-dependent fitness effects were prevalent, with many
different mutations affected. Community member species varied in how much their presence
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impacted E. coli’s fitness landscape, and more complex communities provided more
opportunities for E. coli to gain beneficial mutations. Interactions between community members
were important for explaining the fitness of individual mutations, suggesting that diffuse

coevolution is a dominant process.

4.2 FACTORS THAT COMPLICATE THE COEVOLUTIONARY PROCESS

In the preceding chapters | have examined coevolutionary processes between bacteria
under two very different regimes. However, many commonalities arose between the patterns
seen in the two results. One major commonality is the complexity of dynamics. In both cases the
interaction of genomic and metabolic architecture with ecological effects and the plastic growth
phenotype response make it difficult to disentangle causes and effects. In chapter 2 this
complexity manifested in the difficulty in identifying gene deletions that were causal to
metabolic phenotypes. Few gene deletions or retentions were perfectly correlated with a
metabolic phenotype of obligate receiving or providing, while most gene events were partially
correlated to multiple different metabolic phenotypes. Each phenotype in turn had many different
genes correlated to it. These findings and the frequency of missed opportunities for cross-feeding
suggest a strong dependence on genomic and ecological context for coevolutionary events within
this model. The nontrivial mapping of genes to metabolic reactions and the size of the metabolic
network contribute to this complexity. Similarly, in chapter 3 | found that it was impossible to
neatly deconvolute the effect of the presence or absence of each community member to the
fitness consequences of each mutation. Instead the plastic phenotypes of both E. coli and the
community members influence each other as growth progresses to determine the specific
resource availability that ultimately determines the fitness of a mutant. In both of these cases my
work has demonstrated the difficulty in predicting the outcomes of coevolution under different
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contexts. These results suggest an importance for considering local context in any attempt to
understand coevolutionary dynamics. The specific metabolism of involved species, other genes
whose presence or absence limits or facilitates avenues to adaptation, and environmental
metabolites will all majorly impact one species' evolutionary response to one or more other
species. Additionally, the results of both of these studies demonstrate the power of mechanistic

simulations.

4.3 FUTURE DIRECTIONS

These results provide exciting new insight into how genomic and metabolic mechanisms
and networks can influence and complicate bacterial coevolution, but coevolution is a
challengingly complex topic. The model used in this work makes many simplifications to the
conditions bacteria experience, but future work could expand the model and study how these
altered conditions or parameters affect the coevolutionary process. In particular spatial structure
would be interesting to incorporate into the model as it has been repeatedly implicated as
important or necessary for cooperative behavior to succeed in scenarios ranging from abstract
games [122] to detailed mechanistic simulations of microbial growth [123] to experimental co-
cultures of wild bacteria [124]. Another follow-up would be the use of a similar model with a
larger range of species to identify which results are more generalizable and which depend on
specific genomes. Lastly these two studies were limited in part of their scope (community
complexity in one case and time in the other) to allow exhaustive examination in a different
dimension, but natural coevolution will result in both diverse, complicated communities and
cascading interactions lasting for generations [91]. Future modeling work could consider a larger

scope to study how contingency of mutations and interactions develops in complex communities.
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Despite the many advances made by these and prior theoretical and computational
studies, a full understanding of evolution within bacterial communities will require more
experimental work. Experimental studies of bacterial evolution in multi-species contexts are not
common. More work in this area will be necessary to test the efficacy of mechanisms like the
black queen hypothesis in natural contexts [32]. Experimental studies of community evolution
present challenges in the length of evolution and numbers of replicates needed, but recent work
in microbial ecology has demonstrated the potential of combining experimental and theoretical
approaches [24].

One future horizon for studies into microbial coevolution will to consider genetic and
phenotypic variability within populations. The studies described here as well as nearly all similar
studies assume that each genotype only expresses a single phenotype, but stochasticity in cellular
regulation, gene expression, and more result in a great deal of phenotypic heterogeneity in living
cells. This heterogeneity is thought to provide an adaptive advantage [125]. Phenotypic
heterogeneity, as well as standing genetic variation within populations, may further complicate
coevolutionary dynamics. Future computational studies may explicitly consider variation through
tools such as flux variability analysis [52], and new technological advances have resulted in
ways for detailed phenotype measurements of single cells to be made in high throughput in
experimental studies [126].

As our understanding of microbial ecology and evolution improves it will be increasingly
possible to apply to practical applications such as synthetic microbial communities [127].
Synthetic communities have already been constructed that can successfully perform simple tasks
like creating spatial structure, performing basic calculations, and generating oscillations [128—

130]. As our ability to engineer synthetic capabilities in these communities improves it will

69



become possible to design and deploy them to complex practical applications like sensing
environmental conditions or synthesizing complex molecules in a multi-step process. Obligatory
cross-feeding relationships could be engineered between members of these communities to
stabilize their composition, and the findings in Chapter 2 suggest metabolites and mechanisms
that may be useful. Another major challenge to a designed microbial system is the potential for
evolutionary events to arise that will disrupt the intended function. If such evolutionary escape
routes can be anticipated, it will be possible to engineer interactions within the community that
result in selective forces which oppose the spread of undesirable mutations.

Synthetic communities and other practical applications will require many further
advances in our understanding of bacterial coevolutionary processes. The complexity of
interactions in diverse communities and their ecological and evolutionary consequences will be
challenging to fully disentangle, but these results demonstrate the necessity of using genome-
level information and detailed mechanistic models to achieve that goal. This dissertation
supplements the growing study of ecological and evolutionary dynamics within microbial

communities.
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APPENDIX A: SUPPORTING INFORMATION FOR CHAPTER 2

Supporting Text

Effect of Fitness Cutoff on Cross-Feeding Prevalence

One parameter that may have a major effect on the emergence of species interaction is
the fitness drop cutoff used when allowing a mutation to fix. Presumably, using a less stringent
cutoff (i.e., allowing even more deleterious mutations to fix) may allow species to explore
additional regions of the fitness landscape and potentially other configurations through which the
two species may rely on each other. Conversely, a more stringent cutoff (allowing only very
slightly deleterious mutation to fix) may prevent the evolutionary process from reaching
configurations that allow the two species to interact. To test this hypothesis, we ran additional
simulations, using a cutoff of either 10% or 1% (compared to the 5% used in the main text).
Indeed, we found that using a more relaxed cutoff (10%) resulted in a higher frequency of
mutualistic, commensal, and collapsed communities, and less independent communities (6.3%,
46.4%, 13.4%, 33.9%, respectively, of a total of 1000 simulation runs; P < 0.007 for collapse
and P < 1078 for the rest; ? test). Similarly, simulations with a more strict cutoff (1%) had
significantly fewer evolutionary trajectories resulting in mutualistic, commensal, or collapsed
communities, and more trajectories resulting in independent communities (0%, 27.5%, 3.1%,
69.4%, respectively, of a total of 2000 simulation runs; P < 101 in all cases;  test).

Notably, the fitness cutoff used in our study was chosen as an intermediate value between
the two cutoffs used by [75], and as shown above has a significant effect on the frequency of
evolved commensalism and mutualism. Since this fitness cutoff represents the strength of

selection, a permissive fitness cutoff (as the one used in our study) allows genetic drift to play a
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dominant role in determining evolutionary trajectories, in agreement with the balance between

selection and genetic drift hypothesize to govern the evolution of endosymbionts [39].

Effect of Richer Media on Cross-Feeding Prevalence

Another factor that may likely affect the prevalence at which obligate cross-feeding
emerges is the media on which the community grows. Media that is richer than the minimal
media used in our primary simulations may inhibit the establishment of cross-feeding since the
evolving species will be able to get required resources from the environment without interacting
with their partner. Accordingly, we expect that evolution on richer media would increase the
prevalence of independent communities at the expense of commensal, mutualistic, and collapsed
communities.

To investigate this potential impact of richer media, we first ran 500 additional
simulations using a carbon rich media (note that the number of simulations used in this section is
substantially smaller than that used in the primary text due to time constraints). This media was
similar to the minimal media used in our primary set of simulations but contained five different
monosaccharides: glucose, fructose, galactose, mannose, and ribose (in contrast to the minimal
media that contain glucose as the sole carbon source). We found that simulations using this
carbon rich media in fact resulted in a similar prevalence of independent and mutualistic
communities as that observed in simulation on minimal media (52.6% vs. 51% and 2.2% vs. 3%,
respectively; P > 0.05; %2 test ). This media did impact however the prevalence of collapsed and
commensal communities, resulting in a significant depletion of collapsed communities compared
to simulations using the minimal media (5% vs. 10.7% on minimal media; P < 10-4) and more
commensal communities (40.2% vs. 35.3%; P < 0.04; y2 test). This finding suggests that the

availability of diverse carbon sources may allow communities that would otherwise collapse to
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survive owning to these additional nutrients in the environment but does not on its own give rise
to a significant increase in independent communities.

To explore the effect of other rich media, we further ran simulations using three types of
amino-acid rich media. The first contained (in addition to the content of the minimal media) the
nine amino-acids that are essential in humans (histidine, isoleucine, leucine, lysine, methionine,
phenylalanine, threonine, tryptophan, and valine). The second similarly contained in addition to
the minimal media the eleven conditionally or non-essential amino-acids in humans (alanine,
arginine, aspartate, asparagine, cysteine, glutamate, glutamine, glycine, proline, serine, and
tyrosine). The third contained all twenty amino-acids. We first ran 300 simulations using either
the essential amino-acids or the non-essential amino-acids media. We found that these media
indeed resulted in a decrease in obligate cross-feeding and an increase in independent
communities relative to minimal media. Specifically, simulations using the essential amino-acids
media resulted in more independent communities (64.7% vs. 51%; P < 10-5) and fewer collapsed
communities (1.7% vs. 10.7%; P < 10-6). The prevalence of commensal and mutual
communities was generally similar to that observed in minimal media (31.7% vs. 35.3 and 2%
vs. 3%, respectively). Simulations using the non-essential amino-acids media similarly resulted
in more independent communities than minimal media (66.7% vs. 51%; P < 10-7), fewer
commensal communities (26.7% vs. 35.3%; P < 0.01), fewer mutualistic communities (0.3% vs.
3%; P < 0.01) and fewer collapsed communities (6.3% vs. 10.7%; P < 0.05). Finally, we ran 300
simulations using the media that contained all amino-acids. As expected, this very rich media
resulted in dramatically different prevalence of the various interaction types, with markedly more
independent communities compared to simulations on minimal media (94% vs. 51%, P < 10-10),

significantly less commensal communities (6% vs. 35.3%; P < 10-10), and no mutualistic or
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collapsed communities (0% vs. 3%; P < 0.01 and 0% vs. 10.7%; P < 10-8, respectively). This
striking result suggests that the presence of all amino-acids in the media was sufficient to

drastically reduce the frequency of dependence evolving.

Effect of Genomic Evolution Pattern on Cross-Feeding Prevalence

In addition to the media, it is also possible that the pattern by which gene deletions occur
could affect the likelihood with which obligate cross-feeding evolves in our simulations.
Specifically, we wished to examine whether a non-symmetric deletion rate (i.e., when one
species is more likely to have genes deleted than the other) or a multi-gene deletion strategy (i.e.,
having more than one gene deleted at a time) would impact our findings. To explore this, we ran
additional simulation sets (again, using a more limited number of simulation rans) that employ
different strategies for choosing which genes to delete. In the first set, we added a bias to the
process of selecting which gene to delete, whereby genes in one species were twice as likely to
be deleted as the genes in the other species. Running 300 simulations with this strategy we found
that the prevalence of the various interaction types was similar to that observed in our main
simulation set (independent: 51%, commensal: 34.7%, mutualistic: 2.7%, collapsed: 11.7%; P >
0.5 for all compared to unbiased deletions). We additionally did not find significant differences
in the average genome size of the deletion-prone species compared to the other (P > 0.5, two
sample t-test). In the second simulation set, we modeled deletion of larger portions of the
genome by deleting two adjacent genes at a time (i.e., pairs of genes that are next to each other
based on genomic position). Once no two-gene deletions are possible (i.e., due to large fitness
effects) the simulation switches back to deleting genes one at a time (as in our primary
simulation) until the minimal genomes are reached. Running 300 simulations using this

alternative deletion method, we found that it resulted in fewer independent communities (42.7%
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vs. 51%; P < 0.01) and more collapsed communities (16.7% vs. 10.7%; P < 0.001). The
prevalence of commensal and mutualistic communities was similar to that observed in our
primary simulation set (39.3% and 1.3%, respectively). This finding suggests that deletion of
larger portions of the genome at a time could increase the frequency of cross-feeding dependence

but could also destabilize such relationships.

Genome Size of Species Evolved in Mono-Culture Conditions

To study the effect of the co-culture condition on the size of the evolved minimal
genomes we performed additional simulations in mono-culture growth conditions. Specifically,
we ran 2000 evolution simulations that were similar to the simulations described in the main text
except that they included only a single species. We found that the resulting minimal genomes of
these species were similar in size to that of species in independent pairs (297.87 vs. 297.85), with
no statistically significant difference in size (P > 0.5, two sample t-test). As with the independent
species’ genomes, the mono-culture species’ genomes were significantly smaller than
commensal provider genomes (P < 10-6) and significantly larger than commensal dependent

genomes (P < 10-20).

Associating Gene Retention with Interaction Type

We compared mutualistic and independent species and identified a set of 80 genes that
are deleted at a significantly higher frequency in mutualistic species (chi-square test; FDR 1%;
Table S1B). This set was enriched for various pathways, including oxidative phosphorylation,
histidine metabolism, lipopolysaccharide biosynthesis, and nitrogen metabolism. For example,
the gene tyrA, necessary for tyrosine synthesis, was never deleted in independent species but in
31.9% of mutualistic species, reflecting frequent tyrosine cross-feeding in mutualistic
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communities (as also observed above). We additionally identified a set of 132 genes that are
deleted at a significantly higher frequency in independent species, though this set was not
significantly enriched for any specific pathway. Interestingly, however, the gene with the
greatest difference in retention rate in this set was tyrP (deleted in 96.3% of independent species
but only in 68.2% of mutualist species) which is necessary for tyrosine transport, reflecting the
need of mutualistic species to uptake this metabolite. Moreover, the larger number of genes
identified to be deleted more often in independent species, despite the fact that independent
species were found to retain a larger number of total genes compared to mutualistic species,
suggests that a multitude of mutualist strategies exist, each involving the retention of a different

subset of genes.

Similarity of Retained Gene Sets between Community Partners

We examined how similar, on average, are the sets of genes retained between the two
partners in each community. We found that mutualistic species were less similar to each other
than independent species (P < 10-20; two sample t-test). This finding suggests that the evolution
of metabolic dependency is associated with a process of functional diversification, where each of
the two species retains certain metabolic capacities that the other species has lost. This result is
perhaps not surprising given the phenotypic differences that must emerge to give rise to mutual
dependence on cross-feeding. To further investigate this diversification process we turned our
attention again to commensal communities, in which the two species can be labeled as dependent
and provider and therefore the direction of dependency is clear. Such communities also represent
an intermediate level of interaction as compared to mutualistic communities, in which each
species is acting as both provider and dependent, which complicates dissection of the mechanism

of interaction. Indeed, the two partner species in commensal communities were more similar to
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one another than species in mutualistic communities (P = 1.4 x 10-7) but more divergent than

species in independent communities (P < 10-20).

The Dynamics of Gene Deletion Events

We set out to examine the dynamics of gene deletion events in commensal communities,
specifically focusing on the order in which deletions occurred in the provider and dependent
species and aiming to detect dependencies between these deletion events that could highlight key
evolutionary steps on the route to cross-feeding. To this end, we used a permutation-based
analysis to identify instances where a gene in one species tended to be deleted after another gene
was deleted in the partner species (see Supporting Methods). We identified 9 such gene pairs (at
1% FDR), all of which involved one gene in the provider tending to be deleted first before a
second, different gene was deleted in the dependent. Specifically, deletion of the tyrA gene in the
dependent often followed deletion of a set of genes (talA, talB, aroP, and pheP) in the provider.
talA and talB catalyze a reaction connecting glycolysis to the pentose phosphate pathway, and
their deletion likely disrupts central carbon metabolism and diverts excess flux toward aromatic
amino acid biosynthesis. Similarly, aroP and pheP are both transporters capable of transporting
phenylalanine, and their deletion potentially prompts the excretion of tyrosine instead of
phenylalanine. These deletions therefore promote over production and excretion of tyrosine by
the provider, allowing the dependent to lose tyrA, a gene necessary for tyrosine synthesis. The
deletion of the pheA, a gene necessary for phenylalanine synthesis in the dependent, was also
found to follow the deletion of talA and talB in the provider, which is not surprising given the
similarity in the biosynthesis pathways of these two amino acids. Finally the deletion of pyrG in
the dependent tended to follow the deletion of cdd, cmk, and codA in the provider. The deletion

of cmk (necessary for recycling CMP into CTP) and of cdd and codA (catalyzing reactions that
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could convert CMP or related products into other bases) could result in cytidine excretion and
accordingly allows the dependent to lose pyrG (a component of CTP synthase) which creates a
dependency on cytidine (Figure A.2). To further examine the mechanism involved in these
interactions, we tested whether the deletions of these key genes are sufficient to cause over-
production and excretion of the relevant metabolites. Indeed, we found that deletion of cdd, cmk,
and codA in the ancestral species (i.e., without any additional gene deletions) led to cytidine
excretion. Deletion of talA, talB, aroP, and pheP in the ancestral species, however, was
insufficient to cause excretion of either phenylalanine or tyrosine, suggesting that additional gene

deletions are necessary to give rise to this phenotype.

The Number of Metabolites Excreted by Species Throughout Evolution and its Association with

Evolved Interactions

We examined the total number of different metabolites being excreted by each species
over time, hypothesizing that species that excrete useful metabolites early on are more likely to
become provider species. Surprisingly, however, we found that during the first half of the
evolutionary process future providers in fact tend to excrete a similar or even a smaller number
of metabolites on average compared to future dependents (Figure A.3), and only toward the end
of the evolutionary process did providers excrete more metabolites than dependent species. This
pattern could suggest that species that eventually became dependent were less optimal early on,
excreting more waste products, and that this wasteful behavior may have led to the development
of dependence. Notably, all species gradually excrete more metabolites over the course of the
evolution process, likely reflecting more complex growth strategies imposed by their shrinking

genome.
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Supporting Methods

Evolution Simulation

The evolution simulation was initiated with a pair of genome scale metabolic models. For
this study all simulations were initiated with two identical copies of the iIAF1260 E. coli model
[89]. This model includes 1260 genes, 2382 reactions, and 1668 metabolites (which includes
extracellular, periplasmic, and cytoplasmic versions of some of the same metabolites). For 304 of
those metabolites the model contains transport and exchange reactions that allow them to be
exchanged with the external environment. During each step in the evolutionary process, a gene in
one of the two species was chosen uniformly at random from the set of all genes still retained by
the two species. The chosen gene and all the metabolic reactions that can no longer be performed
without this gene were deleted from the species’ model. The iAF1260 model contains genes that
are required for multiple metabolic reactions as well as genes with redundant effects, and as a
result the set of reactions that will be lost as a result of a gene deletion is contingent on which
genes have already been deleted previously. The fitness effect of this gene deletion in the context
of the community was determined using the co-culture growth model (see below) to evaluate the
growth rate of the reduced model when grown with the current model of the partner species. If
the calculated fitness effect (when compared to the fitness of that species prior to this gene
deletion) was positive, neutral, or smaller than the chosen cutoff (cutoffs used include 1%, 5%,
and 10%), the deletion became permanent and the process repeated with the reduced model.
However, if the fitness effect exceeded the cutoff, the deletion was considered to be too harmful
to occur and the process repeated until a gene that could be deleted was found. This evolutionary

process continued until deletion of any remaining gene from either of the two species would
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cause a drop in fitness exceeding the cutoff, in which case the simulation ended. The simulation
also ended if the chosen gene deletion in one species (i.e., a gene deletion that was relatively
harmless for that species) caused the other species to drop significantly in fitness (>50%) in the
co-culture. Such simulations, where a partner species was no longer being supported, represent

collapsed communities.

Co-Culture Growth Simulation

The co-culture growth simulation was based on a previously introduced dynamic Flux-
Balance Analysis framework and is described in more detail elsewhere [55]. Briefly, given a
multi-species community inhabiting a shared medium, the framework assumed that at each time
step, each species grew optimally given the current concentration of metabolites in the medium
(i.e., selfish growth), and then updated the abundance of each species and the concentration of
metabolites in the medium based on the predicted growth and activity of each species.
Specifically, at each time step, the framework first calculated the upper bound on metabolites’
uptake for each species based on the concentration of metabolites in the medium and the cell
density of each species. A Flux Balance Analysis (FBA) was then used to determine the fluxes
through each species’ reactions given these uptake constraints by maximizing the species’
biomass production (as a proxy for growth). A second optimization was performed to minimize
the total flux through all reactions while keeping the biomass production fixed at the maximum
rate (representing a minimization of enzyme usage). The predicted growth rate of each species
and the predicted rates at which each species uptakes and excretes various metabolites were then
used to update the cell density and concentrations of metabolites in the medium. The process was

then repeated at the next time step.
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For the purpose of this study, each co-culture simulation consisted of 8 steps of 0.125
hours followed by 4 steps of 0.5 hours. This provided a more accurate account of species growth
at the initiation of any potential interaction, while still providing information about the co-culture
growth at a longer time scale. The growth rates at the last time point (i.e., after 2.5 hours) were
used as a measure of each species’ fitness. Both species started at a biomass of 0.01 grams dry
mass in 1L volume for mono-culture or 2L for co-culture, resulting in the same cell density for
both (which is equal to about 4*1077 cells per liter for E. coli). The species were grown on a
medium based on M9 minimal media [90], containing sodium, chloride, sulfate, inorganic
phosphate, potassium, magnesium, ammonia, glucose, water, hydrogen, and oxygen. In addition
the metals copper, iron, molybdate, manganese, zinc, nickel, and cobalt were included as they are
necessary for growth of the E. coli model. These metabolites were all present in the medium at
an excess concentration of 10M to ensure exponential growth for the entire course of the co-
culture simulation. A low concentration (0.0001 mM) of jumpstart metabolites were also
included to allow growth of obligate mutualistic pairs (see below). FBA solutions were
calculated using glpkmex, a Matlab interface for GLPK, GNU Linear Programing Kit. GLPK

version 4.54 was used, and glpkmex version 2.11.

Jumpstarting Mutualistic Growth

Simulating the growth of species that evolved to be obligate mutualists with a dynamic
FBA model has the inherent problem that neither species is able to grow initially on the minimal
medium (and consequently will not excrete any of the byproducts needed to allow the other
species to grow). In biological systems this problem can be overcome by heterogeneity in the
growth phenotypes of individual cells, nutrients released by dead cells, or trace nutrients present

in the environment. Rather than simulating diverse growth phenotypes or cell death, in this study

81



we jumpstarted mutualistic growth by supplementing the minimal growth medium described
above with trace amounts of potentially necessary metabolites. The set of these “jumpstart
metabolites” was determined by identifying metabolites that could be produced by non-transfer
reactions still present in at least one of the two species (even if the pathway was not complete).
This set therefore represented an upper bound on which metabolites could be exchanged.
Jumpstart metabolites were initialized at a low concentration of 0.0001 mM. To ensure that
species that utilized these metabolites for growth could eventually be supported by the
production of these metabolites by the partner species (rather than continually relying on the
trace amounts of these metabolite provided at the beginning of the simulation), at 1 hour into the
growth simulation, this same low concentration (0.0001 mM) was subtracted from each

jumpstart metabolite.

Filtering Completed Simulation Runs

Simulation runtime considerations necessitated using a relatively limited time resolution
in the co-culture growth simulation (see above). To confirm that the growth patterns observed in
evolved communities (including obligate cross-feeding interactions) were not artifacts caused by
this limited time resolution, for each completed simulation we ran additional co-culture growth
simulations on the resulting minimal models using a finer time resolution. Specifically, co-
culture growth was simulated until the medium was exhausted with time steps of 0.1 hours, using
otherwise the same conditions as the co-culture growth model employed during evolution
(including removing the jumpstart metabolites at 1 hour). Community growth was deemed to
have been accurately simulated if:

1. Glucose eventually ran out, indicating that the two species were able to continue growing

stably.
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2. Both species were able to continue growth until this exhaustion of the media. Growth of
both species must have been at least 50% of their measured fitness value within the last
hour before all growth ended.

3. The growth rate of both species at 2.5 = 0.2 hours was at least 90% of their fitness value
as measured during the course of the evolution.

Simulations that failed any of these three criteria were excluded from the downstream
analysis. Of the 16377 completed simulation runs, 16, 317 (99.6%) passed this filtering step.
Examples of an evolved mutualistic community that passed this filtering step and an evolved

commensal community that failed this filtering step are illustrated in Figure A.4.

Simulation Runtime

Each simulation (i.e., a single evolutionary trajectory) required on average 12.2 (+ 3.7
STD) hours on a single CPU core. This rather extensive runtime is the outcome of the many FBA
estimations performed in each such simulation. Specifically, it should be noted that not only did
each ‘generation’ (i.e., gene deletion) in the evolutionary trajectory require 24 FBA
optimizations (12 time points for each species) to obtained the necessary data, but that in fact for
each generation our framework may have first tested several potential gene deletions that proved
too deleterious and therefore were not selected (see Methods). This step was extremely time-
consuming, particularly toward the end of the evolutionary trajectory when more and more (and
eventually all) remaining genes cannot be selected for deletion. As a result, a single non-
collapsed evolutionary simulation required on average ~6,650 co-culture simulations (each
involving 24 FBA optimizations), as well as ~1925 additional mono-culture simulations for each
of the two species (each involving 12 FBA optimizations for each), resulting in ~205,800 FBA

optimization per evolutionary simulation. Simulations were run on a shared high performance
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computing cluster containing 23 Intel E5345 or E5410 CPUs with 8 cores each, 3 AMD Opteron
6168 CPUs with 48 cores each, and 3 AMD Opteron 6278 CPUs with 64 cores each. Around 80-
100 simulations were run simultanecously through the cluster’s job scheduling system, and 3 GB
of memory was requested for each simulation. The complete set of simulations took about 3-4

months to run.

Determining Interaction Type

Interaction type was determined by comparing the fitness of each species when grown in
co-culture with its fitness when grown in mono-culture. If the fitness of a species at a given time
point was zero in mono-culture and non-zero in co-culture, the species was labeled as dependent
at that time. If it had non-zero growth in both mono- and co-culture it was labeled as
independent. Communities were labeled by the relationships between the two species: If both
species were independent, the community was labeled as independent. If one species was
dependent and the other was independent, the community was labeled as commensal. If both
species in a community were dependent, the community was labeled as mutualistic. Within
commensal communities, the dependent species was referred to as ‘dependent’ and the

independent species was referred to as ‘provider’.

Determining Metabolic Dependencies

For each evolved species we determined what metabolites it depends on (if any). To this
end, we first identified metabolites that were being exchanged between the two species at the
final co-culture growth time point by finding exchange reactions for which the two species had
fluxes of opposite sign. The growth of each dependent species in the pair was then assayed on
minimal medium supplemented with all possible combinations of these exchanged metabolites,
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using a single time step mono-culture growth model, to identify the smallest set of supplement
metabolites that allowed it to grow at >50% its growth rate in co-culture. If no combination of
supplement metabolites allowed such growth the search was expanded to include all
combinations of metabolites present in the medium at the end of the co-culture simulation and
that were not part of the minimal media (such metabolites could have been excreted by the
provider at previous time steps). In 359 simulations multiple sets of supplement metabolites were
sufficient for growth and were neither subsets nor supersets of each other. These ambiguous

simulations were excluded from any analysis of metabolite dependency or association.

Pathway Analyses

Pathways annotations for each gene in the model were obtained from the Kyoto
Encyclopedia of Genes and Genomes (KEGG) [120]. To identify enrichment of KEGG pathways
in subsets of genes (e.g., those that were deleted at significantly different rates between
interaction types), we generated 100,000 random subsets (out of the 551 genes retained at
intermediate frequencies) of the same size and compared the total number of genes associated
with each pathway in the real set to the number of genes associated with that pathway in random

sets.

Measuring Genome Similarity

To compare the similarity of two genomes (e.g., in an evolved community), we used the
Jaccard similarity coefficient. We then used a two-sample t-test to test for significant differences

in similarity between different types of communities.
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Identifying Co-Retained Gene Pairs

To identify gene-gene co-occurrence relationships, we examined all pairwise
combinations of genes that were both retained and deleted at least five times. This cutoff was
chosen to restrict analysis to genes for which sample size would provide enough statistical power
to confidently identify co-occurrence. Since many genes perfectly co-varied with each other
across simulations, we first grouped genes into sets of perfectly co-varying genes and identified
co-occurrence relationships between these sets. For each pair of gene sets, we found the number
of species that had retained each set and the number of species that had retained both sets and
used a hypergeometric test to determine whether these sets have been co-retained significantly
more or less often than expected by chance (at 1% false discovery rate; [121]). Test for
enrichment of shared pathways among the significant gene set pairs was done by permuting the

connections between pairs.

Identifying Significant Gene Deletion Ordering

Given a pair of genes, A and B, we recorded the number of times gene A in the
dependent was deleted before gene B in the provider. We then used a permutation-based assay,
permuting the time of deletion (measured as the position in the ordering of all gene deletions in
that simulation) of each gene between all providers or dependents from commensal communities
in which that gene had been deleted. Gaps and overlaps in the resulting permuted gene deletion
histories were resolved by shifting deletions into gaps and randomly breaking ties. The number

of times gene A in the dependent was deleted before gene B in the provider in the original data
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was compared to this number in the permuted data to identify significantly common ordered

pairs of gene deletes (at 1% false discovery rate).

Gene-Metabolite Connections

To identify correlations between retention or deletion of specific genes and metabolic
phenotypes, we considered all genes that were both deleted and retained more than 10 times and
all metabolites that were depended upon at least 10 times. These cutoffs were chosen to restrict
analysis to genes and metabolites for which sample size would provide statistical power to
confidently identify significant correlations. For every pair of such genes and metabolites, we
compared the frequency of deletion of that gene in commensal species that are dependent on that
metabolite to the frequency of deletion of that gene in independent species. This was repeated for
commensal species that provided the metabolite their partner depends upon, and in both cases
instances of genes being deleted more often or retained more often in species with that metabolic

phenotype were identified (at 1% false discovery rate).
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Supporting Figures
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Figure A.1. Time of emergence of metabolites’ availability, cross-feeding, and dependence.
The distributions of evolutionary time (measured as number of gene deletions) elapsed between the
different stages of metabolic interaction, for commensal species dependent on a single metabolite..
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Figure A.2. Dependent deletion events in pyrimidine biosynthesis.

The subset of the pyrimidine biosynthesis network in the E. coli model is shown. Reactions catalyzed by
enzymes encoded by genes that tend to be lost first in the provider are marked in orange (cmk, cdd, and
codA), and the reaction catalyzed by an enzymes encoded by a gene that is lost later in the dependent is
marked in purple (pyrG).
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over evolutionary time.

Plotted is the mean number of unique metabolites excreted by dependent and provider species from
commensal communities at each point throughout he evolutionary process. The two insets show the
distribution of the number of metabolites excreted at time 400 and 1800 for both dependents and
providers.
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Figure A.4. Example of co-culture growth of communities that passed and failed the quality
filtering step.

The co-culture growth of evolved pairs are plotted both for the settings used during the evolution
simulation (left: low resolution, short time) and the settings used to validate growth during filtering (right:
high resolution, long time). On the top is an evolved mutualistic community that passed the filter, and on
the bottom is an evolved commensal community that failed the filtering step. When the top community
was grown with high resolution time steps both species reached similar growth rates to that seen at the
last time point of the low resolution simulation, and maintained roughly those growth rates until glucose
was exhausted. The bottom community fails to show such consistent behavior. Specifically species 1
never reaches the growth rate it achieved in the low resolution simulation, and instead collapses to a very
low growth rate shortly after the jumpstart metabolites are removed (1 hour).
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